Thesis Dissertation

Reverse engineering signalling
networks in cancer cells

Submitted by
Mathurin Dorel

for the academical degree

Doctor rerum naturalium (Dr. rer. nat.)

submitted to the

Faculty of Life Sciences of Humboldt Universitat zu Berlin

President of Humboldt-Universitat zu Berlin
Prof. Dr. Peter Frensch

Dean of the faculty of life sciences

Prof. Dr. Dr. Christian Ulrichs

Reviewers :

1. Prof. Dr. Nils Bliithgen

2. Prof. Dr. Johannes Schulte
3. Prof. Dr. Denis Thieffry

Date of the thesis defense: September 26th 2022



Declaration of Authorship

I, Mathurin DOREL, declare that this thesis, titled “Reverse engineering signalling

networks in cancer cells”, and the work presented in it are my own. I confirm that:

e This work was done wholly or mainly while in candidature for a research degree

at this University.

e Where any part of this thesis has previously been submitted for a degree or
any other qualification at this University or any other institution, this has been

clearly stated.

e Where I have consulted the published work of others, this is always clearly
attributed.

e Where I have quoted from the work of others, the source is always given. With

the exception of such quotations, this thesis is entirely my own work.
e [ have acknowledged all main sources of help.

e Where the thesis is based on work done by myself jointly with others, I have

made clear exactly what was done by others and what I have contributed myself.

Date:

Signature:




Abstract

Cancer therapy has seen immense progress over the last century but resistance to
drug treatments remains a major obstacle in the war against cancer. Drug resistance
can often not be predicted from static measurements but only revealed when cells are
perturbed.

In this work I developed the R package STASNet to generate semi-quantitative
models of signal transduction from signalling perturbation-response data using Least
Square Modular Response Analysis models. These models can be used to analyse
how differences in signal transduction relate to drug resistance and can be used to
make predictions about resistance mechanisms and optimal treatments. To show
how STASNet can accurately quantify the activity of signalling pathways, we used
perturbation data from a pair of isogenic colon cancer cell line with and without
SHP2 knock-out, a known resistance mechanism in this cancer type. Comparing the
models derived from these cell lines showed that MAPK signalling is more affected
by SHP2 knock-out than PI3K signalling, confirming the role of SHP2 as a primary
MAPK component.

STASNet was then used to investigate resistance to MEK and ALK inhibition in
neuroblastoma, a pediatric cancer with a dismal prognosis. A drug screen showed
that the MEK inhibitor Selumetinib separated a panel of neuroblastoma cell lines into
three sensitive and six resistant cell lines. A multi-omics analysis showed no clear
correlation of sensitivity with individual molecular markers. STASNet models trained
on perturbation-response data from these cell lines revealed that the strong resistance
to Selumetinib was driven by a strong feedback from ERK to MEK or a multi-layered
feedback to both MEK and IGF1R. This was confirmed by phosphoproteomics and
suggested a therapy targeting MEK in combination with either RAF or IGF1R de-
pending on the type of feedback present in the cell line. The effectiveness of those
strategies predicted by the model was confirmed experimentally.

Finally, studying the effect of NF1-KO on signalling revealed that the loss of NF1
hyper-sensitized the MAPK pathway to ligand-induced activation but disrupted the
ERK-RAF feedback. This disruption desensitized the cells to ALK inhibition but
increased their vulnerability to MEK inhibition. The insights provided by the models
developed in this work will thus help to design personalized combinations of inhibitors
that could be used as second line therapy after molecularly monitoring the tumor

response to the initial treatment.



Zusammenfassung

Obwohl die Krebstherapie im letzten Jahrhundert grofle Fortschritte gemacht hat,
bleibt die Resistenz gegen medikamentose Behandlungen ein grofles Hindernis im
Kampf gegen den Krebs. Arzneimittelresistenzen lassen sich oft nicht aus statischen
Messungen vorhersagen, sondern zeigen sich erst, wenn Zellen perturbiert werden.

In dieser Arbeit habe ich das R-Paket STASNet entwickelt, das semi-quantitative
Modelle der Signaltransduktion aus Signalisierungs-Storungsantwortdaten unter Ver-
wendung von Least Square Modular Response Analysis-Modellen generiert. Diese
Modelle konnen verwendet werden, um zu analysieren, wie Unterschiede in der Sig-
naliibertragung mit Arzneimittelresistenzen zusammenhéngen, und kénnen verwendet
werden, um Vorhersagen iiber Resistenzmechanismen und optimale Behandlungen zu
treffen. Um zu untersuchen, wie gut STASNet die Aktivitat von Signalwegen quan-
tifizieren kann, haben wir Perturbationsdaten von einem Paar isogener Darmkrebszel-
llinien mit und ohne SHP2-Knock-out, einem bekannten Resistenzmechanismus bei
dieser Krebsart, verwendet. Der Vergleich der von diesen Zelllinien abgeleiteten Mod-
elle zeigte, dass der SHP2-Knockout stiarker den MAPK Signalweg beeinflusst und
weniger die PI3K-Signaliibertragung, was die Rolle von SHP2 als primére Kompo-
nente des MAPK-Signalwegs bestatigt.

STASNet wurde dann verwendet, um die Resistenz gegen die MEK- und ALK-
Hemmung beim Neuroblastom, einem padiatrischen Krebs mit schlechter Prognose, zu
untersuchen. Ein Wirkstoffscreening zeigte, dass der MEK-Inhibitor Selumetinib ein
Panel von Neuroblastom-Zelllinien in drei sensitive und sechs resistente Zelllinien tren-
nte. Eine Multi-Omics-Analyse zeigte keine eindeutige Korrelation der Sensitivitat mit
einzelnen molekularen Markern. STASNet-Modelle zeigten, dass die starke Resistenz
gegen Selumetinib durch eine starke Riickkopplung von ERK auf MEK oder eine
vielschichtige Riickkopplung sowohl auf MEK als auch auf IGF1R getrieben wurde.
Dies wurde durch Phosphoproteomik bestatigt. Aus dem Modell konnte eine kombina-
torische Therapie abgeleitet werden, die auf MEK in Kombination mit entweder RAF
oder IGF1R abzielt, je nach Art der in der Zelllinie vorhandenen Riickkopplungen.
Die Wirksamkeit dieser vom Modell vorhergesagten Strategien wurde experimentell
bestatigt.

SchlieBlich ergab die Untersuchung der Wirkung von NF1-KO auf die Signaliibertra-
gung, dass der Verlust von NF1 den MAPK-Weg fiir die Liganden-induzierte Ak-
tivierung hypersensibilisierte, aber das ERK-RAF-Riickkopplung storte. Diese Unter-
brechung desensibilisierte die Zellen gegentiber der ALK-Hemmung, erhohte jedoch
ihre Anfalligkeit gegeniiber der MEK-Hemmung. Die Erkenntnisse aus den in dieser
Arbeit entwickelten Modellen werden somit dazu beitragen, personalisierte Kombi-
nationen von Inhibitoren zu entwerfen, die als Zweitlinientherapie nach molekularer

Untersuchung der Tumorreaktion auf die Erstbehandlung eingesetzt werden konnten.
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Chapter 1
Introduction

It is the great prerogative of
Mankind above other Creatures, that
we are not only able to behold the
works of Nature, or barely to sustain
our lives by them, but we have also
the power of considering,

comparing, altering, assisting, and

improving them to various uses

Robert Hooke

A theory of the cell was first proposed by Theodor Schwann in 1839 when he sum-
marised observations of substructures in living organisms initiated by Robert Hooke’s
observation of cork alveolae (Hooke et al., 2005). This theory stated that all liv-
ing organisms are composed of cells, which are the most basic unit of life (Schwann,
1838; Tracy, 2020). The initial theory was rapidly updated in lights of new observa-
tions, most important of which was the description of cellular division by Barthelemy
Dumortier, later formally enunciated by Rudolf Virchow “Omnis cellula e cellula”
(Virchow, 1871) 1.

As basic units of more complex structures, cells must communicate and integrate
information in order to build and maintain a complex organism or community. As
living units, they must also maintain their own homeostasis, which necessitates sensing
and modifying their internal state.

The advancements of cellular and molecular biology since the 1950s, when it be-
came possible to manipulate cells outside of living organisms (Roux, 1885; Carrel,
1912; Carrel and Ebeling, 1921; Gey, 1952) and to purify intracellular molecules (Cori
et al., 1939; Southern, 1975; Alwine et al., 1977; Towbin et al., 1979), uncovered
multiple mechanisms by which mammalian cells perform those essential functions.

Conceptually, those functions require the perception of state or perturbations and

L“Wo eine Zelle entsteht, da muss eine Zelle vorausgegangen sein (Omnis cellula e cellula), ebenso
wie das Thier nur aus dem Thiere, die Pflanze nur aus der Pflanze enstehen kann”



actions to perform in response, with the involvement of an intermediate processing of
the sensory information to determine the most adapted actions to perform. Sensing is
permitted by many types of intracellular and transmembrane receptors (Cuatrecasas,
1974; Heldin et al., 2016). The actions a eucaryotic cell can perform are varied and
range from adjusting metabolic rates to dividing or modifying the extra-cellular ma-
trix (Kjeer, 2004; Hopp et al., 2019; Smith et al., 2018; de Klerk and 't Hoen, 2015;
Salama et al., 2014; Hartwell and Weinert, 1989). Finally, the processing of the vari-
ous information provided by multiple receptors is performed by a complex network of
interactions between biomolecules. As the knowledge of those interactions expanded,
it became more and more complex to understand how a given set of pertubations
would affect a cell.

Systems biology emerged from efforts in the 1970s to understand and be able to
predict what happens inside a cell using mathematic models and the computation
power of computers (Yates, 1973; Ideker et al., 2001). In the decades following the
sequencing of the human genome in 2003, many new high-throughput experimental
methods were developed to measure different biomolecules under various experimental
settings.

In this work, I used data collected with medium to high throughput methods,
and the mathematical method of Least Square Modular Response Analysis, to anal-
yse mechanisms of resistance in cancer cell lines. I developped an R package called
“STASNet” which implements Least Square Modular Response Analysis along with
methods to enhance and compare the resulting models. I then applied it to analyse the
flow of information in one set of isogenic colorectal cell lines and two neuroblastoma
studies, one with a panel of neuroblastoma cell lines and the other with two sets of

isogenic cell lines.

1.1 A Brief History of Cancer Therapy

Cancer is a leading cause of deaths in industrialized XXI®* century countries, repre-
senting 25% of deaths in Germany and the European Union (Statistisches Bundesamt,
2020; Eurostat, 2016). It is most often a disease of old age, when mistakes in DNA
repair and epigenetic maintenance mechanisms lead to somatic cells escaping normal
control of proliferation and cell death (Jeggo and Lébrich, 2015; Hanahan and Wein-
berg, 2011). As a tumor grows, it consumes resources from the organism and replaces
the existing tissue without fullfilling its function leading to the death of the organism
via vital disfunction or general exhaustion. Over 50 nobel prizes (among ~900 Nobel
laureates) were awarded for contributions in oncology but the war on cancer has not
been won yet, still claiming hundreds of thousands of lives every year.

The first proposed treatment of cancer was surgery, where a surgeon removes the

mass of deregulated cells (Hajdu, 2012). This approach had limited success alone in
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part because of the risks associated with surgery itself at the time but also because
removing all cancer cells cannot always be achieved. This is especially the case in
advanced tumors where the cells have started to migrate out of the hosting tissue
and form secondary tumors called metastasis. Another complication arising is that
inflammation caused by the surgery can hasten this metastatic development (Tyzzer,
1913; Baum et al., 2005; Demicheli et al., 2008).

Radiotherapy was added to the therapeutic arsenal after the discovery of X-rays?
by Rontgen in 1895 (Artico et al., 1997; Birkenhake and Sauer, 1995) when the pen-
etrating power of the radiation enabled the treatment of non resectable tumors. It
led to major improvements in skin cancer treatment (65% of complete response) and
prolongation of life in the majority of metastatatic cancers. However, radioresistance
eventually occured in most tumors. Radiotherapy also triggered the understanding
that alterations to DNA caused cancer, which initiated a fruitous search for carcino-
gens in the 1930s (Cook and Kennaway, 1940). It made prevention a new option in
the fight against the disease with about half of all cancers being preventable (Schiiz
et al., 2015; Hahn et al., 2018; Wild et al., 2019).

At the beginning of the XX century, Paul Ehrlich discovered that some cancers
were susceptible to specific chemical compounds such as nitrogen mustard and sug-
gested the use of chemotherapy in 1909, which was tried but quickly discontinued
due to high toxicity. It was not until clinical trials in 1946 showed clear benefits in
survival (Goodman et al., 1946; Jacobson et al., 1946) and the work of Sidney Farber
who used new compounds against childhood cancers in the 1950s that chemotherapy
truly integrated the therapeutic arsenal against cancer (Farber et al., 1948, 1956; Far-
ber, 1966; Miller, 2006). This led to major improvements in survival by the end of
the 1960s, when many previously deadly diagnosis in children became curable (Rosen
et al., 1974).

In the 1970s, molecular characterisation of tumors and the discovery of oncogenes,
i.e genes that favor carcinogenesis, led to the idea of using this information to stratify
patients for treatment (Duesberg and Vogt, 1970; Bister, 2015). It was recognized by
the late 1860s that the majority of primary malignant tumors were microscopically
distinct (Hajdu, 2012). But it was not until 2001 that the first kinase inhibitor,
imatinib targeting the BCR-ABL fusion kinase, got approved after showing a very
strong effect in acute myeloid leukemia (Druker et al., 2001). Many targeted therapies
have since been approved for various cancer alterations and have helped reduce the
mortality of cancer (Goldberg et al., 2004; Amiri-Kordestani et al., 2014; Wong and
Ribas, 2016; O’Bryant et al., 2013). Nonetheless many subtypes elope even targeted
treatment (Le Rhun et al., 2019) and resistance arises in many cases (Nahta et al.,
2006; Ellis and Hicklin, 2008; Rini and Atkins, 2009; Sierra et al., 2010).

2Réntgenstrahlen
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Targeted therapy has thus been an important step forward both conceptually and
practically in the treatment of cancer, and many discoveries remain to be done in this

area of cancer therapy.

1.2 The Role of Signalling Networks

Targeted therapies disrupt cancer growth by interfering with the signalling pathways
that promote the unchecked proliferation of tumor cells. A signalling pathway is a
set of molecular interactions that mediates a signal through the cell. A signal can be
of external or internal origin and a cell can respond by transcribing genes, changing
reaction rates, or by releasing simple molecules and proteins.

Most Eukaryotic signalling pathways involve kinases, which are proteins that phos-
phorylate other proteins. Signalling networks have long been seen as “cascades”, linear
chains of events where a signal travels directly from a receptor to the nucleus (Cahill
et al., 1996; Tatin et al., 2006; Pasparakis et al., 2006). However, more detailed anal-
yses of signalling events showed that they form a complex network with crosstalk and
feedback loop beyond the linear cascading progression of a signal. The systematic
characterisation of protein interactions showed that topological features such as feed-
backs and crosstalks are ubiquitous, and mathematical analyses revealed that they
provide robustness to signal transduction (Legewie et al., 2008; Nguyen and Kholo-
denko, 2016).

Signalling pathways have been extensively mapped since the discovery of the first
kinase (Fischer and Krebs, 1955; Kuperstein et al., 2015; Fabregat et al., 2018), but
knowing the topology is not the same as understanding it. All the more since the
topology of signalling networks is dynamic and varies between cell types. Such varia-
tions in topology necessitate different therapeutic strategies depending on the tissue
of origin of a tumor. One striking example is the failure of BRAF inhibitors in colon
cancer treatment (Prahallad et al., 2012) due to a feedback to EGFR (Endothelial
Growth Factor Receptor), which contrasts with the effectiveness of the same inhibitors

in melanoma where this receptor is not expressed (Chapman et al., 2011).
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1.3 Neuroblastoma

Neuroblastoma is the most common solid infant tumour, representing approximately
13 cases per one million children per year (Berthold et al., 2017; Steliarova-Foucher
et al., 2017), which corresponds to 8-9% of all childhood tumours in western countries
and 22% of tumours before the age of one (Howlader et al., 2015; Kaatsch et al.,
2018). Neuroblastoma originates from the progenitors of adrenergic neurons in the
neural crest, resulting in about 50% of primary sites located in the adrenal gland,
28% in the abdominal region, 16% in the thoracic region and 4% in the cervical region
(Berthold et al., 2017). In 2020, it remained one of the most difficult childhood cancers
to cure, and represented 15% of all children cancer deaths (Maris et al., 2007; Johnsen
et al., 2018). The 5-year survival rate is >75% overall, with many patients presenting a
good clinical outcome requiring minimum medical intervention but it is below 50% for
so-called high-risk neuroblastoma, that represents about 40% of patients (De Bernardi
et al., 2003; Maris et al., 2007; Kyo et al., 2011; Berthold et al., 2017). Although major
progress has been made in the treatment of mostly high-risk stage 4 neuroblastoma
patients with the 5-year survival rate going from 4% in 1979, to 31% in 1990 and 47%
in 2004 in Germany (Berthold et al., 2017), and the hope to reach 60% this decade
with anti-GD2 therapy (Cheung et al., 2012; Park et al., 2016), it remains a major
challenge to treat. Toxic treatment side effects lead to 4% of neurblastoma related
deaths and the 10- and 15-year survival rates remain poor (Berthold et al., 2017). One
of the major cause of the limited treatment success against high-risk neuroblastoma
is the relatively low burden of mutations or other chromosomal aberations in primary
neuroblastoma. In fact, only two oncogenes, MYCN and ALK, have been clearly
identified and for neither of them has it been possible to develop successfull targeted
therapy (Tucker et al., 2019).

1.3.1 The MYCN Oncogene

MYCN proto-oncogene, bHLH transcription factor (MYCN) is a transcription factor
inducing hundreds of genes that drive cell cycle, metabolism and also telomeres elon-
gation in neural cells (Mac et al., 2000; Bell et al., 2010; Murphy et al., 2011; Peifer
et al., 2015; Hsu et al., 2016). Over-expression of MYCN is a central biological marker
for high-risk neuroblastoma (Barone et al., 2013), present in only 13% of low and in-
termediate stages but in 31% of stage 4 neuroblastoma. The association of MYCN
amplification with poor prognosis makes it an important marker of the high-risk group
and a prime target for neuroblastoma treatment (Maris et al., 2007). Because many
decades of development have failed to design a direct inhibitor for MYCN, the current
focus lies on indirect approaches (Soucek et al., 2008; Richards et al., 2016). The most
popular approaches involve inhibiting complex formation with MAX and using BET

family proteins inhibitors to reduce MYCN translation (Barone et al., 2013).
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Figure 1.1: Main signalling components in neuroblastoma, Diverse receptors are acti-
vated by their specific ligand and activate downstream pathways with varying inten-
sities depending on the receptor itself and on which adaptor proteins are present in
the cell. The core of the MAPK pathway consists of RAF activating MEK by dual
phosphorylation which exclusively activates ERK by dual phosphorylation. RAF it-
self is regulated both positively and negatively by multiple phosphorylations coming
from upstream and feedback regulators. PI3K is also activated by numerous Recep-
tor Tyrosine Kinase (RTK) and activates the pro-survival AKT while inhibiting the
proteolysis promoting GSK3. MYCN is stabilised by the join activation of the MAPK
and PI3K pathways. The distinct isoforms in mammals are indicated in green boxes,
example family members in blue boxes.

The unmodified MYCN protein has a half-life of 30 minutes but MYCN is also
regulated by targeted degradation by the proteasome (Johnsen et al., 2018). Phospho-
rylation on S62 mediated by activated CDK1 extends MYCN half-life but also primes
MYCN for phosphorylation at T58 by GSK3 (Sjostrom et al., 2005; Kenney et al.,
2004). The dual phosphorylated MYCN is then ubiquitinated by the E3 ubiquitine
ligase FBXW7 and degraded by the proteasome (Welcker et al., 2004). Activation
of the PI3K pathway via its inhibition of GSK3 activity increases MYCN stability
and drives proliferation in cells expressing MYCN (Kenney et al., 2004; Chesler et al.,
2006; Cage et al., 2015). MYCN levels can also be stabilized by AURKA, which in-
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hibits FBXW7-mediated ubiquitination of the MYCN:FBXW?7 complex (Otto et al.,
2009). Finally, the MAPK pathway can also increase MYCN abundance via a specific
up-regulation of MYCN translation (Kapeli and Hurlin, 2011).

1.3.2 The ALK Oncogene

Anaplastic Lymphoma Kinase (ALK) is a receptor tyrosine kinase expressed in the
nervous system that activates the PI3K/AKT and RAS/MAPK pathways primarily,
thus driving cell survival and proliferation when activated (Trigg and Turner, 2018).
It is the major driver of familial neuroblastoma which represents 1-2% of all neurob-
lastoma cases (Mossé et al., 2008) and is altered in 20-43% of relapsed tumors (Eleveld
et al., 2015; Martinsson et al., 2011; Bellini et al., 2015; Schleiermacher et al., 2014).
ALK alterations at diagnosis include mutations in 8% of all neuroblastoma cases and
copy number gain in 17% (Bresler et al., 2014). Gain of ALK copies occurs mainly
concurrently with MYCN amplification due to their genomic proximity (13.2 Mb),
but it likely has a phenotypic effect as ALK mutation and high copy number gain are
mutually exclusive (Bagci et al., 2012; Bresler et al., 2014). R1275, F1174 and F1245
account for 85% of ALK mutations in neuroblastoma (Bresler et al., 2014) and affect
the kinase domain of ALK, leading to ligand-independent signalling. These charac-
teristics make ALK an interesting target for treatment of neuroblastoma and several
targeted inhibitors (Alam et al., 2019; Tucker et al., 2019). However, rapid resistance
to ALK inhibitors means that research is still ongoing for a targeted therapy with long
term effects (Tucker et al., 2019; Debruyne et al., 2019; Trigg et al., 2019).

1.3.3 The MAPK Pathway

The mitogen-activated protein kinase (MAPK) pathway activated by ALK consists
of a cascade of kinases leading to the activation of ERK1 and ERK2 (Figure 1.1).
ERK1 and ERK2 are isoforms that phosphorylate multiple targets in the cytosol and
the nucleus linked to metabolism, survival and proliferation (Lavoie et al., 2020).
Many receptors other than ALK can activate the MAPK pathway, the main ones
in neuroblastoma being the BDNF receptor TrkB and the NGF receptors TrkA and
NGFR (Kaplan et al., 1993). Aberrant activation of the MAPK pathway is a major
carcinogenic event and leads to tumorigenesis in many cell types with mutations of
RAS and RAF isoforoms, the first kinases of the cascade, found in multiple cancer
types (Davies et al., 2002; Garnett and Marais, 2004).

Despite MAPK1/3 activation, MEK1/2 inhibition does not block proliferation in
ALK-addicted neuroblastoma because those tumors stabilise MYCN via PISK-AKT-
ERKS5 signalling (Umapathy et al., 2014, 2017). This might explain why only few
MAPK mutations are found in primary neuroblastoma (Eleveld et al., 2015), the

MAPK pathway alone being insufficient to drive neuroblastoma progression.
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1.3.4 Telomere Maintenance

Telomeres are repeated sequences at the end of linear chromosomes that stabilise this
end by escaping DNA repair machinery, via a looped structure and nucleoproteins,
and protect the rest of the chromosome from incomplete replication (Greider, 1996).
Telomeres are shortened with every chromosomal replication due to incomplete repli-
cation of the end of the chromosome (Harley et al., 1990). The loss of telomeres after
multiple replication leads to cellular senescence, a state in which a cell stops proliferat-
ing (Allsopp et al., 1992; Turner et al., 2019). In cells that are supposed to proliferate,
such as embryonic cells or stem cells, telomeres are lengthened by the enzyme telom-
erase coded by the TET gene. Telomerase expression is repressed in most cells in the
adult organism, which is a major break on the uncontrolled proliferation of cells. To
escape proliferation induced-senescence there are three mechanisms of telomere main-
tenance identified in neuroblastoma. TERT expression can be reactived via a 5p15.33
rearrangement placing the expression under an active promoter or driven directly by
high levels of MYCN. An alternative lengthening of telomeres mediated by ATRX loss
of function also exists and has been found in some neuroblastoma patients (Pickett
and Reddel, 2015; Peifer et al., 2015).

1.3.5 MAPK and Telomere Maintenance

Based on a dataset of 418 patients, Ackermann et al. (2018) showed that telomere
maintenance and RAS/p53 pathway mutations are the main prognostic factors for
neuroblastoma progression. Telomere maintenance alone defines high risk diseases
with a 83% 5-year survival but only 44% 5-year event-free survival. Patients with al-
terations in the RAS/p53 pathways alone without telomere maintenance on the other
hand are not at increased risk of death and can be classified as low or intermedi-
ate risk. However, an additional RAS/p53 pathway alteration worsens the prognosis
in the telomere maintenance context, with only 41% 5-year survival and less than
25% b5-year event-free survival. This very-high-risk group appears to represent about
10% of primary high-risk stage 4 neuroblastoma patients, mostly consisting of MYCN
amplified patients with ALK or PTPN11 mutations (Pugh et al., 2013).

Moreover, mutations in the MAPK pathway often occur after relapse (Figure 1.2,
Eleveld et al. (2015)) and contribute to resistance to standard-of-care treatments
(Holzel et al., 2010). This makes MAPK inhibition a promising treatment option
for neuroblastoma and ALK and MEK inhibitors are already being tested in the clinic
(Johnsen et al., 2018).
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Figure 1.2: Cancer cell fraction (CCF) of RAS-MAPK mutations in primary-relapse
pairs of neuroblastoma (from Eleveld et al. (2015)).

1.3.6 Drugs Approved for Neuroblastoma Treatment

Despite these recent important molecular characterisations, a very limited number of
drugs is approved for neuroblastoma treatment both in Europe and in the US, none of
them being targeted therapies (Table 1.1). They reflect the current strategy of intense
cytotoxic chemotherapy treatment coupled with local surgery for primary neuroblas-
toma and with the tentative addition of immunotherapy for relapsed or refractory

neuroblastoma.
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Table 1.1: Drugs approved for treatment of neuroblastoma by the European Medicines
Agency (EMA) https://www.ema.europa.eu/en/medicines/search_api_
aggregation_ema_therapeutic_area_name/Neuroblastoma?sort=field_ema_
computed_date_field&order=desc&search_api_views_fulltext=neuroblastoma
(consulted 24/05/2021) or by the US Food and Drug Administration (FDA)
https://www.cancer.gov/about-cancer/treatment/drugs/neuroblastoma (con-
sulted 24/05/2021)

EMA approved

Drug ‘ Class ‘ Indication in neuroblastoma
Phelinum (Melphalan | Cytotoxic, First line chemotherapy
hydrochloride) alkylating agent

Qarziba anti-GD2 antibody | High-risk neuroblastoma patients
(Dinutuximab) > 12 months old who had at least

partial response to induction
chemotherapy or

relapsed /refractory disease. Should
be used with IL-2 in patients with
relapsed /refractory disease.

FDA approved

Drug Class Indication in neuroblastoma
CEM (Carboplatin+ | Cytotoxic, DNA First line chemotherapy
Etoposide+Melphalan)| intercalation,
topoisomerases 11
inhibitor and
alkylating agents

BuMel Cytotoxic, High risk neuroblastoma as a
(Busulfan+Melphalan) | alkylating agents preparation for a stem cell
transplant
Cyclophosphamide Cytotoxic, Disseminated neuroblastoma
alkylating agent
Unituxin anti-GD2 antibody | In combination with IL-2 and 13-cis
(Dinutuximab) retinoic acid in high-risk
neuroblastoma.
Doxorubicin Cytotoxic, DNA Metastatic neuroblastoma
Hydrochloride intercalation and
free radicals
formation
Danyelza anti-GD2 antibody | Relapsed or refractory high-risk
(Naxitamab) neuroblastoma with bone marrow
metastatis in combination with
GM-CSF
Vincristine Sulfate Cytotoxic, First line chemotherapy

antimitotic alkaloid
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1.4 Outline of this thesis

This thesis presents my work on developing an R package to build and analyse Modular
Response Analysis (MRA) models, and how T used it to reverse engineer signalling
networks in cancer cells. I demonstrated the methodology of the package on a well-
studied colorectal cancer test model, then focused on neuroblastoma in the hope of
improving the efficiency of targeted therapy for this cancer type.

Chapter 2 introduces Modular Response Analysis, and details the implementation
and workflow of the R package STASNet I have developped.

Chapter 3 highlights the extensions I have developped by using STASNet to reverse
engineer signalling networks on a dataset of SHP2-knock-out (SHP2-KO) colorectal
cell lines. This work has been published in Dorel et al. (2018).

Chapter 4 is dedicated to the analysis of drug resistance in a panel of neuroblastoma
cell lines. T used STASNet models to understand the resistance to MEK inhibition
in those cell lines. The models are then used to elaborate therapeutic strategies to
overcome the resistance. This work has been published in Dorel et al. (2021).

Finally, Chapter 5 is dedicated to my analysis of NF1-knock-out (NF1-KO) neurob-
lastoma cell lines to understand drug resistance against ALK inhibition and identify
emerging vulnerabilites. NF1-KO cell lines, of SH-SY5Y and LAN-5, were generated
and characterized by Mareike Bock who then generated perturbation datasets. I used
these datasets to build signalling models that helped elucidate how ALK and MEK

inhibition affected those cell lines.
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Chapter 2

Modular Response Analysis in
STASNet

2.1 Modular Response Analysis

Modular Response Analysis (MRA) is a methodology which uses perturbation data
to estimate the effects of functional modules on one another. The first formulation
was developed by Boris Kholodenko in 2002 (Kholodenko et al., 2002). MRA analyses
the steady-state responses to perturbation of the model parameters, which is realised
by activation and inhibition of the modules. It relies on the ability to measure the
activation state of those modules. Because a such system admits a graphical repre-
sentation, I will refer to those modules as nodes from now on.

The nodes are linked by an Ordinary Differential Equation (ODE) system, which

describes how changes in one node directly affect the others.

&= f(z,p) (2.1)

where z; in the activity of node 7 and p is a set of perturbations that can be applied

to the system, such that p; # 0 means that node i is perturbed.

S

bi 0% represents the variation in log space of the node x; upon
i 0Pj

variation of the input parameter p;. We can then for simplicity choose a parametrisa-

The derivative 6;; =

tion such that Vi # j, d;; = 0 and Vi,6;; = 1. This approach relies on the hypotheses
that we use a single concentrations of ligands and inhibitors for stimulation and in-
hibition, respectively, and that these perturbations affect a single node. Multi-node
perturbations can however easily be incorporated as combination of single node per-
turbations.

When a single parameter is perturbed by an infinitesimal amount, we can express

the response of the network at steady-state as :

pjdr;  pjox; T 0x; pj dwy,

—_ 2.2
x;dp;  x; Op, s x; 0xy, T, dp; (2:2)
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This means that the global response of node z; to a stimulation of the parameter

p; depends on the direct response to this stimulation plus the response propagated

through the other nodes. MRA provides names for the scaled derivatives.

_ pjday dlog(zy) (2.3)
ze dp;  dlog(p;)

are the global response coefficients. They describe the changes of steady-state of the

Rj

entire network induced by perturbation p;. They represent log-fold changes of activity
of the node x;, at steady-state after the perturbation of node j, i.e. the data that are

measured.

T 0X;

for k #1
rf = Z; 5Ik oF 7é ! (24)

—1 otherwise
are the local response coefficients. They represent the direct interaction between the
nodes. The purpose of MRA is to infer these coefficients which usually cannot be
measured directly.

With these notations, equation 2.2 can be expressed as :

k#j

which can be expressed with the matrix formalism as :

rR=—1 (2.6)
By inverting the R matrix, it can be rewritten as:

r=-—R"! (2.7)

In the original formulation, the local response r was computed by numerically
inverting the global response r (Kholodenko et al., 2002). However this formulation
strongly limits the usage of MRA as all nodes need to be both measured and perturbed;
and it is highly sensitive to noise in the measurements.

To avoid those caveats, a maximum likelihood formulation (ML MRA) was pro-
posed by Prof. Dr. Nils Bliithgen and Dr. Bertram Klinger. Hence, realising that
inverting r gives a theoretical expression for the global response R that comparable
to the measured response (Klinger et al., 2013). Indeed, knowledge of the network
topology allows to build a symbolic expression for the r matrix. This known network

built from literature evidence can also be enriched with hypothetic links that might
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prove necessary for understanding the dynamic of the network. The symbolic inver-
sion of this r subsequently provides a symbolic expression for R with local response

coefficients as variables (Figure 2.1).

R=—r! (2.8)
A
B A B C D A B cC D
l A [l -1 0 0 0 A 1 0 0 0
C B TAB -1 0 0 B TAB 1 0 0
J{ C 0 BC —1 0 C TABT BC BC 1 0
5 D\ 0 0 7ep —1 D \ raprpcrep TBcrep Tep 1

(a) Graph (b) r (¢c) R

Figure 2.1: Example local and global response matrices on a linear network

ML MRA thus retrieves the local response coefficients using measurements of the
variations of activity of the nodes AxP, where p is a perturbation, for different sets
of perturbations. For each ligand or other drug used, we can define a perturbation
vector Ap’, with entry j being non-zero only if node j is directly perturbed. For a set

of perturbations .S, we can define the perturbation vector Ap = Z Ap.
j€s
If we assume a linear response of nodes to perturbations, the logarithmic fold
change of all the nodes of the network to this perturbation vector can then be calcu-
lated by multiplying the global response matrix R by this perturbation vector. Thus,

the perturbed response of the network is defined as :
Az? = RAp (2.9)

If the hypotheses are satisfied then R = R™eawed _ [ where R™eed ig the exper-
imentally measured global response and F is the measurement error. This equality
provides a set of equations whose solutions are values of r compatible with the data.
In the STASNet package, we find this solution using a hill climbing algorithm with

random initialisation that tries to minimize the residual function :

2
Ri Ap — Rmeasured
=P ) (2.10)

L= (Z s.e.rnsz

4,4,p

The levmar library (Lourakis, 2005) is used to perform the Levenberg-Marquardt gra-
dient descent (Levenberg and Arsenal, 1943) and the starting points are generated

using latin hypercube sampling with the R package lhs (Carnell, 2012).
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2.2 Managing Different Perturbation Types

A biological network can be perturbed by multiple types of perturbations, which have
different impacts on the network and therefore need to be simulated differently.

Stimulation of node j, mostly by the addition of a ligand to a receptor of interest,
is directly calculated using Ap’. It is reflected in the equation as the effect of a change
in the activity of this node, which can be read directly into the R matrix.

Inhibition of a node m by small molecules is more complex and two phenomena
have to be taken into account: (i) the reduction of the capacity of the inhibited node
to relay an upstream signal to downstream nodes, and (ii) the reduction of the basal
activity of the node. The first effect is adressed by multiplying the values of the
outgoing links in 7 by an inhibitory term i,, €]0, 1], yielding in a new local response
matrix 7. The second effect must be specified in a separate perturbation vector,
Ap™h where Api"™ €] — 00, 0] is the log fold reduction of activity of node m induced
by the inhibitor. Since i,, represents the proportion of elements still active after the
inhibition, those two effects are linked by the relation : Api"" = log(i,,).

Thus, the response of node k to a combined perturbation consisting of a stimulation
of node j and an inhibition of node m is :

Awy = (7 1) Ap; + () A" (2.11)
where the first term reflects the decreased relay effect of node m and the second its
decreased basal activity. Nodes do not always have a basal activity and it should
be specified as an input for STASNet. In such a case the second term is set to 0.
1, represents a new parameter because the exact value of the inhibition is a priori

unknown, and is fitted by the program like any other parameter.
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Adapting the inhibition model to the molecular mode of action

The way in which inhibitions are modelled in STASNet supposes that only the activity
of the inhibited target is affected, i.e. the inhibitor only affects the catalytic site.
There are, however, many inhibitors that are known to have effects on other sites
of the kinases, most importantly on the phosphorylation sites. For example, some
ATP-competitive AKT inhibitors, such as A443654, are known to induce an AKT
hyperphosphorylation (Okuzumi et al., 2009), while others, like MK2206, bind to
allosteric sites and prevent phosphorylation by upstream kinases (Hirai et al., 2010).
This becomes a problem if a protein in the network is both measured and inhibited.

Those mechanisms can be accounted for by formulating the network differently,
without changing the hypotheses of STASNet MRA, in two different ways:

1. One can simply ignore the inhibited kinase readouts when the corresponding
inhibitor is used. This has the advantage of not imposing any modifications to

the network but the disadvantage of not using data that have been generated.

2. One can add an extra node that will be the target of the inhibition upstream of
the measured nodes. This has the advantage of using all the data points but the
disadvantage of adding an extra parameter to be fitted that is not guaranteed
to be identifiable. In the aformentioned MK2206 example, the second solution
would amount to introducing the MK2206_site and replacing PI3K—AKT with
PIBK—MK2206_site—AKT.

2.3 Derivation of Confidence Intervals for STAS-
Net Model Parameters

In order to derive a confidence interval for the paths fitted by MRA, STASNet uses
profile likelihood (Raue et al., 2009). Profile likelihood is a computationaly intensive
method to provide the exact dependency of likelihood on the model parameters, over-
coming altogether the inaccuracies arising from limited development methods (Dovi
et al., 1991) and the risks of non-invertible hessians (Gill and King, 2004).

A likelihood profile is the set of values taken by the residual when varying one
parameter while letting the others relax. Conceptually, it follows the valley of local
minima while removing the degree of freedom corresponding to the parameter being
varied. Because our model has less degrees of freedom, most of the time one and
more generally n, a higher likelihood is acceptable if the difference from the optimum
likelihood conforms to a x? distribution with n degrees of freedom. The confidence
interval to a given confidence « for a particular parameter of the set of parameters
0 are the most extreme values this parameter can take around the optimum such
that £(0gyeq ) — £0 < x*(a,n) (Hudson, 1971; Venzon and Moolgavkar, 1988; Porter,
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1996). The dependency between the parameters means that fixing one parameter
might actually remove more than one degree of freedom, though the complexity of this
dependency prevents any accurate determination. Consequently, the true threshold
to determine the confidence interval is between the point-wise threshold x?(a, 1) and
the family-wise threshold x?(«, N), where N is the total number of parameters of the
model (Raue et al., 2009). STASNet reports the most conservative confidence interval
x%(a, 1), which is likely the correct confidence interval for most reasonably designed
networks, where fixing one path removes a single degree of freedom. It uses these
confidence intervals to determine if parameters are identifiables, whether they can be
removed (subsection A.2), and whether an extension is significant.

A parameter is identifiable when it is constrained to a neighborhood of the op-
timum, i.e when its confidence interval is finite on both sides (Ljung and Glad,
1994; Porter, 1996). Non-identifiability can have two sources. It is structurally non-
identifiable if the likelihood does not change at all when the parameter is varied.
Structural non-identifiability is caused by other parameters perfectly compensating
the variations of this parameter. It arises from an overspecification of the model
that cannot be determined with the experimental setup. STASNet reparametrises
the model to remove most structural non-identifiabilities, fitting not every link of the
network but a set of identifiable combinations of links (subsection A.1, Klinger et al.
(2013)). A parameter is practically non-identifiable if the changes in likelihood are
so small that the point-wise threshold is not reached for several orders of magnitude.
Experimental non-identifiability comes from a poor signal-to-noise ratio due to either
highly variable measurements or too strong of an inhibition of non-measured nodes
such that the signal reduction effect is not numerically identifiable (Raue et al., 2010).

Because the other parameters are allowed to relax during the likelihood profile cal-
culation, we also get a ‘compensation profile’ for each other parameter. These profiles
contain the dependency between parameters and can be studied to solve structural
non-identifiabilities (Raue et al., 2010).

In STASNet, the function profileLikelihood is used to compute the likeli-
hood and compensation profiles, and the information is added to the model with
addPLinfos.
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Figure 2.2: Workflow for STASNet showing the relationships between the inputs and
outputs of the different functions. R objects are in grey, core STASNet functions are
in yellow and functions with a graphical output are in blue.

2.4 STASNet Workflow

An analysis using STASNet involves a precise workflow (Figure 2.2). The core function
of STASNet which creates a Maximum Likelihood MRA model is createModel, which
takes as input a network topology, a list of modules with basal activity and pertur-
bation data, optionally with information on the experimental error (subsection A.3).
This returns an object of class MRAmodel which can be exported with exportModel
into a .mra file. The .mra files can be imported with importModel, making it easy to
share STASNet models. It should be noted that because an MRAmodel object uses
a C++ pointer, it cannot be cached by R natively. To tackle this problem, and to
make STASNet usable in knit documents for example, I wrote the helper R package
knitHelpersSTASNet where check* functions export the outputs of the model to the
cache on the first run and then load from the cache on subsequent runs.

The model performance is evaluated with plotModelAccuracy, which produces
heatmaps and qqg-plots to evaluate the agreement between the model prediction and
the data. The model can then be refined with selectMinimalModel, which automat-

ically removes links that do not significantly improve the fit, and suggestExtension,
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which systematically tests all possible extensions and reports the best ones to be con-
sidered for addition to the model. Dr. Klinger showed in his thesis “Mathematical
modelling of molecular networks in cancer cells using modular response analysis” that
ML MRA requires strong perturbations with low noise (i.e high signal-to-noise ratio)
for an accurate prediction but could reliably detect even non-linear influences. One
major limitation, however, remains the loss of precision and sensitivity when trying
to predict the topology of larger and denser networks. Prior knowledge about the
topology can be easily integrated into ML MRA formulation and drastically improves
the predictions, making it a useful tool for the parametrisation and simulation of well
studied signalling networks where only a few cell type specific extensions are required.
STASNet was built with such prior knowledge in mind and does not provide auto-
matic extension of the network to ensure that biologically relevant links are added. It
does however implement an extension exploration routine in the suggestExtension
function to guide the addition of new links to the model, in coordination with a lit-
erature or experimental confirmation. One can then estimate the confidence in the
parameters with profileLikelihood and add this information to the MRAmodel ob-
ject with addPLinfos or visualize it with niplotPL which generates separate plots for
identifiable and non-identifiable parameters.

Parameters can be compactly compared between models with compareParameters
or with plotModelParameters using extra information provided by the profile likeli-
hood. plotModelParameters uses the function getDirectPaths to recompute paths
from the model parameters with less constraints than imposed for identifiability and
optionally merges paths to get the total activation of a pathway. This path recompu-
tation is useful because parameters from STASNet are not always easily interpretable,
in particular when some links are at the denominator of a path, and to solve some

numerical non-identifiability arising from inhibitions.

2.5 Model Sets

MRA is often used to study isogenic cell lines, which are less noisy models to study
the effect of specific alterations on the signalling network. In such a system, only
a few variations exist in the signalling networks between those cell lines and they
could thus be modelled conjointly. In STASNet, this joined modelling is done via the
MR AmodelSet interface, which simultaneously fits multiple MRA models with addi-
tionnal inter-models constraints that some paths must be equal in all models. Since it
is not known a priori which paths vary between models, the function createModelSet
fits the ModelSet with all the paths being shared. Then, the addVariableParameters
function iteratively allows paths to vary between cell lines, i.e it fits a separate pa-

rameter for this path for each cell line. Setting a path to variable between models
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significantly improves the fit if the improvement in the residuals passes a x? test with

m — 1 degrees of freedom, where m is the number of models in the ModelSet.

2.6 Discussion

Many approaches have been developed to derive computational models from perturbation-
response data. Two major, opposite, trends have dominated. Binarizing the data to
use logic approches represents the advantage of a simple model (Morris et al., 2010)
but misses more subtle effects that are often important for drug response (Niederdor-
fer et al., 2020). Alternatively, using dynamic information to fit quantitative models
precisely describes what happens in the cell (Raue et al., 2015) but at the cost of
necessitating time-resolved data. This quickly becomes expensive and limits the size
of the networks that can be fitted. In this chapter, I described the implementation
of an approach using an augmented version of Modular Response Analysis (Kholo-
denko et al., 2002; Klinger et al., 2013), which generates semi-quantitative models
from single time point perturbation data at the cost of a limited number of hypothe-
ses on the state of the system. The steady-state assumption is not exactly met in
signalling networks, where multiple layers of signal integration take hours or days to
be incorporated by the cell. However, a quasi-steady-state assumption is usually valid
as biochemical events happen at different time-scales and can thus be approximately
separated by a careful choice of time-point. For example, post-translationnal modifi-
cations such as phosphorylation happens within minutes, transcription within hours
and translation within days. Dr. Klinger already showed in his thesis that ML MRA
can retrieve and quantify even non-linear interactions (Klinger and Bliithgen, 2018).
STASNet was developped with Dr. Klinger and implements this augmented MRA. It
also provides multiple analysis tools to compare and improve models, some of which
will be examplified in the following chapters of this thesis.

STASNet proved a convenient R-package to generate ML MRA models from per-
turbation data and to suggest treatment hypotheses. Few other programs exist to
deal with single time point steady state data. CellNOptR (Terfve et al., 2012) can be
applied to such data after discretisation or normalisation of the data, which implies to
define thresholds and might require external data. Other more precise approaches like
CelINOptR variant CNORode (Terfve et al., 2012) or Data2Dynamics (Raue et al.,
2015) rely on ODEs and require more data to be parametrised, limiting their applica-
tion to small networks.

The package is available at https://itbgit.biologie.hu-berlin.de/dorel/STASNet in

open source.
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Chapter 3

Benchmarking STASNet on
isogenenic SHP2-KO colorectal

cancer cell lines

After developing STASNet, I wanted to explore the utility of the package to recover
signalling alterations and to infer therapeutic strategies. SHP2 alteration is a well-
known resistance mechanism in BRAF mutated colon cancer (Prahallad et al., 2015).
The intend of this chapter is to demonstrate the possibilities offered by STASNet to
fit and refine signalling models to literature networks in a setting where known and
well studied alterations are present. This work was published in Dorel et al. (2018),

please refer to the materials and methods section for experimental details.

3.1 Introduction

3.1.1 SHP/PTPNI11 in isogenic cell lines is a good bench-

marking example

I decided to study the role of the protein SHP2 encoded by the PTPNI11 gene, a
phosphatase that is important in receptor tyrosine (RTK) signalling and has been
implicated in feedback control of EGFR signalling and drug resistance (Prahallad
et al., 2015). Somatic mutations activating PTPN11 activity are the most common
cause of the Noonan syndrome, a developmental disorder caused by aberrant activation
of the RAS-MAPK pathway. Patients harboring these alterations have a higher risk
of developing malignancies (Jongmans et al., 2011; Chan et al., 2008). SHP2 is a
phosphatase that binds to tyrosin kinase receptors through adaptors such as GAB1
and participates in the activation of the MAPK cascade by releasing inhibitions on
RAS and RAF (Chan et al., 2008; Neel et al., 2003). SHP2 activity is necessary
for the activation of the RAS-MAPK pathway (Ruess et al., 2018) but has a more
ambigious role for the activation of the PI3K pathway (Figure 3.1), with a possible
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negative regulation of GABl-mediated activation of PISK in some cell lines (Zhang
et al., 2002), or for the JAK/STAT pathway (You et al., 1999).

Figure 3.1: Known and postulated role of SHP2/PTPNI11 in the transduction of
receptor activation to the MAPK and AKT pathways. The activation of the MAPK
axis by SHP2 is well established, but its role in the activation of the PI3K axis is more
variable.

3.1.2 SHP2-knock-out study design

Our collaborators in the Division of Molecular Carcinogenesis of the Netherlands Can-
cer Institute (DMC-NCI) generated a PTPN11 CRISPR/Cas9 knock-out (SHP2-KO)
in the colorectal cancer cell line Widr. The Widr cell line harbours a BRAF V600E
mutation and the PTPN11 KO line was still sensitive to the inhibitor Vemurafenib,
which targets this mutation.

In line with previous approaches, the perturbations chosen to train our models
used pair-wise combinations of a stimulus and an inhibition (Nelander et al., 2008;
Saez-Rodriguez et al., 2009; Morris et al., 2011; Klinger et al., 2013). Specifically, the
cells were starved of serum for 24h then pre-inhibited for 60 minutes by AZD6244 or
GDC0941, which inhibit MEK1/2 and the PI3K complex respectively. While main-
taining the inhibition, the cells were stimulated for 30 minutes with the growth factors
EGF, NRG1 and HGF, which stimulated the receptors EGFR, HER2 and Met respec-
tively. The phosphorylation of 7 phosphosites (AKT®*7, MEK15217:5221 ho0RSKS380,
GSK3a/b%21/59  RPS652%%/5236 and mTORCS2448) that are downstream of the stimu-
lated receptors and inhibited kinases were measured simultaneously using the bead-
based sandwich ELISA method from Bio-Plex (Figure 3.2). This system grants a high
specificity which can be used to quantify phosphosites with a greater dynamic range

than a Western blot by 3 to 4 orders of magnitude. Treatment and measurements were
performed by MSc Anja Sieber (CMM) and Dr. Anirudh Prahallad (DMC-NCI).
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Figure 3.2: (a) Graphical representation of the perturbation experiment on the litera-
ture network. Blue outlines, red outlines and yellow fill represent ligand nodes, stimu-
lated nodes and measured nodes, respectively. (b) Log2-fold-change to, PBS+DMSO
control of AKTS43 MEK15217:5221  hg0RSK®30 GSK3a/b%?1/59 RPS65235/5236 and
mTOR5?*8 after ligand and drug treatments of the Widr parental and SHP2-KO cell
lines. n=2, error bars are standard deviation.



3.2 A simplification of the model resolves struc-

tural non identifiabilities

The starting network for the MRA model consisted of the three ligands, their recep-
tors, RAS, PI3K and RAF as unmeasured signalling intermediates, measured pathway
components of AKT and MAPK signalling, and lastly pathway targets that include
mTOR as an AKT target and GSK3b, p90RSK and RPS6 as common targets of both
signalling pathways (Figure 3.2). In addition, I included the well-studied ERK— RAF
and ERK— EGFR feedback loops in MAPK signalling that are known to play a role in
drug resistance (Fritsche-Guenther et al., 2011; Klinger et al., 2013; Poulikakos et al.,
2010; Corcoran et al., 2012; Prahallad et al., 2012; Sun et al., 2014). The correspond-
ing model contained 19 parameters that represent either path strength or inhibitor
strength. The resulting fit yielded a weighted sum of squared residuals of 51.8, which
is compatible with the estimated 55 residual degrees of freedom (74 data points minus

19 parameters).

—— ERK—>EGFR—>PIBKp110—>AKT HGF—>Met—>PI3Kp110—>AKT
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Figure 3.3: Profile likelihood of parameters non-identifiable in the parental model
using the literature network. Each parameter is fixed at different values around the

optimum, then the model is left to relax and computes the resulting likelihood (bottom
row) and other non-identifiable parameter values (top row).

An interesting aspect of the initial network is the different modes of activation
of the two pathways: while the MAPK pathway is solely activated through RAS,
AKT is activated both in a RAS independent and dependent manner (Hemmings and
Restuccia, 2012). However, the relative influence of these two mechanisms could not
be estimated independently by our model as no elements of these two paths leading to
AKT activation, neither RAS nor relevant receptor adaptor activities, were measured
or perturbed. This type of dependance can be detected using profile likelihood (Raue
et al., 2009). When plotting the profile likelihoods and the optimized parameters,

structural non-identifiabilities are directly visible as flat profile likelihoods, which do

34



not cross the point-wise confidence interval, and thereby the compensating parameters
can be identified as linear compensations (Figure 3.3).

In this case, the model can be reduced by removing one of the links, HER2—PI3K,
RAS— PI3K, Met—PI3K or EGFR—PI3K, without causing changes in the likelihood.
As all three models have the same unchanged likelihood, I decided to remove the
RAS—PI3K link to separate the PI3K and RAF cascades activation (Figure 3.4c).
This allows for a more straight forward interpretation of the parameters and leads to
a numerically more stable model. This results in a network model where all links are
identifiable. Regardless, one should note that the receptor—PI3K—AKT represents

a set, of parallel activation pathways, including one via RAS.

3.3 ERK—mTOR regulation improves the Widr

model

While the model reproduces the data reasonably well, there were still major qualita-
tive discrepancies for mTOR upon PI3K inhibition. The model predicted no effect
when there should have been a significant activation according to the data. To in-
vestigate if any additional links can resolve these discrepancies, I used the extension
suggestion feature of STASNet. It suggested that adding a link from MEK or down-
stream of MEK (MEK, ERK, RPS6 or p90RSK) to mTOR would best improve the
model fit (Figure 3.4a). Discrimination of these links experimentally would require a
different experimental design, where ERK, RPS6 and p90RSK are directly perturbed.
A literature search unveiled that mTOR can indeed be activated by ERK, which in-
hibits the mTOR inhibitory complex protein TSC2 via phosphorylation of the serine
residue 664 (Rolfe et al., 2005; Caron et al., 2010). The network was thus updated
to include this link, which led to an improved fit of the mTOR readouts (Figure 3.4b
with ERK—mTOR).

It is of note that the mTORS?*4® phosphorylation, used here as a proxy of mTOR
complex 1 (mTORC1) activation, is mediated by p70S6K, which is activated by both
mTORC1 and ERK. Although such discrimination was not necessary for the purpose
of this work, one could discriminate between these two mechanisms of mMTORCI1 acti-

vation via measurements of TSC2 phosphorylation in response to p70S6K inhibition.
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Figure 3.4: (a) Best extensions of the literature network for the parental Widr model
as found with the suggestExtension function. (b) Measured and fitted values using
a model with or without a link from ERK to mTOR. Values and color indicate log-fold
change to PBS+DMSO. (c¢) Graphical representation of the updates to the literature
network. The red cross highlights the suppressed RAS—PI3K link and the green circle
highlights the added ERK—mTOR link. Blue outlines, red outlines and yellow fill
represent respectively ligand nodes, stimulated nodes and measured nodes.

3.4 The isogenic cell lines highlight differential reg-
ulations via PTPN11

Next, I fitted the PTPN11-KO data using the network structure that was adjusted
for the parental cell line. Overall, the SHP2 KO cell line seemed less responsive,
and it is noteworthy that the inhibitions alone led to a reduction of phosphorylation
throughout the network, which was not apparent in the parental cell line (Figure 3.2).

The model using the adjusted parental topology residual of ~44 was compatible
with the 58 residual degrees of freedom. After running a profile likelihood analysis
on the SHP2 KO model, I compared it to the parental model for significantly altered
parameters (Figure 3.5a). As expected from isogenic cell lines, the parameters did

not differ for most paths or the MEK inhibitor parameter. Only four parameters were
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significantly different between those two cell lines which correspond to the three paths
between the receptors and MAPK signalling and the ERK— EGFR feedback. These
parameters were suppressed in the SHP2 KO compared to the parental. This is in
accordance with the known role of SHP2 as an adaptor mediating receptor activation
to the RAF/MEK/ERK pathway. The model comparison also highlights that AKT
activation by the ligands occurs both with and without SHP2, suggesting that SHP2
is not necessary for the signal transduction between the receptors and PI3K. It does,
however, illustrate that SHP2 is implicated in activation of the PI3K as the activation
of AKT by EGF is significantly weaker in the SHP2 KO, and a non significant trend
can be observed for NRG1 and HGF stimulation suggesting that different receptors
rely on SHP2 to varying degrees. Interestingly, the ERK—EGFR—AKT feedback is
fully functional in the SHP2 KO, which indicates that ERK regulation of EGFR and
other compensatory activations of the PISK pathway do not depend on SHP2.
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Figure 3.5: (a) Parameter fitted values (black dot) and confidence interval (colored
bars) for the parental Widr and SHP2-KO cell lines in orange and green respectively.
Parameters are separated by the class of the path they describe. (b) Graphical rep-
resentation of the paths significantly different between the parental Widr and the
SHP-KO. The paths to AKT and MEK are highlighted in cyan and blue respectively.
Inhibited nodes and corresponding parameters are highlighted in red.
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Figure 3.6: Log2-fold-change to EGF+DMSO of pMEKS217:5222 and pAKTS*™ after
treatement by EGF with Vemurafenib (BRAFV®E inhibitor) or with Sorafenib (pan-
RAF inhibitor).

3.5 SHP2 KO highlights the importance of the re-
ceptor feedbacks

Given the differences between the parental and SHP2 KO Widr cell lines, they are
likely to exhibit different reponses to inhibitors. In particular, there exist two classes
of RAF inhibitors that could act differently in those cell lines depending on their
isoform specificity. Inhibitors such as Vemurafenib target specifically mutant BRAF
(BRAFYOE (Bollag et al., 2010)) but might activate other RAF isoforms, whereas
inhibitors such as Sorafenib are pan-RAF inhibitors that inhibit all RAF isoforms
(Wilhelm et al., 2004). Since receptor feedback plays an important role in inhibitor
sensitivity (Friday et al., 2008; Poulikakos et al., 2010; Lito et al., 2012; Corcoran
et al., 2012; Prahallad et al., 2012; Sun et al., 2014; Cseh et al., 2014), I hypothesized
based on the model observations that those inhibitors would have different effects in
the SHP2 KO. In order to simulate different RAF inhibition mechanisms, I augmented
the models by including a BRAFVF node that activates MEK and has no upstream
signal, since this mutation desensitizes BRAF from upstream and feedback signals
(Friday et al., 2008) (Figure 3.6). Moreover, since RAF is neither stimulated nor
inhibited in our initial perturbations, the choice of the inhibitor parameter was free
and set to 1 for both classes. This makes our prediction qualitative rather than
quantitative as the exact effect of the inhibitions is only suggested.

The aforementioned resistance mechanism to RAF inhibition is mediated via the
reactivation of the RAF—-MEK—ERK axis, as well as by the activation of the
PIBK—AKT axis via the loss of the EGFR feedback. To assess the extent of this
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resistance, I simulated the effect of EGF stimulation with RAF inhibition on MEK
and AKT phosphorylation. The simulation predicted qualitative differences between
the BRAFVE and pan-RAF inhibitor in the parental Widr cell line (Figure 3.6a).
While EGF stimulation activated AKT for both inhibitors, the MEK phosphorylation

FV69E gpecific inhibitor. However,

was preserved only after treatment with the BRA
the upregulation of MEK phosphorylation is completely blocked in the SHP2 KO,
while the increase in AKT phosphorylation is strongly attenuated in comparison to
the changes predicted for the parental line (Figure 3.6a). I then sought to confirm the
model prediction by measuring AKT and MEK phosphorylation after treating the cells
with either Vemurafenib (BRAFY6%E inhibitor) or Sorafenib (pan-RAF inhibitor) for
90 minutes and a 30 minutes EGF stimulation (Figure 3.6b). These data confirmed

our model predictions.

3.6 Discussion

In this chapter, I used STASNet to model the effect of a SHP2-KO on the PI3K and
MAPK signalling pathways. SHP2 is a well-studied protein and I could recover the
known role of SHP2 in mediating MAPK signalling by comparing the parameters of the
STASNet model for the SHP2-KO cell line to the parameters of the parental cell line.
Additionally, the model helped clarify the role of SHP2 in RTK-mediated activation
of PI3K/AKT signalling in colon cancer. The corresponding parameters from EGFR,
HER2 or Met showed no quantitative difference in the PI3K branch between parental
and SHP2-KO, which indicated that PI3K is activated independently of SHP2.
SHP2 has been implicated in the resistance of BRAF mutant colorectal carcinoma,
where the mediation of the feedback activation of EGFR leads to the reactivation
of MAPK signalling after treatment with BRAF inhibitors (Prahallad et al., 2015).
The model confirms the major role of SHP2 in re-activation of MAPK signalling
and predicts, with subsequent experimental confirmation, that MEK phosphorylation
cannot be recovered in SHP2 knockouts after RAF inhibition. The model also helped
investigate the use of a pan-RAF inhibitor to prevent the activation of the MAPK
pathway in the parental cell line as an alternative treatment option. As predicted
by the model, this option can reduce the parallel activation of the PI3K pathway in
the SHP2-KO cell line. These results highlight that STASNet can be used to explore

therapeutic vulnerabilities.
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Chapter 4

Drug resistance and signalling
networks in a panel of

neuroblastoma cell lines

In the previous chapter, it was shown that STASNet can be used to investigate dis-
parities in signalling between cell lines. In a next step, I set out to explore unexplored
questions regarding signalling. The TerminateNB consortium aimed at characteris-
ing neuroblastoma using all omics technologies available to propose news treatment
against this aggressive childhood tumor. In this consortium, I contributed by ex-
ploring drug sensitivity to targeted therapies in neuroblastoma. Collaborators in this
consortium generated whole proteomics, phosphoproteomics, whole exome sequencing
(WES) and RNA sequencing (RNAseq) data. 1 analysed these data and generated
perturbation and drug sensitivity data for multiple neuroblastoma cell lines. This
work was published in Dorel et al. (2021).
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Figure 4.1: Relative IC50 of 9 neuroblastoma cell lines to 6 drugs. Values are
log10(IC50) measurements relative to the mean across all cell lines. n=3.

41



4.1 Drug sensitivity in a panel of very-high-risk
neuroblastoma cell lines

I measured the sensitivity to 6 inhibitors targeting the MAPK and PI3K pathways
in panel of 9 neuroblastoma cell lines (CHP212, LAN6, NBEBC1, SKNAS, NGP,
SKNSH, N206, KELLY and IMR32) (Figure 4.1). The MEK inhibitor AZD6244 and
the mTORC1 inhibitor Rapamycin had the most variable effects on the cell lines.
A7ZD6244 was the drug with the most variable sensitivity profile, with six cell lines
displaying resistance, i.e with an IC50 value higher than 10xM, and the other 3 being
very sensitive, with IC50 values ranging from 10 to 100 nM, Figure 7.1). These IC50
measurements for AZD6244 correlated largely with published drug sensitivity data
for the MEK inhibitior Binimetinib (Woodfield et al., 2016). Similarly, Rapamycin
measurements were mainly in agreement with previously published data, with the
notable exception of SKNAS, which I found to be resistant to Rapamycin while there
are reports of sensitivity to sub-nanomolar concentration of the Rapamycin analog

Everolimus (Kiessling et al., 2016).
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Figure 4.2: (top) Expression of MYCN and TERT mRNA and (bottom) oncoprint of
9 neuroblastoma cell lines for RAS, TP53 and PI3K pathways genes.

The cell line panel analysed here display heterogeneity when considering mutations
of individual genes, yet reflects the overall frequency of mutations in high risk tumors

(Ackermann et al., 2018) (Figure 4.2). Indeed, all cell lines harbour a mutation in
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Table 4.1: Detailed mutations for RAS, TP53 and PI3SK pathway genes in 9 neurob-
lastoma cell lines

Cell line | Protein change

CHP212 NRASWOIK

IMR32 MTORFIE8V MTORRM82C MAPK10"24M BRAFR0TE
ATM11547M KRAsVlSlM ATRXE1456G

KELLY ALKFHTL PRKDCV4%2L CDKN2AAGST MAPK8A282D,

TP53P177T
LANG ALKPTIN DEPTORYK ATMSZIER KRASS2C, ATRX™2Q
N206 PRKDCV1452L, CDKNQAA76PfS*70, MAPK8A282D, TP53P177T,

NF1N664*, ATRXE929Q, ATRxR907Q7 ATR,XN755K

NBEBC1 MTORWIG?’?’*, PRKDC02857R, ATMCI674Y, ATMT1743K, ATMRMIQ*,
KRASGDD, NF1P464Q, ATRXE2360G, ATRXK2359E, ATRXGQOlgW,
ATRXDQOIOE, ATRXQ1663R, ‘Ar_rl%)(ElélGOK7 ATRXEQQgQ, ATRXN862K
NGP NF1E1425°

SKNAS NRASQOIK “ATRVZI58F - ATRXF929Q

SKNSH NRASQOIK “ALKFUTEL - ATRXFI29Q

either ALK, BRAF, NF1, NRAS or KRAS, all of which activate the MAPK path-
way. IMR32 surprisingly had two mutations in the pathway, with a KRAS mutation
probably responsible for MAPK activation and an atypical BRAF mutation being a
neutral mutation (Table 4.1). Moreover, p53 pathway genes are mutated in most cell
lines, either on ATM, ATR, ATRX, CDKN2A, PRKDC or TP53 itself. Finally, with
the exception of LANG, which to have an alternative lengthening of telomeres (ALT)
(Peifer et al., 2015), all of the cell lines express TERT despite only five of the nine cell
lines expressing MYCN.

The attempt to correlate inhibitor sensitivity and mutation status yielded no no-
table correlation for AZD6244 and Rapamycin (Figure 4.3a). Drug sensitivity did not
correlate significantly with expression data neither, with an adjusted p-value > 0.95
for the 1000 most variable genes and an ajusted p-value > 0.94 for genes in the Gene
Ontology (GO) biological process “signal transduction” (Figure Appendix.9). Look-
ing at specific association, based on the claim of previous reports showing that NF1
expression was linked to sensitivity to MEK inhibitors (Woodfield et al., 2016), only
resulted in a weak and non-significant association (R? = 0.34, p = 0.10, Figure 4.3b),

though with a similar trend described previously.

43



ALK || aAmm || coknea || kras |[ NF1 || NRAs || Prekpc | TPs3

R*2=0.007 R"2=0.1 R"2=0.3 R"2 = 0.1 R"2 = 0.02 R"2 =0.02 R"2 = 0.03 R"2 =0.3
P =0.83 P =0.31 P=0.16 P =0.31 P=07 P=0.73 P =0.65 P=0.16
—34
o . L)
o o
>
o0 ° N
-5 ’ 3
]
\ ﬁ
-7
g L BN )
o 0 LN °

IC50
|

R\2=02  R'2=004 R'2-0003 R2-004 R'2=007 R2=02 _ R'2-=003 R'2=0003
e - 0.29 e -059 e-088 e -059 $-048 P=029 o &=064 $-0s8

A
/
|
/
/
\
[

] ° $ 8 ° g ° ' ] $ ' |
-6 1

o [ ] [ ] [ ] [ ] [ 3N ) [

N SN N SN SN N & SN »
Mutation
(a)

S 81 s falcly R2= 0.026

X X 154 °

o o KELLY p-value= 0.678
o o

= 67 = 104

S S | LANG IMR32

(2] (2] (]

17} 173 .
O 4 o 51 NDEDSSH

[

g g N206 SKNAS

c,| Re-034 x 01 g SKNSH
= p-value= 0.102 N206e <

7 ) 5 4 -8 -7 -6
AZD6244 IC50 (log10(M)) TAE684 IC50 (log10(M))

(b)

Figure 4.3: (a) Correlation between AZD6244 and Rapamycin IC50s and mutation
status for RAS/P53 pathway genes mutated in 30% to 70% of our panel and (b)
correlation between IC50 and gene expression of selected drug-mRNA pairs based on
existing literature.
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4.2 Using perturbation-response data to investi-

gate the signalling state of cells

Panel of six Perturbation with Phosphoprotein
NB cell lines ligands & inhibitors measurements
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c|EGF = b
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(a) Outline of the perturbation experiments. (b) Graphical representation.

Figure 4.4: Description of the perturbation experiment. (a) A panel of cell lines was
treated with growth factors and small molecule inhibitors, and the resulting effect
on selected phosphoproteins was measured using multiplexed bead-based ELISAs.
(b) Graphical representation of the perturbations; blue and red contour highlight
ligand stimulation and kinase inhibition respectively; yellow filling shows measured
phosphoproteins.

NTRK14{ 0.051 20 16 0.013 4.3 -

NGFR 1

TPM scaled by
max TPM

l h

PDGFRB 1

IGF2R 4

Gene

IGF1R

EGFR min

ALK

Cell line

Figure 4.5: Transcript per million reads (TPM) for various receptors in the neurob-
lastoma cell lines panel. Colors are TPM relative to max TPM across cell lines.

In order to understand the mechanisms underlying resistance to MEK inhibition
by AZD6244, 1 selected six neuroblastoma cell lines covering the whole sensitivity
spectrum for perturbation-response analysis. The perturbation experiment consisted
of stimulation with growth factors for 30 minutes with growth factors and inhibition
with small molecule inhibitors for 90 minutes. The ligands used were selected based

on the expression of the corresponding receptors in the cell lines. The heterogeneity
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Figure 4.6: Measurements of 6 phosphoproteins in 6 neuroblastoma cell lines in re-
sponse to combinations of 4 ligands or BSA control with 7 inhibitors or DMSO con-
trol. Each measurement is normalised by the BSA+DMSO control of the correspond-
ing cell line and represents at least 2 biological replicates. Readouts are phospho-
proteins p—MEK18217/S221, p—p38T180/Y182, p-ERKlTQOQ/YQ(M, p—CJUNS63, p_AKTS473
and p-S6K™® . Greyed entries are missing data due to insufficient volume or bead
count.

of receptor expression displayed in the cell line panel required the use of four dis-
tinct ligands in total to ensure that each cell line would be robustly stimulated by
at least two ligands (Figure 4.5). The inhibitors were chosen to target key kinases
of the pathway upstream of the phosphosites measured as follow: an inhibitor of the
p38/cJUN MAP3K ASK1 (GS4997), an AKT inhibitor (MK2206), an mTOR-complex
1 inhibitor (Rapamycin), a clinicaly used MEK inhibitor (AZD6244/Selumetinib), a
clinically used Raf/cKIT inhibitor (Sorafenib), an ALK inhibitor (TAE684), and a
highly specific PI3K inhibitor (GDC0941). The activity of various signalling pathways
was monitored at the phospho-proteins level using the Bio-Plex system (Figure 4.4a).
I designed a plex to measure six phosphoproteins from the MAPK and PI3K path-
ways: p-MEKS?17/8221 1, ,3QTI80/Y182 1 pREKT202/Y204 o ARTSAT3 1 SEKT89 and p-
cJUNS53. The phosphorylation of these residues are reliable proxies for the activity
of the corresponding kinase (MEK, p38, ERK, AKT and S6K) or the transcription
factor cJUN (Figure 4.4b). Overall, 240 data points were measured in duplicate for
each cell line (Figure 4.6).
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Figure 4.7: Unsupervised classification from the plex data: (LEFT) First two compo-
nents of a principal component analysis and (RIGHT) hierarchical clustering. Colour
scale corresponds to the IC50 for AZD6244 treatment (see also Figure 4.1).

The response to perturbation show similar patterns across different cell lines but
important quantitative differences. For instance, S6K phosphorylation was strongly
down-regulated by mTORCT inhibition in all cell lines but the response to inhibition of
PI3K and AKT, both kinases upstream of mMTORC1, was very cell line specific, rang-
ing from no effect to a 6-fold decrease. Similarly, MEK inhibition led to an increase
in MEK phosphorylation in all cell lines but with different intensity, and inhibition of
ALK downregulated phospho-MEK in some cell lines (LAN6, KELLY') but not others
(CHP212, SKNAS, SKNSH, IMR32). I first performed a principal component anal-
ysis on the perturbation dataset to get further insights. This PCA highlighted three
groups of cell lines, with 86% of the variance contained in the first three components
(Figure 4.7, Figure Appendix.7, Table Appendix.29). The first component (42% of
variance) contains the effect of Sorafenib and TAE684 on p-AKT®*™ and p-S6K™3%.
The second component (26% of variance) mainly separates IMR32 and KELLY from
the others based on the response of p-MEKS?17/5221 to MEK inhibition. The third
component (18% of variance) also separates IMR32 and KELLY, based on the effects
of IGF1, GS4997 and Rapamycin on AKT and S6K activation. Hierarchical clustering
gave similar results to the PCA, where SKNSH clustered separately, which highlights
the very atypical response of this cell line (Figure 4.7). Detailed investigation showed
that SKNSH had a very strong response to all ligands, and especially to PDGF, to
which the other cell lines were mostly insensitive. This atypical status of SKNSH is
also discernable in the mRNA expression, where it is clearly separated from the other
cell lines in a PCA with the most variable genes (Figure Appendix.8). Interestingly,
CHP212 also appears atypical from the mRNA expression, but it’s response to pertur-
bation is quite similar to the one of SKNSH and LANG6. Overall, multivariate analysis
by PCA or hierarchical clustering did not separate the cells into groups matching the
sensitivity to AZD6244.
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4.3 Signalling models highlight differential feedback
regulation of MEK
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Figure 4.8: Starting from a literature-derived network, an “Initial model fit* is per-
formed for each cell line then extended by successive “Model extensions”. Those mod-
els with different network structures are then harmonised by using a “Fixed inhibitor
parameters® concensus value which enables a direct “Parameter comparison”.

In order to understand how the inhibitors where differentially affecting the cells,
I used the perturbation data to parametrise cell line specific signalling models using
STASNet (section 2.4). As the initial input network for STASNet, I used the MAPK
and PI3K/AKT signalling pathway as summarised in KEGG (https://www.genome.
jp/kegg/pathway/hsa/hsa04010.html and https://www.genome. jp/kegg-bin/show_
pathway?hsa04151) with intermediate nodes suppressed, the well documented
ERK—RAF feedback added and all receptors corresponding to RTK connected with
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Figure 4.9: Model residuals before and after model extension and harmonisation using
fixed inhibitor parameters. and cell-line-specific network extensions (dashed arrows)
relative to the literature network. The extended link colour was matched to cell line
colour, if present only a particular cell line model, and black otherwise.
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every nodes of the next signalling layer (Figure 4.8 first step, Figure 4.4b). The model
fit quality was evaluated according to two criteria: the sum of weighted squared resid-
uals should be similar to the number of data points/degrees of freedom and the dis-
tribution of residuals for each datapoint should be normally distributed. These initial
models using the canonical literature network yielded good fits for CHP212, SKNAS
and SKNSH but not for LAN6, KELLY or IMR32 (Figure 4.9 “Initial model fit”,
Figure Appendix.4).

In order to improve the fit, I performed successive extensions for each cell line
independently using the likelihood ratio test framework implemented in STASNet.
In this procedure, a link extension is deemed to provide a significant improvement
to the fit if the decrease in residuals provided by the link is greater than expected
from a 2, with the number of degrees of freedom equal to the rank increase (number
of independant parameters) induced by the link. This extension procedure found
significant improvements for all cell lines, with the most additions for KELLY (4 new
links) and IMR32 (3 new links). Only two network extensions (ASK1—MEK and
p38—S6K) were significant in more than one cell line. Both correspond to an effect
of the ASK1-annotated inhibitor GS4997 on the MEK/ERK pathway and S6K, and
have negative strength, which suggests that an antagonism between the p38 MAPK
and the MEK/ERK MAPK pathway exists in neuroblastoma cell lines. Such negative
crosstalk between these pathways also exists in other cell lines (Finch et al., 2012).
The resulting models fitted the data well for all cell lines except KELLY (Figure 4.9
“Model extension”, Figure Appendix.5), where further analysis revealed that the ERK
readout gave inconsistent results in this cell line.

Because of the inhibition parameters, the paths from inhibited nodes are often
structurally non-identifiable, as the three parameters corresponding to upstream path,
downstream path and inhibition intensity always appear together in the equations if
there is no basal activity. Since the best fit values for the inhibition parameters were
similar in all cell lines, I harmonized each inhibitor parameter to the mean value
between all cell lines. This consensus fit value for the inhibition parameter is coherent
with the fact that the same inhibitor concentration was used in all cell lines. This
“fixed inhibitors” procedure resulted in models that stayed in satisfying agreement
with the data and provided identifiable path parameters, which allowed for direct
comparison between cell lines (Figure 4.9).

I first tried to interpret the strong heterogeneity in ligand-induced pathway acti-
vation (Figure 4.10). Only a few receptor expression differences matched the corre-
sponding ligand effect. The response to NGF correlated with the expression of the
NTRKI1 receptor but not that of the NGFR, suggesting that NTRK1 was responsible
for the effect of NGF in these cell lines.

EGFR expression correlated to the activation of the AKT and ¢JUN pathways by
EGF but not of the MEK path, which could be explained by the more direct activation
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Figure 4.10: (left) Fitted paths and correlation of the receptor-originating paths with
the corresponding receptors expression. (right) Model paths between non-receptor
perturbed nodes and measured nodes for routes present in at least 2 cell lines. Cells are
ordered from left to right from most sensitive to most resistant to the MEK inhibitor
A7ZD6244. Due to the absence of ASK1 basal activity in IMR32 ASK1—p38 and
ASK1—MEK represent in this cell line NGF—ASK1—p38 and NGF—-ASK1—-MEK
respectively. The colours correspond to the value of the path scaled by the maximum
absolute value of that path between all cell lines.

mechanism of PI3K by the EGFR (chapter 2), while multiple adaptor proteins mediate
the activation of the MAPK pathway. Indeed, the expression of GAB2 and SRC is very
different between the cell lines and could explain the strong activation of IMR32 and
LANG6 by EGF, similar to SKNAS and SKNSH, despite their lower EGFR expression
(Figure 4.10, Figure 4.11). Another potential cause for the attenuated activation of
MEK/ERK by the receptors is a downstream mutations that already activates the
pathway, as the parameter values of the routes from PDGF, EGF, NGF and IGF into
MAPK signalling are lower in NRAS mutant cell lines CHP212, SKNAS and SKNSH
(Figure 4.10). Conversely, these cell line models display a slightly more inducible
PI3K pathway. This observation is in agreement with a recent comparative study
of G12V-mutated RAS isoforms in colorectal SW48 cells, where the NRAS mutated
cell line showed a weaker coupling of receptors to MEK and a stronger coupling to
PI3K than in the parental cell line (Hood et al., 2019). This would suggest that an
activation of the MEK/ERK pathway is relayed predominantly by NRAS while the
PI3K pathway activation is mediated by other proteins (Yang et al., 2012).
Similarly, the effect of IGF1 on AKT was correlated with the expression of IGF2R,
which captures IGF1 and IGF2 without transducing its signal (O’Dell and Day, 1998;
Oates et al., 1998; Ghosh et al., 2003), more than with the expression of IGF1R,
suggesting that other factors influenced transduction of the IGF1 signal. Overall,
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Figure 4.11: Transcript per million reads (TPM) of adaptors and ERRB receptor
family genes.

this confirms that expression of receptors and adaptors as well as pathway alterations
shape the response of signalling networks to stimulation (Zhang and Samelson, 2000;
Bolanos-Garcia, 2005; Cabodi et al., 2010).

Intra-cellular kinase paths show less variability between cell lines, with most paths
exhibiting similar values between cell lines (Figure 4.10). The negative feedback in
MAPK signalling from ERK to RAF is the most striking exception, exhibiting 3
to 4 times stronger magnitude in KELLY and IMR32 and resulting in a similarly
higher phosphorylation level of p-MEKS221/5221 after MEK inhibition in these cell lines
(Figure 4.12). A strong RAF-mediated feedback is a known resistance mechanism
against MEK inhibitors (Friday et al., 2008; Fritsche-Guenther et al., 2011), where
relieve of inhibition of upstream components post inhibition can partially reactivate
signalling. Since KELLY and IMR32 are highly resistant to AZD6244, this suggests
that resistance to MEK inhibition could be mediated by a differential regulation of
this feedback.

In the KELLY cell line, the extension procedure added a negative feedback from
S6K to IGFR. MAPK signalling is also controlled by receptor-mediated feedbacks
which have been reported to mediate drug resistance, most notably to MEK inhi-
bition via reactivation of the MAPK pathway itself and other parallel pathways, by
numerous studies (Corcoran et al., 2012; Klinger et al., 2013; Klinger and Bliithgen,
2014; Rozengurt et al., 2014; Lake et al., 2016). Thus, this feedback could explain the
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Figure 4.12: AZD6244 IC50 versus responses to perturbations including AZD6244. R?
and p.value correspond to the linear model shown in black. Points are independent
replicates, n=2.

strong upregulation of pMEK following AZD6244 treatment in KELLY (Figure 4.6
and subsection B.6).

In summary, the signalling parameters derived from the perturbation data by our
models show that cell lines diverge in receptor expression and feedback regulation,

with strong multi-layered feedbacks for some of the resistant cell lines.

4.4 Resistant cell lines display different wiring

We hypothesized that the different relative strength of a multi-layered negative feed-
back could be the cause of AZD6244 resistance. To test this, I also measured the
pMEK response to AZD6244 of N206, the most resistant cell line of the panel. N206
also showed a strong feedback response to AZD6244 (Figure 4.13).

To dissect the feedbacks wiring in more details, I generated perturbation data re-
stricted to the MAPK pathways for those cell lines with a strong feedback response
to MEK inhibition: KELLY, IMR32 and N206. I used IGF1 and EGF/NGF stim-
ulations to activate the signalling pathways, blocked MAPK signalling with MEK
and RAF inhibitors, and measured the same six phosphoproteins as described earlier
(Figure 4.14a, section 4.2).

I used these data to parameterise smaller MRA models with or without SOK—IGF1
feedback (Figure 4.14c). The models which included the IGF receptor-feedback were
significantly better for N206 and KELLY (x*p < 0.05) but not for IMR32 (Fig-
ure 4.14b). The feedback quantification highlighted interesting variations between
KELLY and N206, with the SOK—IGF1—-RAF—MEK being stronger in the N206
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Figure 4.13: pMEK log2-fold change to DMSO after AZD6244 and 1C50 to AZD6244
of 7 neuroblastoma cell lines. 95% confidence interval is shown.

model than the ERK—RAF—MEK feedback but the contrary being true in KELLY.
This shows that multilayered feedback regulations are modulated differentially be-

tween cell lines.

4.5 Breaking feedback-mediated resistance with

vertical inhibition

One possible strategy to overcome a multi-layered feedback is to use vertical inhi-
bition, where inhibition of the upstream nodes reactivated by the feedback prevents
pathway reactivation (Ricciardi et al., 2012; Rebecca et al., 2014; Woo et al., 2017;
Ryan et al., 2020). With the encouraging predictions from the model, I then quanti-
fied the growth reduction of IMR32, KELLY and N206 after inhibiting with different
dose combinations of inhibitors against MEK (AZD6244), IGFR (AEW541) and RAF
(LY300912) (Figure 4.15). In agreement with our model predictions of strong IGFR-
mediated feedback in N206 (Figure 4.14b), there was a strong synergistic effect of the
combination of MEK and IGFR inhibitions on growth in N206 (Figure 4.15). Con-
versely, there was little synergy in KELLY, contrary to what the model predicted, and
IGFR inhibition had almost no effect on IMR32 growth (Figure 4.15). Even though
the model suggested the combination of MEK and RAF inhibition to overcome the
strong ERK—RAF feedback in all three cell lines, a synergistic effect could only be
observed for N206 and KELLY, whereas IMR32 remained resistant. IMR32 continued
to proliferate despite relatively high concentrations of both inhibitors (Figure 4.15).
One possible explanation for this observed resistance in IMR32 might be the fact
that the dual inhibition by MEKi and RAFi was not effectively inhibiting MEK and
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Figure 4.14: Resistant cell lines display different relative feedback strength. (a) Bio-
Plex measurements of IMR32, KELLY and N206 response to AZD6244 (MEKi) and
Sorafenib (RAFi) under IGF1 or GF (NGF in IMR32, EGF in N206 and KELLY)
stimlation. Values are log2-fold relative to PBS+DMSO control. (b) Residual com-
parison of models with (black) and without (blue) SCK—IGFR feedback and feedback
parameters in the model including S6K—IGFR. p-values were computed using a x?
test with 1-df. (c) Network representation of the models. Yellow backgrounds indi-
cate measured nodes, red outlines inhibited nodes and blue outlines stimulated nodes.
S6K—IGFR is represented as a dotted line with full circle annotation indicating that
the addition significantly improved the model.

ERK. To rule out this possibility, I measured the response of KELLY and IMR32
to combinations of AZD6244 (MEKi), SCH772984 (ERKi) and LY300912 (RAFi).
Based on the model simulations, the combination of MEK and RAF inhibition was
predicted to suppress MAPK signalling much stronger than MEK inhibitor alone or
in combination with an ERK inhibitor, with a suppressive effect predicted to be more
profound in IMR32 than in KELLY (Figure 4.16). The measurement of pERK and
pMEK after treatment with a MEK inhibitor alone and in combination with a RAF
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Figure 4.15: Model-inferred targeting strategy of dual inhibition of MEK and LEFT
RAF or rIGHT IGFR inhibition and corresponding growth measurements using the
specified inhibitors concentration. n=2.

inhibitor or ERK inhibitor showed that MEKi+RAFi treatment indeed reduced ERK
phosphorylation in both cell lines more than MEKi alone and suppressed the feedback
phosphorylation of MEK. Moreover, this suppression of MEK and ERK phosphory-
lation was indeed stronger in IMR32 than in KELLY (Figure 4.16). This confirms
that the model can accurately predict the response of KELLY and most importantly
IMR32 to combinations of perturbations. However, since the growth was least af-
fected by this combination in IMR32, it appears this cell line might no longer depend
on ERK signalling for survival and growth.

In the end, two combinations were identified to be effective at low drug concen-
trations against the MEK-inhibitor resistant cell lines KELLY and N206 respectively:
A7ZD6244 with LY300912 and AZD6244 with AEW541. As both KELLY and N206
display a strong multi-layered feedback, a combination of three inhibitors against
IGFR, RAF and MEK might show efficiency in all cell lines, as it targets both layers
of the feedback without requiring the identification of the exact relative strength. I
thus tested the effect of a combination of the three inhibitors AEW541, AZD6244 and
LY300912 together. This combination reduced the viability of both KELLY and N206
at moderate concentration of all three drugs (300nM of AEW541, 50nM of LY300912
and 500nM of AZD6244) making it a potential therapeutic option (Figure 4.17).
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concentrations of dual and triple inhibitor treatments targeting MEK, RAF and IGFR
relative to control measured using the Incucyte Zoom.



4.6 Deep molecular characterisation of the

inhibitors combination

I next thought to deciper why IMR32 did not respond to the MEK and RAF in-
hibition combination and get a more systematic understanding of the effect of the
MEK and IGFR combination. I treated the IMR32 and N206 for 4h with IGFR and
MEK inhibitors alone or in combination for phospho-proteomics measurements (Fig-
ure 4.18) using Tandem Mass Tag mass spectrometry (Gygi et al., 1999; Mertins et al.,
2018). The samples were measured by M.Sc. Tomasso Mari in the group of Prof. Dr.
Matthias Selbach (MDC) who also helped with the analysis. The data were analysed
using the limma package (Ritchie et al., 2015).

LFC to DMSO Cell_line replicate Treatment
B HEN206 W IMR32 A B C dmso [l MEKi IGFRi MEKi+IGFRi
-4-20 2 4
— — _ﬁ Ems—— = =
e — — |
= = =

(a) N206 (b) IMR32

Figure 4.18: Heatmaps of phosphosites differentially expressed in each cell line
(FDR < 0.05). Values are log-fold change (LFC) to mean DMSO mearusrement.
Color annotations indicate the cell line, replicate or treatment corresponding to the
sample. n=3.

Although a similar number of phosphosites were disregulated in both cell lines,
there were few overlaps between the two cell lines (Figure 4.19a) and they exclusively
corresponded to phophopeptides affected by MEK inhibition (Figure Appendix.13). In
IMR32, IGFR inhibition had litte effect on the phosphoproteome while the presence of
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Figure 4.19: Venn diagram showing the overlap of phosphopeptides differentially
expressed after IGFR and/or MEK inhibition versus DMSO control in N206 and
IMR32 between cell lines for all treatments and between treatments for each cell line.
FDR < 0.05.

MEK inhibition, alone or with IGFR inhibitor, provoked extensive changes. Moreover,
the effect of MEK inhibition dominated the response in IMR32 with only about a third
(49/155) of phosphosites differentially expressed in the MEKi+IGFRi combination
being exlusive for the combination (Figure 4.19b). In N206 however, both MEK and
IGFR inhibitions induced major changes in the phosphoproteome and the combination
had a strong synergistic effect (Figure 4.19¢). 25 differentially phosphorylated sites
showed a significantly stronger than additive regulation by the combination of MEK
and IGFR inhibition in N206, while two sites differed from both individual treatments
in IMR32 (Figure 4.20b). Almost half of the phosphosites synergistically affected in
N206 are targets of the PI3K/AKT pathway kinases, indicating the blockade of AKT
feedback-mediated activation by IGFR inhibition.

I analysed the list of differentially expressed genes using two methods, kinase-
substrate enrichment analysis and gene set enrichment analysis.

Gene set enrichment analysis can directly give us phenotypic processes affected by
the perturbation, however the current databases only annotate the gene/protein level,
which implies loosing the specific information provided by the identity of the altered
phosphosite. An enrichment analysis using KEGG pathways showed that MAPK
targets are overrepresented in differentially phosphorylated proteins in IMR32. It

should be noted here that the enriched pathways have important overlap, and there do
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Figure 4.20: (a) Kinases with significant substrate enrichment using PhosphoSitePlus.
(b) Phosphosites synergistically altered by MEKi+IGFRi combination compated to
the sum of individual inhibitor treatments. AKT, mTOR and p70S6K annotated
(bold font) and putative (italic font, top 5 predicted kinase by PhosphoNET Kinase
Predictor www.phosphonet.ca) are highlighted. Black outline indicates significant
conditions, FDR < 0.05.

not provide independant information. In case of IMR32, many processes are enriched
uniquely because they contain MAPK genes, which is the only pathway truly affected
by MEK inhibition in this cell line (Figure Appendix.14a). Additionally in N206,
gene set enrichment analysis revealed that both MEK and IGFR inhibitions affected
mTOR and MAPK signalling (Figure Appendix.14b).

Kinase-substrate enrichment analysis (Casado et al., 2013) makes use of the full
information of the phosphopeptides to compute kinase activity score, which can then
be used to single out kinases with significant changes in their activity in response
to the perturbation. It relies on kinase-substrates annotations containing details of
which phosphosites are phosphorylated by each kinase and requires prior knowledge
to give a phenotypic sense to the result. Two main sources were suggested by M.Sc.
Tommaso Mari for kinase-substrate annotations.

The Sugiyama annotation was derived in vitro using phosphoproteomic measure-
ments of phosphatase-treated cell lysates exposed to recombinant kinases (Sugiyama
et al., 2019). This approach has the advantage of being able to rapidly test direct
phosphorylations. However, it has multiple limitations, which can lead to an incom-

plete and noisy annotation. E.g the heat inactivation of the phosphatase leads to
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denaturation of the proteins, and loss of docking information and substrate speci-
ficity. Moreover, the lysates were not fractionned, which loses compartiment speci-
ficity information. Those caveats seem to make it a very unreliable annotation. Con-
sequently, using it on the N206-IMR32 phosphoproteomics data failed to pick up
MEK1/2 (MAP2K1/2) inhibition after treatment with a MEK inhibitor despite the
clear down-phosphorylation of ERK1/2T185/T202+Y187/¥204 (\JAPK1/3), it’s only vali-
dated target (Wu et al., 2015) (Figure Appendix.15).

The other annotation comes from PhosphositePlus (Hornbeck et al., 2015), which
is curated from the literature (annotation from March 18th 2021). This approach
provides high quality kinase-target pairs but it is biased, with high quality annotation
for well studied kinases but missing substrates for kinases that are less thoroughly
studied.

Kinase-substrate enrichment analyses using PhosphoSitePlus revealed in both N206
and IMR32 cells a decreased phosphorylation of MEK and JAK targets and an in-
creased phosphorylation of BRAF (N206 and IMR32) and ARAF (IMR32 only) targets
in response to MEK inhibition (Figure 4.20a). Overall, this indicates a feedback acti-
vation of RAF that fails at completely compensating the interruption of MEK activity
by AZD6244. Moreover, the RAF feedback activation is partially removed when an
IGFR inhibition is added to the MEK inhibition, whereas other kinase targets seem
unaffected. This suggests that RAF reactivation also depends on upstream signals.
It furthemore suggests that the strong RAF feedback in IMR32 is mediated via both
RAF isoforms ARAF and BRAF, while the weaker feedback in N206 is mediated via
BRAF only. While in IMR32 cells IGFR inhibitor treatment had little impact on the
kinome, in N206, there was a massive decrease in activity for a range of kinases cover-
ing the PI3K/AKT/mTOR pathway (SGK1/3, AKT1, p70S6K, Caron et al. (2010)),
MAPK pathway (p90RSK) and many members of the Protein Kinase C Family. The
decreases in activity were all upheld in the double treatment. This strong influence
of IGFR on central growth and survival pathways likely explains why N206 cells are
more susceptible to IGFR inhibition than IMR32. Moreover, the activation of AKT
by MEK inhibition supports the IGF1R feedback proposed by the model.

A closer inspection of the phosphorylation of the MAPK pathway components
revealed many RAF negative feedback/crosstalk sites downregulated after MEK in-
hibition (BRAF: T401, S750, T753; RAF1: S29, S642, S259) in both cell lines, while
MEK1/25222/8226 j5 yp-phosphorylated and ERK1/252°* are down-phosphorylated (Fig-
ure 4.21a). An analysis of downstream targets also highlighted that MYCN was heavily
affected, with five phosphosites downregulated in N206 after the dual inhibition. This
loss of phosphorylation was associated with a loss of MYCN at the protein level, based
on Western blots of cells treated for 4h with AEW541 10 uM and/or AZD6244 10 uM
or DMSO. The Western blots were run by M.Sc. Anja Sieber (CMM).
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Figure 4.21: (a) Differentially phosphorylated phosphosites on RAF isoforms,
MEK1/2, ERK1/2 and MYCN in IMR32 and N206. (b) Total protein quantifica-
tion of MYCN and CCNDI1.

I additionally explored the total proteomics data for other significantly regulated
proteins. Only five proteins (PHGDH, DERL1, AMPD3, ARHGEF16 and CCND1)
were found to be differentially affected with an FDR < 10% and only in one condi-
tion, suggesting that changes in total protein was not detectable at this time scale.
Nonetheless, the distribution of p-values was skewed towards low values, suggesting
that some proteins were indeed differentially regulated but cannot be picked up with
an acceptable false discovery rate (subsection C.6). Of the significant proteins, only
PHGDH and CCND1 showed a significant downregulation in the proteomics data af-
ter correcting for multiple testing. PHGDH is a metabolic enzyme involved in serine
synthesis, and cyclin D1 is essential for cell cycle progression. It is also highly likely
that total MYCN is indeed downregulated as a consistent negative fold change is seen
in both cell lines after MEKi alone or MEKi+IGFRi treatments. The downregulation
of MYCN was also confirmed by Western blot (Figure 4.21b).

Taken together, the proteomics data were coherent with the model that MAPK
signalling in N206 is controlled by a dual feedback structure involving RAF and IGFR,
whereas it is mainly controlled by a RAF-mediated feedback in IMR32.
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4.7 Discussion

In this work, I explored signalling in neuroblastoma cell lines in a quantitative manner
and used it to design a combinatorial treatment approach that counteracts various re-
sistance layers. I showed via deep, multi-omics profiling that neuroblastoma cell lines
represent high risk neuroblastoma and exhibit a high variability in their response to
MEK inhibition. Using carefully designed perturbations, it was possible to charac-
terise the signalling network interacting with the MAPK pathway using STASNet
models. These models uncovered multiple layers of feedback mechanisms which pro-
vided a strong feedback reactivation in resistant cell lines. They also suggested that
the relative strengh of these layers was highly variable between cell lines.

For this dataset, multivariate analysis of the perturbation data alone could not
separate cell lines with respect to their drug sensitivity. In contrast, integrating the
data with STASNet highlighted that variations of only a few links explained major
differences between the cell lines. This integration of the data by the MRA model was
therefore key to unveil the feedback loops as potential sources of resistance.

In this work, I showed that two layers of MAPK signalling feedback are present in a
number of neuroblastoma cell lines. The first feedback is pathway-intrinsic (from ERK
to RAF) and the second is a feedback to the IGF receptor. Interestingly, the relative
strengh of these feedback mechanisms from ERK to RAF and IGFR vary between
cell lines. In the KELLY cell line, the models unveiled an extremely strong negative
feedback from ERK to RAF. This suggested that a combination of MEK and RAF
inhibitors would be more potent than a combination of MEK and IGFR inhibitors
in this cell line. Indeed, a combination of RAF and MEK inhibitions can overcome
a strong intrinsic feedback, similar to what is observed and has been translated to
the clinic in melanoma (Czarnecka et al., 2020; Ottaviano et al., 2021). In contrast,
in the N206 cell line, both feedback mechanisms have similar strength, suggesting
that both combinations might have a significant effect on cell proliferation. Multiple
previous lines of work on neuroblastoma point to an important role of IGF1R in tumor
progression (El-Badry et al., 1989; Singleton et al., 1996) and suggest IGF1R as a very
promising target (Liu et al., 1998; Coulter et al., 2008). This work suggests that the
efficiency of IGF1R inhibition could be further enhanced by a combination with MEK
inhibition to overcome a feedback to the receptor, similar to what is seen in colorectal
cancer (Klinger et al., 2013; Prahallad et al., 2012; Corcoran et al., 2012, 2018). In line
with these predictions, the experiments presented here showed that the combination
of MEK and RAF inhibitors reduced growth much more than the combination of
MEK and IGFR inhibitions in KELLY. In contrast to N206 where both combinations
reduce growth. Interestingly, a third resistant cell line, IMR32, showed no response
in growth to MEK inhibition in vertical combination with RAF despite the model
suggesting a stronger ERK—RAF feedback. However, the cellular ERK signalling

was strongly responsive to this combination, which confirmed the prediction of the
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model. This highlights that cancer cells might lose ERK-mediated cell cycle control,
a case of decoupling of the cellular phenotype from the signalling pathways (Cerezo
et al., 2009; Castro et al., 2012). It also suggests that measuring readouts further
downstream such as cyclin levels or CDK activation, which are also deregulated in
cancer (Keyomarsi and Pardee, 1993; Sung et al., 2014), could improve the prediction
of the interaction between signalling and cellular phenotypes (Korkut et al., 2015).
In summary, this work suggests combinations that could make MEK inhibition
more sucessful in neuroblastoma, by shedding light on the mechanisms mediating

resistance.
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Chapter 5

Signalling of NF1-KO

neuroblastoma cell lines

In chapter 4 T used STASNet to compare how differences in signalling of a neurob-
lastoma cell line panel affected drug response. Such system is useful to suggest new
therapies with little prior knowledge but requires a large amount of data to overcome
the biological noise between unrelated cell lines and provide a good representation
of the initial disease. On the contrary, isogenic cells lines, which are derived from
a unique cell population, are highly similar and provide in depth knowledge of their
genetic differences. Their main constraint is the prelimiinary introduction of genetic
alterations which are relevant for the disease of interest in the corresponding system.
In this chapter, I discuss the results of using isogenic cell lines to elucidate how the
loss of NF1 affects drug resistance in neuroblastoma and demonstrate a use case for
the ModelSet feature of STASNet.

The cells lines were generated, characterised and treated by M.Sc. Mareike Bock

from the group of Paediatric Haematology of Charité.
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Figure 5.1: Role of NF1 and ALK in MAPK activation. Arrowheads indicate positive
influence, flat heads indicate negative influence, and NF1 over the RASgrp —RASgpp
link indicates the catalyses of the GTP hydrolysis by NF1. Nodes with blue contour
are ligands, ALK is highlighted with a red contour.

5.1 The NF1 protein

The group of Prof. Dr. Johannes Schulte identified recurrent NF1 inactivating muta-
tions in relapsed neuroblastoma treated with the ALK inhibitor Ceritinib.

NF1 is a GTPase activating protein (GAP) acting on RAS. It deactivates RAS by
enhancing the GTPase activity of RAS, switching it from the active GTP-bound state
to an inactive GDP-bound state (Figure 5.1, Cichowski and Jacks (2001)). Without
NF'1 activity, RAS hydrolyses GTP at a slower rate and stays in the active GTP-
bound state for longer, leading to a higher activation of the downstream PI3K and
RAF pathways.

Since the RAF pathway is activated by ALK, such activation of RAS signalling
could explain the resistance to ALK inhibition by decoupling downstream signalling
from the receptor. NF1 mutations have also been involved in the resistance of neu-
roblastoma to retinoic acid-induced differentiation, where the activation of MAPK
signalling represses the transcriptional activity of the retinoic acid receptor (Holzel
et al., 2010). NF1 knock-out (NF1 KO) cell lines were thus generated using CRISPR
to study the implications of NF1 loss on signalling.
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Figure 5.2: Neuroblastoma cell lines with CRISPR knock-outs of NF1 are perturbed
with small molecule inhibitors and phosphoproteins measured to generate models high-
lighting the changes induced by the knock-out.

5.2 Modelling NF1-KO cell lines

Mareike Bock generated isogenic NF1-KO cell lines from the ALK mutant neuroblas-
toma cell lines LAN5 and SH-SY5Y. For each parental cell line, she selected 2 NF1-KO
clones for analysis to be able to single out the specific impact of the NF1 knock-out

from potential clonal effects (Figure 5.2).
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Figure 5.3: Measurements of the 4 phosphoproteins p-MEKS217/5221 -, FRKT202/Y204,
p-AKTS4 and p-S6K™# in two sets of isogenic neuroblastoma cell lines derived from
LANS5 or SHSY5Y (LAN5 WT and SHSY5Y WT) by knocking-out NF1 (LAN5 E1.2
and LAN5 E30.1, SHSY5Y E1.2 and SHSY5Y E30.2) in response to combinations of 2
ligands or BSA with 3 inhibitors or DMSO and the ALK inhibitor Ceritinib or DMSO.
Each measurement is normalised by the BSA+DMSO control of the corresponding cell
line. n=3.

We then jointly planned a perturbation panel to tease out the effect of the NF1
knock-out on signalling downstream of RAS. The final set of perturbations con-

sisted of the ligands IGF1, EGF or PBS as a control condition in combination with
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the inhibitors Rapamycin (mTORC1), GDC0941 (PI3K), AZD6244 (MEK1/2), So-
rafenib (RAF), Ceritinib (ALK) or a DMSO control (Figure 5.3). The cell lines
with all combinations of ligands and inhibitors and the levels of pERK1/27202/¥204
pMEK1/25218/5222  1h96K 17389 and pAKTS™ were measured in triplicates using the
MagPix. The data were batch normalised to account for technical variations between
replicates (subsection D.1) In both cell line backgrounds, the NF1-KO cell lines ex-

hibited more response to ligands than the parental cell line.
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Figure 5.4: Residuals of the NF1-KO single Models and ModelSet for the LAN5 and
SH-SY5Y WT and NF1-KO cell lines.

After batch normalisation, I built a model for each cell line separately and checked
if any extension of the literature network was necessary to explain the data. Similar to
the network introduced in chapter 2, the direct and indirect activation of PI3K by the
receptors cannot be deconvoluted. Therefore the RAS—PI3K link was not included
in the models. No extension was suggested for any of the cell lines (subsection D.4
and subsection D.2). This led me to the conclusion that the isogenic cell lines were
similar enough to be modelled using the ModelSet feature (section 2.5) to robustly
highlight the links affected by the loss of NF1.

The ModelSet showed that only a subset of the network parameters varied signifi-
cantly between isogenic cell lines (Figure 5.5) and the increase in residual is moderate
for both LAN5 and SH-SY5Y compared to the sum of residuals from the individual
cell line models, which confirmed that the ModelSets robustly identified the important
differences between the cell lines (Figure 5.4). In both backgrounds, the EGF—PI3K
path was stronger in the NF1-KO cell lines than in the WT. EGF—RAS—RAF—-MEK
was stronger in LAN5 NF1-KOs than in LAN5 WT. This suggests that the EGF recep-
tor activation of RAS is modulated by NF1, such that the loss of NF1 made the cells
more inducible by EGF. Conversely, the inducibility by IGF1 did not differ between
cells from the same background suggesting that the activation of RAS and PI3K by
the IGF1 receptor is independent or overcomes the inactivation of RAS by NF1. The
only exception was SH-SY5Y E30.2 where the IGF1—PI3K link was weaker than in
the parental, which suggests a clonal variation rather than a specific effect of the loss
of NF1.
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Figure 5.5: Parameters of the MR AmodelSet for each NF1-KO panel of cell lines. The
colors reflect the rowwise Z-normalised parameter value for each isogenic panel, red
indicates relatively a higher parameter, blue a relatively lower parameter.

More surprinsingly, the ERK—RAF—-MEK feedback was attenuated in the NF1

KO clones compared to the parental in both isogenic panels. Such attenuation can be

explained by 1) a downregulation of ALK induced activation of MAPK signalling as

an adaptation of the network to the increased sensitivity induced by the loss of NF1 to

ensure cell survival or 2) a higher basal activation of the MAPK pathway induced by

NF1 removal leading to a saturation of the feedback. This attenuation of the feedback
could explain the greater sensitivity of the NF1 KO cell lines to MEK inhibition.
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5.3 Phosphoproteomics characterisation of NF1
knock-out in SHSY5Y

In order to get additional data that characterises the interaction between ALK and
MEK inhibition in NF1-KO, we turned to proteomics. SHSYSY isogenic cell lines
with or without NF1 deletion were treated by M.Sc. Mareike Bock for Oh, 1h or 6h
with Certinib and/or Selumetinib. Proteomic and phosphoproteomic were measured
by M.Sc. Tommaso Mari using Tandem Mass Tag mass spectrometry (section 7.7). 1
performed differential expression analysis using the R package limma (Ritchie et al.,
2015).
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Figure 5.6: (a) Volcano plot and (b) overlap of differentially phosphorylated peptides
between each NF1-KO and the WT cell lines (¢) GO Biological Process enrichment
for the genes corresponding to the 606 overlapping phosphopeptides. FDR < 0.05.

First, I analysed the effect of NF1 knock-out on the phosphoproteome. 3421 unique
phosphosites were differentially phosphorylated in total in NF1-KO cell lines at a false
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discovery rate of 5%, with 606 genes overlapping between the clones (Figure 5.6).
"DNA replication’ was the only enriched KEGG term using the 606 overlapping phos-
phopeptides, while a GO analysis also revealed terms linked to DNA repair, replication
and metabolic processes (Figure 5.6¢). It thus appears that the deletion of NF1 in-
duced DNA damage, likely because of increased proliferation and DNA replication.
Investigating terms enriched for each KO cell line showed that RAS target pathways
are active in E30.2 (Figure Appendix.29b) while only DNA replication is affected in
E1.2 (Figure Appendix.29c¢).

I then analysed the effect of the treatments independently in each cell line. Ev-
ery treatment condition including the combination was considered as an independent
treatment for a contrast fit versus DMSO (Figure 5.7 and Figure Appendix.28). Using
a FDR of 5% resulted in 297 peptides differentially phosphorylated after treatment
across all three cell lines (Figure Appendix.28d). The signal-to-noise ratio in this
dataset did not seem as good as previous phosphosite studies published on the effect
of ALK inhibitors (Emdal et al., 2018; Van Den Eynden et al., 2018), which recovered
about a thousand differentially phosphorylated peptides after ALK inhibition alone
in ALK-dependent neuroblastoma cell lines. This would explain why less (156) sig-
nificantly altered phosphosites after ALK inhibition were recovered than reported in
these publications with a FDR of 0.05. I thus used a FDR of 0.25 to overcome this
lack of power, allowing for more false positives but increasing the sensitivity. This
resulted in 466 significant phosphosites (Figure 5.7), 387 of which were significantly
altered by the combination treatment. Interestingly, more phosphosites were affected
by ALK inhibition in the WT than in the NF-KO (77 vs 11 and 22, Figure 5.8a) while
less are affected by MEK inhibition (33 vs 85 and 201, Figure 5.8b).

This matched the drug sensitivity assay results and suggests that the differential
effect of these inhibitors on cell proliferation is captured in the phosphoproteomics.
An unsupervised clustering of the samples using differentially phosphorylated sites
(FDR < 0.25) clustered the replicates of each condition together (Figure 5.7). In-
terestingly, the 1h and 6h timepoint samples were highly similar for every treatment
which indicates that the early effects of the inhibition on the phosphoproteome were
maintained for several hours. Crucially, this supports the conclusions derived from the
MRA model, which were trained with 90 minutes inhibition data. From the treatment
perspective, the data separated in 3 main clusters. Selumetinib treated samples from
the parental cell line clustered with DMSO treated samples, which suggests that MEK
activity is rather low in the parental cell line despite the ALK mutation. Interestingly
Selumetinib treated NF1-KO samples also clustered with the DMSO treated samples
of the parental cell line. This suggests that the main phenotype of NF1-KO on the
phosphoproteome is an activation of the MEK pathway. Ceritinib treated samples

on the other hand were present in the two other clusters. E1.2 Ceritinib samples
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Figure 5.7: Relative abundance of differentially represented phosphosites after treat-
ment with Ceritinib (yellow), Selumetinib (red), or a combination of both (orange)
relative to DMSO control (grey) for various durations in the SHSY5Y isogenic panel
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Figure 5.8: Overlap of differentially expressed phosphosites following treatment.
FDR < 0.25.
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clustered with DMSO treated NF1-KO while WT and E30.2 Ceritinib samples be-
haved more similarly to combination-treated cells. This suggests that ALK inhibition
was sufficient to strongly inhibit WT cells but not E1.2. A closer inspection of the
results from the differential expression analysis also reveals that E30.2 only partially
reacts to Ceritinib alone, with the addition of MEK inhibition inducing drastic changes
(Figure Appendix.28). KEGG enrichment on the phosphosites differentially regulated
shows that ALK inhibition particularly affects mTOR signalling targets while MEK
inhibition mainly affects MAPK (proteoglycans in cancer and microRNAs in cancer)
(Table 5.1). One has to keep in mind that phosphorylated proteins are already en-
riched for certain pathways, thus only proteins for which a phosphopeptide could be
measured was used as the background universe for the enrichment analysis. Enriched
terms thus highlight how specific pathways were more affected than the overall sig-

nalling of the cell.

Table 5.1: KEGG enriched terms for phosphosites differentially expressed with
FDR < 0.25 in any cell line upon treatment with Ceritinib (ALKi) or Selumetinib
(MEKi). Enrichment FDR < 0.1, background universe of all measured phosphopro-
teins.

Perturbation | Description Gene Ratio p.adjust
ALKi mTOR signalling pathway 7/36  0.000095
ALKi Longevity regulating pathway 4/36  0.00101
MEKi Proteoglycans in cancer 14/76 0.00106
MEKi MicroRNAs in cancer 11/76 0.0187
MEKi Bladder cancer 5/76 0.0339
MEKi MAPK signalling pathway 11/76 0.0652
MEKi EGFR inhibitor resistance 6/76 0.0652

I then computed the kinase activity using Kinase Substrate Enrichment Analysis
(KSEA, Casado et al. (2013)) and PhosphositePlus (Hornbeck et al., 2015) to get a
more refined overview of the pathways affected. Clustering on raw kinase activity
separated the cell lines at the first order (Figure 5.9b), so I started by comparing
DMSO treated samples (Figure 5.9a). From the DMSO treated samples, it appears
that the activity of PRKG, DNAPK and PKCA was increased in the NF1-KO cells.
Those proteins responded to DNA damage and suggest a higher oxidative stress in
NF1-KO cells (Figure 5.9a). There was also increased activity of the AKT pathway
(AKT1, p70S6K, p90RSK), which suggests a pro-survival selection and a decreased
activity of CDK1/2/4 pointing towards a slowing down of the cell cycle in NF1-KO.
Overall, the kinase activities suggest that an oxidative stress induced by the loss of
NF1-KO selected cells with slower proliferation and more active pro-survival signalling.

At a second order, the kinase substrate activity separated treatments (Figure 5.9b).
Consistent with the KEGG enrichment (Table 5.1), it appears that AKT1, p70S6K
and p90RSK were strongly downregulated after ALK inhibition in all cell lines, which
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Figure 5.9: Significantly active kinases in (a) DMSO treated or (b) all samples. Sta-
tistical significance was assessed with a t-test on the kinase activity score as described
in Casado et al. (2013) with p < 0.05.

is in line with known literature on ALK signalling to the PI3K/AKT pathway (Slu-
pianek et al., 2001; Schonherr et al., 2012; Claeys et al., 2019). The inhibition of
ALK lead to a more profound downregulation of PI3K/AKT signalling in the WT,
which could be due to the lower basal activity of the pathway. More surprisingly, the
activity of the PI3BK/AKT pathway also decreased slightly after MEK inhibition in
the NF1-KO, suggesting that some crosstalk takes place in those cells. As expected
ALK-substrate-annotated phosphosites were downregulated after ALK inhibition in
WT and E30.2, but unexpectedly not in E1.2 (Figure 5.9b). However, this dataset
contains few phospho-tyrosines, which are the main substrates of tyrosine kinase re-
ceptors such as ALK (Figure Appendix.30a). The only ALK substrates detected were
PTPN11.1Y.546 and PTPN11.1Y.584 suggesting that E1.2 might use other adaptors
such as SRCIN1 (Cabodi et al., 2010) or VASP to relay ALK activation. Similarly,
the activity of different RAF isoforms was not strongly affected by the treatment but
only four substrates were present in our data, giving a very partial picture. ERK1/2
substrates coverage was better and showed that ERK activity was decreased by MEK
inhibition with a stronger decrease in the NF1-KO, but no effect of ALK inhibition.
Finally, CDK2 activity was strongly downregulated by ALK inhibition in the WT cell

line only. Overall, the kinase activity showed a clear molecular effect of ALK inhibition
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on the PI3K/AKT pathway in all cell lines, and of MEK inhibition on ERK targets
in the NF1-KO cell lines. It also suggests that the sensitivity of the WT cell line to
ALK inhibition is mediated by the AKT pathway and CDK2, while the sensitivity of
the NF1-KO cell lines to MEK inhibition is mediated primarily via ERK1/2. T would
thus propose to measure the effect of AKT and CKD2 inhibitors on those cell lines as
the NF1-KO cell lines could still depend on these two kinases, in particular AKT.

Interestingly, the ALKi treated parental samples were the only exception to the
treatment separation, as they clustered with the samples treated with an effective
drug combination. This is consistent with the vulnerability of the parental cell line to
ALK inhibition. It seems that this vulnerability is caused by a general reduction of
phosphorylation of the pro-survival targets of ERK and AKT that does not happen in
the NF1 KO. We now know from the model that the effect of ALK inhibition on the
phosphoproteome is reduced in NF1 KO because the loss of NF1 protects the PI3K
and MAPK pathways from a reduction in receptor activity (section 5.2).

More puzzling is the fact that under MEKi treatment parental samples seemed
very similar to the E30.2 clone sample while this NF1 KO clone is the most sensitive
to MEK inhibition. MEK inhibition downregulates many phosphosites affected by
ALK inhibition in all cell lines with the notable exception of PI3K/AKT targets,
which is coherent with known topology and interactions between the MAPK and PI3K
pathways (Rahmouni et al., 2004; Aksamitiene et al., 2012; Sos et al., 2009). Such
behaviour is consistent with the fact that ALK is mutated in the parental cell line,
as oncogene activation during carcinogenesis tends to create dependencies because of
the selective advantage they provide (Reiter et al., 2013; Walker et al., 2018).

In conclusion, this phosphoproteomics dataset sheds light on the dependencies of
the SHSY5Y cell line to ALK and highlights how NF1 removal protects the NF1-KO

from some of these dependencies.

5.4 Discussion

In this chapter, I used MRA and phosphoproteomics data to investigate the effect of
the loss of NF1 on two neuroblastoma cell lines. MRA showed that the deletion of
NF1 induced a loss of MAPK feedback strength and an increase in EGF-mediated,
but not IGF1-mediated, signalling.

The weaker feedback regulation explains the higher vulnerability of NF1-KO cells
to MEK inhibition as it is no longer capable of rescuing the pre-inhibition signalling
state.

A deeper characterisation using mass spectrometry phosphoproteomics for one cell
line confirmed that those changes led to extensive modifications of the state of the
phosphoproteome. Although those phosphoproteomics data had an inferior signal to

noise ratio compared to previous phosproteomics studies on similar systems (Emdal
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et al., 2018; Van Den Eynden et al., 2018), I could identify key processes affected
by MEK and ALK inhibitions such as an increased effect of ALK inhibition on the
PI3K/mTOR pathway. The NF1-KO phosphoproteomes also reacted more strongly
to MEK inhibiton than the parental’s, while the parental cell line was more reactive to
ALK inhibition, in agreement with the relative sensitivity of the growth rate measured
for these inhibitors. These data also highlighted that a combination of ALK and MEK
inhibition had very similar effects in all cell lines, suggesting that such a combination
could prevent the emergence of ALK inhibitor resistance via NF1 inactivation.

The pressing question remains whether this combination would be effective against
other alterations of the MAPK pathway arising in relapsed neuroblastoma such as
SHP2, NRAS or KRAS mutations (Eleveld et al., 2015). Although sensitivity to
MEK inhibition has been shown in cell lines harboring those alterations, the addition
of an ALK inhibition seems relevant as evidenced by the lack of effect of a MEK
inhibitor alone in ALK-mutated neuroblastoma (Umapathy et al., 2017). The data
indeed suggest that the inhibition of the PI3K/AKT pathway by ALK inhibition could
be crucial to prevent the proliferation of neuroblastoma cells. This also advocates for
the investigation of the effect of combinations of MEK inhibitions with PI3K, AKT
or mTOR inhibitors, which could recapitulate the effect of ALK inhibition without

leaving the opportunity for the cells to develop resistance.
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Chapter 6
Conclusion

Signaling networks are mostly similar between cell types but subtle disparities can ac-
count for drastic phenotypic differences. For this reason, quantitative analysis is nec-
essary to understand these variations (Yosef et al., 2006). Despite massive advances in
high-throughput data generation, targeted perturbations of biological systems remain
our most powerful tool to understand their inner workings. While methods such as
pathway footprints or molecular signatures (Liberzon et al., 2011; Kanehisa and Goto,
2000; Ashburner et al., 2000; Rydenfelt et al., 2020) can inform us on the active pro-
cesses in a system of interest, they still fail at accurately predicting actionable pathway
dependencies because of the crosstalk between pathways and signalling layers. This
crosstalk can induce the activation of repressed pathways after inhibition or simply
reactivate the inhibited pathway, making the active pathway an imperfect target for
treatment.

In this context, Modular Response Analysis is a useful framework to gather a lot
of information from a restricted set of perturbation measurements. MRA models ne-
cessitate less data and hypotheses to parameterise compared to ordinary differential
equations (Schoeberl et al., 2002; Orton et al., 2005; Sundaramurthy and Gakkhar,
2010; Raue et al., 2015) or similar methods (Oates et al., 2012; Terfve et al., 2015)
while providing pertinent quantitative predictions and using more information than
Boolean models (Schlatter et al., 2009; Grieco et al., 2013; Gupta et al., 2020; Nieder-
dorfer et al., 2020). The original formulation of MRA (Kholodenko et al., 2002; Andrec
et al., 2005) imposed strict conditions on the experimental design, but more modern
iterations can deal with incomplete perturbation data via Bayesian or maximum like-
lihood formulations (Stelniec-Klotz et al., 2012; Klinger et al., 2013; Santra et al.,
2013). In this thesis (chapter 2) I developed an R package to reverse engineer sig-
nalling networks implementing a Maximum Likelihood Levenberg-Marquart variant
of MRA and used it to investigate mechanisms of resistance to targeted inhibition of
the MAPK and PI3K pathways with a particular focus on neuroblastoma.

In chapter 3 I explored how STASNet could help to generate pertinent and prop-
erly constrained MRA models. This evaluation highlighted the specific case of a single
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pathway alteration where MRA can help understand how this alteration influences the
flow of information in the signalling network. I also illustrated how biological knowl-
edge can be integrated to quantify the effect of mutations on the reponse to drugs and
ligands. Moreover, additionnal features beyond simple Modular Response Analysis
make STASNet a capable and relatively accessible tool to analyse signalling networks.
The use of prior information at the core of STASNet facilitates the interpretation
of the model because it uses biologically plausible networks. The implementation of
profile likelihood adds robustness to the interpretation of the parameters while the
ModelSet fitting adds another layer of stability when working with isogenic cell lines,
using data from multiple similar cell lines to provide a more robust estimation of pa-
rameters and highlight differences between cell lines. I also used the ModelSet feature
to study why NF1 loss of function mutations leads to relapses after ALK inhibitor
therapy in chapter 5. The loss of NF1 induced by CRISPR knockout decreased the
RAF feedback strength, making the cells hyper-responsive to ligand stimulation but
also more sensitive to MEK inhibition. This is in contrast to the commonly held
assumption that loss of NF1 simply activates RAS (Bollag et al., 1996; Nissan et al.,
2014) and suggests that upstream inhibition might represent interesting therapeu-
tic options. The identification of actionnable intervention points will require further
mechanistic studies.

In chapter 4 T measured drug response and perturbation responses for a panel of
neuroblastoma cell lines which were previously characterized thoroughly by members
of the TerminateNB consortium. ML MRA unveiled that some cell lines resistant
to MEK inhibition displayed strong multilayered feedback mechanisms. Subsequent
investigations uncovered a combination of MEK, RAF and IGF1R inhibition with the
potential to overcome MEK inhibitor resistance in all neuroblastoma tumors by adress-
ing this multi-layered feedback. This will support the design of clinical trials using
combinatorial treatments to prevent or overcome therapy resistance in neuroblastoma.
However perturbations are hardly practical for the clinic, where treatment options for
cancer patients using scalable diagnostic tools such as sequencing or immuno-staining
are required. While no direct diagnostic tool could be found, this work suggests that
staining for phospho-MEK after treatment with MEK inhibitors could help to antic-
ipate resistance as it arises in neuroblastoma patients and suggests combinations to
overcome them.

As outlined in this work, MRA works best on isogenic systems with few alterations.
Cell line panels are a great tool to address the diversity of genotypes and phenotypes
encountered in patients. Yet the coupling of genomic and perturbation data is limited
by the cost of generating perturbation panels with enough cell lines to cover this
diversity and tease out biological effects in a statistically satisfying manner. Although
I successfully identified differential feedback strength in a panel of neuroblastoma cell

lines as the probable cause for MEK inhibitor resistance, I could not identify the
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cause of differential sensitivity to other inhibitors despite their use in the perturbation
experiments. Indeed, the signal propagation in signalling pathways implies that minor
quantitative changes in the network can lead to many changes in response, not all of
which alter the phenotype. Moreover, cell lines show important variations and the
relative sensitivity between two cell lines can have multiple origins. In contrast, the
few controlled alterations in isogenic panels provide direct causal explanation where
MRA can identify the specific interactions in the signaling network affected by these
genetic perturbations.

The results in this thesis show that a quantitative understanding of differences
in signalling networks is key to understand some resistances and an essential tool to
derive effective treatments. STASNet has been and is currently used to study the
role of MAPK on stem cell differentiation depending on the number of X chromo-
somes (Sultana et al. manuscript and thesis in preparation), the role of PI3K/AKT
signalling in pancreatic neuroendocrine cell lines (Simon et al, manuscript and the-
sis in preparation), the changes in signalling networks mediating radioresistance in
head and neck cancer cell lines (Tim Rose, Master thesis), the effect of KRAS and
NRAS mutations in inducible colon cancer cell lines (Mert Dikmen, Master thesis),
the effect of RAS isoforms oncogenic mutations in the colon cancer cell line SW48
(Hood et al., 2019), the cell type specific differences in signalling of intestinal mouse
organoids (Brandt et al., 2019), B-cell-receptor signalling in B-cell Lymphoma cell
lines (Bertram Klinger, manuscript in preparation), and signalling in human patient-
derived colon cancer organoids (Bertram Klinger, manuscript in preparation). Over-
all, STASNet has proven a versatile toolbox for users less versed in programing and
in multiple contexts, and should prove a useful tool to analyse data coming from new
perturbation methods.

Recent years have brought tremendous progresses in single cell technology and
3D cell culture, both for cell lines and for organ-like multicellular structures called
organoids (Simian and Bissell, 2017; O’Connell and Winter, 2020). Both technologies
offer new ways of apprehending signalling networks, where 3D culture systems take
into account inter-cellular interactions and single cell technology disentangles the re-
sulting heterogeneity and cell type specificities. While perturbing signalling network
in tumour patients will remain extremely challenging as only one treatment after
another can be attempted in a changing tumor environment, ex vivo cultures such
as organoids are an option to provide personnalised signalling analysis, as so called
“avatar” (Brandt et al., 2019; Saez-Rodriguez and Bliithgen, 2020; Drichuis et al.,
2020). The features of robustness and vulnerability learned from signalling models
trained on cell line panels can be used to reduce the set of perturbations required
in these avatars to inform a model rapidly and at reduced cost so as to predict ef-

ficient treatment options. Additionally, new approches such as CROPseq (Datlinger
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et al., 2017) and Perturb-Seq (Dixit et al., 2016) represent important progress com-
pared to individual knock-outs and allow the perturbation of non-druggable targets
at high throughput and reasonable cost to study the interaction networks in greater
detail. While RNA sequencing gives a good overview of the state of the cell, impor-
tant cell fate decisions such as apoptosis or cell division are mediated directly via
post-translationnal modifications. Methods such as CyTOF (Bendall et al., 2011)
or targeted phosphoproteomics (Osinalde et al., 2017) promise to increase the num-
ber of signalling readouts at a decreased cost. Combined, these approaches offer rich
datasets and STASNet has already been used to study the specificities of the signalling
network in the different cells types present in colon cancer organoids (Brandt et al.,
2019), forecasting a potential use to study signalling networks closer to the patients.
STASNet and other similar tools that disentangle perturbation responses should see

increased use as richer and more complex data are generated.
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Chapter 7

Materials and methods

7.1 Cell culture

7.1.1 Colorectal cancer cell lines

The Widr and Widr-SHP2-KO cell lines were provided by Anirudh Prahallad (Nether-
lands Cancer Institute, Amsterdam) and cultured in RPMI Medium 1640 with phe-
nol red (Gibco, Life Technologies), 20 mM L-glutamine (Gibco, Life Technologies),
100 U/ml Penicillin and Streptomycin (Sigma), and 10% FCS (Pan Biotech).

7.1.2 Neuroblastoma cell lines

The neuroblastoma cell lines IMR32, KELLY, CHP212, LAN6, NGP, NBEBCI,
SKNAS, SKNSH and N206 were obtained courtesy of Jasmin Wiinschel (Deubzer lab,
Charité, Berlin) as member of the Terminate-NB consortium. The identity of the
cell lines was confirmed with STR profiling Table 7.1 generated by Eurofins Cell Line
Authentification Test and matched with the Cellosaurus STR similarity research tool
(Robin et al., 2019).

All neuroblastoma cells were grown in DMEM (Gibco, Life Technologies) with
3.5% glucose (Sigma), 5 mM L-glutamin (Gibco, Life Technologies) and 10% FCS
(Pan Biotech).
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Table 7.1: Top 3 matches from STR profiling of our neuroblastoma cell lines panel.

Accession Name Score
IMR32 Query NA
CVCL_0346 Best IMR-32 100.00%
CVCL_0346 Worst IMR-32 93.88%
CVCL_1306 IMR-5 100.00%
KELLY Query NA
CVCL_2092 Best Kelly 100.00%
CVCL_2092 Worst Kelly 95.24%
CVCL-2338 CCD-1086S5k 66.67%
CHP212 Query NA
CVCL_1125 Best CHP-212 100.00%
CVCL_1125 Worst CHP-212 95.24%
CVCL_Y008 CE146T/VGH 69.23%
LANG Query NA
CVCL_1363 LA-N-6 100.00%
CVCL_1817 Granta-452 81.48%
CVCL_VF96 149RCa 72.00%
NGP Query NA
CVCL_HGO0S8 N_N20R1 100.00%
CVCL_2141 NGP 96.55%
CVCL_1809 CAL-78 69.23%
NBEBC1 Query NA
CVCL_E218 NB-EbC1 98.04%
CVCL_2427 Detroit 510 71.43%
CVCL_2558 LB253 71.43%
SKNAS Query NA
CVCL_RR29 SK-N-ASr OXALI4000 92.86%
CVCL-AQ53 SK-N-RA 88.14%
CVCL_1700 SK-N-AS 88.00%
SKNSH Query NA
CVCL_0F47 SH-EP1 88.00%
CVCL.0019 SH-SY5Y 75.00%
CVCL_0531 SK-N-SH 75.00%
N206 Query NA
CVCL_0650 Hs 14.T 83.33%
CVCL_2092 Best Kelly 73.68%
CVCL_2092 Worst Kelly 69.09%
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7.2 Drug sensitivity

7.2.1 Growth rate measurements

I measured the growth rate using the Incucyte ZOOM (Essen BioScience). The cells
were seeded in 24 well plates and imaged every 2-4 hours for 3-5 days depending
on their growth rate. The phase confluence was computed for each image using the
Basic Analyzer function of the Incucyte ZOOM software (Essen BioScience). Phase
confluence data were then exported in csv format and imported in R for analysis using

the R package incucyter.

7.2.2 Drug sensitivity computation
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Figure 7.1: Dose-response curve for the viability of 9 neuroblastoma cells lines to the
inhibitors. Sensitive or Resistant status was determined using a k-means clustering of
the fitted log(IC50) with & = 2.

[ implemented the R package drugResistance to compute IC50 values from growth
data. First, the growth rate of each well is computed by fitting an exponential growth

to the data with a threshold at 90% confluence, then normalised to the growth rate of
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the control in the same plate. Second, the IC50 value for a given drug d is determined

by fitting a logistic function:

1
d
_ 1
GR(C) 1 4 exp(—log(C?) 4+ 1C504) x S4 (7.1)

where C? is the concentration of drug d, S? is the slope and GR(C?) is the growth
rate relative to the control at concentration C?. The fit was done using the nlsLM
function from the minpack.lm R package, which implements the Levenberg-Marquardt
algorithm, with objective function GR(C%)—GR(C) where C¢ is the ith measurement
for drug d. In total, I measured the drug response of 9 neuroblastoma cell lines to 8

different drugs Figure 7.1.

7.3 RNA and DNA Sequencing

DNA and RNA were extracted from the human neuroblastoma cell lines, using the
NucleoSpin Tissue kit (Macherey-Nagel) according to the manufacturer’s protocol by
Dr. Michal Nadler-Holly and Dr. Matthias Ziehm (Selbach lab, Mazx-Delbriick Center
for Molecular Medicine, Buch), who also prepared the libraries and sent them for
sequencing to the DKFZ. Primary bioinformatics processing (alignment and quality
control) was performed by Dr. Joern Toedling, Dr. Eric Blanc and M.Sc. Clemens
Messerschmidt (Biofinformatics Core Unit, Berlin Institute of Health, Berlin).

From the DNA, libraries for whole-exome sequencing were prepared using the
SureSelect Human All Exon V7 kit (Agilent) and the Illumina TruSeq Exome kit.
The libraries were sequenced on Illumina HiSeq 4000 and Illumina NovaSeq 6000
sequencers. The read sequences and base quality scores were demultiplexed and stored
in Fastq format using the Illumina bcl2fastq software v2.20. Adapter remnants and
low-quality read ends were trimmed off using custom scripts. The quality of the
sequence reads was assessed using the FastQC software. Reads were aligned to the
human genome, assembly GRCh38, using the bwa mem software version 0..10 (Li,
2013), and duplicate read alignments were removed using samblaster version 0.1.24
(Faust and Hall, 2014). Copy-number alterations were determined using cnvkit version
0.1.24 (Talevich et al., 2016). Single-nucleotide variants (SNVs) were identified using
strelka version 2.9.10 (Kim et al., 2018). Afterwards, potential germline variants were
filtered out by excluding all SNVs that had also been observed in at least 1% of
samples in cohorts of healthy individuals, namely the 1000 Genomes Project (Auton
et al., 2015) and the NHLBI GO Exome Sequencing Project (Fu et al., 2013) cohorts.

The RNA from the cell lines was extracted and sequenced in three separate batches.
The IMR32, KELLY, SKNAS, LAN6, NBEBCI1 cell lines were prepared in triplicate,
using a paired-end stranded protocol with 2x75 cycles per fragment and 2 more cell

lines (NGP, SKNSH) were prepared in duplicate, using a paired-end stranded protocol
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with 2x150 cycles. Two more libraries (CHP212 and N206) were prepared using a
paired-end stranded protocol with 2x75 cycles per fragment.

Raw sequencing data were rigorously checked for quality using FastQC. The reads
were aligned to the human genome GRCh38 (without patches or haplotypes) and the
GENCODE transcript annotation set using the STAR aligner software (Dobin et al.,
2013). The read counts per gene were obtained using the featurecounts (Liao et al.,
2014) method from the subread software package.

The raw data (RNAseq and WES) are available on ENA under the accession
number PRJEB40670.

7.4 Perturbation treatments

For perturbation experiments, cells were grown for 3 days to 80% confluency in medium
with 10% FCS, then starved overnight (16 to 24 hours) in medium without FCS.
Inhibitors were added to the medium 60 minutes (or 3h30 for the phosphoproteomics)
before the ligands and the cells were washed with cold PBS and lysed using BioRad
lysis buffer 30 minutes after the addition of ligands (Figure 7.2).

Stimulation
Inhibition

\
72h growth 90’ 60" 30" lysis

Figure 7.2: Perturbation treatment timeline.

7.5 Bead-based phosphoprotein measurements

I followed the protocol and buffers provided by ProtAtOnce or Bio-Plex for phospho-
protein detection depending on the kit being used. Protein concentration was deter-
mined using a BCA Protein Assay (ThermoFischer). Cell lysates were first incubated
with magnetic beads coupled to total protein antibodies for at least 90 minutes and
washed 2 times. The beads were incubated with the phosphoprotein-specific activin-
coupled antibodies for 30 minutes to 1 hour and washed 3 times. Finally the beads
were incubated for 15 minutes in streptavidin-phycoerythrin (SAPE), washed twice
and resuspended in 120 uLi of buffer before being measured using a Bio-Plex MagPix
Multiplex Reader.

The MagPIX eXponent software produces Ixb files, which follows the Flow Cy-
tometry Standard 3.0 (FCS3) format (Seamer et al., 1997). I imported those data in
R using the lzb package (Winckler, 2016). I first filtered out beads flagged as invalid

by eXponent’s preprocessing then removed all beads that have values too close to 0
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by removing beads with values < 0.1 x 5th-percentile(bead values). Those close to 0
beads are likely beads from former runs stuck in the chamber of the MagPIX whose
attached phycoerythrine has been bleached and therefore not a true signal. Finally,
I estimated the signal using a boostrap procedure. Assuming a normal distribution
of the values, the median is bootstrapped one million time as a more robust estimate
for the mean and a confidence interval is estimated taking the 2.5% and 97.5% most

extreme bootstrapped values to estimate noise.

7.6 Western Blot

M.Sc. Anja Sieber performed most of the Western Blots from lysates that I provided.
Cell lysates were denatured in 4% SDS and 10% Mercaptoethanol, run for 3h at a
constant 45 mA in 10% acrylamid gels and blotted for 45 minutes at 400 mA on ni-
trocellulose. The membranes were stained for total protein using Pierce Reversible
Protein Stain (Thermofischer 24580) and blocked for 30 minutes in 1:1 PBS:Odyssey
blocking buffer. The primary antibodies were incubated overnight at 4C and the cor-
responding secondary antibodies during the following day for 2h at room temperature
in 1:1 PBST/Odyssey. Total MYCN primary antibody (Santa Cruz sc-53993) was
used at a 1:200 dilution.

7.7 Bulk proteomics and phosphoproteomics mea-

surements

All (phospho-)proteomics were measured and preprocessed by Matthias Zhiem and
Tommaso Mari (Selbach lab, Max-Delbrick Center for Molecular Medicine, Buch).
They used an adapted version of the TMT workflow (Mertins et al., 2018). Samples
were reduced, alkylated and digested with a combination of LysC (Wako) and Trypsin
(Promega) using the the single-pot, solid-phase-enhanced sample preparation (Hughes
et al., 2019). For each sample, an equal amount of peptide was then chemically labelled
with TMTpro reagents (Li et al., 2020). Samples were randomly assigned to one of the
first 15 TMT channels, while the 16th channel was composed of a superset of all the
samples to allow multi-plex normalisation. Equal amounts of the labelling reactions
were combined in two TMT16 plexes, desalted via SepPak columns (Waters) and
fractionated via high-pH fractionation (Batth et al., 2014) on a 96 minutes gradient
from 3 to 55% acetonitrile in 5 mM ammonium formate, each fraction collected for
1 minute then combined into 24 fractions. From each fraction, an aliquot was used
to measure the total proteome while the remaining peptides were combined into 12
fractions and used as input for an immobilised metal affinity chromatography using
an Agilent Bravo system. For the total proteome analysis, peptides were on-line

fractionated on a multi-step gradient from 0 to 55% acetonitrile in 0.1% formic acid
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prior injection in a QExactive HF-x mass spectrometer. Samples were acquired using
a data dependent acquisition strategy with MS1 scans from 350 to 1500 m/z at a
resolution of 60 000 (measured at 200 m/z), maximum injection time (IT) of 10 ms
and an automatic gain control (AGC) target value of 3 x 105 The top 20 most
intense precursor ions with charges from +2 to +6 were selected for fragmentation
with an isolation window of 0.7 m/z. Fragmentation was done in an HCD cell with a
normalised collision energy of 30% and analysed in the detector with a resolution of 45
000 (200 m/z), AGC target value of 10°, maximum IT of 86 ms. The phosphoproteome
analysis used same parameters with the exception of MS2 maximum IT that was set
to 240 ms.

The acquired raw files were analysed using MaxQuant v1.6.10.43 (Tyanova et al.,
2016), with TMTpro tags manually added as fixed modifications and used for quanti-
tation. The correction factors for purity of isotopic labels was set according to vendor
specification and minimum reporter precursor intensity fraction was set to 0.5. The re-
sulting protein groups were filtered for potential protein contaminants, protein groups
only identified via peptides decorated with modification or hits in the pseudo-reverse
database used for FDR control. The resulting intensities of each sample channel were
normalised to the intensity of the 16th reference channel, then median-centered and
normalised according to the median-absolute deviation. Identified phosphopeptides
were similarly filtered, with the exception of filtering based on modified sites, and

normalised using the same strategy.

7.7.1 Differential expression analysis

Finally, I analysed the (phospho-)proteomics data in R. Differentially expressed phos-
phopeptides were called using the limma package (Ritchie et al., 2015) with a false
discovery rate of 0.05 on treatment minus control contrasts. Synergies were com-
puted using a contrast fit of the combination minus the sum of single treatments.
Kinase substrate activity was implemented in R using the ratio of the mean z-score
as described in Casado et al. (2013) and computed for kinase-substrate sets from
PhosphoSitePlus (Hornbeck et al., 2015). The normalised intensities and scripts used
for the analysis can be found at https://itbgit.biologie.hu-berlin.de/dorel/

phosphoproteomics_tnb_perturbations.

7.7.2 (Gene set enrichment analysis

Gene set enrichment analysis was performed using the proteins corresponding to the
enriched phosphopeptides. GO Biological Process and KEGG enrichments were com-
puted using the package clusterProfiler (Yu et al., 2012). The background universe was
build from the data, taking all proteins corresponding to phosphopeptides measured

in at least one sample.
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Chapter 8

Appendix

89



A Statistical testing and identifiability in STAS-
Net

A.1 Building identifiable parameter combinations

Due to limitations inherent to the experimental system, not all nodes in a network
can be measured. Non measurable nodes can also arise because of the aforementioned
network adaptations imposed by the exact mode of action of inhibitors. If all links
were fitted, this would give rise to structural non-idenfiability, where changes in links
upstream of a non-measured node can be perfectly compensated by variation of links
downstream of this node and vice versa, this corresponds to a multiplicative non-
identifiability (Ljung and Glad, 1994). Those structural non-identifiabilities can be
detected in the symbolic global response matrix by the fact that local response param-
eters from r always appear in combination with others in the measured entries of R.
It is possible to fit combination of links, hereafter named paths because they consist
in following multiple links through the network, instead of single links. While this is
trivial for linear, converging and diverging paths, where unmeasured nodes have one
input or one output, this task is more complicated for hubs, nodes with multiple inputs
and outputs (see Figure Appendix.1 that will be used as an example), or if networks
involve feedbacks. STASNet implements a path reduction approach that permits very
detailed networks independent of experimental conditions and guarantees that only
structurally identifiable paths will be fitted.

C D E
A -1 0 0 0 0
e e B 0 -1 0 0 0
ri=C rCcA reB —1 0 0
@ D | rcarpc  reprpp Ttpe —1 0
Q e E \ rcargc  reprec toe 0 -1
(a) Network structure (b) Inverted local response matrix

Figure Appendix.1: Example network containing a node with multiple inputs and
outputs. Blue frame indicate stimulated nodes and orange background indicates mea-
sured nodes. A single stimulation of node A and a combined stimulation of nodes A
and B is performed. This experimental setup gives 3 degrees of freedom for a network
containing 4 links.

1

A path R; corresponds to a product of links in the »~' matrix and can thus be

expressed as
P = H(rjk)“f“ (Appendix.1)

j?k
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with a;i; being the exponent of r;;, for path P, | i.e. the number of times a response

coefficient occurs in a path (typically 0 or 1). Taking the logarithm of that equation,

log P, = Z ajrr log Tk (Appendix.2)
gk

the path equations represent a set of linear equations that can be represented in matrix

form,
[A, —1I] x (logr11,712, . ..,logrnn,log Pr, ..., logPy)" =0 (Appendix.3)

where M is the number of paths, A contains the links multiplicity a;i; and I is the
identity matrix. If A is constructed with the combinations of links that are present
in matrix R, rank(A) corresponds to the number of identifiable coefficients given the

perturbations used and nodes measured.

SA SA+SB
R = L ITCATDCI ITCATDC|+|7“CDTDB| _ ( P Py +| P )
E \[rcarec| [rcarec|+|[resrec] AR

Figure Appendix.2: Path derivation for the example network. Blue frames indicate
stimulation, orange backgrounds indicate measured nodes and red frames indicate
paths.

Applying Gaussian elimination on the rows to [A, —I] yields a matrix of the form

A Gy

Appendix.4
e (App )

GG, provides the rules to replace the superfluous paths as combination of the iden-
tifiable paths. Indeed they are superfluous because (g5 is also in row echelon form, the
leading 1s of each row thus correspond to columns otherwise filled with 0s. The follow-
ing non-zero entries of the line thus indicate by which combination of non-superfluous
paths they can be replaced. Once this replacement is performed the remaining paths,
which have no leading entry in G5, are multiplicatively independent.

In our example P3, Ps and Py are thus the only paths that are required to calculate
the combinations of response coefficients (i.e. that have non-zero entries in the upper-
right submatrix G1). The lower right submatrix, G5 can now be used to replace the
paths that are linearly depending on the other paths. For this example, it follows from

PP,
the 4" row of G that log P, = —log Ps + log Ps + log Py , i.e P, = ; S, Similarly

3
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rca TcB Tpc TEC PP P3 Py P5 P6

P/ 1 0 1 0 0O 0 -1 0 1 1
Pl 0 1 1 0 o 0 0 0 1 1
G- Pl 0 0 1 -1 /0 0 O 0 0 1
Pl 0 0 0 0 1 0 1 0 -1 -1
Pl 0 0 0 0 o 1 1 0 -1 -1
Fs\ 0 0 0 0 o 0 o0 1 -1 0

Figure Appendix.3: Matrix resulting from of the gaussian elimination of [A, —I] for
the network depicted in Figure Appendix.1

PsFs

3

the remaining paths can be replaced as P, = and P; = P5. We are left with the

following identifiable parametrisation:

Sa Sis+ Sgp
PsPs  PsFg
D P.
R: P3 Pg + 3

E P Ps+ Fs

Note that the initial order of the rows and columns in A is arbitrary. Different
orders may lead to different (equivalent) parameterisations of the MRA model. STAS-
Net implements a heuristic to reorder the rows such that the final paths contain mainly
products of response coefficients with exponent 1, making it easier to interprete and
visualise the paths.

In some cases, no identifiable parametrisation with only positive exponents for
the links can be found. STASNet thus also provides a function getDirectPaths to
convert the set of identifiable paths into a set of paths potentially redundant but only
containing positive exponents for the local response coefficients. Those direct paths
can then be compared between models with aggregateDirectPaths and visualised with

plotParameters.

A.2 Testing for model reduction

During model reduction, I test whether the reduced model explains the data as well

as the complete model using an y2-test:

X2 _ abS(RSScomplete - RSSTeduced)

Appendix.5
Tankcomplete - rankreduced ( PP )

This compares the gain provided by the link to the estimated noise (which is inte-
grated into RSS). This follows a x2-distribution with df = rankcompiete =17 N Kreduced- 1f
the computed y2-statistic is inferior to the threshold determined from a y?-distribution
with the complement to 1 of the type I error (~ x*(1 — «)), it means the link does

not provide any extra information and it thus not necessary to explain the data.
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A.3 Error model

Each measurement vy, ; of readout r under perturbation ¢ follows a normal distribution
N(@,.4,0r:). We consider that the readout is the main factor of deviation due to protein
abundance and specificity of the detection system. All measurements for one readout
have the same coefficient of variation CV,, thus o,; ~ CV, X y,;.

To compute the residual sum of square, we need the error of the term y,; — yfvi,
with yf’i = p,i X 30 being the model prediction, p,; the combination of parameters
fitted by the model and ° the value of the readout in the control. 3 follows a normal
distribution N(2, CV,5?). Thus the error ,; of the residual term is:

&ii = (CVngT?i)2 + (priCV,70)? — 2 x cor(y,.4, yﬁi) (Appendix.6)

cor(y,4,y-;) ~ 0 because y,; and y° are independent measurements. Moreover if the
fit is correct, then g, ; ~ pm-yg. So 0,; ~ o0,; and \/§am~ can be used as a relatively

good estimator of the error of the terms of the residual sum of square.

Different error models considered

The first error model that was used was o,; = blank, + CV, X measured_signal, ; but
this error formulation did not account properly for the signification of background
noise which the blank represents. It was changed to o,; = CV, x measured_signal,,
with the blank introduced as the minimum signal that the model would produce during
the fitting procedure (fit,; = max(blank,, prediction, ;)). However this second imple-
mentation presents the problem of giving too much importance to low signals (arising
mainly from inhibitions) compared to high signals (arising mainly from stimulations).

Indeed in the simple case of one readout with 2 measurements using the same
parameter p (either fit duplicates directly or a simple perturbation vs the same per-

turbation plus an unrelated other perturbation) the residual is of the form:
2= Vi —py°)?/ e+ (Vo — py°)?/es (Appendix.7)

where V; and V5 are values measured after perturbation with respective errors e; and

eo and y° is the value measured for the control.

d¢ =y =20 —py") | =y’ =20 = py)

A dix.8
i 2 2 (Appendix.8)

_ Vies + Vel

dx? _
P e+ e2)

dp_

thus the residual (and best fit for the parameter) depends differently on the 2 measure-

0= (Appendix.9)

ments with the square of the error of the other measurement, giving an overinflated
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importance to the lower measurement in the CV model (even corrected) despite hav-
ing no reason to believe it more than the other. This is linked to the problem of
regression.

This proved a problem to correctly fit PDGF stimulation in SK-N-SH as the error
of the PDGF+RAFi (which negates the effect of PDGF because of the off-target
activity of Sorafenib as a PDGFR inhibitor) was so low that this condition dominated
the fit. The same problem was visible for ALKi whose effect was not fitted anywhere
else than for IGF14+ALKi where the signal was lower (because TAEG84 also targets
IGF1R at the concentration used) (Figure 4.6).

Because of the way the C library levmar works, it is not possible to provide an
error that depends on the prediction. The computationaly intensive alternative to give
a value of 0 for the error and directly compute the residual with an error depending
on the prediction was not retained.

The error model was thus corrected to include a minimum value for the error term
equal to the mean error of the readout, so as to mitigate the effect of low value and

increase the error for readouts with a higher dynamic range.
e,i; = min(o,, 0,;) with o, = mean;(o, ;) (Appendix.10)

Finally if we suppose that the control data is normally distributed and that the
generating process for the data is exponential (i.e the signal is in the fold change), then
we expect the perturbed data to be distributed according to a log-normal distribution.
An alternative error model is implemented in STASNet (option data_space=’log’)
with a different calculation for the coefficient of variation: CV = (exp(sd(logz)) —

1) exp(2 x mean(log x) + sd(log z)).
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B Detailed link extension for the TerminateNB

neuroblastoma panel

Starting from a linear topology plus the well documented ERK—RAF feedback, the
models are refined for each cell line using the results from suggestExtension.
To remove non identifiability linked to not measuring all inhibited nodes, we fix

the inhibitors to concensus values and refit with this constraint.

B.1 SKNSH fitting summary

Initial linear model SKNSH

SKNSH linear model residual=650 df=33

from  to value residual df Res.delta df delta pval adj_pval
IGF1 ALK -102.51 461.21 34 188.43 1 0 0
p38 TRKA 1 563.99 34 85.65 1 0 0
p38 ALK 3.99e-5 565.93 34 83.71 1 0 0
IL1b TRKA  7.7e-6 568.51 34 81.13 1 0 0
TAK1 TRKA  3.6e-6 568.51 34 81.13 1 0 0
JNK  TRKA  3.6e-6 568.51 34 81.13 1 0 0
¢JUN TRKA 1 568.51 34 81.13 1 0 0
¢JUN ALK 2.85e-5 570.35 34 79.29 1 0 0
IL1b ALK 5.64e-5 570.35 34 79.29 1 0 0
TAK1 ALK 2.51e-5 570.35 34 79.29 1 0 0

The first fit is very bad, 3 features need explaining: the low phosphorylation of
AKT and S6K upon IGF14+ALKi, the low phosphorylation of AKT and S6K upon
PDGF+RAFi and the high phosphorylation of AKT and S6K upon IL1b stimulation.
Both low phosphorylation are likely due to offtarget activity of TAE684 on IGFRs
(suggested by the IGF1—ALK extension) and Sorafenib and PDGFRs respectively so

we change the experimental annotation to take it into account.
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(data — simulation) / error
Initial model SKNSH

— IGF1+ALKi

— PDGF+RAFi

~ IL1b

— IL1b+ALKi

~ IL1b+ASK1i

~ IL1b+MEKI

— IL1b+PI3Ki

— IL1b+mTORC1i

— IL1b+RAFi

Initial model SKNSH
Dual inhibitor effect SKINSH
SKNSH dual inhibition model residual=343 df=35

from  to value residual df Res_delta df.delta pval adj_pval
p38 ALK 8.47e-5 27281 36 70.42 1 0 0
p38 TRKA 1 273.14 36 70.09 1 0 0
IL1Ib ALK 1.7e-4  275.31 36 67.92 1 0 0
TAK1 ALK 4.74e-5  275.31 36 67.92 1 0 0
¢JUN ALK 7.43e-5 27531 36 67.92 1 0 0
JNK ALK 5.12e-5  275.31 36 67.92 1 0 0
TAK1 TRKA 0 275.56 36 67.67 1 0 0
JNK  TRKA 0 275.56 36 67.67 1 0 0
IL1b TRKA 0 275.56 36 67.67 1 0 0
¢JUN TRKA 1 275.56 36 67.67 1 0 0
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(data — simulation) / error

ID.type
X ¥ 5 = v
LL % Y 2 Y ©
= o W o < v
| | | | | |
2.0
0.051  -0.075 0.08 0.12 - IL1b
15
1.0 . 3.5e-06 ~ IL1b+ASK1i
0.5 .
0.3 0.66 0.32 -0.6 — IL1b+MEK:i
0.0
-0.017 -0.21 ~ IL1b+PI3Ki
-0.5
~1.0 7 ~ IL1b+mTORCLi
~ IL1b+PDGFi+RAFi

ID.type
Including the offtarget effects of the inhibitors solved the low phosphorylation
problem. To explain the activation of the PI3K pathway by IL1b would require a
link from IL1b to this pathway, and IL1b—PI3K was deemed most relevant. The
links proposed by the extension would have a similar effect by linking downstream
targets of IL1b to activating receptors of the PI3K and MAPK pathways. However
the activation of the MAPKI1 pathway by IL1b is not supported by the data.

IL1b—PI3SK SKNSH

SKNSH IL1b—PI3K model residual=313 df=36
from  to value residual df Res_delta df_delta pval adj_pval
ERK JNK 0.35  295.80 37 17.55 1 2.79%-5 6.19-3
MEK JNK 0.32  295.80 37 17.55 1 2.79%-5 6.19-3
ERK c¢JUN 0.35  295.80 37 17.55 1 2.79%-5 6.19e-3
MEK c¢JUN 0.32  295.80 37 17.55 1 2.79%-5 6.19-3
ASK1 S6K 2322.85  296.03 37 17.32 1 3.14e-5  6.97e-3
ASK1 mTORC1 2529.21 297.83 37 15.52 1 8.14e-5 0.01
p38 ALK 1.19e-4  302.19 37 11.16 1 83e4 0.18
p38 TRKA 1.0e-5 30242 37 10.93 1 9.4e4 0.20
ALK ERK 96.37  303.06 37 10.29 1 1.3e3 0.29
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SKNSH IL1b—PI3K model residual=313 df=36

from  to value residual df Res_delta df_delta pval adj_pval

p38 MEK 0.30  303.27 37 10.08 1 1.4e-3 0.33

This extension solved all the remaining major problems.
A significant MEK/ERK—JNK/S6K extension is suggested to solve ¢cJUN downreg-

ulation upon Sorafenib treatment.
(data — simulation) / error

IL1b—>PI3K SKNSH

X ¢ Z —
U % x =2 &
= o w o < um
| | | | | |
2.0
-1 - PDGF+PDGFi+RAFi
15
- PDGFi+RAFi
0.5 - , .
- EGF+PDGFi+RAFi
0.0 -
— IL1b+PDGFi+RAFi
-0.5 -
~1.0 - NGF+PDGFi+RAFi
~ IGF1+PDGFi+RAFi
IL1b—>PI3K SKNSH
ERK—cJUN SKNSH
SKNSH ERK—c¢JUN model residual=267 df=37
from  to value residual df Res_delta df_delta pval adj_pval
RAF ALK 6.80  250.05 38 17.33 1 3.13e-5  6.92e-3
p38 TRKA 1 250.84 38 16.55 1 4.74e-5 0.01
p38 ALK 1.03e-4  251.33 38 16.05 1 6.14e-5 0.01
ASK1 TRKA 1.8e-6  251.37 38 16.01 1 6.28e-5 0.01
ALK ERK 0.36 252,90 38 14.49 1 1.4e4 0.03
ASK1 ALK -2.19e-4  252.96 38 14.43 1 1.45e-4 0.03
¢JUN ALK 6.7e-5 252.98 38 14.41 1 1.46e-4 0.03
¢JUN TRKA 1 253.01 38 14.37 1 1.49e-4 0.03
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SKNSH ERK—cJUN model residual=267 df=37

from  to value residual df Res_delta df_delta pval adj_pval
P38 MEK 0.37 254.22 38 13.16 1 2.85e-4 0.06
p38 RAF 4.7e-6  254.22 38 13.16 1 2.85e-4 0.06

Those effects are seen in all cell lines, so this topology and the dual inhibition
actions of TAE684 and Sorafenib are used in all cell lines However here, Sorafenib
inhibits p38 and c¢JUN activation by IL1b which suggests that Sorafenib also inhibits

the IL1b receptor.
Log—fold change Experimental data

ERK->CJUN SKNSH
Z

X \¢ —
o D N
= o W o < v
| | | | | |

4
3 0.021 2.08 0.033 - 0.73 1.16 r IL1b
2 -0.2 0.88 -0.19 1.63 0.11 -1 — IL1b+PDGFi+RAFi
1 -0.044 023 -0.31 0.07 _ - PDGF
0
4 —iL4l -0.51 -1.4 -0.7 -0.51 = - PDGF+PDGFi+RAFi
-2 -0.38 0.55 -0.51  -0.044 - IGF1
j -14 0.46 —1.1 -0.65 ~ IGF1+PDGFi+RAFi

ERK->cJUN SKNSH

Sorafenib IL1b offtarget SKINSH

SKNSH IL1b offtarget effect model residual=241 df=38

from  to value residual df Res_delta df_delta pval adj_pval
ASK1 S6K 2952.27 221.82 39 18.79 1 1.46e-5  3.22e-3
ASK1 mTORC1 1867.79  223.66 39 16.95 1 3.83e-5  8.45e-3
ALK ERK 0.55 226.40 39 14.21 1 1.63e-4 0.03
JNK S6K 0.04 228.40 39 12.20 1 4.75e-4 0.10
TAK1 S6K 0.04 228.40 39 12.20 1 4.75e-4 0.10
cJUN S6K 0.20 22840 39 12.20 1 4.75e-4 0.10
IL1b S6K 0.44 228.54 39 12.07 1 5.le4 0.11
p38 S6K 0.28  228.85 39 11.76 1 6.02e-4 0.13
p38 TRKA 1 229.23 39 11.37 1 7.42e-4 0.16
IGF1 AKT 1.19 229.47 39 11.14 1 8.42e-4 0.18
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SKNSH final network, residual= 241

’\ ) O
@

3

@

Final model reduction

Only receptor links would be removed so we keep them for inter-models comparison.

Removed Link New residual Delta residual pval

ALK— TAK1 240.61 0 2.2e4
TRKA— RAF 240.62 0 0.05
NGF— TAK1 240.74 0.13 0.28
NGF— TRKA 240.94 0.19 0.34
TRKA— PI3K 240.94 0 0
ALK— RAF 241.50 0.56 0.55
PDGF— TAK1 242.05 0.55 0.54
IGF1— RAF 243.90 1.85 0.83

Completely reduced model: ”Best fit: 243.9 , Score= 0.89”
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Final SKNSH model with fixed parameters

Fixing the inhibitor parameters is necessary to compare the models between cell lines
because they create some non identifiability when non measured nodes are inhibited.
The likelihood profiles for the final topology show many non identifiable parameters
which become identifiable after fixing the inhibitor parameters. The value for the
inhibitor parameters have been chosen after a good model for all cell lines was found
and set to the majority value. The final SKNSH model with fixed parameters has a
residual of 317.

AKT->mTORC1 ALK->PI3K ALK->RAF ALK->TAK1->p38

Ll 1 Ll Ll Ll Ll 1 Ll Ll Ll Ll 1 Ll Ll Ll Ll 1 Ll Ll Ll
-1.0-0.5 0.0 05 1.0-1.0-05 0.0 05 1.0-1.0-0.50.0 0.5 1.0-1.0-0.5 0.0 05 1.0

ASK1->p38 EGF->PI3K EGF—>RAF EGF->TAK1->p38

' ' ' ' ' ' ' ' ' ' ' ' ' ‘-: ' ' ' ' ' ' AnnOt
-1.0-0.5 0.0 05 1.0-1.0-05 0.0 0.5 1.0-1.0-0.5 0.0 0.5 1.0-1.0-0.5 0.0 0.5 1.0
—— Final topology
ERK->CJUN ERK->RAF ERK->S6K IGF1->PI3K

............. yam cmmamme EEE = o1

---+ Fixed inhibitors

Scaled Residual

-1.0-05 00 0.5 1.0-1.0-05 0.0 0.5 1.0-1.0-0.5 0.0 0.5 1.0-1.0-0.5 0.0 05 1.0

IGF1->RAF IGF1->TAK1->p38 IL1b—>ASK1 IL1b—>PI3K

-~ 0l
S s [
s, ’ 2
. o a3
b J N

1 1 - 1 1 1 1 1 1 1 1 1 1 --I 1 1 1 1 1 1 1
-1.0-0.5 0.0 0.5 1.0-1.0-0.5 0.0 0.5 1.0-1.0-0.5 0.0 0.5 1.0-1.0-0.5 0.0 0.5 1.0
Scaled explored values
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IL1b—>TAK1->p38

-1.0-05 00 05 1.0-1.0-05 0.0 05 1.0-1.0-0.5 00 0.5 1.0-1.0-0.5 0.0 0.5 1.0

NGF->TRKA->PI3K

Scaled Residual

-1.0-0500 05 1.0-1.0-050.0 05 1.0-1.0-05 0.0 05 1.0-1.0-05 0.0 05 1.0

PDGF->TAK1->p38

-1.0-05 00 05 1.0-1.0-05 0.0 05 1.0-1.0-05 00 0.5 1.0-1.0-0.5 0.0 0.5 1.0

MEK->ERK

NGF->TRKA->RAF

PISK->AKT

mMTORC1->S6K

PDGF—>PI3K

RAF->MEK

Scaled explored values

B.2 CHP212 fitting summary

CHP212 was fitted with a PDGF basal activity.

Initial topology CHP212

NGF->TAK1->p38

..............

PDGF—>RAF

1->INK->CcJUN/TAK1->

Annot

Final topology

-+ Fixed inhibitors

Initial CHP212 model residual=278 df=34
from to value residual df Res.delta dfd pval adj_pval
p38 mTORC1 -53.37 253 35 25 1 6e-07 1.4e-4
p38 S6K -3.34 254 35 24 1 1le-06 2.2e-4
ASK1 S6K 8.80 259 35 19.2 1 1.1e-05 2.7e-3
ASK1 mTORC1 3.68 259 35 19.2 1 1.1e-05 2.7e-3
mTORC1 TAK1 1 259 35 18.9 1 1.3e-05 3.2e-3
S6K TAK1 -0.06 260 35 18.3 1 1.9e-05 4.5e-3
S6K RAF 3.55 262 35 16.2 1 5.7e-05 0.01
mTORC1 RAF 0.13 262 35 16.2 1 5.7e-05 0.01
S6K cJUN 0.13 262 35 15.9 1 6.6e-05 0.01
mTORC1 JNK 7.6e-3 262 35 15.9 1 6.6e-05 0.01

Best extensions are ASK1/p38 — mTORC1/S6K. p38—S6K was choosen because

it was found in other cell lines.
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p38—S6K effect CHP212

CHP212 p38— S6K model residual=254 df=35
from to value residual df Res_delta df delta pval adj_pval
p38 ALK 0.10 200.9 36 53.14 1 0 0
ASK1 ALK -5.32 201.0 36 53.04 1 0 0
p38 TRKA 1 204.8 36 49.24 1 0 0
p38 AKT 4.20 212.7 36 41.39 1 0 0
ASK1 PI3SK -101 212.9 36 41.14 1 0 0
ASK1 AKT -5.89 212.9 36 41.14 1 0 0
p38 PI3K 5.59 2129 36 41.14 1 0 0
ASK1 TRKA 138 214.0 36 40.10 1 0 0
mTORC1 TAKI1 1 235.2 36 18.84 1 1.42e-05 3.37e-3
mTORC1 RAF 4.66 236.7 36 17.40 1 3.03e-05  7.22¢-3

ASK1i still had unexplained effects on AKT and MEK that are adressed by the
proposed extensions. The links to the receptor are unlikely, making p38/ASK1—AKT

the best option.
(data — simulation) / error

default
Z
S — X
= X ©
(8] < p
| | |
0.27 0.011  ASK1i
0.41 -0.71 |- PDGF+ASK1i
0.68 -0.19 | EGF+ASK1i
-0.15 0.83 - IGF1+ASK1i
-0.15 0.83 |- IGF1+ASK1i
default
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CHP212 ASK1— AKT model residual=214  df=36

from to value residual df Res_delta df_delta pval adj_pval

ASK1—-AKT effect CHP212

CHP212 ASK1— AKT model residual=214  df=36
from to value residual df Res_delta df delta pval adj_pval
mTORC1 TRKA le+0 188 37 25.3 1 5e-07  1.18e-4
mTORC1 RAF 5.3e+0 189 37 24.6 1 7e-07  1.69e-4
mTORC1 MEK 1.7e-1 191 37 22.8 1 1.8e-06 4.27e-4
mTORC1 TAK1 le+0 192 37 22.1 1 2.6e-06 6.19e-4
S6K TAK1 -4.6e-2 192 37 21.8 1 3.1e-06 7.32e-4
AKT ALK 1.5e+0 192 37 21.7 1 3.2e-06  7.55e-4
S6K TRKA  7.5e+0 196 37 17.7 1 2.5e-05  5.99e-3
S6K JNK 1.4e-1 196 37 17.5 1 28e-05 6.68e-3
S6K cJUN 1.4e-1 196 37 17.5 1 28e-05 6.68e-3
mTORC1 JNK 9.1e-2 197 37 17.0 1 3.8¢-05 9.04e-3
mTORC1 c¢JUN 9.1e-2 197 37 17.0 1 3.8¢-05 9.04e-3
cJUN ERK 5.7e+0 198 37 15.6 1 7.6e-05 0.01
TAK1 ERK  -2.1e+b 198 37 15.5 1 8.3e-05 0.01
JNK ERK  -1.6e+5 198 37 15.5 1 8.3e-05 0.01
p38 MEK 3.5e+0 199 37 15.0 1 1.1e-04 0.02
ASK1 ALK -10e+1 199 37 15.0 1 1.1e-04 0.02
p38 ALK 7.0e-4 199 37 15.0 1 1.1e-04 0.02
ASK1 MEK  -7.9e+0 199 37 15.0 1 1.1e-04 0.02
S6K RAF 2.9e+1 199 37 15.0 1 1.1e-04 0.02

This fit is good. The first extensions suggested would explain the high pMEK upon
PI3Ki, AKTi and mTORCI1i. However this is likely an overfitting, as the residuals are
very low and the signals are not consistent, it would also fail to explain the low pERK
upon those same inhibitions. Similarly mTORC1/S6K—TAK1/JNK/cJUN aims at
explaining the slight downregulation of cJUN. Overall it appears like the only truly
unexplained signal is MEK and ERK upregulation upon ASK1i so ASK1—+MEK is

selected.

ASK1—-MEK effect CHP212

None of the best extensions significantly improve the model. There is however a strong
suggestion of a crosstalk from mTORC1/S6K to JNK/cJUN.
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CHP212 ASK1— MEK model residual=199 df=37

from to value residual df Res_delta df_delta pval adj_pval
S6K TAK1 -0.04 178.4 38 20.99 1  4.6e-6 1.09e-3
p38 ERK  -81.59 178.4 38 20.97 1 4.7e6 1.09e-3
mTORC1 TAKI1 1 179.1 38 20.33 1  6.5e-6 1.53e-3
S6K cJUN 0.13 182.1 38 17.32 1 3.16e-5  7.45e-3
S6K JNK 0.13 182.1 38 17.32 1 3.16e-5  7.45e-3
S6K TRKA 7.06 183.3 38 16.16 1 5.82e-5 0.01
mTORC1 ¢JUN 0.08 184.2 38 15.26 1 9.38e-5 0.02
mTORC1 JNK 0.08 184.2 38 15.26 1 9.38e-5 0.02
cJUN ERK 5.40 185.7 38 13.72 1 211e4 0.04
TAK1 ERK -276 185.7 38 13.71 1 2.13e-4 0.05

The model is already slightly overfitted, and all new extensions are thus likely
overfitting. Three data points (p38 in PI3Ki and EGF+PDGFi+RAFi, and S6K in
IGF1+PDGFi+RAFiI) exceptionnally badly fitted are likely artefacts since similar

perturbations do not show the same effect.

(data — simulation) / error

default
Z
i g % 3% ¥
= o w o < wn
. | | . ! .
ig 0.86 _ -11 -044 036 - PI3Ki
10 0.59 046  -076 000095 -0.038 055  PDGF+PI3Ki
8:2 -0.25 - 0.44  -0.094  0.079 - EGF+PDGFi+RAFi
o 0% 0ss o050 | 48 | 057 - IGF1+PDGFi+RAFi
:;g 0067 036 045 -095 001 - PDGFi+RAFi
default

Final model reduction

Removed Link New residual Delta residual pval

EGF— TAK1 198.63 0.79 0.62
IL1b— PI3K 198.63 0 3.6e-07
IL1b— ASK1 198.63 0 0
IL1b— TAK1 198.63 0 0
ALK— TAK1 198.89 0.26 0.39
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PDGF— RAF 199.32 0.43 0.49

NGF— TAK1 200.25 0.93 0.66
IGF1— RAF 201.53 1.28 0.74
EGF— RAF 204.94 3.42 0.94

Completely reduced model: ”Best fit: 204.95 , Score= 0.69”

Fixed inhibitor model CHP212

The final CHP212 model with fixed parameters has a residual of 223.
CHP212 fixed_askl mek, residual= 223
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B.3 SKNAS fitting summary

Initial topology SKNAS

SKNAS ERK— ¢JUN model

residual=259 df=34

from  to value residual df Res_delta df_delta pval adj_pval
p38 S6K -2.63 231 35 27.57 1 2e-07  3.62e-5
p38 mTORC1  -2.45 231.54 35 27.02 1 2e-07 4.8e-5
c¢JUN S6K -1.27 23589 35 22.67 1 1.9e-06 4.59e-4
JNK  S6K -3.99 23597 35 22.59 1 2e-06 4.77e-4
TAK1 S6K -3.62 236.01 35 22.56 1 2e-06  4.86e-4
JNK  mTORC1 -4.38 236.45 35 22.11 1 2.6e-06 6.12e-4
TAK1 mTORC1 -3.34 236.57 35 21.99 1 27e-06 6.54e-4
¢JUN mTORC1 -1.07 236.71 35 21.85 1 2.9e-06 7.02¢-4
RAF IL1b 1 23756 37 21 3 1.05e-04 0.02
cJUN AKT -13.07  241.02 35 17.54 1 28e-05 6.7e-3

Overall trying to explain the effect of ASK1i on S6K. The best extension p38—S6K

makes sense and is used.

p38—S6K effect SKINAS

SKNAS p38— S6K model residual=230  df=35
from to value residual df Res.delta df.delta  pval adj_pval
ALK mTORC1 -5.88 207.4 36 23.06 1 1.6e-6 3.7e-4
ALK S6K -5.47 2074 36 23.02 1 1.6e-6 3.8e-4
AKT IL1b 1 2079 38 22.50 3 5.le-5 0.01
AKT TAK1 -0.04 208.3 36 22.18 1 2.5e-6 5.9e-4
AKT ALK -0.07 209.7 36 20.70 1 5.3e-6 1.3e-3
AKT cJUN -0.13 209.7 36 20.69 1 5.4e-6 1.3e-3
AKT JNK -0.13 209.9 36 20.58 1 5.7e-6 1.4e-3
S6K IL1b 1 210.9 38 19.56 3 2.1e4 0.04
mTORC1 IL1b 1 2109 38 19.56 3 2.le4 0.04
ALK ASK1 -100 211.6 36 18.83 1 1.4e-5 3.4e-3

107



(data — simulation) / error

default
¥ g ¥ 5 ¢ ¥
= = W ¢ < 9
0.77 -0.12  ~ AKTi
0.2 0.38 -0.38 0.84 ~ PI3Ki
default

The “shortcut” extensions are ignored. The next best extensions correspond to
AKT influencing the TAK1/JNK/cJUN axis. AKT—TAK1 has some literature basis

and is thus used.

AKT—-STAK]1 effect SKNAS

SKNAS AKT— TAK1 model residual=208  df=36
from  to value residual df Res_delta df_delta pval adj_pval
RAF IL1b 1 190.25 39 18.02 3 4.33e4 0.10
RAF S6K 1.32  190.67 37 17.61 1 27le-b 6.42e-3
RAF mTORC1 1.75  190.77 37 17.50 1 2.87e-5 6.79-3
RAF TAKl1 -1.26 191.63 37 16.64 1 4.51e-5 0.01
ASK1 TRKA -0.23  191.73 37 16.55 1 4.74e-5 0.01
IGF1 AKT 1.21 192.04 37 16.23 1 5.6e-5 0.01
p38 TRKA 1 19232 37 15.96 1 6.47e-5 0.01
ALK  S6K -12.06  192.72 37 15.55 1 8.03e-5 0.01
ALK mTORC1 -7.12 19295 37 15.32 1 9.05e-5 0.02
ALK c¢JUN -6.40  194.69 37 13.58 1 2.27e-4 0.05

The extensions proposed are barely significant and consist in shortcuts. The ex-

tension process is stopped at this iteration.
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SKNAS final topology, residual= 208

Only receptor links would be removed so we keep them for inter-models compari-

son. In particular SKNAS all NGF links were removed.

Final model reduction

Removed Link New residual Delta residual pval

IL1b— ASK1 208.28 0 1.3e-07
IL1b— TAK1 208.28 0 0
IL1b— PI3K 208.28 0 0
ERK— cJUN 208.35 0.07 0.21

Completely reduced model: ”Best fit: 208.35 , Score= 0.65”

Final network with fixed parameters SKINAS

The final SKNAS model with fixed parameters has a residual of 229.

B.4 LANG fitting summary

The models without PDGF basal activity are selected for their ERK—RAF negative
feedback. The difference in residuals with PDGF basal models is low.

Initial topology LANG
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LAN6 ERK— ¢JUN model residual=339 df=37

from  to value residual df Res_delta df.delta pval adj_pval
P38 S6K -4.42 224.9 38 113.80 1 0 0
p38 mTORC1 -0.19 227.0 38 111.70 1 0 0
TAK1 S6K -4.73 232.2 38 106.60 1 0 0
JNK  S6K -4.73 232.2 38 106.60 1 0 0
c¢JUN S6K 36.31 232.2 38 106.60 1 0 0
TAK1 mTORC1 -0.59 233.1 38 105.60 1 0 0
JNK  mTORC1 -0.59 233.1 38 105.60 1 0 0
¢JUN mTORC1 0.10 233.5 38 105.20 1 0 0
¢JUN TRKA 1 248.4 38 90.35 1 0 0
¢JUN ALK 1.49¢-3 249.1 38 89.63 1 0 0

TAK1/JNK/cJUN/p38—mTORC1/S6K extensions greatly improve the model by
explaining the effect of ASK1i on S6K.

p38—S6K effect LANG6

LANG6 P38— S6K model residual=243 df=34

from  to value residual df Res_delta df_delta pval adj_pval
p38 RAF 14.82 205.7 35 37.22 1 e+0 0
ASK1 RAF -99.95 205.7 35 37.21 1 e+0 0
ASK1 MEK -99.85 205.7 35 37.18 1 e+0 0
ASK1 ALK -0.88 218.2 35 24.68 1 7e-07  1.31le-4
p38 ALK 0.56 222.3 35 20.63 1 5.6e-06 1.08e-3
RAF ERK 0.43 222.5 35 20.42 1 6.2e-06 1.2e-3
¢JUN ALK 0.12 223.6 35 19.29 1 1.12e-05 2.17e-3
ERK ALK 0.10 223.7 35 19.22 1 1.17e-05  2.26e-3
MEK ALK 0.04 223.7 35 19.16 1 1.2e-05 2.33e-3
MEK PI3K 0.12 223.7 35 19.14 1 1.21e-05 2.35e-3

An ASK1/p38—RAF/MEK extension is suggested to explain MEK and ERK up-
phosphorylation upon ASK1i. ASK1—MEK is chosen for consistency with other cell
lines and biological sense (MAP3K—MAP2K).

ASK1—-MEK effect LANG6
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LAN6 ASK1— MEK model residual=206 df=35

from to value residual df Res_delta df_delta pval adj_pval

ERK ALK  0.05 185.9 36 19.78 1  87e6 1.68e-3
MEK ALK  0.02 185.9 36 19.74 1 89-6 1.71e-3
c¢JUN ALK  0.07 186.0 36 19.70 1 9.0e-6 1.74e-3
MEK PI3K 0.10 186.7 36 18.95 1 1.34e-5 2.58e-3
cJUN AKT 1.33 186.7 36 18.94 1 1.35e-5 2.59e-3
cJUN PI3K  0.27 186.7 36 18.94 1 1.35e-5 2.6e-3
ERK PI3K 0.23 186.7 36 18.92 1 1.36e-5  2.62e-3
ERK AKT 1.17 186.7 36 18.91 1 1.37e-5 2.63e-3
MEK AKT 0.54 186.8 36 18.85 1 1.4le-5  2.72e-3
ALK p38 3.54 190.8 36 14.89 1 1.14e-4 0.02

There are signs of overfitting in the qq-plot and the links proposed do not make
any biological sense. They likely represent overadjusting of the remaining badly fitted

datapoints. We stop the extension here.
Normal Q-Q Plot

o O

Sample Quantiles

Theoretical Quantiles
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(data — simulation) / error
ASK1->MEK extension LANG

A4

0 XY
nd
DT

O
p)

- MEK
-cJUN

- AKT

-0.39  ALKi+IGF1i

0.0 022 | NGF+PDGFi+RAFi

-0.5 1

-0.95 - MTORC1i

ASK1->MEK extension LAN6

Final model reduction

Removed Link New residual Delta residual pval

NGF— PI3K 205.68 0.02 0.13
TAK1— JNK 205.79 0.11 0.26
JNK— ¢JUN 205.79 0 0
EGF— PI3K 206.66 0.87 0.65
PDGF— PI3K 209.11 2.45 0.88
PDGF— RAF 211.35 224 0.67

Completely reduced model: "Best fit: 211.36 , Score= 0.75”
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Final network with fixed parameters LANG6

To remove non identifiability linked to not measuring all inhibited nodes, we fix the

inhibitors to concensus values and refit with this constraint.

The final LANG6 model with fixed parameters has a residual of 238.
ASK1->MEK extension LANG

B.5 IMRS32 fitting summary

Initial topology IMR32

IMR32 initial model residual=407 df=34

from  to value residual df Res._delta df.delta pval adj_pval
ASK1 TRKA -29.29 320.18 35 86.31 1 e+0 Oe+0
p38 ALK  -32.55 333.77 35 72.72 1 e+0 Oe+0
ASK1 MEK -1.22 345.23 35 61.26 1 e40 Oe+0
ASK1 RAF -4.98 345.26 35 61.23 1 e+0 Oe+0
ASK1 ALK 15.59 362.61 35 43.88 1 e+0 Oe+0
ASK1 PI3K -8.98 369.16 35 37.33 1 e+0 2e-07
ASK1 AKT -0.31 369.23 35 37.26 1 e+0 2e-07
p38 PI3K 0.15 369.75 35 36.75 1 e+0 3e-07
p38 AKT -7.68 370.64 35 35.85 1 e+0 5e-07
AKT ALK 2 380.80 35 25.69 1 4e-07 9.57e-05

The model fits the data for most data, with the notable exception of MEK, ERK,
AKT and S6K upon ASK1i treatment. The first extensions suggested ASK1/p38 —
RAF/MEK/PI3K/AKT adress exactly this problem. We chose ASK1—-MEK as the
best, and more biologically coherent than ASK1—RAF.
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ASK1—-MEK effect IMR32

IMR32 ASK1— MEK model residual=342  df=36
from to value residual df Res_delta dfdelta pval adj_pval
MEK ASK1 28.52 249.24 36 92.71 1 e+0 Oe+0
ERK  ASK1 25.73  250.40 36 91.54 1 e+0 Oe+0
TAK1 ASK1 -9.17 27541 36 66.54 1 e+0 0e+0
JNK ASK1 -10.41 27544 36 66.50 1 0e+0 0e+0
¢JUN  ASK1 19.43  276.18 36 65.77 1 e+0 0e+0
p38 ASK1 -100.18  276.66 36 65.29 1 e+0 0e+0
RAF ASK1 1.80 292.17 36 49.78 1 e+0 Oe+0
NGF  ASK1 78.23  314.33 36 27.62 1 1e-07  3.5e-05
TRKA ASK1 52.04  314.33 36 27.62 1 1e-07  3.5e-05
p38 AKT -9.40 31546 36 26.49 1 3e-07 6.29e-05

The ASK1i effect on MEK and ERK is stronger with IGF1 and NGF treatments.
This would suggest that those ligands, but not EGF and PDGF, activate ASKI.
Moreover, ASK1i alone as no strong effect on MEK and ERK (or any other readouts).
To reflect this, we added the links IGF1—+ASK1 and NGF—ASK1, and removed ASK1

basal activity.
GS4997 (ASK1i) effect IMR32

IMR32 GS4997 model residual=236 df=37

from  to value residual df Res.delta dfdelta pval adj_pval
ASK1 AKT -1.68 19441 38 41.40 1 0  0.0e+0
p38 PI3K 0.14 19441 38 41.40 1 0  0.0e+0
JNK  AKT  -82e-3 19443 38 41.38 1 0  0.0e+0
JNK  PI3BK -2.22e-4  194.61 38 41.20 1 0 0.0e+0
ASK1 PISK -0.04  194.62 38 41.20 1 0  0.0e+0
p38 AKT 5.74 19484 38 40.97 1 0  0.0e+0
p38 ALK -108.74 198.57 38 37.24 1 0 2.0e-07
c¢JUN PI3K -0.16  203.27 38 32.55 1 0 2.4e-06
¢JUN AKT -5.83  203.37 38 32.45 1 0 2.5e-06
RAF AKT -1.79  205.84 38 29.97 1 0 8.9e-06

This model explains everything except the hyper-activation of AKT by NGF+
ASK1i. The proposed extensions ASK1/p38/JNK — PI3K/AKT would solve this
but also overfit the data, with an unexpectedly low residual. Accordingly, we stopped

the extensions here.
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Final model reduction

Only receptor links would be removed in IMR32 so we keep them for inter-models

comparison.

Removed Link New residual Delta residual pval

IL1b— ASK1 235.82 0 1.3e-07
IL1b— TAK1 235.82 0 1.3e-07
IL1b— PI3K 235.82 0 1.3e-07
NGF— TAK1 236.06 0.24 0.37
IGF1— TAK1 237.18 1.12 0.71
ASK1— p38 239.64 2.46 0.88
ALK— PI3SK 242.59 2.95 091
EGF— PI3K 245.53 294 091

Completely reduced model: ”Best fit: 245.54 |, Score= 0.66”

Fixed parameters, GS4997 effect IMR32

The final IMR32 model with fixed parameters has a residual of 340.
IMR32 GS4997 effect, residual= 340
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B.6 KELLY fitting summary

Initial model KELLY

KELLY ERK— cJUN model residual=602  df=37
from  to value residual df Res.delta dfdelta pval adj_pval
p38 ALK 1.80  524.20 38 78.08 1 0 0
p38 mTORC1 9.98 52542 38 76.86 1 0 0
ASK1 TAK1 1.94  526.40 38 75.89 1 0 0
ASK1 JNK 3.03  526.86 38 75.42 1 0 0
p38 cJUN 9.98  527.03 38 75.26 1 0 0
ASK1 ¢JUN 9.95 527.32 38 74.97 1 0 0
p38 JNK 5.24  527.70 38 74.59 1 0 0
ASK1 ALK 2.32  529.73 38 72.56 1 0 0
p38 TAK1 1 531.31 38 70.97 1 0 0
ASK1 RAF -10.25  531.50 38 70.78 1 0 0

This initial topology barely explains the behaviour of KELLY and yields a very
bad fit. The most striking misfits are the effect of ASK1 on ¢JUN and S6K. The best
extension would be p38—mTORCI1, however we chose p38—S6K that makes more

sense biologically.

p38—S6K model KELLY

KELLY p38— S6K model residual=484 df=38

from to value residual df Res_delta df.delta pval adj_pval
ASK1 c¢JUN 6722.18  381.48 39 102.33 1 0 0
p38 c¢JUN 446  381.48 39 102.33 1 0 0
p38 JNK 446  381.48 39 102.33 1 0 0
ASK1 JNK 6697.83 38148 39 102.33 1 0 0
ASK1 TAK1 -5423.47  381.48 39 102.33 1 0 0
p38 TAK1 1 381.48 39 102.33 1 0 0
mTORC1 TRKA 1 38445 39 99.35 1 0 0
p38 TRKA 1 389.11 39 94.70 1 0 0
ASK1 TRKA 1636.37  390.29 39 93.52 1 0 0
S6K TRKA -1.29  398.88 39 84.93 1 0 0

This extension greatly improves the fit.

116

As expected ASK1/p38—JNK/cJUN
seems necessary to explain the effect of ASK1 on ¢JUN.



p38—cJUN model KELLY

KELLY p38— c¢JUN model

residual=411 df=39

from to value residual df Res.delta df.delta pval adj_pval
S6K PI3K -1.58  331.27 40 80.14 1 0 0
S6K AKT -0.23  332.04 40 79.38 1 0 0
S6K TRKA -3.3e-3 333.14 40 78.27 1 0 0
mTORC1 TRKA 1 34744 40 63.98 1 0 0
mTORC1 AKT -0.05  348.23 40 63.18 1 0 0
mTORC1 PI3K -0.29 34824 40 63.18 1 0 0
ALK ERK -0.04  358.36 40 53.06 1 0 0
EGF ERK 0.27  359.97 40 51.44 1 0 0
TAK1 ERK 1.06 362.19 40 49.22 1 0 0
JNK ERK 1.06  362.20 40 49.22 1 0 0

S6K—PI3K/AKT would explain AKT phosphorylation upon mTORC1 inhibition
as well as from ASKI inhibition (via p38—S6K) and has literature support via RIC-

TOR.

S6K—TRKA reflects a possible receptor feedback. The link S6K—IRS1 (an IGFR
adaptor) is documented in the literature so we tested it (as SCK—IGF1 to take path

identifiability into account)

S6K—IGF1 model KELLY

KELLY S6K— IGF1 model residual=327  df=40
from to value residual df Res_delta df delta pval adj_pval
ALK ERK -0.25  301.03 41 25.86 1 0 8.0le5
EGF ERK 0.27 303.77 41 23.13 1 1.5e-6 3.3le4
JNK ERK 1.20  306.09 41 20.81 1 5.1e-6 1.1e-3
TAK1 ERK 1.20 306.09 41 20.81 1 5.1e-6 1.1e-3
p38 ASK1  -3312 311.12 41 15.77 1 7.13e-5 0.01
mTORC1 p38 1.7e-5 311.90 41 15 1 1.07e-4 0.02
mTORC1 ASK1 1.0e-6 311.94 41 14.96 1 1.09e-4 0.02
S6K p38 0.03 312.10 41 14.80 1 1.19e-4 0.02
S6K ASK1 4.3e-6 312.10 41 14.79 1 1.19e-4 0.02
JNK ASK1 -9.5e-3  312.10 41 14.79 1 1.19e-4 0.02

Final model reduction
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Completely reduced model:

Removed Link

New residual Delta residual pval

IL1b— ASK1
IL1b— PI3K
IGF1— RAF
IL1b— TAK1
TRKA— PI3K
NGF— TRKA
TRKA— RAF
IGF1— TAK1
ALK— TAK1
NGF— TAK1

332.12 0.08 0.23
332.21 0.08 0.23
332.36 0.15 0.3
333.07 0.71 0.6
333.81 0.74 0.61
335.72 1.91 0.83
335.72 0 8.3e-07
337.89 2.16 0.86
340.21 2.33 0.87
342.63 242 0.88

”Best fit: 342.63 , Score= 0.65”

Fixed inhibitor model KELLY (S6K—IGF1)

The error is dominated by the unexplained but probably false signals of very high
ERK with EGF+AKTi (but with no other perturbations with AKTi or EGF) and
MEK downregulation with EGF alone (while no such effect is seen with EGF+PI3Ki,
EGF+ASK1i or EGF+mTORCIi). Removing those 2 datapoints yield a residual
compatible with the number of data points.

The final KELLY model with fixed parameters has a residual of 288.
Log—fold change Experimental data

1.5
1.0
0.5
0.0
-0.5
-1.0
-1.5

default
A \¢ Z —
0 ) N
= Q LI O << O
| | | | |
B oo IR o B | crAKT
-0.4 -0.25 -0.2 0.038 NaN 0.048 - AKTi
-0.21 0.026  -0.0068  0.086 NaN — IGF1+AKTi
-0.7 0.064 0.065 0.36 -0.05 - EGF
-0.25 05 042 [JEESN o077 - EGF+PI3Ki
-0.0088  -0.043 0.32 -0.81 o 26 - EGF+ASK1i
-0.074  -0.096 0.72 -0.61 - EGF+mTORC1i
default
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=372

KELLY S6K—>AKT, residual
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B.7 Models comparison

modelGroup parameters rowwise scaled to mean

(Q\|
N N << o »n O
Z O Z2 Z ry 4
n O v d = X
| | | | | |
6 075 1.08 073 126 082 01  AKT->mTORC1
07 156 299 318 239 0.85  ALK->PI3K
1.09 127 18 444 24 [5712 - ALK-—>RAF
0.19 0.0029 048 053 @868644 0.043 - ALK->TAK1->p38
-0.047 -0.038 -0.023 -0.048 NA -0.0034} ASK1->p38
211 022 048 0061 103 04 + EGF—>PI3K
6.64 056 3.04 444 707 1487 | EGF—>RAF
IN0IZIE-0.0003870:16 0.11 WE=0I28E-0.00086 EGF—>TAK1->p38
4 -43 -24 -34 -13 -23 -75 | ERK-—>RAF
049 059 101 245 021 571 + ERK->S6K
0.29 0.28 -0.0097 0.63 0.093 0.98 | ERK->cJUN
341 1.33 092 042 1831 167 | IGF1->PI3K
-0.64 -0.15 2.08 8.28 LE&d7 221 | IGF1->RAF
0.12 -0.0016 0.18 0.23 0.26 -0.0083 IGF1->TAK1->p38
6.01 NA NA NA NA -0.074 - |[L1b—>ASK1
091 = NA NA NA NA  0.081 [ IL1b—>PI3K
i 189 NA NA NA NA -00012[ |[L1b—>TAK1->p38
2 114 7885 257 056 1.6e-07.89.09 - TAK1->JNK->CJUN/TAK1->p38
116 179 0.83 043 075 049 + MEK->ERK
0.019 -0.00073 0.15 0.11 0.096 -4.4e-05—- NGF—>TAK1->p38
012 -03 191 = NA NA 385 ~ NGF—>TRKA->RAF
246 013 02 -0.062 159 0.032 + PDGF->PI3K
-1.2 -0.0038 0.81 0.9 - PDGF->RAF
0.025 0.00071[0:077" NA -0.0026 - PDGF->TAK1->p38
1.03 141 141 136 026 087  PI3BK-—>AKT
0 037 067 05 046 047 217 + RAF->MEK
-0.0076 0.16 0.4 NA NA 014  NGF—>TRKA—>PI3K
0.9 09 132 093 074 19  mMTORC1->S6K
-1.3 -13 -13 -13 -13 -13 - JAKT
-0.52 -0.52 -0.52 -0.52 -0.52 -0.52 F [ALK
-41 -41 -41 -41 -41 -41 | JASK1
-2 -2 -2 -2 -2 -2 r ilGF1
-0.84 | NA NA NA NA NA FilL1b
P -11 -11 -11 -11 -11 -11 F IMEK
-5 -5 -5 -5 -5 -5  IPDGF
-0.88 -0.88 -0.88 -0.88 -0.88 -0.88 I |PI3K
-2 -2 -2 -2 -2 -2 IRAF
-19 -19 -19 -19 -19 -19 | ImTORC1
NA -0.19 | NA NA NA NA | ASK1->AKT
NA -0.23  NA -051 NA NA  ASK1->MEK
NA -95 -46 -46 = NA NA | p38—>S6K
NA NA -0074 NA NA NA r AKT->TAK1->p38
-4 NA NA NA 0.015 366 NA  NGF—>PI3K
NA NA NA 439 6153 NA + NGF->RAF
NA NA NA NA 036 @ NA ~ NGF—>ASK1->JNK->cJUN
NA NA NA NA -20 NA | NGF->ASK1->MEK
NA NA NA NA -027  NA | NGF—>ASK1->p38
NA NA NA NA 128 @ NA  IGF1- >ASK1/N F->ASK1
NA NA NA NA NA  -0.18 [ S6K—>IGF
NA NA NA NA NA -66 [ p38- >cJUN
6 NA_ NA NA NA NA -60  p38->mTORC1

120



B.8 Evaluation of fit quality with QQ-plots

QQ-plots are a statistical way of evaluating the fit. If the error model and the fit are
both correct the residuals should follow a standard normal distribution and deviation

from this behaviour are easily visualized on a QQ-plot.

CHP212 initial normal Q-Q plot SKNAS initial normal Q-Q plot KELLY initial normal Q-Q plot
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Figure Appendix.4: Quantile-quantile plots of the initial models using the literature
topology.

The residuals for the initial models using the literature topology shows important
deviations for all cell lines except SKNSH (Figure Appendix.4). After the extension
procedure most models show normally distributed residuals, indicating that all the sig-
nal was fitted and that the remaining error is due to noise (Figure Appendix.5). Some
individual data points remain badly fitted but do no seem to represent any systematic
deviation induced by a treatment. They either represent statistically exceptionnally
divergent measurements or unexplained mechanism arising in very specific conditions.
Deciding which is true would require additionnaly measurements, possibly with differ-
ent treatments, which I did not perform because of time constraints. Overall the fits
are good but some questions remain for some perturbation that could be addressed in

future experiments.
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Sample Quantiles

Sample Quantiles

Figure Appendix.5: Quantile-quantile plots of the final models after model extension.

CHP212 best normal Q-Q plot

SKNAS best normal Q-Q plot

KELLY best normal Q-Q plot
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C Additionnal molecular characterisation of the

TerminateNB neuroblastoma panel

C.1 Cell lines clustering

A PCA on perturbation response roughly separated the cells according to AZD6244
sensitivity (Figure Appendix.6). The main components of the perturbation data
were the clear response of AKT and S6K to receptor stimulation and the consis-
tent feedback-induced hyper-phosphorylation of MEK, occupying the first and third,
and second component respectively and representing more than 90% of the variance

(Table Appendix.29, Figure Appendix.7).
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Figure Appendix.6: Pair-plot of the principal components from the perturbation data
(Figure 4.6). Components up to the first one explaining less than 10% of the variance
are shown.
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Table Appendix.29: Main loadings of the first 3 principal components of the pertur-
bation data PCA.
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Dominant loadings in principal components PC1, PC2 and PC3
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Figure Appendix.7: Main loadings overlap in the first 3 principal components of the
perturbation data PCA. Color corresponds to the components for which the condition
has the highest absolute weight.
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A principal component analysis on the most variables genes differed to a great
extend to the one on perturbation data and did not separate the cell lines by drug
response (Figure Appendix.8). Since RNA was extracted from non inhibited cells,
this highlights that perturbations are essential to reveal the true state of the cell that

leads to drug resistance.
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Figure Appendix.8: Principal component analysis on the top 1000 most variable genes.
Components up to the first one explaining less than 10% of variance are shown.
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C.2 Gene expression and signalling

In the hope of uncovering specific genes involved in drug sensitivity, I correlated the
IC50 to mRNA expression (Figure Appendix.9). However because of the small num-
ber of cell lines being used, many gene displayed apparent correlations that did not
generalise. Consequently the best correlations with IC50 seemed mostly driven by
noise than by a biological signal as the correlations were poor and the best one did

not appear related to the drug target.

AZD6244 LY294002 LY294002 LY294002 LY294002 LY294002
RPS2 DCAF7 EZR SRSF2 TBX2 TYMS
800
- 1 B
6001 _— T 24018 901 T
° s 1001 200 - . 60 . 1004 @ R
4001, . 604 © 501 e o 160{ e : 0 50 °
2001 ] % 01 120 1 < 1 Y .
° 30 ° ° 0 04
-7-6-5-4 -6 -5 -6 -5 -6 -5 -6 -5 -6 -5
LY294002 MK2206 Rapamycin Rapamycin Rapamycin Rapamycin
uspP22 SBDS CAP1 CD151 CDC37 COL1A2
120 1 25 e 150 ° 120 1 Py
1 °
90 ° 1001 100 % 901 300
504 . L 200
601 . o 50l 2 501 601 3
25 o 0_. Y o, .‘ 100
301 o 0l 301
. . ———r — _50 41— . . . . . 0 e—em—s
-6 -5 -6.06.75.56.25.00 -6 -4 -2 -6 -4 -2 -6 -4 -2 -6 -4 -2
Rapamycin Rapamycin Rapamycin Rapamycin Rapamycin Rapamycin
COL6A2 DRAP1 HSPB1 MAT2A PLEC PRKCSH
200 ® 100 200 1 250 1 80 e 120
75 150 1 2001 ° 901
] 404
E 100 504 ° 100 v 1504 o ® 50 ® 0
= 25-.// 501 _~% 100{ & o 30"%
~1001 01 U 50 1 40 01
-6 -4 -2 6 -4 -2 -6 -4 -2 -6 -4 -2 -6 -4 -2 -6 -4 -2
Rapamycin Rapamycin Sorafenib Sorafenib Sorafenib Sorafenib
PTX3 TGFB1 EEF1A2 EPAS1 PRAME PRPH
400 g 7540 901
50+ % 751 5018 20012 60
501 200-\:\;\ ot 1007 ONS 30{%$
°
o 251 / 1 ¢ 22' > o] . 0+ P
50— 0 200l T L ——— 30 L
-6 -4 -2 -6 -4 -2 -5.65.24.84.4 -5.65.24.84.4 -5.65.24.84.4 -5.65.24.84.
Sorafenib TAE684
SLC20A1 FzD2
150 1
751
100 4 50 4
501 X,’/. 25 1 /‘
0- 01
56524844 -8 -7 -6

IC50

Figure Appendix.9: Top correlations between IC50 and mRNA expression for the 1000
most variable genes (adjusted p> 0.95).

Investigating in more details the relationship between IC50 and the expression
of TP53 and RAS pathways genes highlighted two potential interactions: a negative
correlation for KRAS expression and the 1C50 of the PI3K inhibitor LY294002, and
a positive one for HRAS expression and the IC50 to the ALK inhibitor TAE684
(Figure Appendix.11). A negative correlation for KRAS expression and the IC50 of
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Figure Appendix.10: Correlation between IC50 and gene expression for TP53 pathway
genes.

the PI3K inhibitor LY294002 was puzzling as silencing of KRAS inhibits the activation
of the PI3K pathway (Zhang et al., 2020) so it could be expected that KRAS expression
protects against PI3K inhibition. However it seemed that on the contrary the higher
PI3K activaty likely induced by higher KRAS level made the cells more vulnerable
to PI3K inhibition. This was not observed for other RAS isoforms, suggesting that
KRAS could be the primary activator the PI3K pathway in those cell lines.
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Figure Appendix.11: Correlation between IC50 and gene expression for RAS pathway
genes.
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Given the highly heterogeneous response of the cell lines to the ligands (Figure 4.6),
I also investigated whether this response could be explained with receptor expression
by computing the correlation between the fitted path from the ligands to readouts
and the expression of biologically plausible receptors for those ligands. Of note, the
expression of the receptor ALK anti-correlated with the effect of ALK inhibition on
MEK and c¢JUN suggesting that ALK expression could predict the response of the
signalling networks to ALK inhibition. Only 3 path-receptor pairs showed a strong
positive correlation. Those results should however be interpreted with caution as only

6 cell lines were perturbed, meaning that no correlation were statistically significant.
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Figure Appendix.12: Spearman correlation between the path value from ligands to
readouts fitted in the "Fixed inhibitor” model and the expression of the matching
receptor or receptor family. IGFRsum and PDGFRsum are the sum of the isoforms
expression for IGFR and PDGFR respectively.

The EGFR expression strongly correlated with the activation of AKT by EGF, and
also weakly to the activation of cJUN. Perhaps surprinsingly the activation of MEK
by EGF did not correlated with EGFR expression. This can likely be explained by
the fact that the recruitement of RAS and RAF by the receptors necessitates adaptors
whose expression also vary between the cell lines, as I investigated in chapter 3.

Next, the expression of NTRK1 strongly correlated with the activation of MEK by
NGF, which appeared to contradict the observation for the EGFR but could also mean
that the NTRK1 adaptors leading to MAPK activation are more stably expressed.
This was supported by the fact that NTRK1 expression also correlates with NGF-
induced AKT activation, Interestingly, no correlation was observed for the NGFR
which strongly suggested that NGF activation was mediated exclusively by NTRK1
in neuroblastoma cell lines, consistent with the relative affinity of those receptors

(Ebendal, 1992).
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Finally, the activation of AKT by PDGF correlated with PDGFRA expression
but not PDGFRB suggesting that this receptor mediated PI3K pathway activation.
Surprisingly, the activation of MEK by PDGF anti-correlated with both PDGF recep-
tors expression, again suggesting that adaptors are crucial for some receptor-tyrosine-

kinases-mediated activation of the MAPK pathway.

C.3 Phosphoproteomics of the MEKi and IGFRi combina-
tion

The few overlapping differentially phosphorylated sites between IMR32 and N206
were all either from MEK inhibition alone or from the combination treatment (Fig-
ure Appendix.13). However most sites differentially phosphorylated by the combi-
nation of MEKi+IGFRi recapitulated the single drug effect in IMR32 while several
phosphosites were synergistically affected by the combination in N206.

N206

362
(98%)

(a) MEKi (b) IGFRi

N206
445

(17%) \8:1%) (75%)

(¢) MEKi+IGFRi

Figure Appendix.13: Venn diagram showing the overlap of phosphopeptides differen-
tially expressed after IGFR and/or MEK inhibition versus DMSO control in N206 and
IMR32 between cell lines for each treatment. FDR < 0.05.
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C.4 Gene set enrichment

Most of the significantly enriched KEGG pathways contained the MAPK and PI3K
pathways (Figure Appendix.14).
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Figure Appendix.14: KEGG pathways enrichment analysis of proteins differentially
phosphorylated on at least one site in (a) IMR32, (b) N206 or (c) both cell lines.
FDR < 0.05. [talic pathway names indicate a shared pathway between IMR32 and
N206, bold pathway names indicate pathways containing RAF, MEK and ERK. Path-
ways are o.

As expected from the perturbation data, those two pathways were the most af-

fected by the perturbations, with the PI3K pahtway appearing more affected in N206.

However, the fact that pathways related to different ontological processes all end up

significantly enriched by this analysis highlighted the need for more refined meth-

ods for gene set enrichment that are still to be developped (Pomaznoy et al., 2018;
Manjang et al., 2020).
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C.5 Evaluation of the Sugiyama kinase-substrates annotation

ERK1/2T185/T2024Y187/¥204 (\[APK1/3) are the only validated target phosphosites of
MEK1/2 (Wu et al., 2015). They were profoundly dephosphorylated after MEK in-
hibition showing that MEK was properly inhibited (Figure Appendix.15b). However,
MEK was not picked up as differentially active using the Sugiyama kinase-substrates

annotation (Figure Appendix.15a).
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Figure Appendix.15: (a) Kinases with significant substrate enrichment using Sugiyama
et al. kinase-substrates annotation. Black outline indicates significant conditions,
FDR < 0.05. (b) Log2-fold-change to DMSO control of ERK phosphophosites mea-
sured by TMT in N206 and IMR32.

Indeed ERK1/2 were not in the substrate list for MAP2K1/2 in this annota-
tion. The annotated target in Sugiyama et al. (2019) of MAP2K1 and MAP2K2 are
WACS MAP2K251%5 MAP2K25'%° CHERP%?6, TRAFD1%%27, PSMA 75150,
TPD52L252 ) ZRANB25310 ZRANB2%305 CPS198% FOXK1%45 KHDRBS15%,
FADDS! INF251204 ' WDR445%! NCCRP1%%, NCCRP1%3%, DCP1AS7
ARGLU15¢ CHMP556, SRRM251648  SRRM 252398  MAP3K25164, EIF4BT2%
HSPD1™22 HSPD1TH5 PLS3™17 HSP9OB1™48 WARS™362 GTF2F113%,
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GTF2F1™ CAPZB™%2 EIF4HT0 FIP1L1T4%0, GIGYF2T382 FUBP3T#0
CHMP5T8, SF3B1Y%? and RPS6KA3%8 MAP2K2519 MAP2K251% MAP2K251%,
MAP2K 25129 TOMMT70A3%  WDR44%56! STRIP1534! MEPCE®S® CACTINS!08,
CACTINSH10  CCDC8651, SRRM251648  SRRM2%%76, CNPY257™, PPIL3T49,
EIF4B™205 AIPT#® HSF1'3% RAF1T57 [POT7T9% TUBB4A™5,

SSBT120 HSPD1%22 HSP90B1™48 TGM2T3%8 WARST32, GTF2F1T4,
PAFAH1B1T10 YAP1THO PSMD41264 EIF4HT!0 RCN1TH00 SF3B4T14,
LARP1T670 FNBP4T4™ NAP1L472 CHMP5™® RTCBT*** respectively. This ex-
ample highlights problems with both precision, as ERK1/2 were not found, and speci-
ficity, as many indirect or non biological targets of MAP2K1/2 were found, in this
dataset. For this reason, I considered this annotation improper to determine which

kinases were active and chose to rely exclusively on the PhosphositePlus annotation.

C.6 Total proteomics

A total protein measurement was generated in parallel with the phosphoproteomics.
The distribution of p-values for the differential expression analysis of the total pro-
teomics following treatment for 4h of IMR32 and N206 cells with AEW541 10 puM
and/or AZD6244 10 pM or DMSO displays a heavy skew from a uniform distribu-
tion, with many more low p-values than expected by chance. This suggested that
some proteins were indeed differentially regulated, however this was not picked up
by the false discovery rate approach because the signal-to-noise ratio is insufficient to
yield extreme enough p-values. The relative abundancy of p-values < 0.05 suggested
that it was not possible to reach an FDR below 30% (Figure Appendix.16). So as to
extract protein differentially expressed in both cell lines, I filtered for proteins with
p < 0.05in at least 4 of the 6 conditions (2 cell lines x 3 treatments). 17 proteins
fullfilled this criteria: CD97, APEX2, CALD1, CASP7, EIF6, GPATCH2L, HMX1,
HSP90AA4P, ID1, JUNB, MRPS34, MT.ATP6, MYCN, PSMA3, SHISA6, TMEM201
and TUBB4A. MYCN was particularly interesting because the corresponding phos-
phorylated peptides were also downregulated, unlike for the other proteins of this
list (Figure Appendix.16). This suggested that the dephosphorylation of MYCN was

specifically driven by the inhibitions and could be the cause for its downregulation.
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Figure Appendix.16: p-values distribution from the differential expression analysis
on total proteomics data of IMR32 and N206. Phosphosites for proteins seeming
differentially expressed in 4 out of 6 conditions.
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D Supplementary analysis on NF1 KO data

D.1 Batch normalisation of NF1-KO perturbation data

In NF1KO plex panels, an important part of the variance was due to batch effects
(Figure Appendix.17). In order to remove this unwanted variation I divided each
readout by the mean value in the batch, i.e Myy™ = M,,/mean(Msnared,r) Where

M is the experimentally measured matrix with treatment in rows and readout in the

columns.
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Figure Appendix.17: Plex measurements of LAN5 (top) and SHSY5Y (bottom) before

(left) and after (right) batch normalisation.

D.2 LANS5 NF1-KO fitting summary
WT LANS5
Score= 0.8"

## [1] "Best fit: 42.249 ,
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Figure Appendix.18: Graphical representation, qqg-plot and direct comparison with
the data of the predictions of the WT LAN5 model.

from to residual Res_delta adj_pval

IGF1 S6K 39.9947651907667  2.25434782676026
IGF1 mTORC1 39.9978401962135 2.25127282131351
EGF ERK 40.7131926278426  1.53592038968441
AKT ERK 41.2781393566993 0.970973660827653
mTORC1 ERK 41.3978078272604  0.851305190266601
mTORC1 RAS 41.4573241423871 0.791788875139872

—_ = = e e

Table Appendix.30: Best extensions for the WT LAN5 model.
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E1.2 LANS
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Figure Appendix.19: Graphical representation, qqg-plot and direct comparison with
the data of the predictions of the E1.2 LAN5 model.

from

to

residual

Res_delta

adj_pval

MEK
ERK
ERK
AKT
PISK
AKT

PI3K
PI3K
AKT
RAF
NF1
RAS

50.5228874933907
50.5228874933973
51.6629035029937
57.101630359108

57.1016303591084
57.1016303591117

9.03095340038076
9.03095340037416
7.89093739077768
2.45221053466338
2.45221053466298
2.45221053465971

0.24
0.24
0.45
1.00
1.00
1.00

Table Appendix.31: Best extensions for the E1.2 LAN5 model.

139



E30.1 LANS

## [1]

"Best fit:

Log-fold change Experimental data
E X X x
X o w ©
< w = o

| | | .
0.22 0.61 069  -0.14
0.28 017  -0.17 -0.0038 4
1.44 173 0.85 0.62
0.58 1.24 0.65 0.4 3
0.44 1.1 0.46 0.65
1.99 1.24 2.27
0.84 29
1.72 0.53
-1.7 0.13 0.3 -0.27 4
-2 0.56 063  -0.25
0.22 1.29 127  0.029
0.78 -1 095  0.099 04
013  -077 062 -0.042
053 -0.95 046  -0.051
177 -068  1.02 0.88 -
0.83 -1 0.27 0.13
0.74 -1.2 0.26 0.23 >y
-0.73 | 1.31
0.03 1.01 1.98
-0.38 087 [L247 -3
0.74 0.15 037  -0.14
1.63 1.44 085  0.017
227 | 111 13 4

43.455 ,

Score= 0.71"

Normal Q-Q Plot

Sample Quantiles
05 00
Il Il

-1.0

-15

-2
Log-fold change Simulated data
= N4 X
X o w 5
< w = n

) | | |
-0.16 034 018  -0.07
-0.013 -0.094 -0.048 -0.015
0.93 1.04 0.54 0.62
0.76 1.38 0.72 0.55
0.91 0.95 0.49 0.61
1.83 0.94
217 112
1.74 0.9

-1 0 0 -0.6
-0.82  1.04 0.54 -0.4
-0.11 | 1.83 094 0074
0 -1.4 013 -0.11
-0.16  -12 032  -0.19
-0.013  -15 0075 -0.12
093  -0.79 0.7 0.49
076  -0.58  0.89 0.41
091  -085 065 0.47
-031 | 1.13
-0.11 132 2.3
-0.37  1.08
0 0 0 -0.24
0.93 1.04 0.54 0.15
I 133 0.94 127

T T T T
-1 0 1 2

Theoretical Quantiles

(data - simulation) / error

E X X

X

X ['4 w ©
< w = n
20 0.53 0.44 102 -024 [Ceritinib
’ 0.4 044 -023 0.037 (Lorlatinib
0.7 1.14 063  0.0048 FEGF
15 -026 -0.24 -014 -053 [Ceritinib+EGF
-065 025 -0065 0.3 FEGF+Lorlatinib
-0.68 027 | 058 -092 [IGF1
10 07 039 -055 [N -Ceritinib+IGF1
-046 -0.033 -073 031 FIGF1+Lorlatinib
051 -0.91 022 0.59 144 | -PI3Ki
1.7 | -081 017 052 [EGF+PI3Ki
0.45 -0.9 0.65  -0.15 -IGF1+PI3Ki
0.0 1.07 061 AN 07 MEKi
0.41 0.75 0.61 049  rCeritinib+MEKi
0.75 0.89 0.77 0.23  -Lorlatinib+MEKi
-05 019 = 064 FEGF+MEKi
0.087 094 -12  -093 [Ceritinib+EGF+MEKi
~10] -024 -055 -077 -083 [EGF+Lorlatinib+MEKi
0.055 -0.69  0.35 02 FIGF1+MEKi
-059 023 -062 -11 rCeritinib+IGF1+MEKi
-1.5q -0.097 -0.0094 -043 034 [|IGF1+Lorlatinib+MEKi
1.01 0.24 0.74 034 rmTORCH1i
_2 097 = 067 062 -044 EGF+mTORCTi
: 0.15 0.74 0.32 01 FIGF1+mTORCH1i

Figure Appendix.20: Graphical representation, qqg-plot and direct
the data of the predictions of the E30.1 LAN5 model.

comparison with

from to

residual

Res_delta

adj_pval

S6K
AKT
ERK

PI3K
ERK
AKT
ERK PI3K
MEK PI3K
mTORC1 PI3K

42.4704029466845
42.5636012064792
42.7420253291673
42.9019916929389
42.9019916929825
42.910336330829

0.984560531308993
0.891362271514268
0.71293814882614

0.552971785054616
0.552971785010961
0.544627147164533

— = = e e

Table Appendix.32: Best extensions for the E30.1 LAN5 model.
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D.3 Modelset LAN5 NF1-KO

All LANS single cell line models were in good agreement with the data and had the
same topology as no extension could significantly improve any of them. This made
them suitable for a ModelSet fitting. The LAN5 ModelSet reaches a good agreement
with the data for all cell lines (Figure Appendix.22) by relaxing 9 of the 17 parameters.

## [1] "Best fit: 162.64 , Score= 0.86"

LANS WT LAN5 E1.2 LANS5 E30.1

modelSet parameters rowwise scaled to mean

~—
— A o
~— ™
< Ll Ll
LO Lo Lo
=z =z =z
< < <
| | —
1 1 1
2.31 2.31 2.31  AKT->mTORCH1
-1.5 -0.3 -0.067 r Ceritinib—>PI3K
4 -33 0.2 0.13 r Ceritinib->RAS->RAF->MEK
-0.3 1.38 0.99  EGF->PI3K
[ s [ om | os - EGF->RAS->RAF->MEK
24 -4.8 -0.074 -0.13  ERK-—>RAF->MEK
-0.68 0.02 0.1 - ERK->S6K
4.42 4.42 4.42 + IGF1—>PI3K
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0.63 0.63 0.63 r PISBK->AKT
0.24 0.24 0.24 - mTORC1->S6K
-4 -0.64 -0.64 -0.64 + IMEK
14 1.4 1.4 ~ iPIBK
. -0.57 -0.57 -0.57 r imTORCA1

Figure Appendix.21: Graphical representation and paths values of the NF-KO LANbS
ModelSet.
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Figure Appendix.22: Direct comparison of the predictions of the NF-KO LAN5 Mod-
elSet.
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D.4 SHSY5Y NF1-KO fitting summary
WT

## [1] "Best fit: 43.552 , Score= 0.61"

Normal Q-Q Plot

s
2 o
&
T
o
T
2 1 0 1 2
Theoretical Quantiles
Log-fold change Experimental data Log-fold change Simulated data (data - simulation) / error
X £ x X X £ x ¥ £ x
w o ¥ o U o X © ¥ X ©
= w < o0 = w < w <
I I | I | I

00000 -023 |- EGF+mTORCTi

X
=
ooooo - 06! 078 |- Ceritinib
0.32 06 1.60 4 0.56 o 0.0095 0.49 -0.52 088 |- EGF
0.0s3 0.26 0.44 -097  -0038 15 062 015 078 022 |- Ceritinib+EGF
o 016 -0.0062 —12 001 0.049 078 |- IGF1
017 = ~0.065 10 038 -0.031 - ~ Ceritinib+IGF1
s 0.56 -1 ] 025 001 018 |- mTORCHi
o087 -1 092 031
- 7 |- IGF1+mTORCHi
5 |- MEKi
ooooo - ~ Ceritinib+MEKi
— EGF+MEKi
———————————————————————— ~ Ceritinib+EGF+MEKi
- 086 |- IGF1+MEKi

0.56
82 - — Ceritinib+IGF1+MEKi

ooooo -0.062 -0.31 —0.84 o o -0.3 -03 151 —0.14 01 —0.0071 —089 |- PI3Ki
-4 0.56 0.022 -03 -0.056 0.15 0.77 0.71 0.74 — EGF+PI3Ki

I -0.16 -0.0062 -03 -037 e I -1 -0.22 029 —0.86 |- IGF1+PI3Ki
Figure Appendix.23: Graphical representation, qq-plot and direct comparison of the
results of the WT SH-SY5Y model.

from to residual Res_delta adj_pval

EGF mTORC1 41.4901186733801 2.06226987961616
Ceritinib ERK 41.5787682261239 1.97362032687229
Ceritinib mTORC1 41.7188955696511 1.83349298334509
Ceritinib  S6K 41.7189041444509  1.83348440854535
EGF ERK 41.8457048496165 1.70668370337969
IGF1 ERK 41.8694358940522  1.68295265894404

— = e e e

Table Appendix.33: Best extensions for the WT SH-SY5Y model.
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E1.2

The fit for E1.2 SH-SY5Y is overall good, except for the S6K and MEK measurements
under Ceritinib+EGF+MEK] treatment. The model cannot explain the downregu-
lation of those readouts conpared to EGF+MEKi. It is unlikely to be an off-target
effect of Ceritinib on the EGFR because EGF+Ceritinib is very similar to EGF alone

for those readouts.

## [1]

"Best fit: 87.741 ,

Sample Quantiles

Figure Appendix.24: Graphical representation, qg-plot and direct

Score= 0.58"

Normal Q-Q Plot
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2Bl . o oo [ B | m——
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077 0057 052 00092 0.41 0.077 ~0.46 065 [ Ceritinib+IGF1+MEKi
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14 04 0.062 0.64 1.66 066 074 o8 ~0.42 -0.43 —1.1 -027 | EGF+PI3Ki

14 045 187 167 143 045 15 151 20 ~0.056  0.0049 06 026 | IGF1+PI3Ki

results of the E1.2 SH-SY5Y model.

comparison of the

from to residual

Res_delta adj_pval

MEK
ERK
MEK

AKT
AKT
PI3K

85.3293241094879
85.32932410949
86.212943893765

2.41166699229527 1
2.41166699229308 1
1.52804720801814 1

Table Appendix.34: Best extensions for the E1.2 SH-SY5Y model



E30.2

## [1]

Log-fold change Experimental data
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Figure Appendix.25: Graphical representation, qq-plot and direct comparison of the
results of the E30.2 SH-SY5Y model.

from

residual

Res_delta

adj_pval

MEK
ERK
MEK
ERK
EGF
EGF

32.523326480093

32.5233264801666
32.5745371639582
32.5745371640485
34.2701030006243
35.2976390518479

8.50781812265404
8.50781812258045
8.45660743878886
8.45660743869851
6.76104160212271
5.7335055508991

0.30
0.30
0.31
0.31
0.78
1.00

Table Appendix.35: Best extensions for the E30.2 SH-SY5Y model
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D.5 Modelset SH-SY5Y NF1-KO

All SH-SY5Y single cell line models were overall in good agreement with the data and
had the same topology as no extension could significantly improve any of them. This
made them suitable for a ModelSet fitting. The SH-SY5Y ModelSet reaches a good
agreement with the data for all cell lines (Figure Appendix.27) by relaxing only 3 of

the 17 parameters.

## [1] "Best fit: 137 , Score= 0.76"

SHSY5Y WT SHSYSY E1.2 SHSY5Y E30.2

modelSet parameters rowwise scaled to mean

N
— N o
-~ (ap]
< w w
> > >
Yol Lo Lo
> > >
%)) w n
T I I
0p)] w wn
1 1 1
2.14 2.14 214 ~ AKT->mTORC1
10 -21 -2 -2.1 r Ceritinib—>PI3K
-0.033 -0.033 -0.033 - Ceritinib—>RAS->RAF->MEK
2.82 7.29 5.68 ~ EGF->PI3K
05 1.99 1.99 199 - EGF->RAS->RAF->MEK
1.13 1.13 1.13 - ERK->S6K
0.0 4 11.68 12.08 7.65 r IGF1->PI3K
0.85 0.85 0.85 r IGF1->RAS->RAF->MEK
0.42 0.42 0.42 - MEK->ERK
-0.5 0.29 0.29 0.29 r PIBK->AKT
0.43 0.43 0.43 - mTORC1->S6K
-0.67 -0.67 -067 - iMEK
-104 ~1.4 -1.4 1.4 F iPI3K
I 22 —2.2 -2.2 r imTORC1

Figure Appendix.26: Graphical representation and parameter values of the SH-SYHY
NF1-KO ModelSet.
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Log-fold change Experimental data
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Figure Appendix.27: Measurement (top) and prediction
NF1-KO ModelSet.

Log-fold change Experimental data
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D.6 Differential expression analysis of the NF1-KO phospho-

proteomics

To extract the effect of the inhibitors I analysed separately in each cell line the effect
of inhibitor treatment after 6h compared to the 6h DMSO control.

ALKi.6h [ Both.6h [ | MEKi.6h
°RPS6.25.236 . R|386.23.236 BRAF.1T.753
A AT
6] EIF4B1S445 RAI1411S.28F3.1S.479 .
) RPSG.QB%@1|_1_13_82 ° RAI14.1S.293 . FDR > 0.05
© o © y
2 41 o ° MBOAIZ.R?%BAS,'Q ® FALSE
S ° e TRUE
= ° X o
—82' ‘ ® . ° NA
[ ] [ ]
S
[ ]
0.
5 0 5 5 0 5 5 0 5
LFC
(a) WT
ALKi.6h [ Both.6h [ MEKi.6h
81 °
AHNAK1S.135
AHNAK.1S.
pDCD4,1§ﬁ§4G1.1s.1192 TRIO. 1S RIFAG1.1S.1192
— 61
g TRIO.18.2477 AHNAK.18.5110 FDR > 0.05
© o ”
z. R R o FALSE
S ° ° ° e TRUE
g,]° ¢ ° NA
[ ] [ ]
o *
0-
0 5 0 5 10 0 5 0 5 10 0 5 0 5 10
LFC
(b) E1.2
ALKi.6h [ Both.6h [ MEKi.6h |
AHNAK.1S5.135 ‘QHNAK.1S.135
7.51 CcCT2 TI}QG%CDCSG'1S'217 R CCDC86.1S.217
T AKT1S1.1\T..266*BP1-13-135 IP1S.737 ,  PALLD.1SBYPRIPS.737  pr o5
2 EIF4B 26.422 . 3 o e *,
S 50- oo 13 ., o o FALSE
o [ ]
S | AKT1S1718:267 ° . . s° o TRE
52.5 ¢ ° NA
0.0
10 5 0 5 10 5 0 5 10 5 0 5
LFC
(c) E30.1

D.7 GO Term enrichment in NF1-KO cell lines

I started by performing a GO Biological Process enrichment using the genes corre-
sponding to the phosphopeptides differentially expressed in either SHSY5Y NF1-KO
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(d)

Figure Appendix.28: (a,b,c) Significantly deregulated phosphosites after treatment
with Ceritinib (ALKi) and Selumetinib (MEKi) alone or in combination. (d) Venn
diagram of peptides differentially phosphorylated in each SH-SY5Y cell lines after
ALKi or MEKi treatment. FDR < 0.05.

compared to the parental cell line (Figure Appendix.29). As expected it revealed
mostly terms regulated by small GTPase deactivated by NF1 such as actin-filaments
organization (Vallée et al., 2012; Cobleigh et al., 2021) or neuron differenciation (Cre-
spo and Leodn, 2000; Sun et al., 2006). Surprinsingly however the enriched terms
were really different between the two clones, with only the two terms ’chromatin
organisation” and "'DNA replication’ enriched with p-value cutoff of 0.01 in E1.2 (Fig-
ure Appendix.29c) while morphogenesis related terms were the most enriched in E30.2
(Figure Appendix.29b).
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Figure Appendix.29: GO Biological Process enrichment for the genes corresponding
to the differentially expressed phosphopeptides in (a) both E1.2 and E30.2, (b) E1.2
and (c) E30.2 compared to the parental cell lines. FDR < 0.05, enrichment p-value
cutoff 0.01.
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D.8 Limits of kinase-substrate coverage

80-

Experiment PSP
60 -
15000~
Amino.acid % 40
10000~ s ©
oy
| I 20-
5000
S T v S T v 0 10 20 >=30
Amino.acid N_substrates
(a) (b)
Set Matched substrates Annotated substrates
PSP_RAF1 4 12
PSP_MEK1/MAP2K1 1 11
PSP_ERK2/MAPK1 61 367
PSP_ERK1/MAPK3 50 284
PSP_BRAF 4 16
PSP_ARAF 3 6
PSP_ALK 2 9
PSP_Akt2/AKT2 5 28
PSP_Akt1/AKT1 46 249

()

Figure Appendix.30: (a) Distribution of amino acid residues detected among measured
phosphosites in the NF1-KO phophoproteomics. (b) Distribution of the number of
substrates detected per kinase and (c) specific number of substrates detected and
annotated for kinases of interest.

Most of the kinase activity computed only relied on a limited number of read-
outs detected in our dataset. This is expected for some kinases with few targets,
such as MAP2K1 for which the only documented substrates are pERK17202/Y204 anq
pERK2T185/Y197 which are not distinguishable in trypsin digested peptides. However
it is not the case for most kinases, with AKT isoforms having dozens of annotated
substrates and ALK expected to phosphorylate multiple adaptors but only a hand-
ful being detected. Out of 227 kinase annotated in the PhosphositePlus annotation
no substrate phosphopeptides can be found in the data for 80 of them and only one
substrate for 48 (Figure Appendix.30b). This is mostly due to the low detection of
phospho-tyrosine (Figure Appendix.30a), which are less numerous in a cell and can

only be detected if specifically enriched (Ding et al., 2007). Those activity data must
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thus be interpreted carefully for those kinases, mostly tyrosine receptors.
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Abbreviations

ALK
AKT
ASK1
AURKA
BET

BR, AFV6OOE

cJUN
EGF
EGFR
EMA
ERK

FBXW7
FDA
GAP

GO
GSK3
IGFR
JNK
KSEA
MAPK
MAX

ML MRA
MRA
MEK
mTORC1

MYCN
NF1
NF1-KO
p38
PI3K

Neural receptor tyrosine kinase

Protein kinase B isoforms 1, 2 and 3

MAP3KS5 (Apoptosis Signal-regulating Kinase 1)

Aurora kinase A serine/threonine-protein kinase

Bromo- and Extra-Terminal domain protein family

Natively active mutated version of B-RAF with the valine (V) at
position 600 substituted by a glutamate (E)

AP-1 transcription factor subunit

Epidermal Growth Factor

Epidermal Growth Factor Receptor

European Medicines Agency

MAPK3 and MAPK1 (Dual specificity mitogen-activated protein ki-
nases 1 and 2)

E3 ubiquitin ligase (F-box/WD repeat-containing protein 7)

Food and Drug Administration

GTPase activating protein

Gene Ontology

Glycogen synthase kinase 3

IGFIR (Insulin Growth Factor Receptor 1)

JNK1/2/3 isoforms (cJUN N-terminal kinases)

Kinase-Substrate Enrichment Analysis

Mitogen-Activated Protein Kinase

Transcription regulator of NMYC

Maximum Likelihood Modular Response Analysis

Modular Response Analysis

MAP2K1 and MAP2K2 (ERK kinases 1 and 2)

mTOR complex 1 composed of mTOR (Mammalian Target Of Ra-
pamycin), RAPTOR, MLST8, PRAS40 and DEPTOR

N-myc proto-oncogene protein

Neurofibromin 1, RAS-GAP

NF1 knock out

MAPK11/12/13/14 (p38 mitogen-activated protein kinases)
Complex of phosphatidylinositol 3-kinase comprising a catalytic sub-
unit PIK3CA/B/G/D and a regulatory subunit PIK3R1/2/3/4/5/6
Local response matrix/Jacobian of differential equation systems im-
plied by an MRA network.

Global response matrix/Inverted jacobian
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RAF Wild type isoforms A-RAF, B-RAF and C-RAF (serine/threonine

kinase)
RAS HRAS, KRAS and NRAS isoforms
RTK Receptor Tyrosine Kinase
S6K/p70S6K  S6K1 (Ribosomal protein S6 kinase beta 1)
s.e.m Standard Error of the Mean

STASNet STeady STate Analysis of Signalling Networks, R package
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