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In drug discovery, it is crucial to understand how drugs relate to complex phenotypes. This
includes understanding how a drug can help to treat a condition, but also how it can result
in adverse effects so that safety risks can be mitigated earlier. How effects propagate from
the molecular to the systems scale is, however, in many cases not fully clear, in particular
for complex phenotypes which cannot be narrowed down to individual causes. In this thesis,
transcriptomics data was used as intermediate layer alongside additional data sources to

study links between compounds and phenotypes.

First, safety biomarker candidates in Drug-Induced Vascular Injury were identified based on
changes in tissue expression across adverse and non-adverse treatments. Further
characterization of their biological role and predictive performance thereby identified
multiple secreted proteins as most promising candidates. Secondly, pathways and
transcription factors involved in the pathogenesis of Drug-Induced Liver Injury, another
safety-related endpoint, were identified and characterised based on time concordance in
repeat-dose studies in rats. In Chapter 3, it is demonstrated how time concordance can be
combined with other streams of evidence towards causal hypothesis and mechanistic
biomarkers. In order to make time concordance analysis on the Open TG-GATEs liver data
also accessible to researchers in an interactive manner, the R/Shiny app “DILI Cascades” is
presented in Chapter 4. Instead of drug toxicity, the last chapter then focusses on efficacy
and aims to prioritise repurposing candidates, direct targets and downstream effectors
which may promote alveolar regeneration in Idiopathic Pulmonary Fibrosis. This
demonstrates how single-cell RNA-Seq data can be leveraged for drug repurposing through

better characterization of cell transitions followed by signature matching.

In summary, data-driven approaches with transcriptomics as key modality were used to
derive insights on how drug perturbations are linked to adverse effects and fibrotic disease.
Thereby, the presented work did not only aim at better mechanistic understanding but also

provides actionable starting points for the discovery of new biomarkers and drug indications.
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1 Introduction
1.1 Pathogenesis in the context of drug discovery

The overall aim of drug discovery is to develop treatments which can improve patient health,
which requires them to be efficacious and safe. However, the R&D productivity in the
pharmaceutical industry has declined over recent years ', and the absence of efficacy and
safety were found to be the key reason for 52% and 24% of all clinical failures 2. This
highlights that an even better understanding of the pathological processes in diseases and
adverse effects is needed so that more promising drug candidates can be identified in the

pre-clinical stages.
1.1.1 Targeting disease mechanisms

From a disease biology perspective, drugs can be grouped into six nonexclusive categories
based on whether and how they modulate disease ® (Table 1.1). This includes four
therapeutic categories targeting specific processes in disease pathogenesis and two which
don’t and consequentially can’t impact the development of disease. Thereby, drugs in the
first two therapeutic categories can prevent or cure a disease as they target the cause of
the disease. For example, pathogens present the underlying cause of infectious diseases,
and these can be cured using anti-infective medicines *° (Category 0), which kill specific
pathogens, or can be prevented through vaccines ¢ (Category 1), which train endogenous
response to identify and eliminate pathogens before exposure to it. The next two categories
do not target the cause but a specific disease process or manifestation, respectively, which
can reduce disease progression by therapeutically restoring homeostasis. For instance,
antifibrotic medicines target fibrotic signalling ”® (Category Il) while hypertension is treated

9

through the modulation of the Renin-Angiotensin-Aldosterone System ° (Category IlI).
Hence, a drug does not only need to target a disease-specific process to be therapeutic,
the type of disease mechanism targeted is also directly related to the therapeutic potential.
Therefore, understanding the underlying disease biology can provide directly relevant

starting points for drug discovery.



Table 1.1: A classification of drug action based on therapeutic effects °.

Bjornsson described six categories of drugs, out of which four are based on the type of disease
process they act on (I-IV), namely the disease aetiology, specific disease processes, specific or
non-specific disease manifestations. Two additional categories, disease prevention and non-
disease-directed drug use, complete the classification system.

Category Targeted disease Therapeutic effect on Examples
mechanism disease
0 Disease Prevention Cause (before its Prevent occurrence or Vaccines 6
presence) development
| Disease Aetiology Cause Reversal or prevention of Antiinfectives 45
progression
Il Specific disease Fundamental Reduce progression Antifibrotics 7.8
processes process
Il Specific disease Specific symptom Symptomatic effect, limited Antihypertensives ¢
manifestations effect on progression
IV Non-specific disease Unspecific symptom  None, only symptomatic effect Analgesics 10
manifestations
V  Non-therapeutic drug None None, only pharmacological Anaesthetics 11
use effect

To leverage interesting disease mechanisms therapeutically, these then need to be
translated to a measurable assay which allows the rationalized identification of promising
leads. An example for this are statins, where it was already known beforehand that increased
serum cholesterol levels were a known risk factor for coronary events, and subsequent
studies on cholesterol metabolism identified HMG-CoA reductase as a target in cholesterol
synthesis '2. Then, screening identified potent inhibitors of this enzyme, the first statins,
which have, since their introduction to the market, contributed to a decrease in major

coronary events as well as a generally reduced mortality in coronary patients *°.

The two nonexclusive main directions in this regard are target-based and phenotypic drug
discovery. Target-based drug discovery relies on finding compounds targeting specific
biomolecules, such as proteins or mRNA, which are known to be important for a given
disease ™. Once a target is identified, compounds with the desired interaction can be
screened using affordable and fast in vitro assays, which can be supported by
computational approaches. However, a disadvantage of target-based approaches is that
these may bias R&D early efforts ® but then do not guarantee translation to the clinic later
on as interaction with a single target molecule may not be sufficient to treat complex
diseases. In contrast, phenotypic drug discovery is instead focused on the empirical
identification of compounds with the ability to induce a disease-relevant phenotype. It hence

does not bias the discovery process towards a certain target or mechanism of action (MoA),
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and, in fact, does not require any prior knowledge about the compound (although this
information is of course useful). Whether or not the identified compounds are promising
thereby strongly depends on how relevant the measured phenotype is for the given disease,
which itself depends on the readout as well as on how closely the model system resembles

the in vivo situation.
1.1.2 Anticipating adverse effects

Besides the desired therapeutic effect, drugs can have unwanted adverse effects ranging
from a mild headache to severe implications such as liver failure. Adverse drug reactions are
a major reason for compound failure in clinical trials '® and a significant cause for post-
marketing withdrawals. To avoid exposing patients to these risks and to allocate R&D
resources to the most promising compounds, it is desired to identify adverse events earlier,
more cost-efficiently, and better in the drug development process. Mechanistic
understanding of adverse event pathogenesis is crucial in this regard to identify predictive
events in the pathogenesis, which can be used to anticipate adverse events using predictive

in vitro assays.

From a general molecular perspective, toxicity can be caused by either the drug itself or one
of its metabolites (Table 1.2). Both can dysregulate specific cellular functions, either through
the pharmacological target (on-target effects) or secondary off-target effects. Additionally,
reactive metabolites can lead to the formation of adducts with intrinsic biomolecules, such
as proteins or DNA, inducing cellular stress and immune response. Overall, this can then

lead to acute or chronic drug-induced injury on the tissue and organ level.

Table 1.2: Mechanistic classes of drug toxicity, based on Liebler et al. '’

Category Cause of toxicity Example
On-target Interaction with the desired pharmacological Statins

target
Off-target Interaction with an alternative target Terfenadine
Biological activation Reactive metabolites Acetaminophen
Hypersensitivity Activation of immune response Penicillin
Idiosyncratic Combination of individual and chemical factors Isoniazid®

To detect toxicity early in drug development, in vitro screening assays are used to evaluate
secondary pharmacology, which evaluates binding to off-targets, and can additionally

provide insights into the general promiscuity of compounds . Commonly tested targets
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include G protein-coupled receptors (GPCRs), ion channels such as hERG, enzymes,
transporters and nuclear receptors . In this context, it should be noted that knowledge on
relevant targets is largely incomplete and is often only identified after clinical adverse drug
reactions are observed. While secondary pharmacology panels are most established in a
preclinical setting, also additional efforts to detect toxicity should be mentioned, which
include cell-based assays ranging from high-throughput screening using hypothesis-free
assays such as imaging or transcriptomics to more physiologically relevant models such as

Organ-on-a-chip models #'.

Overall, however, it is still largely unclear how to best conduct early toxicity profiling in line
with the 3R principles %, also because it is not fully understood how the initial interactions
between the compound and biological system lead to different kinds of adverse effects on
the systems level. To formalize mechanistic information in this regard, the
Adverse Outcome Pathway (AOP) framework # was created building on previous efforts
such as the mode of action framework 2*?°. AOPs describe multiscale event cascades from
Molecular Initiating Events (MIE) through Key Events (KE) on different biological levels to the
Adverse Event (AE). Once it is mechanistically understood which early events lead to AEs,
this can then guide the development of suitable in vitro assays to anticipate toxicity for new

compounds (Figure 1.1).

1. Measure intermediate event(s)

( 3

é& —— ME o KE K2 — AR

L b

2. Predict likelihood of adverse event

Figure 1.1: Adverse Outcome Pathways (AOP).

AOPs describe the event cascades from the first interaction of a compound with the biological
system, termed Molecular Initiating Event or MIE, to Key Events (KEs) on different biological
levels to the Adverse Event (AE). Practically, AOPs can help to anticipate AEs by identifying
useful intermediate events, which can be measured or estimated using suitable assays, and
then in turn are informative for the likelihood of the subsequent events including the AE itself.

While there are already established AOPs, e.g. available from the AOP knowledgebase
(https://aopkb.oecd.orqg) or the AOP Wiki (https://aopwiki.org), the current
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understanding of toxicity is yet largely incomplete. This is particularly true for complex
phenotypes such as organ injury which can usually be caused by a wide range of
compounds perturbing the biological system at different points mediated through multiple
biological scales and entities **%’. Hence, a better mechanistic understanding of adverse

events is needed in order to facilitate better and earlier detection of toxicity.
1.2 The pathogenesis of injury and fibrosis

In this work, pathogenic processes are studied in the context of drug-induced injury and
fibrotic disease. Irrespective of the fact that these conditions are induced by distinct and
partially idiosyncratic causes, there are some common biological mechanisms in the cellular
and tissue-level response, such as ways in which injury can be detected, managed and

countered. These mechanisms will be the focus of the following sections.
1.2.1 Cellular and tissue-level stress response

On the cellular level, there are different sensing mechanisms, which can identify different
types of stress indicating cellular damage or malfunction ?. These lead to the activation of
stress signalling pathways which induce cellular programs to eliminate the stressor or to
adapt to the new conditions. Representative pathways, including key sensors and
transcription factors (TFs), are summarised in Table 1.3. Here, it should be noted that these
do not act independently but that there is significant cross-talk resulting in an integrated

stress response 2°%°,

Besides intracellular signalling, paracrine and endocrine signalling contribute to the stress
response *', e.g. through induced chemokines or cytokines, which can warn neighbouring
cells which are potentially exposed to the same stress and can initiate a tissue-level stress
response (Figure 1.2). In the case of hypoxia, for instance, the metabolism is shifted to
anaerobic glycolysis on a cell-intrinsic level, but also angiogenesis is induced via the
vascular endothelial growth factor (VEGF) to increase the supply of oxygen on the tissue
level *2. If a cell is not able to adapt or eliminate the stress, either because of prolonged or
severe exposure, senescence > or regulated cell death ** can be initiated to prevent harmful

effects on the surrounding tissue, or accidental cell death can take place *.
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Table 1.3: Representative cellular stress pathways including key sensors and
transcription factors (TFs).

Adapted from Chovatiya et al. * and Simmons et al. *°

Pathway Sensor TF Cellular response

Oxidative stress 37 Keap1 Nrf2 Scavenging of Reactive Oxygen Species (ROS)

Heat shock response 38 Hsp90 HSF-1 Degradation of unfolded proteins, stabilization of
misfolded proteins

DNA damage 3° MDM2 p53 DNA repair, cell cycle arrest
Hypoxia 40 VHL HIF-1 Angiogenesis, shift to anaerobic glycolysis
ER stress 41 BiP XBP-1, Degradation of unfolded proteins, stabilization of

ATF6, misfolded proteins, suppression of nonessential
ATF4 translation, ER expansion
Osmotic stress 42 None NFAT5 Induction of aquaporins and electrolyte transporters

On the tissue level, homeostasis is maintained through the joint action of dynamically
interacting parenchymal and accessory cells *. There are specialized sensory cells, namely
tissue-resident macrophages, mast cells, and sensory neurons, which are involved in the
defence response through direct recognition of stressor features !, e.g. pathogen-
associated molecular patterns (PAMPs), as well as in tissue-level stress response (para-
inflammation) which can be activated by recognition of damage-associated molecular
patterns (DAMPs) indicating cellular injury (Figure 1.2). These attempt to eliminate the cause
of stress and to adapt to the new conditions, and if this is not feasible, they can induce
inflammation via cytokines which recruit additional immune cells from the blood circulation,

in particular phagocytes which can help to remove dead cells and tissue debris.
INTRA - CELLULAR RESPONSE TISSUE - LEVEL RESPONSE

I F

Intracellular stress response » | Tissue-level stress response |:
(Stress signalling pathways) = (Para-Inflammation) '
l l Inflammation | --=------- N
Cellular Regulated v :
senescence celldeath | |  |Fibrosis [-----e-a----- '

Figure 1.2: Mechanisms of the cellular and tissue-level stress response.

All steps involved in the biological response to stress aim at stress elimination and adaptation.
If this is successful, homeostasis can be restored (dotted arrows). However, if it is not the
response is escalated to the next level (continuous arrows) and can eventually result in fibrosis.

14



Inflammatory monocytes and tissue-resident macrophages are additionally important
regulators of tissue repair and injury *°. In tissue regeneration, damaged cells are replaced
with new ones through differentiation and proliferation of cells from the same or also another
cell type *. Additionally, myofibroblasts are formed from multiple cell populations including
resident fibroblasts *’. These are involved in wound repair, e.g. by producing and maintaining

the extracellular matrix (ECM), as well as producing various chemokines and cytokines *.

In the case of chronic inflammation, however, this can lead to fibrosis, which entails
excessive ECM production and leads to scar formation *°. By disrupting the overall tissue
architecture, fibrosis can hence lead to functional decline in various organs * and is also a
risk factor for cancer °>*2, As it was long thought to be irreversible, current therapeutics
primarily focus on slowing down disease progression. However, recent research efforts
53,54

demonstrate that a reversal of fibrosis can be feasible
below in the context of IPF (1.3.3).

, which will be further discussed

1.2.2 Morphological changes and histological analysis

Histopathology refers to the examination of tissue biopsies using optical microscopy *°> and
is the gold standard for the definition of toxicological effects *® as well as for the diagnosis
of many diseases °’. Thereby, different stains can be used to highlight particular cell or tissue
features. The most commonly used staining in histopathology is thereby H&E, which is a
combination of haematoxylin, which stains the nuclei dark-purple, and eosin, which stains
proteins in the extracellular matrix and the cytosol *. Jointly, this provides a broad overview
of morphological cellular features, such as changes in cell size, number, and appearance,
as well as cell composition and the tissue-level context, e.g. where certain changes are

located, as e.g. demonstrated in Figure 1.3.

Frequent cellular morphologies in injury include hyperplasia (an increase in cell number),
hypertrophy (an increase in cell size), and atrophy (a decrease in cell size). Furthermore, also
apoptotic and necrotic cells can be identified, e.g. through chromatin condensation and
cellular swelling, respectively *°. Overall, the advantage of histology is hence that not only
individual cells can be inspected, but that the spatial tissue context can be analysed more

broadly.



Figure 1.3: Representative haematoxylin and eosin (H&E)-stained sections of mesenteric
arteries from rats (40x objective).

Histological samples were taken from the mesenteric arteries of rats treated with vehicle (0.9%
sodium chloride) or subcutaneous injection of 100 mg/kg fenoldopam. No microscopic evidence
of vascular injury was found in control rats (A) or fenoldopam-treated rats after 4 hours (B). C)
At the 12-hour time point after treatment, focal to segmental areas with loss of medial smooth
muscle cells were observed, which were replaced by red blood cells. D) At the 24-hour time
point, segmental to circumferential loss of medial smooth muscle cells, replacement by an
accumulation of red blood cells and perivascular acute inflammatory cell infiltrates were
observed. Figure reprinted from Dalmas et al. ®° with permission.

While histopathology can give very detailed insights into injury on the tissue level, its
disadvantage is that it is invasive, costly, and time-consuming, which is why alternative
strategies are desired using which injury can be anticipated in vitro or monitored non-
invasively. To develop these, histopathology needs to be integrated with other data sources
which can provide information on associated changes on the molecular or cellular level. In
this thesis, histopathology data is hence integrated with transcriptomics data to identify
safety biomarkers (Chapter 2) and to derive mechanistic insights into pathogenesis (Chapter
3-4).
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1.3 Pathogenic processes studied in this thesis

In this thesis, multiple pathogenic processes are studied. While all of them centre on injury
and hence share some of the responses outlined above, they are caused by different
stressors, are found in different tissues (and organs), and are relevant to drug discovery for
different reasons. For the respective pathologies, an introduction to the biological

background and their relevance for drug discovery is provided.
1.3.1 Drug-Induced Vascular Injury (DIVI)

1.3.1.1 Relevance for drug discovery

Drug-induced vascular injury (DIVI) can be induced within hours of drug administration and
is phenotypically identified as morphological changes in the vascular wall including but not
limited to medial arterial necrosis (MAN), one of the main hallmark lesions °'. In nonclinical
species, DIVI manifests across a wide range of structurally and pharmacologically diverse
compound classes %. However, the clinical relevance of findings in animals is unclear and
several compounds inducing DIVl in model species, such as minoxidil ©, the
phosphodiesterase IV inhibitor apremilast * or caffeine ®°, have not been reported to date,

to result in DIVI in humans.

This poses a hurdle for assessing drug safety, as preclinical evidence can result in delays in
drug development and termination ®', although it is often unknown whether observations
may or may not be relevant to man. One reason for this is the lack of non-invasive, sensitive,
and specific methods to detect the presence or predict the development of drug-induced
vascular lesions, leaving histopathological examination the only option. Unlike
cardiovascular effects, for instance, DIVI is often found to show local vasoactivity which
cannot be monitored via heart rate or blood pressure. Furthermore, the location or even
occurrence of DIVI in humans is yet unclear ®. While DIVI is predominantly found in the
coronary arteries of dogs, the mesenteric arteries are rather affected in rats. Caution in this
regard arises from a limited understanding of the longer-term consequences of DIVI which

may include chronic vascular injury, or cardiovascular morbidity . To support informed
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decision-making, current research efforts hence focus on identifying non-invasive safety

biomarkers, a better mechanistic understanding of DIVI as well as better model systems.
1.3.1.2 Vascular physiology and mechanisms of DIVI

The vascular wall consists of three layers, also known as tunica intima, tunica media and
tunica externa (Figure 1.4). The innermost layer, tunica intima, entails one layer of endothelial
cells in direct contact with the bloodstream. This endothelial layer takes in key functions in
vascular response to stress and injury. First, it shows properties which are typical for

6869 e.g. they are phagocytic "°, recognise damage- and pathogen-associated

immune cells
patterns "' and can present antigens . Moreover, they modulate immune response via a
range of cytokines and chemokines and also recruit leukocytes directly through various

adhesion molecules %"

, play a key role in angiogenesis *, and can undergo endothelial to
mesenchymal transition (EndMT), which has been observed across various cardiovascular
diseases . Other physiological functions include the regulation of metabolic homeostasis
and vascular permeability ’°, as well as the regulation of vascular tone together with the

vascular smooth muscle cells in the tunica media.

Tunica intima

] . Endothelium
Internal elastic lamina . .
Tunica media

) ) Smooth muscle
External elastic lamina
Tunica externa

Collagen

Figure 1.4: Structure of the arterial wall.

The arterial wall consists of three layers which are separated by two elastic laminas. The
innermost and middle layers contain endothelial and smooth muscle cells, respectively, while
the outermost layer is characterised by extracellular matrix, in particular collagen.

The middle layer, tunica media, is separated from the inner layer through an elastic lamina,
and can adjust blood flow through contraction of the vascular smooth muscle cells, which
adjusts the diameter of the blood vessel. In response to injury, they can switch to a less
differentiated state with functions in tissue repair, as well as higher proliferation and

migration "’. The outermost perivascular layer, the tunica externa, is largely formed by
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collagen, stabilizes the blood vessel and is connected to the tunica media through a second

external elastic lamina.

While the biological mechanisms of DIVI are not yet completely understood, multiple modes
of injury have been proposed. These include hemodynamic effects, such as shear or hoop
stress, which can result in biomechanical injury 8, direct toxicity to or dysregulation of
vascular cells, either vascular smooth muscle cells or endothelial cells, or injury mediated

by inflammation and immune response °'.
1.3.2 Drug-Induced Liver Injury (DILI)

1.3.2.1 Relevance for drug discovery

Drug-Induced Liver Injury (DILI) is a major concern in drug discovery as it is a main cause
for drug failure in clinical stages, for issuing warnings and modifications of use, and was also
the most common adverse drug reaction leading to post-marketing-withdrawal, attributing
to 81 out of 462 withdrawals between 1953 and 2013 ". Furthermore, it is one of the leading
causes of acute liver failure and liver transplantation, highlighting also its relevance for

patients and healthcare systems .

DILI is observed across nearly all compound classes, with varying incidence and severity ®'.
It can manifest as hepatitis, cholestasis or a mixture of both, which can be characterised
based on serum levels of alanine aminotransferase (ALT) and alkaline phosphatase (ALP) %,
and it can additionally be classified as intrinsic or idiosyncratic toxicity. In case of intrinsic
toxicity, adverse effects are dose-dependent and consequentially predictable, such as for
acetaminophen (paracetamol), which is the cause of 75% of acute liver failure cases
attributed to DILI ®. In contrast, effects are generally less frequent for idiosyncratic toxicity
with risk estimates ranging from 1 in 10,000 to 1 in 100,000 for individual medications .
These depend on host-specific factors, which e.g. influence the formation of reactive
metabolites as well as downstream immune response and explain an individual’s

susceptibility to DILI ® (Figure 1.5).

To reduce risks to patients and avoid drug failure in the late stages, it is key to anticipate

risks for DILI earlier in the drug discovery process . This includes the development of better
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assays and safety biomarkers, as well as better computational predictive models. In our
previous work, we built models based on the compound annotations from DILIRank ® and
SIDER # which classify compounds with and without risk of DILI based on their chemical
structure ®. However, deriving accurate and meaningful DILI labels for compounds is a
complex process given the uncertainty of causality assessment and the difficulty in
incorporating relevant factors such as drug administration and patient populations .
Furthermore, phenomena such as idiosyncratic DILI which cannot usually be detected even
in preclinical studies make the task of accurate DILI labelling and prediction from chemical
structure even harder. While associated targets and pathways in DILI were successfully
inferred from our chemical structure-based models by incorporating protein target
prediction with PIDGIN ', this also highlights that a better understanding on intermediate

levels using biological data is needed.
1.3.2.2 Liver physiology and mechanisms of DILI

The liver is a key metabolic organ, and multiple drug and host properties can contribute to
the development of DILI (Figure 1.5). It which takes in a crucial role in energy and nutrient
homeostasis, e.g. through the metabolism of lipids %, glucose ®, and amino acids *.
Hepatocytes also produce bile acids via cholesterol catabolism which are then stored in the
gallbladder from where they can be released into the intestinal tract after each meal entering
enterohepatic circulation *°. Furthermore, the liver is also involved in the metabolism of
drugs, which is separated into phase | reactions, where functional groups are added e.g. by
members of the cytochrome P450 (CYP450) superfamily, and phase Il reactions in which
the compound or metabolite is conjugated with an endogenous substance such as

glucuronic acid, acetate, or glutathione *.
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Figure 1.5: Drug properties and host factors contributing to drug-induced liver injury
(DIL).

Drugs or their reactive metabolites can initiate cellular injury resulting in cell stress and death.
This results in a host response on the tissue level which aims to resolve injury. If injury is not
resolved, this can lead to clinical manifestation of DILI which impacts liver function. Thereby,
individual drug properties as well as host factors can contribute to injury initiation and response.
Figure reprinted from Chen et al. * with permission.

As biotransformation and energy metabolism are key liver functions, it is not surprising that
these can be affected in DILI or can also be its direct causes (Figure 1.5). For instance, one
way how DILI can be induced is through the formation of reactive metabolites %, which then
form adducts with endogenous macromolecules resulting in direct toxicity or immune-
mediated reactions *°. Thereby, some of the substructures linked to reactive metabolites are
known and can guide lead optimisation to avoid toxicity '® Furthermore, mitochondria,

which are central for liver metabolism '°', are known to be affected in DILI pathogenesis, e.g.
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through impairment of mitochondrial fatty acid oxidation or respiration ', and a
retrospective analysis found that half of all drugs with black-box warnings for hepatotoxicity
are linked to mitochondrial toxicity. Lastly, accumulation of bile acids in the liver can result
in cholestatic DILI, and multiple transporters involved in biliary efflux have been identified as
off-targets linked to DILI, such as the bile salt export pump (BSEP) '®. Because of this, bile

acid levels in systemic blood have also been proposed as metabolic biomarkers '*.

At the same time, the liver is outstandingly equipped to deal with injury as it is the only solid
organ with the ability to completely regenerate, even after partial hepatectomy with a loss of
~70% of liver cell mass %', Consequentially, a clinical phenotype is only developed if the
injury is not resolved by the intrinsic cell- or tissue-level stress response. In this context,
previous studies have highlighted adaptive stress response pathways, especially oxidative
stress and ER stress, on the cellular level, and immune-mediated DIL| as a tissue-level

phenomenon %.

1.3.3 Idiopathic Pulmonary Fibrosis (IPF)

1.3.3.1 An unmet medical need

Idiopathic pulmonary fibrosis (IPF) is a form of chronic interstitial lung disease (ILD) which
affects ~3 million people worldwide and shows increasing incidence rates, also because it
primarily affects elderly adults. It is characterized by progressive lung scarring, thickening of
the interstitium and continuous decline in lung function, which results in shortness of breath,
also known as dyspnoea, and cough. This severely affects the patient’s quality of life and
also is associated with a poor prognosis with a median survival rate of 3-5 years if

untreated '%.

Currently, two treatments are approved for IPF: Nintedanib ', which inhibits tyrosine
kinases involved in proangiogenic and pro-fibrotic pathways, and pirfenidone , which has
anti-fibrotic, anti-inflammatory, and antioxidant activity. Both small molecules effectively
reduce disease progression and the decline of pulmonary function but are not able to

% While severe side effects are rare, drug

improve lung function or quality of life
discontinuation due to adverse events was still found in 20.9% of subjects on pirfenidone

and 26.3% on nintedanib """, This leaves lung transplantation as the only cure and only
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alternative intervention, but this is only possible for a minority of patients due to the limited
organ availability as well as the comorbidities and age of the patients ''2. Overall, this
combination of a large and growing patient population, severe and deadly disease burden,

and limited availability of treatment options makes IPF a societal unmet medical need ',
1.3.3.2 Risk factors and pathogenesis

Multiple host-related risk factors have been identified that increase susceptibility to IPF. This
includes genetic variants, with multiple ones pointing to telomere maintenance, epigenetic
reprogramming which is associated with ageing ', as well as environmental factors, such
as smoking and occupational exposures to which the lung may be particularly susceptible

due to its direct exposure '°.

In a predisposed individual, IPF is thought to be induced through recurrent micro-injuries to
the alveoli, which are air-filled sacs where the gas exchange in the lung occurs. In general,
there are two types of epithelial cells in the alveolus referred to as alveolar type 1 (AT1) and
alveolar type 2 (AT2) cells. Under physiological conditions, AT1 cells are primarily involved
in gas exchange, while AT2 cells produce surfactants. Furthermore, AT2 cells act as alveolar
epithelial stem cells with the ability to self-renew and differentiate into AT1 cells. While
largely quiescent during homeostasis, subpopulations of AT2 cells were found to rapidly

expand to regenerate the alveolar epithelial cell population upon injury "¢,

Recurrent injury to the alveolar epithelium, especially AT2 cells, was identified as a cause of
pulmonary fibrosis, and, although not fully understood mechanistically, results in the
recruitment and proliferation of fibroblasts and myofibroblasts ''°'?°, Histologically, this is
characterized by high spatial variability and fibrogenesis is thought to take place in so-called

| 2'. Furthermore, IPF is

fibroblastic foci, the extent of which is predictive of surviva
characterised by a reduced AT1 population which restricts the overall gas exchange, while
AT2 cells show a hyperplastic phenotype '?2. Ultimately, this leads to an accumulation of

extracellular matrix, continuous scarring and loss of lung function.
1.3.3.3 Alveolar regeneration as an emerging therapeutic strategy

Previous research focussed on targeting inflammation ' and myofibroblasts '** as early

events linked to the pathogenesis of IPF, however, has not been successful in finding cures.
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Recent studies found that promoting alveolar regeneration is sufficient to resolve fibrosis
and restore pulmonary function in animal models *>'*, Promoting endogenous alveolar
repair has hence emerged as a promising therapeutic target, which may not only slow down
or stop disease progression but can potentially even cure IPF by regenerating lung

function %,

Recently, an intermediate progenitor cell state was identified in AT2 to AT1 differentiation
which expresses epithelial and mesenchymal markers, as well as markers of senescence
such as TGFB which indicates a pro-fibrotic role 26 (Figure 1.6). This transitional cell state
was also found to persist in fibrotic regions of IPF lungs, and explicitly around foci of high

28129 This suggests that the terminal differentiation from this

collagen expression
transitional cell state to functional AT1 cells is inhibited and that it contributes to

fibrogenesis.

In the murine bleomycin lung injury model, which is one of the most extensively used and
best-characterized preclinical models for acute and chronic lung injury ™', the AT2 to AT1
trajectory was further characterized using scRNA-Seq identifying an intermediate stem cell
state expressing similar markers, including pro-fibrogenic factors and distinct cell-cell
communication with mesenchyme and macrophages '**'*®. Additionally, chronic
inflammation by sustained IL-1b treatment was found to inhibit the terminal differentiation

to functional AT1 cells, also resulting in an accumulation of intermediate progenitors '*.

Promoting the intermediate progenitor to AT1 transition is hence therapeutically interesting
from two angles: To restore the depleted AT1 population which may help to restore lung

function, and to reduce the level of pro-fibrotic intermediate progenitors.
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Figure 1.6: Emergence of an intermediate progenitor cell state in alveolar regeneration.

AT2 cells replicate in response to damage and generate intermediate progenitors which normally
mature into functional AT1 cells but persist in fibrotic lungs. The intermediate progenitor is
regulated by TP53 signalling, vulnerable to DNA damage and undergoes a transient senescent
state. Figure adapted from Kobayashi et al. ' with permission.
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1.4 Introduction to transcriptomics data

1.4.1 Omics data and cellular regulation of gene expression

In a multicellular organism, the DNA, and hence the genetic information encoded in its
nucleotide sequence, is largely identical between its cells apart from errors introduced in the
replication process. Instead, the structural and functional differences between cell types or
individual cells can be explained by how the genes are expressed resulting in different sets
of proteins. These execute the majority of cellular functions, e.g. by selectively catalysing
chemical reactions as enzymes. The central dogma of molecular biology describes this flow
of genetic information in a biological system and entails 1) the replication of DNA, 2) the
transcription of DNA to RNA, and 3) the translation of a subset of these RNAs, the so-called
messenger RNA or mRNA, to protein (Figure 1.7).

Replication
Transcription Translation
( :]xnx[ —_—~ ——
DNA

RNA Protein

Figure 1.7: Central dogma of molecular biology.

The central dogma of molecular biology describes the transfer of information from DNA to RNA
to protein. DNA can be copied to DNA (replication) or RNA (transcription). Subsequently,
proteins can be produced using the RNA template (translation).

Each of these steps is tightly regulated while additional regulation can occur on the
epigenetic, post-transcriptional and post-translational levels. This regulation toolbox
enables fine-tuning of cellular processes on different temporal and spatial scales, e.g. as a
response to signals from surrounding cells or other environmental changes. Studying these
changes across different tissues, conditions or timepoints can then provide useful insights
into a given phenotype, such as the molecular characteristics of a disease or the MoA of a

drug.

To obtain a snapshot of the cellular state, a wide range of technologies has been developed

which are continuously improving in terms of coverage, scalability and resolution ™. In this
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context, “omics” refers to approaches which measure the abundance of different types of
biological entities, such as genes, RNA transcripts or proteins, on a large scale '*°. These
can give a broad overview of the underlying biology, while each type of biological entity
provides a different angle given that they are affected by different levels of regulation. For
instance, transcriptomics measures the abundance of RNA transcripts within a cell providing
insights into which genes are transcribed. In contrast, proteomics measures the abundance
of proteins, which is influenced by both transcription and translation. Numerous additional
types of “omics” exist and these can jointly give a detailed view on each step of the
underlying cellular regulation, which has become the focus of multi-omics studies *¢'¥. In
this thesis, the focus will be on the analysis of transcriptomics data which gained early
popularity in the 1990s with the development of DNA microarrays '*® and has since been

transformative for our biological understanding ™.
1.4.2 Transcriptomics technologies

1.4.2.1 DNA Microarrays

From the technical side, DNA microarrays are chips on which various short oligonucleomers,
also known as probes, are fixated which are designed to match certain transcripts of
interest. The sample-derived RNA can be first amplified and is then used directly or indirectly
to generate nucleic acids which are labelled with reporter probes. Thereby, the RNA can
either be labelled directly or can be transcribed to cDNA or cRNA incorporating nucleotides
which are either labelled with a fluorophore or biotin, so that they can subsequently be

40 'When the labelled nucleic acid is then washed over the

stained with labelled streptavidin
microarray, it hybridizes to the complementary probes, and the amount of reporter signal for

each probe then indicates the abundance of this particular mRNA species within the sample.

Due to unspecific binding to the probes, there can be background noise, and due to the
limited number of probes with the same sequence, there is also an intrinsic upper limit for
quantification. As the number of potential probes is limited, these need to be carefully
designed requiring reliable knowledge about the genome of interest which has led to a wide
range of commercial microarray technologies, some focussing more on high throughput
while others instead prioritize high coverage '*'. The two platforms from which data was

used in this thesis will be described further below.
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Affymetrix GeneChip arrays have been widely employed as they are able to cover up to 6.5
million features on a single 1.28 cm? array '*°. These high-density DNA arrays are generated
using a photolithographic manufacturing process which allows the parallel synthesis of the
25-base long oligonucleotide probes . One platform of particular interest in toxicology is
the GeneChip™ Rat Genome 230 2.0 Array (GEO ID: GPL1355), which comprehensively
covers the rat transcriptome with 28,000 genes. It is also the platform which was used to

generate the transcriptomics data analysed in Chapters 2, 3 and 4.

The L1000 platform achieves a scale-up of more than 1,000-fold in comparison to Affymetrix
microarrays by only measuring the expression of 978 landmark genes . These were
selected to be non-redundant so that the expression of 9,196 genes can be predicted with
high fidelity. As part of the LINCS (Library of Integrated Cellular Signatures) project, the
L1000 platform was used to characterize 19,811 compounds making it the most
comprehensive resource for uniformly generated transcriptomic data on chemical

perturbations .
1.4.2.2 Bulk and single-cell RNA Sequencing

As for microarray studies, the RNA is first transcribed to cDNA in RNA Sequencing (RNA-
Seq). But then, the sequence of the cDNA is directly determined either from one end (single-
end sequencing) or both (pair-end sequencing) *. As a consequence, in theory, any kind of
RNA can be detected with the same experimental setup which enables higher flexibility, e.g.
if genomic information is not available yet for the given organism, and also each sequence
is identified with single-base resolution, which means that these sequence-based methods

can give more detailed information e.g. about splicing variants or mutations.

In contrast to hybridization-based platforms, there is no background signal because
sequences can be clearly mapped to the respective genomic regions, and there is no upper
limit for quantification. Instead, the quality of the generated data largely depends on the
sequencing depth, so the number of transcripts sequenced, which impacts whether rare

transcripts are detected and how accurately the relative abundances can be determined.

Since the development of bulk RNA-Seq, which measures all transcripts within one sample,

new technologies have been developed with the ability to map transcripts to individual cells
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(single-cell RNA-Seq) or to spatial regions within a tissue (spatial RNA-Seq) which is
particularly interesting to study cell-cell communication and effects on the tissue-level. Both
are fundamentally possible by tagging transcripts with so-called barcodes, short
oligonucleotide sequences, through which each transcript can be mapped back although all

transcripts within a sample are sequenced together '*°

. While the scientific implications of
single-cell RNA-Seq (scRNA-Seq) will be discussed in Chapter 5 where scRNA-Seq data is

utilised, the technology itself will be discussed here.

There are multiple droplet-based scRNA-Seq platforms, including inDrop ¢, Drop-Seq '’

and 10X Genomics Chromium '

, Which follow similar experimental protocols. First,
individual cells are encapsulated in droplets using microfluidic devices, and these droplets
also contain barcoded beads with oligonucleotide primers. Each barcode contains an
oligo(dT) sequence through which mRNAs with complementary poly A tails are captured
once the cells are lysed. Furthermore, the primer contains two additional components which
eventually characterize the bound transcript: The cell barcode, which is identical across all
primers on a bead and hence identifies each droplet, and the unique molecular identifier
(UMI), which is variable across all primers and therefore identifies each individual transcript.
While mRNA capture needs to take place within the droplets, the subsequent steps can then
occur within the bead or after demulsification '°: The captured RNA is first reverse

transcribed to cDNA, which is then amplified and, after demulsification, sequenced.
1.4.3 Small-molecule transcriptomics datasets

Transcriptomics data can be used to evaluate the biological effects induced by treatments
in any biological system and has been widely used to study perturbation effects across
compounds, doses and timepoints. The largest publicly available datasets are summarised

in Table 1.4. In this context, the Open TG-GATEs (Toxicogenomics Project-Genomics

150 1

Assisted Toxicity Evaluation System) and DrugMatrix "' and databases should be
highlighted which contain transcriptomics, as well as clinical chemistry, haematology and
histopathology data from multiple organs in rats across 170 or 627 compounds,
respectively (Table 1.4). These are invaluable resources in the field of toxicogenomics %2>
as they contain multiple types of information within the same animal through which it is

possible to derive mechanistic links between gene expression and phenotype in vivo.
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Table 1.4: Public transcriptomic datasets.

Dataset Technology Model system Number of Number of Number Timepoint
compounds replicates of doses* of sampling
Open TG- Microarray Rats 170 3 3doses  3h, 6h, 9h,
GATEs 150 12h, 24h, 4d,
8d, 15d, 29d
DrugMatrix 51 Microarray Rats 627 3 Mostly 1 Mostly 1,3,5
or 2 doses and 0.25
days
DrugSeq 3¢  Targeted U20S cells 433 3 8doses 12h
RNA-seq
LINCS 143 Targeted 71 cell lines, 19,811 Variable Mostly Mostly 24h
Microarray mostly VCAP, 10 uM and 6h
(L1000) MCF7, PC3, A549 and 5 yM
CMap 155 Microarray Mostly MCF7, also 1,309 Mostly 1-2 Mostly Mostly 6h,
PC3, HL60, 10 uM also 12h
SKMELS5, ssMCF7
Sci-Plex 156 scRNA-Seq A549, K562, 188 2(~100—-200 4doses 24h
MCF7 cells each)

*Excluding vehicle control

From a drug discovery perspective, transcriptomics has not only been interesting as a
means to better understand the biological effects of compounds but also to phenotypically
characterize compounds in the early stages of drug development as complementary
information to compound structure . To profile large amounts of compounds in a cost-
efficient manner, cancer cell lines are most frequently used as model systems as well as
technologies with a stronger focus on high throughput. In this regard, the connectivity map
project by the Broad Institute should be highlighted which includes the first CMap version '*°
(“CMap” in Table 1.4) which contains microarray-based perturbation signatures and its
successor, which contains signatures derived using the L1000 platform and is part of the

Library of Integrated Network-Based Cellular Signatures (LINCS) program '*°.

Given a particular transcriptional signature, these can then be queried to identify potentially
related small molecule perturbations, e.g. based on the non-parametric Kolmogorov-
Smirnov statistic which determines the enrichment of a signed list of genes with respect to
a rank-ordered reference signature as introduced by Lamb et al. '*°. Furthermore, previous
studies have explored perturbation signatures as means to group mechanistically similar
compounds ' or to predict other in vitro ™*° or in vivo '* properties. Overall, transcriptomics
can hence contribute to a better biological characterization of compounds in general and to

various drug discovery tasks in practice.
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1.5 Computational analysis of transcriptomics data

While the pre-processing of transcriptomics data is platform-specific and will hence be
discussed within the respective Methods sections, there are common steps in the analysis
of the derived gene expression matrix which contains expression levels across genes and
samples. These are relevant across all subsequent chapters and their underlying basis will

therefore be introduced in this section.
1.5.1 Differential expression

It is often not the expression within one sample that is of interest but rather changes in
expression across samples and especially comparisons between two categorical groups are
of interest, such as between healthy and disease or between treatment and control. This is
also referred to as differential expression analysis, and the relative difference in magnitude
is generally quantified as fold change (FC) or logFC. However, a large fold change may be
caused by fluctuations in expression which can arise from technical variation and could
mask the real biological signal. Therefore, an additional statistical test should be used which

evaluates whether there is a difference in average expression level across both groups.

Depending on the type of gene expression data, different statistical approaches are
appropriate as e.g. continuous microarray data is generally modelled as a normal distribution
while Poisson or negative binomial distributions are utilized in case of count data from RNA-
Seq. For instance, a well-established approach for microarray data analysis is the
moderated t-statistic implemented in the R package limma (LInear Models for
MicroArrays) '®2. Here, fold changes and standard errors are first fitted using linear models
per gene and the standard errors are then smoothed across genes using an empirical
Bayesian model eventually resulting in the moderated t-statistic. This was found to increase
power and provide more stable results, particularly in the case of a low sample size '®.
Similarly, information on the variance across genes can also be leveraged in the analysis of
count data. For example, empirical Bayes is used to moderate the dispersion in the negative
binomial models in both edgeR *¢* and DESeqg2 '¢°. Combining the given test statistic and
the logFC, it is then possible to identify the most strongly and significantly up- and down-

regulated genes which may hence play important roles in the phenotype at hand.
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1.5.2 Biological interpretation using gene sets and signatures

The interpretation of individual genes can be limited as single genes or proteins can take in
diverse functions depending on different interaction partners. To interpret differential
expression signatures, it is therefore highly effective to regard gene expression in a

functional context, i.e. by taking advantage of prior knowledge on cellular processes.

One well-established approach to interpret gene expression is to consider functional groups
of genes as so-called gene sets, and then to look into the dysregulation of this group of
genes as a whole in order to gain more interpretable insights on a higher biological level.
Knowledge-driven gene sets can for instance be derived based on annotations of the gene

% and can include information on molecular

product, e.g. from Gene Ontology (GO)
function, role in biological processes or also subcellular location. Other resources which
have been widely used in the analysis of transcriptomics data include Reactome ',

KEGG % and Wikipathways '® which focus more on biological pathways.

A different type of knowledge-driven genesets are regulons which describe groups of genes
regulated by a transcription factor (TF). This information can be inferred and derived from
different sources of information, such as known TF binding motifs on promoters, peaks from
chromatin Immunoprecipitation DNA-sequencing (ChlP-Seq) or literature-curated
resources, and can then be used to infer the upstream activity of TFs based on the

expression of genes which it regulates '"°.

Besides knowledge-driven approaches, gene sets can also be derived in a data-driven way
from historical transcriptomics data, or more precisely historical differential expression
signatures. This can then uncover similarities between the cellular response at hand and
previous experiments, which may provide more detailed mechanistic insights, e.g. if it is
known which gene or protein was perturbed in the previous experiment "', and can also
identify shared cellular phenotypes, e.g. when comparing to a disease signature '*°.
Furthermore, also text-mining-based gene sets can be employed which describe genes
mentioned within the same publication and may detect more recently published biological

findings than curated databases '
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A wide range of methods has been developed to contextualise gene expression data using
gene sets, including gene set analysis ' (GSA) which tests whether more genes of that
group are found to be dysregulated than at random, gene set enrichment analysis "* (GSEA)
which tests whether genes of that group are found to be more strongly dysregulated than at
random and gene set variational analysis '° (GSVA) which describes variation of gene set
activity across samples based on the variation of the group members. The concrete test

statistic will be introduced within the chapters.
1.5.3 Multiple hypothesis testing and correction

In statistical testing, the aim is to identify results based on samples which are not observed
by chance but can be attributed to a specific cause. To do so, it is estimated how likely the
observed data would have occurred by chance under the premise of the Null hypothesis. A
result from an individual test is then considered statistically significant if the likelihood of
retrieving the observed or a more extreme result by chance, the p-value p, is below the pre-
defined significance level «, the tolerated false positive rate. Here, it should be noted that
neither statistical significance nor a specific p-value implies plausibility, presence, truth, or

importance ",

However, if multiple tests are performed simultaneously as part of a statistical analysis, such
as in case of high-dimensional biological data, the overall probability of false positives is
expected to increase. One strategy to reduce the probability of false positives is to reduce
the number of hypotheses, if it is possible to pre-define those which are of interest '”’.
Furthermore, statistical strategies exist to adjust p-values, out of which two commonly used
ones will be introduced. The Bonferroni procedure '"® regards tests as significant if the
family-wise error rate (FWER), the probability of identifying one or more false positives in
multiple testing, is below the significance level (FWER < « ). From a practical perspective,
this means that instead of rejecting individual hypotheses at p < a, they are then being
rejected at p < a/m. The Bonferroni procedure is generally conservative, which means that
the number of false positives (type | error) is kept low at the cost of potentially wrongly
rejecting hypotheses (type Il error). A less conservative approach is the Benjamini-Hochberg
procedure ' which instead requires the false discovery rate (FDR), the fraction of false

positives among all discoveries, to fall below the significance level (FDR < «). Practically,
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this means p, < k * a/m with k corresponding to the rank of p, among all p observed within
the test family ordered from smallest to largest. In this thesis, “p-value” always refers to
unadjusted p-values, while “FDR” is used when the Benjamini-Hochberg procedure was

applied.

1.6 Applications of transcriptomics in drug discovery

1.6.1 ldentification of safety biomarker candidates

According to the FDA/National Institute of Health (NIH)’s BEST (Biomarkers, Endpoints, and
other Tools Resource) guide, a biomarker is “a defined characteristic that is measured as an
indicator of normal biologic processes, pathogenic processes, or responses to an exposure
or intervention, including therapeutic interventions” '*® Thereby, it can be measured using
any technology, including transcriptomics, and includes molecular, histologic, radiographic,

and physiologic readouts.

In the context of drug safety, biomarkers can be used to detect and monitor adverse effects
in vivo, e.g. in preclinical or clinical trials ®'. These ideally indicate toxicity before a severe
clinical phenotype occurs, which allows more time- and cost-efficient identification of risks
in nonclinical and clinical trials, as well as better personalization of the treatment regimen
post-approval. As biomarkers should be measurable non-invasively and rapidly, in

particular, circulatory proteins have been of interest as molecular biomarkers.

In contrast, tissue-derived transcriptomics is rather used to generate biomarker candidates
and mechanistic hypotheses due to its broad coverage. Thereby, how to prioritise biomarker
candidates is not straightforward as the desired properties cannot be summarised into a
single metric for ranking, but instead multiple features contribute to a good biomarker which
may also vary depending on the desired context of use '®'. Generally, biomarkers should
distinguish adverse and non-adverse conditions, and anticipate injury or severe injury before
it manifests. Furthermore, they need to be detectable in a robust manner, ideally in a non-
invasive or minimally invasive way, and if biomarkers are intended for monitoring, they
should reflect the severity of injury. In this context, it should be noted that biomarkers can

be purely descriptive, however, mechanistic ones can be more informative ',
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To use biomarkers for regulatory decision-making, these need to be qualified which is
defined by BEST as “a conclusion, based on a formal regulatory process, that within the
stated context of use (COU), a medical product development tool can be relied upon to have
a specific interpretation and application in medical product development and regulatory

review” '8

. Pharmaceutical companies, regulatory bodies, and academic groups are
working together towards this common goal, e.g. through the Predictive Safety Testing
Consortium (PSTC) '™ or the Innovative Medicines Initiative (IMI) Consortium

TransBioLine 8.

It is clear that the high confidence needed for regulatory acceptance cannot be provided by
data-driven analysis alone. However, it can be used as one source of evidence and can

prioritize biomarker candidates which are more likely to be successful.
1.6.2 Identification of adverse event mechanisms

When studying the pathogenesis of adverse events, the goal is to identify not only statistical
associations but causal cascades of events which describe how specific molecular
interactions result in a systems-level phenotype, as this can then help to anticipate or even
prevent adverse effects through earlier or simpler surrogate readouts. In the context of AOP
development, previously introduced in 1.1.2, the Organization for Economic Co-operation
and Development (OECD) '® published three criteria to evaluate the causality of key event
relationships based on the original Bradford Hill considerations in the context of
epidemiological studies '® and previous work on the related mode of action concept
(Table 1.5): Biological plausibility, essentiality of key events and empirical support for the

key event relationship (KER).

Table 1.5: Tailored Bradford-Hill considerations for AOPs.

Multiple sources of evidence can contribute to establishing a causal relationship between Ecquse
and Econsequence. Adapted from the OECD’s users’ handbook supplement to the guidance
document for developing and assessing AOPs %,

Criteria Description

Biological plausibility Known structural/functional relationship between Ecause and Econsequence
Essentiality of key events E.ause IS necessary or even sufficient to induce Econsequence

Empirical Time concordance Ecause is Observed before Econsequence

evidence  Dose concordance Ecause IS Observed at a lower dose than Econsequence

Incidence concordance  Ecause affects a larger population than Econsequence
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Each source of evidence can thereby be further weighed depending on the certainty and
consistency of evidence, e.g. across biological systems or compounds . Besides the
strength of evidence, additional quantitative information, e.g. on the predictive performance
of a KER, can be useful to better understand how the KER can guide decision-making. While
in most cases, KERs are so far qualitative, annotating such information is the aim of
quantitative AOPs (qAOPs) .

Computational approaches can support these predominantly expert- and knowledge-driven
efforts. For instance, computationally predicted AOPs (cpAOPs) prioritize events and KERs
as starting points for expert-driven AOP development based on biological plausibility by
integrating functional and statistical associations between biological entities on different

|eve|S 189-191

. However, it should be noted that these links across biological scales are in
many cases not causal and incomplete. Hence, these generally do not present causal
evidence, but rather support hypothesis generation in expert-driven AOP development by

depicting the biological understanding at a given time, e.g. as knowledge graphs '*'°",

Furthermore, data on dose-response or time-course behaviour can contribute empirical
evidence if the study design enables concordance analysis. While so far efforts in this
direction have focussed on evaluating defined sets of KERs in-depth for few or single
stressors using targeted readouts (mechanistic gAOPs) #9219 transcriptomics has the
advantage that it broadly captures potential MIE and KE, so early or intermediate events on
the cell- and tissue-level. Toxicogenomics can hence characterise specific events of interest

but also to prioritise potential new events "2,

1.6.3 Drug repurposing

Drug repurposing refers to the identification of new medical indications for approved or
investigational drugs. Since these drugs have already passed early steps of the drug
development process, including preclinical testing as well as potentially clinical trials, the
compound’s safety is already more established, and drug development efforts can focus
more on efficacy with an overall reduced risk of failure and an accelerated drug development

process requiring less investment '941%,
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For potential repurposing candidates, structure and bioactivity are often known and, due to
the therapeutic opportunities, additional data has been generated that broadly characterises
the biological effects of compounds. In this context, the Drug Repurposing Hub should be
highlighted which is a repurposing library broadly covering compounds of diverse
chemotypes which have reached clinical development '*°. These assay-ready plates can be
used to perform screening on any type of disease model and are also aligned with efforts at
the Broad Institute to characterize the general biological response to compound

8 previously

perturbation e.g. using transcriptomic signatures from the L1000 platform
introduced in 1.4.3, but also image-based readouts derived through Cell Painting ' or
proteomic signatures '*8. Using these readouts, it is e.g. possible to identify compounds with

199

similar effects to already known treatments ™, or to identify compounds with disease-

relevant effects 2%.

Transcriptomics has the advantage, that it can be both used to profile the effects of
compounds on biological systems in vitro as well as the pathological changes observed in
vivo. This is also leveraged in this thesis using the concept of signature matching or
connectivity mapping (1.4.3), which prioritizes compounds for repurposing with the ability to
reverse the transcriptional changes linked to the disease and hence, potentially, also the
phenotype itself 2°'. A benefit compared to the above-mentioned strategies is that it directly
links diseases to compounds without requiring knowledge about individual targets as an
intermediate step (although this can clearly provide additional evidence) and is hence solely
data-driven. It has been applied successfully across various disease areas ranging from

inflammatory bowel disease to cancer 2°22%,

As for all drug repurposing strategies, there are limitations to signature matching which
depend on how relevant the information used is for the given disease and drug. Firstly, the
approach can only be successful if the disease signature characterizes cellular programs
which are causal instead of symptomatic for the disease so that they can be used to reverse
or prevent it (Table 1.1). Also, gene expression itself may be symptomatic, e.g. for epigenetic
effects, and reversing the transcriptional profiles may hence not reverse the cellular state.
Secondly, the expression patterns observed in vitro may not sufficiently recapitulate the in
vivo effect given that they are derived from simpler model systems as discussed in 1.1.1.

Finally, in bulk transcriptomics, changes in expression may be attributed to changes in cell
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composition, such as immune cell infiltration, which cannot be reversed by modulating gene

190192 scRNA-Seq provides the necessary resolution to

expression within the present cells
not only distinguish between compositional and transcriptional alterations, but also to
characterize specific cellular transitions in vivo. Hence scRNA-Seq data may enable even

more successful applications of signature matching which is explored in Chapter 5.

1.7 Thesis aims

In this thesis, the aim was to use transcriptomics to better detect, understand and treat injury
across three organs or tissues (vasculature, liver and lung), with the ultimate goal to
contribute to the discovery of safe and effective drugs. In the Chapters 2-4, safety-related
endpoints are studied using histopathology and transcriptomics data with the ultimate aim
to contribute to a better identification of safety concerns in the drug development process.
In contrast, Chapter 5 aims to contribute to efficient drug discovery from an alternative angle,
namely by prioritizing repurposing candidates which are already better characterized, e.g.
with respect to safety, than completely new molecular entities. While a summary of the

chapters is shown in Figure 1.8 the individual goals are further discussed below.

Using transcriptomic data to detect, understand, and treat injury
in the context of drug toxicity and fibrotic disease

Chapter 2 Chapter 3 Chapter 4 Chapter 5
Identifying biomarker Time-concordant event ~ DILI Cascades: Aweb  scRNA-Seq based drug
Chapter  candidates for drug- cascades in Drug- server to study time repurposing targeting
induced vascular Induced Liver Injury concordance in the idiopathic pulmonary
injury (DIVI) (DILI) TG-GATEs liver data fibrosis (IPF)
Aim Detect Understand Treat
Injury type Drug toxicity Fibrotic disease

Figure 1.8: Relationship between thesis title and chapters.
Detecting DIVI: Prioritization of safety biomarker candidates

To prioritize biomarker candidates with the ability to detect and anticipate DIVI, a filtering
pipeline was implemented to identify genes which show consistent, specific and dose-

responsive dysregulation in the vascular smooth muscle or endothelium across multiple
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treatments with structurally diverse compounds inducing medial arterial necrosis (MAN).
These were further characterized with respect to the degree to which these reflect disease
progression, their strength of dysregulation, and known biological functions. Additionally, an
interactive dashboard was developed through which the derived biomarker properties can
be explored. Overall, this provides informed data-driven starting points for biomarker

development and qualification.
Understanding DILI: Inference of time-concordant mechanisms

In Chapters 3 and 4, the aim was to better understand mechanisms in DILI from time-
resolved gene expression and histopathology from the TG-GATEs database. To do so, an
automatable framework was developed to quantify and characterize time concordance
across a large set of time-series. The approach is applied to infer time-concordant cellular
events, which precede adverse histopathology. This was able to recover known events
involved in the pathogenesis of DILI, and to prioritize potentially novel pathways and TFs
which precede adverse histopathology. Furthermore, time concordance is combined with
prior knowledge on plausible interactions between TFs to derive causal hypotheses on the
TFs’ mode of regulation and interaction partners. Overall, this aims to contribute to the

development of Adverse Outcome Pathways for DILI.
Treating IPF: Transcriptional repurposing of drugs as regenerative medicine

In Chapter 5, the aim was then to contribute to the discovery of safe drugs from another
angle, namely by prioritizing drug repurposing candidates for IPF. In this work, a cell
transition in the differentiation of AT2 cells into mature AT1 cells is targeted which is inhibited
in IPF and contributes to the regeneration of the alveolar epithelium. It is hypothesized that
inducing this transition promotes lung regeneration and can ameliorate the disease. To this
end, the intermediate population to AT1 cell transition signature is characterised using
multiple recently generated single-cell RNA-Seq datasets on murine bleomycin injury and
IPF patients. These signatures are then matched to drug perturbation signatures retrieved
from the LINCS database to identify the most suitable candidates for drug repurposing. In
combination with bioactivity data, these findings were further interpreted by identifying

multiple potentially involved targets.
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2 ldentifying biomarker candidates for drug-induced
vascular injury (DIVI)

This work was published as a pre-print on bioRXiv *®. The data analysed in this work was
provided by GSK as part of a collaboration with Dr Jordi Munoz-Muriedas and Dr Deidre Dalmas.
Furthermore, Drs. Valeriu Damian, Jim Harvey and Randall Smith are thanked for their
administrative support at GSK.

2.1 Introduction

To support informed decision-making, current research on DIVI focuses on identifying non-
invasive biomarkers with the ability to detect vascular injury in patients and/or preclinical
animal models early and reliably (1.3.1). Two key consortia with subgroups focusing on
research in this area are the Predictive Safety Testing Consortium (PSTC), as part of which
the Vascular Injury Working Group (VIWG) studies DIVI in animal models as well as
translation across species including humans (https://c-path.org/programs/pstc),
and the Innovative Medicines Initiative (IMI) Consortium TransBioLine focusing on DIVI in
humans (https://transbioline.com). Both aim to produce evidence towards
biomarker identification, development, and qualification and have curated panels of
potential circulating protein-based biomarkers which may reflect mechanisms leading to
DIVI pathogenesis based on their association with known histopathological features shared

with vascular diseases and/or across species (Table 2.1).

Table 2.1: Circulating DIVI biomarker candidates previously prioritized for further

qualification by SAFE-T and VIWG and their hypothesized role in pathogenesis. 206.207

Predominant specificity = Gene/target name Symbol
Endothelial cells Endothelin 1 Edn1
E-selectin (rat) Sele (rat)
Angiopoietin-2 Angpt2
Thrombospondin 1 Thbs1
Vascular endothelial growth factor Vegfa
Inflammation Calponin Cnnt
Smooth muscle cells A1 acid glycoprotein 1 Agp1
C-X-C Motif Chemokine Ligand 1 Cxcl1
Lipocalin 2 Len2
Alpha-1-Acid Glycoprotein 1 Ormi1
TIMP Metallopeptidase Inhibitor 1 Timp1
Total nitric oxide NO
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This includes adaptation in vascular function due to hemodynamic changes, endothelial cell
activation and inflammatory cell recruitment indicated by endothelial adhesion molecules
and pro-inflammatory cytokines, smooth muscle damage which may lead to leakage of SM-
specific proteins into circulation upon necrosis, and vascular remodelling which includes

fibrosis and neovascularization.

Besides efforts to provide additional evidence for the qualification of biomarkers already
supported by literature and expert knowledge ©'?°2%  there have also been investigative
efforts to identify potential novel candidate biomarkers which are ideally sensitive and
specific, mechanistically linked to the pathogenesis and additionally found to precede injury
and reflect lesion severity 2?'°, In this regard, prior research by Dalmas et al. ® identified
candidate tissue biomarkers based on Affymetrix GeneChip data from samples of
mesenteric arteries of rats. These were treated with multiple vascular toxicants and
comparator vasoactive but not vasotoxic compounds, and toxicologically relevant genes

were identified based on the concordance of change with dose-responsive degrees of injury.

One advantage of this study was that it covered multiple structurally diverse compounds
while most studies focus on few or single stressors 'S, Furthermore, data was derived
from the endothelium and smooth-muscle enriched samples by laser capture
microdissection and hence can capture changes in the vascular tissue which is not diluted
by the neighbouring adventitia, connective tissue or lymph nodes. Besides identifying
sensitive, specific and dose-responsive potential genomic biomarkers from gene expression
data, a subset of the genes was confirmed by quantitative RT PCR (TagMan) analysis in rats
treated for 1 or 4 days with dopamine or fenoldopam where medial arterial necrosis (MAN)
was present. For these genes, the absence of changes was further confirmed in rats treated
with yohimbine, a vasoactive and non-vasotoxic compound which did not show any
evidence of vascular injury in the mesentery %>, Furthermore, it was found that some of the
potential candidate biomarkers were regulated in mesenteric artery tissue scrape samples
from rats treated with fenoldopam approximately 8 hours before histological detection of
MAN providing further evidence that the genes are good potential candidates for detection
of MAN in rats (Figure 1.3) °®%. However, as previously reported, it is not feasible nor

practical to perform this extensive validation by TagMan across a large set of genes or
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compounds, and also the biomarker filtering itself might overlook valuable genes by focusing

only on a small subset with stringent cut-off criteria .

In this study, a subset of the previously collected microarray gene expression and
histopathology data ° for selected compounds was further analysed as part of a
collaboration between GSK and the University of Cambridge using an adapted bioinformatic
approach to derive an extended set of potential genomic candidate biomarkers which were
shown to detect and predict MAN in rats to provide additional starting points for further DIVI
biomarker discovery and development. First, genes were identified with a stronger focus on
consistency across treatments at the cost of lower effect size, while still requiring specific,
and dose-dependent dysregulation. Further evidence was gained for these genes by
investigating the behaviour across lesion severity. This approach enabled not only the
characterization of genes which correlated with the histological presence of MAN, and injury
progression but also the identification of gene expression changes in treatments where MAN
is anticipated but not yet microscopically identified. Furthermore, candidate biomarkers
were found to encode multiple secreted proteins which may translate to circulatory
biomarkers. In addition, an interactive dashboard was developed using R/Shiny, in which
results from this study for genes of interest beyond the 33 genes identified to be most
promising candidates for potential biomarker development can be explored interactively.

This can be accessed via https://anikaliu.shinyapps.io/divi.

2.2 Methods

2.2.1 Study design

The data used in this work was provided by GlaxoSmithKline from selected compounds
from previous experiments %, in which male Crl:(CD)SD rats were given various known
vasotoxic DIVI-inducing and vasoactive, non-vasotoxic compounds, at three different doses
as well as corresponding and vehicle (see Table 2.2). Approximately 24 hours following the
final dose of each treatment, rats were killed by CO. asphyxiation/exsanguination and

necropsied as previously described.
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Table 2.2: Summary of treatment conditions administered to rats analysed in this work.

The DIVI class separates DIVI-inducing compounds which show mesenteric medial arterial
necrosis (“DIVI/MAN”) from those which showed other histological changes in the mesenteric
artery, such as perivascular and/or fibrinoid necrosis, perivascular fibrosis, EC hypertrophy
and/or inflammatory cell infiltration (“Other VI”), and compounds which did not present any of
the mentioned histological changes (“No DIVI”). The information was adapted from Dalmas

et al. ®°
Compound Structure Vehicle = Route of Target DIVI
< administration class
o c
m E’ -9 _
o X T 2
2% S&
cE a8
Dopamine HO Sterile Water 1,30, 1,4 oral Dopamine receptor DIVI/
SO 300 agonist MAN
Sodium o * 1% Methyl- 0.5,3,20 4 oral cGMP agonist Other
Nitroprusside . [von.twov|  cellulose VI
M e e
N
Hydralazine L 1% Methyl- 1,10,50 4 oral Unknown Other
@é., cellulose v
Methoxamine NH(') 1% Methyl- 0.1,1,10 4 oral ai-Adrenoreceptor DIVI/
/Q)@LO/ cellulose agonist MAN
OH
Minoxidil s 1% Methyl- 1,50, 4 oral K+ channel opener Other
(O cellulose 300 Vi
S-Propranolol 1% Methyl- 1,10,20 4 oral B-Adrenoreceptor No
® o/\/\ﬁ)\ cellulose antagonist DIVI
OH
GWw788388 |, 9‘/\ 1% Methyl- 3,100, 4 oral ALKS5 kinase Other
_ o cellulose 1000 inhibitor \
\ N/ HN—CO
SKF-82526 oo 0.9% NaCl 1,10, 1,4 subcutaneous Dopamine receptor DIVI/
(Fenoldopam)  °<_) O 100 D1 selective MAN
N agonist
SKF-95654 NN _ DMSO 0.5,550 4 subcutaneous  PDES3 inhibitor DIVl/
X OO MAN
Yohimbine do " Sterile Water 0.5,5,20 4 oral a2-Adrenoreceptor No
HO N antagonist DIVI
Amphetamine 1% Methyl- 1,10,50 4 oral a- and - No
NH,
cellulose Adrenoreceptor DIVI
agonist
Midodrine o -° 1% Methyl- 1,10,50 4 oral ai-Adrenoreceptor DIVI/
H2N\)Lu/\/\©\o’ cellulose agonist MAN
OH
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The in-life portion of the prior study from which data was obtained was conducted at Charles
River Laboratories, Discovery and Development Services (CR-DDS), Argus Division,
Horsham, PA, USA. All prior studies were conducted after review by the Charles River
Laboratory (Discovery and Development Services, Argus Division, Horsham, PA, USA)
Institutional Animal Care and Use Committee (IACUC) in accordance with the GSK Policy
on the Care, Welfare and Treatment of Laboratory Animals and were in accordance with the
Guide for the Care and Use of Laboratory Animals (NIH Publication, 25, No. 28, 16 August
1996). Endothelium or smooth muscle enriched samples were derived from cryosections of
mesenteric arteries through laser capture microdissection, and gene expression levels were

measured on Affymetrix Rat Genome 230 2.0 Arrays.

For histopathological analysis, mesentery from each animal was collected, processed, and
histopathology was assessed using light microscopy by a single board-certified pathologist,
and peer-reviewed by another board-certified pathologist as previously described .
Thereby, histopathological findings were documented using severity scores ranging from 0
(absence) to 4 (high severity). Histopathological evidence of MAN (severity score > 0), was
identified for 5 out of 12 compounds, including fenoldopam, dopamine, midodrine,
methoxamine, and SKF-95654 (see Table A.1). In contrast, no evidence of vascular injury
was observed for yohimbine, S-propranolol, and amphetamine (i.e., no evidence in controls
or test-article treated animals of MAN or perivascular and/or fibrinoid necrosis, perivascular

fibrosis, endothelial cell hypertrophy or inflammatory cell infiltration).
2.2.2 Gene expression pre-processing

The raw gene expression levels for the provided samples (Table 2.2) were background
corrected, log. transformed, and quantile normalized with RMA (Robust Multi-array
Average), accessed through the affy package, per study and cell type 2'°. Array quality
metrics describing distances between arrays, array intensity distributions and variance mean
dependence were computed with the ArrayQualityMetrics package *'" and outliers
detected based on these statistics were excluded from the downstream analysis. This
resulted in overall 304 samples on smooth muscle gene expression, and 300 samples of
endothelial gene expression across all treatments. The number of animals in each

experimental condition is shown in Table A.1.
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Batch effects were found between studies (each including treatment at multiple doses and
its respective vehicle control), which are considered to be mainly due to technical variance.
Technical variation may have resulted due to multiple experimental factors, such as the age
of the rats at the time of treatment, the time of the day at which rats were-dosed or
necropsied, and differences in the vehicle or route of administration between compounds.
While these batch effects are irrelevant in the case of within-study analysis, which was the
sole focus in the prior work by Dalmas et al. ®®, also trends across batches were analysed in
this study. Therefore, a batch correction was performed using the ComBat function of the

218 regarding the individual studies as batch covariates and using the

sva package
implemented parametric empirical Bayes framework. The platform information for the
Affymetrix Rat Genome 230 2.0 Array was derived from Gene Expression Omnibus 2" using
GEO accession GPL1355, and used to aggregate probe IDs to rat gene symbols using the
median for all probes uniquely mapping to one gene symbol. Where a probe matched
multiple genes, the probe itself was kept avoiding dilution or duplication of the contained

information, respectively.
2.2.3 Filtering of genes

To prioritize genes as potential transcriptomic biomarkers, an adapted approach to
Dalmas et al. ®® was used, prioritizing consistency and specificity over effect size in DIVI
conditions. To do so, DIVI conditions were first defined as those conditions in which MAN is
observed for more than 20% of the animals as a trade-off between including early evidence
of DIVI and excluding rare ones (Table A.1). The conditions in which MAN was observed are
depicted in Figure 2.1 showing consistently increasing MAN frequency with increasing dose
and MAN across all animals for SKF-95654 and midodrine at the highest dose.
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Figure 2.1: Frequency of Medial Arterial Necrosis (MAN) across conditions.

o

0

For all conditions in which MAN was found, the relative frequency is shown for each treatment,
time and dose. Across all treatments, an increasing relative frequency of MAN is found with
increasing dose.

The differential expression for each compound and dose group in comparison to the
respective experiment-matched vehicle control was computed using gene-wise linear
modelling and empirical Bayes moderated t-statistics provided by the 1imma R package '%.
Genes which significantly (p-value < 0.05) changed in the same direction across all DIVI
conditions (further defined below) with a |logFC| > 0.7 were then identified as conserved
genes. While a higher logFC threshold, e.g. |logFC| =1, is more common and was also used
in our prior work %, this lower logFC cut-off was chosen due to the fact that a gene would
be filtered out if a logFC below this threshold was found in any DIVI condition. An alternative
approach to balance potential outliers was previously used in our past work ® requiring
consistency across 8 of the 12 treatments with a |logFC| =1 (Table 2.3). In both pipelines,
unadjusted p-values were used in the filtering pipeline, although p-values are commonly
adjusted for differential expression analysis #°. Here, it should be noted that only genes
which are differentially expressed across all 7 DIVI conditions genes are considered as
“discoveries” in this study which pass on to the downstream analysis, and that the likelihood
for false positives in this case is not 0.05 but instead (0.05)" < 10°. Considering that statistical
testing is only needed for the 48 (endothelium) and 75 (smooth muscle) genes, which pass
the other logFC and directionality criteria, false positives are not expected and multiple

testing correction was not implemented.



Next, genes were removed for which a significant change (p-value < 0.05) in the same
direction was also found for any compound at any dose which did not show MAN or other
evidence of vascular damage. This includes amphetamine, S-propranolol or yohimbine
(Table A.1). As potential biomarker genes should reflect the dose-dependent increase in
MAN frequency observed across all DIVI compounds, the Spearman rank correlation
between gene expression levels of individual animals and the given compound doses,
including the vehicle control as a dose of 0 mg/kg, was then computed and genes with an

absolute Spearman correlation below 0.3 in any of the DIVI conditions were omitted.

Table 2.3: Comparison between filtering implemented by Dalmas et al. ® and this study.

Vascular changes are defined as mesenteric medial arterial necrosis, perivascular and/or

fibrinoid necrosis, perivascular fibrosis, EC hypertrophy and/or inflammatory cell infiltration.

Step Dalmas et al. (2011) This study
Pre- Normalization GCRMA RMA
processing  Outlier removal Affymetrix Statistical ArrayQualityMetrics
Algorithms Array Quality
Metrics
Batch correction for No batch correction due to Batch correction using ComBat
experimental batches  analysis only within due to analysis across
of the same treatment  experiments experiments
Definition of DIVI conditions Compounds with MAN Compound-dose combinations
conditions observed at any dose with = 20% MAN observed

irrespective of other vascular
changes

irrespective of other vascular
changes

Negative controls

No vascular changes at any
dose

No vascular changes at any
dose

Consistency

Fraction of DIVI
treatments required

Significant in at least 8 of 12
compounds with histological
evidence of MAN

Significant in all compound-dose
combinations with histological
evidence of MAN

Criteria for differential
expression

One-way ANOVA on dose
followed by post-hoc contrast
for linear trend (p < 0.01,
logFC > 1)

Limma/eBayes per compound-
dose combination (p < 0.05,
logFC=> 0.7)

Specificity Fraction of negative Not significant in any Not significant in any compound-
controls required compound at the highest dose  dose combination
Criteria for differential  One-way ANOVA on dose Limma/eBayes per compound-
expression followed by post-hoc contrast ~ dose combination (p < 0.05)
for linear trend (p < 0.01,
logFC > 1)
Dose- Fraction of DIVI Sign-consistent dose-response  Sign-consistent dose-response
responsive treatments required in at least 8 out of 12 in all

compounds

Criteria for dose-
responsiveness

Fold change > 1.7 in the two
highest doses

Spearman correlation between
expression level and dose with a
magnitude of at least 0.3
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To evaluate whether and how many genes are expected to pass the complete filtering
procedure at random, a null distribution was generated using 1000 permutations of the
compound labels. Only in 0.8% and 1% of permutations, any gene was identified in the
endothelium or smooth muscle, respectively, and never were as many genes identified as
for the true data indicating that genes are unlikely to pass the filtering procedure by chance
(Figure A.1).

2.2.4 Development of an interactive dashboard

The results using the adapted analyses performed as part of this study were used to develop
an interactive R/Shiny dashboard (https://anikaliu.shinyapps.io/divi) in
R 4.1.2 #! ysing the shiny and tidyverse #????® frameworks to enable exploration of the
results beyond the 33 genes identified as most promising biomarker candidates. It should
be noted, that results on a few genes currently being analysed internally or as part of other
initiatives at GSK have been excluded as these data points are currently being analysed and
are intended to be the subject of future publications. This includes but is not limited to data
corresponding to the majority of the prioritized candidate biomarkers of the PSTC VIWG
which are being analysed in conjunction with other datasets generated by the consortia as

potential supporting evidence for a DIVI non-clinical rat biomarker qualification package.
2.2.5 Candidate biomarker predictivity

For each gene suggested as a candidate biomarker based on this analysis or in previous
literature, the ability to predict the presence or absence of MAN was evaluated through the
area under the receiver operating characteristic curve (AUC) using the yardstick ?** R
package. Given that it was in most cases unclear whether an up- or downregulation is
expected for literature markers, the higher AUC among both was reported expecting all

biomarker candidates to perform better than random.
2.2.6 Biological annotation

Functional protein-protein associations between conserved genes in both tissues were
derived from the STRING '"? database including all interactions with a combined score > 0.4,

and the network was visualized in Cytoscape. For gene set analysis, gene sets from the Rat
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Genome database ?*°, were combined with the canonical pathways (C2 CP) and hallmarks
(H) gene set collections from MSigDB ??°, which were mapped from human HGNC symbols
to rat gene symbols with biomaRt %’. In cases where the corresponding rat gene symbol
was not represented as an individual gene, it was matched to shared probes if possible.
Over-representation of identified genes in these pathway maps was analysed with the
clusterProfiler *® R package using the hypergeometric test statistic and all measured

genes as background.

2.3 Results and Discussion

2.3.1 Identification of transcriptomic biomarker candidates for DIVI

To identify genes with the highest potential for biomarker discovery and development at the
cost of losing many other promising genes, an adapted stringent filtering procedure was
developed and applied to prioritize genes which show a consistent, specific and dose-
dependent response (differences from the previous filtering pipeline by Dalmas et al. ® are
summarized in Table 2.3). The number of genes identified at each step is shown in Figure
2.2A.

Overall, 33 potential candidate genes with consistent, specific and dose-dependent
changes were identified that correlate with the presence of DIVI; 27 in the smooth muscle-
and 10 in the endothelium-enriched samples. Expression changes for each potential
candidate gene across all compounds are shown in Figure A.2 and Figure A.3. For many of
the genes, significant changes in expression were frequently identified at lower doses than
those for which histopathological evidence of MAN was observed, thus indicating that these
changes may precede and predict the occurrence of MAN. This is further supported by the
fact that many of the genes identified following 4 daily doses of fenoldopam (SKF-82526),
one of the conditions in which MAN was observed, were also observed to be regulated 24

hours following a single dose prior to histopathological evidence of MAN.

While all genes passing the filtering criteria show consistent changes across DIVI conditions,
the magnitude of expression change varies and is summarized in Figure 2.2B. Overall, the
strongest up-regulated gene, as noted by median logFC, in rats with histologic evidence of

MAN (i.e. DIVI conditions) in both tissues was found for Tenascin C (Tnc), a gene encoding
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the glycoprotein Tnc known to be involved in blood vessel injury ?*° while the strongest
down-regulation in gene expression was observed for Chchd10, encoding mitochondrial
Coiled-coil-helix-coiled-coil-helix domain-containing protein 10 (Figure 2.2B) highlighting
that these genes might be easily detectable. For all potential candidate genes identified,
consistent directionality of dysregulation in both tissues was observed.
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Figure 2.2: Potential biomarker candidates for MAN identified through filtering criteria.

A) Potential transcriptomic biomarker candidates for medial arterial necrosis (MAN) in endothelial
cells (EC) and smooth muscle cells (SM) were identified through multiple filtering criteria, and the
number of genes is shown for each tissue at each stage. First, differentially expressed genes
were identified for each condition with >20% MAN. In subsequent steps, only genes with
conserved significant differential expression across all DIVI conditions in the same direction,
without significant differential expression in any negative control condition and dose-dependent
expression changes ([Spearman correlation| > 0.3) were kept. B) Distribution of logFCs for
differentially expressed potential candidate genes, identified by the filtering procedure in
conditions with >20% MAN.
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The list of candidate genes identified in this study was then compared to the ones from the
previous work ®, and 6 out of 33 biomarker candidates were found to overlap with the
previously proposed 57 genes (Table 2.4). Out of the six genes that were noted to be similarly
regulated in a dose-responsive manner across the analysis pipelines, tissue inhibitor of
metallopeptidase 1 (Timp1), fibronectin 1 (Fn1), karyopherin subunit a2 (Kpna2) and versican

(Vcan) have been previously confirmed to be regulated using quantitative RT-PCR (TagMan),

as further outlined in Table 2.4.

Gene Symbol Gene name Tissue Literature TaqMan
Up-regulated genes
Cd44 Cd44 molecule SM - -
Cenpn centromere protein N SM - -
Ddias DNA damage-induced apoptosis SM - -
suppressor
Edem1 ER degradation enhancer, EC - -
mannosidase alpha-like 1
Fni fibronectin 1 EC Dalmas (SMIEC) Up
ltgav integrin aV SM - -
Kpna2 karyopherin a2 /// EC Dalmas (SM), Up
(LOC100359600) karyopherin a2-like VIWG
Lbp lipopolysaccharide binding SM - -
protein
Lmnb2 lamin B2 SM, EC - -
Lsm2 LSM2 homolog, U6 small SM - -
nuclear RNA associated (S.
cerevisiae)
Penk proenkephalin SM - -
Ptrh1 peptidyl-tRNA hydrolase 1 SM Dalmas (SM) Ct values were
homolog undetermined for all
(S. cerevisiae) samples
Rbi1 retinoblastoma-like 1 (p107) SM - -
Sic16a3 solute carrier family 16 SM - -
(monocarboxylate transporter),
member 3
Sponi spondin 1, extracellular matrix SM - -
protein
Spp1 secreted phosphoprotein 1 SM - -
Suv39h2 suppressor of variegation 3-9 SM - -
homolog 2 (Drosophila)
Timp1 TIMP metallopeptidase inhibitor ~ SM Dalmas (SMIEC), Up
1 VIWG
Tnc tenascin C SM, EC Dalmas (SM) Partial (Ct values
were undetermined
for fenoldopam)
Tnfrsf12a tumor necrosis factor receptor SM - -
superfamily, member 12a
Uchl1 ubiquitin carboxyl-terminal SM - -
esterase L1 (ubiquitin
thiolesterase)
Vcan versican SM, EC Dalmas (EC) Up
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Down-regulated genes

Acss1 acyl-CoA synthetase short-chain SM
family member 1

Atp1b2 ATPase, Na+/K+ transporting, SM
beta 2 polypeptide

Chchd10 coiled-coil-helix-coiled-coil-helix ~ SM, EC
domain containing 10

Cyp26b1 cytochrome P450, family 26, SM
subfamily b, polypeptide 1

Ech1 enoyl CoA hydratase 1, SM
peroxisomal

Marc1 mitochondrial amidoxime EC
reducing component 1

Pppiria protein phosphatase 1, EC
regulatory (inhibitor) subunit 1A

RGD1562101 similar to very large G-protein SM
coupled receptor 1

Eef2k eukaryotic elongation factor-2 SM
kinase

Bin2a beta-galactosidase-like protein EC

LOC689499 similar to YO7E10AL.1 SM

Table 2.4: Genes with conserved and specific dysregulation in DIVI.

The identified genes in smooth muscle (SM) and endothelial cells (EC) are shown, including
information on whether this was also by Dalmas et al. ®° or prioritized by VIWG . Furthermore,
previous quantitative RT-PCR (TagMan) results are indicated in which expression in enriched
individual tissue types and/or tissue scrapes from the mesentery of rats treated for 4 days with
dopamine (300 mg/kg/day) and fenoldopam (100 mg/kg/day), as well as of rats treated with
yohimbine (20 mg/kg/day) as a negative control, was measured.

While none of the results was disproved, results for tenascin C (Tnc) were undetermined for
fenoldopam and undetermined across all treatments for peptidyl-tRNA hydrolase 1 homolog
(Ptrh1). Furthermore, three of these genes were already prioritized by the PSTC VIWG (Table
2.4), namely Timp1, which was first suggested as a potential vascular injury biomarker by
Dagues et al. ?°, Fn1 and Tnc. Thus, the adapted analysis workflow is able to recover
previously confirmed results, as well as able to identify and prioritizes new genes as potential

candidate biomarkers.

The differences in the number of genes identified between the current study and prior work

by Dalmas et al. ®®

can partially be explained by differences in filtering criteria (Table 2.3), as
well as the fact that analyses in this study were performed on a subset of compounds. On a
more general level, both filtering pipelines aimed at prioritizing a short list of most promising
genes and do not claim that other genes are not unsuitable as biomarker candidates. If new

biomarker candidates are proposed in the future, it may be of interest to understand across
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which DIVI conditions expression changes, indicative of MAN, are observed. Hence, a
R/Shiny dashboard was developed, which will be further introduced in 2.3.4, using which

the behaviour of a gene of interest can be inspected.
2.3.2 Characterization of biomarker candidate gene properties

To evaluate the ability of the potential biomarker candidate expression levels to separate
animals with and without MAN, the area under the ROC curve (AUC) was computed for each
candidate biomarker prioritized in this study and previous work by Dalmas et al. ®°. This
further ranks the individual genes with respect to their predictivity observed in the current
dataset and overall identifies correlated performance in both tissues indicating that the

derived performance should be representable for the vascular tissue (Figure 2.3).
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Figure 2.3: Ability of biomarker candidate to separate animals with and without MAN.
For each potential biomarker candidate gene, the ability to separate animals with and without
evidence of medial arterial necrosis (MAN) based on expression in the endothelium (EC) or
smooth muscle (SM) is shown as AUC. Overall, genes identified in this study and prior work by
Dalmas et al. ®® were found to achieve high AUCs.
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Among the genes identified as potential biomarker candidates for the prediction of MAN in
rats in this study, the highest AUCs are observed for Fn1 in the smooth muscle (AUC of 0.97)
and Timp1 in the endothelium (0.94), while the lowest AUCs are observed for Bin2a (0.81)
and Eef2k (0.73) in smooth muscle and endothelium, respectively. As expected, there was
an overall high predictive performance observed in both endothelium (AUC between 0.59-
0.94) and smooth muscle (AUC between 0.56-0.97) also for the genes previously identified
in the prior study ®, In this regard, Cbx7 should be highlighted which reaches an even higher
performance in the endothelium (0.94) than genes prioritized in this study as well as high
performance in the smooth muscle (0.95). However, it did not show sufficiently strong
dysregulation across DIVI conditions and was hence not included. In contrast, the lowest
performance was found for ADAM metallopeptidase domain 9 (Adam9) with an AUC of 0.60

in the endothelium and 0.56 in the smooth muscle.

As next step, the association between expression change and lesion severity was analysed
to see which markers reflect disease progression and which ones are already detectable

during early pathogenesis which are desired properties for safety biomarkers 29%2% (

Figure
2.4). Therefore, groups of animals were defined based on the observed severity score for
MAN and the expression levels in these samples were compared to those from animals only
treated with corresponding vehicle control. Animals without evidence of MAN (severity score
of 0) were additionally separated into animals treated with corresponding negative control
which should not show changes in marker expression if these genes are predictive of MAN
in rats, and animals in DIVI conditions which may show changes in gene expression despite

the absence of morphological changes, as well as other conditions.

The results of this analysis are shown in Figure 2.4 and strong and largely significant changes
were identified across lesions of all severities as well as animals in DIVI conditions without
MAN, while significant changes are not observed for negative control or other DIVI unrelated
treatments. This indicates that changes on the transcriptomic level for selected genes might
not only correlate with the presence of injury but can potentially also be predictive for
impending vascular damage. While some potential candidate genes remain largely constant
across all lesion severities and animals in DIVI conditions without MAN, such as lamin B2
(Lmnb2) or beta-galactosidase (Bin2a), others show an increasing change with increasing

severity scores potentially reflecting vascular injury progression, e.g., ER degradation-
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enhancing alpha-mannosidase-like protein 1 (Edem1), Timp1, TNF receptor superfamily
member 12A (Thfrsf12a) or cytochrome P450 family 26 subfamily B member 1 (Cyp26b1).
However, comparisons across lesion severity should be treated with caution due to the low
number of animals found with severe MAN (severity score of 3 or higher), and more generally
because this analysis was specific for MAN and other vascular changes were not included
(Table A.2).
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Figure 2.4: Change in marker gene expression in Medial Arterial Necrosis (MAN) severity
groups in comparison to vehicle controls.

Animals which received treatment were separated into groups based on the observed
histopathology. Animals with MAN were grouped by the observed severity, and animals without
MAN were divided based on the respective experimental condition: Negative control treatments
(“NoDIVI condition”), conditions with >20% MAN (“DIVI condition”) and others which showed
morphological changes in the vasculature but not MAN (“Other treatments”). For each group,
significant differential expression in comparison to vehicle control (FDR < 0.05) is indicated by
“+” and the logFC incl. 95% confidence interval is shown. This identifies significant dysregulation
across all biomarker candidates already for animals in DIVI conditions which, however, don’t
show any signs of MAN yet. Furthermore, severity-dependent differential expression magnitude
is identified for some genes, including Timp1 and Cyp26b.
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2.3.3 Biological context of biomarker candidate genes

To better understand the potential biological role of the identified genes, protein-protein
interactions between proteins encoded by genes with conserved dysregulation across DIVI
conditions in both tissues were derived next. Overall, more interactions than expected at
random (PPl enrichment p-value ' < 107%) were identified, as well as two clusters of
functionally associated genes (Figure 2.5 and Table A.3). The bigger cluster includes largely
ECM-related proteins including extracellular proteins Fn1, Timp1, Tnc and Vcan which are
detected in both tissues and central nodes in the cluster. Cellular receptors in the cluster
linked to those proteins include the integrins aV (ltgav) and a5 (ltga5), which interact with

Fn1 and are involved in fibronectin matrix formation and cardiovascular development %',
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Figure 2.5: Functional protein-protein associations between conserved genes.

Interactions from the STRING database ' with medium confidence (confidence score>0.4)
between conserved genes were derived. More associations are found than expected at random
(13 interactions expected, PPI enrichment p-value ' < 107°). Genes identified in both tissues
(labelled in red) are found at the core of the bigger cluster. Only one of the genes identified only
in the endothelium, Anin labelled in blue, showed functional associations, while the majority of
genes and interactions are found in the smooth muscle (grey).
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Furthermore, secreted phosphoprotein 1 (Spp1) was identified which is increased in multiple
vascular diseases ?** and is known to interact with both reported integrins as well as the
hyaluronic acid receptor Cd44. The second cluster contains tubulin beta-4B chain (Tubb4b)
and the kinesin-like protein (Kif22), which are related to microtubule-based transport, anillin
(Anln) which is involved in cytokinesis, the centromere protein N (Cenpn) and Kpna2. All of
these are linked to the protein regulator of cytokinesis 1 (Prc1), the central node in this
cluster, pointing to vascular hyperplasia. Hence, plausible associations between proteins
encoded by candidate genes were identified shedding further light on their potential

mechanistic role.

An over-representation analysis was then performed for each tissue using conserved genes
or only biomarker candidate genes, respectively. From this analysis, three pathways in the
endothelium and twenty-two in the smooth muscle were identified, which can be explained
by the higher number of genes observed in the smooth muscle (Figure 2.6). In both tissues,
epithelial-mesenchymal transition (EMT) is over-represented which is a key process in tissue
repair and fibrosis during which epithelial cells switch to a mesenchymal phenotype which
is, amongst others, characterized by the expression of Fn1 and shows strongly modulated
interactions with the ECM 2. While epithelial cells are not a key component in the
vasculature, EMT is closely related to endothelial-mesenchymal transition (EndMT) which

has been previously observed in various cardiovascular diseases ".

A subset of the genes involved in EMT is additionally linked to ECM proteoglycans which
are the second gene set overrepresented in both tissues. These are generally known to be
upregulated in early vascular lesions and take in multiple key roles in vascular injury, such
as mechanotransduction, regulation of leukocyte invasion and inflammation, control over
blot clotting, ECM organization as well as vascular calcification ?**. The third shared over-
represented pathway is related to the ECM and is termed “Regulation of Insulin-like Growth
Factor (IGF) transport and uptake by Insulin-like Growth Factor Binding Proteins (IGFBPs)”.
However, to note, the identified extracellular proteins in this pathway are not directly related
to IGF but phosphorylated by the same kinase as multiple IGFBPs, namely the extracellular
serine/threonine protein kinase FAM20C, which is responsible for the majority of

extracellular phosphorylations 2%,
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Figure 2.6: Enriched pathways in conserved and potential marker genes.

The gene set membership is shown for conserved genes and significantly enriched pathways
(FDR<0.05) in endothelium (A) and smooth muscle (B), respectively. The median logFC across
conditions with >20% MAN is shown for all genes and marker genes are additionally highlighted.
For the genesets, FDR among conserved and marker genes is shown to identify genesets only
enriched among conserved genes. Moreover, the geneset source is annotated with all genesets

except the ones from Rat Genome Database being derived through MSigDB.
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In the smooth muscle, multiple integrin-related pathways, such as focal adhesions, were
identified which are related to the two RGD-motif binding integrins, integrin aV (ltgav) and
integrin a5 (Itgab), as well as the extracellular proteins Col4al (arresten), Fn1, Tnc and Spp1
which interact with integrins on the membrane surface. Additionally, Cd44 is included in the
“Integrin cell surface interactions” gene set, potentially due to the known crosstalk with
ostepontin (Spp1)-induced signalling described in the Avb3 OPN pathway. Additional
extracellular proteins classified as core matrisome by Naba et al. #*® are spondin 1 (Spon1)
and Osteomodulin (Omd). Also, cell surface interactions at the vascular wall are identified,
which indicate leukocyte extravasation, and are linked to the two integrins and their
interaction partners Fn1 and Cd44 as well as the surface proteins Sodium/potassium-
transporting ATPase subunit beta-2 (Atp1b2) and the monocarboxylate transporter 4
(Slc16a3) which both interact with the extracellular matrix metalloproteinase inducer Basigin.
The over-represented parent process haemostasis additionally includes Tubb4b, Kif22 and
the plasminogen activator inhibitor 1 (Serpinel), which is involved in the controlled
degradation of blood clots via the Urokinase-type plasminogen activator (UPA) and uPAR-
mediated signalling. This analysis hence provides further insight into the potential
mechanistic interplay between the identified conserved and potential candidate marker
genes and indicates potential biological pathways leading to the development and
progression of MAN. In particular, changes on the cell surface and interaction with the ECM

are highlighted, which are known processes involved in vascular injury and remodelling 2%.

2.3.4 DIVI gene expression dashboard

As part of this work, a publicly available R/Shiny dashboard was developed
(https://anikaliu.shinyapps.io/divi) using which the gene-level results derived in
this study can be visualized and explored in four tabs. Since Timp1 was identified as one of
the most promising biomarker candidates, a potential follow-up question may be whether
other tissue inhibitors of metalloproteinases show similar trends given their shared

238,239

evolutionary history although they did not pass the stringent filtering pipeline. In this
section, the relevance of tissue inhibitors of metalloproteinases Timp1, Timp2 Timp3 and
Timp4 for DIVI is hence investigated to demonstrate the functionality of the dashboard. In
the dashboard, genes of interest can be selected from a dropdown list, and all figures shown

in this section have been generated in the dashboard.
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The first tab gives an overview of the number of DIVI conditions (conditions with > 20% MAN
observed) for which differential expression is found and the median logFC observed across
these conditions (Figure 2.7). Significant up-regulation of Timp1 was found in all seven DIVI
conditions, and down-regulation of Timp4 in six DIVI conditions in the endothelium and
smooth muscle. In contrast, differential expression of Timp2 and Timp3 was found in fewer
conditions and with a lower magnitude. It is also possible to select areas of interest in the
plots to identify genes of interest in a hypothesis-free manner. Differential expression

statistics for these genes are then summarised in a data table below.
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Figure 2.7: Summary of differential expression across DIVI conditions.

Genes are summarised based on the number of DIVl conditions with significant differential
expression, also indicated as colour, and the median logFC observed in these conditions. User-
selected genes are automatically labelled.

In the second tab, the differential expression results across all treatments, doses, and tissue
layers can be visualized for selected genes providing a more detailed view of expression
changes in DIVI conditions, negative control conditions, and other treatments (Group
definitions are described in Table 2.3). The differential expression plot for the smooth muscle
is shown in Figure 2.8, and only Timp2 showed significant differential expression indicating
that expression changes across the other genes were specific for MAN. For Timp1,
expression changes were found in all DIVI conditions while the only DIVI condition without
changes for Timp4 was a single-dose treatment of dopamine. Furthermore, Timp1, Timp3
and Timp4 showed significant expression changes in SKF-82526 (fenoldopam) already after
single-dose treatment although only repeat-dosing for 4 days was considered adverse. It
should be noted, that unadjusted p-values are shown as definition for statistical significance

(p-value < 0.05) here to align with the criteria implemented in the biomarker filtering pipeline.

60



Dopamine Dopamine Methoxamine Midodrine SKF-82526 'SKF-82526 'SKF-95654 ‘GW788388 Hydralazine Minoxidil i i i Prog vsi:nolu\ “Yohimbine
(1day) (4days) (ddays) (ddays) (1day) (4days) (4days) (4days) (ddays) (ddays) (ddays) (ddays) (A‘LEVS) (4days)
[
| ° s % $
2
$ S Q @ P 6 © Pl
O e ol o ] = R AR S R S SRR SRR *¢+*~+'+‘i’
2]
2q =
O gz [ | P @] | e Bl s B | ] ] [ B | | [ R IR S SR
Q21
K
21 =
1@ ®...-®. *. ol o . 0. .l 0. 0 @ RE
0 * S 000.000000000000 & & SRR SRR R EER SE SR S )
2]
21 =
5
of--4-- 3 ] [ ’.0 R | S | e — ‘¢<> L@ *. B R SR s R Q’O .‘...0.. N * || 4 2
2 < ¢ o o o
1 2 3 1 2 3 1 2 3 1 2 3 1 2 3 1 2 3 1 2 3 1 2 3 1 2 3 1 2 3 1 2 3 1 2 3 1 2 3 1 2 3
Dose Index
< Significant (p-value<0.05) @ Insignificant (p-value>=0.05) <> MAN <> NoMAN <> NoMAN (Negative control)

Figure 2.8: Differential expression by treatment condition in the smooth muscle.

For each user-selected gene and each compound-time combination, the differential expression
across the tested doses is shown.

In the third tab, the differential expression results across histopathology groups are shown
(Figure 2.9) using the same group definitions as in Figure 2.4. This shows that significant
differential expression in comparison to animals treated with vehicle control was found for
all groups with MAN for Timp1, Timp3, and Timp4. Furthermore, samples from animals in
DIVI conditions but without MAN show differential expression Timp1 and Timp4 suggesting

that these may indicate injury before it manifests.
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Figure 2.9: Differential expression by histopathological class.

For each user-selected gene and histopathological class, the differential expression compared
to samples from animals tested with vehicle control is shown.
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In the final tab, the predictive performance across all genes is shown as previously described
in Figure 2.3. AUCs can be summarised as a data table for genes in interactively selected
areas of interest, and selected genes of interest are automatically labelled and highlighted
in the plot (Figure 2.10). This again highlights that the best predictive performance is found
for Timp1 followed by Timp4, while a lower predictive performance is found for Timp3 and

the lowest one for Timp2.
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Figure 2.10: AUC distribution across measured genes across endothelium (EC) and

smooth muscle (SM).

Overall, the four tabs hence provide different views on the gene expression data analysed
in this study. While the first and last tabs enable a global comparison across all measured
genes, the second and third tabs provide more details on when differential expression is
observed. As expected, the best biomarker properties are observed for Timp1, which was
also identified as a promising biomarker candidate in the previous analysis. However,
interestingly Timp4 showed good biomarker properties with dysregulation in opposite
directionality. This demonstrates that the developed R/Shiny dashboard presents a valuable
addition to this work using which also other genes with good biomarker properties can be

identified, which may be supported by other sources of evidence.
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2.4 Conclusion

In this study, potential genomic biomarker candidates for MAN, a histological indicator of
DIVI, in rats were identified using Affymetrix GeneChip data obtained from smooth muscle-
and endothelium-enriched mesenteric artery samples and corresponding histopathology
data from rats treated with selected compounds evaluated in previous work, i.e. 12
compounds including vasotoxic compounds known to elicit MAN and vasoactive non-

66

vasotoxic comparator compounds at multiple doses including vehicle controls *°. In

comparison to previous work by Dalmas et al. %

, an adapted bioinformatic gene filtering
pipeline was used, prioritizing consistency and specificity over a larger effect size. As before,
the biomarker candidate’s expression was required to be dose-responsive as a proxy on
whether the marker reflects increasing injury. In this study, however, also gene expression
changes across lesion severity were characterised as a surrogate for injury progression and
revealed that animals in DIVI conditions which do not yet show histopathological evidence
of MAN show changes in expression suggesting that the identified biomarker candidates

might predict the occurrence of DIVI, specifically MAN.

From a biological perspective, genes encoding proteins involved in ECM interactions were
identified to be significantly enriched among the shortlisted candidate genes, and also Tnc,
Timp1, Spp1 and Fn1 encoding secreted proteins were found to show the highest up-
regulation and predictivity. Additionally, it was identified that these genes, as well as the
integrins ltgav and ltga5, which are interaction partners on the cell surface, are highly
connected through protein-protein associations further indicating a joint mechanistic role. It
should also be highlighted that genes which encode secreted proteins have higher chances
of translating to circulating biomarkers ®' and could hence potentially be detected directly

from plasma or serum in a non-invasive manner.

Overall, hence not only an extended list of promising candidate biomarkers for DIVI based
on sensitivity, specificity and dose-response is provided but also additional supporting
evidence derived by analysing the genes’ ability to reflect lesion severity and their potential
mechanistic role in pathogenesis. Given the continued unmet need for DIVI biomarkers, the
potential genomic biomarker candidates for MAN and DIVI identified in this work, and in

particular, those encoding secreted proteins, provide valuable data-driven starting points
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for biomarker discovery®®. Although additional follow-up work is needed, including
confirmation of gene expression changes in tissue from mesentery samples of rats with MAN
as well as further investigation of injury initiation and progression using time course studies,
the results in this study, offer potential new avenues to investigate potential translatable

biomarkers of DIVI, mainly MAN in rats.
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3 Time-concordant event cascades in Drug-Induced
Liver Injury (DILI)

This work was previously published as a research article in PLOS Computational Biology **°. I'd
also like to acknowledge Dr Jurgen Pahle and Prof. Julio Saez-Rodriguez, as my previous
research experiences with them in time-series modelling and causal reasoning have inspired this
work.

3.1 Introduction

Adverse drug reactions are a major reason for compound failure in clinical trials >'® and a
significant cause for post-marketing withdrawals. To counter exposing patients to these
risks, it is desired to identify adverse events earlier in the individual patient but also in the
drug development process (1.1.2). Mechanistic understanding of how adverse event
pathogenesis is crucial in this regard, i.e. to derive early safety biomarkers or in vitro assays.
However, current understanding of toxicity is largely incomplete, in particular for complex
phenotypes such as organ injury which can usually be caused by a wide range of
compounds perturbing the biological system at different points mediated through multiple

biological scales and entities 2627,

Biological readouts such as transcriptomics are particularly suited to study such
intermediate key events as they provide broad insights into cellular changes, e.g. in contrast
to target profiling, which can then lead to the identification of predictive signatures and

mechanistically relevant insights. This is for example true in the context of DILI 24'-2%

, Which
is @ major cause for attrition in drug development and accounts for around half of the cases
of acute liver failure in the US and European countries ‘¥ In this regard, in particular time-
series data is interesting as it is able to trace the dynamic effects throughout pathogenesis.
Previous studies focussed on the time (and dose) dependence of gene expression-derived

events in the context of adverse findings 2%

, SO the changes of individual events across
changes in time (and dose), and also aimed to predict later adverse findings from fixed early
timepoints 2*"*2, From a mechanistic perspective, however, neither activation at a certain
timepoint nor a certain progression over time is mandatory, but only time concordance, so

activation of the key event before the downstream adverse effects.
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In this study, time concordance across gene expression-derived cellular events and adverse
events based on histopathology was hence quantified across a wide range of compounds.
To do so, the concept of “first activation” is introduced for mechanistic analysis, which
focuses only on the earliest timepoint an event can be reliably detected and then orders

events within a time-series by their timepoint of first activation (Figure 3.1A).

A) Time concordance and -dependence of events A-D with B) Evaluating time concordance
respect to a later event within a single time-series across multiple time series
Time-concordant? Time-dependent?

(precedes later event) _l l_ (correlates with time/later event)  Time concordance contingency table
— summarising multiple time series

Not time-concordant

PE: Potential preceding event

E
B

— Not causal LE: Potential later event or outcome

Event activation

‘ 7
V|V PE PE not
L_IL_1| Time-concordant observed | observed
1 E /\ v — Potentially causal Before or at the PEDLE | WPESLE
b/ x same time as LE TP FN
—r 1 PE&ILE | \PE&ILE
Without LE
) 4Itv4 FP TN
X | X

Significance (p-value),

V.
v\
Yy First activation Trie Posit
tive Rate (TPR),
f— ------- Activation threshold rue Positive Rate (TPR)

Positive Predictive Value (PPV),

L Time concordance metrics for PE = LE

Time
C) Applications of time concordance to provide evidence for mechanistic links between events

Intermediate Events
Cause T 1 Prioritize novel time-concordant and

2?2 —»
Treatment _ /' ~ 1) : potentially causal links
S NGt /v e ) 2 Provide further evidence towards time
~~ P Effect ) Rig concordance and potential causality for
— Adverse Event o .
> already known/prioritized links
Time

Figure 3.1: Quantifying time concordance based on first activation.

(A) The event activation of the events A-D and the later event is shown over time, as well as their
timepoint of first activation, at which the event first passes the defined activation criteria. If an
event takes place before a defined later event, which in our study is adverse histopathology, it
is time-concordant. Time concordance indicates that there is potentially a causal relation
between both events, and this is distinct from time-dependence which is defined based on the
correlation to the later event or time. (B) Based on the frequency of an event before or at the
same time as the later event and its frequency in background time-series without the later event,
a confusion matrix and different time concordance metrics can be derived. (C) Time
concordance can both prioritize potentially novel links and provide further evidence on potential
mechanistic links between events. Events are indicated as nodes and mechanistic links between
them as edges.
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In contrast to previous time concordance analyses in AOPs which addressed a defined set
of KER and known KE 89219 this analysis derives statistical evidence for temporal
concordance across time-series and can do so for any combination of events based on
gene expression or histopathology. Although the confidence of these temporal orders per
time-series is limited by the noisiness of gene expression data and the low time resolution,
statistical significance can be evaluated across time-series and relations are only considered
to be time-concordant if the preceding event is significantly more frequently found before
the later event than in time-series without (Figure 3.1B). Furthermore, this also allows us to
separate out events which depict general perturbation responses but are unspecific, as well

as rare events, which are predictive but only observed for a small subset of compounds.

The utility of this concept is demonstrated in this work using liver gene expression and
histopathology data from repeat-dose studies in rats provided by the Open TG-GATEs
database (Figure 3.2). This allows us to take advantage of previous data curation and work

on the dataset itself, in particular by Sutherland et al. ¥

who provide an adverse
classification of each compound-dose combination and toxscores summarising
histopathological findings in each condition. Furthermore, DILI is well understood in
comparison to other organ-level toxicities and hence processes which are expected to
precede injury are already known, including cell death, inflammation and other adaptive
stress responses %*°. The concept, however, is generally applicable beyond the toxicity area
and transcriptomics data and can be used to derive mechanistic event cascades from time-
series data of any kind as long as the first activation of events within the time-series can be

defined.
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Figure 3.2: Open TG-GATEs study design.

6-week-old male Crl:CD Sprague-Dawley (SD) rats were treated with a range of compounds
using daily repeat-dosing. For each compound, four doses were used including a vehicle
control, and samples were taken at 8 timepoints. For each combination of compound, timepoint
and dose, histopathology was annotated and gene expression measured for 3 replicates.

The time concordance is first described for known processes, similar to mechanistic gAOPs,
and then used to prioritize predictive, time-concordant KE providing a strong data-driven,
automatable starting point for AOP development, aligning with the objective of cpAOPs
(Table 3.1). Data-driven time concordance and prior knowledge on event relations between
TFs and gene expression were then combined to generate hypotheses for causal gene-
regulatory mechanisms in DILI pathogenesis and to generally show how time concordance
can stratify and support other streams of causal evidence. Overall, this work shows that
time-resolved gene expression and histopathology data can be used to quantify time
concordance across a large set of compounds and events, which allows us to characterize

known mechanistic links and to prioritize potentially new ones (Figure 3.1C).
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Table 3.1: Comparison of quantitative and computational Adverse Outcome Pathway models.

Comparison of the first activation concept, computationally predicted AOPs (cpAOPSs) and quantitative AOP (QAOP) models with respect
to their potential roles in AOP development.

cpAOP Probabilistic gAOP Mechanistic gAOP This study
Output Coverage of events All events with known Limited to AOP scaffold Limited to AOP scaffold All events that can be
KERs associations inferred from the available
data
Evidence for causality No No Yes Yes
Experimental (Time concordance)
Evidence for predictivity No Yes No Yes
(PPV is one of the metrics)
Purpose  Support AOP development Yes No No Yes
Potentially new KER  (Uses existing AOP) (Uses existing AOP) (Potentially new KER)
Advance existing AOP No Yes Yes Yes
(Does not add info) (Enables prediction) (Better understanding) (Better understanding)
Approach Automatable? Yes Yes No Yes

(New experiments needed)

Large number of chemicals

Yes
(All compounds with
known associations)

Yes
(All compounds with
relevant assay data)

No

Yes
(All compounds with time-
series data)

Based on in vivo data No No Yes Yes
(Potentially indirectly)
Transferrable to other AE?  Yes Yes Partially Partially

(if AOP and suitable data
are available)

(New experiments needed)

(if suitable time-series data
is available)
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3.2 Methods

3.2.1 Open TG-GATEs data processing

The Open TG-GATEs gene expression data from studies in 6-week-old male Crl:CD
Sprague-Dawley (SD) rats with daily repeat-dosing (Figure 3.2) was downloaded from the
Life Science Data Archive (DOI: 10.18908/1sdba.nbdc00954-01-000).

The raw liver gene expression levels were background corrected, log. transformed, and
quantile normalized with the rma function of the affy package per treatment across all

doses and timepoints ',

Quality control was then performed using the
ArrayQualityMetrics package 2" and detected outliers with high distance to other
experiments or unusual signal distribution were removed (List of removed outliers
summarised in Table B.1). The platform information for the Affymetrix Rat Genome 230 2.0
Array was derived from Gene Expression Omnibus 2" (GEO accession: GPL1355) and was
then used to summarise probe IDs to rat gene symbols by median for all probes mapping
uniquely to one gene symbol. Only the 360 compound-dose combinations with at least 6
measured timepoints after quality control were included. Out of these all eight timepoints
were measured in most time-series, while only six timepoints were measured in two time-

series, and only seven timepoints in seven time-series.
3.2.2 Definition of adverse histopathology

To characterize the extent of histological findings, the toxscores by Sutherland et al. 2** were
used in order to consider both severity and frequency of events in a single numerical output
measure. These are based on the lesion severity per animal which was first converted to a
numerical scale (normal = 0, minimal = 1, slight = 2, moderate = 3, marked or severe = 4)
and then averaged across all biological replicates as an aggregate measure for lesion
frequency and severity. One characteristic of this measure is that the overall distributions
varied between different findings, e.g. inflammation was more frequently annotated with low
than with high toxscores while a more balanced distribution of scores was observed for

hepatocellular single cell necrosis (Figure B.1).
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Table 3.2: Compounds classified as adverse based on histopathology and concordance
with previous annotations.

For the annotations by Sutherland et al. #*?, who classified each compound at each measured
dose as adverse or non-adverse at day 4 and day 29, the adverse doses for each compound
are listed. Furthermore, the binary classification as adverse (1) and non-adverse (0) from
DILIst ?° are included as well as the vDILIConcern and Severity Class classifications from
DILIRank #” which describe evidence for liver side effects observed in humans derived from post-

marketing data.

Compound Name DILIst vDILIConcern Severity 29 days 4 days
Class Class

Acetamidofluorene Middle, High

Acetaminophen 1 vMost-DILI-Concern 5

Aspirin 1 vLess-DILI-Concern 0

Bendazac 1 vMost-DILI-Concern 8 High High

Bromobenzene 1

Captopril 1 vLess-DILI-Concern 7

Clofibrate 1 vLess-DILI-Concern 3 Middle, High

Clomipramine 1 vMost-DILI-Concern 8 High

Colchicine 0 Ambiguous DILI- 6

concern

Coumarin High

Danazol 1 vMost-DILI-Concern 8

Dantrolene 1 vMost-DILI-Concern 8

Diclofenac 1 vMost-DILI-Concern 8

Ethambutol 1 vMost-DILI-Concern 8 Middle, High

Ethinylestradiol 1

Ethionamide 1 vLess-DILI-Concern 3 High High

Ethionine

Fenofibrate 1 vLess-DILI-Concern 3 Low, Middle, High Middle, High

Gemfibrozil 1 vMost-DILI-Concern 4 Low, Middle, High

Ibuprofen 1 vLess-DILI-Concern 3

Ketoconazole 1 vMost-DILI-Concern 8

Lomustine 1 vLess-DILI-Concern 3 High

Methapyrilene 1 Middle, High High

Methyltestosterone 1 vLess-DILI-Concern 2

Monocrotaline Middle, High

Nitrosodiethylamine Middle, High High

Phalloidin High High

Phenacetin 1

Simvastatin 1 vLess-DILI-Concern 3

Theophylline 0 vNo-DILI-Concern 0 High

Thioacetamide Low, Middle, High  High

Wy-14643 Low, Middle, High Low, Middle,
High
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To study which histological findings were enriched in adverse conditions, binary
histopathology labels were defined which describe the presence of histological findings with
different extents in each time-series. Based on the toxscore ranges used by
Sutherland et al. %, three toxscore cut-offs are implemented to describe each
histopathological finding “Null” (toxscore >0), “low” (toxscore > 0.67) and “high”
(toxscore > 1.34). It was then studied which labels were over-represented in adverse time-

series. These were defined using the annotation of Sutherland et al. 2

, Where pathologists
classified compound-dose combinations in the Open TG-GATEs database as adverse or
non-adverse after 4 and 29 days of treatment. The 29 days classification was used to define
40 adverse time-series and only regarded time-series as non-adverse for compounds which
were not classified as adverse at any dose in the negative control, in order to account for
the fact that some of the cellular changes of interest might already take place at lower doses,

although the resulting phenotype is not considered adverse yet.

Findings were defined as adverse histopathology if they are observed in at least 5 out of 40
adverse time-series to remove rare histopathological findings, and additionally require that
at least 50% of findings are in adverse conditions to remove findings which are unspecific.
All labels which were identified with these criteria are significantly enriched among time-

series labelled as adverse by Sutherland et al. *?

in comparison to those that were
considered non-adverse using a one-sided Fisher’s Exact test (p-value < 0.0001), performed
using the fisher.test function of the stats R package #'. However, this combination of

additional criteria was chosen to exclude findings which are rare or weakly associated.

While not all compounds in the Open TG-GATEs database are drugs and some mechanisms
of toxicity may not translate to humans, out of the 38 compounds represented in adverse
time-series, 22 have additionally been classified as hepatotoxic in DILIst *° and 18 in
DiLIrank (vMost-DILI-Concern or vlLess-DILI-Concern)  (Table 3.2). This overlap with
compound-level DILI annotations by the FDA shows that the compounds in this study
partially represent known mechanisms of DILI in humans, while also highlighting the fact that

a clear classification is not possible.
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3.2.3 Pathway and TF activity inference

The activity of pathways and TFs across all doses and timepoints of a treatment including
vehicle controls was derived based on the expression of its gene sets members using
GSVA '"®, which computes a gene set enrichment by sample matrix from the gene expression
by sample matrix. This was performed using a Gaussian kernel requiring at least 5 genes
per gene set, and overall provides the basis for the subsequent pathway- and TF-centric
steps. As prior knowledge, pathway maps from Reactome were used ' which were derived
through MSigDB ??® and the msigdbr package #'. TF activity gene sets were derived from
DoRothEA '"° and mapped from human to rat gene symbols with biomaRt ?*’. These gene
sets describe known, functional TF-gene interactions and are assigned a confidence level
based on the strength of evidence of these interactions. Thereby, only the 207 TFs with a
high to medium confidence level of A-C were included and the few TF-gene interactions
with a negative mode of regulation were removed to better infer TF directionality. To evaluate
which pathway or TF is dysregulated, the differential activity in comparison to the vehicle
control group, which was treated for the same amount of time and as part of the same

1

experiment, was computed using the moderated t-statistic in 1imma ' Significantly

dysregulated gene sets were identified using a False Discovery Rate (FDR) < 0.05.
3.2.4 Temporal concordance of events

In this study, the order of events was derived based on each event’s timepoint of first
activation within each time-series (Figure 3.1A). For pathways and TFs, first activation was
defined as the earliest time of measurement at which significant differential regulation was
observed (FDR < 0.05) in each direction, while an additional logFC cut-off has been
implemented for individual genes. As first evidence of adverse morphological changes in the

liver, the first timepoint at which any of the adverse histopathology labels is found was used.

We were then generally interested in potential preceding events PE which are first activated
before or at the same time as a potential later event or outcome LE and used multiple metrics
to quantify the degree of time concordance which can be related to the original work by
Bradford Hill (Table 3.3). Thereby, the key later event in this study was adverse

histopathology but a more general notation LE was used, as some of the following criteria
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to quantify time concordance are also applied in the TF analysis, where gene expression-
derived events are used as later event, and since in general any event may serve as later

event.

First, the true positive rate (TPR) was used which describes how frequently PE is observed
before LE among all time-series with LE and hence its consistency across compounds.
Secondly, the maximal effect size of PE observed before LE, summarised across time-series
by median, was used to characterise the strength of association. To evaluate the
significance of the findings, additionally a set of background time-series unrelated to LE was
defined (Figure 3.1B). For adverse histopathology, these unrelated background time-series
were the 133 time-series without any observed histological changes. The enrichment of PE
before or at LE was then computed using the fisher.test function of the stats R package %',
first estimating the odds ratio using the conditional maximum likelihood estimate and
subsequently testing the null hypothesis whether the odds ratio derived from a confusion
matrix as described in Figure 3.1 is equal to or smaller than 1. Additionally, the positive
predictive value (PPV) of PE for LE was computed, which describes how likely LE is

observed at the same or a later time given the observation of PE.

Table 3.3: Metrics quantifying the time concordance between a potential preceding event
PE and potential later event LE, and their relation to the original Bradford Hill (BH)

considerations.

BH Metric Formula Description
consideration
Consistency  True positive rate  p(PE >LEILE) Fraction of time-series with event PE with
(TPR) specified temporal relation among time-series
with event LE
Specificity Positive predictive p(PE-> LEIPE) Fraction of time-series with event LE with

value (PPV) specified temporal relation among time-series
with event PE
Temporality Time concordance One-sided Likelihood of observing event PE and LE with
p-value Fisher’'s Exact specified temporal relation with equal or
test higher frequency by chance assuming a
hypergeometric distribution.
Strength Effect size intime- Median (logFC)  Median logFC of PE observed in time-series
series with LE with LE (in comparison to vehicle control)

Across all metrics, only time-series were considered in the statistics for which any event of
the same type as PE, e.g. TF or pathway, was observed at the included timepoints, so before

or at LE or at any timepoint in the background time-series. This was done to account for the

74



fact that in some cases no changes are found which may be a consequence of the fact that
there isn’t a measured timepoint before LE or that at the available timepoints expression
changes cannot be detected. The argument for this is that in these cases this should not be

treated as evidence of absence of the given event, but rather as absence of evidence.
3.2.5 Combining time concordance on TF-TF interactions

We used three sources of causal prior knowledge to derive mechanistic hypotheses linking
TFs: Protein-protein interaction between TFs derived from Omnipath through

omnipathR ?°??%® TF-target gene interactions from DoRothEA '"°

and the link between gene
expression and protein levels following the central dogma of molecular biology. Using these
interactions as backbone, those additionally supported by time concordance were derived.
Thereby, the dysregulation of the nodes was required to match the reported mode of
regulation (edge sign) and the source node or upstream event was required to be observed
in at least 20% of cases before or at the same time as the target node or downstream event.
For induced TFs, significant enrichment of gene expression (|logFC|>0.5) and TF activity
before adverse histopathology was required, as well as evidence for changes in expression

preceding changes in the same direction in regulon activity within the same time-series.
3.2.6 Time dependence

In each adverse time-series, Spearman correlation between timepoint and event activation

logFC was evaluated using the correlation R package #**

including a logFC of 0 at
timepoint 0 h assuming that there are no differences in comparison to the control group
before treatment. Then, pathways and TFs were identified which only show significant
Spearman correlation in one direction, positive or negative. For those events, the Fisher’s
combined probability test was applied using the metap R package ?*° across all adverse
time-series to evaluate whether overall significant correlation between event activation and

time is found.
3.3 Results and Discussion

In order to derive the time concordance between cellular events and later adverse

histopathology, the workflow outlined in Figure 3.3 was used with each step being also
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introduced in the subsequent sections and details on their respective implementation in
Methods.

Sample level - + Time-series level : » Dataset level
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Figure 3.3: Workflow to quantify time concordance between preceding gene expression-
derived events and later adverse histopathology.

First, events are derived from the gene expression and histopathology data. Pathway and TF
activity is inferred based on the expression of the respective gene sets using GSVA'"® and binary
histopathology labels are derived from the continuous toxscores. Secondly, the first activation
of expression-based events as well as of adverse histopathology are derived. Lastly, the time
concordance between potential preceding events (PE) which are derived from gene expression
and adverse histopathology as potential later event (LE) are derived.

First, TF and pathway activities were derived across expression profiles from the same
experiment and subsequently defined the first up- or downregulation TFs or pathways as
events. Furthermore, binary histopathology labels describing the occurrence of each
histopathological finding at different levels of severity and frequency were derived from the
toxscores provided by Sutherland et al. *. Subsequently, the earliest timepoint of each
event, e.g. pathways or adverse histopathology, was derived within each time-series. As last
step of the time concordance analysis, it was then evaluated which gene expression-derived
events are significantly enriched before or at the time where adverse histopathology is found,

as well as additional time concordance metrics outlined in Table 3.3.
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3.3.1 Adverse histopathological findings and their temporal

relation

To define the earliest timepoint of adverse histopathology within each time-series, the

I. 22 are used, as

annotations of time-series as adverse or non-adverse by Sutherland et a
well as the toxscores, which summarise the severity and frequency for each histological
finding and each compound-dose-time combination as mean severity score and range from
0 (normal) to 4 (severe). These toxscores were used to define three levels for each

histological finding: “null” (toxscore > 0), “low” (toxscore > 0.67) and “high” (toxscore >1.34).

For example in case of a toxscore of 1, both “null” and “low” are considered to be present.
It was then evaluated which histology groups were frequently found in the adverse
compound-dose combinations (observed in >10% of adverse time-series corresponding to
at least 5 out of 40 cases) with at least 50% of findings being in adverse time-series (Figure
3.4A). All of the included histology groups are significantly enriched in adverse conditions,
however, these criteria were implemented to identify findings with a certain specificity and

frequency instead of allowing a trade-off between both.

The histology groups which passed the filtering are regarded as adverse histopathological
findings and include hepatocellular single cell necrosis and biliary hyperplasia at all toxscore
thresholds. In contrast, only some of the three toxscore thresholds were selected with the
above criteria for all other findings, e.g. the two higher toxscore cut-offs for hepatocellular
necrosis and inflammation and only the “high” cut-off for increased hepatocellular mitosis.
In all cases, the lower toxscore level was also frequently observed in non-adverse conditions
and hence considered too unspecific. In contrast, only the two milder levels of fibrosis were

included in the selection, as severe fibrosis was observed rarely.

While the described definition of adverse histopathological findings is used in this study, the
difficulty in summarising a complex phenotype such as DILI into a binary classification,

adverse or not adverse, is well established 9

and is also demonstrated by the
discrepancies between DILI classifications from DILIst ?*°, DILIrank ®” and those derived by

Sutherland et al. ** based on the Open TG-GATEs data. Aware that also broader or more
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targeted phenotypes might be of interest, a R/Shiny app was developed in which results for

alternative definitions of adverse and non-adverse histopathology groups can be explored.
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Figure 3.4: Distribution and relation of histopathological findings across time-series.

A) Histopathology labels are defined for each histopathological finding at 3 different toxscore
cut-offs, namely “null” (toxscore>0), “low” (toxscore>0.67) and “high” (toxscore>1.34. For each
label, the number of occurrences in the 40 adverse time-series and the fraction of adverse time-
series among all occurrences of the given histopathology label are shown. Histopathological
findings, out of which at least 50% and at least 5 of the occurrences were found in adverse
conditions timeseries were considered adverse B) Number of conditions with histopathological
findings at different timepoints, as well as the frequency of the respective first activations C) Time
of first activation across timeseries labelled as adverse or non-adverse. Each time-series is
annotated with the dose level in repeat-dose studies, as well as whether or not the time-series

was considered adverse by Sutherland et al. #*2.

For the adverse histopathology labels, the distribution of toxscores and first activation over
time (Figure 3.4B) shows that some findings are predominantly found late, like fibrosis, while

others are predominantly found early, e.g. hepatocellular single cell necrosis. Next, out of all
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360 time-series with at least 6 measured timepoints, the 61 time-series in which any of the
adverse histopathology labels is found were identified, which covered 38 compounds (Table
3.2). In those, the earliest evidence of an adverse phenotype is used to approximate the
timepoint of the primary adverse phenotype. Across all time-series with adverse
histopathology, hepatocellular single cell necrosis is found most frequently as the primary
adverse phenotype, while biliary hyperplasia at any severity is in most cases a secondary
effect (Figure 3.4C and Figure B.2).

3.3.2 Known pathways in DILI preceding adverse histopathology

To identify cellular mechanisms in the early pathogenesis of DILI, time-concordant cellular
changes preceding later adverse histopathology were studied (see Methods). This identified
911 pathway-level events (37.3%), and 108 TF-level events (33.6%) with significant
enrichment (Time concordance p-value<0.05) before or at adverse histopathology. As next
step, time concordance was evaluated for a set of ten known events in DILI (Figure 3.5 and
Table B.2).

Recycling of bile acids and salts was the most significantly enriched geneset overall and
hence also among the ones linked to known events. Also down-regulation of the other bile
acid gene sets was significantly enriched (Time concordance p-value < 0.05) pointing to an
overall down-regulation of bile acid metabolism. While cell death was also only found to be
up-regulated, dysregulation in both directions was found to precede injury for all other key
events (Figure 3.5). However, only for peroxisomal processes, namely peroxisomal protein
import and beta-oxidation of very long fatty acids, both directions were significantly enriched
indicating that dysregulation in either direction might be linked to injury. Overall, significantly
enriched gene sets are found for all ten represented known events in DILI (Time concordance

p-value < 0.05) indicating that the analysis is able to recover known cellular events.
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Figure 3.5: Enrichment of known events in DILI before adverse histopathology based on
gene sets as well as individual gene members.

The enrichment of first activation before or at adverse histopathology is shown for gene sets
mapping to known key events in DILI, for which first activation was defined as first timepoint of
differential GSVA-derived gene set activity. Furthermore, also enrichment of individual genes
within these genesets is shown and was derived based on the first timepoints of differential
expression. Aligning with the expected direction, a significant down-regulation of Liver X
Receptor (LXR) signalling and bile acid-related pathways is observed, while all other gene sets
were found to be more significantly up-regulated. Only for peroxisomal pathways, both
directions were significantly enriched indicating that dysregulation in direction might be linked to
adverse histopathology.

To gain insights on a more fine-grained level, the enrichment of significantly and strongly
(absolute log fold change > 1) dysregulated individual genes from the above gene set (File
B.1) was further analysed. Among the ten most significantly enriched gene-level events,
three are involved in known processes, namely the up-regulation of acyl-CoA
thioesterase 2 (Acot2), acyl-CoA thioesterase 3 (Acot3) and carnitine O-acetyltransferase
(Crat) which are involved in fatty acid beta oxidation 2°%’. Multiple genes among the ten

most significantly enriched gene-level events are also involved in mitochondrial and
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peroxisomal processes except for Gadd45a, Growth Arrest And DNA damage-inducible
protein which has a known role in hepatic fibrosis #*, Neutral cholesterol ester
hydrolase 1 (Nceh1) which is involved in cholesterol metabolism in macrophages ?*°, ras-

260

related protein Rab-30 (Rab30) elevated in early liver regeneration =*°, as well as the

serine/threonine protein kinase NIM1 (Nim17k).

For JNK signalling, no significantly enriched genes were found indicating that while the
overall process is changing none of the individual genes shows strong and frequent
expression changes. In contrast, the opposite was found for oxidative stress with the Jun
proto-oncogene (Jun) being one of the most significantly enriched gene-level events but
lacking significant changes on the gene-set level. This shows that both gene- and gene-set
level analysis can provide complementary insights into cellular changes preceding DILI, and
that in some cases effects can be attributed in individual genes which might give more

detailed information about the cellular changes.

While significant enrichment before or at adverse histopathology can be regarded as a
necessary criterion for time concordance, the temporal event relationship can be further
characterised based on the observed behaviour across experimental conditions which may
be useful to further prioritize mechanistically relevant pathways in a hypothesis-free manner.
Following the Bradford-Hill considerations (Table 1.5), it was hypothesized that this might
be the case for observed effect size, frequency and specificity of event occurrence before
adverse histopathology. Firstly, it was investigated how strongly pathways were
dysregulated comparing the maximal absolute log fold changes (|logFCs|) before or at
adverse histopathology in each adverse time-series for significantly time-concordant events
(Figure 3.6).
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Figure 3.6: Observed max. |logFC| before adverse histopathology.

For known processes in DILI which correspond to significantly enriched events before adverse
histopathology, the max |logFC| before adverse histopathology is shown. In comparison to other
known pathways and the overall background distribution, a high logFC is found for mitochondrial
beta oxidation followed by peroxisomal beta oxidation and mitophagy.

High median maximal |logFCs| were overall found for mitochondrial and peroxisomal
pathways and the highest median maximal |logFC| among all significant events was found
for mitochondrial fatty acid oxidation of unsaturated fatty acids. At the same time, however,
high variance was observed for pathways with high median maximal |logFC| and only a
moderately high |logFC|s was observed for other known pathways in DILI, such as
programmed cell death. This indicates that a high magnitude of |logFC| is not necessary to
contribute to an adverse event, but at the same time can be a useful property to further

prioritize important pathways.

It was next analysed to what extent dysregulation in a pathway is predictive for a particular
type of histopathology. To this end, it was calculated across how many adverse time-series

each pathway is observed, summarised by the true positive rate (TPR), and the positive
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predictive value (PPV) indicating whether presence of the key event is a confident indicator
for the later adverse event (Figure 3.7). The focus was on significantly enriched events only
(Time concordance p-value < 0.05) and a trade-off was found with respect to the highest
TPR and PPV (Figure 3.7; for distribution of all events see Figure B.3). This generally shows
that either highly frequent events with lower specificity can be identified, e.g. increased
mitophagy (TPR: 0.41, PPV: 0.72), or more specific events at the expense of lower relative

frequency, e.g. bile acid recycling (TPR: 0.30, PPV: 1).

Surprisingly, lower relative frequencies are particularly observed for stress response and
signalling pathways with only liver X receptor (LXR)-dependent gene expression linked to
lipogenesis reaching a TPR over 20%. One explanation for the lower observed frequencies
is that these pathways are predominantly and initially mediated through post-transcriptional

alterations instead of gene expression changes *'**

, making the expression of pathway
members a weak proxy for pathway activation in early pathogenesis and explaining the
overall low frequencies. In fact, one reason LXR-dependent changes might have achieved
higher frequencies as they explicitly include the downstream regulated genes unlike the

other signalling and stress response pathways .

Due to the previously discussed complementarity of gene- and gene set-level analysis, TPR
and PPV are also shown for individual genes with a focus on those which are involved in
gene sets mapping to known key events. The most significant genes, already highlighted in
Figure 3.5, reveal a high frequency for the up-regulation of the acyl-CoA thioesterases Acot2,
Acot3 and Acot4, as well as the for the enoyl-CoA hydratase 1 Ech1 which aligns with the
relatively high frequency of pathway-level events linked to mitochondrial and peroxisomal
processes. Furthermore, the most frequent gene-level events with a PPV=1 are the up-
regulation of activating transcription factor 3 (Atf3) which was found to promotes hepatic

fibrosis #* and enoyl-CoA delta isomerase 1 (Eci?).
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Figure 3.7: True positive rate (TPR) and positive predictive value (PPV) before or at
histopathology of genes and gene sets in known key events in DILI.

Events related to the given known key event are shown in red or blue indicating an up- or
downregulation, respectively. Genes with a time concordance p-value < 0.0001 involved in
known key events in DILI are additionally labelled. The background distribution of all significantly
enriched genes or gene sets is shown in grey (Time concordance p-value < 0.05).

3.3.3 Known TFs in DILI preceding adverse histopathology

To gain insight into signalling and expression regulation preceding adverse histopathology,
TFs were analysed next as these are involved in early perturbation response preceding
downstream gene expression changes and also are likely to show strong signal in
transcriptomics data given their direct link to gene expression. As known TFs in DILI, TFs
mediating the stress response and signalling pathways already introduced above were
included, as well as nuclear receptors which take in important roles in liver physiology and
malfunctions and can be, both, MIEs or KEs (mapping shown in Figure 3.8A). Consistent
with the pathway-level results, an enriched up-regulation was found for nuclear factor

245,264

erythroid 2-related factor 2 (Nfe2l2) which is a key mediator of oxidative stress as well

%5 while the oxysterols

as the Nf-kB subunits Rela and Nfkb1 indicating inflammation
receptors LXRa (Nr1h3) and LXRp (Nr1h2) which control lipid metabolism showed enriched

down-regulation 2.

For ER stress, three TFs mapping to the three branches of unfolded protein response
(UPR) 2" were included: Activating transcription factor 4 (Atf4), activating transcription
factor 6 (Atf6) and X-box binding protein 1 (Xbp1). Atf4 up-regulation was found to be most

significantly enriched, most frequent and also showing the largest logFC (Figure 3.8). This
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highlights its overall importance in mediating ER stress and is consistent with the known role
for ATF4 in DILI 28, While Atf4 is a member of the pro-apoptotic UPR branch, the ATF6 and
XPB1-mediated branches tend to be cytoprotective **. In agreement with this, Atfé was not

significantly enriched, however, Xbp1 showed rare but significantly enriched down-

regulation.
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Figure 3.8: Temporal concordance of nuclear receptors and adaptive response
transcription factors (TFs) in DILI.

For known TFs in DILI the following time concordance metrics are shown: A) The enrichment
significance before or at first adverse histopathology, B) Positive Predictive Value (PPV) and True
Positive Rate (TPR), C) Max. mean |logFC| before or at first adverse histopathology. As
background distribution in grey, the statistics for all inferred TFs is shown.

Transcription factor AP-1 (Jun) which is one of downstream target TFs of c-Jun N-terminal
kinase (JNK) signalling was not significantly enriched in either direction due its rare activation
among adverse time-series although JNK signalling up-regulation itself was significantly
enriched with Jun up-regulation being one of the most significantly enriched gene-level
events. However, JNK signalling is particularly known in acetaminophen-induced liver injury
and in this context leads to hepatocyte death through interactions with Sab on the
mitochondrial outer membrane and not through transcriptional regulation mediated by AP-
1 270271 Ag increased Jun activity is hence known to be a consequence of JNK signalling but
not a cause of injury, it would be plausible to see enriched pathway activity but not in TF
activity before adverse histopathology. Overall, it was hence possible to show significant
enrichment of some of the known TFs in DILI before adverse histopathology and also to

biologically reason the absence of significance for others.
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While none of the included TF-level events ranked as most significant or most strongly
changing before adverse histopathology as in the analysis of pathway-level events, the
down-regulation of Nr1h3, which is involved in lipid metabolism, was identified as most
frequent event (Figure 3.8B) indicating that the linked physiological changes are commonly
but not specifically found before injury. Similarly, the up-regulation of stress response,
indicated by Nfe2l2 and Atf4, was found to be frequent aligning with their role in adaptive
stress response 2’2, Overall, frequency might hence be a useful metric to identify pre-adverse

cellular events which precede injury but are not highly specific.

3.3.4 Prioritization of cellular events taking place before adverse

histopathology

As many events were found to be significantly enriched before adverse histopathology, the
next aim was to identify and characterize events most supported by time concordance, and
hence to move closer to the eventual aim of constructing AOPs from data. In our analysis,
some known events in DILI ranked highest by time concordance p-value while others rank
highest by max. |logFC| before adverse histopathology. In contrast, known TFs in DILI were
found as most frequent ones in the dataset. Hence, the top 10 TF- and pathway-level events
were identified using max. |logFC|, the time concordance p-value, and the TPR before or at
adverse histopathology. These are shown in Figure 3.9 while the time concordance metrics
for these events are summarised in Table B.3 and Table B.4, and all time concordance
metrics can be found in File B.1. The most significantly enriched pathway-level event is
decreased bile acid and salt recycling and also the down-regulation of multiple metabolic
pathways, in particular targeting glycosaminoglycans, is found among the most significant
pathway-level events pointing towards reduced liver function. Moreover, the most
significantly enriched TF-level event was the down-regulation of Transcription factor
activating enhancer binding protein 4 (Tfap4) which shows emerging roles in cell fate

273

decisions “*, and is followed by Homeobox B13 (Hoxb13) for which expression has

previously been found to correlate with hepatic inflammation in hepatic fibrosis 2"

Among the up-regulated events, the most significant enrichment is found for cell cycle
checkpoints and DNA repair among the pathway-level events as well as E2F transcription

factor 2 (E2f2), which controls cellular proliferation and liver regeneration 2’°, and was found
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among the most significant TF-level events. E2f2 up-regulation was also identified as 2™
most frequent TF event after the down-regulation of Nr1h3 and among the top 10 most

strongly changing TF events further highlighting its strong time concordance.

Pathway TF
Recycling of bile acids and salts { ———— | Tfap44{ —e
Diseases associated with glycosaminoglycan metabolism { —— e Hoxb13 - —e
Cytosolic tRNA aminoacylation { —————e E2f2+4 —o
Cell Cycle Checkpoints { ——e Sox13- —e
S Phase { ————o Teadl- -®
DNA Replication | —e Mafb - e
HS-GAG biosynthesis { —————e Hnf4a- e
Defects in biotin (Btn) metabolism 4 ————e FoxI2- @
RNA Polymerase | Promoter Escape | —e Ebf1 e
Mitotic G1 phase and G1/S transition { ————e Etv4 e
© ¥ 1 © ~ © o ¥ 1 © ~ ©
—log10(pval)
Pathway TF
Cytosalic tRNA aminoacylation{ ———— 8| Nrih3+{ —e
Activation of the mRNA upon binding of the cap-binding complex and elFs, ard subsequent demg 043S{———o E2f2 4 —e
rocessing| —————————@
Response of EIF2AK4 (GCN2) to amlno aC|d def|C|encg — Srebf21 —e
Nonsense-Mediated ecad/ % O ¢ Srebft 4{ —e
Folding of actin by CCT/Ti T T T T T TT* Atf4 - —e
tRNA modification in the nucleus and c tosol{ —— o Nfe2l2 4 —e
SCF(Skp2 —mediated degradahon of p27/p21 4 —————o ©
rBNA modlflcatlon in the'nucleus and cytosol { ———e Zbtb11- -®
RNA Pol merase | Transcription Termination { ————@ Kdm5b - -e
NA Polymerase | Promoter. Esca T T T ¢ Zih217 e
Recycli '9 of elF2:GDP { ————— o p:
Dectin-1 mediated noncanonical NF-kB sngnalmg —— Etv4-l0 i
n o v o uw o n o uw o wu o
O e B A N o o ¥ ¥ 0
o O O O o o o O O O o o
TPR (Before or at histopathology)
Pathway TF
mitochondrial fatty acid beta—oxidation of unsaturated fatty acids { ———=e| Srebf2 | ———
Beta oxidation of decanoyl-CoA to octanoyl-CoA-CoA { — e Atf4 ——e
mitochondrial fatty acid beta—oxidation of saturated fatty acids { ——————— Nfe2l2 4 —e
Cholesterol biosynthesis { ————— e Kif4 - ——e
Folding of actin by CCT/TriC 4 ———— Irf9 - —e
Alpha-oxidation of phytanate { ———— e Srebf1 4 —e
Recycling of elF2:GDP { ———— e Tfap2c- —e
Removal of aminoterminal propeptides from gamma-carboxylated proteins { ————e E2f2- —®
Beta—oxidation of very long chain fatty acids { ———e Nrih3- e
Tyrosine catabolism - o ———. Pou2f2 1@
'\ °° °? 0 - ~ °° 0’. Q b
o o o — — o o o -

Median max. llogFCI before or at hlstopathology

® Down-regulated ® Up-regulated

Figure 3.9: Highest ranking events by time concordance metrics.

The ten transcription factor (TF)- and pathway-level events ranking highest by time concordance
p-value, median max. |logFC| and true positive rate (TPR) before or at histopathology is shown.
The most frequent genesets point to translation regulation via eukaryotic translation initiation
factor 2A (EIF2a) including the upstream response mediated by elF2a kinase GCN2 and the
downstream role in protein translation mediated through interactions with tRNA. EIF2a is
part of the same branch of UPR as Atf4 and causes its preferential translation which, among
others, mediates autophagy and proapoptotic response 2¢’#® and is a known predictor of
DILI #”7. Furthermore, increased folding of actin by chaperonin containing tailless complex
polypeptide 1 (CCT) or tailless complex polypeptide 1 ring complex (TriC) is found frequently
278,279

and with large effect size. It has been previously linked to proteostasis and autophagy

but a role in DILI specifically is not yet known.
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As most strongly dysregulated events, metabolic pathways are found pointing to increased
beta oxidation of fatty acids, as well as decreased cholesterol biosynthesis and tyrosine
catabolism. Also the most strongly down-regulated TFs point towards lipid metabolism, i.e.
the Sterol Regulatory Element Binding Transcription Factor 1, Srebfi1, and the Sterol
Regulatory Element Binding Transcription Factor 2, Srebf2, as well as Nr1h3 which controls
Srebf1 expression. Overall, the derived time-concordant events, which take place between
the beginning of treatment and onset of adverse histopathology, hence include known and
plausible events in liver injury which can be further characterized based on their frequency,

significance and logFC.

3.3.5 Mechanistic hypotheses based on known TF functions and

time concordance

While both pathways and TFs constitute interpretable events in this study, further prior
knowledge is available on how TFs can function on a molecular level allowing us to derive
more detailed hypothesis. Firstly, TF activity can generally be modulated through changes
in expression or by post-transcriptional regulation as consequence of cellular signalling or
environmental changes (Figure 1.7). In case of transcriptional regulation, changes in mRNA
levels should precede changes in TF activity estimated based on regulon expression and
hence time concordance can be used to gain support for transcriptional TF regulation. Being
only interested in TF events with a potential mechanistic link to liver injury, it was studied
how significantly concordant expression and activity for each TF are enriched before

adverse histopathology.
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Figure 3.10: Transcription Factor (TF) activity and expression before adverse
histopathology.

A) Significance of enrichment in adverse conditions for matched TF activity and expression-
based events. Events only found on the expression or TF level are not included in the figure due
to the inability to perform a statistical test for those. B) For significantly enriched TF activity-
based events, the True Positive Rate (TPR) of observing TF activity before or at the time of
adverse histopathology is shown, as well as the TPR for observing TF expression changes
before TF activity in the time-series where it precedes adverse histopathology.

The strongest evidence for a role in DILI pathogenesis is found for 18 TF events which show
both significantly enriched TF expression and regulon activity, providing complementary
evidence of TF importance and hinting at transcriptional regulation (Figure 3.10A). While this
is not the case for the 17 TF events which only show significantly enriched TF activity but
insignificant enrichment of differential expression, including increased E2f2 activity, this can
be explained by post-transcriptional regulation potentially describing earlier response
patterns which are a direct consequence of upstream signalling. In contrast, 35 TF events
with only significant gene expression, such as increased Jun or Myc, might be already
showing changes in expression but not sufficiently large changes in activity yet. As this
rather indicates a role in later pathogenesis and expression is only regarded as supporting

evidence, these TFs have not been included in the next analysis steps.

To derive stronger mechanistic evidence for induction, it was next evaluated how frequently
expression changes precede TF activity in the same adverse time-series and compare this
against the overall frequency of TF event occurrences preceding adverse

histopathology (Figure 3.10B). Among the events with significant enrichment of TF
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expression and activity, the most frequent evidence for induction was found for the down-
regulation of CCAAT/enhancer-binding protein a (Cebpa). In humans, decreased expression
of the homologous CEBPA is not only known across liver diseases, exogenously increased
CEBPA expression has also been shown to reverse liver injury and is explored as therapeutic
target in hepatocellular carcinoma ?®°. The event with the second-highest relative frequency
of expression preceding TF activity as well as the highest frequency of TF activity preceding
injury is Atf4, for which expression of the homologous gene in humans is known to be
induced as part of the ER stress response contributing to adverse liver phenotypes 22?2, |n
contrast, it was found that for the aryl hydrogen receptor (Ahr) and the peroxisome
proliferator-activated receptor a (Ppara) changes in expression never preceded those in TF
activity which aligns with their roles as nuclear receptors which are generally post-
translationally activated via ligand binding ?*°*?®*. As this provides counterevidence for

transcriptional induction, these were not included as induced TF in the subsequent analysis.

After investigating the mode of regulation for individual TFs above, it was next considered
how these TFs are interlinked. To this end, protein-protein interactions and, for induced TFs,
TF-target gene interactions between significantly enriched TFs were identified, which
showed significant enrichment before adverse histopathology for both expression and
regulon activity, as well as evidence of expression preceding TF activity within the same
adverse time-series. Results of this analysis are shown in Figure 3.11, and details on the
observed absolute and relative frequencies, as well as the source of the interaction are

shown in Table B.5.

One of the two identified interactions by the highest absolute frequency is Nr1h3 down-
regulation resulting in reduced Srebfl activity. Furthermore, Srebf1 is also linked to
upstream regulation by Nr1h2 which interacts with peroxisome proliferator-activated
receptor (Ppara) in both directions, and this cross-talk between Ppara and LXR regulating
Srebf1 expression has been explicitly studied in the context of fatty acid metabolism

regulation 22527,

The 2™ most frequently observed interaction is the down-regulation of transcription
factor 12 (Tcf12) inducing reduced activity of TEA domain transcription factor 1 (Tead1).
While Tead1 is indeed known to be involved in liver diseases and injury ?3?®°_ the interaction

itself has not been reported before in the context of liver injury and the same applies also
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for the other upstream Tead1 regulators identified. It should also be noted that for these
interactions first activation is only found at the same time but not in the time-concordant
order providing weaker evidence than, for example, the interaction between Nr1h3 and
Srebf1.

Tef12 Tcf4 Pax6 Mef2c
Rara Hnfla Pdx1 Ppara Nfedi1 Pfdm1 SOx11 @ Induced TF
Not induced TF
0] c
A A ¢ G 15} C .
Tead1 Maf Myod1 Down-regulation
Hnf4a Nr1h3 Nrih2 .
- O -regulation
. Pbx3 Zfp384 EIf3 Pbx2 Rela Talt Up-reg
3 \f c C e c A A Only at the same time
Cébpa Srebf1 Meis2 Meis 1 NfKb 1 Ordered or at the same time

Figure 3.11: Causal relationships between TFs supported by time concordance.

For TFs which are significantly enriched before or at adverse histopathology, known causal
relations are shown in which the upstream event is found before or at the downstream event in
at least 20% of adverse cases. For induced TFs for which expression is found before regulon
activity and significantly enriched, not only protein-protein interactions are considered but also
upstream TF-target gene interactions annotated with DoRothEA '7° confidence scores (A: High
confidence, C: Medium confidence).

As an additional larger TF cluster, decreased activity of the hepatocyte nuclear
factor 1 (Hnf1a), retinoic acid receptor a (Rara) and pancreatic and duodenal
homeobox 1 (Pdx1) was found to lead to decreased expression and activity of hepatocyte
nuclear factor 4 (Hnf4a) which is linked to reduced expression and activity of
CCAAT/enhancer-binding protein (Cebpa) through edges in both directions. This cluster
stands out due to the high confidence score of all interactions except the edge between
Pdx1 and Hnf4a indicating that there is strong support based on prior knowledge for the
involved interactions. Furthermore, it was previously found that artificially increased
expression of Hnf4a is able to reverse hepatic liver failure in rats, while also restoring
expression of a highly interconnected TF network including Hnfla and Cebpa which

supports the identified interactions 202",

Two of the yet unknown TFs in DILI are meis homeobox 1 (Meis1) and meis homeobox 2
(Meis2) which are generally known in a developmental context 2%, However, their down-
regulation in early pathogenesis is supported by enriched TF activity, differential expression

before adverse histopathology as well as upstream regulators which are also enriched
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before adverse histopathology. Consequentially, detailed hypotheses are provided which

support their mechanistic role in DILI.
3.3.6 Time-concordant events reflecting disease progression

While events do not have to be activated continuously to be causally involved in
pathogenesis, events with consistent or increasing activation over time are particularly
interesting as biomarkers as they can be experimentally measured without the chance of
missing the timepoint of activation, and can potentially reflect disease progression beyond
early pathogenesis. Therefore, TFs and pathways were studied which show time-dependent
activation by testing for significant Spearman correlation between activation logFC and time
in adverse time-series, as well as the overlap between these and the previously derived time
concordant events (Figure 3.12). Overall, 118 pathways and 19 TFs were supported by both,
significant time concordance and dependence, which represents 86.1% or 70.4% of the

time-concordant events, and 59.9% or 48.7% of the time-dependent events, respectively.

On the pathway level, multiple genesets pointed to a reduced level of plasma lipoprotein
particle assembly and remodelling which indicates changes in lipid distribution. This aligns
with the known dyslipidaemia in chronic liver diseases, including decreasing serum values
of LDL, HDL, total cholesterol, and triglycerides with increasing severity of disease, based
on which previous studies suggested that routine monitoring of lipid profiles can improve
the outcome for CLD patients ?**. Furthermore, a down-regulation of response to metal ions
was found which could be related to metallothioneins which protect against oxidative stress
and are able to chelate heavy metals ?*°. Both directions of dysregulation were previously
observed in liver diseases: While a negative correlation with disease progression was found
in hepatocellular carcinoma 2%, a positive correlation was found in most other liver diseases
including acetaminophen-induced liver injury . This indicates that opposite directionality

is more plausible based on current literature knowledge, but cannot be fully clarified.

The most time-concordant and -dependent TF event was down-regulation of SRY-box
transcription factor 13 (Sox13) which is generally involved in cell fate *® and embryonal
development ?*°. As Sox13 does not yet have well understood functions on a more detailed
level, experimental validation of a potential role in DILI would be interesting. In contrast, the

next most significant time dependence is found for the hepatocyte nuclear factors Hnf1a
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and Hnf4a, as well as Cebpa, which are known to negatively correlate with liver cirrhosis in

300,301

rats . Overall, this shows that a mechanistic role for time-concordant and -dependent

events is strongly supported by the understanding of adverse liver phenotypes.
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Figure 3.12: Combining time dependence and concordance to identify mechanistically

supported biomarkers.

A) The relation between time concordance, quantified by the time concordance p-value for event
activation before adverse histopathology, and time dependence, quantified by the meta p-value
for Spearman correlation between time and event activation across adverse conditions, is
shown. B) For events with the most significant time-dependence, the distribution of correlation
coefficients is shown providing further insight into the strength of correlation and consistency
across adverse conditions.

While in general events with highly significant time dependence also showed highly
significant time concordance, some exceptions were found in which only one of both was
highly significant. For instance, the pathway with the 2™ most significant time-
dependence (meta p-value for Spearman correlation < 10™*) is signalling via advanced

glycosylation end product receptor (RAGE) which contributes to inflammation and oxidative
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stress generation and did not pass the significance threshold for time concordance (Time
concordance p-value = 0.058). RAGE expression and activity, which are both induced by
binding of RAGE ligands, are thereby known to be up-regulated in various hepatic disorders
resulting in a positive feedback loop explaining increasing or sustained RAGE activation ®.
This indicates that, while RAGE signalling is correlated with progression, there is no clear
evidence for a role in early pathogenesis preceding adverse histopathological changes. In
contrast, SUMOylation of TFs, is time-concordant (Time concordance p-value = 0.002) but
not -dependent (Meta p-value for Spearman correlation p-value = 0.48) indicating a
mechanistic role in early pathogenesis which is not sustained over time. This aligns with the
finely regulated and pleiotropic roles of SUMOQylation in post-transcriptional regulation which

have also been found to be involved in the context of liver diseases ®.
3.4 Limitations of this study

A time-concordance based approach was introduced to derive mechanistic insight from
gene expression and histopathology data. Known mechanisms in DILI were recovered and
it was also possible to propose potentially novel and detailed mechanistic hypotheses.
However, the present analysis is based on a limited number time-series as well as only few
timepoints within each time-series. This does not only mean that rare events might be
missed as they occur between measured timepoints and that small effects might not be
identified as significant, but also that there is potentially a bias based on the tested

compounds towards the represented modes of toxicity.

Furthermore, the analysis is limited by how confidently biological processes are inferred from
the data. This was for instance demonstrated by the differences between pathway and TF
activation for signalling and stress response pathways highlighting the discrepancy between
protein activation and gene expression. As only pathways induced through changes in gene
expression or their downstream expression footprints '"° can be confidently detected, this
means that good estimates of time concordance can predominantly be derived for
intermediate or later key events while preceding key events or molecular initiating events
which are not mediated by transcriptional regulation cannot be estimated based on the data.
Additionally, it should be noted that all measured genes were used in GSVA. As GSVA

approximates the variance of the gene set across samples based on the variance of all of
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its gene members, this may underestimate the dysregulation for gene sets in which some

members are not expressed and hence invariant.

Moreover, multiple choices were made to align our analysis to the AOP concept prioritizing
mechanisms supported by prior knowledge over purely data-driven hypothesis. First,
detailed insights might be lost by summarising results to the pathway level. While generally
measurements for individual genes can be noisy, this can be summarised in different ways
e.g. based on similarity in expression profiles 2*2. In this study, however, curated gene sets
were used due to their interpretability and to derive modular events as defined in the AOP
framework. Additionally, prior knowledge was taken as ground truth, both in the gene set
and interaction analysis, meaning that only generally known pathways and interactions could
be discovered. Like all methods based on curated gene set and interactions, it was hence
informed and biased by the current understanding of biology. However, this prior biological
knowledge contributes to the biological plausibility of the derived events and relationships

contributing to the weight of evidence of our findings in the context of AOPs.

Lastly, it should be highlighted that time concordance is necessary for causal relations but
not sufficient to prove it. For instance, two events may be time-concordant because they
are causally linked to a shared preceding cause. To distinguish these effects, the additional
Bradford-Hill considerations can be helpful, but only prior knowledge has been considered
in parts of this study. In particular essentiality would provide strong evidence for causality,
however, requires targeted experiments and hence is unsuitable for hypothesis generation.
In contrast, dose and incidence concordance are generally feasible from a data-driven
standpoint but were not pursued in this case study due to the low number of doses and

replicates.
3.5 Conclusion

In this study, “first activation” was introduced as concept to quantify the strength of temporal
concordance between events across time-series with the assumption that each activated
event may have downstream effects irrespective of whether it is continuously or only
transiently activated. With this approach, gene expression-based TF and pathway-level
events were studied which are found before adverse histopathology indicating liver injury in

repeat-dose studies in rats from Open TG-GATEs. Some known processes in DILI were
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found to be highly confident, e.g. bile acid recycling, while others are highly frequent but

less specific including adaptive response pathways such as the elF2a/ATF4 pathway .

Beyond quantifying time concordance for known and potentially novel events in DILI, it is
additionally demonstrated how time concordance can be combined with prior biological
knowledge to generate hypothesis on potentially causal gene-regulatory cascades in DILI.
Amongst others, this identifies LXRa down-regulation leading to decreased Srebf1
expression, an interaction known to regulate fatty acid synthesis in the liver ?°®, but also
characterizes yet unknown TFs based on their time concordance, their mode of regulation
(either transcriptional or post-transcriptional) and potential upstream regulators and
downstream effectors. Two of the identified induced TFs are Meis1 and Meis2 which is
supported by significantly enriched decrease in expression and activity before adverse
histopathology, as well as upstream regulators which also show significant enrichment of
regulon activity and are found within the same time-series. On top of time concordance, also
each event’s time dependence was computed showing that events mechanistically involved
in early pathogenesis do not necessarily reflect disease progression and vice versa.
However, for some events, e.g. Sox13, both properties are found and these may be useful
biomarkers which reflect injury progression and already change preceding histopathological

manifestation.

We believe that the described analysis can provide supporting evidence for mechanistic
links between events in line with the evolved Bradford-Hill considerations on time
concordance and biological plausibility and can hence e.g. support AOP development.
Furthermore, the approach is not limited to a particular adverse event and can instead
quantify the interaction between any two events represented in time-series in a data-driven
and automatable fashion. Consequentially, this type of analysis could also be of interest to
study the mechanism of action particular compound classes or patterns of disease

progression.
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4 DILI Cascades: A web app to study time
concordance in the TG-GATEs liver data

This work builds on the study published as research article in PLOS Computational Biology 2*°.

4.1 Introduction

In the preceding chapter, a new approach to derive time-concordant and hence potentially
mechanistically relevant relationships between gene-expression-derived cellular events and
adverse histopathology is presented. While this largely focussed on the newly established
methodology, also the analysis on the Open TG-GATEs rat liver data and the established
workflow can benefit the DILI community beyond the scope of the results discussed.
Therefore, DILI Cascades, an open-source Shiny app was developed which provides a
Graphical User Interface (GUI) enabling researchers to explore evidence for time

concordance in the Open TG-GATEs data without requiring programming experience.

Firstly, researchers may be interested in particular definitions of adverse and background
histopathology, which may prioritize other time-concordant cellular processes than the
definition used originally, which combined multiple histopathological findings at different
severity cut-offs. In the app, the previously introduced time concordance metrics, as well as
additional ones, can be directly computed and interrogated through an interactive table as

well as visualizations.

Secondly, researchers may want to evaluate evidence for a specific potential key event
relationship across all tested compounds, e.g. in case a specific hypothesis was generated
experimentally using only a few compounds or also using time concordance analysis. In the
app, the relation can be explored for two events of interest, or two combinations of events
of the same event type, by querying across which compounds each of the events is

observed and, if both are observed, with which temporal relation.

In this chapter, technical implementation of the app is described and its application is then
demonstrated using a case study on events preceding fibrosis (at any severity score) while

light inflammation (toxscore < 0.67) is regarded as background.
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4.2 Implementation

DILI Cascades was written in R 4.1.2 #' using the shiny and tidyverse #???® frameworks.

4 305

The layout of the user interface was further refined with shinyWidgets **, shinyBs °%,
and shinycssloaders *®. The plotly *”, ggiraph *®, and shinyHeatmaply ** are
utilized to generate interactive figures, and the DT *'°R package provides an interface to the
JavaScript library DataTables, enabling sorting, filtering and other useful features to interact

with tables.

The app can be accessed in two ways. Firstly, it is deployed at ShinyApps and can be
directly accessed viahttps://anikaliu.shinyapps.io/dili cascades withoutthe
need for any programming skills. Secondly, it can be locally deployed from the open-source
Github repository under a GNU General Public License v3.0
(https://github.com/anikaliu/DILICascades_App). All R packages needed to run
the app, including their versions, are documented using the renv R package and can be

installed by the user through a single command (renv: : restore()).

For the time concordance analysis, multiple input parameters (Table 4.1) are needed which
can be provided by the user through the GUI. Both adverse and background histopathology
can be defined as a combination of the histopathology labels, as introduced in 3.2.2, which
describe the annotated histopathological findings at multiple toxscore cut-offs: “null”
(toxscore > 0), “low” (toxscore > 0.67) and “high” (toxscore >1.34). Time-series without any
histopathology are always regarded as background so the definition of additionally tolerated
background histopathology is optional. As additional parameters, the user can define
whether only events taking place before the timepoint of activation are considered or if
activations at the same time are also included, and the event type of interest can be selected
to show either the results for histopathology-derived events, TF or pathway

activations (Table 4.1).

Table 4.1: User-defined input parameters to compute time concordance metrics.

Object Description

Adverse histopathology Histopathology which is regarded as adverse

Background histopathology  Histopathology which is regarded as background

Temporal filter Either only events “before” or “before or at” the time of adversity

Event type Either events of the type “TF”, “Pathway” or “Histopathology”
Significance threshold Time concordance p-value cut-off applied to filter out insignificant events
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The time concordance metrics are then computed with the workflow outlined in Figure 4.1.
based on the user-defined parameters and the pre-computed timepoints of first activation,
as described in 3.2.3, across all time-series and events for each event type. From the therein
included histopathology data, adverse and background time-series are identified using the
user’s definition of adverse and background histopathology, and subsequently the
frequency of each event of the user-selected event type with the desired temporal relation
is computed (Figure 4.1). This is then used to generate a temporally filtered contingency
table for each event, which describes how frequently the preceding event (PE) is either found

or not found before the later event (LE) and in background time-series without LE at any

Temporal filter

frequencies
with temporal filter

event frequencies

time.
First activation Adverse Background Pre-computed object
TE histopathology hlstopaJthoIogy User input
Histopathology Intermediate object
A 1 Output
Pathway
Adverse time-series Background
Incl. flrsé tlmgtpomt of T PE: Potential preceding event
adversi
RS i J LE: Potential later event or outcome
Event activations -
All TF, pathway or v
histopathology Adverse event
events Background

Sigificance threshold

Either “before” or Can be selected from

“before or at” the time of

adversity Contingency table multiple options
Event | Event not
observed | observed
Adverse time-series | n,. o | mpp_ g | g Time concordance
with temporal filter metrics
Back
ti;‘;_ggg;d NppgarE |MPEKILE | MLE
TPR, PPV, p-value,
Npp npg N

Figure 4.1: Workflow for computing time concordance metrics.

Using the user’s definition of adverse and background histopathology, adverse and background
time-series are identified. For the selected event type, pre-computed timepoints of first activation
are derived, and subsequently, event frequencies of the two time-series sets are identified.
Thereby, activation can take place at any time in the background time-series but needs to fulfil
the temporal filter for adverse time-series. The event frequencies then serve as the foundation
for the confusion matrix from which the time concordance metrics are derived.

From the contingency table, multiple measures of the temporal association between PE and

LE are derived (Table 4.2). This includes the true positive rate (TPR), also known as recall,
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the positive predictive value (PPV), also known as confidence or precision, and the time
concordance p-value already introduced in our previous study. Furthermore, additional
interestingness measures are included which are commonly used in rule mining *'* and these
will be introduced here in the context of the temporally filtered contingency table: The odds
ratio (OR) is defined as the ratio of the odds that PE is found (before LE) given that the LE
is present, and the odds that PE is found (at any time) given that the LE is absent; Lift,
originally referred to as interest *'?, quantifies how many times more PE is observed before
LE than expected under the assumption that both events are independent; and the Jaccard

similarity describes the ratio of intersection over union of PE and LE.

Table 4.2: Time concordance metrics.

Multiple association metrics are computed based on the event frequencies in the temporally
filtered contingency table. The Odds Ratio (OR) and time concordance p-value were computed
using the fisher.test function of the stats package, indicated by “*”. This provides the
conditional maximum likelihood estimate for the Odds Ratio and the time concordance p-value
describes the likelihood that the random variable Cpg g is larger or equal to npg_ g for
Cpg e~Hypergeometric(N,npg, nyg).

Interest measure Formula Range
True positives TP =npg_g [0,N]
False positives FP = npggig [0,N]
True positive rate TPR = Npg-LE [0,1]
g
False positive rate FPR = NpEgILE [0,1]
e
Positive predictive ppy — PESLE [0,1]
value Npg
io* NpE>LE
Odds Ratio oR /n!PE—>LE [0, o]
NpE&ILE /
TpERILE
Time concordance p —value = p(Cpg 15 = NppoiE) [0,1]
p-value* ( nPE ) % ( N-npg )
C -C
Cpee~Hypergeometric(N,npg, i) = p(Cppre) = = NnLE S
| i )
Lift Lift = [PELE [0, oo]
Npg * Nyp
Jaccard Similarity Jaccard = MpE-LE [0,1]

(N — ippgure)

Besides information solely based on the temporally filtered confusion matrix, the max. logFC
observed before adversity is provided as an additional column in the time concordance table
as this was previously found to be an additional useful metric to prioritize time-concordant

events (Figure 3.6). To obtain this, significant TF and pathway activations were pre-
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computed and it should be noted that the timepoint of earliest activation may not be the

timepoint of highest activation preceding adversity.

The resulting table can then be analysed within the app allowing users to search for specific
events, to set limits for specific time concordance metrics, and to export the information for
further evaluation outside of the app. In our case study, filtering by time concordance
significance was used as a filter before prioritizing events. To enable users to explore all
time-concordance results but also to highlight this filter, an option was included in the
sidebar to choose commonly used p-value cut-offs (on top of the option to filter the table

interactively) with no filtering as default.
4.3 Case study

To give an overview of the app’s functionalities, a case study is presented in which
specifically events preceding liver fibrosis were investigated instead of combining multiple
adverse histopathology labels as in the preceding chapter. This means that only ten instead
of 61 time-series are regarded as adverse, which limits the statistical power but may identify
signals which are more specific to fibrosis. The adverse time-series are derived from repeat-
dose studies with carbon tetrachloride (all doses), allyl alcohol and monocrotaline (middle
and high dose), as well as naphthyl isothiocyanate, diclofenac and thioacetamide at the high
dose. Furthermore, light inflammation (at the toxscore cut-off “null”) is considered as
background which adds 37 time-series as background in which only light inflammation but
not any other histopathological changes are observed. All results and figures presented in

the chapter were generated using the app.
4.3.1 Time-concordant pathway events

In the first tab, both background and adverse histopathology can be selected through the
sidebar, events taking place before or at the same time as adverse histopathology are
regarded as time-concordant and additionally a p-value cut-off of 0.05 was selected (Figure
4.2). Furthermore, it is possible to load the definitions implemented in our original
analysis *'*, either to explore these results further or simply as an example. With the provided
settings, time concordance metrics are provided in the form of a summary table which can

be filtered and sorted interactively (Figure 4.2).
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Figure 4.2: DILI Cascades GUI to derive time concordance for user-defined adverse and
background histopathology.

Time concordance metrics, introduced in Table 4.2, can be computed for any event class of
interest, and any definition of adverse and background histopathology. Furthermore, the
temporal filter can be set to only regard events at an earlier timepoint as time-concordant, or to
additionally include events activated at the same time.

As the analysis of TF- and pathway-level events is implemented in the same way, the focus
will only be on pathways, but the most significantly enriched TFs are provided as
supplementary information (Table C.1). The five most significantly enriched pathways,
shown in Table 4.3, are observed across four adverse conditions and not in the background
time-series, and point to known processes in liver fibrosis such as increased cell-ECM
interactions *'* and smooth muscle contraction which is similar to the contractile phenotype
of activated myofibroblasts ®'°. These myofibroblasts can originate from multiple cell types,
in the liver predominantly from hepatic stellate cells (HSCs), and take in a key role in hepatic

wound healing and fibrosis %%,

Furthermore, nucleotide-binding domain leucine-rich
repeat containing (NLR) signalling is identified, which has been linked to HSC activation *'¢,
and as additional most significantly time-concordant pathways, activation of kinectin (KTN1)
and p21-activated kinases (PAKs) via RHO GTPases is identified which contributes to cell
migration and also has been linked to HSC activation and hepatic fibrosis. As the next most

significant (and most frequent) pathways, gene sets related to cell cycle checkpoints are
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found and related gene sets have also been identified in our previous study (Figure 3.9).

Overall, this shows that while some pathways overlap with the general processes in liver

injury also previously identified using a broader definition of adversity, the most significant

(and specific) pathways are more specifically linked to pathways in hepatic fibrosis.

Table 4.3: Ten most significantly enriched pathway events before or at the time of liver

fibrosis.

Event TP FP OR p-value Lift Jaccard TPR PPV logFC
Cell-extracellular matrix interactions 4 0 - 8.52E-06 15 0.5 0.5 1 0.583
(Up)

Nucleotide-binding domain, leucine 4 0 - 8.52E-06 15 0.5 0.5 1 0.451
rich repeat containing receptor (NLR)

signaling pathways (Up)

RHO GTPases activate KTN1 (Up) 4 0 - 8.52E-06 15 0.5 0.5 1 0.44
RHO GTPases activate PAKs (Up) 4 0 - 8.52E-06 15 0.5 0.5 1 0.6
Smooth Muscle Contraction (Up) 4 0 - 8.52E-06 15 0.5 0.5 1 0.436
G2/M Checkpoints (Up) 6 7 4.4 1.18E-05 6.92 04 0.75 0.462 0.586
Mitotic G1 phase and G1/S transition 6 7 414 1.18E-05 6.92 0.4 0.75 0.462 0.584
(Up)

Regulation of localization of FOXO 5 3 534 1.54E-05 9.38 0.455 0.625 0.625 0.513
transcription factors (Up)

Response of Mtb to phagocytosis (Up) 5 3 53.4 1.54E-05 9.38 0.455 0.625 0.625 0.559
HIV Infection (Up) 6 8 36.1 2.03E-05 6.43 0.375 0.75 0.429 0.529

In the app, the dependencies between selected metrics are visualized which helps to

understand how these are related to each other and how frequently each combination of

metrics is found. For instance, this shows that positive predictive value (PPV) and lift are

directly related which can be explained by the constant number of adverse time-series n;g

and total time-series N (Figure 4.3).
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Figure 4.3: Distributions of and dependencies between time concordance metrics.

The diagonal shows the density distribution for each metric individually and the upper triangle
the density distribution for each combination of metrics. Furthermore, the lower triangle shows
the observed combinations as scatter plots revealing dependencies between the metrics. Which
metrics are plotted can be selected by the user in the app.
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Besides this rather global view on the distribution of time concordance metrics, it is possible
to interactively investigate specific metrics and events in more detail as demonstrated in
Figure 4.4. In this tab, two scatterplots are shown: One with PPV and TPR as axes and one
where both axes can be specified by the user and can be log-transformed which is
particularly useful to inspect time concordance p-value distributions as it visually highlights
differences between the small p-values. By hovering over the plots, the event name and their
location in the respective other scatter plot will be indicated which further helps to
understand the time concordance of individual events. For instance, the labelled “Rho
GTPases activate PAKs (Up)” shows the highest logFC among the events with the same
level of significance by time concordance p-value, but at lower significance, larger logFCs

are observed.

Multiple metrics overview Two metrics in detail
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Figure 4.4: Interactive exploration of the time dependence metrics.

Two scatter plots enable a more detailed exploration of the time dependence metrics and their
relationships. While the axes in the left scatter plot are fixed to show the True Positive Rate (TPR)
and Positive Predictive Value (PPV) of events, the axes of the scatter plot on the right can be set
by the user.
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To gain more insights on the temporal relation between two specific events, e.g. “Rho
GTPases activate PAKs (Up)” and fibrosis, the 2™ tab of the app (Figure 4.5) can be used.
Generally, both the preceding event and later event can be described by multiple events of
the same class, e.g. enabling the combination of multiple pathways with shared functionality
or multiple histopathology labels. Similar to the previous tab, the originally used adverse
histopathology definition can be loaded as later event through a button. Based on the known
activations across all time-series, a table is then generated which summarises how
frequently only either the preceding or later event is observed and, if both are present within
the same time-series, in which temporal order they are found (Figure 4.5), as well as multiple

visualizations.

) DILI Cascades Overview © Before adverse histopathology + Two events of interest

Preceding event ? Definitions

Definition of preceding event (Source)

Occurrences of any of the following Pathway events: RHO GTPases activate PAKs (Up)
Definition of later event (Target)

Occurrences of any of the following Histopathology events: Fibrosis (null)

Event class
O TF @ Pathway (O Histopathology
Event

RHO GTPases activate PAKs (Up) v Results

Later event ? Overview Individual time series

Event class

O TF O Pathway @ Histopathology Time concordance class definitions

Event class description n

. . before First activation of preceding event before later event 2
Fibrosis (null) v

same_time First activation of preceding and later event at the same time 2

Use adverse conditions from paper only_preceding  Only preceding event activated in time-series 13

only_later Only later event activated in time-series 6

Figure 4.5: DILI Cascades GUI to derive details on time concordance for two events of
interest.

For two events of interest, which can be from any event class and also can be combination of
events, details on the temporal relation observed in the Open TG-GATESs database are shown.

In our case study, these for example show that that our events of interest are not highly
frequent in comparison to other events of the same class. Furthermore, the distribution of
the logFC associated with significant dysregulation of the preceding event is shown in time-
series with or without the later event with additional subgroups for time-series with the later
event indicating the max. logFC per condition before, at the same time, and after the later

event (Figure 4.6).
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It is generally found that the Rho GTPase-mediated activation of PAKs is increasing over
time in fibrotic conditions, but overall not larger in magnitude than in events without fibrosis.
Hovering over an individual points reveals that the shown logFC was observed in the time-
series describing response to carbon tetrachloride treatment at the middle dose, and also

highlights other data points from the same time-series.
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Figure 4.6: Overview figures on temporal relation between two events of interest.

The two upper histograms show the frequency of the preceding and later event in the TG-GATEs
database and the overall distribution of frequencies for events of the same event type. The lower
plot shows the logFC of the preceding events before, at the same time, and after the later event,
as well as the distribution in time-series where only the preceding event was found. Interactively
hovering over a datapoint reveals the time-series as text label and highlights other data points
from the same time-series.

It is furthermore possible to summarise the individual time-series in which the preceding and
later event are observed as a data table, and to visualise this as an interactive heatmap,
where the timepoint of activation is shown for preceding and later event, and in which time-
series are sorted based on the temporal relationship between both. In our case study, this
for example shows that Rho GTPase-mediated activation of PAKs is found after 4 days in

three of the adverse time-series and after 15 days in one, while it is never observed only

after the observation of fibrosis (Figure 4.7).
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Figure 4.7: Co-occurrence and time of activation for Rho GTPase-mediated activation of
PAKSs and fibrosis.

4.3.2 Time-concordant histopathology events

As for TF- and pathway-level, time concordance analysis is also possible for histopathology
events for all metrics except the logFC as the extent of histopathology has instead been
encoded in separate labels characterised by the three toxscore cut-offs. Hepatocellular
necrosis (at a toxscore > 0) followed by inflammation (at a toxscore > 0.67) are found to
most frequently and significantly precede fibrosis (Table 4.4) and both are indeed generally

known to precede fibrosis #1932,

While information on the temporal order of histopathology events can be useful to better
understand the pathogenesis, it should be noted that the definition of adverse and
background time-series is based on histopathology which means that the contingency table
is fundamentally biased which will be further elaborated. Firstly, unless specifically stated
otherwise, histopathology events are not found in background time-series resulting in the
absence of false positives while the overall frequencies of histopathology are not
considered. For instance, hepatocellular necrosis (null) is found to most frequently precede
fibrosis (Table 4.4), but is also overall the 2" most frequent histopathological finding, after

inflammation (null) which was considered as background, which means that numerically it
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has hence a higher chance of co-occurring in the same time-series at random than rarer

histological findings).

Table 4.4: Ten most significantly enriched histopathology events before or at the time of
liver fibrosis.

The concurrently most significant and frequent histopathology events are shown for both
possible temporal filters, “before” or “before or at”.

Event Before or at the same time Before
TP p-value TPR TP p-value TPR

Fibrosis (null) 10 1.93E-10 1 0o - -
Hepatocellular Necrosis (null) 8 1.43E-07 0.8 7 1.91E-06 0.7
Inflammation (low) 8 1.43E-07 0.8 5 1.64E-04 0.5
Hepatocellular Necrosis (low) 6 1.96E-05 0.6 4 118E-03 04
Hepatocellular Necrosis (high) 5 1.64E-04 0.5 4 1.18E-03 0.4
Fibrosis (low) 4 1.18E-03 0.4 0o - -
Inflammation (high) 4 1.18E-03 0.4 2 416E-02 0.2
Biliary Hyperplasia (null) 3 7.4E-03 0.3 o - -
Vascular Edema (null) 3 7.4E-03 0.3 1 0.213 0.1
Hepatocellular Hypertrophy (high) 2 4.16E-02 0.2 1 0.213 0.1

Secondly, if the temporal filter is set to “before or at the same time”, which was used also
for the TF- and pathway-level, the histopathology labels used to define adverse time-series
are favoured and e.g. the observed TPR of 1 for fibrosis in this case study is a direct
consequence of this (Table 4.4). Hence, all time concordance metrics should be treated with
caution, which is also indicated in the app as a text warning when histopathology is selected

as the event type of interest.
4.4 Conclusion

We have developed a R/Shiny app called DILI Cascades through which time concordance
in the Open TG-GATEs data can be explored in more detail and beyond the results
discussed in the preceding chapter for user-defined events of interest. The app leverages
pre-computed results and the established methodology from our previous work *'®, and can
be accessed via https://anikaliu.shinyapps.io/dili cascades, or can be
deployed locally based on the publicly available open-source GitHub repository

(https://github.com/anikaliu/DILICascades_App).

Considering fibrosis as adverse histopathology while tolerating mild inflammation (null) as

background histopathology as case study, it is demonstrated how the implemented
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functions can provide further insight into the time-concordant events, and indeed pathways
which are more specific to fibrosis are identified in comparison to the previous chapter which
used a more general definition of adverse histopathology. Also, the temporal relationship
can be analysed in more detail and hepatocellular necrosis and inflammation are found to
most frequently precede fibrosis. While the number of adverse time-series in this case study
is small, which overall limits the statistical power of the results and can be a general limitation
depending on the definition of adverse histopathology of interest, hence pathways and

histopathology are identified which align with the current understanding of fibrosis.
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5 scRNA-Seq based drug repurposing targeting
idiopathic pulmonary fibrosis (IPF)

This work was published as a pre-print on bioRXiv %',
5.1 Introduction

Single-cell transcriptomics has fundamentally revolutionised biological research by enabling
us to study gene expression at cellular resolution instead of averages across samples. With
this technology, introduced in 1.4.2.2, it is now possible to study questions on cellular
heterogeneity and compositional changes, and to identify rare cell populations which may
be overlooked in bulk transcriptomics **2%%, Furthermore, transitional cell states and cell
trajectories can be uncovered with scRNA-Seq, e.g. in perturbation response or
differentiation, overall providing us with a better understanding on how dynamic cellular

processes are orchestrated 3?2,

Single-cell transcriptomics is already advancing our systems-level understanding of

324,325 326,327

diseases and treatments , which will likely impact the development of future
therapeutics. However, scRNA-Seq cannot only guide drug development indirectly through
mechanistic insights, but also the data itself can potentially be exploited to prioritize
compounds in drug discovery. The approach revisited in this study towards this aim is
signature matching to identify compounds inducing perturbation responses which match a
defined disease signature. This has already been successfully applied to bulk
transcriptomics data for drug repurposing despite its simplicity and intrinsic limitations
(described in 1.6.3). As scRNA-Seq data describes cellular instead of global transcription, it
can partially overcome these limitations enabling an even more successful application of the

approach.

Previous studies applying signature matching to scRNA-Seq data follow the idea of
reversing the diseased state of individual cell clusters instead of bulk expression, which
mitigates compositional changes as covariate 3?%**°, Matching results are then available for
each cluster, and a final drug ranking can then be obtained, e.g. by giving higher priority to

/ 328

compounds detected in multiple clusters, which was implemented by Wang et a , Or by
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summarising to an overall score, as implemented in ASGARD (A Single-cell Guided pipeline

329

to Aid Repurposing of Drugs)

While the assumption that compounds targeting more cell clusters are more promising is
plausible in the absence of further information, we often know which cell types are causally
involved in pathogenesis and can use this to direct the analysis. For example, Alakwaa *°
focussed on type Il alveolar cells (AT2 cells) in their repurposing study on COVID-19, or more
precisely they used the differential expression comparing ACE2-expressing AT2 cells and
other AT2 cells as disease signature because ACE2 was already hypothesized to be a
receptor for severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) at the time of
the study . While this hence includes prior information on relevant cell types, the underlying
hypothesis that reducing the expression of the target receptor may help to treat COVID-19

is not further elaborated and is not an established strategy to tackle infectious diseases.

Instead, inducing disease-relevant transitions poses a more promising application of
signature matching, although not purely data-driven, given that it is then known that 1) the
transition can take place which is not always true, e.g. due to lineage commitment **', and
that 2) inducing the transition is affecting pathogenesis and e.g. not merely reversing
symptoms (Table 1.1). This has already been successfully applied in previous bulk
transcriptomics studies, e.g. osteoblast differentiation has been targeted to identify

832333 and candidates for differentiation therapy have been

treatments for osteoporosis
proposed based on the transition signature of leukaemia cells to granulocytes 2%. With bulk
transcriptomics, however, it was only possible to characterise the transitions for particular
cell types in vitro, which limits the physiological relevance, while transitions were difficult to
characterize in vivo given that expression changes cannot be assigned to particular cell
populations and rare cell types may be overlooked. However, with the advent of scRNA-
Seq, it is now possible to discover and characterize disease-relevant and rare cell types and
transitions in vivo which opens up new opportunities, which to our knowledge have not been

explored yet.

This study focusses on the transition from a rare disease-enriched intermediate progenitor
cell state, recently discovered aided by scRNA-Seq '**>'%, to AT1 cells, which are the alveolar
epithelial cells involved in gas exchange in the lung. This transition was found to contribute

to the regeneration of the alveolar lung tissue upon injury and its induction has since
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emerged as a potential target in IPF (and potentially other lung diseases) as outlined in
1.3.3.8.

While additional studies in the bleomycin injury model have already elucidated some signals
involved in the AT2 to intermediate progenitor to AT1 differentiation further in mice 2#2%1%,
specific proteins or pathways with established ability to induce the transition have yet to be
uncovered in IPF suspending target-based drug discovery (1.1.1). Using a signature
matching-based approach as alternative, perturbation signatures from LINCS were
leveraged to prioritize compounds for drug repurposing. As summarised in Figure 5.1 and
further described in Methods, transition signatures and consensus compound perturbation
signatures were first derived for this and then matched. Additionally including compound
bioactivity data from ChEMBL **, this was further interpreted through the identification of

target proteins, and a target miRNA, which may be causally linked to the cell transition.
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Figure 5.1: General workflow to prioritize drug repurposing candidates.

First, intermediate progenitor to AT1 cell transition signatures were characterized in IPF, as well
as in bleomycin-induced pulmonary fibrosis in mice which is a commonly used animal model for
IPF. Based on these, perturbations which induce similar transcriptional changes were matched,
identifying multiple distinct compound classes. To further interrogate the potential targets and
mechanisms, also bioactivity data from ChEMBL was leveraged ***.
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5.2 Methods

5.2.1 Deriving transition signatures from scRNA-Seq data

In this study, scRNA-Seq data from two studies on bleomycin injury in mice and two studies
in IPF patients was used, respectively (Table 5.1). For these datasets, count matrices and
metadata were derived via the GEO FTP server ?'° for all datasets except for the metadata
by Choi et al. ** which was provided directly by the authors instead (File D.1). Throughout
the study, the single-cell data was handled in Seurat 3°. The provided count matrices have
been pre-filtered based on number of genes, unique molecular identifiers (UMIs), and
mitochondrial fraction as outlined in Table D.1. The distribution of these metrics is
additionally shown in Figure D.1. From the study by Habermann et al. '°, only samples from
IPF patients and healthy controls were used although the study covered multiple lung

diseases, in order to avoid potential confounding factors.

Table 5.1: scRNA-Seq dataset origins.

Paper Condition Cells GEO ID Platform
Choi et al. 133 Bleomycin injury in mouse Alveolar GSM4304609, 10x Genomics
epithelium  GSM4304611, Chromium
GSM4304613
Strunz et al. 132 Bleomycin injury in mouse Epithelium  GSE141259 Dropseq
Adams et al. 130 IPF patients and healthy Whole lung GSE136831 10x Genomics
control Chromium
Habermann et al. 129 Pulmonary fibrosis patients Whole lung GSE135893 10x Genomics
(incl. IPF) and healthy control Chromium

For each sample with at least 1,000 cells, doublets were removed using scDblFinder 3%*

using default parameters (Figure D.2). This first generated artificial doublets between
randomly selected cells based on the 1,000 top expressed genes and subsequently
classified cells as doublets if a large number of artificial doublets were identified in its
neighbourhood taking into account an expected doublet rate of 1% per thousand cells
captured with an uncertainty of 40%. The classifier was retrained three times removing cells
labelled as doublets after each iteration. Subsequently, all samples from the same
publication were merged, normalized and variance stabilized using SCTransform *. IPF
datasets were subsetted to epithelial cells based on the original annotations as these were

distinct from other cell types and are at the centre of this study.
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5.2.1.1 Harmonize cell annotations through reciprocal label transfer

To identify a consensus cell annotation for both IPF and both bleomycin datasets,
respectively, it was predicted for each dataset, referred to as “query”, whether each cell is
labelled as AT1 cell, intermediate progenitor or another cell type based on the cell
annotations from the respective other dataset, referred to as “reference” as described by
Stuart et al. and implemented in Seurat %% First, pairs of cells were identified between two
datasets which are mutual nearest neighbours (MNN) using the FindTransferAnchors
function. These transfer anchors were among each other’s 5-nearest neighbours based on
the PCA reduction of the reference (30 PCs) and its projection onto the query dataset, and
were further scored and filtered using default parameters. Subsequently, the TransferData
function was used to construct a weight matrix which quantifies the association between
each query cell and each anchor, which was then multiplied with the anchor classifications
to compute the label predictions. Then, only AT1 cells and intermediate progenitors were
included in the downstream analysis which were regarded as such based on both the

original and the predicted annotation.

Details on annotation concordance were visualized in Figure 5.2 using an integrated UMAP
representation for IPF and bleomycin, respectively, derived through Harmony **°. For the
bleomycin datasets, the integration (and visualization) included cell types expected to be
present in both datasets, namely AT1, AT2 and intermediate progenitor cells, to account for
the fact that Choi et al. specifically studied cells originating from the AT2 cell lineage. In
contrast, all epithelial populations were included for IPF except for ciliated cells which
formed distinct clusters in both datasets and are not studied in this work. Overall, good
agreement was found between the cross-predicted cell labels and the original annotations
with an accuracy of 84.1% and 97.4% for the datasets by Strunz et al. and Choi et al.,
respectively, while an even better agreement was found for the IPF datasets by Adams et al.
(98.5%) and Habermann et al. (99.1%). The confusion matrices in Figure 5.2C additionally
show that there are intermediates progenitors which were rather regarded as AT1 by Strunz
et al. than by Choi et al. and vice versa. As such annotation discrepancies can affect how
well a joint signature can be derived, only consensus intermediate progenitors and AT1 cells,
which were regarded as such based on the original and predicted annotation, were included

in the downstream analysis.
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A) Original cell annotation
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Figure 5.2: Comparison of original and consensus annotations for AT1 cells and
intermediate progenitors (IP).

A) Original cell annotations for each dataset plotted onto the UMAP after integration with
Harmony. |PF datasets were first subset to epithelial non-ciliated cells to improve integration.
B) Same UMAP projection with only consensus AT1 and IP cells indicated, which show matching
original and predicted cell labels. C) Comparison of original and predicted labels.

5.2.1.2 Differential expression and disease signature analysis

Based on the derived consensus annotations, transition signatures were derived by
comparing AT1 cells to intermediate progenitors in IPF or bleomycin injury, respectively,
using the edgeR *° implementation of the likelihood ratio test (LRT) as part of the Libra
package **. In this pseudo-bulk approach, individual samples were specified as replicates
which translates to individual timepoints of sampling after treatment in case of bleomycin

injury or individual patients in case of IPF. For downstream analysis, the derived bleomycin
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signature was mapped from mouse gene symbols to HGNC symbols using biomaRt %', In

1.85% of HGNC symbols, the mapping was not unique and only the most significant
differential expression statistics was kept. For Reactome pathway maps '®’, derived using
msigdbr %', enrichment was computed using the fgsea package ** for all gene sets with
10-200 genes per geneset in order to capture processes which can be statistically inferred

and are biologically informative.

Signalling pathway activity was inferred with PROGENy based on the expression of the
top 100 genes involved in the pathway at hand according to significance ?%. To gain further
insights into proteins involved in upstream signalling, TF activity was inferred with the

msviper function from the viper package ** for all DorRothEA °

regulons with confidence
levels A-C for which at least 10 genes were represented in the differential expression

signature.

Subsequently, upstream signalling networks were inferred using CARNIVAL 26! based on

the inferred TF activities as measurements, as well as a signed and directed protein-protein

h 252 344

interaction network from Omnipat as prior knowledge. CPLEX *** was used to solve the
ILP problem formulated based on the causal reasoning implementation by Melas et al. **in
which each node j can take in 3 states, namely -1 (down-regulated), O (inactive) and 1 (up-
regulated). Across all nodes j, node activities (x; € {—1,1}) are penalized except for those

where this matches the inferred TF activity (m;), as described in Equation 5.1.
Equation 5.1: min(T|al * |x; — m;|)

Thereby, mismatches for nodes with inferred activity were additionally penalized through «
and equals the normalised enrichment scores (NES) for inferred TFs, resulting in a higher
penalty for the mismatch of more dysregulated TFs. Default parameters for this were loaded
using the defaultCplexCarnivalOptions function. Additional information on targets and
pathway activation was not included, to not bias the inference towards these network

regions.
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5.2.2 Signature matching

5.2.2.1 Baseline expression

Baseline expression profiles for the cancer cell lines used in LINCS were obtained from the
Cancer Cell Line Encyclopedia °* (CCLE) through the depmap portal (21QS3,
DOI: 10.6084/m9.figshare.15160110.v2). For the intermediate progenitor
populations, the baseline expression in TPM (transcripts per million) was determined in

Seurat based on the consensus labelled cells 3.

5.2.2.2 Deriving perturbation signatures from LINCS

LINCS drug perturbation signatures (Level 5) from the alveolar A549 cell line were obtained
from GEO 2" using GEO ID GSE92742. All signatures from the same compound, dose and
time combination were combined into a single consensus signature using moderated z-
scoring which was first introduced for summarising biological replicates from the same
experiment in the LINCS analysis pipeline ' and was also implemented to summarise

multiple signatures from the same condition across experiments by Szalai et al. **'.

As the 978 landmark genes are chosen based on complementarity and other genes are
inferred based on these, only the measured genes are used for signature matching while all
genes are used to infer TF activity using DoRothEA ', to increase the coverage of genes

annotated in regulons, using the same settings as for the disease signatures.
5.2.2.3 Signature matching

Pearson correlation between each drug and disease signature was computed using

CcTRAP 348

, Which provides multiple measures used in signature matching. While significant
(p-value < 0.05) and positive Pearson correlation was required for both transition signatures,
the magnitude of Pearson correlation was subsequently used to further reduce the list of

drug repurposing candidates for experimental validation.
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5.2.3 Target bioactivity

To derive bioactivity data on the perturbations from CHEMBL 30 *, the Python client for
the ChEMBL API**° was used. First, molecules with the same connectivity were identified
based on the canonical SMILES representation provided as LINCS metadata, and
subsequently all pPCHEMBL values for these compounds where the target organism was
Homo sapiens were retrieved. Besides the target metadata from CHEMBL, additional
information on the protein families of the targets was obtained from the Uniprot
knowledgebase (UniProtKB) **°, and the UniProt ID was also used to map targets to gene

symbols using BioMart #’ via the biomaRt R package.

To compare bioactivity across compounds, mean pCHEMBL values were used, which are
defined as -logio(molar ICso, XCso, ECso, ACso, K, Kg or Potency), and hence enables
integration of multiple metrics of half-maximal response *****'. To establish enrichment of
target activity for matched compounds, pCHEMBL values > 5 were defined as “active” while
pCHEMBL values < 5 were regarded as “inactive”. For all targets with at least 20 retrieved
pCHEMBL values, a one-sided Fisher’s Exact test, as implemented in the stats package,
was then used to compare activity in matched compounds to unmatched compounds with
perturbation signatures in the A549 cell line while considering all compounds with measured

bioactivity as background.

Furthermore, the Pearson correlation between pCHEMBL and the strength of signature
matching was computed and tested using the correlation R package ?**. In both, the
correlation and enrichment analysis, the maximal signature matching correlation per disease
signature was used to summarise signature matching across LINCS profiles on the same

compound, and only targets with at least 20 data points were included.

Baseline expression for targets was derived as outlined in 5.2.2.1, and genes with a minimal
TPM of 0.5 were regarded as expressed as the same cut-off was used in the Expression

Atlas %2,
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5.3 Results and discussion

5.3.1 Transcriptional characterization of intermediate progenitor to

AT1 transition

To characterize the transition signature from intermediate progenitors to AT1 cells, the cell
annotations were first harmonized through reciprocal label transfer as described in 5.2.1 and
subsequently differential expression signatures were derived comparing AT1 cells to
intermediate progenitors (Figure 5.3A and B). In these signatures, up-regulation indicates
higher expression levels in AT1 compared to intermediate progenitors and, vice versa,
down-regulation indicates higher expression intermediate progenitors compared to AT1

cells.

First, the expression of previously identified markers for AT1 cells and intermediate
progenitors was investigated as a quality check for the signatures and markers (Table D.2).
In both signatures, up-regulation for all previously identified AT1 markers was found, such
as advanced glycosylation end-product specific receptor (AGER), podoplanin (PDPN), and
HOP homeobox (HOPX), except for insulin-like growth factor binding protein-2 (IGFBP2).
Interestingly, IGFBP2 was previously found to be expressed later in AT1 differentiation than
other markers, such as HOPX, and at this earlier IGFBP2 cell state AT1 cells can
transdifferentiate to AT2 cells in alveolar regeneration, while IGFBP2* AT1 cells do not show
cellular plasticity physiologically or in injury 3**%*. Hence, this indicates that the IPF transition
signature is not capturing this terminal step of AT1 differentiation, potentially because the
AT1 IGFBP2 cells are enriched, because mature IGFBP2* AT1 cells are destroyed in IPF
lungs, or because they have been favoured in the cell annotation in comparison to bleomycin

injury.

For the intermediate progenitor markers, decreased expression in both signatures is found
for amphiregulin (AREG), urokinase plasminogen activator surface receptor (PLAUR) and
cyclin dependent kinase inhibitor 1A (CDKN1A). For four additional markers, significantly
decreased expression was only observed in bleomycin injury indicating that these are not
applicable to IPF, potentially because of differences between the respective intermediate

progenitor populations, e.g. linked to species differences, or their annotations (Table D.2).
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Figure 5.3: Transition signatures in bleomycin injury and IPF.

A) Differentially expressed genes (DEGs) in bleomycin and IPF signatures. B) Comparison of
DEGs identifying significant but low correlation. C) PROGENy identifies consistent and strong
down-regulation of EGFR, MAPK, NFkB, p53, and TNFa signalling (|score| >3) D) Reactome
pathway enrichment identifies most significant down-regulation of pathways linked to ribosomal
proteins in bleomycin injury, and extracellular matrix- and mitochondria-related processes in IPF.
Significant down-regulation in both is found for signalling via interleukins 4,10 and 13, as well as
dissolution of fibrin clots. Opposite directionality is found for multiple stress-related and
developmental processes.

Globally comparing the transition signatures derived for bleomycin injury in mice and IPF in
humans, a significant but low correlation is found between the differential expression profiles
indicating that the transition signatures are similar but that there are also discrepancies
between both conditions which were investigated further (Figure 5.3B). Subsequent gene
set analysis revealed that the most strongly and significantly dysregulated pathways in
bleomycin injury are linked to increased expression of ribosomal proteins, which are
generally involved in the translation of mMRNA to proteins (Figure 5.3D). They epigenetically

regulate protein translation through so-called “heterogeneous ribosomes” **°, have

6

previously been linked to cell fate decisions **, such as proliferation, differentiation or

tumorigenesis, and increased expression of ribosomal proteins was found to be a
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%7 Consequentially, higher expression in intermediate

characteristic of stem cells
progenitors is expected and absence thereof in IPF is pointing towards less differentiation

between the defined AT1 and intermediate progenitor populations.

In contrast, the most pronounced pathways in IPF indicate increased levels of proteins
linked to the extracellular matrix (ECM), including both collagens and matrix
metalloproteinases which degrade collagen, as well as interactions on the cell surface
mediated by syndecans and integrins which mediate cell adhesion to the ECM via

%8 (Figure 5.3D). In pulmonary fibrosis, simultaneously increased collagen

collagen
production and degradation are known, however, effectively resulting in collagen
accumulation which is a known driver of fibrosis via TGFp signalling **°. The absence of
significant changes in these processes in the bleomycin injury model may be attributed to
the fact that the intermediate progenitor population is less profibrotic, potentially because
the injury is acute and not chronic, or also due to the known differences in collagen

regulation between mice and humans *®,

Only a few pathways are found to be dysregulated in bleomycin injury and IPF (Figure 5.3D).
These point to higher expression in intermediate progenitors of genes involved in the
dissolution of fibrin clots, which is consistent with the role of fibrinolysis modulation via
PLAUR in alveolar repair **', and for inflammation-related pathways linked to interleukins IL-
4, IL-10 and IL-13. Consistent with that an increased activity of NFKB and TNFa signalling
is found with PROGENYy, as well as of p53, which generally points to stress response, and
of MAPK and EGFR signalling indicating proliferation (Figure 5.3C). However, also pathways
with opposite directionality were found such as ECM proteoglycans, mitochondrial
translation, HMOX1 and metallothioneins, as well as hypoxia TGFp, VEGF and JAK-STAT
signalling in PROGENYy (Figure 5.3C and D). Overall, this sheds further light on the similarities

and discrepancies between both conditions.

To further study which TFs are potentially involved in the transition from intermediate
progenitor to AT1 cells in bleomycin injury and IPF, their activity was inferred based on
regulon expression (Figure 5.4). Consistent down-regulation in AT1 cells compared to
intermediate progenitors is observed for a strongly interlinked set of TFs, amongst others,
related to stress, inflammation and proliferation with the strongest dysregulation being found
for Jun proto-oncogene (JUN) and SMAD family member 3 (SMADS). Furthermore, the
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strongest TF which is activated in bleomycin injury but reduced in IPF is PR-domain
containing protein 14 (PRDM14) which was previously identified as an epigenetic regulator
of pluripotency in mice **. In contrast to that, a higher activation in IPF but lower activation
in bleomycin injury is observed for MYC proto-oncogene (MYC) and zinc finger protein 263

(ZNF263), highlighting differences in transcriptional regulation between both conditions.
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oY & @ @
= TEAD4
PRON14 SP3 JUN  SMAD3
) » A A A
MAFK
= HIF1A - MYC = : A Transcription Factor
1 POUSF1 8 NFE2L2 NFRERL1 @ Other protein
SMADS e ATE2 A lL)Jp-regulated
=81 . ® A Down-regulated
TCF4 SP1 AN
) MYOD1 HER ATE7 PEks Down-regulation in both
ASCL1 £ Down in bleomycin, up in IPF
P83 Up in bleomycin, down in IPF
TGF12 NFKB1 IYCN &

IPF

Figure 5.4: Transcription factors (TFs) involved in transition signature.

TFs inferred with DoRothEA regulons confidence A-C and an absolute normalized enrichment
score (NES) > 3 in at least one transition signature are shown revealing shared down-regulation
for some, e.g. JUN, HIF1A and TP53, while others show opposite directionality, such as
PRDM14 or MYC. Protein-protein associations with high confidence in STRING (>0.7) reveal
that the core cluster largely consists of consistently down-regulated TFs, while oppositely
regulated ones form separate clusters. Furthermore, the consensus CARNIVAL consensus
subnetwork is shown including CSNK2A1, MAPK3 and HDAC1 as upstream regulators.

Additionally, causal networks were inferred based on both transition signatures to further
investigate upstream signalling (complete networks shown in Figure D.3 and Figure D.4). A
consistent subnetwork was identified which consisted of the down-regulated TFs JUN,

SMAD4 and SP3 as TFs as well as their potential upstream regulators. These included the

down-regulated MAPK3, as well as the up-regulated histone deacetylase 1 (HDAC1) and
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casein kinase 2 alpha 1 (CSNK2A1) shedding further light on potential upstream signalling

involved in the transition.

5.3.2 Identification of repurposing candidates by signature

matching

In this study, perturbation signatures from LINCS are used as it contains most drugs and
includes cancer cell lines of lung origin, e.g. unlike its predecessor Cmap (Table 1.4). To
identify compounds with the ability to induce transition-related gene expression changes in
intermediate progenitors, perturbation signatures are required from a model system which

is ideally similar to the intermediate progenitor population.
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Figure 5.5: Comparison of baseline transcriptional profiles between LINCS cell lines and
intermediate progenitor cells.

The correlation between the baseline expressions of the intermediate progenitor population from
IPF or bleomycin, respectively, and each cell line in LINCS is shown, and the number of
perturbation signatures is shown as point size. Among the cell lines with at least 10,000
measured perturbations, the highest correlation is found for the A549 lung adenocarcinoma cell
line. The highest correlation among cell lines of lung origin (red) is found for the NCIH596
adenosquamous carcinoma cell line, while the lowest ones are found for the only two small cell
lung cancer (SCLC) cell lines NCIH1694 and NCIH1836. B) Comparison between the baseline
expression of the A549 cell line and the intermediate progenitor populations reveals that the
A549 cell line is as transcriptionally similar to the intermediate progenitor populations as they are
to each other. All correlations between baseline expression profiles in log.(TPM+1) were
significant (p-value < 2.2e-16).
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To evaluate the similarity between intermediate progenitors and cell lines, the intermediate
progenitor baseline expression, for bleomycin injury and IPF, respectively, was compared to
the baseline expression of the cell lines used in LINCS (Figure 5.5). Interestingly, the two
lung cancer cell lines which are not highly correlated to the intermediate progenitors are
small cell lung cancer (SCLC) cell lines which are of neuroendocrine origin while the others
are derived from non-small cell lung cancer (NSCLC) which can originate from intermediate
progenitors *°**®*_ The highest correlation was found for the NCIH596 cell line which is of
NSCLC origin, however given the higher number of measured perturbations, the A549 cell
line was used in this study which is also of NSCLC origin. These have been previously used
as in vitro model for AT2 cells ****® however, do not show all characteristics of AT2 cells,

such as the expression of surfactant protein or the same phospholipid content 73,

Consensus perturbation signatures were derived as described in 5.2.1.2 and matched to the
transition signatures for bleomycin injury in mice and IPF in humans, respectively.
89 perturbation signatures mapping to 84 compounds were found to significantly correlate
(p-value < 0.05) with the bleomycin and IPF transition signatures (Figure 5.6). Multiple
compound classes with correlated perturbation signatures were identified, which are shown
in Figure 5.6 and Figure 5.7. The largest cluster contained corticosteroids, including
fludroxycortide and halcinonide, which are generally anti-inflammatory and

° and have been widely used to treat IPF *°. However, despite

immunosuppressive *
decades of use their efficacy in IPF remains questionable as no evidence was found for an
association with improved clinical outcome *"*2, Also, multiple kinase inhibitors with overall
weaker correlated perturbation signatures were identified (Figure 5.7). This includes the
highest-ranking compound by average correlation to both signatures, the spleen tyrosine
kinase (SYK) inhibitor fostamatinib which is an approved treatment for chronic immune
thrombocytopenia. While this has not been studied in the context of IPF, it was also
prioritized in a phenotypic screen for acute lung injury *® and was found to improve the
clinical outcome in COVID-19 **, Also nintedanib, one of the approved treatments for IPF,
is a tyrosine kinase inhibitor which is thought to be anti-fibrotic by targeting vascular
endothelial growth factor (VEGFR), platelet-derived growth factor receptors (PDGFR) and
fibroblast growth factor receptors (FGFR) . However, as kinases take in broad functions in

cellular signalling, these cannot be reduced to a single mechanism of action (MoA).
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Figure 5.6: Perturbations matched to the bleomycin and IPF transition signatures.

The ranking by mean correlation is shown in the heatmap with the highest average correlation
being observed for fostamatinib and the lowest one for ambroxol. Multiple transcriptionally
similar compound clusters were identified based on the Pearson correlation between the
perturbation signatures (Pearson correlations > 0.6 indicated as edges), namely HSP9O0
inhibitors, HDAC inhibitors and a large cluster including glucocorticoid receptor agonists and
steroids.

Further clusters include inhibitors targeting histone deacetylases (HDACs), such as
trichostatin A, and the molecular chaperone HSP90, such as tanespimycin, respectively.
Both have not been explored heavily as targets in IPF, but have shown positive impacts on
pulmonary fibrosis in animal studies. Histone deacetylases (HDACs) can acetylate histones
and other proteins and hence can epigenetically and post-translationally modulate
processes *°. Hyperacetylation through HDAC inhibitors was found to alter gene expression
in a tumour-suppressive manner countering the aberrantly high expression of HDACs
generally found in cancers, and multiple HDAC inhibitors have hence been established as
treatments for neoplastic diseases *’°. Due to their antifibrotic properties, they have also
been studied in the context of pulmonary fibrosis *’, and trichostatin A (TSA), one of the

matched HDAC inhibitors, was previously found to prevent pulmonary fibrosis in rats *’®.
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Furthermore, pirfenidone, one of two approved treatments for IPF with yet unknown MoA,

was found to modulate HDAC expression and increase histone acylation °°.
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Figure 5.7: Pearson correlation between signhatures of matched perturbations.

The correlation between the consensus signatures for landmark genes is shown identifying
multiple transcriptional compound clusters.
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HSP90 can support the folding of damaged proteins as well as their proteasome-mediated
degradation %, and overall contributes to proteostasis as part of the cellular stress response
(Table 1.3). HSP9O0 inhibitors were found to be efficacious in treating cancer, as HSP90
stabilizes multiple oncogenic proteins and in particular kinases, and in treating viral
infections as reduced protein folding results in reduced viral activity **. Also, the TGFp
receptor is a client protein of HSP90 and disruption of TGFf signalling via HSP9O0 inhibition
was found to ameliorate bleomycin-induced pulmonary fibrosis in mice %%, While the MoA
is not known for all compounds, e.g. for the aminosteroid U-74389F and ketoprofen, this
shows that compound classes are identified for which a role in pulmonary fibrosis is already
being investigated or established, although not primarily due to their effects on alveolar

regeneration.
5.3.3 Deconvolution of potential targets and downstream TFs

As next step, the aim was to gain further insights into the potential mechanism of action
through which drugs may induce the cell transition, which may also identify new targets not
yet considered for targeting alveolar regeneration and pulmonary fibrosis. First, it was
investigated which of the TFs involved in the disease transition, shown in Figure 5.4, were
in fact modulated in the matched conditions and may hence be downstream effectors
mediating drug action. To this end, TF activity inferred from the perturbation signatures was
compared between matched signatures and signatures characterising unmatched
compounds (FDR < 0.01). This identifies the most significant enrichment for the Jun proto-
oncogene (JUN), followed by the NF-kB subunits encoded by RELA and NFKB1, all of which
are down-regulated by matched compounds (Figure 5.8). NKFB1 **2 and HIF1A 3% have
previously been implicated in alveolar regeneration, and Choi et al. demonstrated that the
transient activation of both is essential for the AT2 to AT1 transition '®. In contrast, e.g. the
tumor proteins TP53 and TP63 are not differentially modulated in matched signatures,
indicating that these are not targeted by matched compounds, despite dysregulation in the

cell transition.
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Figure 5.8: Transcription Factors (TFs) linked to disease signatures with differential
regulon activity in matched LINCS signatures.

Among TFs with strong dysregulation in at least one of the disease signatures ([NES| > 3), the
ones with differential regulon activity between matched perturbation signatures and signatures
on unmatched compounds were identified using a t-test (FDR < 0.01). The most significant
differential TF activity was found for JUN, followed by RELA and NFKB1 which are
downregulated in matched signatures.

To identify potential direct targets involved in the induction of the intermediate progenitor to
AT1 cell differentiation, in vitro target activity from CHEMBL was then combined with the
signature matching correlation which serves as a proxy for activity on the cell transition.
First, targets with significantly enriched activity among matched compounds were identified
(p-value < 0.05) and here activity is defined as pCHEMBL > 5 corresponding to at least half-
maximal activity at 10 uM, which was the most frequently used concentration in the matched

perturbation signatures.

Next, the Pearson correlation between bioactivity, estimated as pCHEMBL, and maximal
signature matching correlation per compound was computed identifying six targets with
significant positive correlations for both transition signatures (p-value < 0.05) which are
shown in Figure 5.9: The glucocorticoid receptor NR3C1, which showed the strongest

correlation between target activity and signature matching (Figure 5.10) and is known to be
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involved in alveolar maturation in lung development *“, the TFs NFKB1 and HIF1A, which
were also identified in Figure 5.8 to show down-regulation in matched compounds based

on regulon activity, and the tyrosine kinases LCK, FYN and SRC.

While the matched compounds included multiple NR3C1 agonists and one SRC inhibitor
(PP-2), the other targets were not reported as primary MoA for matched compounds. This
shows that including the ChEMBL bioactivity data provides additional information on
potential direct targets, and that this (unintended) polypharmacology of the compounds may

contribute to their prioritization for repurposing.
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Figure 5.9: In vitro targets correlated with transcriptional matching.

Six protein targets were identified with significant (p-value < 0.05) and positive correlations
between pCHEMBL values and signature matching correlation for both IPF and bleomycin,
namely nuclear factor NF-kB p105 subunit (NFKB1), hypoxia-inducible factor 1a (HIF1A),
glucocorticoid receptor (NR3C1), and the tyrosine kinases LCK, FYN and SRC.

To gain a broader overview on potentially involved targets, a less conservative filtering was
applied in which only significance for one of the two transition signatures was required. This
identified 36 potential direct targets, shown in Figure 5.10, with HIF1A showing the strongest
enrichment of bioactivity () CHEMBL = 5), while the strongest correlation was found for
NR3C1. Multiple targets already implied in the previously identified transcriptional clusters
were recovered (Figure 5.6), namely NR3C1, HSP90AA1, two histone deacetylases (HDAC3
and HDACG6) and the HDACS3 and nuclear receptor corepressor2 protein complex
(HDACS3/NcoR2). Furthermore, 24 protein kinases were identified including 17 tyrosine

kinases as well as the casein kinase CSNK2A1, which was also inferred in upstream
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signalling based on the transition signatures (Figure 5.4). These were also found to be
frequently co-identified, which can be explained by the known polypharmacology of kinase
inhibitors *° (Figure D.5). Additional targets included phosphatidylinositol-4,5-bisphosphate
3-kinase catalytic subunit beta (PIK3CB) and miRNA 21 which was the only identified target
which was not a protein or protein complex, and is a pleiotropic miRNA involved in

pulmonary remodelling *%°.

Thereby, overall the strongest enrichment of bioactivity
(PCHEMBL = 5) was found for HIF1A, while the strongest correlation was found for NR3C1.
Hence, this less stringent filtering is able to suggest additional targets, and recovers the

primary targets linked to the previously transcriptional clusters.
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Figure 5.10: Correlation and enrichment of in vitro targets.

For all targets with positive correlations between bioactivity and signature matching for both
signatures and significance for at least one, the mean correlation for both signatures is shown,
as well as the enrichment FDR which describes if high bioactivity () CHEMBL > 5) was over-
represented among the matched compounds, compared to all other compounds with
perturbation signatures in the A549 cell line. The most significant enrichment is found for HIF1A
and the highest correlation for NR3C1.
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To gain a more complete view on how the inferred targets may interact, physical interactions
between the identified targets were derived from Omnipath #*?, as shown in Figure 5.11.
Among the 30 targets for which interactions were found, the highest (undirected) degree
centrality was found for SRC (23 edges) followed by PTK2 (20 edges) indicating that
modulation of these may also be linked to the modulation of many other proposed targets.
Besides the kinases, which were found to be strongly interlinked, the highest degree
centrality is found for HSP90AA1 (10 edges) and miRNA 21 (6 edges). Here it should be
noted that the analysis may have underestimated the role of HDACs and HSP90, as these
do not primarily act by interacting with or modulating individual proteins but by modulating
a wide range of entities through indirect effects, namely, respectively, by epigenetically
modulating their expression *”° and by stabilizing or degrading them 8. Although not all types
of functions are described equally well, protein-protein interactions may provide useful

insights into targets with central functions.
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Figure 5.11: Protein-protein interactions between inferred in vitro targets.

Physical protein-protein interactions derived from Omnipath between potential targets are
shown. Activatory (red) and inhibitory (blue) edges are indicated as colour, and edges without
sign information are shown in grey. The highest degree centrality, indicated as darker node
colour, is found for SRC followed by PTK2. Transcription factors (A), epigenetic regulators (m),
and kinases (®) are indicated through distinct node shapes given the specific interest in these

targets in this study.
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As various kinase inhibitors and kinases have been highlighted by the analysis, their
phylogenetic relation and whether these overlap with the kinome previously studied in IPF
was investigated using KinMap *’ (Figure 5.12). Eight out of nine members of the SRC
kinase family were identified including the SRC, LCK and FYN which were correlated with
the matching correlation for both transition signatures. Other prominent families included

the phylogenetically related SYK and FAK kinase families.

To investigate whether these overlap with or are related to kinases already studied in the
context of IPF, the respective association scores were obtained from OpenTargets . The
strongest associations with IPF by far were found for the vascular endothelial growth factor
(VEGF), platelet-derived growth factor (PDGF) and fibroblast growth factor (FGF) receptor
families (Figure 5.12), which are also the targets of kinase inhibitor nintedanib ’, one of two
approved treatments for IPF. Besides these already established therapeutic targets, the
highest association score is found for the tyrosine kinase ABL (ABL1), as two ABL inhibitors
have previously been tested in clinical trials, namely imatinib ** (ineffective in phase Il trial)
and dasatinib * (tested in combination with quercetin in a first-in-human study) since both
were found to limit bleomycin-induced pulmonary fibrogenesis in mice *°%*'. ABL1 was also
identified as potential target in this study and its inhibition was previously found to promote

alveolar regeneration after pathogen-induced pulmonary injury 3%

indicating that it may
modulate both fibrogenesis and regeneration. There is hence some overlap between the
kinases previously studied in the context of IPF, which were primarily of interest due to their

anti-fibrotic properties, and the kinases identified to be relevant for alveolar regeneration.
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Figure 5.12: Protein kinases inferred as targets and those already studied in IPF on the
phylogenetic tree of the human kinome.

The three tyrosine kinases with significant correlation to matching for both transition signatures
are shown as red circles, and protein kinases significantly correlated to matching for only one
are shown as orange circles. OpenTargets '* association scores for IPF are indicated as the size
of the turquoise circles. The figure was generated using KinMap *’ based on the kinome tree
illustration by Cell Signaling Technology Inc.
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To further refine the target list to those for which engagement is likely in the cell population
of interest, their baseline expression in both intermediate progenitor populations from
bleomycin injury and IPF was derived, as well as in the A549 cell line given that it was used
for matching (Figure D.6). This identified the overall highest expression among inferred
targets for HSP90AAT, consistent with the reported increased amount of HSPQO in fibrotic
foci **°, followed by HIF1A, which is known to be a key mediator in alveolar regeneration %,
The highest expression among kinases was found for PTK2 and CSNK1A1, while seven
other tyrosine kinases, including the four SRC family members LCK, HCK, FGR and BLK as
well as SYK, RET and FLT3, were not expressed in all three cell populations. However, as
expression was found in at least one intermediate progenitor population, the inferred targets
were not excluded from the preceding analysis. It should be noted that phylogenetically
close and highly expressed targets are identified in the analysis for the SRC family members
and SYK (Figure 5.12). Hence, they may have been identified due to their functional similarity
to potential direct targets resulting in similar in vitro bioactivity despite lesser relevance in

Vivo.

5.4 Limitations of this study

In this chapter, a first case study was presented using scRNA-Seq data for drug repurposing
by targeting a mechanistically disease-relevant cell transition via signature matching. This
not only identified potential compounds, but also potential targets and downstream
effectors, which can serve as valuable starting points for drug discovery already before

additional mechanistic information is available.

One limitation of this study is that signature matching was performed using the transition
signatures from bleomycin injury and IPF jointly. Consequentially, promising candidates for
either signature are neglected although discrepancies between the conditions were
observed and are known, such as inter-species differences in the regulation of collagen *® or
the fact that bleomycin injury is rather acute than chronic **. This joint approach was still
chosen to increase the likelihood for translation since the ultimate goal is to target the cell
transition in IPF, while the most clinically relevant preclinical model for human IPF is
bleomycin injury in mice ** which will also serve as model system for the planned

experimental validation.
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Furthermore, as already noted in 1.6.3, there are multiple limitations to signature matching.
While these can partially overcome using scRNA-Seq data, by characterising disease-
relevant signatures in vivo, a fundamental limitation is that inducing transcriptional changes
does not guarantee that the phenotype is modulated, e.g. if genetic or epigenetic factors are
involved. Furthermore, it should be noted that multiple computational approaches for
signature matching exist and it is not clear which one is most accurate. This is why e.g.
cTRAP implements different metrics to characterise global changes, e.g. Pearson or

Spearman correlation, as well as metrics focussing on the most extreme changes **.

Consequentially, the identified signature matching correlation is both dependent on the
chosen computational approach and also, it’s meaningfulness from the biological
perspective is not guaranteed which is a particularly important limitation in this study as
signature matching is not only used for compound ranking but also quantitatively in the
downstream deconvolution of targets and TFs. Although the most promising compounds
and targets identified in this study are indeed supported by literature, experimental testing

is hence crucial to evaluate the approach at hand.
5.5 Conclusion

Reinstating endogenous alveolar regeneration is an emerging therapeutic target to treat
pulmonary fibrosis, due to its potential ability to not only reduce disease progression but to
reverse it. Thanks to the advances in single-cell technologies, it is now possible to
characterise the molecular identity of stem cell states involved in regeneration as well as
their trajectories, and this has also led to the discovery of an intermediate progenitor cell
state in the AT2 to AT1 cell differentiation in alveolar regeneration which is at the centre of
this study. However, how to modulate these tightly regulated processes is not yet clear, also
because key targets and mechanisms have yet to be discovered in the context of human

IPF or lung disease.

This study aims to computationally prioritize small molecules with the ability to promote the
intermediate progenitor to AT1 cell transition which may concurrently act as
senotherapeutics *’ by reducing the level of senescent intermediate progenitors and as
regenerative medicine % by restoring the AT1 population and potentially lung function. To

this end, publicly available scRNA-Seq datasets, based on which the transition initially
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discovered, were used to characterise the transcriptional changes associated with the
transition and match this to compounds from the LINCS database which induce similar
transcriptional changes and hence may promote the transition. Using this approach,
fostamatinib was identified as most promising candidate which aligns with other studies
which have prioritised it for acute lung injury *°® and showed that it improves the clinical
outcome in COVID-19 ¥4, Overall, multiple kinase inhibitors, glucocorticoid agonists, HDAC
inhibitors and HSP90 inhibitors were identified as matched, and bioactivity for the respective
targets of these compound classes was also found to correlate with signature matching
providing complementary evidence that these targets are mechanistically linked to the cell

transition (Figure 5.10).

As additional promising targets, NFKB1 and HIF1A are identified which are key TFs based
on the transition signatures (Figure 5.4, Figure 5.8), and show a correlation between
bioactivity and signature matching for both transition signatures (Figure 5.9). HIF1A
additionally showed the most significant enrichment of activity (pCHEMBL = 5) in matched
compounds (Figure 5.10) and JUN was identified as most significantly differentially regulated
TF (Figure 5.8). Indeed, termination of NKFB1-mediated inflammation %%, as well as hypoxia
mediated by HIF1A *¥% have previously been implicated in alveolar regeneration, and
transient activation of NFkB and HIF1A was previously found to be essential for the AT2 to

AT1 transition %,

Among the kinases, the SRC kinase family is particularly well represented, with three
members being among the six targets which correlate to both transition signatures (Figure
5.12). Overall, SRC is also the most central node in the PPI network connecting potential
targets, followed by PTK2 (Figure 5.11), which also showed the highest expression in

intermediate progenitors making it overall a likely target in the FAK kinase family (Figure D.6).

As a follow-up, we aim to experimentally test selected compounds in organoid models in
collaboration with the Lee Lab at the Wellcome-MRC Cambridge Stem Cell Institute, and
prioritised compounds for this based on the strength of signature matching, but also aimed

to select mechanistically diverse and structurally interesting compounds (Table 5.2).
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Table 5.2: Summary of compounds selected for experimental validation.

Compound Structure MoA Clinical Pearson indication
phase correlation
IPF Bleo-
mycin

Launched 0.079 0.238 chronic immune
thrombocytopenia

Fostamatinib Q};{
—

iﬁ& SYK inhibitor
/

\: (ITP)
BMS-536924 /Q\\\ . IGF-1inhibitor ~ Preclinical 0.067 0.234 -
% )\
.y
9
TG-101348 _§;>— JAK2 inhibitor ~ Launched 0.114 0.182 -
(Fedratinib) "
D
o
X
PP-2 ‘ X SRC inhibitor Preclinical 0.144 0.144 -
/N;N
KU-0060648 DNA-PK/PI3K  Preclinical 0.088 0.154 -
inhibitor
AZ-628 RAF inhibitor Preclinical 0.099 0.135 -
HC-toxin HDAC inhibitor - 0.112 0.109 -
Halcinonide glucocorticoid  Launched 0.080 0.127 corticosteroid-
receptor agonist responsive
dermatoses
Ketoprofen cyclooxygenase Launched 0.088 0.113 rheumatoid
inhibitor arthritis,
osteoarthritis
U-74389F

- - 0.094 0.100 -

Tanespimycin HSP90 inhibitor Phase 3 0.093 0.089 -

Launched 0.064 0.051 skin infections,
psoriasis

glucocorticoid
receptor agonist

0

Fludroxycortide X .Q
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Based on the transcriptional and mechanistic clustering, shown in Figure 5.6, HC-toxin and
tanespimycin were chosen as representatives for HDAC and HSP9O0 inhibitors, respectively.
Furthermore, fludroxycortide and halcinonide were chosen as two glucocorticoid receptor
agonists represented the two transcriptional subclusters. Additionally, the six kinase
inhibitors which showed the highest correlations to the transition signatures and different
selectivity profiles were included (Figure 5.9). Finally, ketoprofen and the aminosteroid U-
74389F were chosen due to their high ranking and the fact that they are mechanistically and

structurally distinct (Figure 5.6).

While the effect of the tested compounds on alveolar regeneration remains to be validated
experimentally, this study hence demonstrates how scRNA-Seq data can be used for
computational drug repurposing and how it is then possible to further prioritise potentially
involved targets and downstream TFs. It should be highlighted, that similar cases where
transitions are first understood transcriptionally can be expected to arise, thanks to single-
cell transcriptomics. In these cases, signature matching might provide candidates for drug
repurposing and, on a more general level, valuable starting points for drug discovery, also

when additional mechanistic information is not available yet.
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6 Conclusion

The aim of this thesis was to use transcriptomics to deepen our understanding on how
compounds relate to injury with the ultimate goal to derive findings which can advance the
drug discovery process. To this end, historical transcriptomics datasets were integrated with
other sources of information by combining already existing tools into new analysis pipelines
which take advantage of the inherent strengths of the respective datasets. While the results
and limitations are discussed in more detail within the respective chapters, the broader

context of the presented work and findings will be summarised here.

In Chapter 2, safety biomarker candidates for DIVl were identified using a computational
filtering pipeline across transcriptomics data from repeat-dose studies in rats extending
previous analysis performed by Dalmas et al. ®. Here, not only consistency, specificity and
dose-response were evaluated across compounds but expression changes were also linked
to observed and anticipated histopathological changes providing further insights into the
genes’ prognostic properties. Overall, 33 biomarker candidates were identified and
characterised with the most predictive ones encoding secreted proteins. While only results
for the most promising candidate biomarkers based on the available data and the
implemented filtering criteria are shown, it is clear that biomarker development in practice is
heavily informed by broader knowledge on DIVI as demonstrated by ongoing work of the
PSTC VIWG and TransBioLine, and is also dependent on additional criteria, such as the
availability of suitable and reliable assays, the translation to serum biomarkers, or the
specificity for DIVI in comparison to other types of injury. To also support future efforts on
the discovery of DIVI biomarkers, this work also provides a publicly available web application
(https://anikaliu.shinyapps.io/divi) allowing visualization and exploration of
gene-level results associated with the presence and/or absence of MAN in rat mesentery for

genes of interest beyond the 33 biomarker candidates prioritized in this study.

As second safety-related endpoint, mechanistic insights on the pathogenesis of DILI
preceding adverse histopathology was derived from time-resolved gene expression and
histopathology data in Chapters 3 and 4. This presents a conceptually new approach based
on systematic time concordance analysis, which leverages the large number of time-series

linked to different in vivo perturbations in the Open TG-GATEs data *°. In Chapter 3, it was
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shown how this automatable methodology prioritises and characterises known and
mechanistically relevant events preceding adverse histopathology in DILI. Furthermore, the
combination with causal prior knowledge, provides detailed hypothesis on TF mode of
action and interactions, and the combination with time dependence prioritizes potential
mechanistic biomarkers. While the presented work focusses on events preceding a specific
definition of adverse histopathology, also other definitions are possible or the temporal
relation between cellular events may be of interest. This can be explored interactively in the
DILI Cascades Shiny app (https://anikaliu.shinyapps.io/dili cascades),
presented in Chapter 4. However, it should be noted that this can be limited by the number
of time-series available and the limited temporal resolution, which was also the reason why
a systematic analysis of the temporal order of cellular events within adverse time-series was
only pursued for TF-level events additionally supported by prior knowledge. Overall, time
concordance hence provides valuable starting points for AOP development and evidence

towards causality as outlined in the Bradford Hill considerations.

In Chapter 5, scRNA-Seq datasets, originally generated to better understand IPF and

alveolar regeneration 22,137,138,140

, are reused to prioritize small molecules as regenerative
medicine. Thereby, the single-cell resolution enables the transcriptional characterisation of
a therapeutically relevant in vivo differentiation process. This not only identifies multiple
compound classes as candidates for repurposing by signature matching, but further
suggests potentially involved direct targets and downstream effectors. The usefulness of
the presented pipeline depends on whether indeed promising repurposing candidates are
identified and testing of selected repurposing candidates in mouse-derived organoids is still
pending. However, fostamatinib, the most highly ranked compound, was found to be
promising in other conditions linked to lung injury, which supports the presented approach.
Generally, this demonstrates how targeting disease-relevant cell transitions can be directly
discovered from scRNA-Seq data, which is particularly interesting when additional

mechanistic information is not available yet.

Overall, transcriptomics was hence used to study pathological processes across multiple
organs and tissues in combination with other sources of information. Thereby, the presented
approaches study dynamic biological processes across scales, from angles beyond those

originally intended in the study designs, and the R/Shiny apps make the derived results
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easily accessible to the research community. In summary, this provides new starting points
to detect, understand and treat injury in the context of adverse effects and fibrotic disease.
Ultimately, this aims to derive insights from historical data to increase efficiency in drug
discovery, either through a better identification of safety risks or by prioritizing repurposing

candidates with already established safety.
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Appendix A

Table A.1 Frequency of mesenteric arterial necrosis (MAN) across treatments.

For each treatment and dose, the number of animals with MAN is shown followed by the number
of animals without MAN.

Treatment Histopathology Endothelium Smooth muscle
Dose index 0 1 2 3 0 1 2 3 0 1 2 3
Dopamine (1day) o5 o6 115 113 05 06 115 113 05 o0l6 15 1I3
SKF-82526 (1day) 0110 0OI11 0OI11 2110 OI10 0I8 019 219 0110 010 0I11 1110
Dopamine (4days) 010 1111 2110 711 0110 1110 219 41 019 0110 217 61
SKF-82526 (4days) 0l9 019 o0I8 44 09 018 018 413 09 019 0I18 34
Methoxamine (4days) Ol6 06 06 214 0I5 06 05 214 06 05 04 24
Midodrine (4days) Ol6 06 3I3 40 05 05 3I3 40 05 06 313 4I0
SKF-95654 (4days) olée o6 15 50 06 05 115 40 05 o0l6 115 5I0
Amphetamine (4days) Ol6 06 06 00 0I5 06 06 00 0I5 06 06 00
S-Propranolol (4days) Ol6 0I5 06 0Ol6 0I5 0I3 0I5 06 06 0I5 0I5 04
Yohimbine (4days) Ol6 06 06 06 0I5 06 06 04 06 05 05 O0I6
Hydralazine (4days) 05 0I5 0l6 06 0I5 05 06 06 0I5 0I5 06 O0I6
Sodium Nitroprusside (4days) 0I5 0I5 06 0I5 0I5 05 06 0I5 0I5 05 06 0I5
Minoxidil (4days) Ol6 06 06 05 05 05 06 0I5 06 0I5 06 O0l4
GW788388 (4days) Ol6 06 06 06 0I5 05 06 06 06 06 014 O0l6

Table A.2: Number of samples by Medial Arterial Necrosis (MAN) group.

The number of samples with gene expression measured in the endothelium and smooth muscle
is shown based on the histopathology observed in the respective animal and treatment groups.
For DIVI conditions (>20% MAN), the number of samples is shown by severity of MAN in the
respective animal. Other samples from animals without MAN were groups based on whether
these animals were treated with vehicle control, a compound treated as negative control (no
histological changes observed in the medial artery) or a compound which did not show MAN
but other histological changes in the mesenteric artery, such as perivascular and/or fibrinoid
necrosis, perivascular fibrosis, EC hypertrophy and/or inflammatory cell infiltration.

MAN severity 0 0 0 0 1 2 3 4
Subgroup Control NoDIVI condition Other treatment DIVI condition

Endothelium 85 42 164 14 10 11 3 5
Smooth muscle 88 42 166 15 9 9 6 5

180



Table A.3: Functional protein-protein interactions between conserved proteins derived
from STRING.

The STRING scores for all observed sources of evidence are shown for all associations with at
least middle confidence requiring a combined probability that the interaction is true, or short
combined score, above 0.4. The two proteins, Protein 1 and Protein 2, are thereby provided in
alphabetical order.

Protein 1 Protein 2 Homology Co-expression Experiment Database Text-mining Combined score

Cd44 Spp1 0 0.088 0.181 0.9 0.857 0.987
Fn1 Itga5 0 0.079 0.494 0.9 0.763 0.987
Fn1 Serpinel 0 0.12 0.055 0.9 0.79 0.98
Spp1 Timp1 0 0.257 0 0.9 0.757 0.98
Fn1 Spp1 0 0.064 0 0.9 0.801 0.979
Fn1 Timp1 0 0.178 0 0.9 0.717 0.974
Serpinel  Timp1 0 0.172 0 0.9 0.713 0.974
Fn1 Vcan 0 0.102 0 0.9 0.721 0.972
Cd44 Fn1 0 0.08 0.181 0.8 0.724 0.952
Timp1 Vcan 0 0.122 0 0.9 0.498 0.952
Fn1 Tnc 0.584 0.149 0.181 0.9 0.499 0.939
Spp1 Vcan 0 0.063 0 0.9 0.371 0.935
Tnc Vcan 0 0.166 0.174 0.9 0.157 0.934
ltga5 Spp1 0 0.063 0.148 0.9 0.199 0.927
ltgav Tnc 0 0.063 0.212 0.9 0.064 0.921
Timp1 Tnc 0 0.148 0 0.9 0.14 0.92
Fn1 ltgav 0 0.064 0.801 0 0.6 0.919
Penk Timp1 0 0 0 0.9 0.144 0.91
Spp1 Tnc 0 0.063 0 0.9 0.112 0.909
Fn1 Penk 0 0 0 0.9 0.064 0.902
Penk Vcan 0 0.063 0 0.9 0 0.902
Penk Tnc 0 0.063 0 0.9 0 0.902
Penk Spp1 0 0 0 0.9 0.059 0.901
Col4ai Itga5 0 0.082 0.067 0.6 0.336 0.742
Col4ai Fn1 0 0.323 0.152 0 0.552 0.72
Cd44 Vcan 0 0.066 0.181 0 0.646 0.706
Kif22 Prc1 0 0.554 0.18 0 0.235 0.695
Anin Prci 0 0.585 0 0 0.274 0.686
Itga5 Tnc 0 0.063 0.212 0.6 0.057 0.684
Anini1 Prc1 0 0.576 0 0 0.274 0.679
Cd44 Col4al 0 0.061 0.09 0.6 0.121 0.659
Cd44 Timp1 0 0.223 0 0 0.577 0.658
Cenpn Prc1 0 0.617 0 0 0 0.617
Cd44 ltgav 0 0.063 0.108 0 0.561 0.601
Fn1 S100a4 O 0.117 0 0 0.561 0.596
Kpna2 Prci 0 0.58 0 0 0 0.58
Serpinel Tnfrsf12a 0 0.482 0 0 0.222 0.58
Timp1 Tnfrsf12a 0 0.495 0 0 0.2 0.579
Serpinel Spp1 0 0.09 0 0 0.542 0.565
Cenpn Kif22 0 0.551 0 0 0 0.551
S100a4  Timp1 0 0.366 0 0 0.302 0.539
ltgav Spp1 0 0.063 0.181 0 0.417 0.514
Plp2 Timp1 0 0.512 0 0 0 0.512
Cd44 Itga5 0 0.064 0.108 0 0.459 0.509
Prci1 Tubb4b 0 0.064 0.396 0 0.175 0.492
Praf2 S100a4 O 0.063 0 0 0.47 0.482
Col4al  Timp1 0 0.149 0.086 0 0.371 0.468
Cd44 S100a4 O 0.203 0 0 0.321 0.436
S100a4  Sppl 0 0.13 0 0 0.345 0.406
Plp2 S100a4 O 0.402 0 0 0 0.402
Cenpn Kpna2 0 0.4 0 0 0 0.4
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Figure A.1: Number of genes identified in filtering with permutated labels.

182



g *H 'H“%' i fH b *+.%. 4“. 4 it H +.:+ - *.}.+ b i
_Z:+'*'+f .”; | +H 'y .e..'.; % I e T T
EH% +"+;‘ i bl *+-¢- i st Pt I R L L e
i)+++ ”_%_ H”{ +H by *.+.%. by [ +.}.+ P4 +.}.+ b -
o_%z*ﬁ. w1l ! e |, ! bt 4 L4y N
5’_§5+_ﬁ 4y AR Rl S8 b 2 g b +.+.+ bl
E;Hﬁ e8| *.ﬁ. +ﬁ o .+..+..¢. }..f.%. ot tt4 bol b [ h..{ by | o2 L0G100zs0800
§+* vi 1t ﬁ..f ot f e pof i BEd ey 14 b bhs -
+* ot RIS |52 o o o ot o g o]
é*ﬁ o *ﬁ. +H o ,j “ 2% (b 25! 44 [y e bos T

Dose Index

DIVI

—— MAN

—+— No MAN

—— No MAN (Negative control)

Figure A.2: Expression distribution across experiments for markers identified in the

endothelium.

183



—+— No MAN (Negative control)

P4
<
ANn =
o
s z
S
5 tt
=
m S o : o = 2 8
- Y] — —
& ° © © o = ] ..%l s = 8 nm = = 8
s 5 5 2 2 8 g i 8 8 5 3 g £ 3
ol S 3 o < @ © 2 E
= i
+ + - *> ¢ + ¢ + + -+ + * ¢ - +
(shepy) suiquuiyos -+ - * - . . . + * . . * * - .
- -+ + - - + + « + + - - <+ g *
he 1 > + . . - g * *> * . + ] +
(skepy) |0joueidoid-S - < -~ + » . * . - » * . * Re »
* »> » »> < » + - + *> + L 4 < + »
(shepy) suiwreieydwy + - + - . + - - > . -+ @ + - .
B3 - »> > > < »> <+ + - * »> L3 < +
» *> B + + e + + g -+ > ¢ M » +
(shepy) apissnidoNwNIpos -+ - - - * . + - . + id . - » -
<+ * <+ + L 2 > > » “+ + + > > »>
*> - ¢ * be + M ¢ + he * hd + + :
(sAepy) |1p1xouI * - - . . » * * o . - . . * .
- > + + » + L 2 + « + 4 + + el *
+ * B + ¢+ + * . + - * + + + +
(skepy) auizejeiphy A * . + . * . . * * + + -* i -~
- + . <+ - + - « » - + . + »> »>
+ - <+ -+ + + * »> * + + * M o +
(skepy) 88£88/M9D - + - - . v - * * - - 28 < . -
<+ <. - - > « +> »> » » > Ed < < »>
(skepy) ¥5956-4MS g - *
R4 <+ >

4
@
°
4

(skepy) 9z528--MS . 3 R e
¢ 4 » .

® i i 5

(Rep) 92528-4MS » - R R
< » + .

(sAepy) auupopIiy 1< == - 1
*> + L 2 4

fad e ing fag
(sAepy) suiwexoyiely + - » -«
* - * »

s S e L%

(skepy) suiwedoq o jos o .
> < » >

< L4 < <

(Aep1) suiwedoq 23 . . -
* > < 4

184



Lmnb2
Suv39h2
Cd44
Itgav
Lbp
Penk
Rbl1
Uchl1
Timp1
Vcan

feRaye +4-*
iy ¢4t
Tye 4.5
e 444
S ¥y ot

4. .’.f. 44
+.++ 44

*4..
P

g
4.

*..'.*. ...
.

» ¢
e

ey
RAK 2PW
Shey

S
[ XS .0..°..+. oo lyg

SR NRT R 2 RO

> 9.0
RS 3

4

?..‘..9. +§§ .‘....é. +§§ $ 4.
e¢* +++ ¥4y +.+.+. $opeon
¢4¢ +..,.§. 4..{.§. bbb (g

vy $.0-9 +....€.}.

ey
by
.’..'.;’.
4y

ISR
PR aaa
a2t

2t
3% SN

E 2K S

> 4.0

L3
-t
PR

Lt
.

¢ r'S
*"6'?' P 208 set PRI R sbd e e s 4.

4

the

in

ts for markers identified

fon across experimen
185

Dose Index
distribut

ion

Expressi

Figure A.3
smooth muscle.



Appendix B

Table B.1: CEL files which were identified as outliers and removed.

Compound Name Barcode

Amphotericin B 3017884018

Aspirin 3017659002

Caffeine 3017248021

Cephalothin 3017588011, 3017588012

Chlorpheniramine 3017296019

Cisplatin 3017472017

Coumarin 3017736025, 3017686002

Cyclosporine A 3017588014, 3017566019

Fluphenazine 3017050017

Haloperidol 3017001020, 3017001021

Ibuprofen 3017152020, 3017152021, 3017152030

Imipramine 3017153029

Iproniazid 3017140006

Lomustine 3017122006, 3017075012

Mefenamic Acid 3017175008,3017175010,3017182004

Metformin 3017044024

Methimazole 3017060009, 3017060014, 3017060011, 3017060012
Methyldopa 3017106011, 3017106012, 3017096030, 3017134026

Methylene Dianiline 3017875010, 3017875005

Methyltestosterone  3017014004,3017014018,3017014019,3017032018

Mexiletine 3017237028

Moxisylyte 3017108014, 3017075015, 3017075030, 3017014019, 3017032018
Naproxen 3017166017, 3017166022, 3017167015

Nifedipine 3017300003,3017300004, 3017300006

Nitrosodiethylamine 3017507001

Pemoline 3017062018,3017034026, 3017034029, 3017034030

Perhexiline 3017704003, 3017704010, 3017062025, 3017034022, 3017034030, 3017062018
Quinidine 3017151029, 3017151030, 3017152019

Rifampicin 3017666014

Rotenone 3017860029

Tacrine 3017089004, 3017122005

Tamoxifen 3017122002

Tetracycline 3017070015, 3017110008, 3017069028, 3017110015, 3017082005
Thioacetamide 3017663008

Thioridazine 3017049012, 3017049009

Tiopronin 3017261007

Tiopronin 3017238005, 3017238006, 3017239002, 3017243016, 3017243023
Tolbutamide 3017410002

Triamterene 3017417023, 3017417024, 3017352013

Trimethadione 3017477012, 3017503009

Vitamin A 3017072030

Wy-14643 3017708011, 3017709011
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Table B.2: Time concordance metrics for Reactome pathway maps which map to known key events based on literature review.

Key event Gene set description Reactome ID Direction p-value TPR PPV
Bile acids Recycling of bile acids and salts R-HSA-159418 Down 5.655E-09  0.304 (17/56) 1 (17/17)
Bile acid and bile salt metabolism R-HSA-194068 Down 2.381E-06  0.25 (14/56)  0.933 (14/15)
Synthesis of bile acids and bile salts R-HSA-192105 Down 7.705E-04 0.179 (10/56) 0.833 (10/12)
Cell death Programmed Cell Death R-HSA-5357801  Up 4.870E-04  0.25(14/56)  0.737 (14/19)
ER stress Autophagy R-HSA-9612973 Up 1.283E-02 0.161 (9/56)  0.692 (9/13)
Unfolded Protein Response (UPR) R-HSA-381119 Up 8.219E-02 0.143 (8/56) 0.571 (8/14)
Unfolded Protein Response (UPR) R-HSA-381119 Down 3.794E-01 0.054 (3/56) 0.5 (3/6)
JNK signaling JNK (c-Jun kinases) phosphorylation and activation R-HSA-450321 Up 5.854E-083  0.179 (10/56) 0.714 (10/14)
mediated by activated human TAK1
JNK (c-Jun kinases) phosphorylation and activation R-HSA-450321 Down 7.005E-01 0.054 (3/56)  0.333 (3/9)
mediated by activated human TAK1
LXR signaling NR1H2 & NR1H3 regulate gene expression linked to R-HSA-9029558 Down 1.483E-04 0.232 (13/56) 0.812 (13/16)
lipogenesis
NR1H2 & NR1HS3 regulate gene expression linked to R-HSA-9632974 Down 2.924E-04  0.196 (11/56) 0.846 (11/13)
gluconeogenesis
NR1H2 and NR1H3-mediated signaling R-HSA-9024446 Down 9.618E-03  0.107 (6/56)  0.857 (6/7)
NR1H3 & NR1H2 regulate gene expression linked to R-HSA-9029569 Down 9.618E-03  0.107 (6/56)  0.857 (6/7)
cholesterol transport and efflux
NR1H2 & NR1H3 regulate gene expression to control R-HSA-9623433 Down 1.273E-02 0.143 (8/56)  0.727 (8/11)
bile acid homeostasis
NR1H2 & NR1H3 regulate gene expression to limit R-HSA-9031525 Down 2.737E-02  0.107 (6/56) 0.75 (6/8)
cholesterol uptake
NR1H3 & NR1H2 regulate gene expression linked to R-HSA-9029569 Up 1.307E-01 0.036 (2/56) 1 (2/2)
cholesterol transport and efflux
NR1H2 & NR1HS3 regulate gene expression linked to R-HSA-9031528 Down 4.617E-01 0.036 (2/56) 0.5 (2/4)
triglyceride lipolysis in adipose
NR1H2 & NR1H3 regulate gene expression to limit R-HSA-9031525 Up 5.966E-01 0.018 (1/56) 0.5 (1/2)
cholesterol uptake
NR1H2 & NR1H3 regulate gene expression linked to R-HSA-9632974 Up 6.085E-01 0.054 (3/56) 0.375 (3/8)
gluconeogenesis
NR1H2 & NR1H3 regulate gene expression to control R-HSA-9623433 Up 7.108E-01 0.036 (2/56)  0.333 (2/6)

bile acid homeostasis
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Mitochondrial Mitochondrial Fatty Acid Beta-Oxidation R-HSA-77289 Up 6.942E-05 0.268 (15/56) 0.789 (15/19)
beta mitochondrial fatty acid beta-oxidation of unsaturated R-HSA-77288 Up 1.747E-04  0.357 (20/56) 0.667 (20/30)
oxidation fatty acids
mitochondrial fatty acid beta-oxidation of saturated fatty =~ R-HSA-77286 Up 4.496E-04  0.232 (13/56) 0.765 (13/17)
acids
Mitochondrial Fatty Acid Beta-Oxidation R-HSA-77289 Down 1.889E-01  0.089 (5/56) 0.556 (5/9)
mitochondrial fatty acid beta-oxidation of saturated fatty =~ R-HSA-77286 Down 2.041E-01 0.125 (7/56) 0.5 (7/14)
acids
mitochondrial fatty acid beta-oxidation of unsaturated R-HSA-77288 Down 7.005E-01 0.054 (3/56) 0.333 (3/9)
fatty acids
Mitophagy Mitophagy R-HSA-5205647  Up 4.839E-06 0.411 (23/56) 0.719 (23/32)
PINK1-PRKN Mediated Mitophagy R-HSA-5205685 Up 5.874E-05 0.411 (23/56) 0.657 (23/35)
Receptor Mediated Mitophagy R-HSA-8934903 Up 5.609E-03  0.214 (12/56) 0.667 (12/18)
Receptor Mediated Mitophagy R-HSA-8934903 Down 4.617E-01 0.036 (2/56) 0.5 (2/4)
Mitophagy R-HSA-5205647  Down 8.995E-01 0.018 (1/56) 0.2 (1/5)
PINK1-PRKN Mediated Mitophagy R-HSA-5205685 Down 9.909E-01  0.018 (1/56) 0.1 (1/10)
Oxidative Oxidative Stress Induced Senescence R-HSA-2559580 Up 2.182E-01 0.071 (4/56)  0.571 (4/7)
stress Oxidative Stress Induced Senescence R-HSA-2559580  Down 8.397E-01 0.018 (1/56)  0.25 (1/4)
Peroxisome Beta-oxidation of very long chain fatty acids R-HSA-390247 Up 3.423E-05 0.339 (19/56) 0.731 (19/26)
Peroxisomal lipid metabolism R-HSA-390918 Up 1.483E-04 0.232 (13/56) 0.812 (13/16)
Peroxisomal protein import R-HSA-9033241 Up 1.483E-04 0.232 (13/56) 0.812(13/16)
Peroxisomal protein import R-HSA-9033241 Down 2.790E-02 0.125(7/56) 0.7 (7/10)
Beta-oxidation of very long chain fatty acids R-HSA-390247 Down 3.560E-02 0.196 (11/56) 0.579 (11/19)
Peroxisomal lipid metabolism R-HSA-390918 Down 4.487E-02 0.161 (9/56) 0.6 (9/15)
TNF signaling TNF signaling R-HSA-75893 Up 4908E-03 0.143(8/56) 0.8 (8/10)
TNF signaling R-HSA-75893 Down 2.993E-01 0.036 (2/56) 0.667 (2/3)
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Table B.3: Time concordance metrics for top 10 ranking pathway events by True Positive

Rate (TPR), significance and median max. |logFC|.

Event Direction p-value TPR PPV logFC

Dectin-1 mediated noncanonical NF-kB Up 8.61E-05 0.446 (25/56) 0.625 (25/40) 0.79

signaling

Recycling of elF2:GDP Up 9.53E-06 0.446 (25/56) 0.676 (25/37) 0.94

RNA Polymerase | Promoter Escape Up 1.67E-06  0.446 (25/56) 0.714 (25/35) 0.61

RNA Polymerase | Transcription Up 412E-06 0.446 (25/56) 0.694 (25/36) 0.67

Termination

rRNA modification in the nucleus and Up 8.61E-05 0.446 (25/56) 0.625 (25/40) 0.86

cytosol

S!(,:F(SkpZ)-mediated degradation of Up 8.61E-05 0.446 (25/56) 0.625 (25/40) 0.78
27/p21

fRNI!\) modification in the nucleus and Up 3.65E-06 0.464 (26/56) 0.684 (26/38) 0.6

cytosol

F:;Iding of actin by CCT/TriC Up 1.48E-05 0.482 (27/56) 0.643 (27/42) 0.96

Nonsense-Mediated Decay (NMD) Up 6.98E-06 0.482 (27/56) 0.659 (27/41) 0.73

Response of EIF2AK4 (GCN2) to amino Up 6.98E-06 0.482 (27/56) 0.659 (27/41) 0.74

acid deficiency

rRNA processing Up 2.99E-05 0.482 (27/56) 0.628 (27/43) 0.75

Activation of the mRNA upon binding of Up 4.69E-05 0.5 (28/56) 0.609 (28/46) 0.8

the cap-binding complex and elFs, and
subsequent binding to 43S

Cytosolic tRNA aminoacylation Up 411E-07 0.518 (29/56) 0.69 (29/42) 0.74
Mitotic G1 phase and G1/S transition Up 1.79E-06  0.393 (22/56) 0.759 (22/29) 0.5
Defects in biotin (Btn) metabolism Down 1.67E-06 0.375(21/56) 0.778 (21/27) -0.73
HS-GAG biosynthesis Down 1.58E-06 0.286 (16/56) 0.889 (16/18) -0.56
DNA Replication Up 1.46E-06 0.357 (20/56) 0.8 (20/25) 0.55
S Phase Up 1.46E-06 0.357 (20/56) 0.8 (20/25) 0.52
Cell Cycle Checkpoints Up 1.18E-06  0.339 (19/56) 0.826 (19/23) 0.5
Diseases associated with Down 7.44E-08 0.304 (17/56) 0.944 (17/18) -0.45
glycosaminoglycan metabolism

Recycling of bile acids and salts Down 5.66E-09 0.304 (17/56) 1 (17/17) -0.57
Tyrosine catabolism Down 7.23E-06 0.286 (16/56) 0.842 (16/19) -0.91
Beta-oxidation of very long chain fatty  Up 3.42E-05 0.339 (19/56) 0.731 (19/26) 0.92
acids

Removal of aminoterminal propeptides Down 3.42E-05 0.339 (19/56) 0.731 (19/26) -0.92
from gamma-carboxylated proteins

Alpha-oxidation of phytanate Up 1.99E-04 0.268 (15/56) 0.75(15/20) 0.96
Cholesterol biosynthesis Down 9.83E-03 0.304 (17/56) 0.567 (17/30) -0.99
Mitochondrial fatty acid beta-oxidation Up 450E-04 0.232(13/56) 0.765 (13/17) 1.02
of saturated fatty acids

Beta oxidation of decanoyl-CoA to Up 1.09E-03 0.214 (12/56) 0.75(12/16) 1.08

octanoyl-CoA-CoA

Mitochondrial fatty acid beta-oxidation Up 1.75E-04  0.357 (20/56) 0.667 (20/30) 1.11

of unsaturated fatty acids
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Table B.4: Time concordance metrics for top 10 ranking transcription factor events by

True Positive Rate (TPR), significance and median max. |logFC|.

Event Direction p-value TPR PPV logFC
Etv4 Down 7.51E-04 0.259 (15/58) 0.714 (15/21) -0.5
Zfp217  Down 1.10E-02  0.259 (15/58) 0.6 (15/25) -0.58
Kdm5b  Down 5.73E-03 0.276 (16/58) 0.615 (16/26) -0.62
Zbtb11  Up 3.13E-03 0.276 (16/58) 0.64 (16/25) 0.57
Nfe2i2 Up 1.42E-02 0.293 (17/58) 0.567 (17/30) 0.79
Atf4 Up 1.41E-03 0.31 (18/58) 0.643 (18/28) 0.84
Srebf1 Down 1.41E-03 0.31 (18/58) 0.643 (18/28) -0.74
Srebf2 Down 1.93E-02 0.31(18/58) 0.545(18/33) -0.9
E2f2 Up 1.44E-04 0.328 (19/58) 0.704 (19/27) 0.69
Nr1h3 Down 6.84E-03 0.328 (19/58) 0.576 (19/33) -0.66
Ebf1 Down 7.15E-04 0.241 (14/58) 0.737 (14/19) -0.43
FoxI2 Up 6.62E-04 0.155(9/58) 0.9 (9/10) 0.59
Hnf4a Down 6.62E-04 0.155(9/58) 0.9 (9/10) -0.49
Mafb Down 6.62E-04 0.155(9/58) 0.9 (9/10) -0.48
Tead1 Down 4.03E-04 0.19(11/58) 0.846 (11/13) -0.47
Soxi13 Down 2.17E-04 0.224 (13/58) 0.812(13/16) -0.5
Hoxb13 Down 8.86E-05 0.19(11/58) 0.917 (11/12) -0.45
Tfap4 Down 5.77E-05 0.224 (13/58) 0.867 (13/15) -0.53
Pou2f2  Down 4.03E-02 0.207 (12/58) 0.571 (12/21) -0.65
Tfap2c  Down 3.13E-02 0.155(9/58) 0.643(9/14) -0.7
Irf9 Up 4.03E-02 0.207 (12/58) 0.571 (12/21) 0.74
Klf4 Up 1.31E-03 0.19(11/58) 0.786 (11/14) 0.79
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Table B.5: TF-TF relations supported by known relations and time concordance.

For TF events which are significantly enriched before or at adverse histopathology, known
interactions supported by time concordance are shown. With respect to the interaction, the
absolute and relative frequency are shown for how often the source TF was observed “before”
or “before or at” downstream TF activity. Additionally, the source of the interactions provided in
Omnipath are shown for protein-protein interactions and the DoRothEA confidence level for TF-

target gene interactions.

Class Preceding Later event TPR (Before or at) TPR (Before) Sources
event

PPI Mef2c(Down)  Myod1(Down) 0.667 (4/6) 0.333 (2/6) BioGRID;Lit-BM-

17;SIGNOR;Wang

Nr1h2(Down)  Ppara(Down) 0.3 (3/10) 0.1 (1/10) SignaLink3
Pax6(Down) Maf(Down) 0.333 (3/9) 0.111 (1/9) SPIKE
Ppara(Down) Nr1h2(Down)  0.444 (4/9) 0.222 (2/9) SignaLink3

Regulon Cebpa(Down) Hnf4a(Down)  0.333 (3/9) 0 (0/9) A
ElIf3(Down) Meis1(Down)  0.364 (4/11) 0 (0/11) C
Hnfla(Down)  Hnf4a(Down)  0.667 (6/9) 0 (0/9) A
Hnf4a(Down) Cebpa(Down) 0.75 (3/4) 0 (0/4) A
Nfe2l1(Down) Tead1(Down) 0.727 (8/11) 0 (0/11) C
Nr1h2(Down)  Srebfi(Down) 0.222 (4/18) 0 (0/18) C
Nr1h3(Down)  Srebfi(Down) 0.5 (9/18) 0.278 (5/18) C
Pbx2(Down) Meis1(Down)  0.636 (7/11) 0 (0/11) C
Pbx3(Down) Meis2(Down)  0.636 (7/11) 0 (0/11) C
Pdx1(Down) Hnf4a(Down)  0.667 (6/9) 0.444 (4/9) C
Prdm1(Down) Tead1(Down) 0.364 (4/11) 0 (0/11) C
Rara(Down) Hnf4a(Down)  0.222 (2/9) 0 (0/9) A
Rela(Up) Nfkb1(Up) 1 (4/4) 0 (0/4) A
Sox11(Down) Tead1(Down) 0.273 (3/11) 0 (0/11) C
Tal1(Down) Nfkb1(Up) 0.25 (1/4) 0 (0/4) A
Tcf12(Down) Tead1(Down) 0.818 (9/11) 0 (0/11) C
Tcf4(Down) Tead1(Down) 0.545 (6/11) 0 (0/11) C
Zfp384(Down) Meis2(Down)  0.636 (7/11) 0 (0/11) C
Zfx(Up) Zfx(Up) 1 (10/10) 0 (0/10) E
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Figure B.1: Distribution of toxscores across histopathological findings.
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Figure B.2: Frequency of histopathological findings before and after first adverse

histopathology.

For adverse and non-adverse histopathological findings, the frequency before or at first non-
adverse histopathology is shown (left). For adverse findings, this indicates how frequently they
were one of the first adverse histopathological findings given that they cannot occur before by
definition. This identifies single-cell necrosis at any severity (“null”), as the most frequent finding,

both in absolute and relative terms.
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Figure B.3: Background distribution of temporal association metrics across pathway and

Transcription Factor (TF) events.

The dependency between different metrics is shown. A) Frequency of events by median max.
llogFC| before or at histopathology and enrichment p-value. B) Frequency of events by true
positive rate (TPR) and positive predictive value (PPV) before or at adverse histopathology. C)
Direct relation between TPR, PPV and enrichment p-value. D) Direct relation between TPR, PPV

and frequency in background time-series.

File B.1: Time concordance metrics for all TFs, pathways as well as genes using both a

minimal JlogFC]| of 0.5 and 1.

The file can be accessed via zenodo (DOI: 10.5281/zenodo.7017239).
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Appendix C

Table C.1: Ten most significantly enriched transcription factor events before or at the

time of liver fibrosis.

Event TP FP OR pval Lift Jaccard TPR PPV logFC
Hinfp (Up) 3 1 522 9.94E-04 105 0.3 0.333 0.75 0.518
Srebf2 (Down) 6 19 10 1.95E-03 3.36 0.214 0.667 0.24 0.788
Hnf4a (Down) 3 2 26.6 2.39E-03 8.4 0.273 0.333 0.6 0.42

Batf (Up) 2 0 - 4.57E-03 14 0222 0222 1 0.459
Foxmi(Up) 2 0 - 4.57E-03 14 0222 0222 1 0.513
Lef1 (Up) 2 0 - 4.57E-03 14 0222 0222 1 0.602
Smadi(Up) 3 3 17.8 4.61E-03 7 0.25 0.333 0.5 0.518
Sp2(Down) 3 3 178 4.61E-03 7 0.25 0.333 0.5 0.614
E2f2 (Up) 4 8 105 4.75E-03 4.67 0.235 0.444 0.333 0.681
Nr2f2(Down) 4 8 10.5 4.75E-03 4.67 0.235 0.444 0.333 0.642
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Appendix D

File D.1: Cell annotations provided by Choi et al. 13

The anno_final_v3 cluster annotation provided directly by Choi et al. '*® was used to generate
the cell type annotations used in Chapter 5. The file can be accessed via zenodo (DOI:
10.5281/zenodo.7017239).

Table D.1: Filtering steps implemented in the corresponding publications.

Dataset origin Filter

Adams et al. Number of UMI > 1000; Mitochondrial fraction < 20%

Habermann et al. Number of UMI > 1000; Mitochondrial fraction < 25%

Choi et al. 7000> Number of genes > 500; Number of UMI > 2000

Strunz et al. Number of genes > 200; Number of UMI <5000 (applied in the cell annotation step)

Table D.2: Differential expression of previously identified AT1 and intermediate
progenitor (IP) markers in the IP->AT1 transition signature.

The most distinctive AT1 and IP markers were derived from previous work by Choi et al.’®
(Figure 1), mapped from rat to human gene names, and Strunz et al.'® (Figure 3).

Bleomycin IPF

class Gene Source logFC p-value FDR logFC p-value FDR

AT1 AGER Choi 3.024 2.41E-16 1.48E-13 7.310 3.57E-29 2.00E-25
CAVA Choi 2.605 1.56E-15 7.70E-13 4.229 1.61E-17 9.86E-15
CLIC5 Strunz 2320 1.63E-11 4.01E-09 2.098 6.59E-07 3.09E-05
HOPX Choi, Strunz  3.177 9.00E-22 1.29E-18 1.841 1.20E-04 2.76E-03
IGFBP2  Strunz 3.448 1.79E-10 3.50E-08 0.463 3.31E-01 5.05E-01
PDPN Choi, Strunz  2.621 2.57E-11 5.99E-09 3.325 6.78E-10 7.05E-08
RTKN2 Strunz 5.237 1.42E-35 2.44E-31 5550 1.54E-19 1.50E-16
SPOCK2 Strunz 4.489 5.74E-27 4.95E-23 2.480 1.39E-07 7.89E-06
VEGFA Strunz 3.615 7.76E-26 3.34E-22 2.730 2.17E-09 1.95E-07

IP AREG Strunz -2.693 4.13E-15 1.92E-12 -2.265 2.17E-04 4.45E-03
CDKN1A Choi, Strunz -2.733 1.28E-12 4.07E-10 -1.716 9.10E-05 2.20E-03
EDN1 Strunz -3.820 1.71E-14 7.18E-12 -0.512 2.19E-01 4.24E-01
HBEGF  Strunz 0.428 1.22E-01 3.86E-01 0.691 8.07E-02 2.81E-01
ITGB6 Strunz -0.016 9.61E-01 9.82E-01 -0.796 3.21E-02 1.73E-01
KRT8 Choi, Strunz  -1.293 4.92E-05 1.54E-03 -0.548 1.41E-01 3.58E-01
NDRG1  Choi -5.884 8.36E-16 4.65E-13 1.600 3.25E-04 6.21E-03
PLAUR Strunz -2.458 1.07E-07 9.39E-06 -2.331 9.23E-07 4.13E-05

TNIP3 Choi, Strunz  -4.548 8.33E-24 1.79E-20 -0.508 4.55E-01 6.23E-01
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Figure D.1: Distribution of number of genes and Unique Molecular Identifiers (UMI) across

all cells.
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Figure D.2: Distribution of number of genes and Unique Molecular Identifiers (UMI) across

all cells.

196



TRAF2 HOXD13
[ ] A
NR2C2AP
o
MEIS1

NR2C2

PRKAA1_PRKAAZ PRKAB1 _PRKABZ_PRKAGA’RKAGZ_PRKAGS
(]

GLRX
HDAC3 e () RELA IKBKB PRKAAT
[] NRF1 A * *
A
DHX58
EKS MAFK CSNK2A2 YAP1 "XS °
SPIB IGBP1
A * A [
CHP1 Ag”
[ ]
TP63 NSD3 TIPRL PRKDC XRCC5
PAK1 A ] ° * PDX1 1
PPM1 * CSNK2A1 A
E HDACA
¢ GATA2 B spop ABL el CASP3 EGFR
o * © PPP2RIB PCIF1
CDK2 ® * ®
POUSF1 *
015 MYOD1 MYC RB1
A A P4 CLN8
MAPK1 [ J
o CTANE PSHES 2 Wedha PFKFB4
7 [ J N @
MLLT11 A N sP3
[ J TCF4
STKi1 A MAPK3 A
Duﬁpg M N4BP1 MDK PSEN2
ETS1 SMAD2 [ ° ®
ETV4 MAPK14 A A
€ NUMBL POGLUT1
DUSP8 L J
L CERPB PN ITCH NOTCH:
* 2
® DTX1 ® e
MAP3K6
JUNB °
E2F4
DUSP14 a0 A PCBP2
[ ® [
MYBL2 GXYLT2
A ANF11 ASCL1 PSEN1 L]
o A °
SMAD4
A

Figure D.3: CARNIVAL network for IPF signature.

Up- and down-regulation are indicated as red and blue, respectively. Transcription factors (A),
epigenetic regulators (m), and kinases (®) are indicated through distinct node shapes given the
specific interest in these targets in this study.
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Figure D.4: CARNIVAL network for bleomycin injury signature.

Up- and down-regulation are indicated as red and blue, respectively. Transcription factors (A),
epigenetic regulators (m), and kinases (®) are indicated through distinct node shapes given the
specific interest in these targets in this study.
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Figure D.5: Bioactivity data for correlated targets and matched compounds.

For all targets with positive correlations between bioactivity and signature matching for both
signatures and significance for at least one (p-value < 0.05), the pCHEMBL values across
matched compounds are shown and have been clustered using the Jaccard distance based on
the presence or absence of a measured pCHEMBL value.
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Figure D.6: Baseline expression of identified targets in intermediate progenitors and the
A549 cell line.

The highest expression is found for HSP90OAAT, while some of the tyrosine kinases are not
expressed (Expression < 0.5 TPM) across all of the cell populations indicating that target
engagement may not be feasible in vivo.
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