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Section 1



Cancer is a signalling disease
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Cancer is a signalling disease




Cancer is a signalling disease
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Section 2



Modelling biological systems

Differential equation describe the evolution of a biological system:
x = f(x,p)
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Modelling biological systems

Differential equation describe the evolution of a biological system:
x = f(x,p)
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Modelling biological systems

Differential equation describe the evolution of a biological system:
x = f(x,p)

Variabl Name Differential Equations
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Glaros et al. (2012)
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Differential equation describe the evolution of a biological system

x = f(x,p)
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Modular Response Analysis

Differential equation describe the evolution of a biological system:
x = f(x,p)
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Modular Response Analysis

Differential equation describe the evolution of a biological system:

x = f(x,p)
p; dxi  pj Ox; Xk OX; &%
Xj dpj X (Spj Py X (SX/( Xk dp_]

Kholodenko et al. (2002), Klinger et al. (2013)
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Modular Response Analysis

Differential equation describe the evolution of a biological system:

x = f(x,p)
p; dxi  pj Ox; Xk OX; &%
Xj dpJ X (Spj Py X (SX/( Xk dp_]

pj dx. _ dlog(xk)

Global response coefficient: Ry; = xc dp; _ dlog(p;)
« dpj g

Kholodenko et al. (2002), Klinger et al. (2013)
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Modular Response Analysis

Differential equation describe the evolution of a biological system:

x = f(x,p)
p; dxi  pj Ox; Xk OX; pj dx
x; dpj X; 0pj pr X; OXye X dpJ

Pi dxi d log(xk)

X dp; — dlog(p))

s . dx; dlo
Sensitivity to perturbation: s; = Py 0% 8(x ';

xi op;  dlog(p;

Global response coefficient: Ry; =

Kholodenko et al. (2002), Klinger et al. (2013)
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Modular Response Analysis

Differential equation describe the evolution of a biological system:

x = f(x,p)
p; dxi  pj Ox; X 0X; &%
Xj dpJ X (Spj Py X (SX/( Xk dp_]

pj dx. _ dlog(xk)

Xk dp;  dlog(py)
pj 0x; _ dlog(x;)

xi 6p;  dlog(py)

X OX; .
. = for k #£
Local response coefficient: rix = ¢ x; dxx

—1 otherwise

Global response coefficient: Ry; =

Sensitivity to perturbation: s;j =

Kholodenko et al. (2002), Klinger et al. (2013)
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Modular Response Analysis

Differential equation describe the evolution of a biological system:

x = f(x,p)
p; dxi  pj Ox; X 0X; &%
Xj dpJ X (Spj Py X (SX/( Xk dp_]

pj dx. _ dlog(xk)

Xk dp;  dlog(py)
pj 0x; _ dlog(x;)

xi 6p;  dlog(py)

Global response coefficient: Ry; =

Sensitivity to perturbation: s;j =

X 0X; .
. T for k £
Local response coefficient: rix = ¢ x; dxx
—1 otherwise
—sj = —Rj + Z rik Rig = Z ik R

k#j
Kholodenko et al. (2002), Klinger et al. (2013)
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Modular Response Analysis

Differential equation describe the evolution of a biological system:
x = f(x,p)
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X OX; .
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—1 otherwise

Sensitivity to perturbation: s; =

R=—r"1§

Kholodenko et al. (2002), Klinger et al. (2013)
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Using Modular Response Analysis
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Using Modular Response Analysis

A B D E

A -1 0 0 0 0

B 0 -1 0 0 0
r=C reca res -1 0 0
D 0 0 rpc -1 0

E 0 0 I'DE 0 -1
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Using Modular Response Analysis
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Using Modular Response Analysis

C D E

A 1 0 0 0 O

B 0 1 0 0 0
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D | rcarpc  reoros roc 10
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Maximum likelihood MRA

-1 measured 2
—r."Ap— R"
—log(L) = RSS = Z ( i 2P~ e )

.. s.e.m;
)P

Klinger et al. (2013)
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Maximum likelihood MRA

-1 measured 2
—r."Ap— R"
—log(L) = RSS = Z ( i 2P Ty )

.. s.e.m;
15),P

abS(Rsscomplet’e - RSSreduced) ~ X2(rankcomplete - rankreduced)

Klinger et al. (2013)
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STASNet helps generating and analyzing MRA models

-

Literature network

2.1
s Network%
Perturbations _ Measurement model
1

4

Experiment

Perturbation dataset

Dorel et al. (2018)
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STASNet helps generating and analyzing MRA models

Literature network

Extension

2.1
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Perturbation dataset

Dorel et al. (2018)
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STASNet helps generating and analyzing MRA models

Literature network

Extension

Parameter
Analysis

2.1
s Network%
Perturbations _ Measurement model
1

4

Experiment

Perturbation dataset

Raue et al. (2009), Dorel et al. (2018)
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STASNet helps generating and analyzing MRA models
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Raue et al. (2009), Dorel et al. (2018)
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Section 3

Reverse engineering neuroblastoma signalling
pathways
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@ Most common extracranial tumor in childhood (6-10% of childhood
cancers)



Neuroblastoma

@ Most common extracranial tumor in childhood (6-10% of childhood
cancers)

@ Most lethal childhood cancer (15% of cancer death in children)
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Neuroblastoma

@ Most common extracranial tumor in childhood (6-10% of childhood
cancers)

@ Most lethal childhood cancer (15% of cancer death in children)
@ Spontaneous regression in about 50% of cases

@ High risk disease have less than 40% survival rate

Maris et al. (2016)
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Neuroblastoma risk factors

Event-free survival

i P=0.185
Age < 18 months + 2 18 months

P<0.001
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7 No i Yes
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P=0.298
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P=0.167
1p Normal (] Altered
i P=0.001
RAS/pS3 Mo | Yes

| S e e s e
0 2 4 6 8 10 12

Hazard ratio (95% confidence interval)

Ackermann et al. (2018)
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Neuroblastoma risk factors

Event-free survival
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=== Telomere maintenance, no RAS/p53: n = 74
—— Telomere maintenance, RAS/p53: n =35

Ackermann et al. (2018)
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Neuroblastoma cell lines represent high risk tumors

Expression

Mutations

Neuroblastoma cell line

LAN6
SKNSH
NBEBC1
IMR32
N206
SKNAS
KELLY
NGP
CHP212

RPKM

TerTh oA -

ATRX s s s s s 67% I
ALK s —_— 33%
ATM — — 33%

KRAS mm — — 33%
NF1 ] -— —_— 33% I

NRAS e — — 33%

PRKDC — — — 33%
CDKN2A — —_— 22% W
MAPKS8 — —_— 22%
MTOR — — 22% W
P53 - - 22%
ATR — 1% B
BRAF — 1% B
DEPTOR mmm 1% B
MAPK10 —_— 1% B
PIK3CA 0% M SNV
RICTOR 0% B DEL

Collaboration: Joern Toedling and Matthias Zhiem
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Neuroblastoma cell lines show heterogeneous response to
MEK, ALK and mTORC1 inhibitions

Neuroblastoma cell line
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MEK inhibition sensitivity is bimodal

Sensitive

— CHP212
— LANG
~— NBEBCA1

1.01

Resistant

— IMR32
- KELLY
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— NGP
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AZD6244 concentration [M]
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A perturbation panel was used to investigate drug resistance

in neuroblastoma

Panel of six
NB cell lines
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24h
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The panel of neuroblastoma cell lines shows high variability
in perturbation response

Treatment

MEK:i sensitive

MEK:i resistant

CHP212 LAN6 SKNAS  SKNSH

| | L]
|
NONZENY XOXZIX XOXZIY XONZEY X
mmm%xw mmm%xo mmm%xw mmm%xo w
s °1.u8<(<0 = °1.u3<(w = °1.u3<<0 s °u.|3<(f/> =
Readouts
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The panel of neuroblastoma cell lines shows high variability
in perturbation response

10 ° IMR32
IC50 MEK:i
5 | —
-7 1 -5
< °KELLY 10 0
S o
O |
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S| _SKNAS ‘
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T N © ) o >
SKNSI—C|> % N <Z[ <ZE 2 =
10 0 10 4 o - X = vz
PC1 (42%) n O n
Principal Component Analysis Hierarchical clustering
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A fixed parameter strategy to homogenize the models
despite different topologies

Literature network Initial

SO model fit
)

i

©

Perturbation data
-
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600

I Initial model

400

Residual

“

#data
points
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Cell line
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A fixed parameter strategy to homogenize the models
despite different topologies

Literature network

Initial Model extensions &
SO model fit refit
)
‘%
©
Perturbation data
-
-
=]
m |
-
600 I Initial mode
M Model extension
T 400
o
3
@ 200 a
#data
points
O CHP212LANG SKNASSKNSHKELLY IMR32
Cell line
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A fixed parameter strategy to homogenize the models
despite different topologies

Literature network

Initial Model extensions & Fixed inhibitor Parameter
@ model fit refit parameters comparison
A
i
©

Perturbation data

600

I Initial model

M Model extension
I Fixed inhibitors

T 400

=]

3

© 200 9
#data
points

0 CHP212LANG SKNASSKNSHKELLY IMRZ2
Cell line
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ERK—RAF feedback intensity varies between cell lines

00 00 Oe Oe
Lo}
KELLY @ @LAN6
SKNAS

SKNSH @ @ CHP212
IMR32
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ERK—RAF feedback intensity varies between cell lines

Model parameters

RAF->ERK->RAF - -29 -26 -14 -8 -18 -84

PIBK->AKT- 14 14 14 087 1 026
p38->SBK- -95 -46 -46 =110 0 0

mTORC1->S6K- 09 093 13 19 09 074

MEK->ERK- 18 043 083 049 12 075

Intracellular signalling

[ 19}
© ERK->S6K- 059 24 1 57 049 021
jole] 8.
© oo ERK->CJUN- 0.28 0.63 -0.010 0.98 0.29 0.093
O
‘ ASK1->p38 - ~0.038-0.048-0.023-0.003-0.047 ~0.27*
jele]
© o %)
N o < ASK1->MEK- -023 -051 0 0 0 =20
a2z
p38 I <X
B [SE) AKT->mTORC1- 11 13 073 01 075 082
X [ X ]
Y 1} ;
© ® N © nn > I
538 N 2 < 4J40 2
sgs g 3gg¢z
5 ¥ = 6 5 X & =
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Cell lines resistant to MEK inhibition tend to have a strong
MEK feedback

BEs B e

Mathurin Dorel Reverse engineering signalling networks in cancer



Cell lines resistant to MEK inhibition tend to have a strong

MEK feedback

»

log2 FC pMEK
MEKi vs control
N

(M]
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Targeted experiment to probe MEK feedback activation

IMR32 KELLY N206
DgE3epfazieslsgies
GF
IGF1 [
MEKi Log2FC
GF+MEKi ] Z
IGF1+MEKi [ | o
RAFi "
GF+RAFi [ | .,
IGF1+RAFi [ |
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Targeted experiment to probe MEK feedback activation

GF
IGF1 [ ]
MEKi
GF+MEKi
IGF1+MEKi [ |
RAFi
GF+RAFi
IGF1+RAFi [ |
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Targeted experiment to probe MEK feedback activation

p=0.96 p<10? p<107
| — | | —
+ - +

-7.6

100

50

O]n
- +

S6K->IGFR

Residual

ERK—>RAF->MEK -8.4

S6K—IGFR->RAF->MEK 0.026

S6K—>IGFR->PI3K—>AKT 0.014 1.7 -3.7

O-0-HH-C

IMR32 KELLY N206
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Targeted experiment to probe MEK feedback activation

p=0.96 p<10™” p<107
| — |

100

50

<10
,
o]l II !
S6K=>IGFR - + - + - 4 @
ERK>RAF->MEK = 8.4 -8 ' @
S6K—>IGFR>RAF>MEK  0.026 = -7.6
S6K>IGFR>PIBK>AKT 0014  -17  -3.7

IMR32 KELLY N206

Residual

O-0-HH-C
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Vertical inhibition can break the feedback-mediated
resistance

@D RAFi @D IGFRi

LY300912 [uM] AEW541 [uM]

S = = @
O O OO v« Ww O O O «~ ™ @
@ 0 0 @
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o B
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s s
@25 "2y @
3 3
8 KELLY 1 N
§ 3 5
< 10 10 >, @
0 0
% Growth 0.1 o1
inhibition 1 :
s N20 :
S s 3
S P \Q 10 10
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Conclusion: Neuroblastoma signalling (Dorel et al. (2021))

o Neuroblastoma cell lines represent very high risk tumors.
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@ Sensitivity to MEK, ALK and mTORCL inhibition varies.
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Conclusion: Neuroblastoma signalling (Dorel et al. (2021))

o Neuroblastoma cell lines represent very high risk tumors.
@ Sensitivity to MEK, ALK and mTORCL inhibition varies.

@ Sensitivity to MEK inhibition seems related to the strength of the ERK
feedbacks.
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Conclusion: Neuroblastoma signalling (Dorel et al. (2021))

o Neuroblastoma cell lines represent very high risk tumors.
@ Sensitivity to MEK, ALK and mTORCL inhibition varies.

@ Sensitivity to MEK inhibition seems related to the strength of the ERK
feedbacks.

@ MEK inhibitor resistance can be overcome with IGFR or RAF vertical
inhibition.
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Section 4



NF1 is RAS GTPase-activating protein




An NF1 KO isogenic panel sheds light on the role of NF1 in
neuroblastoma

Generation of Perturbation with Phosphoprotein
NF1 KO cell lines ligands & inhibitors measurements
parental E1.2 E30.1
clecr  £lPiski
£ E mTORCH1i
LANS ElCrt xglMEki
8 ?
24h PDGF 3|+ ALKi
starvation
Cas9 + NF1-sgRNA —
Sooo
Sooo
SHSY5Y C——1 Multiplexed

bead-based ELISA
parental E1.2 E30.1

Collaboration with Mareike Berlak.
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An NF1 KO isogenic panel sheds light on the role of NF1 in
neuroblastoma

Generation of Perturbation with Phosphoprotein
NF1 KO cell lines ligands & inhibitors measurements
parental E1.2 E30.1

£ [PI3Ki
£ E mTORCH1i
LAN5 E[IGF1 , oM
SINGF X §|MEKi
24h PDGF 3|+ ALKi
starvation
Cas9 + NF1- ngNA —

SHSY5Y / Multiplexed
bead-based ELISA

parental E1.2 E30.1

LAN5S SHSY5Y
WT E30.1 E1.2 WT E30.1
. Inhibitor
DMSO
MEKi
] Rt
PI3Ki
|| LFC
= e =" b
= :
L -2
r r I . o
Stimulation
| . WecF
B o
PBS
ALKi
W | Ceritinio
¥ X E X X X E X X X E X X X E X X X E X X X E X §%5
WX o weg X Wi X o Uy X o g X8 WwegXx o 232
2432 z4¥43I82zEIQ z¥gi@zysezyig g‘g
E =
7]
Collaboration with Mareike Berlak.
P = a a m q
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NF1 deletion weakens the ERK—RAF feedback

> -
Linked parameters
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NF1 deletion weakens the ERK_

LANS L_ModelSet SHSY5Y  S_ModelSet
Cell_line

Model

I e12
B es0:
. ModelSet

0 owr

> <
Linked parameters
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NF1 deletion weakens the ERK—RAF feedback

Model
I e12
B es0:

. ModelSet
wT

=zl

_____ LANS L_ModelSet SHSY5Y S_ModelSet
Lin;d param:ters Cell line
LAN5 SHSY5Y
231 231 231 AKT->mTORC1 214 214 214
-0.30 -0.07 -1.53 ALKi->PI3K -2.06 -2.06 -2.06
020 0.13 -3.35 ALKi->RAS->RAF->MEK -0.03 -0.03 -0.03
1.38 0.99 -0.30 EGF->PI3K 7.29 568 282
-0'49- EGF->RAS->RAF->MEK 199 1.99 1.99 Rowwise relative value
-0.07 -0.13 -4.84 ERK->RAF->MEK -1.30 -4.31-71.52 1
0.02 0.11 -0.68 ERK->S6K 113 113 113 8'5
442 442 442 IGF1->PI3K 12.08 7.65 11.68 -05
089 089 089 IGF1->RAS->RAF->MEK 085 0.85 085 =1
151 1.74 052 MEK->ERK 042 042 042
0.63 063 063 PI3K->AKT 029 029 029
024 024 024 mTORC1->S6K 043 043 043
o~ A = N N =
g s Iog
w w
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NF1 deletion desensitizes to ALK inhibition but increases
sensitivity to MEK inhibition

No response Complete MEK inhibition
of NF1 KO response response
—l—
AN AR M TR AT ek AT

Bl replicate  replicate
Cell_line r
I | Timepoint B

[ |
I . Drug Cell_line

T A T
I IN In N 111 NID N
‘'Hl I | N B
[ FRN] lII-

el T | = —
g T TR wT
= — = R R ME12
s S a - N F T™T W E30.2
- —— = intensities Timepoint
i - e B - 10 Oh
B B iy B cmiem 5 1h
w— P el 0 Moh
T:_- = = I‘5 Drug
e T i St — e -10 DMSO
=, S s =ia . ALKi
- el _-—— - B MEKi
- A Both

Collaboration with Mareike Berlak and Tomasso Mari.
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Conclusion: NF1 KO in neuroblastoma (Berlak, Tucker,
Dorel et al. (2021))

@ NF1 KO decrease MEK feedback strength.
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Conclusion: NF1 KO in neuroblastoma (Berlak, Tucker,
Dorel et al. (2021))

@ NF1 KO decrease MEK feedback strength.
o MAPK pathway is desensitized to ALK inhibition by the loss of NF1.

@ ALK inhibitor resistance can be overcome by an additional MEK
inhibition.
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Section 5



Conclusion

During this thesis, | :

@ Developed an R package called STASNet to build and analyze MRA
models
Dorel et al. Bioinformatics (2018).
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@ Isoform-specific Ras signaling is growth factor dependent,
Hood, Klinger et al. Molecular Biology of the Cell (2019).
o Cell type-dependent differential activation of ERK by oncogenic KRAS in colon
cancer and intestinal epithelium,
Brandt, Sell et al. Nature Communication (2019).
o The Impact Of Double X-Dosage On Signaling Pathways Implicated In
Pluripotency,
Sultana et al. (pending submission)
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Conclusion

During this thesis, | :

@ Developed an R package called STASNet to build and analyze MRA
models
Dorel et al. Bioinformatics (2018).
@ Isoform-specific Ras signaling is growth factor dependent,
Hood, Klinger et al. Molecular Biology of the Cell (2019).
o Cell type-dependent differential activation of ERK by oncogenic KRAS in colon
cancer and intestinal epithelium,
Brandt, Sell et al. Nature Communication (2019).
o The Impact Of Double X-Dosage On Signaling Pathways Implicated In
Pluripotency,
Sultana et al. (pending submission)

@ Suggested new combinations to sensitize high risk neuroblastoma to
MEK inhibition
Dorel et al. PLoS Computational Biology (2021).

@ Helped elucidate how NF1 inactivation leads to ALK inhibitor resistance
but also induces MEK inhibitor sensitivity
Berlak, Tucker, Dorel et al. Molecular Cancer (2022).
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@ Improve STASNet performance to model larger networks.



Outlook

@ Improve STASNet performance to model larger networks.

o Characterize the MAPK feedbacks and associated resistance in more
neuroblastoma cell lines as well as patient samples.
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@ Investigate how exactly knockout of NF1 weakens the ERK—RAF
feedback.
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Outlook

@ Improve STASNet performance to model larger networks.

o Characterize the MAPK feedbacks and associated resistance in more
neuroblastoma cell lines as well as patient samples.

@ Investigate how exactly knockout of NF1 weakens the ERK—RAF
feedback.

@ Screen how neuroblastoma could overcome MEK combination therapies.
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Boolean networks

RTPK_f

| MAP3K7 | | CK1_f | PIK3CA |
| NLK |—{| FOXO_f ||—| AKT_f |

AN

Niederdorfer et al. (2020)
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Correlation between drug resistance and selected mutations
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R"2=0.2
W =0.29

-

R"2 = 0.04

® $-059

RA2 = 0.003
$-o0s88

e

R"2 =0.04
=0.59

RA2 =0.07
$-048

R"2=0.2
P=0.29

R"2 =0.03

$-o064

Ak [ am |[coknea |[ kras ][ wnr2 || nras | [ preoc | [ tess
R72 =0.007 RA2=0.1 R"2=0.3 R"2=0.1 R"2=0.02 R"2 =0.02 R7"2=0.03 R"2=03
P=0.83 P=0.31 P=0.16 P=0.31 P=0.7 P=0.73 P=0.65 P=0.16

R"2 =0.003
=0.88

vy29azyv

upAwedey

-6
< & & o & & o o &
Mutation

Mathurin Dorel

Reverse engineering signalling networks in cancer



Correlation between drug resistance and selected gene

expression
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Receptor expression in the neuroblastoma cell lines panel

NGFR
TPM scaled by
max TPM

PDGFRB max
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Cell line
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Receptor stimulations are the main source of variation
between cell lines

Model parameters
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Adapters and ERBB receptor family expression in the
neuroblastoma cell lines panel

SRC
SHC14
SHB
NCK2
NCK14 4.2 TPM scaled by
IRS44 0.0022 0 0.0044 0 max TPM
IRS2 1 1.8 1.7 1.2 max
o IRS1 0.88 1.3 4.1 l
& GRrB2 23 31 29 85
O GraP2- 0.018 0.0026 0.0011
GRAP 1 0.0095 0.0061 0.016 = 0.045
GAB2 8.3 2.6 7.5
ERBB41 0.046 0.02  0.032 min
ERBB3 0.036 0.029 0.018 0.084
ERBB2+ 0.74 0.029  0.054 0.0045
EGFRA 12 14
EGF 0 0.0021
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Response of pMEK to MEK inhibition correlates with MEK
inhibitor sensitivity
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Combination of MEK and RAF inhibition does bring down
pMEK and pERK
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NF1 deletion induces
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NF1 deletion induces proliferation and replicative stress
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NF1 deletion induces proliferation and replicative stress
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Collaboration with Mareike Berlak and Tomasso Mari.
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Removing structural non identifiability

P = H(rjk)aj“

Jrk

log P, = E ajki log rik
Jok

[A,—1] x (log r11, 2, ..., log raw, log P, . . ., /ogPM)T =0
Klinger et al. (2013)
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Removing structural non identifiability
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Removing structural non identifiability
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Removing structural non identifiability
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Removing structural non identifiability
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SHP2 KO show a differential activation pattern of the
MAPK and PI3K pathways

Mathurin Dorel Reverse engineering signalling networks in cancer



SHP2 KO show a differential activation pattern of the
MAPK and PI3K pathways

Parental

—EGF+MEKi
— HGF+MEKi
—NRG1+MEKi

— PI3Kp110i

— EGF+PI3Kp110i
—HGF+PI3Kp110i
—NRG1+PI3Kp110i
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STASNet helps solve structural non identifiability

—— ERK—>EGFR—>PIBKp110—>AKT HGF—->Met—>PI3Kp110—>AKT
NRG1—>HER2—>PI3Kp110—>AKT =—— RAF—>PIBKp110—>AKT/RAS—>RAF->MEK
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parameter
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— \\/
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threshold
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e 1 1 —+—— | threshold

-4 0 4 0 4 8 0 4 8 -4 0 4
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An activation of mTOR by ERK suggested by STASNet
improves the quality of the model

from to value residual adj_pval
RPS6 mTOR 1.25 4825 2.23E-02
ERK mTOR 0.24 48.25 2.23E-02
MEK mTOR 0.21 4825 2.23E-02
p9ORSK ~ mTOR 1.09 4825 2.23E-02
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An activation of mTOR by ERK suggested by STASNet
improves the quality of the model
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An activation of mTOR by ERK suggested by STASNet
improves the quality of the model




SHP2 KO weakens MEK/ERK signalling, including the
feedback, but not PI3K/AKT

dedal

GF KT h

ERK —-> AKT -

GF <1 — 3

NRG1 --> MEK | - 16412 @ @
HGF --> MEK 3@

ERK ——> MEK N \
EGF ——> MEK |

mTOR->RPS6 -
MEK->ERK
ERK->RPS6 -
ERK->RAF->MEK -
ERK->p90RSK o

ERK->mTOR -

EE

ERK->GSK3b
AKT->pg0RSK |

AKT->mTOR -
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STASNet quantitatively predicts the effect of different RAF

inhibitors
parental SHP2 KO
© O BRAFi
B RAFi

MEK

AKT

=

MEK AKT

STASNet simulation
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STASNet quantitatively predicts the effect of different RAF
inhibitors

parental SHP2 KO parental SHP2 KO
] °7 | @ BRAFi ] “7| @ vemurafenib
B RAFi B Sorafenib
w o w0 - w
« - - -
o o o o
« ~ o« o
T - T~ T - T
MEK AKT MEK AKT MEK AKT MEK AKT
STASNet simulation Experimental measurements
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Modular response analysis
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Modular response analysis
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