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Summary

A phenocopy is defined as an environmentally induced phenotype of one individual
which is identical to the genotype-determined phenotype of another individual. In
the present work, the phenocopy phenomenon has been translated to the drug dis-
covery process as phenotypes produced by the treatment of cellular systems with
small interfering RNAs (siRNAs) or new chemical entities (NCE) may resemble envi-
ronmentally induced phenotypic modifications. Various new chemical entities exert-
ing inhibition of the kinase activity of Transforming Growth Factor Beta Receptor |
(TGF-BR1) were ranked by high-throughput RNA expression profiling. This chemical
genomics approach was able to unravel both on-target effects (effects, caused by
the inhibition of the drug target) and off-target effects (effects, caused by the inte-
raction of the NCE with additional molecules). It resulted in a precise time-
dependent insight into the TGF-B biology (referred to as on-target signature) and
allowed furthermore a comprehensive analysis of each NCE’s off-target effects (re-
ferred to as off-target signatures). Both signature types can support the drug discov-
er process. The on-target signature helps to characterize the mode of action of the
drug target (TGF-BR1) and thereby supports the target validation as well as the assay
development process. Furthermore, the evaluation of off-target effects by the Phe-
nocopy approach allows a more accurate and integrated view on the mode of action
of the compounds, supplementing classical biological evaluation parameters such as
potency and selectivity. The presented proof of concept study allowed the ranking of
NCEs that were before indistinguishable solely based on potency and selectivity. Ac-

cording to the newly introduced criteria, several of the tested NCEs revealed liabili-



ties at e.g. the induction of off-target effects and of induction of gene regulation in-
verse to the desired TGF-B inhibition effect, at the induction of cell death, at acting
as pro-inflammatory stimuli and as promoting cellular growth and at induction of
cancer pathways. Ultimately, this approach has therefore the potential to become a

novel method for ranking compounds during various drug discovery phases.



Zusammenfassung

Eine Phanokopie ist als ein Individuum definiert, dessen Phanotyp durch einen Um-
welteinfluss mit dem eines anderen Individuums identisch ist, dessen Phanotyp
durch seinen Genotyp bestimmt ist. In der vorliegenden Arbeit wurde das
Phdanokopiephdnomen auf den Wirkstoffentwicklungsprozess Ubertragen. Hierbei
wurden die speziellen Phanotypen in einem Zellsystem durch die Behandlung mit
,hew chemical entities” (NCE), potentiellen neuen Wirkstoffkandidaten, oder mittels
»small interfering RNAs” (siRNAs) induziert. Somit konnen beide Molekilklassen als
externe Umweltbedingung angesehen werden. Hierbei wurden diverse der potenti-
ellen Wirkstoffkandidaten zur Inhibition der Kinaseaktivitdit von Transforming
Growth Factor Beta Receptor | (TGF-BR1) mittels Hochdurchsatz-Expressions-
profilierung klassifiziert. Dieser ,,chemical genomics” Ansatz war in der Lage, sowohl
die On-target Effekte (Effekte, welche durch die Inhibition des Wirkstofftargets aus-
gelost werden), als auch die Off-target Effekte (Effekte, welche durch die Interaktion
des NCEs mit zusatzlichen Molekilen ausgeldst werden) zu identifizieren. Weiterhin
ermoglichte er prazise, zeitlich aufgeloste Einblicke in die TGF-B Biologie (im Folgen-
den als On-target Signatur bezeichnet) und erlaubte eine umfassende Analyse der
jeweiligen Off-target Effekte der Wirkstoffkandidaten (im Folgenden als Off-target
Signatur bezeichnet). Beide Signaturtypen kénnen zur Unterstitzung des Wirkstoff-
entwicklungsprozesses herangezogen werden. Die On-target Signatur charakterisiert
die Wirkungsweise des Wirkstoffziels (target) und unterstitzt somit sowohl den
ytarget validation” Prozess, als auch den ,assay development” Prozess. Des Weiteren

erlaubt das Ermitteln der Off-target Effekte durch den Phanokopieansatz einen pra-
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zisen und ganzheitlichen Einblick in die Wirkungsweise der Wirkstoffkandidaten und
erganzt klassische, biologische Bewertungsparameter wie Wirksamkeit und Selektivi-
tat. Die hier prasentierte Machbarkeitsstudie ermoglicht die Klassifizierung von
Wirkstoffkandidaten, die zuvor auf der Basis von Wirksamkeit und Selektivitdt nicht
zu unterscheiden waren. Entsprechend der neu eingefiihrten Kriterien zeigen ver-
schiedene der getesteten Wirkstoffkandidaten unterschiedliche Vorbelastungen, wie
z.B. das Auslosen von Off-target Effekten und von Genregulation, welche gegenlaufig
zu dem gewiinschten TGF-B Inhibitionseffekt verlaufen. Des Weiteren konnte gezeigt
werden, dass manche NCEs Zelltod induzieren, als proinflammatorische Stimuli fun-
gieren, das Zellwachstum steigern konnten und Krebssignalwege induzieren. Letzt-
endlich hat dieser Ansatz somit das Potential eine neue Methode zur Klassifizierung
von neuen Wirkstoffkandidaten, wahrend verschiedenster Phasen des Wirkstoffent-

wicklungsprozesses, zu werden.
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Ph.D. Thesis Patrick Baum

1. Introduction

Phenocopy - A Strategy to Qualify Chemical Compounds during Hit-to-Lead and
Lead Optimization



1.1 Phenocopy strategy

A phenocopy is defined as an environmental induced, non-heriditary phenotype of
one individual which is identical to the genotype-determined phenotype of another
individual. In other words, the phenocopy induced by the environmental condition
mimics the phenotype produced by a gene. For example, a phenocopy is observed in
Himalayan rabbits which have a white colored coat along with a black tail, nose and
ears when raised in moderate temperatures. However, when raised in colder cli-
mates, they develop phenotypically similar to genetically different black coated rab-
bits. The Himalayan rabbits exhibit black coloration of their coats, resembling the
genetically encoded black rabbits. Hence, in colder climates the Himalayan rabbit is a
phenocopy of the black rabbit'. The phenocopy phenomenon can be translated and
used for the drug discovery process through inhibiting a drug target with different
functional modulation technologies and thereby mimicking a phenotype of interest.
Inhibition can be achieved using RNA interference (RNAI), to knockdown a target, or
by small molecule inhibitors (new chemical entities — NCEs), to block or inhibit the
activity of the target. These modulators can be used as a particular environmental
condition by treating in vitro cultured cells. Effects of the inhibition can be monitored
by high-throughput RNA expression profiling and derived gene expression signatures
represent either partial or exact phenocopies. Here, induced phenocopies consist of
gene expression signatures caused by different pathway modulator treatments
(siRNA and NCE). Subsequent analysis of the gene expression signatures will eluci-
date two critical issues for drug discovery. First, getting a deeper insight into a tar-

get’s biology by identifying genes whose expression are transcriptionally altered af-
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ter interfering with the target of interest, referred to as the on-target signature.
Second, single observations for each modulator used can identify genes regulated
independently of the target inhibition, referred to as the off-target signature. The
on-target signature is independent of the used modulator and defines the biological
mode of action of the target. In contrast, the off-target signature defines the mode
of action for each modulator used, which has to be not necessarily limited to the
inhibition of only the target. The obtained off-target signatures can subsequently be
used to qualify the NCEs of interest. This strategy was applied to NCEs and siRNAs
directed against the target TGF-B receptor 1 (Figure 1).

o TGF-B

N CE '9" @ "'.é‘ stimulation

titration

CTRL
siRNA

knockdown

Compound
Qualification

TGF-5 Ligands:
TGF-fis, Activins, Nodals

Type |
Type Il o0 B0 Hocoptor
Rocoptor IR 1FEC0P!

On-Target Signature

\
SARA)
Raclcdedd) «— \l

L 7_<+,,\%,\ @
NG <

TGE-B Off-Target Signature 4

Signaling e L L

Figure 1 — Phenocopy workflow

In vitro cultured HaCaT cells stimulated with TGF-B were treated with NCEs inhibiting the kinase activ-
ity of TGF-BR1 or with a siRNA specific against TGF-BR1. After 2, 4 and 12 h total RNA was isolated for
hybridization on Illumina Beadchips and expression profiles were generated. The concentration and
time-dependent on-target (TGF-B signature) as well as the off-target signatures for every NCE were
obtained by bioinformatic analysis. Compounds were qualified according to their off-target signatures
by influencing other pathways.
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1.2 Modulators — siRNAs & kinase inhibitors

There are different ways to modulate a signaling pathway. In the present study two
functional modulation technologies were applied to either block the enzymatic activ-
ity of the receptor kinase by small molecular compounds (kinase inhibitors) or to
perform a siRNA-mediated mRNA knockdown (RNAI) of the entire receptor. Pathway
inhibition could also be achieved by the use of other external stimuli such as apta-
mers or blocking antibodies. Unfortunately, in the present case both molecule

classes were not available for TGF-f receptor 1.

1.2.1 RNA Interference (RNAI)

The discovery of small interfering RNA molecules (siRNA) has been a mile stone in
the field of molecular biology. RNA interference is not only used in basic research but
is also efficiently applied in mammalian cells® for target identification and validation
in pharmaceutical research and even finds its way into the clinic as third generation
drug3. During the canonical RNAi pathway, siRNAs target complementary mRNAs for
transcript cleavage and degradation in a process known as post-transcriptional gene

silencing®. Endogenous siRNAs are generated from a long double-stranded RNA via
digestion by the RNase Dicer. Resulting siRNAs are ~21-23 nucleotide duplexes with
symmetric 2-3 nucelotides 3’ overhangs and 5’-phosphate groups’. In contrast, syn-
thetic siRNAs, initially unphosphorylated, are phosphorylated by hClpl immediately

after transfection into cells®. This phosphorylation is crucial for the subsequent in-

corporation of the siRNAs into a multi-component nuclease, the RNA-inducing silenc-
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ing complex (RISC)’. During RISC assembly the double stranded siRNAs are unwinded
and only one of the strands stably associates with the complex. Rules that govern
selectivity of strand loading into RISC are based on differential thermodynamic sta-
bilities of the ends of the siRNAs® . The less thermodynamically stable end is favored
for binding to RISC. The incorporated strand, called guide strand, directs target rec-
ognition by perfect or near-perfect Watson-Crick base pairing10 between the incor-
porated siRNA and the mRNA transcript’’ whereas the other strand, the passenger
strand, of the RNA duplex is discarded. As part of RISC the endonuclease Ago-2 is
responsible for the cleavage of the mRNA. The cleavage activity is very precise: the
phosphodiester linkage between the nucleotides that are base-paired to siRNA resi-
dues 10 and 11 (relative to the 5 end of the siRNA) is cut to generate 5’-
monophosphate and 3’-hydroxyl termini*? leading to subsequent degradation
through cellular exonucleases. Upon activation, RISC can undergo multiple rounds of
cleavage resulting in a robust gene silencing.

However, the specificity of siRNA molecules has been a debate since the first de-
scription of RNAIi as a technique for the down-regulation of a gene product. In the
meantime, many studies on siRNA selectivity provided insight into the origin of
siRNA regulations besides the intended reduction of the target sequence. These so
called off-target effects are based on two distinct mechanisms: the siRNA sequence
dependent and the double stranded RNA related off-target effects. The problem of
the sequence dependent off-target effects is explained by either the binding of the
passenger strand of the siRNA molecule to the inverted complementary sequence of
an off-target transcript or by the low stringency binding of imperfect matches be-

tween the guide strand and the off-target transcript. Both events lead to undesired
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transcript degradation after incorporation of the respective siRNA derived single
stranded RNA into Ago proteins. The double stranded RNA related off-target effects
can be summarized as an innate immune system response of the cell recognizing the
presence of pathogen-associated molecular patterns (PAMPS) by host pattern rec-
ognition receptorsls. The recognition is accomplished by cytoplasmatic, double
stranded RNA binding proteins like PKR* leading to the silencing of translation or by
RIG-1 and MDA-5", which leads to the activation of interferon regulator factor (IRF)
or NFkB signaling. An additional group of membrane bound receptors also recogniz-
es siRNA molecules either as double stranded RNA like TLR3 or by the presence of a
ribose-backbone in close proximity to multiple uridine residues like TLR7*® or more
specifically via GU-rich motifs like TLR7 and TLR8'" . The recognition of PAMPS via
these Toll-like receptors again activates the NFkB and interferon signaling cascades®
and markers of this activation have been described®. Several strategies were devel-
oped to overcome these off-target effects'® by modifying the ribose backbone of the
siRNA molecules. The chemical modifications avoid nuclease degradation, the incor-
poration of the passenger strand into RISC as well as the binding and activation of
the PAMPS receptors. The strategies of chemical modifications include 2’-O-methyl
modification of single®* or multiple sequences positions*, 2’-F-modifications® or

even non-ribose backbones like locked nucleic acids®* or arabinose® moieties.
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1.2.2 Kinase Inhibitors

A new chemical entity (NCE), also referred to as new molecular entity (NME), is a
novel pharmaceutical agent that does not contain an active chemical moiety pre-
viously approved by the United States Food and Drug Administration (FDA). This
moiety is further defined as a molecule or ion, responsible for the physiological or
pharmacological action of the drug substance. Thereby those appended portions of
the molecule are excluded that cause the drug to be an ester, salt or other noncova-
lent derivative®®. The identification and characterization of these new molecular
compounds represents one of the most important areas of pharmaceutical research
in the pursuit of the next generation of therapeutic agents. Biological systems con-
tain only four types of macromolecules that can be interfered using such a small
chemical molecules: proteins, polysaccharides, lipids, and nucleic acids. However,
the vast majority of successful drugs achieve their activity by binding to and modify-
ing the activity of a protein. According to different estimations mainly based on the
identification of druggable protein domains in the human genome there are be-
tween 2,000 and 3,000 gene products that can be treated by small chemical mole-

cules®” %

. The conservative estimation of Russ et al. assumes that with approximate-
ly 520, protein kinases represent with 22 % the biggest group of potential drug tar-
gets (Figure 2). Collectively, all these kinases, referred to as the human kinome,

phosphorylate approximately 500,000 sites in the human proteome and are there-

. . . . 2
fore involved in the regulation of virtually every cellular process®.
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H Protein kinase B GPCR M lon channels Proteases

W Transporters M NHR B Cyp enzyme M Other

Figure 2 — Druggable genome

Conservative estimation of the druggable genome by Russ et al.’® Abbreviation: GPCR: G-protein
coupled receptor; NHR: nuclear hormon receptor; Cyp: cytochrome P450

Thus, kinases have become one of the most intensively investigated drug target
classes with at least 30 targets being developed to a level of clinical phase | trial in-
cluding 11 inhibitors approved for clinical use so far’®. Although kinase inhibition is
predominantly discussed for the treatment of cancer, various other diseases, includ-
ing immunological-, neurological-, vascular - and metabolic disorders, are linked to

deregulation of kinase function®” *!

. Kinase activity can be blocked by small chemical
molecules in four different ways>?: i) Type I inhibitors. Kinases can adopt both active
and inactive conformations. These molecules bind to both conformations in an ATP-
mimetic manner to the ATP binding pocket of the kinase and thus prevent activity by
blocking ATP binding (Figure 3). ii) Type Il inhibitors. Kinase activity is blocked by
preventing ATP binding and also by stabilizing the inactive conformation. This is

achieved by the occupation of the ATP binding site and an adjacent hydophobic

pocket involved in the conformational change. iii) Covalent inhibitors. Comparable to
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Type | inhibitors, they occupy the ATP binding pocket. However, once they are bound
they form a covalent bond with an active site residue, usually a cysteine. iv) Alloster-
ic inhibitors. These molecules are non-ATP-competitive and bind to a location in
which binding modulates the catalytic activity of the kinase.

Collectively, due to the mode of action of these molecules and the partial highly pre-
served tertiary structure of kinases, it is often challenging to achieve a selective inhi-
bition. Therefore, off-target effects of these inhibitors must be thoroughly investi-
gated. Standard procedures to annotate kinase selectivity are in vitro enzymatic or
binding assay counter screens against a panel of recombinant kinases and are availa-
ble from a number of service providers. Discovering the full range of targets is also
important for an alternative strategy for the use of kinase inhibitors that block the
activity of more than one kinase to achieve a synergetic treatment effect. Such poly-
pharmacolgy approaches seem to be a promising strategy for the treatment of dis-
orders that tend to result from multiple molecular abnormalities such as cancer. So
far, different of these promiscuous drugs have been approved. Among others, the
most prominent examples are the anti-cancer drug Imatinib (Gleevec) and the schi-

zophrenia drug Clozaril*%.
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His 283

\

Figure 3 — Type | inhibitor

X-Ray structure of the Type | TGFB-R1 kinase inhibitor BI2 used in the present study. Typically for its
chemotype, the indolinones, BI2 binds into the ATP pocket of the kinase and displays the canonical
hydrogen bonds between the lactam moiety and Asp281 and His283 of the kinase hinge region. The
6-amido substituent on the Indolinone core points towards the TGFB-R1 specificity pocket flanked by
Phe262 and Lys232%.

1.3 Drug Development Process

The initial state of the drug development process is the identification of a potential
therapeutic drug target whose modulation might inhibit or reverse disease progres-
sion. A wide variety of different approaches for target identification is used in both
academic and pharmaceutical research, including high-throughput technologies like
the profiling of changes on transcriptional®® (genomics) or protein®® (proteomics)

levels or the use of (genome-wide) RNAI screens>®. Furthermore, reverse pharmacol-
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ogy approaches are used as a more holistic approach. Here, phenotypes are
screened after the treatment of an in vitro system with a compound library, desired
phenotypes are selected before the hit drug target is identified®”. An alternative
strategy that arrived in the “omics era” is data mining where mostly literature or
microarray databases are screened for potential hits®.

Subsequent to identification, target validation must demonstrate that the target is
truly involved in the progress of the disease and that its modulation can result in a
therapeutic effect. To unravel this therapeutic potential, extensive in vitro studies in
a relevant cellular system as well as in vivo experiments using e.g. genetically mod-
ified organisms such as knock-out animal and/or disease related animal models need
to be performed. Here, the biological contribution is characterized through activa-
tion, inhibition, overexpression or silencing of the target. A robust assay must be
developed that can be used in high-throughput screening (HTS). Here, compound
libraries are screened to identify substances that antagonize, agonize or modulate
the drug target. These compounds are then classified as hits. The hits are further
validated in counter screens before the best candidates will result in lead series (hit-
to-lead phase) and finally enter the lead optimization (LO) process. Here, the struc-
tures of a lead class are chemically modified to first identify a suitable chemotype as
lead class that is then further optimized in regards of potency, selectivity and phar-
macokinetics of the molecules®®. However, very little information may be available
that will give insights into the entire mode of action of the different hits that includes
triggering of additional unwanted effects like toxicity. Selecting the best lead struc-
tures or compounds for optimization that are further promoted to pre-development

candidates remains a challenging task.
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For an optimal use of any drug it is pivotal to know its fate after administration to
the body. Therefore, the pharmacokinetic (PK) and metabolism of the candidates
must be determined. Four parameters (absorption, distribution, metabolism and
excretion, referred to as ADME scheme) are mainly analyzed to identify what the
organism does with the drug4°: i) Absorption, which is defined as the movement
from the site of administration to the site of measurement (e.g. the bloodstream) in
the body. ii) The distribution describes the process during which a drug moves from
one site within the body to another. Drugs can either remain in the vascular system,
get equally distributed in the body or are concentrated to specific organs or tissues
mostly dependent on the molecular weight or solubility**. iii) Metabolism of the drug
can be seen as a detoxification function of the body to xenobiotic molecules. Ideally,
a drug is eliminated once its effect is no longer required. Although some drugs can
be eliminated without structural changes, the vast majority must be metabolized to
water soluble components to guarantee their excretion in bile or urine. A first group
of enzymes (e.g. cytochrome P450 oxidases) carries out oxidation, reduction or hy-
drolytic reactions of the drug molecule (phase | reaction) before a second group (e.g.
UDP-glucuronosyltransferases or glutathione S-transferases) introduces hydrophilic
residues (phase Il reaction)*?. iv) Excretion is defined as the process whereby drugs
or their metabolites are removed from the body. Hereby the kidney and the liver are
major secretory organs. Excretion through salvia, sweat, tears, breast milk, hair and
nails is also described®® but only with minor contribution. Different experiments are
performed to study ADME profiles, including absorption analysis on cells or artificial
membranes® or protein binding of compounds**, their stability in plasma or serum

and their metabolism by e.g. screening their specific cytochrome P450 profile using
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recombinant enzymes®. Furthermore, LC-MS/MS based bio-analytical methods are
applied to identify and quantify the compounds or their metabolites in blood, urine
and other biological fluids or tissues”®.

Besides potency the drug candidates must also fulfill safety criteria. The therapeutic
index compares both parameters: the dose necessary to produce a toxic effect with
the dose sufficient to achieve efficacy. It is therefore a numerical measurement for
both beneficial effect and relative safety of the drug candidate. The index is calcu-
lated upon preclinical in vitro and in vivo safety evaluation. While standard ap-
proaches to test in vitro cytotoxicity analyzes cell density, -integrity or -health para-
meters (e.g. ATP conc., lysosmal mass, mitochondrial membrane potential, nuclear

47, 4 . . . . . .
%8 in vivo toxicology involves studies in both rodent and non-

fragmentation)
rodent species and investigates toxic effects using well-proven markers such as his-
topathology, physiology- and blood-chemistry parameters®. Additionally, toxicoge-
nomics approaches are performed where RNA profiles of specific organs (mostly
liver, kidney and heart) are analyzed after compound application, to mostly rodents,
to screen for the induction of known toxicity related genesso.

After positive non clinical safety assessment, the drug candidates can enter clinical
trial as Investigational New Drug (IND) after acceptance of the regulatory authorities
(FDA for US or EMA for Europe). During the clinical trials, the efficacy and safe-
ty/tolerability of a drug candidate is investigated in humans. The clinical trails are
classified into up to five phases. In 2006, the FDA introduced the Exploratory Investi-
gational New Drug guidance?® that allows a so called phase 0O trial for exploratory

first-in-man analyses. In this phase, also known as microdosing study, a subtherapeu-

tic dose of the drug is administered to a small group of healthy subjects (10-15) to
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investigate its pharmacodynamics and -kinetics. This allows to perform preliminary
proof-of-concept studies at a very early stage and helps to reduce developmental
costs® . In the next stage, phase | trails, the drug is tested in a small group of healthy
subjects (20-80) to investigate its safety, and in depth pharmacodynamics and -
kinetics. Phase | trials addresses dose escalation studies. Therefore a range of differ-
ent drug concentration is administered to indentify the maximum tolerated dose
(MTD) and the suitable dose for future therapy. Subsequent phase Il trails continue
to test drug safety in a larger group of subjects (50-300) both healthy and diseased
volunteers. Furthermore, the dose finding process must be completed and ultimately
the effectiveness in disease treatment (proof-of-concept) is tested. After accom-
plishment of phase Il goals the drug can be studied in phase lll trial on a large group
of patients (200-10,000). This so called pivotal trial needs to demonstrate the signifi-
cant therapeutic effect of the drug compared to placebo treatment and ideally supe-
rior characteristics compared to current “gold standard” treatment of the disease®.
Phase Il trails are the most expensive and time consuming studies within the clinical
trails and can last for up to several years, since they are often performed with large
amounts of cohorts at different sites. After successful phase lll trail, an application
with all necessary information about the drug out of the data of preclinical and clini-
cal studies can be submitted to the regulatory authorities (FDA and/or EMA) to
achieve an approval to the market. Even after successful approval, the drug can be
further investigate in a phase IV trail either to study rare adverse effects only detect-
able in a large collective of patients or for marketing reasons to find superior fea-

tures of the treatment compared to competitor drug treatment.
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However, the critical issue in drug development is the high attrition rate. The aver-
age success rate of a drug development program is approximately 11 %°>. However,
the success rate differs strongly dependent on the therapeutic indication. While suc-
cess rate for drugs treating cardiovascular disease is reasonably high with 20 %, only
5-15 % of all cancer programs succeed® >, Additionally, the amount of FDA approv-
als decreased from 53 new drugs in 1996 to only 19 in 2009°°. Possible explanations
are that recently diseases of great complexity are attacked but also that the entry
bar for new drugs is higher than in the past because they are competing with en-
hanced standards of care. Furthermore, the demands of the regulatory authorities
have increased over the past years™. Responsible for most failures is the lack of effi-
cacy of the treatment in man. Other drugs induce toxic adverse effects, fail due to
chemistry and formulation issues, and have poor pharmacokinetic characteristics or
their manufacturing process fails. Furthermore, a lack of clinical biomarkers prevents
a distinct stratification of the patients or poor design of the clinical trials hampers
identification of significant effects®®. Ultimately, there is a need for new strategies in
all stages of drug development that optimizes the processes and supports the dis-
covery of high quality drugs to cope with the challenges in a changing pharmaceuti-
cal industry. A summary of all stages of the drug development process is depicted in

Figure 4.

26



Target jarget #1334} pliz-cg-Leae & DrUEIPKR: Animal Safety,
Identification Validation,

DEVEIOPMENT Lazie L Clinical Trials
5 IS OpLimZation IVIetabolism! Assessment.

Figure 4 — Drug development process

Drug development process can be divided in seven phases. It starts with the identification of the drug
target whose modulation might inhibit or reverse disease progression. The target validation has to
show that the target is causative of the disease symptoms and that modulation of the target ameli-
orates these symptoms. The assay development and high-throughput screening process have to find
lead structures for the target modulation that are further improved during the lead optimization
phase. Pharmacokinetic and metabolism investigate the fate of the drug after administration to an
organism and animal safety assessment screens for toxic effects upon treatment. After successful
assessment of all these phases the drug candidate can be investigated in clinical trials.

1.4 Microarrays and Gene Expression Analysis

Investigation and understanding of complex functional mechanism of a living organ-
ism requires a global and parallel analysis of different cellular processes. There are
many possibilities to survey these cellular processes including mRNA levels, protein
expression, epigenetic modifications or metabolite profiles®’. However, state-of-the-
art method is the use of microarrays for the detection of transcriptional changes.
The analysis of gene expression with microarrays is a well-established procedure®®
and various different technical approaches were developed. The most frequently
used arrays were developed by Affymetrix>> and Illumina®. Affymetrix arrays are
composed of 11 probes per gene that are 25 base pairs long. The probes are directly

synthesized on the surface of the chip at a defined position by photolithography. In
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contrast, Illumina arrays have 1-4 probes per gene that are 50 base pairs long. These
probes are linked to beads that are then randomly arranged on the surface of the
chip. Their location is subsequently decoded by a sequential hybridization proce-
dure.

Over the past years microarray experiments have resulted in a big variety of gene
expression compendia generated for different purposes. The first large-scale gene
expression compendium was generated by Hughes et al.®* from 276 yeast deletion
mutants, 11 conditional alleles and wild-type cells treated with 13 different drugs.
Other efforts were made to generate a Global Cancer Map with samples of 218 hu-
man tumors out of 14 histological classes and 90 normal human tissues®®. Further-
more, a large number of normal human and mouse tissue samples were combined to
the Gene Expression Atlas®. Additionally, several commercial databases such as
Gene Logic’s BioExpress have arisen, containing thousands of expression profiles
from normal, diseased or drug-treated tissues or cell lines from different species.
Ultimately, in a broader sense, ArrayExpress64 and Gene Expression Omnibus (GEO)®®
can also be considered as huge compendia or repositories containing the stored data
of more than 20,000 microarray experiments comprising more than 500,000 sam-
ples.

However, this almost vast quantity of data can be both boon and bane and the sta-
tistical analysis and most notably the interpretation of this data are great challenges.
First, normalization of the data has to be performed to minimize systematic effects
that are not constant between different samples of an experiment and that are not
due to the factors under investigation (e.g. treatment, time). Optimal selection of a

normalization method heavily depends on the nature of the experiment. In this re-
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gard factors like comparability and quality of single runs play a major role. It has
been shown that the normalization method used may influence further downstream
analysis to a great extend®, and thus, has to be carefully chosen based on the actual
data.

Second, the selection criteria for differential expression of a gene have to be deter-
mined. Prior to selection an appropriate test statistic must be used to calculate p-
values between the sample replicates. Commonly applied statistics are t-test, SAM-
test or the U-Mann-Whitney-test®’. Afterwards additional statistical tests, using Bon-
ferroni or Benjamini Hochberg procedures, are often applied to correct the p-values
to reduce the amount of false positives®. Then fold changes between the samples of
interest must be determined. Finally, p-value and fold change cut-offs need to be
determined, dependent on the conducted experiment and the biological system, to
select differentially expressed genes. In order to avoid arbitrary cut-offs, other ap-
proaches use related samples to detect e.g. time or dose responses of a regulated
geneeg’ 70

Ultimately, the critical and most challenging step in every expression analysis is to
find a meaning in the orchestra of regulated genes. Each expression experiment re-
gardless of which technology was used, normally results in a list of genes that are
differentially expressed in one sample compared to another. Historically, each of the
differentially expressed genes on this list was observed independently, relevant
genes were assigned and a biological sense or meaning was deduced from this list,
often without the use of prior knowledge. This time-consuming and partial low effi-
cient approach can be bypassed through an incorporation of prior knowledge that

helps to extract gene groups or gene expression signatures from the list of differen-
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tially expressed genes. The use of gene expression signatures originally derived from
early work on cancer classification from Golub et al.”*. They profiled 38 bone-
marrow samples, 27 from patients with acute lymphoblastic leukemia (ALL) and 11
from patients with acute myeloid leukemia (AML) and were able to predict the class
of 34 other previously unclassified samples using a set of 50 genes known to be
strongly correlated with either ALL or AML. Nowadays, a priori knowledge can be
accessed through the use of various public or commercial databases (e.g. Biocarta’?,
Ingenuity Pathway Analysis’?, Kyoto Encyclopedia of Genes and Genomes’*, Wiki-
Pathways’>, Gene Ontology, Reactome’®) developed by manual curation from litera-
ture, based on expert knowledge or assigned by computational annotation (Gene
Ontology). Different algorithms can overlay the differentially expressed genes with
biological pathways, networks or processes and are able to identify affected sets of
genes with a sometimes small but coordinate change in expression. Additionally, the
so called Gene Set Enrichment Analysis (GSEA)”’ introduces a rank based scoring me-

tric that the magnitude of differential expression can also be included to the analysis.

30



Q4
\

a =\=

AN G i

UV deprotection

-.
=9
>=-9

:

Nucleotide incorporation

-0

A7 Wafer
e Protective group
; Chemical linker
= Mask
% UVlight
AC Nucleotides

Several rounds of selective
light de-protection steps
and nucleotide addtition.

Plasma Cleaning, bead assembly
Resist layer etching and sequential decoding

9-09-%-&

Figure 5 — Microarray manufacturing process

a) Affymetrix microarrays consist of 25mer probes that are chemically synthesized at specific locations
on the surface of the silicon wafer. Synthesis is done in parallel, in a series of repetitive steps. Each
step appends a particular nucleotide to selected regions of the chip. Selection occurs by exposure to
UV light with the help of photolithographic masks. b) Illumina BeadChips are manufactured in four
major steps. First, previously synthesized oligonucleotides, containing address and probe sequences,
are linked to beads. Probe sequence is gene-specific for the binding of the transcribed and labeled
cRNA. Always one species of oligonucleotide is covalently coupled to one bead, resulting in one bead
type per surveyed gene. Second, the silicon wafer is coated with a micro-structured resist layer, then
plasma etching is performed and subsequently the resist layer is removed. Third, the silicon wafer is
flooded with the beads that self-assemble to a randomized microarray. Final, sequential decoding
process78, using decoder oligonucleotides complementary to the address sequence of the beads, is
performed to map the probe position.
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1.5 Transforming Growth Factor Beta (TGF-f3)

TGF-B is a multifunctional cytokine with effects on cell growth, migration, adhesion,
differentiation, apoptosis and epithel-to-mesenchymal transition’®. The canonical
signaling pathway, as described by Shi and Massagué’®, consists of TGF-B receptor 1
and 2 (TGF-BR1 & R2), receptor serine/threonine protein kinases, and the family of
Smad proteins. The ligands TGF-B1, 2 and 3 but also Activin and Nodal initiate signal-
ing through binding and subsequent formation of a receptor complex of TGF-BR1
and TGF-BR2. This allows TGF-BR2 phosphorylation of TGF-BR1, which then propa-
gates the signal through phosphorylation of Smad2 and Smad3. Once phosphory-
lated, these regulated Smads (R-Smads) form heteromeric complexes with the Co-
Smad, Smad4. This activated Smad complex enters the nucleus and in conjunction
with other cofactors, such as CBP, TGIF and HDAC, interacts with the DNA and regu-
lates gene expression. TGF-B signaling is regulated at several levels. First, the access
of the R-Smads is controlled by the Smad anchor for receptor activation, SARA.
Second, the E3 ubiquitin ligases, Smad ubiquitination regulatory factor-1 & 2 (Smurf-
1 and 2), control the turnover of the TGF-B receptor and thereby the activation of
Smads. Third, the inhibitory Smad (I-Smad), Smad7, acts antagonistically and inhibits
receptor mediated activation of R-Smads. Finally, another level of control of the
Smad pathway is via the regulation of nuclear accumulation of Smads, by the Ras-
Extracellular signal kinase (ERK) pathway. There are also non-Smad mediated signal-
ing events®. For instance, TGF-BR1 can mediate JNK signaling by interacting with E3
ubiquitin ligase TRAF6 and subsequent activation of TAK1, MKK4 and 7 to trigger

JNK-dependent apoptosisgl,
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Figure 6 — Canonical TGF-f signaling pathway

Pathway illustration was taken from the Ingenuity Pathway Analysis (www.ingenuity.com) library of
canonical signaling pathways.
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Malfunctions within the TGF-B signaling pathway may result in cancer, fibrosis and

8284 Therapeutic approaches to inhibit its signaling by

diverse hereditary disorders
targeting TGF-BR1 with antibodies, antisense molecules or kinase inhibitors® are
widely discussed for the treatment of idiopathic pulmonary fibrosis (IPF) and solid

tumor growthgs' 87

. Lung diseases like asthma, chronic obstructive pulmonary disease
(COPD) or idiopathic pulmonary fibrosis (IPF) are associated with an abnormal in-
flammatory response in combination with airway remodeling through fibrosis, goblet

cell hyperplasia and smooth muscle thickening®®

. Among other growth factors and
cytokines, TGF-B is highly expressed in fibrotic tissues and up-regulates the expres-
sion of adhesion molecules required for the recruitment of monocytes and neutro-
phils which both initiate inflammatory responses. Furthermore, TGF-B plays a pivotal
role in the biosynthesis and turnover of extracellular matrix (ECM) proteins like col-
lagens, fibronectin and proteoglycans and is thus contributing to fibrosis and stimu-
lates smooth muscle cell proliferation®®. During cancerogenesis the function of TGF-B
is Janus-faced. On the one hand, TGF-B acts as tumor suppressor by inhibiting the
proliferation of normal epithelial, endothelial haematopoietic cells and early epi-
thelial cancer cells. On the other hand, once tumorigenesis has been initiated tumor
cells escape this growth control and produce high levels of TGF-B resulting in pro-
found changes of the tumor’s microenvironment in which TGF-B promotes tumor
growth. The tumor-promoting effects include extracellular matrix degradation and
epithelial mesenchymal transition by increased production of platelet-derived
growth factor (PDGF), connective tissue growth factor (CTGF) and matrix metallopro-

teinases (MMP). Furthermore, angiogenesis is triggered by an up-regulation of vas-

cular endothelial growth factor (VEGF)®” %°. Clearly, inhibition of TGF-BR1 holds
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promise as a new modality for the treatment of fibrotic diseases and cancer. Several
small molecules targeting TGF-BR1 have been reported in literature® among them
SB-431542, LY-2109761, SD-208, SM-16 and others. Recently, LY-2157299, a deriva-
tive of LY-2109761, was advanced into phase | clinical trials for the treatment of can-
cer’. Most known TGF-BR1 inhibitors are based on five-membered heterocyclic
chemotypes (imidazoles, pyrazoles or thiazoles) occupying similar positions in the

ATP pocket of the TGF-BR1 kinase domain.

SB-431542 LY-2109761

SD-208 SM-16

Figure 7 — TGF-B receptor 1 kinase inhibitors
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1.6 Aim

The goal of the present work was to establish a procedure to support early phases in
the drug development process. Therefore, the phenocopy phenomenon should be
applied to an in vitro system by inhibiting TGF-B signaling with siRNAs and a novel
structural lead class of TGF-BR1 kinase inhibitors and subsequent high-throughput
expression profiling. This chemical genomics approach can then be used to elucidate
the mode of action of TGF-BR1 as well as for the identification of the inhibitors’ off-
targets to allow a more accurate and integrated view on the optimized compounds,
supplementing classical biological evaluation parameters such as potency and selec-
tivity. The long term goal of such an early compound assessment is to reduce the
attrition rate of advance clinical programs by an early discovery of liabilities of the

analyzed NCEs.
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2. Results

Phenocopy - A Strategy to Qualify Chemical Compounds during Hit-to-Lead and
Lead Optimization



2.1 Phenocopy Platform

To perform the Phenocopy approach HaCaT cells (human keratinocytes) were cul-
tured and treated to analyze TGF-BR1 modulators. First, it was important to demon-
strate that the TGF-B signaling of the cells is functional and reproducible. Therefore,
three readouts were carried out to cover the entire TGF-B signaling process that
represent early, intermediate and late responses upon TGF-B stimulation. Direct
downstream targets of the activated TGF-BR1 kinase are Smad2 and Smad3 proteins.
Their phosphorylation initiates the intracellular signaling cascade. Smad phosphory-
lation was investigated by ELISA using an antibody specific for phosphorylated
Smad2/3. This assay showed a significant increase of Smad2/3 phosphorylation al-
ready 15 minutes after stimulation with TGF-B. Phosphorylation was further en-
hanced after 30 and 60 minutes and remained stable for further 60 minutes (Figure
8a). A well characterized downstream target of TGF-B signaling is PAI-1
(SERPINE-1)*%. The expression of PAI-1 at mRNA levels (qRT-PCR) and at protein le-
vels (ELISA) was measured as surrogate marker for intermediate and late responses
of TGF-B signal transduction. PAI-1 mRNA expression was TGF- concentration- and
time-dependent. An up to 70-fold up-regulation was detected 6 h after TGF-B stimu-
lation. This expression decreased at later time points (Figure 8b). Subsequently, the
supernatants were analyzed for PAI-1 protein expression. The expression of PAI-1
protein was delayed compared to the mRNA expression and can therefore be consi-
dered as a late response to TGF- stimulation. The first significant increase was seen

6 h post stimulation and PAI-1 further accumulated at later time points (Figure 8c).
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After establishment and characterization of the cellular platform, it was possible to

start the evaluation of the different pathway modulators.
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Figure 8 - Phenocopy platform read outs

Three readouts representing early (Smad2/3 phosphorylation), intermediate (PAI-1 mRNA) and late
(PAI-1 protein) responses to TGF-B stimulation were performed. a: phospho-Smad2/3 ELISA. This
assay showed a significant increase of Smad2/3 phosphorylation 15 minutes after stimulation with
TGF-B. Phosphorylation was further enhanced after 30 and 60 minutes and remained stable for fur-
ther 60 minutes. b: PAI-1 mRNA. Elevated PAI-1 expression was demonstrated by gRT-PCR after TGF-3
stimulation in a concentration- and time-dependent manner. c: PAl-protein. The supernatants were
analyzed with a PAI-1 ELISA for protein expression. The first significant increase was observed 6 h post
stimulation. Subsequently, PAI-1 further accumulated in a concentration-dependent manner. All re-
sults are representative of three independent experiments. Student t-test was used to calculate the
significance compared to unstimulated cells (*< 0.01 & **<0.001). All error bars indicate the standard

deviation of n=3.
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2.2 Modulator characterization

Two different functional modulation technologies were used to inhibit TGF-B signal-
ing in HaCaT cells: RNAi and enzymatic kinase inhibition. siRNAs and seven NCEs
(Table 8) were used to monitor and characterize mRNA transcriptional changes upon

knockdown of TGF-BR1 mRNA or inhibition of TGF-BR1 kinase activity.

2.2.1 siRNA characterization

In the present study, siRNAs were used as alternative modulation technology and
therefore as reference for the NCE treatment. However, the method as well as the
treatment with siRNAs had to be adjusted to the cellular system of the Phenocopy
platform. First, the protocol for the transfection of HaCaT cells was established, next
an appropriate control molecule was identified and finally TGF-BR1 siRNAs were cha-

racterized and selected.

2.2.1.1 Transfection protocol

First, a protocol had to be chosen, suitable for an optimal transfection of HaCaT cells.
Therefore, a well-characterized siRNA directed against GAPDH> was transfected
using either lipofection or electroporation. Subsequently, knockdown efficacy was
determined by qRT-PCR as surrogate for transfection efficacy. For lipofection four
different transfection reagents from Dharmacon (DF1-DF4) were tested. Electropora-
tion was carried out by Amaxa Nucleofector®. Lipofection using DF1 resulted in a

knockdown of more than 95 %, but also the use of DF2 and DF4 led to knockdowns
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of approximately 90 % and comparable good results were also achieved by electro-
poration (Figure 9a). However, the lipofection protocol using DF1 was better tole-
rated by the HaCaT cells. LDH release to the supernatants of the cells was measure
to analyze membrane integrity as measure for cell death after transfection. DF1
transfection resulted in less than 5 % cell death compared to the electroporation
method with over 15 % dead cells (Figure 9b). Thus, HaCaT cells were transfected
using DF1 in all further experiments due to slightly better transfection efficacy and

less cell death compared to the other tested reagents or protocols.
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Figure 9 — Transfection method

a: HaCaT cells were transfected with a GAPDH-specific siRNA using either lipofection (DF1-DF4) or
electroporation (pulse). Among the different lipofection reagents, highest knockdown was achieved
by DF1 (> 95 %). Electroporation resulted in a knockdown of approximately 90 %. b: cell death caused
by the transfection was analyzed through LDH activity in the supernatant of the cells. Fewer cells died
after DF1 transfection (< 5 %) compared to the eletropration method (> 15 %). Student t-test was
used to calculate the significance (*< 0.01). All error bars indicate the standard deviation of n=2.
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2.2.1.2 Control siRNA off-target profiling

In general, control siRNA molecules, unable to mediate mRNA knockdown, are used
for the normalization of specific siRNA effects. These molecules either consist of se-
quences that are not complimentary to any mRNA molecule (non-targeting siRNAs)
or are not able to enter RISC (RISC-free siRNAs). In the most optimal situation, the
use of these molecules should not introduce any gene regulation or phenotype. In
order to find a control siRNA molecule suitable for a wide range of experiments the
analysis was not only focused on the Phenocopy cell system. Therefore, the specifici-
ty of 13 control siRNA molecules from different vendors (Table 1) was compared by
use of microarray expression profiling in two human cell lines HaCaT (keratinocyte
phenotype) and HT1080 (fibroblast phenotype), as well as in the murine fibroblast
line 3T3-L1. The control siRNA molecules were transfected using optimized condi-
tions (high transfection efficacy without increased LDH release) in five independent
experiments. All used control molecules are non-targeting siRNAs. The only excep-
tion is the siRNA Dé6ctrl representing the RISC-free control siRNA type. After 48 h the
transcriptional changes introduced by these molecules were identified performing
Illumina BeadChip based expression profiling. The profile of each treatment was
compared with the respective untreated cell cultures. The differences in gene ex-
pression of HT1080 cultures are visualized as volcano plots in Figure 10. In the volca-
no plots, every point represents a single transcript. The x-axis shows the log2 ratio
(LR), representing the fold change, between transfected and untransfected cells. The
y-axis is scaled as negative logl0 [p-value] as an indicator of significance. P-values

were FDR-corrected according to Benjamini—Hochberg94. Since the analysis is based
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on five replicates, it was possible to apply relative low fold change cut-offs and

therefore regard all genes which revealed an expression difference of factor of 1.5 or

higher with a FDR-corrected p-value of £ 0.01 as significantly regulated.

Table 1 — List of characterized control siRNA molecules

Vendor Description Cat. No. Abbr.
Ambion Silencer® Select Negative Control #1 siRNA 4390844 Alctrl
Ambion Silencer® Select Negative Control #2 siRNA 4390847 A2ctrl
Dharmacon On-TARGET plus siControl Non-targeting Pool D-001810-10-20  Dictrl
Dharmacon On-TARGET plus siControl Non-targeting siRNA D-001810-01-20  D2ctrl
Dharmacon On-TARGET plus siControl Non-targeting siRNA #2 D-001810-02-20  D3ctrl
Dharmacon On-TARGET plus siControl Non-targeting siRNA #3 D-001810-03-20  D4ctrl
Dharmacon On-TARGET plus siControl Non-targeting siRNA #4 D-001810-04-20  Db5ctrl
Dharmacon siControl RISC-free siRNA #1 D-001220-01-20  Déctrl
Qiagen Control siRNA_1248 customized Qlctrl
Qiagen Random_2 siRNA customized Q2ctrl
Qiagen Control siRNA_2904 customized Q3ctrl
Qiagen Random_1_siRNA customized Q4ctrl
Qiagen Allstar Negative Control siRNA 1027281 Qb5ctrl
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Figure 10 — Control siRNA off-targets in HT1080 cells

Shown are Log2 Ratios (plotted on x-axes) and p-values (plotted on y-axes as negative Log10 p-value)
of control siRNA transfected versus untreated cells are shown. All genes with a fold change > 1.5 and
a p-value < 0.01 were considered as off-target effects of the siRNA. Results represent five indepen-
dent experiments. The p-values were FDR-corrected according to Benjamini-Hochberg.
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As quantitative specificity criteria for the control siRNA molecules the deregulated
genes of each siRNA are summarized for all three cell lines (Table 2). Considering the
number of differentially expressed genes the siRNA Dé6ctrl (RISC-free) shows the
highest specificity among the 13 tested molecules with only four genes being signifi-
cantly deregulated. Also only few differences were found for the treatment with the
siRNAs D1ctrl (Non-targeting Pool), D3ctrl and D4ctrl. Here, less than 20 genes were
altered compared to untransfected cells, whereas the control siRNAs A2ctrl, D5ctrl
and Q5ctrl showed only moderate specificity with more than 20 differentially ex-
pressed genes. The lowest specificity exerted the siRNAs Alctrl, Q2ctrl, Q4ctrl, Qlctrl
and Q3ctrl with the latter two showing several hundreds of differentially expressed
genes compared to the controls. A summary of all genes that were significantly (p-
value < 0.01) deregulated with a fold change larger than 1.5 within the three cell

lines is listed in Table 2 and Supplement 1.

Table 2 - Number of control siRNA off-target transcripts in three different cell lines

HT1080 HaCaT 3T3-11

Color code: blue indicates a small amount of control siRNA off-target effects, red indicates a high
amount.
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Unspecific gene regulations induced by siRNA molecules can often be explained by
partial sequence homologies with the respective mRNA off-targets. An important
observation in this regard was that several of the gene regulations were recapitu-
lated with other control siRNAs. Detailed analysis of the two human cell lines
(HT1080 and HacCaT) identified 26 genes that are commonly deregulated by Qlctrl
and also 26 by Q2ctrl, 21 by Q3ctrl, 10 by Q4ctrl, 4 and 1 by Alctrl and Q5ctrl (Sup-
plement 1). However, only a small intersection is observed with the murine cell line
3T3-L1. Here, only the siRNA Qlctrl down-regulated 3 genes (SPSB1, TOB1 and
PPP1CC) in all three cell lines.

Most deregulated genes were found after transfection of HT1080 cells. Exemplary,
for the effects siRNAs can have on cell lines, the analysis was focused on the effects
of the control siRNAs in HT1080 cells. Hierarchical clustering of all 595 identified
genes altered after treatment with any of the control molecules clearly illustrates
different degrees of similarity among the used control molecules (Figure 11). All
Dharmacon siRNAs have similar effects on gene expression and are all arranged in
one sub cluster structure. The closest similarity of gene regulation is observed for the
Non-targeting Pool D1ctrl and the siRNA D2ctrl. Treatment with one of the other
control siRNAs resulted in more heterogeneous expression patterns. However, the
control siRNA molecules Alctrl and Qlctrl are grouped in one subcluster due to their

overlapping, multiple and strong effects on gene expression.
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Figure 11 — Hierarchical clustering of control siRNA off-targets in HT1080 cells

Hierarchical clustering was performed based on all off-targets identified after expression profiling in
HT1080 cells. The expression patterns of the different control siRNAs reveal several intersections in
gene regulation. Blue indicates decreased expression relative to untreated cells, red indicates in-

creased expression.

A detailed analysis on commonly deregulated genes revealed that 79 genes are diffe-
rentially expressed (FC > 1.5, p-value < 0.01) after the treatment with two or more
siRNAs. Interestingly, it was also possible to identify a group of genes that were

commonly influenced by up to seven control siRNA molecules (Table 3).
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Table 3 - List of Genes Altered by 2 or More siRNAs

Symbol Ensembl Gene Reg. by x siRNAs siRNA Regulation
IL24 ENSG00000181856, ENSG00000162892 7 Al,A2,Q1,Q2,Q3,04,Q5 down
TFRC ENSG00000072274, ENSG00000163975 6 D2,D3,D5,Q2, Q4, Q5 down
FST ENSG00000134363, ENSG0O0000125744 5 D1,D2,D5, Q1, Q4 down
IL1B ENSG00000117480, ENSGO0000125538 5 Al,A2,Q1,Q2,Q5 down
RGS4 ENSG00000115598, ENSG00000117152 5 Al,D1,D2,Q1,Q5 down
AMMECR1 ENSG00000101935, ENSG00000160957 3 D1,D3,Q2 down
CTGF ENSG00000198898, ENSG00000118523 3 Al,Q1,Q2 down
ESM1 ENSG00000164283 3 Al,D2,Q1 down
NOX4 ENSG00000086991 3 Al,Q1,Q2 down
NUPR1_HUMAN ENSG00000176046, ENSG00000180035 3 Q1, Q3,04 down
PNMA2 ENSG00000171362 3 Q1, Q3,04 down
RRM2 ENSG00000176076, ENSGO0000171848 3 D1,D2,Q2 down
ABCA1 ENSG00000165029, ENSG00000129673 2 Q1, Q2 down
ADI1 ENSG00000182551 2 Q1, a3 down
ATG2A ENSG00000156802, ENSG00000110046 2 Q2, Q4 down
CBX6 ENSG00000183741, ENSG00000204149 2 D1, D5 down
CLIC3 ENSG00000169583, ENSG00000160199 2 Q1, a3 down
DDAH1 ENSG00000153904, ENSG00000168172 2 A2,Q1 down
DPYSL2 ENSG00000131264, ENSG00000092964 2 Q1, Q4 down
DPYSL3 ENSG00000172352, ENSGO0000113657 2 Al,Q3 down
DUSP4 ENSG00000120875 2 Al,Q1 down
E2F1 ENSG00000087237, ENSG00000101412 2 D2,Q4 down
ENPP1 ENSG00000197594 2 Q1, a3 down
FLI42986 ENSG00000196460 2 Q1, Q2 down
GALNT4 ENSG00000120322 2 Al,Q1 down
GDF15 ENSG00000130513 2 Q1, a3 down
GFPT2 ENSG00000131459 2 Q1, a3 down
H1FX ENSG00000184897, ENSG00000011405 2 Q2,Q3 down
HAS2 ENSG00000134762, ENSGO0000170961 2 Al,Q1 down
1L11 ENSG00000095752 2 Q1, Q2 down
IL6 ENSG00000151726, ENSG00000136244 2 Q1, a3 down
INSIG1 ENSG00000137714, ENSG00000186480 2 Q2, Q4 down
JAG1 ENSG00000101384 2 Al, Q1 down
KLC1 ENSG00000126214 2 Al, Q2 down
MSRB3 ENSG00000174099 2 Al,Q3 down
NDRG1 ENSG00000104419, ENSG00000184779 2 Q1, a3 down
PAPPA ENSG00000182752 2 Q1, Q5 down
PDGFRB ENSG00000113721 2 Q1,a3 down
PRRT2 ENSG00000167371 2 Q1, a3 down
PTPN1 ENSG00000196396 2 Al,Q1 down
PYGB ENSG00000211598, ENSG00000100994 2 Al, Q1 down
RBPMS2 ENSG00000166831 2 Q1, Q3 down
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Table 3 — continued

Symbol Ensembl Gene Reg. by x siRNAs siRNA Regulation
RDX ENSG00000136634, ENSG00000137710 2 Q2, Q4 down
RNF144 ENSG00000151692, ENSG00000168118 2 Al,Q1 down
SBSN ENSG00000189001 2 Q1, a3 down
SCN2A ENSG00000140859, ENSG00000136531 2 Q3,04 down
SLC2A3 ENSG00000059804, ENSG00000150457 2 Q2, Q4 down
SLC39A10 ENSG00000196950 2 Q2,Q3 down
SNAI2 ENSG00000019549 2 Al,Q1 down
SORBS2 ENSG00000154556 2 Al, Q1 down
SPIRE1 ENSG00000134278 2 Al, Q4 down
SPOCD1 ENSG00000134668 2 Al,Q1 down
SSFA2 ENSG00000138434 2 Al,Q1 down
STAG2 ENSG00000095539, ENSG00000101972 2 Al,Q3 down
THBS2 ENSG00000186340 2 Q1, a3 down
UCN2 ENSG00000145040 2 Q1, Q2 down
UNG ENSG00000076248 2 D2,Q4 down
VGF ENSG00000128564 2 Q1, a3 down
ZMAT3 ENSG00000172667 2 Q2,Q3 down
ZNF467 ENSG00000181444 2 Q1, a3 down
DICER1 ENSG00000148655, ENSG00000100697 7 Al1,A2,D1,D2,D5,Q1,Q4 up
PAEP ENSG00000125944, ENSG00000122133 6 D1, D2, D3, D4, D5, Q4 up
COL22A1 ENSG00000169436 3 A2,D1,D5 up
HES4 ENSG00000188290 3 D1,D5,Q3 up
IL1A ENSG00000115008 3 D2,Q3, Q4 up
KRT80 ENSG00000167767 3 Al,Q1,Q2 up
LIN28B ENSG00000187772 3 Al,Q4,Q1 up
TGFBR3 ENSG00000152127, ENSGO0000069702 3 D1, D5, Q2 up
ABCC3 ENSG00000108846, ENSG00000214570 2 Al,Q1 up
C2CD2 ENSG00000157617, ENSG00000104413 2 D2, D5 up
CALB2 ENSG00000172137, ENSG00000138363 2 Q1, Q4 up
CDC25A ENSG00000137875, ENSG0O0000164045 2 Q1, Q3 up
EGR1 ENSG00000101204, ENSG00000120738 2 D5, Q4 up
GPR116 ENSG00000069122 2 D5,Q1 up
KIAA1324 ENSG00000116299 2 Al, Q1 up
MAFB ENSG00000204103, ENSGO0000117906 2 D1, D5 up
PHF17 ENSG00000077684 2 Q1, a3 up
SKP2 ENSG00000168028, ENSG00000145604 2 Q1, a3 up
STX3 ENSG00000099399, ENSG00000166900 2 Q1, a3 up
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2.2.1.3 Control siRNAs influence expression of different cytokines and

MMP1

The gene expression analysis clearly indicated that the mRNA levels of several well-
characterized genes are altered after the transfection of the control siRNAs. Especial-
ly siRNAs Alctrl, Qlctrl but also A2ctrl, Q2ctrl, Q3ctrl, Q4ctrl and Q5ctrl showed sig-
nificant deregulations of cytokines like IL1[3 or IL24. To further understand whether
the observed expression differences correlate with differences in the respective sig-
naling pathways the well-known influence of IL1f3 on the gene expression of MMP1
as a marker for the status of the IL1p signaling pathway®> was observed. MMP1 le-
vels in supernatants of control siRNA transfected cells were analyzed by ELISA and a
strong MMP1 down-regulation was observed after Alctrl (3.7-fold) and Qlctrl (2.5-
fold) transfection. Less significant effects on MMP1 levels were measured for the
siRNAs A2ctrl, Q2ctrl, Q3ctrl and Q5ctrl. Again, the moderate effects on MMP1 re-

lease correlates with IL1[3 and IL24 expression (Figure 12).
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Figure 12 - Control siRNA-dependent MMP1 protein secretion

HT1080 cells were transfected with 13 different control siRNA molecules (A1-D5) a: 72 hours after the
cells were transfected MMP1 levels in the supernatants were determined by ELISA. siRNAs Alctrl,
A2ctrl, Qlctrl, Q2ctrl, Q3ctrl and Q5ctrl significantly decrease MMP1 levels. b: the protein secretion of
MMP1 measured by ELISA correlates with the mRNA expression of IL1B and IL24 measured by micro-
array. The results represent two independent MMP1 measurements performed in triplicates which
are correlated to the expression profiling data of IL1B and IL24. Student’s t-test was used to calculate
the significance compared to untreated cells (**< 0.0001, *< 0.01). All error bars indicate the standard
deviation of n=3. (TR: transfection reagent, UT: untreated cells).
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2.2.1.4 Control siRNAs influence TNFal signaling

Next, it was addressed whether the lack of specificity of the control siRNAs does not
only reduce the basal cytokine expression levels or MMP1 secretion but also inter-
feres with major cell signaling pathways. Since IL1[3 and IL24 can both lead to NFkB

%, 97, cells were stimulated with TNFa for activation of the IKK/NFkB signal-

activation
ing cascade. IL8, a known target gene of NFkB, showed a strong response upon TNFa
stimulation (Fig. 4). Again ELISA analysis of supernatants derived from TNFo treated
HT1080 cultures demonstrated a reduced sensitivity of IL8 release in the presence of
the control siRNA molecules Alctrl and Qlctrl (Figure 13).
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Figure 13 - Control siRNA-dependent IL8 release

HT1080 cells were transfected with 13 different control siRNA molecules (Alctrl-D5ctrl). 72 hours
after transfection cells were stimulated with 30 ng/ml TNFa for 8 hours. IL8 release was determined
by ELISA of the cell supernatants. IL8 levels were 7.3 fold decreased after Alctrl and 2.2 fold de-
creased after Qlctrl treatment compared to untreated cells. The results are representative of two
independent experiments performed in triplicates. Student’s t-test was used to calculate the signific-
ance compared to untreated cells (**< 0.0001, *< 0.01). All error bars indicate the standard deviation
of n=3. (TR: transfection reagent, UT+: untreated cells with TNFa stimulation, UT-: untreated cells
without TNFa stimulation)
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In summary, the control siRNA D5ctrl was selected for further use in the Phenocopy
experiment. D5ctrl was chosen due to its highest selectivity among all siRNAs in
HaCaT cells. Hereby excluded were the siRNAs Dlctrl and Dé6ctrl although both
siRNAs resulted in less off-target effects. However, both controls differ from the oth-
ers. Within the Phenocopy experiment the goal was to use single siRNAs and not
SiRNA pools. Therefore, the use of siRNA Dlctrl, composed of four different siRNAs
(SMARTpool), is not an appropriate control for this approach. Furthermore, a control
molecule unable to enter RISC, such as D6ctrl, can also not be used to test the entire
spectrum of a siRNA experiment since the RNAi machinery will not be affected

through such a molecule.

2.2.1.5 TGF-BR1 siRNA characterization

Subsequent to the selection of a proper transfection protocol and the identification
of a good control siRNA molecule, assessment of specific TGF-BR1 siRNAs was carried
out. Criteria for a good candidate were a strong and stable mRNA knockdown, sub-
sequent inhibition of the TGF-B signaling pathway and low off-target effects. To
guarantee optimal siRNA-mediated TGF-BR1 knockdown, ten commercially available
siRNAs were qualified (Table 4). First, knockdown efficacy was determined on mRNA
level using gRT-RCR. Only five siRNAs (Altgf, D1tgf, D2tgf, Q3tgf and Q4tgf) which let
to a knockdown of more than 90 % were selected for off-target profiling (Figure 14a).
Second, inhibition of downstream signaling of each selected siRNA was determined
by phospho-Smad2/3 (Figure 14b) and PAI-1 ELISA (Figure 14c). Interestingly, al-

though transfection of siRNA D1 resulted in the best mRNA knockdown (98 %), this
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finding was not represented in the functional readouts. The strongest functional

knockdown was observed for siRNA Altgf.
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Figure 14 — TGF-f siRNA characterization

a: siRNA knockdown efficiency was measured by qRT-PCR 48 h post transfection. Ten different com-
mercially available siRNAs (A - Ambion, D - Dharmacon & Q - Qiagen) were used. b and c: siRNAs with
the best knockdown efficacy (Altgf, D1tgf, D2tgf, Q3tgf & Q4tgf), as well as the untreated control
(UT) were analyzed for functional blockade of TGF-B signaling determined by inhibition of p-Smad2/3
(b, p-Smad2/3 ELISA) or PAI-1 protein (c: PAI-1 ELISA). All error bars indicate the standard deviation of
n=3.
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Finally, the off-target effects of all siRNAs were determined by microarray analysis
using lllumina Beadchip technology. All deregulated genes (p-value < 0.01 and |LR| >
1) were identified for the selected five siRNAs (Figure 15). To exclude genes from the
off-target list that are relevant for the mechanism of the procedure or relevant for
the TGF-BR1 biology, only those genes were selected that were uniquely deregulated
by the respective siRNA. The profiling was performed without TGF-B stimulation to
focus the analysis on off-target effects. Due to its superior functional knockdown
abilities (Figure 14b) and little off-target effects siRNA Altgf (Figure 15b) was used in

all further experiments.

Table 4 — List of TGF-BR1 siRNAs

Vendor Description Cat. No. Abbr.
Ambion Silencer® Select TGF beta receptor 1 AM51331-556 Altgf
Ambion Silencer® Select TGF beta receptor 1 AM51331-557 A2tgf
Dharmacon On-TARGET plus Duplex TGFBR1 J-003929-09-05 D1tgf
Dharmacon On-TARGET plus Duplex TGFBR1 J-003929-10-05 D2tgf
Dharmacon On-TARGET plus Duplex TGFBR1 J-003929-11-05 D3tgf
Dharmacon On-TARGET plus Duplex TGFBR1 J-003929-12-05 Datgf
Qiagen Hs_TGFBR1_5_HP Validated siRNA S100301903 Qltgf
Qiagen Hs_TGFBR1_6_HP Validated siRNA S102223627 Q2tgf
Qiagen Hs TGFBR1_7 HP Validated siRNA S102223634 Q3tgf
Qiagen Hs_TGFBR1_9_HP Validated siRNA $102664158 Qatgf

55



a 3 b=z
g

o @

- =
(1] S TB <«
2 4 2 =
o > o $
3=z S 2
- % - &
: Z
E—— E
8 -2 2

logRatio logRatio
[D5ctrl siRNA vs. untreated] [A1tgf siRNA vs. untreated]

€ 3 d g
® ®

g o

w E = €
2 2 2 2
S ¢ S ¢
< <
gz gz
1 .a 1 'a
S -
X 2
o~ i
(=] (=

logRatio logRatio
[D2tgf siRNA vs. untreated] [D1tgf siRNA vs. untreated]

e 3 f 3
® ®

g o

= £ = E
23 23
S ¢ S ¢
< <

¢ £ &'Z
1 .a 1 .a
S S
2 5
g g

logRatio logRatio
[Q3tgf siRNA vs untreated] [Q4tgf siRNA vs untreated]

Figure 15 — TGF-B siRNA off-target effects

Volcano plots for siRNAs Altgf, D1tgf, D2tgf, Q3tgf & Q4tgf. Total RNAs of biological triplicates were
isolated post siRNA transfection and were hybridized to Illumina Beadchips. The off-target effects
were analyzed by volcano plots. Each circle represents a single gene of the human genome. The x-axis
depicts the log2 ratio (LR) between each siRNA and untreated cells. The y-axis is scaled as -log10 [p-
value] (Student t-test) as a indicator of significance. An off-target is defined to have a |[LR|>1 and a
-log10 [p-value] > 2. D5ctrl siRNA vs. untreated D5ctrl revealed no off-target effects (a). The siRNAs
Altgf revealed 22 genes to be deregulated (b), the siRNA D1tgf - 8 genes (c), the siRNA D2tgf — 25
genes (d), the siRNA Q3tgf — 58 genes (e) & the siRNA Q4tgf — 42 genes (f).
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In addition, the stability of the receptor knockdown using siRNA Altgf was deter-
mined. Therefore, HaCaT cells were transfected and TGF-BR1 mRNA was analyzed 1,
2, 3, 4 and 7 days after transfection. Transfection of siRNA Altgf resulted in a stable

knockdown of at least 70 % even 7 days after transfection (Figure 16).
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Figure 16 — Knockdown stability

HaCaT cells were transfected with siRNA Altgf and knockdown efficacy was determined by gRT-PCR 1,
2, 3, 4 and 7 days post transfection. Even after 7 days knockdown was stable with approximately
70 %. All error bars indicate the standard deviation of n=2.
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2.2.2 Kinase inhibitors

The kinase inhibitors used in the Phenocopy experiment derived from a Boehringer
Ingelheim (BI) lead optimization project. Additionally, two previously described com-
petitor compounds”® were also incorporated in the analysis.

The BI inhibitors were identified in a high-throughput screening of the in-house
compound collection using a biochemical TGF-BR1 substrate phosphorylation as-
say”®. Among the hits, compound 5 (Figure 17) and several other indolinone deri-
vates were identified, displaying down to double-digit nanomolar potency. Since it
was known from earlier projects that the indolinone chemotype can show low cross-
reactivity with the human kinome'®, it was chosen as starting point for further op-
timization. Structure-activity relationship studies were performed by substitution of
the indolinone core in position R, R? and R® of the scaffold (Figure 17) in order to
increase the potency. Besides the inhibitory potency of the compounds in the prima-
ry biochemical kinase assay it needed to be shown that they also inhibit TGF- signal
transduction in a cellular setting. Therefore the pSmad2/3 ELISA was used to further
characterize the inhibitors’ potency. All compounds were analyzed in seven different
concentrations: 0.0032, 0.016, 0.08, 0.4, 2, 10 and 50 pM.

In the following the compounds were named with numbers adopted from

Roth et al.*

where their synthesis and design is described in more detail. The poten-
cy data derived from the TGF-BR1 substrate phosphorylation assay was also taken

from this work.
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Figure 17 -TGF-BR1 hit compound 5 (BIBF0775) and general structure 6

The first subset of compounds contained indolinones substituted in position R
(Table 5). Hereby, the compounds substituted with smaller secondary and tertiary
amides (5, 35-38) in position 6 were favorable for a good TGF-BR1 potency. The un-
substituted indolinone 45 was significantly less active confirming that the 6-amido
substituents contribute to the overall binding energy. In contrast, the same amides
in position 5 resulted in less potency of the compound (compare compounds 46 and
37). In general, the trend of inhibition in the cellular setting correlated with the data
from the biochemical assay. However, the compounds were less potent when com-
pared to the biochemical TGF-BR1 inhibition (factor 3-12 for potent compounds).
Taken together, due to their good potency on a biochemical as well as on cellular
level, these compounds looked promising as starting points for further optimization.

All potencies of the modified indolinones are listed in Table 5.
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Table 5 - TGF-BR1/pSMAD inhibition of substituted indolinones

Cpd. R TGF-BR1 ICs5o (nM) ° pSMAD ICs, (nM) ?
35 6-CONH(CH,CHs) 24 +17 75 + 53

36 6-CONHCH, 32+26 NT®

5 6-CONEtMe 34+30 105 + 70
37 6-CONMe, 35+ 22 246 + 130
38 6-CONHnBu 91 + 49 1065 + 588
39 6-(pyrrolidine-1-carbonyl) 245 £ 170 696 + 542
40 6-CONHiPr 318+ 188 708 + 453
a1 6-CONH, 369 + 213 >50000

a2 6-CONH(CH,CH,0H) 430 + 227 >50000

43 6-CONEt, 625 + 396 NT®

a4 6-CONHBN 1532 + 908 NT®

a5 H 3462 + 2621 NT®

46 5-CONMe, 186 + 104 198 + 111

® Values are averages * SD of at least three independent determinations. Values “greater than”
indicate that half-maximum inhibition was not achieved at the highest concentration tested.
®Not tested.

To further explore structure-activity relationships, the R? side chain pointing towards
the water phase was chosen for the next round of modifications (Table 6). Here, a
large degree of freedom for structural variation was observed with various linkers
between the aniline and the basic moiety were tolerated (47a-u). The distance be-
tween the basic moiety and the core seemed to play a minor role demonstrating that
structure-activity relationships in this respect were shallow. Neutral compounds
were clearly inferior (compare especially compound 47b with 47q). Anilines with
smaller substituents (compounds 47r and 47u) or without any substitution (com-
pound 47v) were less active. Shifting the R® substituent on the aniline (see Table 6)
from position 4 into position 3 was also detrimental to activity (compound 47s). Re-

placing the aniline by saturated cyclic systems such as 48 and 49 led to complete loss
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of potency. Comparable to hit compounds 5 and 35, indolinones substituted in posi-
tion 6 with either an ethylamido or an ethylmethylamido-substituent usually showed
comparable activities with a tendency for higher potency for the ethylamido-
substituted compounds (compare e.g. couples 47a/b, 47c/d, 47e/f etc.). Although,
structure-activity relationships were shallow, improved compounds with single-digit
nanomolar TGF-BR1 inhibition could be identified by variation of position R?, with
compound 47a showing an optimized ICsy of 1 nM. Cellular efficacy of the com-
pounds in Table 6 was again evaluated by pSmad2/3 ELISA assay. For many com-
pounds, ICsg values followed the same trend as mentioned before, i.e. cellular effica-
cy differed by a certain factor from biochemical ICso. However, many compounds of
this series displayed increased shifts between cellular and biochemical inhibition.
Amongst them, potent compounds such as 47c, 47e, 47g, and 47h failed to show
convincing cellular potency at all. This could be rationalized by the increased polarity
of the compounds probably preventing them from permeating into the cells. How-
ever, despite their cellular shifts, several optimized compounds with attractive cellu-

lar activities such as 47a, 47d, 47i or 471 were identified by variation of R?.
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Table 6 — Inhibitory profile of 6-amido-substituted indolinones

Cpd. R! R® TGFB-R1ICso [NM]?  pSmad ICso [nM]°
47a  CONHEt 4-(NSO,CHs)(CH;);NMe, 1+1 108 £ 65
47b  CONEtMe  4-(NSO,CH;)(CH,),NMe, 7+5 209 + 108
47c  CONHEt  4-(NCOCHs)(CH,),NMe, 3+3 1066 + 659
47d  CONEtMe 4-(NCOCH;)(CH,),NMe, 845 102 + 61
47e  CONHEt 4-(NCOCH;)(CH;)sNMe, 3+3 1249 + 664
47f  CONEtMe 4-(NCOCH;)(CH,)sNMe, 9+6 411 £ 309
47g  CONHEt 4-(NCH;3)COCH,-(4-methyl-piperazin- 9+ 11 1370+ 735
47h  CONEtMe lll-zlll\l)cH3)COCH2-(4-methyI-piperazin- 76 833 £ 549
1-yl)
47i CONHEt 4-CH,NMe, 19+13 185 +99
35  CONHEt  4-CH,(piperidin-1-yl) 24 +17 75 +53
5 CONEtMe  4-CH,(piperidin-1-yl) 34£30 105 + 70
47j CONHEt 4-(NCH3)COCH,;NMe, 35+22 3383 +3291
47k  CONEtMe 4-(NCH3)COCH;NMe, 29+16 382 + 207
471 CONEtMe  4-CH,NHEt 32+18 160 £ 83
47m CONHEt 4-CONH(CH,),NEt, 33+23 505 + 264
47n CONEtMe  4-CONH(CH,),NEt, 64 +53 542 + 317
470 CONHEt 4-(CH,CH;)NMe, 47 £ 27 135+70
47p CONEtMe 4-(CH,CH,;)NMe, 64 +40 259+ 190
47q CONEtMe 4-(NSO,CHs)CH,CONMe, 86 +53 > 3000
47r CONEtMe  4-(NCH3)SO,Me 231+129 > 10000
47s CONEtMe  3-CH,NEt, 616 + 353 NT?
47t CONEtMe 4-COOH 782 +435 NT?
47u  CONEtMe 4-COOCH; 1970 + 1085 NT®
47v. CONEtMe H 2586 + 1844 NT?
48 > 50000 > 10000
49 > 50000 > 10000

® Values are averages * SD of at least three independent determinations. Values “greater than” indi-
cate that half-maximum inhibition was not achieved at the highest concentration tested. ® Not tested.
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Finally, the influence of substitution at R® (Figure 17) was explored (see Table 7).
When comparing compounds in which R® = phenyl with the corresponding com-
pounds with R®=H (47w-2), a slight drop of potency could be observed for TGF-BR1
inhibition. Since compounds 47w-z (R* = H) are more polar than their phenyl coun-
terparts, poor cell permeability is probably again the reason for the low activity of
the compounds in the pSmad2/3 ELISA assay. Only the more lipophilic compound

47y showed improved cellular activity in this series.

R
R3 Q
gt
o]
Table 7 — Inhibitory profile of various R*-substituted indolinones

Cpd. R R TGFB-R1ICso [NM]*  pSmad IC5o [nM]?
47e Ph 4-(NCOCH;)(CH,)sNMe, 3+3 1249 + 664
47w H 4-(NCOCH;)(CH,)sNMe, 17 +10 597 £ 332
47g Ph  4-(NCH3)COCH,-(4-methyl-piperazin-1-yl) 9+ 11 1370+ 735
47x H 4-(NCH3)COCH,-(4-methyl-piperazin-1-yl) 159 2175 + 845
35 Ph  4-CH,(piperidin-1-yl) 24 +17 75+ 53
47y H 4-CH,(piperidin-1-yl) 69 +44 376+ 246
47j Ph 4-(NCH3)COCH,;NMe, 35+22 3383 +3291
47z H 4-(NCH3)COCH,;NMe, 52 +30 4355 + 2298

® Values are averages * SD of at least three independent determinations.
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As mentioned above, five kinase inhibitors out of this lead optimization program
were selected to further characterize them in the Phenocopy approach and to dem-
onstrate that this approach is able to unravel new insights into the mode of action of
these compounds beyond those that are currently investigated during a lead optimi-
zation phase. Therefore five Bl compounds, in the following referred to as BI1-5 and
two competitor substances (Ex1 and Ex2) with a wide range in inhibitory potency of
TGF-BR1, from 19 nM (BI3) to 1537 nM (Ex2), were selected. A detailed list of the
compounds’ features, including biochemical and cellular ICsg values, is provided in
Table 8. The potencies (ICsq) for the inhibition of TGF-BR1 kinase, Smad2/3 phospho-
rylation (pSmad) and PAI-1 protein are indicated for compounds BI1 to BI5 (indoli-
nones [INDO]) and Ex1 and Ex2 (pyridopyrimidinones [PyPy]). The PubChem CIDs are
indicated. According to the chemical synthesis of the compounds (Roth et al.*3), the

corresponding compounds identification numbers are indicated in brackets.
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Table 8 - List of profiled TGF-BR1 kinase inhibitors in the Phenocopy project

BI1 (Cpd #46)
Formula C;30H3,N,0,
MW [g/mol] 480.609
Structural Class INDO
1C50 TGFBR1 [nM] 186
1C50 pSmad [nM] 198
1C50 PAI-1 [nM] 438
PubChem CID -
BI2 (Cpd #5 / BIBFO775)
Formula C;;,H3,N,0,
MW [g/mol] 494.636
Structural Class INDO
1C50 TGFBR1 [nM] 34
IC50 pSmad [nM] 105
1C50 PAI-1 [nM] 165
PubChem CID -
o, BI3 (Cpd #47i / BI34659)
“f\CH Formula C,,H,5N,0,
T [mw g/mol] 440.5442
O Structural Class INDO
- IC50 TGFBRL [nM] 19
HC N O N o 1C50 pSmad [nM] 185
I 1C50 PAI-1 [nM] 227
PubChem CID -
o Bl4 (Cpd #471)
N Formula C,5H30N,0,
MW [g/mol] 454,571
Structural Class INDO
1C50 TGFBR1 [nM] 32
1C50 pSmad [nM] 160
1C50 PAI-1 [nM] 223
PubChem CID -
e, BI5 (Cpd #47p)
e Formula C,oH3,N,0,
MW [g/mol] 468.598
Structural Class INDO
1C50 TGFBR1 [nM] 64
1C50 pSmad [nM] 259
1C50 PAI-1 [nM] 1550
PubChem CID -
Exl [PD166285]
o, Formula C,¢H,,CI,N;0,
ch”Xo MW [g/mol] 512.438
‘ we o o Structural Class PYPY
Q W IC50 TGFBR1 [nM] 25
v~ /7 1C50 pSmad [nM] 211
1C50 PAI-1 [nM] 220
PubChem CID 5311382
Ex2 [PD164199]
Formula C,0H1,4CI,N,O
“ MW [g/mol] 397.264
©\ )N‘\\ N Structural Class PYPY
e i 1C50 TGFBR1 [nM] 1537
o IC50 pSmad [nM] 400
IC50 PAI-1 [nM] 855
PubChem CID 5327885

INDO-Indolinone | PYPY-Pyridopyrimidinone
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2.3 Phenocopy Experiment

The profiling of seven NCEs (BI1-5 & Ex1, Ex2) at seven different concentrations
(0.0032, 0.016, 0.08, 0.4, 2, 10, 50 uM) and three time points (2, 4, 12 h), including
siRNA Altgf, all appropriate controls and in biological triplicates for each condition
resulted in an overall experimental setup of 651 samples to be submitted to array
profiling. Subsequently, an optimal normalization method was selected for the ex-
pression data, the TGF-B signature as well as the NCE’s off-target effects were de-
termined and the obtained in silico results were validated in wet laboratory experi-

ments.

2.3.1 Data normalization

Expression data was pre-processed in 24 different ways (Table 10). In this part, the
analysis was focused on analyzing the TGF-B stimulated and control samples meas-
ured at three time points (2, 4, and 12 h). Generally speaking, first either background
normalization from BeadStudio’® (bg_*) or no background modification (noBg_*)
was applied. In a next step, the data was transformed using either log2-

102

transformation (log) or vst™ . Since background normalization can lead to negative

values, the data had to be transformed to contain only positive values by using ei-

3 104

ther the background correction of rma'® or forcePos to be able to apply log2-
transformation. In a last step, the data was normalized using quantile, loess or rsn
normalization. Alternatively, the transformation steps were skipped and vsn'® or
normalization methods supplied by BeadStudio (average, ranklnvariant, cubicSpline)

were used for normalization. Different pre-processing methods were evaluated by
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analyzing the resulting gene expression intensities via various statistical measures.
These methods were scored from -2 to 2 based on how well they matched the re-
quired criteria for the different analyses (Table 10). Their impact on the quality for
normalization of the presented expression study was analyzed in a separate study

and was submitted for publication at BMC Genomics'®®

. In addition, to the investiga-
tion of the actual expression intensities, fold changes derived from resulting gene
expression intensities were compared to fold changes based on quantitative mea-
surements of RNA abundance as determined by qRT-PCR. Therefore, the expression
of eight genes that are known to be regulated by TGF-f signaling (CDKN1A, CDKN2B,
HAND1, JUNB, LINCR, RPTN, PAI-1 and TSC22D1) was analyzed. By this means, it is
possible to compare the results of the normalization methods to values that reflect
the real abundance of the respective mRNA in the cells. To guarantee that the com-
parisons of the normalization methods are not biased towards certain intensities,

the mRNAs used in gRT-PCR experiments were chosen such that the respective sig-

nals on the chips cover a broad range of expression intensities (Table 9).

Table 9 — qRT-PCR fold changes of TGF-B dependent genes

Fold change of TGF-B stimulated vs. unsti-
mulated HaCaT cells

Gene 2h 4h 12 h
PAI-1 70.07 98.32 124.85
CDKN1A 6.22 2.36 4.17
LINCR 5.06 0.74 0.05
CDKN2B 10.26 6.36 4.12
HAND1 3.65 2.68 0.54
TSC22D1 2.42 1.73 1.32
RPTN 9.03 4.63 0.03
JUNB 18.41 8.63 10.19
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Based on the different normalization procedures for the gene expression experiment
and based on the gRT-PCR measurements, the Pearson correlation of the respective
fold changes measured for TGF-B stimulated versus untreated cells at 2, 4 and 12 h
were calculated.

Figure 18 displays the ranked correlation coefficients describing the relation be-
tween the different normalization methods and the qRT-PCR results. Quality values
were assigned based on correlation cut-offs. A value of 2 is assigned to correlation
coefficients > 0.96, a value of 1 to coefficients between 0.94 and 0.96, a value of 0 to
coefficients between 0.92 and 0.94, a value of -1 to coefficients between 0.9 and
0.92 and a value of -2 to correlation coefficients < 0.9 (Table 10). Values derived
from most of the methods not utilizing background correction (noBg_*) show a low-
er correlation to the gRT-PCR results than expression intensities that are background
corrected (bg_*). An exception in this regard are methods that are based on vst
transformation (bg_vst_*). These three methods are amongst the six methods re-
sulting in the lowest correlation coefficient values. Correlation coefficients exhibiting
high values are delivered by methods introducing BeadStudio’s background correc-
tion combined with either rma background correction and log2-transformation
(bg_rma_log_*), cubic spline normalization (bg_cubicSpline) or variance stabilizing

normalization (bg_vsn).
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Figure 18 - Pearson correlation of log2 ratios for different normalization methods

Correlations of log2 ratios determined based on different normalization methods for gene expression
data obtained from the Illumina array measurement to qRT-PCR results. On the x-axis, pre-processing
methods are ranked according to their correlation. The dashed red lines indicate the cut-offs used for
assigning quality score between -2 (< 0.9) and 2 (> 0.96).

As it is difficult to clearly categorize the methods based on the examined measures,
the final decision of which score to assign to some extent stays subjective. However,
it is unambiguously possible to separate better pre-processing methods from worse.
A summary of all analyzed parameters, statistical measures and the fold change cor-

relation is given in Table 10.

69



Table 10 —Quality scores given for the different pre-processing methods

‘é\zz“ \040\"
o &
& 9 d «"'4’
) \é Q &
o Q}%\ ‘ ‘,0 . 6\}c, ,,6'}0 gS
\\@ O & o ¢ & ©
}\’b c,é K\}o Q\ %b \(‘)" K@' .\o°
O & & ST S S &
& M & & & F KRS S
R R R S O S

bg_average 0| -1 0| -1 -1 0 0 1
bg_cubicSpline 0| -1 1] -1 -1 0 1 -1
bg_forcePos_log_loess 1] -1 1 0| -1 0 0 1 1 2
bg forcePos_log_quantile| 1 | -1 1 0 -1 0 1 1 0
bg_forcePos_log_rsn 1| -1 1 0 1| 0 0 1] -1
bg_noNorm 1] -1 1] -1 -1 0 0 0
bg_rankinvariant 0 -1 ] -1 -1 1 0 1
bg_rma_log_loess -1 (-1 -1 -1 ] -1
bg_rma_log_quantile -1 | -1 0 0
bg _rma_log_rsn -1 | -1 0 0
bg_vsn -1 | -1 0| -1 0 1
bg_vst_loess 0 -1 1]|-1]-1 -2
bg_vst_quantile 1 1 0|-1]|-1
bg_vst_rsn 1 1 0 |-1]|-1
noBg_average 1 1 1 1 1] -1 -1
noBg_cubicSpline 1 1 1 0 0 0 0
noBg_log_loess 0 0 0 1 0 0 0 1
noBg_log_quantile 1 1 0 0 0
noBg_log_rsn 1 1 0 0 0
noBg_noNorm 1 1] -1 0 1 ]-1]-1]-1 1
noBg_rankinvariant 0 -1 ] -1 0 1 -1
noBg_vsn 0 1 0 0 0
noBg_vst_loess 0 0 -1 | -1 0
noBg_vst_quantile 1 1 0 |-1]|-1
noBg_vst_rsn 1 1 0|-1]|-1

Displayed are the quality scores for the different pre-processing methods given for the analyses con-
ducted. Quality scores range from -2 (bad/red) to 2 (good/blue). The last column displays the sum
over the quality scores assigned. Based on this sum, the preprocessing method finally used to normal-
ize the Phenocopy data has been chosen.

An integration of all scores for the analyzed parameters revealed that best results
for the present expression data were obtained when no background modification is
used in combination with log2-transformation and either quantile or rsn normaliza-

tion. It was therefore decided to use rsn normalization in the Phenocopy study.
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2.3.2 TGF-B signature

To gain a deeper insight into the TGF-B biology first genes were identified that are
regulated due to TGF-B stimulation (5 ng/ml). To unravel the time-dependent effects
of TGF- treatment, HaCaT cells were stimulated with TGF-B for 2, 4 and 12 h. While
immediate early genes that are directly regulated by the TGF-B pathway are de-
tected at 2 h post stimulation, more and more secondary effects linked to TGF-P sig-
naling are found after 4 h and/or 12 h. To avoid arbitrary log ratio cut-offs a modula-
tor-based approach was used to identify TGF-B dependent gene regulation. There-
fore, two criteria were applied: only genes that were significantly deregulated (p-
value < 0.01) in a basic comparison of TGF-B stimulation versus unstimulated cells
were further analyzed. We found 1,046, 1,949 and 5,725 genes (6,525 non-
redundant genes) to be regulated 2, 4 and 12 h after stimulation (Figure 19). Next,
these genes were proven to be affected dose-dependently by kinase inhibitor treat-
ment after TGF-B stimulation. The approach allowed separating these genes from
potential compound related off-target effects. All transcripts identified for each NCE
were merged to a common signature of TGF-B dependent genes. This strategy al-
lowed the identification of a common on-target signature minimized for the amount
of false positive and false negative genes. The Venn diagram (Figure 19b) depicts the
number of genes that were identified after 2, 4, and 12 h of stimulation: 446 genes
(2 h), 772 genes (4 h) and 1,932 genes (12 h). All gene identifier annotations and
regulations are listed in Supplement 2.

Beyond the inhibition of the kinase activity by chemical compounds, the TGF-B

pathway was also silenced by siRNA knockdown. All previously selected genes (TGF-
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stim. vs. unstimulated cells, Figure 19a) were tested to be regulated by siRNA-
mediated knockdown of TGF-BR1. To exclude mechanistical effects, genes were only
selected when they were regulated by siRNA Altgf and not by a control siRNA (p-
value < 0.01). By siRNA knockdown of TGF-BR1, 303 (2 h), 419 (4 h) and 1,112 (12 h)
genes are identified as TGF-B dependent (Figure 19c). Although fewer genes were
identified compared to the NCE approach, the vast majority of genes were identified
by both approaches. According to the siRNA transfection procedure, a slightly differ-
ent experimental setup was performed regarding cell seeding and culture conditions.
This variation resulted in procedure specific changes in gene regulation, which had to
be separated from the TGF-B signature. Addressing the level of TGF-BR1 activity
upon siRNA transfection, the expression of PAI-1 as a surrogate marker for the TGF-B
signaling activity was analyzed. Using NCEs it was possible to inhibit the PAI-1 ex-
pression by more than 95 % at all time points. In contrast, the use of siRNA Altgf
reduced PAI-1 levels only to 62 % after 2 h of TGF- stimulation (Figure 19d). Despite
the high efficiency of the siRNAs (A1 showed a mRNA knockdown efficiency of great-
er than 90 %; Figure 14a) treatment resulted only in a partial reduction of the TGF-$

signaling.
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Figure 19 — TGF-f signature

The TGF-B signature was generated based on gene regulation upon treatment with TGF-B, TGF-fR1
kinase inhibitors (NCEs) or a siRNA. a: volcano plots of the comparison between TGF-B stimulated and
non stimulated cells at 2, 4 and 12 h. Every circle represents a single transcript. The x-axis shows the
log2 ratio (LR) between TGF-B stimulated vs. untreated HaCaT cells. The y-axis is scaled as negative
log10 [p-value] as an indicator of significance. P-values were FDR-corrected according to Benjamini-
Hochberg. Blue circled genes are significantly regulated by the stimulation with TGF-B
(p-value < 0.01). b: the list of non-redundant genes was filtered for a concentration-dependent regu-
lation upon NCE treatment and TGF-f stimulation.: 446, 772 and 1,932 genes were identified as the
NCE-dependent on target TGF-B signature after 2, 4 and 12 h. c: the siRNA dependent TGF-B signature
identified 307, 419 and 1,112 genes which were classified as siRNA-dependent on-target TGF-B signa-
ture genes after 2, 4 and 12 h. d: expression level of PAI-1 mRNA as a surrogate marker for TGF-
signaling pathway activity after treatment with NCE B1 or siRNA. Treatment with NCE BI1 resulted in a
complete knockdown of PAI-1 expression (>95 %) for all time points. In contrast the siRNA Al me-
diated knockdown of the TGF-f signaling only reduced PAI-1 levels partially to 62 %, 65 % and 78 %
after 2, 4 and 12 h of TGF-B stimulation.
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Subsequently, the genes of the TGF-B signature were used to perform gene set

107,108

enrichment analysis (GSEA) . The annotation of the Kyoto Encyclopedia of Genes

and Genomes (KEGG) pathways delivered gene sets corresponding to 201 different

74, 109, 110
pathways™ =

. The GSEA resulted in 16 different signaling pathways which were
significantly influenced upon TGF-B stimulation of HaCaT cells. The signaling path-
ways were clustered in four groups (Figure 20). Not surprisingly, the TGF-B signaling
pathway itself, as well as directly affected pathways like WNT and p53 signaling,
were significantly regulated by the treatment of TGF-B (Cluster 1). In Cluster 2 MAPK,
cytokine, ErbB, Hedgehog, as well as apoptosis signaling pathways are strongly af-
fected immediately early upon TGF-B stimulation. Their modulation is reduced at
later time points (4 h and 12 h), when more secondary effects, such as DNA polyme-
rase, actin cytoskeleton, amino acid metabolism, gap junction and tight junction sig-
naling become apparent (Cluster 3). The activation of these pathways in combination
with the modulation of the cell cycle and cell communication activity (Cluster 4)
seems to be the phenotypic consequences of TGF-f stimulation of HaCaT cells. To
proof the findings obtained from the KEGG analysis, additionally Ingenuity Pathway
Analysis (Ingenuity Systems®, www.ingenuity.com) was used to link and group genes
from the TGF-B signature. In line with the KEGG results, the analysis identified the
same connections and networks containing signaling but also WNT and ERK/MAPK
signaling (Figure 21). In addition, diverse networks of genes were identified that play

a role in embryonic development of different organs, but also in cellular proliferation

and growth.
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Figure 20 — TGF-$ signature gene set enrichment analysis |

Gene set enrichment analysis (GSEA) using KEGG gene annotation resulted in 16 significantly affected
genesets/signaling pathways. Clustering of -log10 [p-values] using complete linkage and manhattan
distance resulted in four major clusters: immediate early affected pathways (cluster 2), permanently
affected pathways with emphases at early (cluster 1) and late time points (cluster 4) or late estab-
lished events (cluster 3). The color code defines the significance determined by Fisher’s exact test:
blue < 2 — not significant; white = 2 — significant & red > 2 — highly significant).
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Networks of interact-
ing and regulated mo-
lecules from the on-
target signature gen-
erated by Ingenuity
Pathway Analysis. All
depicted molecules are
represented as nodes
and the biological
relationship between
two nodes is re-
presented as an edge
(line). All edges are
supported by at least
one literature refer-
ence. The intensity of
the node color indi-
cates the degree of up-
(red) or down- (green)
regulation. Nodes are
displayed using various
shapes that represent
the functional class of
the gene product. a: a
network of molecules
directly related to the
canonical TGF-B signal-
ing pathway containing
genes involved in cell
signaling, connective
tissue development
and function and in
skeletal tissue devel-
opment and function.
b: a network of mole-
cules of the WNT and
the ERK/MAPK signal-
ing pathways contain-
ing genes responsible
for organ-, tissue and
cellular development.



2.3.3 Off-target signature

After the identification of the TGF-B signature (on-target signature) as well as the
affected pathways by GSEA using KEGG and IPA, the NCEs’ off-target effects were
identified and mapped to their molecular function and signaling pathways.

Each compound treatment resulted in a unique gene expression signature (pheno-
copy) of regulated genes. These signatures are composed of the cellular response to
two different stimuli (TGF-B and NCE) and are integrated to the corresponding
treatment signature. Thereby, elucidating the effects based on NCE treatment is
more demanding since both TGF-B and off-target effects occur. Minor effects can
also be observed for the interaction of the vehicle (DMSQO) with the NCEs. The effects
of the different stimuli overlap and also interfere with each other impeding a clear
signature dissection. The profile of a given gene may therefore be dependent on
which effect prevails and thus, dose-dependency might no longer be observed. In
general, all regulated genes can be grouped into six classes, including single and in-
tegrated effects. Single effects derive either from the treatment with TGF-B (on-
target effect) (Figure 22a) or from the treatment with NCEs (off-target effect). Single
off-target effects can be further grouped in pure effects, where the genes are dose-
dependently regulated (Figure 22b) and in so called common effects, where genes

are dose-independently regulated by each of the seven compounds (Figure 22c).
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Figure 22 — Case profile definition (single effects)
NCE treatment and TGF-f stimulation resulted in different case profiles of gene regulation: represent-

ative examples for an on-target effect triggered by TGF- B (a), an off-target effect triggered by a NCE
(b); common off-target effects induced by all seven NCEs in a dose-independent manner (c).
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Additionally to the single-derived effects, an integration of both TGF-B and off-target

effects can be detected: an NCE effect can be additive (Figure 23a) or inverse (Figure

23b) to the effect of TGF-B. Furthermore, opposed bipolar effects for high and low

dosage of the NCE mostly linked with toxicity (Figure 23c), are observed.
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Figure 23 — Case profile definition (integrated effects)
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NCE treatment and TGF-B stimulation resulted in different cases profiles of gene regulation: repre-
sentative examples for integrated effects of on- and off-targets in an additive (c), inverse (d) and bipo-

lar (c) manner.
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In a first approximation, the NCE treatment phenotypes (phenocopies) were deter-
mined as the total of all regulated genes (p-value < 0.01 and |LR| > 1) comparing
NCE treated and TGF-B stimulated cells to DMSO control treated TGF-B stimulated
cells. This analysis was done separately for each of the tested compounds at each
concentration. Subsequently, the different phenotypes obtained after 2 h NCE
treatment were clustered to unravel similarities between the different signatures
(Figure 24). The early time point allowed focusing on primary affected genes that
were altered as direct response to the treatment. Hierarchical clustering clearly re-
vealed two major clusters separating the group of indolinones (BI1 to BI5) from the
pyridopyrimidinones (Ex1 & Ex2). The fact that most obviously the specific chemo-
type has a major impact on differences in gene expression confirms that the classical
notion of chemotypes determining biological profiles of NCEs holds true in this case.
However, not only the scaffold itself, but also the specific decoration of each chemo-
type affected gene expression. The hierarchical cluster analysis demonstrates that
treatment signatures can be used to differentiate even between analogs of the same
chemotype. It was possible to clearly distinguish between signatures of Bl1 treated
cells from the other indolinones. These can be further subdivided into two clusters
for either BI2 and BI3 and Bl4 and BI5 that resulted in similar treatment effects. In
general, treatment with each NCE resulted in clusters for high and low dose of the

compound.

80



S ]

-3 -1

; |
log2 [fold chaange] . I

==
= = =
|— N = b
S — - ey —

-

—
SSSS2SSSSESS=S3=S=S=S=S=SSSSSSSSSSSS=SY=S===S========
adddddidadaddddaddidddddddddadddaddddadaddlddaA
PR SRR EREEEEE SRR ERREEE SRR FEE R

Mo N o s o . . . . -o . o . O
mEemNaalzarsgd28c8c528s8 252383 ES 28588
@ pa gl aon |gofcflecTclLix|® = o SWUloYNSo o %

Rl Bl i el Rl a®c b i - - R
= @ = @ o e P i

BI2 & BI3 Bl4 & BIS BI2 & BI3 Bl4 & BIS BI1 Ex1 & Ex2 Ex1 & Ex2

high dose low dose

BI2 - BI5 high dose BI2 - BI5 low dose

Figure 24 — Treatment signature

A hierarchical clustering of all 4,314 significant regulated genes (|LR| = 1 & p-value < 0.01) after NCE
treatment and TGF-B stimulation for 2 h in HaCaT cells. The expression patterns of the different NCE-
treated cells revealed several intersections in their effects on regulation: the five indolinones (BI1-BI5)
are grouped and separated from the two pyridopyrimidinones (Ex1 & Ex2). Expression patterns are
grouped in high vs. low dose fractions. The indolinone BI1 separates from the other class members,
which can be further divided into two subgroups containing BI2 and BI3 and Bl4 and BI5, respectively.
Blue indicates decreased expression relative to untreated cells, red indicates increased expression.
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However, the identification of a particular off-target based on this approach is diffi-
cult. Further analyses were therefore performed to extract the compounds’ off-
target effects from the treatment signatures. As above mentioned not all off-target
effects can be identified through dose dependence correlation due to overlapping,
inverse and additive effects (Figure 23). Hence, off-targets can only be identified
based on NCE treated samples in presence and absence of the TGF-B stimulus.
Therefore, all regulated genes (p-value < 0.01 and |LR| = 1) comparing compound
treated cells (either 0.08 uM or 2 uM) to DMSO treated controls were selected.
Genes were considered once the regulation was observed during compound treat-
ment upon TGF-B stimulation as well as without TGF-B stimulation. Thus, it was en-
sured to select only drug target and TGF-B independent alterations. All genes that
matched the criteria were allocated to the off-target signature of the NCE after 2, 4
and 12 h and are listed in Supplement 3. Based on this analysis, huge differences in
the amount of off-target genes were observed. While treatment with Bl1 deregu-
lated 2,752 genes at all time points, BI3 deregulated “only” 973 genes. Slightly more
off-target genes were identified for the indolinones BI2, Bl4 and BI5 (1,050, 1,064
and 1,100). Both pyridopyrimidinones regulated 1,347 (Ex1) and 1,306 (Ex2) genes.
The largest off-target increase over time was seen for Ex1 and Ex2 with almost four
times more genes being regulated comparing the 12 h to the 2 h time point. In con-
trast, the amount of off-targets for the five indolinones was at a maximum doubled
within this period (Figure 25). In summary, looking at the off-target signatures in
general, the indolinones appeared more favorable compared to the pyridopyrimidi-
nones at later points in time. Among the indolinones, BI2 to BI5 deregulated fewer

genes than BI1 at all points in time which was confirmed by the different kinome
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specificities (see Chapter ‘Kinase Profiling’). It also confirmed the structure-activity

relationships described in Roth et al.*

demonstrating that indolinones substituted in
position 5 (such as Bl1) showed a less favorable selectivity profile compared to indo-
linones substituted in position 6 (such as BI2-5). Among the indolinones, BI3 ap-

peared to be the most attractive compound when merely looking at the off-target

analysis.

Bl4 ' - 387 2h|offtarget

4h|off target
» 12h|offtarget

472 175 2h|TGF-B
283 284 4h|TGF-B
BI5 " 418 BI3 ‘ ~ 282 = 12h|TGF-B

Figure 25 — Off-target effects (numbers)

Every circle represents one of the seven profiled compounds. The size of each circle corresponds to
the number of off-target genes (in red). On-target genes numbers are shown in blue.
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2.3.4 Molecular Function

Different in silico strategies can be applied to analyze the off-target signatures of the
compounds in order to find a conclusion about their effects on the cells. Initially, the
genes from the 12 h off-target signatures were assigned to their molecular function
using Ingenuity Pathway Analysis (Figure 26). Hierarchical clustering resulted in one
major cluster for both pyridopyrimidinones and in one for the indolinones (Figure
26). The genes regulated by the indolinones are distributed in more classes and
genes involved in Vitamin and Mineral Metabolism, Cellular Compromise, Nucleic
Acid- and Amino Acid Metabolism are exclusively regulated by the indolinones. In
accordance with the structure-activity findings mentioned before, within the indoli-
none subcluster, BI1 stands apart from the four other indolinones and BI2 and BI3 as
well as Bl4 and BI5 are grouped in one cluster, respectively. The additionally by BI1
regulated genes are involved in RNA Post-Transcriptional Modification, Energy Pro-
duction, Cellular Response to Therapeutics and in RNA Trafficking. Half of the mole-
cular functional classes identified are regulated by all compounds. However, this
does not necessarily mean that the same genes are regulated since the categories
are rather spaciously defined, such as Cell Cycle or Cellular Growth and Proliferation.
Furthermore, different NCEs reach far higher significance scores for some categories
than others caused by the higher amount of regulated genes in the respective bio-
logical process e.g. both pyridopyrimidinones regulate a huge amount of genes in-

volved in Cell Death and Cellular Growth and Proliferation.
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Figure 26 — Off-target effects (molecular function)

Molecular function of the off-target genes of all seven NCEs after 12 h treatment: clustering of the
-log10 [p-values] using complete linkage and manhattan distance depicts the 30 significantly ranked

categories. The color code defines the significance determined by Fisher’s exact test as —logl0 [p-

2 — significant & red > 2 — highly significant.

value]: blue < 2 —not significant; white
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2.3.5 Pathway Analysis

Subsequent to the annotation of the molecular function, Ingenuity Pathway Analysis
was used to analyze the off-target signatures in order to enrich influenced signaling
pathways to get a more precise idea about the compound effects. We found 39 (2 h),
38 (4 h) and 51 (12 h) canonical signaling pathways scored with a significant —log10
[p-value] > 2 (Fisher’s exact test) for at least one of the NCEs (Figure 27 - Figure 29).
While immediate early affected processes can be found 2 h after compound treat-
ment, their effect, the treatment phenotype, however manifests during late phases.
Caused NCE effects can thus be best observed 12 h after treatment. Hierarchical
clustering of the pathway analysis results, again separated the indolinones from the
pyridopyrimidinones, indicating that both series share not only a common mode of
action like TGF-B inhibition, but also generate a distinct affection of other pathways
by their specific off-target function. Again, Bl1 stands apart from the four other indo-
linones with 5 significantly ranked pathways and the smallest overlap with the other
indolinones. BI3 affects 15 signaling pathways and almost exclusively regulates genes
involved in different cancer pathways. The indolinones BI2 and Bl4 regulated genes
that are significantly enriched in only 4 (BI2) and 2 (BI4) signaling pathways, respec-
tively. However, pathways such as the Aryl Hydrocarbon Receptor Signaling and the
LPS/IL-1 mediated inhibition of RXR function are also significantly ranked high for up
to six compounds at all three time points, indicating a more general effect like a xe-
nobiotic response to NCE treatment rather than a true compound specific effect. The
highest numbers of significantly affected pathways are found for the two pyridopy-

rimidinones with 29 (Ex1) and 24 (Ex2). Additionally, genes involved in 30 out of the
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51 signaling pathways are exclusively regulated by Ex1 or Ex2 treatment. In line with
the annotation of the molecular function of the off-targets (Figure 26), 13 out of the
51 identified pathways are known mediators of toxicity and cell death. These 13
pathways reach highest significance scores for either Ex1 or Ex2 with 8 being solely
affected by the two pyridopyrimidinones indicating a cytotoxic mode of action for
both of them. Interestingly, the amount of these pathways enrich over time. Path-
ways, such as p53 signaling and VDR/RXR Activation are significantly ranked at all
time points and others, such as Death Receptor Signaling, are only found at the later
time points (4 h and 12 h).

Besides cytotoxicity, these two NCEs deregulate genes involved in inflammatory
processes like IL6 signaling, ERK/MAPK signaling and p38 MAPK signaling. In contrast
to the findings for the pathways involved in cytotoxicity and cell death, all of these
pathways can already be found at the 2 h and 4 h time point, although their signifi-
cant scores slightly increase over time. These findings indicate a constant activation
of pro-inflammatory processes right from the start of the treatment that are again

increased upon later time points (Figure 27 -Figure 30).
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Figure 27 — Ingenuity signaling pathways (2h)

All 39 significantly ranked (Fisher’s exact test: —log10 [p-value] > 2; highlighted in red) signaling path-

ways from IPA analysis.
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Figure 28 — Ingenuity signaling pathways (4h)

All 38 significantly ranked (Fisher’s exact test: —logl10 [p-value] > 2; highlighted in red) signaling path-
ways from IPA analysis.
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Figure 29 — Ingenuity signaling pathways (12h) — Part |

All 52 significantly ranked (Fisher’s exact test: —logl0 [p-value] > 2; highlighted in red) signaling path-
ways from IPA analysis.
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Figure 29 — Ingenuity signaling pathways (12) — Part Il

All 52 significantly ranked (Fisher’s exact test: —logl10 [p-value] > 2; highlighted in red) signaling path-

ways from IPA analysis.
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Figure 30 — Off-target effects (pathway analysis)

Ingenuity pathway analysis for the off-target genes of all seven NCEs after 12 hours: clustering of the
-log10 [p-values] using complete linkage and manhattan distance depicts the 51 significantly ranked
canonical signaling pathways. Off-target genes deregulated by BI3 treatment affect almost exclusively
10 cancer signaling pathways (red arrows). Ex1 & Ex2 off-target genes play a role in 12 pathways in-
volved in cytotoxicity or cell death (grey arrows) and in 5 pathways involved in inflammation (green
arrows). The color code defines the significance determined by Fisher’s exact test as —log10 [p-value]:
blue < 2 — not significant; white = 2 — significant & red > 2 — highly significant.
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2.3.6 Wet Lab Validation

Results from the pathway analysis strongly implied different induced phenotypes
after treatment with specific NCEs. However, pathway analysis tools only generate
hypotheses and their proof of biological relevance must be verified. To address the
accuracy of the pathway analysis, it was aimed to confirm the in silico generated hy-

potheses by experimental laboratory data.

2.3.6.1 Cytotoxicity and Cell Death

According to the expression data, both pyridopyrimidinones (Ex1 & Ex2) are involved
in processes such as cell death and inflammation. To investigate several cytotoxicity
parameters high content screen analysis using the high-capacity automated fluores-
cence imaging platform from Cellomics was performed. HaCaT cells were incubated
with increasing compound concentrations (3.2 nM — 50 uM) for 24 h. Subsequently,
the cells were stained with cytotoxicity cocktails and images were acquired and ana-
lyzed on the Cellomics ArrayScan Il. Cells were stained using i) Hoechst DNA dye to
count cell density and investigate nuclear condensation and fragmentation, ii) Lyso-
Tracker Red to analyze the amount of lysosomes per cell as an early marker for cyto-
toxicity, iii) Sytox Green as a membrane impermeable dye to detect loss of mem-
brane integrity as late event for cytotoxicity. Example pictures of healthy and dying
cells regarding nuclear fragmentation, membrane permeability and lysosomal mass

per cell are given in Figure 31.
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Figure 31 — Cytotoxicity parameters

No cytotoxicity

Cytotoxicity

Shown are examples for healthy in contrast to dying cells after NCE treatment regarding the meas-
ured parameters for nuclear fragmentation, membrane permeability and lysosomal mass per cell.

All four analyzed parameters were normalized to DMSO treated (vehicle) cells as
negative control (0 %) and Valinomycin and Chloroquine treated cells as positive
controls (100 %). Exemplary, the images of Ex1, BI5 and control treated cells are de-
picted in Figure 32. According to pathway analysis the highest toxicity is observed by
treatment with Ex1 and Ex2. Cell density is strongly decreased to less than 10 % of
control. Nuclear fragmentation, lysosomal mass per cell and membrane permeability
are increased by 100 % for both pyridopyrimidinones and even lower concentrations
of Ex2 were sufficient to raise the membrane permeability of more than 50 % of the
control. Treatment with the indolinones resulted in mild toxicity effects for the
treatment with BI1, BI2 and BI3 at high concentrations and almost no toxicity for Bl4

and BI5 (Figure 33).
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Figure 32 — NCE induced cytotoxicity |

Cellomics high content screens analyzing cytotoxic
parameters were performed to test for NCE-induced
cytotoxicity. High content screen images of HaCaT cells
treated with increasing concentrations (3.2 nM — 50
UM) of Ex1 and BI5 including DMSO (negative control)
or 100 pM Valinomycin and 10 pM Chloroquine (posi-
tive control) for 24 h. Subsequent staining with
Hoechst dye, Sytox Green and Lysotracker Red deter-
mined cell density, nuclear fragmentation, permeabili-
ty and lysosomal mass per cell illustrated a strong de-
crease of cell density and an increase of nuclear frag-
mentation and lysosomal mass for Ex1 but not for BI5
treated cells.
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Figure 33 — NCE induced cytotoxicity Il

Results of dose response experiments for all seven NCEs for cell density (blue), nuclear fragmentation
(grey), permeability (green) and lysosomal mass (red) obtained from Cellomics high content screen
analysis. Values of NCE treated cells are compared to DMSO treated cells and shown as percent of
control (POC). Outlier data points are shown as filled red circles.
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To analyze the mode of cell death, Caspase-3 activation assays were performed to
distinguish between apoptosis and necrosis, since activation of this executioner cas-
pase is a clear marker for apoptotic cell death. Again, HaCaT cells were treated with
2 UM of each compound for 24 h and subsequently Caspase-3 activation was de-
tected using a Caspase-3 Detection Kit (Calbiochem) and quantified by flow cytome-
try. Among all NCEs tested, only treatment with Ex1 resulted in an activation of Cas-
pase-3 with approximately 30 % positive cells (Figure 34b). This is in line with the
results of the pathway analysis, in which only the off-target signature of Ex1 ex-
ceeded the significance threshold for Death Receptor Signaling after 4 h (Figure 28,

Figure 34a) and was further increased after 12 h (Figure 29, Figure 34a).
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Figure 34 — Death Receptor Signaling |

a: Ingenuity pathway analysis results for Death Receptor Signaling obtained for the NCE off-targets.
Only Ex1 treatment for 4 h and 12 h achieves the significance threshold of —log10 [p-value] > 2 (Fish-
er’s exact test; red). b: HaCaT cells were treated with 2 uM of each NCE and incubated for 24h. Cas-
pase-3 activation was analyzed. A significant signal was identified only after treatment with Ex1 (30 %)
or with Valinomycin (15 %) and Chloroquine (100 %).

An overlay of the off-targets of Ex1 with the canonical Death Receptor Signaling
pathway revealed that six genes are deregulated after 12 h of treatment (Figure 35).
NFkBla, a subunit of the Ikk-complex, is down-regulated, while five pro-apoptotic
genes, such as Apafl as part of the apoptosome, the death receptors DR3 and 6, the
death receptor ligand APO2L and the initiator Caspase-9, are up-regulated. Taken
together, these findings clearly demonstrate that it was not only possible to predict
the compound’s cytotoxicity based on mRNA profiles but also its apoptotic mode of

action.
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Figure 35 — Death Receptor Signaling Il

Canonical Death Receptor Signaling pathway (Ingenuity Pathway Analysis) overlaid with the off-target
of Ex1. Color code: red — up-regulated gene; green — down-regulated gene.

2.3.6.2 Inflammation

Pathway analysis not only labeled the pyridopyrimidinones for cell death induction,
but also for affection of inflammatory mechanisms. To proof this prediction, HaCaT
cells treated with each compound were analyzed for the induction of pro-
inflammatory cytokines (IL1J3, TNFa, IL8 and IL6). While no significant alteration in
release of IL1B, TNFa and IL8 was observed, the IL6 levels were dose-dependently
increased after treatment with the pyridopyrimidinones Ex1 and Ex2. Compared to
DMSO treated control cells, 10 uM of Ex2 increased IL6 secretion by factor 5 and Ex1

treatment at the same concentration even resulted in a 25-fold increase (Figure 36).
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Figure 36 — IL6 release

HaCaT cells were treated with increasing NCE concentrations and DMSO for 12 h. IL6 levels were app.
25-fold increased after Ex1 treatment and 5-fold increased after Ex2 treatment compared to DMSO
treated cells. Student t-test was used to calculate the significance compared to DMSO treated cells
(*< 0.01 & **<0.001). All error bars indicate the standard deviation of n=3.

2.3.7 Kinase Profiling

One pivotal issue of kinase inhibitors is cross-reactivity with other kinases which may
contribute one source of off-targets. In vitro kinase profiling is the state-of-the-art
method to examine selectivity of kinase inhibitors. The Ingenuity Pathway Analysis
database was used to extract the literature described downstream targets for 239 in
HaCaT cells expressed kinases. For 147 kinases 807 non-redundant downstream tar-
gets had been described and annotated. The downstream targets were used as sur-
rogate markers and overlaid with the NCE’s off-target lists to assign off-target genes
to off-target kinases (Figure 38). To proof the predictivity of our model all com-
pounds were tested against 239 kinases available in the biochemical SelectScreenTM
Kinase Profiling (Invitrogen) at concentrations of 2 uM and 200 nM. All kinases inhi-
bited by at least 90 % at 2 uM conc. and additionally by at least 50 % at 200 nM were
selected as off-target kinases (Table 11). Most off-target kinases were identified for
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BI1 (75) and Ex1 (60). All other NCEs showed a higher selectivity with only 21 (BI2),
17 (BI3), 12 (Bl4), 15 (BI5) and 14 (Ex2) kinases inhibited by the respective compound
(Figure 37b, Table 11). For Bl1 84 of the 366 known surrogate marker genes were
found to be regulated. A comparably good ratio was also identified for the two pyri-
dopyrimidinones with 84 out of 361 (Ex1) and 55 out of 223 (Ex2). A summary of the
data is shown in Figure 37. Integrating all criteria, the identification of kinase selec-
tivities was limited, as shown for BI2 in Figure 38. Although, various annotated sur-
rogate marker genes were identified as off-targets, fortifying the used identification
procedure, a clear association to a specifically upstream-acting kinase was often not
possible since too many surrogate markers were redundantly identified to act down-
stream of several receptor kinases. The cellular system might be optimized e.g. in
regard to the addition of receptor ligands, but it will not replace testing NCEs in bio-

chemical assays for kinase selectivity.
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a NCE| BI1 | BI2 | BI3 | BI4 | BIS | Ex1 | Ex2
Number biochemically profiled kinases | 239 | 239 | 239 | 239 | 239 ] 239 239

Number of known surrogate marker| 807 | 807 | 807 | 807 | 807 | 807 | 807

Number of profiled kinases w/o known surrogate marker| 92 | 92 | 92 | 92 [ 92 | 92 | 92

Number of inhibited kinases| 75 [ 21 [ 17 [ 12 [ 15 [ 60 [ 14 ]
Number of known surrogate marker of inhibited kinases| 366 [ 183 | 164 | 37 [ 169 361 223

Number of affected surrogate marker of inhibited kinases| 84 [ 22 [ 19 [ 10 [ 22 [ 84 [ 55 ]
Number of inhibited kinases w/o known surragtemarker| 20 | 5 | 4 [ 3 | 4 [ 24| 4 |
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Figure 37 — Kinase Selectivity |

a: each compound was profiled against a panel of 239 protein kinases and the number of kinases
inhibited by each compound is shown (Table 11). No surrogate marker (e.g. literature known down-
stream target of a given kinase) were identified for 92 enzymes, whereas 807 surrogate markers were
identified for 147 of the enzymes. Based on the kinase inhibition profile of each compound, the ex-
pression of these kinases in HaCaT cells and the availability of surrogate markers the number of po-
tentially effected surrogate marker genes was predicted. b: human kinome dendrograms showing the
NCEs’ kinase specificity profiles. Circle size corresponds to the precentaged inhibition of the kinase at
200 nM concentration. AGC — Containing PKA, PKG, PKC families; CAMK — Calcium/calmodulin-
dependent protein kinase; CK1 — Casein kinase 1; CMGC — Containing CDK, MAPK, GSK3, CLK families;
STE — Homologs of yeast Sterile 7, Sterile 11, Sterile 20 kinases; TK — Tyrosine kinase; TKL — Tyrosine
kinase-like. Kinome dendrograms used for visualization were shown with permission from Cell Signal-
ing Technology, Inc. (http://www.cellsignal.com).
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Figure 38 — Kinase Selectivity Il

Projections of Bl2-specifically regulated kinase surrogate marker genes. Indicated are all 21 inhibited
kinases: 3 kinases with no affection of known surrogate marker genes (c’), 4 kinases of which no sur-
rogate markers are described (c”’) and 14 kinases with deregulated surrogate markers genes (blue line
= transcriptional down-regulation, red line = transcriptional up-regulation, red box = in silico predicted
BI2-specific kinase hits).
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Table 11 — Kinase Selectivity

%: Inhibtion | 3 Inhibtion

MNCE Kinase 2uM) [200nM1]
Bil ABLL

BI1 ALK

BI1 AMPK A1/B1/G1
BI1 AURKA (Aurora A)
BI1 AURKB (Aurora B)
BI1 AURKC (Aurora C)
BI1 AXL

BI1 BLE

BI1 BRAF

BIl BRSK1 (SAD1)
BI1 CAMEK2D (CaMKIl deltz)
BIl CDK7/cyclin H/MNATL
BI1 CHEK1 [CHK1)
Bil CLKL

Bi1 CLK2

BI1 FER

BI1 FGFRL

BIl FGFR2

BI1 FGFR3

Bil FGR

BI1 FLT1 [VEGFR1)
BIl FLT3

BI1 FLT4 [VEGFR3)
BIl FYN

BI1 GRK7

BIL G5K3A (GSK3 alpha)
BI1 GSK3B (GSK3 beta)
BI1 HCK

BIl JAKZ

BI1 JAKZ

BIl KDR (VEGFRZ)
BI1 LCK

Bil LRRK2

Bi1 LYM A

BI1 LYN B

BI1 MAPZKL (MEK1)
BIl MAP2K2 (MEK2)
BI1 MAF3KS (COT)
Bil MAP4KI {GCK)
BI1 MAP4K4 [HGK)
BIl IMAPAKS (KHS1)
BI1 MARK1 [MARK)
BI1 MARK2

BI1 MARK3

BI1 MARKS

BI1 MELK

BI1 MERTK (cMER)
BIl MINK1

BI1 IMUSK

BIl NTRKL (TREA)
Bi1 NTRKZ [TRKB)
Bil NTRK3 (TRKC)
BI1 PDGFRA (PDGFR alpha)
BI1 PDGFRE (PDGFR beta)
BI1 PHKG1

BIl PENL [PRK1)
BI1 PRKCA [PKC alpha)
Bil PRECN {PKD3)
BI1 PRECC (PKC theta)
BIl PRKD1 (PKC mu)
BI1 PRKD2 [PKDZ)
BI1 PREG1

BI1 RAF1 [cRAF) Y340D Y341D
BI1 RET

BI1 RPS6KAL (RSK1)
BI1 RPSEKAZ (RSK3)
BIl RPSEKA3 (RSKZ)
BI1 SNF1LK2

Bil SRC

Bi1 STK22D (TSSK1)
Bil STK25 [VSK1)
BI1 STK3 (MST2)

- #: Inhibtion | % Inhibtion . % Inhibtion | % Inhibtion
MCE Kinase 12 uM) [2000M] MNCE Kinase [2 M) [2000M)
BIl STE4 [MST1) Exl BMX
BIl TYK2 Exl BRAF
Bll YES1 Exl BTK
BlZ ABLL Exl CSF1R (FMS)
BIZ BLE Ex1 EPHAL
Biz CSF1R (FMS) Exl EPHAZ
BIZ FGR Ex1 EPHAS
Biz FLT3 Exl EPHAZ
BIZ FLT4 [VEGFR3) Ex1 EPHB1
BIZ JAK3 Exl EPHB4
Blz KDR (VEGFR2) Exl FES (FPS)
BIZ LCK Exl FGFR1
BIz LYN A Exl FGFR2
BIZ LYNEB Exl FGFR3
BIZ MAP4KS [HGK) Ex1 FGFR4
BIZ MAPZKS (KH51) Ex1 FGR
BIz MINKL Exl FLT3
BIZ NTRKL (TRKA} Exl FLT4 (VEGFR3)
BIz NTRK2 (TRKE) Exl FRK [PTKS)
BIZ NTRK3 (TRKC) Exl FYN
BIz PDGFRE (PDGFR beta) Exl JAK2
BIZ RET Ex1 JAKS
Biz SNF1LK2 Exl KDR {VEGFR2)
BIZ YES1 Ex1 LCK
BI3 ABLL Exl LYN A
BI3 BLE Ex1 LYN B
Bl3 CSF1R [FMS5) Exl MAPZK1 [MEK1)
BI3 FGR Ex1 MAP2K2 [MEK2)
BI3 FLT3 Exl MAP3KS [MLK1)}
BI3 FYN Exl MAP4K4 (HGK)
BI3 LCK Exl MAP4KS (KH51)
BI3 LYN A Exl MAPK11 (p38 beta)
BI3 LYNE Exl MAPK14 [p38 alpha)
BI3 MAPZKS (KH51) Ex1 MARKL (MARK)
BI3 MELK Ex1 MARK3
Bl3 NTRK3 (TRKC) Exl MARKS
BI3 PDGFRA {PDGFR alpha) Exl MINKL
Bl3 PDGFRE [PDGFR beta) Exl M5T4
BI3 RET Exl MYLK2 {skMLCK}
BI3 SMF1LK2 Exl NEK2
BI3 YES1 Ex1 PDGFRA (PDGFR alpha)
Bl4 CSF1R (FMS) Exl PDGFRB (PDGFR beta)
Bl4 FGR Ex1 PRKCN (PKD3)
Bl4 FLT3 Exl PRKD1 (PKC mu)
Bl4 FLT4 [VEGFR3) Ex1 PRKDZ2 (PKD2)
Bl4 KDR (VEGFR2) Exl PTKE (Brk)
Bl¢ LCK Exl RAF1 (cRAF) Y340D Y341D
Bld MAP4K4 (HGK) Exl RET
Bl¢ MAP4KS (KH51) Exl SNF1LK2Z
Bld NTRK1 (TRKA) Exl SRC
Bl4 NTRK2 (TRKB] Exl SRMS (Srm)
Bld NTRK3 (TRKC) Exl STK22D (TS5K1)
B4 SNF1LK2 Ex1 STK24 [MST3)
BI5 ABLL Ex1 SYK
BI5 CSF1R [FMS5) Exl TAQK2 (TAOI)
BI5 FGR Exl YESL
EI5 FLT3 Ex2 ABLL
BIS FLT4 [VEGFR3) Ex2 ABL2 [Arg)
BIS KDR (VEGFR2) Ex2 BRAF
BI5 LCK Ex2 BTK
BI5 MAP4K4 (HGK) Ex2 CSFIR (FM3)
Bls MAPZKS (KH51) Ex2 EPHAZ
EI5 MINKL Ex2 EPHAS
Bls NTRK1 (TRKA) Ex2 FGFR2
EI5 NTRK2 (TRKE) Ex2 FGR
BI5 NTRK3 (TRKC) Ex2 FYN
BI5 RET Ex2 LCK
BIs SMF1LK2 Ex2 LYN A
Exl ABL1 Ex2 MYLK2 {skMLCK}
Exl ABL2 (Arg) Ex2 | RAF1 (cRAF) Y340D ¥341D
Exl ACVRI1E (ALK4)
Exl BLK
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3. Discussion

Phenocopy - A Strategy to Qualify Chemical Compounds during Hit-to-Lead and
Lead Optimization



Since the approval of Imatinib (Gleevec) in 2001, the first marketed kinase inhibitor,
many additional kinase inhibitors have been advanced into clinical development. The
most advanced kinase programs in research and development are aimed at the
treatment of various cancers. However, additional therapeutic applications like im-
munological, metabolic- or infectious diseases and also the treatment of central

31, 111, 112
.D

nervous system disorders by kinase inhibitors are under investigation ur-

ing the optimization of kinase inhibitors one often has to cope with challenges like

the improvement of kinase selectivity'™> ***

. In combination with the overall high
attrition rates of new drug candidates® there is a need for new strategies that sup-
port and optimize the drug discovery process. In the present study, an approach is
introduced to support the drug development process by enabling a highly flexible

and highly resolved ranking of the NCEs and by providing additional information of

the drug target biology.

3.1 NCE Ranking

So far, the in vitro biological evaluation of NCEs has often been based on biochemical
and cellular potencies as well as on the selectivity of the respective NCE. This limited
view may result in wrong decisions for further time and cost consuming processes,
such as in vivo experiments. In the present study, a workflow was established to alle-
viate the lead identification and optimization of NCEs in general and kinase inhibitors
in particular by elucidating the mechanism of action of both the target and the NCE.
Thereby, more knowledge about drug candidates is obtained at an early stage of

drug discovery and several new categories for their qualification are available (Figure
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39). Although the rating of each category remains subjective, one can clearly distin-
guish between good and bad results within a group of tested compounds. Especially
the exclusion criteria (shown in red; Figure 39) are important breakpoints for the
ranking since they are potential sources for failures of the respective NCE later on in

the process.

Bi1l BI2 BI3 BI4 BI5 Ex1 Ex2

IC50 TGFBR1
IC50 pSMAD2

Kinome Specificity
Bl4

1C50 PAI-1 BI2
# Off Targets @ 2h

# Off Targets @ 4h

# Off Targets @ 12h

# Pathways

Inverse TGF-B Signaling
Cytotoxicity

Cell Cycle
Inflammation

Cancer Pathways

BI3
BIS

Ex1

Phenocopy based QC

Bl1

Ex2

Integrated Score

Figure 39 — NCE ranking

Quality parameters used to gauge the seven NCEs. The Phenocopy strategy introduces ten additional
parameters dealing with potency, off-target numbers and affected pathways. NCEs are ranked from
blue (good) to red (bad). Integration of all parameter scores identifies Bl4 and BI2 as superior to all
other NCEs.

In case of the tested inhibitors the decision based on classical parameters such as
potency or kinase specificity can be misleading or fall far short. Besides Ex2 all other
NCEs are potent inhibitors with comparable I1Csq values in cellular assays and only
minor distinction in their biochemical activity. Also the kinome specificity profiling is

not sufficient to arrive at a final decision, since only BI1 and Ex1 inhibit a wide panel
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of other kinases. Furthermore, the Phenocopy data strongly indicates that off-target
effects do not only derive from additionally inhibited kinases in line with the fact that
within the human genome over 2,000 other nucleotide-dependent enzymes can be

found'*

which may be potentially affected by NCEs blocking an ATP binding site. In
addition, identification of bioactive compounds revealed a high degree of promiscui-
ty for kinases inhibitors with GPCRs and phosphodiesterases''®. Hence, an approach
using the Phenocopy strategy will deliver a wider view on the NCEs’ selectivity. How-
ever, it can not replace a kinase selectivity screen, since mapping of the off-targets
to published kinase surrogate markers were not sufficient to indentify all off-target
kinases or did not result in unique predictions (Figure 38). This is potentially due to
the experimental design and the current state of knowledge. The correlation of the
in vitro predicted kinase inhibition with the off-target effects requires some criteria
to be fulfilled: i) the kinase has to be expressed in the cellular system, ii) the signaling
pathway must be functional, which iii) depends on the availability of appropriate
ligands in the in vitro system. As the cells in our study had been starved for com-
pound and/or TGF-B profiling, these criteria might have been only partially met. Fi-
nally, iv) surrogate markers have to be described. Nevertheless, the comparison of
the compounds’ off-target effects with the kinase profiling fortifies the Phenocopy
findings and supports the chosen analysis procedure since a good overlap between
surrogate markers and off-targets is found in many cases, where sufficient surrogate
markers are published.

By evaluating of TGF-BR1 inhibitors, it was possible to clearly differentiate the indoli-
none chemotype from the pyridopyrimidinones in several parameters. Furthermore,

even within the indolinone cluster differences between compounds with various
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decorations were identified. This can help at different steps during the drug devel-
opment process. The differentiation between chemotypes helps to qualify the dif-
ferent hit classes after high-throughput screening that are promoted to the hit-to-
lead phases. Later on, the differentiation between the compounds of a particular
chemotype is suitable to support lead optimization programs.

As above mentioned, the presented approach enables a wider view on the com-
pounds selectivity in a cellular context by the identification of the total amount of
target-independent regulated genes and also sheds light on the chronological se-
guence when these regulations occurs. In earlier studies, compound-dependent
gene regulation is either identified by treatment of the cells with only one concen-
tration in comparison to untreated cells followed by the application of fold change
and/or p-value cut-offs®’ or by the treatment with a series of concentrations, fol-
lowed by the selection of dose-dependently regulated genes’®. The Phenocopy data
however demonstrates that on the one hand, the use of only one concentration is
not sufficient to identify all off-targets and might be too less stringent dependent on
the used concentration. On the other hand, an off-target identification based on
dose-dependency will only select that subgroup of regulated genes that are not sub-
jected to integrated effects. Thus, the introduction of a selection procedure where
different NCE concentrations are used in presents as well as in absence of TGF-f
guarantees a sharp classification and enables a high resolution of detected genes.
The strategy can also help to interpret the identified off-target effects and offers the
possibility to assign the regulated genes to relevant biological processes and net-
works. Good results that were reproduced by wet lab experiments were thereby

achieved using Ingenuity Pathway Analysis (Ingenuity Systems®). However, the anno-
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tations of canonical pathways are superior to the analysis of the molecular function.
Although the annotation of the molecular function of the regulated genes can help
to understand the compound effects, e.g. in case of the predicted cytotoxicity of
both pyridopyrimidinones, its informative value is limited since some of the catego-
ries are too general. Thus, it can not be consulted for the NCE ranking. In contrast,
the pathway analysis can be used for the ranking in a flexible format by the respec-
tive scientist by defining context relevant processes or just by prioritizing the com-
pounds in terms of the absolute number of affected processes or pathways. In terms
of TGF-B inhibition for instance one goal is to reduce inflammation processes trig-
gered by this cytokine® as one potential strategy to treat fibrotic diseases or cancer.
Thus, the predicted and confirmed pro-inflammatory properties of both pyridopyri-
midinones (Figure 30, Figure 36) are the opposite of the desired effect making both
NCEs inferior to the indolinones. Furthermore, relevant and unwanted processes are
regulation of growth and proliferation and obviously induction of cell death (Figure
30).

Finally, the combination of TGF-B and off-target signatures revealed that some com-
pounds regulate genes inverse to the desired therapeutic effect (Figure 23). This can
potentially affect the efficacy of the treatment with this NCE. This is of particular
interest since three times more substances undergo attrition due to a lack of efficacy
than due to clinical safety reasons>. Especially both pyridopyrimidinones regulated
217 (Ex1) and 317 (Ex2) TGF-B dependent genes in the opposite direction to the de-
sirable treatment effect. In contrast, the indolinones only affected a lower number

(BI13:42; BI2: 57, Bl1: 70; BI5: 81; Bl4: 101) of these genes.
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According to the ten introduced Phenocopy criteria, a couple of compounds revealed
liabilities through downstream inhibition of PAI-1 transcription (Bl1, BI5 & Ex2), at
the regulation of off-target genes per se (BI1, Ex1 & Ex2), at the affection of inverse
TGF-B signaling (Ex1 & Ex2), at the induction of cell death (Ex1), at acting as pro-
inflammatory stimuli (Ex1 & Ex2) and as promoting cellular growth and induction of
cancer pathways (BI3 & BI5) (Fig.6). An integration of all obtained information re-
commends the use of Bl4 and BI2 for further optimization due to superior overall

performance of these two drug candidates (Figure 39).

3.2 Chemical genomic profiling

So far, microarray technology has been successfully applied during the drug devel-
opment process for target discovery by profiling disease models, for target validation
by profiling alterations caused by disease-related genes, for elucidating drug meta-
bolism by measuring transcriptional changes of known drug metabolizing genes in
rat livers or human hepatocytes and to address drug safety in toxicogenomics ap-
proaches. However, only few approaches have been tempted to fill the gap between
target validation and drug metabolism and aimed to support the hit-to-lead or lead
optimization processes. In fact, gene expression signatures have been used to func-
tionally annotate and characterize small molecules in yeast and in mammalian cells®”
117. 118 ‘However, these approaches mainly focused on the identification of new NCEs
directed against a given target, or to build novel connections to a disease, but not to

obtain an in depth analysis of the off-target effects. In the present study, several

optimized parameters are introduced to achieve a comprehensive qualification of
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the investigated compounds. First, the screening platform was chosen by the use of
a relevant cellular system functionally expressing the drug target and its downstream
signaling. Second, various time points and concentrations were monitored. Third,
siRNAs against TGF-BR1 were used as an additional target modulation technology to
confirm the results obtained with the NCEs. By combining those data it was demon-
strated that the off-target signatures can be used to identify the most selective NCE
among the tested compounds and to detect unwanted off-target effects such as in-
duction of pro-inflammatory processes or of death receptor signaling. The data also
allows identifying the target promiscuity of the NCE. These polypharmacological ap-
proaches, most notably discussed in fields of cancer treatment®?, can not be faced
with conventional single target-based assays but need approaches containing multi-
parallel readouts for NCE characterization. Such a strategy will also help to accumu-
late an iterative knowledge about both the drug candidates itself and the structural
classes. The drug candidates’ off-target signatures can be overlaid with other data-
bases containing drug-dependent gene signatures like the Connectivity Map>’. Inte-
gration of additional data sources will further characterize the NCEs by flagging them
for potential side effects and the identification of desirable pharmacology profiles or
even find a repositioning idea for other indications.

Nevertheless, there are some limitations inherently comprised in each chemical ge-
nomics approach. Most obviously, cells that grow on plastic in a laboratory are very
different from tissues in a whole organism. Therefore, effects modulated by a specif-
ic microenvironment or based on the cooperation of multiple cell types can simply
not be accessed by such approaches. Some of these limitations could be overcome

by using more complex cell culture systems such as primary cells or mixed co-culture
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systems, containing more than one cell type. The downside of such approaches
however is the increased variability and the reduced throughput in combination with
the rising costs of such cell systems. Another challenge of chemical genomic strate-
gies derives from the determination of the appropriate incubation time or concen-
tration for the treatment in order to obtain a strong signal response for the respec-
tive process. It was shown that being off by one log of concentration has turned a

strong signal into a barely detectable one*’

. It is therefore mandatory to profile a
wide range of concentrations and several time points to obtain an integrated view of
the NCE effects. Furthermore, there is an uncertainty to which extent gene expres-
sion signatures of cells from one tissue differ in terms of NCE treatment from cells of
another. Surprisingly, earlier chemical genomics studies analyzing histone modifica-
tion, molecular chaperones and mTOR signaling have shown that gene expression
signatures derived from cells of differing origin are remarkably similar’’. This might
differ for other cellular processes and only empirical evidence can resolve this issue.
However, the Phenocopy project does not claim to unravel the entire spectrum of

NCE effects but to provide guidance along the decisions of early drug discovery

projects, where such topics cannot be addressed.

3.3 TGF-3 Biology

Gene set enrichment analysis resulted in 16 highly affected processes with known
links to the TGF-B biology (Figure 20). TGF-B is involved in a plethora of biological
processes and its cross-talk with other pathways can be detected in literally every

stage of metazoan life from birth to death. During embryogenesis, complex interac-
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tions of TGF-B with BMP, Wnt Hedgehog, Notch and mitogen-activated protein ki-
nase (MAPK) signaling are crucial for stem cell maintenance, body patterning, cell
fate determination, organogenesis and further retain their role in regulation of cellu-
lar growth and functioning in adult tissues to control homeostasis. Often a deregula-
tion of this pathway cross-talk is found in aged or diseased animals, e.g. in case of

84,120123 Most of the above mentioned pathway interactions are also

cancerogenesis
represented in the on-target signature of the Phenocopy data emphasizing their ubi-
quitous role in various cellular backgrounds. However, the respective cross-talks are
complex and therefore hard to resolve. They result in the activation of various linked
pathways and processes. MAPK signaling, for instance can either be regulated by
TGF-B stimulation, which represents an important mechanism for non-Smad signal-
ing®®, or vice versa modulate the function of TGF-B signaling, primarily triggered
through regulation of Smad functions'**. Furthermore, TGF-B can potentially affect

three different MAPK signaling pathways'? and result in oppositional effects. While

Erk1/2 phosphorylation of Smad3 sites is supposed to prevent the transcriptional
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activity™™ of TGF-B, p38 MAPK phosphorylation rather supports it™". It is however
demanding to dissect which of these processes are triggered in HaCaT cells simply by
looking at the regulated genes, since the KEGG category contains genes from all
MAPK signaling pathways.

Also not unexpected is the observed TGF-B effect on p53 signaling since the tumor
suppressor protein physically interacts with Smad2/3 and jointly regulates the tran-
scription of several TGF-B target genes'?®. For instance, one of the best known

TGF-B effects is triggered by this interaction: the induction of cell cycle arrest though

the up-regulation of the CDK inhibitors CDOKN1A and CDKN2B"*.
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Another example for complex cross-talks, also represented in the Phenocopy data, is
the interaction of TGF-B with ErbB2 signaling. This finding is backed up by different
studies showing that ErbB2 signaling, which activates both, MAPK and PI3K Akt
pathways, strongly communicates with TGF-B signaling in the control of mammary

epithelial cell biology and breast cancer development®*%***

. In fact, the synergy of
TGF-B and ErbB2/Ras/MAPK signaling often leads to the secretion of different cyto-
kines and growth factors, including TGF-B itself and thereby promote epithel-to-
mesenchymal transition (EMT) and cell invasion***%*.

Also not surprisingly, TGF-B stimulation resulted in the regulation of genes involved
in apoptosis. At this, TGF-B signaling can lead to opposing effects and provides sig-
nals for either cell survival or apoptosis. The outcome of TGF-B stimulation is thereby
determined by the interaction and the balance of different stimuli as well as by the

125 Comparably to the findings of the MAPK signaling category, the

given cell type
KEGG apoptosis annotation is also ambiguously grouped regarding the different out-
comes of apoptosis.

TGF-B is involved in the remodeling of the extracellular matrix resulting in EMT. An
early event in EMT involves the dissolution of tight junctions triggered by an interac-
tion of Par6, a regulator of cell polarity and tight junction assembly with TGF-f sig-
naling components™’. Not only the tight junctions but also the gap junctions are
affected by TGF-B through regulation of the gap junction subunit Cx43 expression

138-140

which alters gap junction-mediated intercellular communication . The outcome

varies between positive and inverse relationships, depending on the cell type, the
type of membrane receptors employed and the initial activation/phosphorylation

141

state of the cells™". It has been further shown that this down-regulation at wound
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sites leads to a reduced inflammatory response, enhanced keratinocyte proliferation
and wound fibroblast migration™*2.

Apart from the alteration of cell connection components, EMT is accompanied by a
dramatic reorganization of the actin cytoskeleton also induced by TGF-B stimulation
via Rho GTPase-dependent pathwaysl43’ 144,

Interestingly, no influence or interaction of TGF-B signaling to the metabolisms of
glycine, serine and threonine has been published so far. Therefore, the findings pro-
vided by the Phenocopy experiment are a good starting point for further experi-
ments to confirm and unravel the influence of TGF-B on the metabolism of these
amino acids.

The last three categories contained in Cluster 4 are wide-ranged and highly ambi-
guous. They most likely represent the integration of the above mentioned pathways
and processes.

As mentioned for the off-target pathway prediction, in silico results based on path-
way analysis tools merely draws attention to putatively affected processes and only
wet laboratory validation can provide insight into their contribution to the targets
biology. Furthermore, results obtained from only one cell line cannot cover the en-
tire biology of the cytokine TGF-B and only provide initial insights and approaches for
further experiments. Nevertheless, not only the off-target signatures but also an on-
target signature can help to support the drug discovery process. On the one hand,
these signatures can be overlaid with known disease signatures in order to annotate
the targets contribution to the state of disease. On the other hand, it can be used to
identify potent biomarkers for efficacy of the treatment and to support the clinical

biomarker assay development process. This is especially important if the target’s
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biology is not as well characterized as for TGF-BR1. Despite the good characterization
of the receptor biology, using the Phenocopy strategy it was possible to significantly
increase the amount of known TGF-3 regulated genes by several hundred compared

to earlier studies*°,

3.4 siRNAs as modulators

3.4.1 Control siRNA charaterization

The aim of this experimental section was to shed light on how different negative
control siRNA molecules can influence RNAi experiments. The obtained knowledge
could then be directly incorporated into the siRNA part of the Phenocopy strategy. In
addition, a broader approach was chosen to identify the influence of the control mo-
lecules in order to deduce information for siRNA experiments in general, beyond the
use in the presented strategy. Dependent on the used cell line a wide range of diffe-
rentially expressed genes was observed after the transfection with different siRNA
molecules. Overall almost three times more genes were altered in HT1080 compared
to 3T3-L1 cells indicating that the later are less sensitive to the treatment with siR-
NAs. The transfection of siRNA Qlctrl resulted in a small overlap of three genes that
are differentially expressed in all tested cell lines, arguing for a potential sequence
homology of this siRNA to the respective off-target transcripts. Due to commercial
reasons at the providers, the sequences of the control siRNA molecules cannot be
provided but the alighment of the siRNA sequences with the respective off-targets

showed a low stringency match to nearly all the identified transcripts.

117



A larger overlap was found within the two human cell lines HT1080 and HaCaT. Here,
the control siRNAs Qlctrl, Q2ctrl, Q3ctrl and Q4ctrl share a common cell line inde-
pendent off-target signature, suggesting that these genes are altered due to se-
guence similarities to the siRNA sequence. However, no perfect or seed matches to
the control siRNA sequences were identified. Subsequently, the focus was set on the
analysis of the specific off-targets observed in HT1080 cells. Since most of these off-
targets do not fall into the classical group of siRNA induced interferon response
genes™, it can be anticipated that these regulations are sequence specific for the

respective siRNA molecule®™" >

. However, among the 595 identified off-targets, 79
genes were altered by the treatment with more than one single siRNA. The hierar-
chical clustering revealed similar expression patterns for all Dharmacon siRNAs indi-
cating that some off-target effects are sequence independent and one can speculate
that these are related to chemical modification strategies of a specific manufacturer.
The cluster analysis also demonstrated strong correlation between the cells treated
with the molecules Alctrl and Qlctrl. In these experiments expression of the two
cytokines IL1B and IL24 is significantly altered compared to the untreated control
samples. The low expression of both cytokines argued already for a reduced re-
sponse of the siRNA treated cells towards an inflammation signaling through
NFkB'3. This hypothesis was further strengthened by the reduced level of MMP1
expression in the supernatants of these cultures”, which correlates with the reduced
expression of both cytokines. However, not only the basal NFkB signaling cascade,
but also the stimulated pathway, as shown by the activation of IL8 secretion in
HT1080 cells after TNFo treatment, argues for a reduction of siRNA Alctrl and Qlctrl

treated cells towards the inflammatory signaling.
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Furthermore, the unwanted side effects are the opposite of what is described as an
inflammation stimulation effect via the double stranded RNA recognition system.
The specificity in terms of number of identified off-targets did not correlate with the
observed reduction of TNFa sensitivity, but was probably dependent on specific se-
guence motifs or chemical modifications. Variations in immune stimulation activity
have already been described for a GFP control siRNA™ but the effects were re-
stricted to the context of primary peripheral blood monocytes. Only very low expres-
sion levels of the toll-like-receptors 3, 7 and 8 were found in the HT1080 fibroblast
cell line by the gene chip expression study. However, the intracellular, cytoplasmatic
double stranded RNA binding domain (DRBD) proteins like RIG-1, PKR and MDA-5
were constitutively expressed with strong detection signals. It remains questionable
whether the control siRNA-induced resistance of the NFkB pathway implicates bind-
ing to DRBD-proteins since the interaction with these cytoplasmatic components
would activate rather than silence this signaling cascade. The underlying mechanism
for this observation remains obscure and will need a detailed understanding of the
binding and signaling mechanisms of DRBD-proteins in general.

The findings have some major implications on the design of target identification and
validation experiments with siRNA molecules. The reduced inflammatory response
described is clearly cell type specific, since only the HT1080 cell line did show the
IL1B/IL24 effects. However, the data exemplifies that during the establishment of an
assay protocol, the phenotypic analysis of the control siRNA treatment is essential.
This is especially important since the identified off-target regulations are cell type
specific and not a common feature of the molecules but related to the cellular back-

ground of the experiment. The cell type specific effects of siRNAs can derive from
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different sources. First, double stranded RNA related effects can be different depen-
dent on the expression of double stranded RNA binding domain (DRBD) proteins,
discussed above, or in general by a different expression of the RNAi machinery com-
ponents. Second, sequence specific effects can differ due to different expression
profiles and the biology of the hit target. For instance, the knockdown of an essential
key player in cell homeostasis or of an important transcription factor will later on
influence the expression of far more genes than the knockdown of a more distal tar-
get. Finally, siRNAs can compete with endogenous miRNA pathways due to satura-
tion effects that are specific for the respective cell line™*.

Although it is not mandatory to perform expression analysis upfront of each siRNA
experiment, the impact of the control molecule on the assay system must be careful-
ly analyzed. Therefore, only a close comparison of untreated to control siRNA
treated cell cultures will help to identify the right control molecules, which show a
controlled or even no impact on the assay system and will be appropriate for the

normalization of the experimental observations.

3.4.2 TGF-B siRNAs

To guarantee an optimal siRNA-mediated knockdown it is mandatory to pre-select a
siRNA, validated for the respective biological background and used cellular system.
Additionally, different chemical modifications can lead to an altered activity, stability

and tolerability of the respective SIRNA™®

. Since each siRNA provider follows its own
modification strategy, it is beneficial to validate a panel of siRNAs from different pro-

viders. Therefore, a total of ten siRNAs from three providers was assessed by the
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analysis of three quality parameters: i) mRNA knockdown, ii) functional inhibition
and iii) amount of off-target effects. Only the use of the siRNAs A2tgf, D4tgf and
Qltgf led to knockdowns of less than 80 %. In contrast, reasonable good knockdowns
were achieved by more than 90 % for the siRNAs Altgf, D3tgf, Q2tgf, Q3tgf and
Q4tgf and superior knockdowns with more than 95 % for D1 and D2. Functional
pathway inhibition, assayed by Smad phosphorylation and PAI-1 expression, led to
good performances of the siRNAs Altgf, D2tgf, Q3tgf and Q4tgf. Surprisingly, siRNA
D1tgf that resulted in the best mRNA knockdown failed to inhibit TGF-B signaling.
This finding remains obscure and can not be rationalized by any of its off-target ef-
fects. One can only speculate that the siRNA mimics a miRNA effect that can poten-
tial promote TGF-B signaling. Moreover, the fact that a siRNA mediating a good or
perfect knockdown does not result in the desired phenotype is not unique and can
also be experienced in nearly each large scale siRNA screen. Vice versa, each hit in a
siRNA screen is normally backed up by at least one counter experiment using a dis-
tinct siRNA to rule out single siRNA derived phenotypes. In parallel, the off-target
analysis of these siRNAs favored both Dharmacon siRNAs D1tgf and D2tgf and the
Ambion siRNA Altgf and excludes the use of both Qiagen siRNAs with approximately
twice as much off-target effects than the others. Collectively, siRNA Altgf resulted in
the best performance and was chosen for the use in the Phenocopy experiment.

Although treatment with the validated siRNA virtually erased TGF-BR1 mRNA, the
use of siRNAs as pathway modulators came of badly in contrast to the kinase inhibi-
tors and was not able to totally block TGF-f signaling according to PAI-1 mRNA levels
(Figure 19d). One possible explanation is the internalization of the activated TGF-

receptor complex. TGF-B receptors are internalized through two distinct endocytic
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pathways. On the one hand, TGF-B receptors can be internalized in caveolin positive
vesicles for receptor degradation. On the other hand, Clathrin-dependent internali-
zation into early endosomes is important for propagating signals. This was first eluci-

1.1°° who showed that the internalized TGF-B receptor

dated by Di Guglielmo et a
complex is first co-localized with EEA1 (Early Endosome Antigen 1) and then with
Rab11l suggesting that the EEA1 compartment has subsequently entered Rab11-

15617 since a recycling of TGF- receptors is possible,

positive recycling endosomes
one can rational that due to the long half-life and turnover of the protein, even a

complete blockage of its de novo synthesis using siRNAs will rather fade out TGF-B-

mediated signaling then abruptly stop it.

3.5 Conclusion

Neither the complexity of a living organism nor a disease state can be entirely
represented by profiling of a single cell line. Nevertheless, the Phenocopy strategy
demonstrates one possibility to significantly alleviate the drug discovery process at
an early stage. Comparing such an approach to classical toxicology testing or toxico-
genomics studies, the Phenocopy strategy offers a couple of advantages: it addresses
on- and off-target effects and is able to differentiate between target-related vs.
compound-related events. This differentiation is only possible when a couple of
compounds of different compound classes will be investigated. Due to costs and ca-
pacities, the analysis of a certain number of compounds can only be run in vitro. Al-

though cellular systems cannot replace in vivo studies, they show less variability,
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guarantee the expression and signaling of the target protein and are less cost and
time consuming.

The Phenocopy approach offers an opportunity to qualify and rank compound
classes and single compounds early during hit-to-lead and lead optimization
processes, which will subsequently reduce the attrition rates later on, e.g. during
toxicological assessment of the development candidates. However, the addition of
new technologies and checkpoints like Phenocopy is contributing to the ever-rising
costs of getting innovative medicine to the market. But nevertheless, the assembly
of workflows of successfully used tools during early lead generation processes will
become crucial for the discovery of novel quality of entities in a changing pharma-
ceutical industry. One useful tool is the phenocopy principle, where external stimuli
like the climate of the environment for the Himalayan rabbit or like NCEs, siRNAs,
antibodies or aptameres for the inhibition of a cellular process are committing a cer-
tain phenotype. By investing in the qualification of NCEs during the early drug dis-
covery process, later on the attrition rate during development phases will be re-
duced. Indirectly, this investment will reduce the overall cost for developing innova-

tive medicine.
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4. Methods

Phenocopy - A Strategy to Qualify Chemical Compounds during Hit-to-Lead and
Lead Optimization



4.1 Wet laboratory experiments

4.1.1 Cell culture, NCE treatment and siRNA transfection

3T3-L1, HT1080 and HaCaT cells were maintained in DMEM (3T3-L1, HaCaT; Gibco;
Cat. No. 31966) or RPMI (HT1080; RPMI; Cat. No. 61870 ) supplemented with 10 %
(3T3-L1, HT1080) or 5 % (HaCaT) FCS, respectively. All cell lines were exponentially
grown at 37 °Cin a 5 % CO, atmosphere. Cells were seeded in 96-well (ELISA) or in
24-well (RNA expression profiling) plates and grown overnight to a confluence of
approximately 70 %. For TGF-B expression experiments, cells were first starved for
3 h in DMEM containing no FCS. Cells were then pre-incubated with increasing NCE
concentrations (0.0032, 0.016, 0.08, 0.4, 2, 10, 50 uM) for 15 min and subsequently
stimulated with 5 ng/ml of TGF-B (R&D Systems; Cat. No. 240-B) and incubated for
the indicated time points. In parallel, control sample groups were analyzed that were
either only stimulated with TGF-B, treated with NCEs but not TGF-B stimulated,
treated with DMSO in presence and absence of TGF-f or left untreated. Finally, the
medium was collected or discarded cells were washed with PBS and lysed using RLT
buffer (Qiagen; Cat. No. 79216).

All siRNAs were purchased from Ambion, Dharmacon or Qiagen and prepared ac-
cording to manufacturer’s instructions (Table 1, Table 4). For transfection experi-
ments, cells were seeded in 24-well plates and grown overnight to a confluency of
50-70 %. siRNAs were transfected at a final medium concentration of 20 nM. Cells
were either transfected using Lipofectamine RNAIMAX (Invitrogen; Cat. No. 13778-
150) for 3T3-L1, HT1080 or DharmaFECT1 reagent (Dharmacon; Cat. No. T-2001-03)

for HaCaT cells. 24 h post transfection, the medium was replaced. 48 h after trans-
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fection cells were then also treated starved and TGF-B stimulated according to the
above mentioned conditions, only treated with the transfection reagent or left un-
treated dependent on the performed experiment. Subsequently, cells were washed
with PBS and lysed using RLT buffer (Qiagen Cat. No. 79216). For electroporation
siRNAs were transfected using an Amaxa Nucleofector® (Lonza) and the Amaxa Cell
line Nucleofector® Kit L (Lonza, Cat. No. VCA-1005) according to the manufacturer’s

protocol.

4.1.2 RNA extraction

RNA isolation was carried out using a MagMAX™ Express-96 Magnetic Particle Pro-
cessor (Ambion) and the MagMAX™-96 Total RNA Isolation Kit (Ambion; Cat. No.
AM1830) according to the manufacturer’s protocol. Total RNA concentration was
guantified by fluorescence measurement using SYBR Green Il (Invitrogen; Cat. No. S-
7568) and a Synergy HT reader (BioTek) as previously described™. The RNA quality
was characterized by the quotient of the 28S to 18S ribosomal RNA electrophero-
gram peak using an Agilent 2100 bioanalyzer and the RNA Nano Chip (Agilent; Cat.

No. 1511).

4.1.3 Quantitative real time polymerase chain reaction (qRT-PCR)

MmRNA expression levels of TGF-BR1, PAI-1, GAPDH, CDKN1A, CDKN2B, LINCR,
HAND1, RPTN and JUNB were determined by qRT-PCR analysis using a 7900HT Fast
Real-Time PCR System (Applied Biosystems) and the Universal ProbelLibrary System
(Roche; Cat. No. 04 683 633 001). Gene specific forward- and reverse primer se-
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guences were designed using the Universal Probe Library Assay Design Center
(Roche) and are shown in Table 12. Total RNA was transcribed into cDNA using the
High Capacity cDNA Reverse Transcription Kit (Applied Biosystems; Cat. No.
4368814) according to the manufacture’s instructions. PCRs were performed accord-
ing to the manufacturer’s protocol using TagMan reagents for 40 cycles. The thre-
shold cycles (CT) for each cDNA were obtained from triplicate samples. The ACT was
the calculated difference between the average CT for the target gene and the aver-
age CT for the house keeper gene POLR2A (RNA polymerase 2) as a control for total
starting RNA quantity. AACT method was then used to relatively quantify mRNA le-
vels of treated or stimulated samples compared to untreated, unstimulated or un-

transfected controls.

Table 12 — qRT-PCR primer

Gene Forward primer Reverse primer
TGF-BR1 aaattgctcgacgatgttcc cataataaggcagttggtaatcttca
PAI-1 aaggcacctctgagaacttca cccaggactaggcagsgtg
GAPDH gctctetgetectectgttc acgaccaaatccgttgactc
CDKN1A tgcgttcacaggtgtttctg agctgctcgcetgtecact
CDKN2B ttgttagaaaccaggctgcac ttctctetttctgtggtttctcaat
LINCR ccttcgagagcatttgecta tgttggcagcgtgatagaag
HAND1 aactcaagaaggcggatgg ggaggaaaaccttcgtgct
TSC22D1  tttcccgttgaaggtgctac ttgtcaatagctaccacacttge
RPTN gctcttggctgagtttggag aggttcaagatggtttccaca
JUNB atacacagctacgggatacgg  gctcggtttcaggagtttgt

POLR2A ttgtgcaggacacactcaca caggaggttcatcacttcacc

4.1.4 ELISA analysis of PAI-1, phospho Smad2/3, MMP1, IL8 and IL6

To analyze Smad2/3 phosphorylation after TGF-B stimulation and/or NCE treatment
cells were lysed in 100 ul Cell Lysis Buffer (Cell Signaling; Cat. No. 9803) supple-

mented with 1 mM PMSF (Sigma; Cat. No. P7626). 96-well plates (Nunc MaxiSorp™;
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Cat. No. 44-2404-21) were coated with anti-Smad2/3 monoclonal antibody (1 pug/ml;
BD Bioscience; Cat. No. 610843) for 24 h at 4 °C. To reduce unspecific binding the
wells were blocked with PBS (Gibco; Cat. No. 14190) + 2 % BSA (Sigma; Cat. No. A-
7030) for 2 h at RT. After washing three times with PBS + 0.1 % Tween20 (Sigma; Cat.
No. P-7949), the protein lysate was added and incubated for 2 h at RT. Wells were
washed three times with wash buffer and incubated with an anti-phoshpo-Smad2/3
specific rabbit antisera (Eurogentec) diluted in PBS + 0.2 % BSA (Sigma; Cat. No. A-
7030) + 0.02 % Tween20 (Sigma; Cat. No. P-7949) and incubated for 2 h at RT. An AP-
conjugated monoclonal antibody mouse anti-rabbit IgG (Sigma; Cat. No. A2556) was
added and incubated for 2 h at RT. pNPP Liquid Substrate System (Sigma; Cat. No.
N7653) was added and developed in the dark at 37 °C for 2 h before the absorbance
was measured at 405 nm in a Synergy HT plate reader (BioTek).

To analyze protein expression of PAI-1 supernatants of TGF-B stimulated cells were
collected 1, 2, 4, 12 and 24 h after treatment and analyzed using the PAI-1 Antigen
Kit (Haemochrom Diagnostica; Cat. No. HD44006), according to the manufacturer’s
protocol. To analyze protein expression of MMP1 and IL8 supernatants of trans-
fected or transfection reagent treated cells were collected 72 h after control siRNA
transfection. In case of IL8 cells were previously stimulated with 30 ng/ml TNFa
(Alexis; Cat. No. ALX-520-002) for 8 h. Subsequently, protein expression was deter-
mined using the MMP1 ELISA kit (Calbiochem; Cat. No. QIA55) and the human IL8

ELISA kit (BD Bioscience; Cat. No. 555244) according to the manufacturer’s protocol.

To analyze the expression of the four pro-inflammatory cytokines IL1B3, TNFa, IL8 and

IL6 cells were treated with NCEs at the indicated concentrations and incubated at 37
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°C for 12 h. Supernatants were analyzed using a Mesoscale Discovery muliplex ELISA
System (MSD) and the Hu Prolnflammatory-4 Il Tissue Culture Kit (MSD; Cat. No.

K15025B-1) for detection according to the manufacturer’s instruction.

4.1.5 LDH release assay

LDH release was measured to analyze cell toxicity after siRNA transfection using ei-
ther lipofection or electroporation protocols. Therefore, the CytoTox-ONE™ Homo-
geneous Membrane Integrity Assay Kit (Promega; Cat. No. G7890) was used accord-
ing to the manufacturer’s instruction. As positive control, cells were treated with
Triton X-100 (Sigma; Cat. No. T9284) and incubated for 3 h at 37 °C. The signal ob-

tained for positive control treated cells was then set as 100 %.

4.1.6 Amplification, labeling and Beadchip hybridization of RNA samples

[llumina TotalPrep RNA Amplification Kit (Ambion; Cat. No. 4393543) was used to
transcribe 350 ng of the isolated total RNA. Briefly, total RNA was first converted into
single-stranded cDNA with reverse transcriptase using an oligo-dT primer containing
the T7 RNA polymerase promoter site and then copied to produce double-stranded
cDNA molecules. An overnight (14 h) in vitro transcription was performed using a T7
polymerase to generate single-stranded RNA molecules (cRNA). cRNA molecules
were labeled by incorporation of biotin-UTP. A total of 700 ng of cRNA was hybri-
dized at 58°C for 16 h to either the lllumina HumanRefseq-8 v2 Expression BeadChip
(HaCaT, HT1080; lllumina; Cat. No. BD-102-0203) or the MouseRef-8 v1.1, (3T3-L1;

Illumina; Cat. No. BD-202-0202), respectively for the identification of the control
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siRNA off-target effects. All sample of the Phenocopy experiment were hybridized to
the next generation of Illumina chips the HumanHT-12 Expression BeadChips (lllumi-
na; Cat. No. BD-103-0203). After hybridization, the arrays were washed, blocked and
the labeled cRNA was detected by staining with streptavidin-Cy3. BeadChips were

scanned using an lllumina Bead Array Reader and the Bead Scan Software (lllumina).

4.1.7 High content screen Cellomics

The high-content cytotoxicity assay kit 2 was performed according to the manufac-
turer’s instructions (ThermoFisher Cellomics; Cat. No. 8400102). Briefly, HaCaT cells
were cultured overnight in black 96-well plates, incubated for 24 h with each NCE at
the indicated concentrations and stained with cytotoxicity cocktail. Cells were fixed,
washed and scanned on the Cellomics ArrayScan Il platform. Images were analyzed
with the Cell Health image analysis algorithm. Cytotoxicity indices were calculated
for each of the four parameters to indicate the percentage of cells outside of the

normal range which was defined using a vehicle-treated reference cell population.

4.1.8 Caspase-3 Assay

Cells were seeded in 6-well plates and grown overnight to a confluence of approx-
imately 70 % before they were treated with 2 uM of each NCE and incubated for
24 h. Caspase-3 activity was quantified using Facs Canto (BD Biosciences) and the
Caspase-3 Detection Kit (Calbiochem; Cat. No. QIA91) according to the manufactur-

er’s instruction.
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4.1.9 In vitro kinase profiling

The SelectScreenTM kinase Profiling Service was performed (Invitrogen) to indentify
the compound selectivity against 239 kinases. Single-point kinase inhibitory activities
of each compound at 2 uM and 0.2 uM were measured at 100 uM or Km ATP con-
centrations. Downstream targets of the identified off-target kinases were manually
extracted from Ingenuity’s Knowledge Base and overlaid with the NCE off-targets for

comparison.

4.2 Data Analysis

4.2.1 Data processing

Phenocopy data was processed with BeadStudio version 3.0 and the R Language and
Environment for Statistical Computing (R) 2.7.0 in combination with Bioconductor
2.2"° The Bioconductor lumi package'® was used for quality control and normaliza-
tion. The data was log, transformed and normalized using robust spline normaliza-

160 \were used to calculate

tion (rsn). Linear models (Bioconductor package limma)
log, ratios, the resulting p-values were FDR-corrected®. Other pre-processing me-
thods tested prior to the Phenocopy experiment are summarized in the work of
Schmid et al.*®®.

Differential expression for all siRNA experiments were analyzed for siRNA treated
samples versus transfection reagent treated samples. Identification of differential
expression after TGF-B or NCE treatment is described below. The differentially ex-

pressed transcripts after control siRNA transfection in HT1080 cells (Figure 11) as

well as the transcripts of the treatment signature (Figure 24) were clustered using
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Spotfire® DescisionSite® 9.1.1. (Spotfire). Hierarchical clustering was performed us-

ing manhattan distance and complete linkage as similarity measure.

4.2.2 TGF-B signature (on-target signature)

To define genes deregulated by TGF-B signaling, three sequential filtering steps were
applied to the log, transformed expression values of each time point separately. i)
The first filtering is based on the comparison of TGF-B stimulated cells against un-

180 (FDR corrected®® p-value < 0.01 and |log, ratio| >

treated cells by linear models
0.5). ii) A linear model was applied to the dose groups of each compound to extract
all probes which are significantly deregulated (FDR-corrected p-value < 0.01) by at
least one concentration compared to the respective control (cells treated with TGF-B
and DMSO but no compound). iii) To detect probes with a dose dependent deregula-

tion the likelihood ratio test statistic for monotonicity (R package IsoGene™®

) was
used. IsoGene performs an isotonic regression based on the replicates for each con-
centration resulting in regression values W, Wy, ..., Ue for each probe and each com-
pound treatment. Only probes that are significantly regulated by at least one com-
pound with |u1-pe| 2 1 and an FDR corrected p-value < 0.01 are included in the fur-

ther analysis. For each time point the probes that passed all three filters are pooled

to the final TGF- signature.

4.2.3 Off-target signature

To detect transcripts that are deregulated due to off-target effects of the com-

pounds unstimulated cells (wotgf class) as well as TGF-B stimulated cells (tgf class)
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were considered. For the wotgf class, the NCE samples 0.08 uM just as 2 uM were
compared to untreated cells (d1; and di,, respectively). Additionally, the 2 uM sam-
ple was compared to the 0.08 uM sample (6;) for each time point using linear mod-
els'®® (FDR-corrected® p-value < 0.01 and |log, ratio| > 1). The same comparisons
were made based on the tgf class (d,3, d2; and 62). Transcripts that are up- or down-
regulated by either compound treatment (wotgf,, and wotgfqown, respectively) or by
TGF-B stimulation together with compound treatment (tgf,, and tgfsown, respective-
ly) were detected based on the described comparisons as follows: a transcript be-
longs to the class wotgf, if either &, is significantly up-regulated (8, yp) or if 61 is not
significantly down-regulated (=81 gown) but di1, di2, and &; indicate an increasing
course of expression intensity for higher compound concentrations. That is, if
-81_down holds true, five different trends render up-regulation: 1) d1; and dq, are both
significantly up-regulated; 2) di; but not di, is significantly down-regulated and
log,ratio(61) = 1, thereby showing an increasing trend of expression for increasing
compound concentrations; 3) di; but not dj, is significantly up-regulated and
log,ratio(61) > -1, allowing for a small but not significant decreasing trend for increas-
ing compound concentration; 4) di, but not dy; is significantly down-regulated and
log,ratio(61) 2 1; 5) di; but not di; is significantly up-regulated and log,ratio(64) > -1.
On the one hand, as soon as one of dy; or dy; is significantly up-regulated (cases 3
and 5), a small amount of noise was allowed by claiming log,ratio(6;) > -1. On the
other hand, as soon as one of dy; or di; is significantly down-regulated (cases 2 and
4), one are more strict by claiming log,ratio(61) 2 1 to call a transcript as being up-

regulated.
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Stated in a more mathematical fashion, transcripts up-regulated within the wotgf

class are defined as follows:

O, oV

1_up

[(_‘ 517down) N ((dlliup A dlzfup)

t f v (dll down A _'d12 down N |Og2rati061 :2 1)

WO = - a -
Tup v (dy 4y A =0y oy A lOG,ratio €, >-1)

4 (_‘dll_down N dlz_down N IOgZ ratio 6‘1 /Z 1)

V (=g yp A Gy, o A lOG,ratio®, >-1))] |

The mirrored method was used to detect wotgfqown and the analogous methods are

used to detect tgf,, and tgfyown based on the cells stimulated with TGF-B.

0, Y

1_down

[(_‘51_up) N ((dll_down N dlZ_down)

v (dll_down N _'dlz_down N Iogzrati06l :< 1)
WOtgfdown =

v (dy 4 A, o, A log,ratio®, <-1)

\4 (_‘dll_down A d12_d0wn A IogZ ra.tiO 6‘1 /< 1)

V (=yy_yp A Gy, o A lOG,ratio®, <-1))] |

_52_up
[(_‘527down) N ((d217up A d227up)
Vv (d217down A _‘dzzidown Alog,ratio @, :2 1)

vV (dyy o A0y, o A log,ratio®, >-1)

\4

tof,, =

v (_‘d21_down N d22_d0wn N Iogzrati062 /Z l)

V (=, ADy, , Alog,ratio®, >-1))] |

0.

2_down |

[(_‘ é‘27up) N ((d217down nd 22_down )

V (d33 down A —1025 gown A 10G,ratio G, :< 1)
tgfdown = h -

vV (dy yp A0y, o Alog,ratio®, <-1)

v (_‘d21_d0wn N d22_d0wn N Iogzratio 6‘2 /< l)

V (=, Ay, , AlOG,ratio®, <-1))] |
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The final off-target signature was defined based on the following transcripts:

(tgfup wotgfyy) (t8fdown Wotgfaown) (t8fup,  Wotgfaown)  (t8faown wotgfyp)

The profiles of the respective transcripts can be assigned to different categories as
described in Figure 22 and Figure 23.

tgfup  wotgfyp:

additive or bipolar on- and off-target effect or common off-target effect

tgfaown  WOtgBfaown:

additive or bipolar on- and off-target effect or common off-target effect

tgfup  Wotgfaown:

inverse of bipolar on- and off-target effect

tgfaown Wotgfyp:

inverse or bipolar on- and off-target effect

4.2.4 Ingenuity Pathway Analysis and Gene Set Enrichment Analysis

Based on the on- and off-target signatures, standard IPAs were used to generate

networks and perform GSEA using Fisher’s exact test for molecular function and ca-

nonical pathways defined by the Ingenuity Knowledge Base”’.

Additionally, GSEA for the on-target signatures was conducted using Fisher’s exact

test based on gene sets defined by KEGG pathways as annotated by the Bioconduc-

tor package KEGG.db version 2.2.0”%. The p-values calculated based on Fisher’s exact

test were clustered using manhattan distance and complete linkage.
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