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How do cells process extracellular signals?
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: How is signal processing altered in disease?
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: How is signal processing altered in disease?
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. Case study: how is signaling altered In
transformed vs normal hepatocytes?

Hepatocellular Carcinoma (HCC):
most frequent form of liver cancer, 3rd most lethal cancer

<« Genetic

alteration| - Chromosomal amplifications/
deletions, mutations, methylation
alterations (Llovet and Bruix, 2008)

d

men

c
- Heterogenous gene expression even

within adjacent tumor nodes
(Lee & Thorgeirsson et al. 2005)
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Cue-Signal-Response approach to understand
operation of signal transduction pathways
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Gaudet et al, Mol. Cell. Proteomics. 4(10):1569-90 (2005).



... Design of Cue-Signal-Response experiment
£33 oo 8 for HCC
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I HCC

Performed by Leonidas Alexopoulos

Primary human hepatocytes & HCC cell line HepG2

=» 7 extracellular ligands

-*> 7 specific chemical inhibitors (drugs

at different times = =
after stimulation ~ 7

Signal =» Phosphorylation of 17 key proteins (30 min, 3h)

using Luminex/xMAP
(bead-based ELISA)

SCEEOoi(s) >  Release of 20  cytokines  (3h,  24h)

Alexopoulos L, Saez-Rodriguez J, Cosgrove B, Lauffenburger DA, Sorger PK, Mol. Cell. Proteom, in press
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Cue-Signal-Response Compendium of 26,000 measurements
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Cue-Signal-Response Compendium of 26,000 measurements
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Visualization of
large data sets
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Visualization of
large data sets
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Visualization of

large data sets

NO-CYTO  FASL IFNg TNFa IL1a IL6 IGFI TGFa TGFb  HGF LPS
AKT LN L | N A L] A e | A L A | TV A A o AN | W AL b L, 24900
ERK12 L p 6600
G5K3 A At | A | s A | ] A A | VYN A ] A LA AA & | baad A __8000
Ikb /\ 19800
INK12 A | 3200
p38 EERE L Lt A L ﬁ AR EREREEEEY, g L] LA L | ﬁr,’l_/OO
porsi O T A et L LT CTEELCEE] i [ L [ Tlaaoe
STAT3 5700
CREB IR L] A L L I L L] L L] (3700
HistH3 T T e (T ey T (e W B S (e 1300
HsP27[ | | RARRAEN AR y CREy lwv 15Ns BEsHEs —l/vv '/ 1]24900
IRS1s LT ETET T EEL T SN LT DT DT A AN L L] 11200
ez | UL Ly T LD T L ol e LR AR (L L Ly ] 2s200
pS3 LM M M ”{ "M A QZ/ d AAEA - i: A aNa R NS Al - f: ~ M ! 2200
STAT6 1000
e LU CLCCLPI LT R B R (IR | L
:Qcmﬁ'g N2 :Dcmﬁ'g e Ixm?ﬁg Nz Ixmﬁg M2 D‘mﬁg e :Qcmﬁg e
i‘z”ﬂ.ﬁ%éé i‘g“ﬂﬁ%éé C%)Eﬂﬁ%éé fz‘aﬁ%éé i‘s“aﬁ%éé i‘z”flﬁ%éé
=z = =z = = =z .
TRaNSIETIN A\ ' I-/ TIME P_OINTS: Primary Hepatocytes
NO RESPO-_. SUSTAINED I/‘ 0, 30min, 3hrs Stronger HepG2




“ Data-driven approaches useful but
: (Inour case) provide limited mechanistic insight

Multiple Regression
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Alexopoulos L, Saez-Rodriguez J, Cosgrove B, Lauffenburger DA, Sorger PK, Mol. Cell. Proteom, in press



| Data-driven approaches useful but
(in our case) provide limited mechanistic insight
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Signaling pathway maps
summarize literature knowledge
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.. Signaling pathway maps
: summarize literature knowledge

i g i1
T C% T % W Pathway maps widespread and
| V| | A very useful but

- Pictures not computable
models to study signal processing

sitpec

- Not cell-type specific

How can we link pathway maps to signaling data
to create cell specific models?

o

pppppp - pl&n
jnk12n /JI >

O\
:

AKX
ob oLircirz\ N 2P

p53
nfkbn é




Challenges to link pathway maps to
data of signal transduction

= Make maps executable (models) so that experiments can be simulated

= Define metric to evaluate models given the data

=« Develop a framework to explore models & identify best

Saez-Rodriguez J, Alexopoulos LG, Epperlein J, Samaga R, Lauffenburger DA, Klamt S, Sorger PK,
Mol. Syst. Biol, 5, 331, 2009.



Challenges to link pathway maps to
data of signal transduction

= Make maps executable (models) so that experiments can be simulated

> Transform into Boolean (0/1) logic (AND/OR) models v

= Define metric to evaluate models given the data

= Balance fit to data with model size ¢

= Develop a framework to explore models & identify best
> (i) Compress map

(ii) Construct an ‘scaffold’ with all possible
models (all gates) compatible with map

(iii) find model with optimal metric (train) v

Saez-Rodriguez J, Alexopoulos LG, Epperlein J, Samaga R, Lauffenburger DA, Klamt S, Sorger PK,
Mol. Syst. Biol, 5, 331, 2009.



Chvallenges to link pathway maps to  data of
: signal transduction

CellNetOptimizer

Matlab toolbox, script & user interface
freely available at
http://www.ebi.ac.uk/saezrodriguez/software

Different (&complementary) from standard reverse engineering:

- Relies on prior knowledge
— in a first step, reduces search space to plausible connections

- Considers intermediates
— mechanistic insight

Saez-Rodriguez J, Alexopoulos LG, Epperlein J, Samaga R, Lauffenburger DA, Klamt S, Sorger PK,
Mol. Syst. Biol, 5, 331, 20009.


http://www.cdpcenter.org/resources/software/cellnetoptimizer/

Application to signaling in hepatocytes
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Model trained to (F5erd data
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Model trained to (Rle1erd data

- Model has . g@ Q
good predictive power LT,

(cross validation + test set)
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Explanation of residual error

- Algorithm extended to identify links missing in
map based on the fit of the data

= |dentifies links that are plausible
(supported in literature)

Saez-Rodriguez J, Alexopoulos LG, Epperlein J, Samaga R, Lauffenburger DA, Klamt S, Sorger PK,
Mol. Syst. Biol, 5, 331, 20009.



PR Comparison of primary hepatocytes
R to 4 HCC cell lines
HepG2 | Hep3B FRHURAS " FOCUS Femmm
O
Generic Scaffold of
network logical models
Primary HCC
Grap Process Mode> O Train to 5?
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[NA] (048] [028] [011] [015] [00%  [0.17]
— OnlyHCC == Both @D Connectivity _
— Only Primary == Newlink [__] Error lpaﬁg?qg?fm
OY o
[0.10]  [0.08]

Saez-Rodriguez J, Alexopoulos LG, Zheng M, Lauffenburger DA, Sorger PK, submitted.
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How different are
HCC cell lines with

respect to each
other and to primary
hepatocytes?
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.. Models of all cell ines are more different

2 to primary hepatocytes than to each other

s Define distance between
cells based on differences
in topology of models

= Including data set
AvgHCC: mixed data from
HCC cell lines

Saez-Rodriguez J, Alexopoulos LG, Zheng M, Lauffenburger DA, Sorger PK, submitted.



Network differences roughly correlate with
gene expression & phenotypical differences

Logical Models
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Lee and Horgeirsson, Hepatology, 35:1134, 2002.
Fuchs et al, Cancer Res., 68:2391, 2008.



Network differences roughly correlate with
gene expression & phenotypical differences

Logical Models Gene Expression

What i1Is common to cancer cell lines
and different to primary hepatocytes

In the functioning of the signaling
network?

Lee and Horgeirsson, Hepatology, 35:1134, 2002.
Fuchs et al, Cancer Res., 68:2391, 2008.



Specific pathways

£38 <20 ¢ determine major differences
Frimaﬁ All .
HCC Ii"iE
some HCC
MNFKB
= Only active in HCC cell lines: = Difference in NFKkB activation:
Insulin—.. - AKT—GSK3 TNF dependent only in HCC

= HSP27 phosphorylation: TNF+TGFa in primary

ERK mediated in primary



Specific pathways

determine major differences
Frimaﬁ All ,
HCClings
some HCC

Fold increase of signal

m= Primary ™= HepG2 == Hep3B
e Huv Focus

TNFa TGFa, THNFa
FPI3Ki FPl3Ki

© |- Wl DG

MFAT Bcat

Only active in HCC cell lines: = Difference in NFKkB activation:
Insulin—.. - AKT—GSK3 TNF dependent only in HCC

HSP27 phosphorylation: TNF+TGFa in primary

ERK mediated in primary



What is the origin of
these differences?

MFAT Bcat

Only active in HCC cell lines:
Insulin—.. - AKT—->GSK3

HSP27 phosphorylation:
ERK mediated in primary

kB

MFKB

, Specific pathways
determine major differences

Frimaﬁ
HCC IiniE

All
_

some HCC

Fold increase of signal

e HuT

m= Primary ™= HepG2 == Hep3B

Focus

TNFa
PI3Ki

TGFa,TNFa
PI3Ki

- il DG,

Difference in NFkB activation:
TNF dependent only in HCC

TNF+TGFa in primary




o, Specific pathways
® o | J ] [] »
: o2 3 determine major differences
...
Frimaﬁ All .
HCC Ii"iE
sT:r;eH c
Higher _ )
. expression No information
in HCOC lines about expression
Higher
C) expression Mot in model
in Primary
Fold increase of signal
m= Primary ™= HepG2 == Hep3B
s Hu7 Focus
TNFa TGFa, TNFa
FI3Ki Fl3Ki

MFAT

= Only active in HCC cell lines:

Insulin—.. - AKT—-GSK3

= HSP27 phosphorylation:
ERK mediated in primary

- il DG,

Difference in NFkB activation:
TNF dependent only in HCC
TNF+TGFa in primary
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Summary

Pathway maps are not specific
Models trained to data are much sparser and predictive

It is possible to
= Construct models specific for cell types

= Cluster cell types based on pathways models

= Pinpoint specific differences between
normal and diseased cells



Future and current directions

ata processing workflow
DataRalil

Data

CellNet
Optimizer

Model

to data
(cell/conditions)



More types

—allNlat

More experimental techniques:
- Imaging, protein arrays,
Mass Spectrometry,...

- RNAI, genetic KO, chem. inhibitors

Other disease systems:
Breast cancer,
Rheumatoid arthritis,...




Data processing workflow

DataRalil

New sources
More types

C.ellNlet

D. Kirouac:
- Databases of
curated pathways
- Protein Interaction
Networks

- Literature mining



#%:  Future and current directions

Data processing workflow

More types

CellNet
Optimizer

Link to
reverse

Model engineering
to data

(cell/conditions)




DREAM: Dialogues in Reverse
Engineering Assessment and Methods
www.the-dream-project.org

Current challenges (Sept 20th) _
1. Epitope-Antibody Recognition Link to
2. DNA-Motif Recognition Challenge eielisls
3. Systems Genetics engineering
4. Network Inference

Suggestions welcome for future
challenges!


http://www.the-dream-project.org
http://www.the-dream-project.org
http://www.the-dream-project.org
http://www.the-dream-project.org
http://www.the-dream-project.org

:  Future and current directions

Data processing workflow
|

CellNet
Optimizer

Link to
Methods to reverse
fingerprint Computable engineering
drug-effects specific

Model refinement
Fuzzy logic (M. Morris)




Future and current directions

“Linking post-translational events to genetic alterations

- To what extent are differences
epigenetic or encoded in the genome?

- Can these models improve gene
expression classifiers?

Proteins

Phenotype

Computable
specific
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