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What is critical to cell determination?

Changes In protein-protein interaction of signaling pathways?
= well addressed in the past studies
Dynamics?

= transient vs. sustained activation

What about gene expression patterns?

= under investigation

Linkage between dynamics-gene regulatory network-cell fate

= totally unknown



Importance of dynamics study of RTK

1. Deregulation of signal transduction pathway is involved in
many diseases. - 50% of cancer

2. < 20% of human genome encodes signal transduction-
related proteins.
However.....
Signal transduction is transient.
Protein modification, protein-protein interaction, kinase

activation, gene expression.

Dynamics, not static, study is essential.



1. Kinetic Modeling of ErbB Signaling Network
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1. Kinetic Modeling of ErbB Signaling Network l,—
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Effect of PP2A
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Leading a hypothesis from simulation: PP2A effect
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Possible signal amplification mechanism in cellular transformation
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Cell-, Condition-specific expression modules
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1,975 arrays
- different experimental sets!

22 tumor types

Hierarchal clustering
Probability scores
Validation analysis
Clinical annotations

Cancer specific modules
Condition specific modules

However...

RTK regulates gene expression rapidly.

A module map showing conditional
activity of expression modules in cancer. Dynamic time-series data is essential

Segal E, et al. Nat Genet. 2004



2. Gene Regulatory Network

Genetic network
S-System
Bayesian network etc

Time course data of mMRNA expression
(Microarray, GeneChip, RT-PCR)
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Prediction of Gene regulatory network
- A S-system example

612 putative ORF

— 24 clusters + disrupted gene

14 time points data

2

Prediction of the regulatory
relationship between 25 clusters

Prediction of gene function

Cluster containing large # of Energy metabolism related genes
Cluster containing large # of unknown function genes Kimura et al Bioinformatics 2004



Project target

|dentification of cancer cell-specific signaling pathway
- signaling architecture (crosstalk, positive/negative feedbacks)
- dynamics (duration, amplitude, timing)

Relationship and specificity I 1. Development of modeling/analytical methods

ldentification of cancer cell-specific gene requlatory network
-Regulatory network modules

-Metagenes
Backup from RIKEN
2. Application ST T TS
_ _ - =" Structure elucidation
o _ _ “~_ Direct protein interaction
Clinical diagnosis S -Dr. Yokoyama

|
Pharmaceutical development ' Screening (in silico)
! -Dr. Taiji
" Disease model
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Untangling the wires: A strategy to trace functional
interactions in signaling and gene networks
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Emerging technologies hawe enabled the acgquisition of large genom-
ks and proteomics data seis. However, current methodologies for
analysis da not permit interpretation of the data in ways that enravel
ceflular networking, We propost & quantilative methad for deter-
minirg functional imteractions in ceulae sigraling ard gene net-
weorke. It can be used to explore cell yyitems ot & mechanistic bevel or
applied within a *“modular framenssor, which dramatically deoeases
the number of variables o be sisped This method & baved on a
miathematical derfvation that demorstrates how the topology and
strengih of netwark (onnecthong Cam be retrismd lnom axperimen-
tally measured network responses b suotessive perturbations of all
moclules. Impariantly, our analysis can reveal funciional irteractions
e wibien the components of the system s not ol known. Undéer
these dincismatanoes, some oonnections netriieved by the analysis wall
mot be diresct bt comespond to the intersction routes throwgh
unidentified elements. The method is tested and illustrated by uting
computer-generated responsss of a modeled mitogen-activaied pro-
tein kinase cascade and gene netanork.

dvances in high-throughpuei genomics and proteomics analysis
faciliiate the monaosns of the canrcsson kevels of baroe ecne

The doumting challenge of understanding the coordinaied be-
havior of numenous modecular ineractions can be Eacilnated by
analvzing ihem within a “modular™ framework {12, 13), A complex
cellular network can be divided conceptually into reaction groups
referred $ooas functions] anits or masdoles Esch moddude onsssts of
severad signaling or gene inferactions and performs one or more
ilendifialle fasks. For imstinge, cach of the three teers of the
milogen-actnvated protein Kinme (MAFR) coscide can be consid.
ered as a funcisonal modube that imobves unphosphorylated, mono-
pumphoryiated, and baphosphorvlated forms of a peodein kinase
and the resctions coverting these forms Modiles need ot be
rigicl, and entire MAPK cascades can serve as functional madules
in n signaling nebaork that imvolves grossih cfor amd sfress.
activaled pathways For gene networks, mododes can imvolve
mAEMAs of & |_'|.;|r1i.;|,1|i|r R O P cister with n,!gl.l|:l.l|1-|':|.'
inferaction kops running throogh metabolic amd signading pathe
witys (14} Modles can e nterconnected i mulbiple wans, many
of which may e unknowi, cven when the network components are
whendified in genctic and eochemecal stdses. Fig. 1 illusirates such
potemial inferactions for a three-module cascade and dynamic
conpectaoes as well a8 possible unknown components for & gene-
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PNAS 2002



3. Molecular Simulation of protein-protein interaction
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MD simulation
- prediction of binding kinetics - prediction of domain motion

ErbB peptides Shc  Unphosphorylated
-Grb2 SH2

ErbB peptides

-PI3K p85
SH2

pY317 phosphorylated

Suenaga et al, Biochemistry 2003, JBC 2004, JBC 2005



Experiment in RIKEN: Cancer cell line (example; NCI60)

1. Gene expression analysis
-Affymetrix human array (ORF, tiling array?)
-transcription and translation ?

2. Intracellular signal transduction analysis
-western blot / multiplex method

(1) Growth hormone response
-ligand concentration variations

(2)Time course (10 min - 72 hrs: >10 points)
(3) Inhibitor / mutant effect

Suggestions for gene expression analysis and modeling method!



Ligand variation in signaling dynamics and gene expression
In ErbB expressing cancer cells
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Change in kinetics: induced by different PPI or pathway architectures?
Signal patterns: on/off switch for specific gene expression?




Ligand specific gene expression: an example of hierarchical analysis

5 min — 24 hrs time points after ligand administration

geneList B

[ ]

geneList C

|

geneList A

-geneList D

Common or distinctive patterns / network ?

Analysis by Kano, M., IBM Japan



Linking two networks

Intracellular S|gna+|ng Gene regulatory network
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Cell line 1 Cell line 2 Cell line 3 Cell line X
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We would like to address...

Cancer-cell specific....

- Intracellular signaling dynamics
- Signal amplification mechanism - common architectures?
- Key regulators

- Specific gene expression pattern, network & dynamics

We would like to develop methodologies...
- Gene expression analysis - bioinformatics
- Molecular dynamics simulation for PPI analysis

- HTP PPI, phosphorylation detection methods etc



