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The Next-Generation
Supercomputer “K computer”




My interest on systems biology is
“Cancer’

Because ...



Cause-Specific Death Rate



Japanese

Cancer



Japanese

Die of cancer



Hack Cancer System
with Supercomputer!

Caution: If you hack supercomputer, you will be arrested.



Cancer scientists had only slit—views on

cancer

However, we have some
insights on cancer ==
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Danjuro Ichikawa — Kabuki Actor
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Why not effective to me?

Can we hope new drugs and
therapies in the future?




Cancer is
Similar to
Japanese
Bureaucracy
System
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Modified: “Hanahan & Weinberg, Cell 2000.



Angiogenesis




Known mechanisms involved in Angiogenesis
iIs very complex
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Model made by using Cell lllustrator 13



Hallmark of Cancer

Growth Factors
{e.9. TGFa)

R

Survival Factors

e iGF) B =

D. Hanahan and R. A. Weinberg.
Cell., 100(1):57-70 Review, 2000.



The Biology of Cancer

-~ 3 .

Robert A. Weinberg
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Golden Days of Molecular Biology

* Phenotypes and Genes
—Paradigm of Molecular Biology

» Super Stars in Biology
— Novel Prize Laureates

 Dramatic History
— “The Biology of Cancer”, R.A. Weinberg
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But, Very Naive Understanding and
Representation as Systems

* Draw pictures and add English narrations
for biological facts

» “Systems Knowledge” which is
unambiguously represented is at most
causal relations among molecules

* Huge gap between “what is represented”
and “what is to be represented”



Cell lllustrator Online 5.0
Java Web Start Application

© Cell Tlustrator Online (CIO)

Main menu

- Registration

Redjisierajeio

CellTllustrato

Cell Illustrator Online 5.0

it on your PC.
Get your login account through the Registration and try CIO.

If you are already registered you can check your License Status.
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Java Web Start is required to run CIO. Download the latest Java Runtime Environment (JRE) from http://java.com an.

After a successful registration you may start CIO from the web browser by pressing the Cell Tllustrator button above.

NEW CI5.0 standalone package is available for download for the licensed users from the License Status page.
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HFPNe

Extension
eReal (continuous)

Nagasaki M, Doi A, Matsuno H, Miyano S. A eInteger (discrete)
versatile Petri net based architecture +
for modeling and simulation of complex
biological processes. Genome

Informatics. 15(1):180-97, 2005. Real, Integer, Boolean,

. . | String, vector, etc.
Nagasaki, M., Doi, A., Matsuno, H., Miyano,

S. Computational modeling of biological D . lular | lization inf 6
orocesses with Petri net based - Dynamic cellular localization information

Technologies" (Y.P. Chen, ed.). Springer * Detailed molecular mechanism /- N
Press. 179-243, 2005 P




User’s Abilities Required for Cell
lllustrator

* Biology
* Mobile phone

* Math at the level of junior high
school



Place, Transition, Arc in Petri Net

Cell llustrator (software)

Original symbols of HFPNe

Examples of biological images

Type Discrete |Continuous | Generic Discrete, Continuous, and Generic
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Foundations of Systems Biology

Using Cell lllustrator and Pathway Databases

Series: Computational Biology , Vol. 13
Nagasaki, M., Saito, A., Doi, A., Matsuno, H., Miyano, S.

2009, Approx. 170 p. 145 illus. in color. With CD-ROM., Hardcover
ISBN: 978-1-84882-022-7 26,95 €

= VAT L
\ = % $ 73“‘
f Foundations of b b\

. Systems Biology
Using Cell Illustrator and y
Pathway Databases
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2. Knowledge Representation of
Dynamic Biopathways

Cell System Ontology (CSO 3.0)
Cell System Markup Language (CSML 3.0)

http://www.csml.org/



CSML 3.0 & CSO 3.0

® Native XML format for Cell lllustrator
® XML and Ontology for Biopathway
 Modeling
 Simulation

 Visualization



Features of CSO 3.0

Differ from BioPAX
« System-dynamics centered ontology.

 The ontology is implemented with Web
Ontology Language (OWL), which enables
semantic validation and provide complete and
consistent biological pathway models.

Differ from CellML
and SBML

Cell System Ontology: Representation for Modeling, Visualizing, and Simulating Biological Pahtways,
Euna Jeong” Masao Nagasaki”, Ayumu Saito, Miyano Satoru, In Silico Biology, 2007; 7: 0055.

Jeong E, Nagasaki M, Miyano S. Conversion from BioPAX to CSO for System Dynamics and
Visualization of Biological Pathway. Genome Informatics. 2007; 18: 225-236.



Features of CSO 3.0

» CSO equips )@

mature core

vocabularies (more (@
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Features of CSML 3.0

Hybrid Functional Petri net with extension (HFPNe)

Logic based descriptions, e.qg., temporal logic, can be
defined with the format.

User can create sub-models for a model with a filtering
concept.

User can define more than one views for a model, e.q.,
gene network view, simulation view.

All terms in CSML 3.0 has the background of Ontology:
Cell System Ontology (CSO) 3.0.

These parts were missing in SBML and CellML.
SMBM and CellML are subsets of CSML3.0



3. Biopathway Layout

 Biologically sophisticated pathway layout
algorithms are required

* Cell lllustrator Online 5.0 has more than 20
layout algorithms
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Fast Grid Layout Algorithms for Biological Pathways

! e
Kojima, K., Nagasaki, M.*, Miyano, S. Fast grid layout algorithm for biological networks with
sweep calculation. Bioinformatics. 24(12): 1426-1432, 2008.

Kojima K, Nagasaki M, Jeong E, Kato M, Miyano S. An efficient grid layout algorithm for
biological networks utilizing various biological attributes. BMC Bioinformatics. 2007; 8:76.



4. Transforming Pathway Databases for
Cell lllustrator

XML Format

« TRANSPATH2CSML
« SBML2CSML

* CellML2CSML

Ontology Format
* BioPAX2CSO



TRANSPATH to CSML

16 modeling rules based on Hybrid Functional Petri Net with
extension (HFPNe).

TRANSPATH (Biobase): More than 115,000 cellular events in
humans, mice, and rats, collected from over 31,500 publications.

Petri net element is incorporated with Cell System Ontology
(CSO) to enable semantic interoperability of models.

97% of the reactions in TRANSPATH are converted into
simulation-based models in CSML.

Nagasaki M, Saito A, Li C, Jeong E, Miyano S. Systematic reconstruction of
TRANSPATH data into Cell System Markup Language. BMC Systems Biology. 2:53,

2008.



TRANSPATH Pathway Library Module

More than 1,000 TRANSPATH pathways (Signal Transduction Pathway and
Gene Regulatory Network) are supplied. All pathways can be loaded, edited,
saved and simulated on CIO.
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Pathway Parameter Search Module
Data Assimilation Module

— Li, Kuroyanagi et al.

For a ClIO pathway model, the module executes the user specified multiple initial
conditions at once and displays the result with 2D or 3D plots.
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Back to Cancer
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Personal Genomes
Integration of Omics Data

J

Moon: Innovative cancer
therapy, diagnosis, therapy

Limitations of
Molecular Biology

High—Throughput Technology

Microarray, ChlIP-Chip, CGH array, SNP array,
DNA-Seq, Exome-Seq, RNA-Seq, ChlP-Seq,
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Integrative Analy3|s

by Top Cancer Scientists

Systems Cancer

Computational
Systems Biology

by Supercomputer



Systems Cancer Research Project by MEXT (2010-2014)

Integrative Systems Understanding for Advanced Diagnosis, Therapy and Prevention
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Next-Generation Supercomputer Project
1 ,"1.5000,000,000JPY for 7 years (2006-2012)

‘ﬁ'{”  Design, build, and set up the

<
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TR :
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SPARC64™ VIIIfx (#BE=2m)
©Fujitsu Limited ©Fuijitsu Limited

Supercomputer with a speed of
Rﬁﬁz—f’—:ylf:—’;‘!ﬁﬁ?& SERA X —TH 10 PETA FLOPS_

 Over 80,000 nodes & 640,000
cores.
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Google Earth
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Cancer System Hacker







K computer No.1
International Supercomputing 2011

Hamburg, June 19, 2011

80% K computer (68,544 Nodes)
(8.774PFLOPS at Peak)

LINPACK 8.162PFLOPS (93.0%)



Big Contributor

Supercomputer System for 2009-2014

w Human Genome Center
Institute of Medical Science,University of Tokyo

B January 2009: 75 TFLOPS at peak
& 1 PB Disk Space

PC Cluster (Sun Microsystems)

Large Shared Memory Machine
(SGI Altix)

Lustre File System (Sun
Microsystems)

B January 2012: 225 TFLOPS at
peak & 4PB Disk Space




How to Hack Cancer Systems

e Genome
Association study

Epigenome
Mining molecular networks and modeling
dynamics of cancer systems

Digitalizing personal cancer systems as

networks Proteome

swa)sAg Jejnosjoy Jaoue)

Simulating and predicting personal cancer
systems Metabolome

Integrative Systems Understanding of Cancer for Advanced
Diagnosis, Therapy and Prevention




How to Hack Cancer Systems

Digitalizing Heterogeneity/Characteristics of Cancer
Systems

Bayesian Gene Networks of Cancer Systems

Modeling Dynamics in Cancer Systems with State
Space Model

Comparing Networks in Cancer Systems under
Different Conditions

Extracting Functional Modules in Cancer Systesm

Software Platform — eXtensible integrative Pipeline
& Cell lllustrator



1. Digitalizing Cancer Systems
Towards Personal Gene
Networks

Teppei Shimamura, Seiya Imoto, Yukako Shimada, Yasuyuki Hosono, Atsushi
Niida, Masao Nagasaki, Rui Yamaguchi, Takashi Takahashi, Satoru Miyano,
PLoS ONE. 6(6): €20804, 2011.



Cancer Heterogeneity and Individual Variation

High-Throughput Technology

Microarray, ChIP-Chip, CGH array, SNP array, DNA-Seq, Exome-Seq, RNA-Seq, ChlIP-Seq, ...

Patient Patient
resistant to sensitive to

drug A drug A




Patient-Specific Gene Network

Gene Expression Data Gene Expression Data

for Patient A for Patient B

Drug Y

5

Cellular System for Patient A Cellular System for Patient B



Traditional Gene Network Estimation Problem

Knock-down Microarray Data for Sample A

sample 1 sample 2 sample 3
gene 1 1.5 5.2 1.4
gene 2 59 6.3 04 Gene Network for Sample A
gene 3 3.4 9.3 0.3
gene 4 2.9 0.3 6.4 Genel Gene Gene 3 Gene 4 Gene 5
Gene 6 Gene 7
Gene 9

Time-series Microarray Data for Sample A

timel time?2 time 3

gene 1 1.5 5.2 1.4
gene 2 5.2 6.3 0.4
gene 3 3.4 9.3 0.3

gene 4 2.9 0.3 6.4




Patient-Specific Gene Network Estimation

® Gene Network for Patient A

Microarray Data for Cancer Patients

i & i
patient 1 patient 2 patient 3
gene 1 1.5 52 1.4 ® Gene Network for Patient B
gene 2 5.2 6.3 0.4
gene 3 3.4 9.3 0.3 -

gene 4 2.9 0.3 6.4




Corelation between 2 genes

No relation?
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Change can be found if we look with a
modulator

Gene 1 ,

Modulato
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Finding Gene Relation by Data Stratification

Xo = —0.92 X X1 + €5 Xo = —0.07 X X1 + €2

Modulator A is low Modulator A'is high

Gene 2
Gene 2

" Gene1 - 1 ’ Gene 1 ~

< Stratification of Data =)



A B

N X, ‘LXBer\{A,B} y

Modulator
M

~

Gene
B

Gene

A

/




Concept of NetworkProfiler

Usual graphical model
/ \ GeneA->GeneB
Gene Patient A Patient C Patient E
’* /
Patient B Patient D Patient F
N XA J/—XB|XF\{A,B} Y, >
M

Modulator-dependent graphical model
(NetworkProfiler)

\ GeneA->GeneB
A Patient A Patient E
Patient C
Patient F
Gene . Gene Patient D
Pati B
A B atient )
/ M

modulating relationship between genes A and B



Examples of Modulator

* Tumor progression (Stage |, Stage Il, ...)
* Drug sensitivity (IC50, GI50, ...)
* Disease-free survival

* Molecular characteristics (Metastasis, EMT...)
» Pathway activity



What is System?

. Structural Equations
ot

‘

r1 = 46 Xx5+42Xx26+0.7X 27+ €1
ro = —2.7Xx1+0.95 X g+ €9
r3 = —1.4X 21+ €3
Node: gene transcript s, = —0.5x 21+ €4
Edge: conditional dependence
(not equal to correlation) Samples
) S >
Co-expression Network A Gene Network
2 |
I »
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NetworkProfiler

p (genes) X n (patients) gene expression data matrix
Xoj s expression value of j-th gene for a-th patient
m , ; modulator value for a-th patient

Structural equation model of k-th gene for a-th patient
Z ]kaxog + 8 Jka = /))jk (ma)
, =k

a-th Patient /

X, = ¢

X, =¢,
X;=03X,+1.1X, + ¢,
X,=-09X,+24X  +¢,




NetworkProfiler

p (genes) X n (patients) gene expression data matrix
Xg; ; expression value of j-th gene for f-th patient

myg ; modulator value for f-th patient

Structural equation model of k-th gene for f-th patient

P
J=Y,]

k)= /J’J-,@

=
6-th Patient /

X, =&

X, =-0.1X; + ¢,

X, =0.3X, + ¢,
X,=-05X;+¢,

X, = &
Xo=-03X,+1.1X, + &




Concept of NetworkProfiler

Purpose: estimation of coefficients for a-th sample
Problem: microarray for a-th sample is only one!!
Idea: data integration by sample weighting

jka

modulator  thsample

Network Estimation



Concept of NetworkProfiler

Purpose: estimation of coefficients for 3-th sample 3,4
Problem: microarray for B-th sample is only one!!
Idea: data integration by sample weighting

modulator B-th sample

Network Estimation



NetworkProfiler

Structural equation model of k-th gene for a-th patient
V4

xak = Eﬁjkaxcy + gak’ /J)jka = ﬁjk(ma)
j=0,j=k

Elastic net-type regularized weighted loss function

S(Prra s> ﬂpka |m,) = ZlKh (m; — ma*{xik - Zﬁjkaxij }2 + A'IZ ija‘/jjka + % ; /))fka

K,(m,;- m,) : Gaussian kernel function (m_: center, h: width)
A, A,: regularization parameters

Bka = (ﬁlko:""’/))pkayv = argﬁmin S(/))lka""ﬂ/))pka |ma)

ka

The neighborhood samples in terms of modulator
have similar network structure



Model Selection

Performance of NetworkProfiler 2 Selection of A, A, and h

* Select A, and A, based on WAICc (Shimamura et al., 2010b)
* Select h based on cross-validation

=

2
] p
S(_l)(/jlkaﬂ”‘?/jlka | ma) = EKh(mi _ma){xik - Zﬁjkaxij} +/‘L12ija‘/jjka +%2/jjzka
J= J= J=

N

Ec;i) =arg min{S(_i) (ﬂlka IXRE) /J)Ika | ma)}

2

CV,(h) = E {xak - 2 A]('ko?)xaj}
a=1 J=

Select h minimizing CV,(h)



Eplthellal Mesenchymal Transition (EMT)

Key developmental remodeling program, where cells alternate
between Epithelial-like and Mesenchymal-like phenotypes

* Relate to tumor grade and metastasis

 Contribute to increasing in drug resistance Chua et al. (2008)
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7 ) I - o >
) 1 N o
S @19
ol T
- > nvasive
L or e carcinoma
ntravasation
Metastasis at distant organ,
bone or lymph node 0 0 BMicromefasfosis
—eeeep Macrometastasis
Extravasation

System related to EMT is a “black box”




Modulator for EMT

We selected coherent 50 genes from 121 EMT signature genes to define the modulator
for EMT (EEM, Niida et al., 2009)

Epithelial Modulator Messenchymal

I L1 I IR )
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Modulator for EMT

We selected coherent 50 genes from 122 EMT signature genes to define the modulator
for EMT (EEM, Niida et al., 2009)
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1. Selected 122 genes ST T O o e & B &f%%w“ﬁg&%%‘"é
XS &G & 9 99"%@ Q,c’ O Saigen \bff»\a“ »@% vbtf"tb%\ S ‘\e;ss_\b S
13 [T SRGESRN 3% 6 & PN TeP O N AN s 5 WD AR, 4
labeled “EMT UP”, “EMT IRRY K RTS8 T R AN OX SR S
’ SEEL ¢ o HFE oY AN i
DN”. “JECHLINGER EMT ! | || (I I T VT T A T
’ Low EMT Score High

UP”, and “JECHLINGER I
EMT DN”from Molecular
Signatures Database v2.5
([6];
http://
www.broadinstitute.org/
gsea/msigdb/index.jsp).
2. Then, narrowed the set to g 0 6 wvo
50 functionally coherent Ll . i
genes with p < 107 by | AL, T AR e

using the extraction of ' | S R
expression module (EEM) . v T T TSczDt

3. Computed the first Wi (i
principal component of - ' A LAy KT L

these 50 genes as hidden It e ] |

values of the EMT-related il ol B fil 10 A AT
modulator Q1 T HR TR w I|II.I|IIIIIIIII|IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIMIIII@IIIIII[IIII-IL__‘«

o | R I




Elucidating Systems Responsible for EMT

Input
* Transcriptome data of 762 cancer cells
(22,283 transcripts=22277 mRNA+581 miRNA)

e EMT Modulator

Computation with 1,024 cores (12.3 TFLOPS)

3 months
~ Output
762 structural varying systems with 22,283 genes related to EMT

Mesenchymal-Like Cell Epitherial-like Cell

Expression Value of E-cadherin

g%@“te how networks chan ﬁ@gﬁéﬂﬁ I%)w @Fg%h . o%@ﬂ%
ooiii%% *°° oo%’o . oo%j ) @o%j

Low




MiRNAs highly expressed in Epithelial

hsa-mmu-miR-200a,v11

hsa=-mmu-miR-200b,v11

-

hsa-mmu-miR-200c,v11

Epithelial <=- Cell Characteristics ~~> Mesenchymal

Epithelial <=~ Cell Characteristics ~-> Mesenchymal
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System Changes Related to EMT

 Functional loss of E-cadherin = a hallmark of EMT
* Focus on regulators of E-cadherin

Epitherial-Like Cell Mesenchymal-Like Cell
E-cadherin
oo
o O O O
O O f
600 120 4
O O . © O
A OO+ ZEB1
OQ O O
o000
Expression profiles of ZEB1 ation profiles of ZEB1 — CDH1
:‘ : Ko :’5::: o & %o 2O S : (9@@ L .
o ©8%F <
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Upstream Regulatory Changes of E-cadherin

Coefficient profiles of E-cadherin regulators through EMT

Low (Epithelial) EMT-related modulator High (Mesenchymal)

o O O ® ®© & o o o oo o O O o O

Coefficient

from miR-141 to E-cadherin \
@ ) @ EMTness




Table 1. 25 top-ranked regulators of E-cadherin for the change in the regulatory effect
change among the EMT with published evidence

regulator type regulatory effect change Evidence
IRF6 A 101.04

LSR I 46.89 A: Activator
I: Inhibitor

OVOL2 A 22.08

ELF3 A 13.58
ZNF217 A 13.53
MYB A 12.50
KLF5 A 12.42
ZNF165 A 11.39
NKX2-1 A 11.21
HNF1B A 11.08

TRIM29 I 9.87




Upstream Regulatory Changes of E-cadherin

(a). epithelial-like cell (b). mesenchymal-like cell

miR-141

(c). The green and red colors indicate epithelial- and mesenchymal-like cells, respectively.
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parent effect
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(a). epithelial-like cell

miR-141

E-cadherin

ZEB1->miR-141

EMT-related modulator
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(b). mesenchymal-like cell
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EMT-related modulator




parent effect
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miR-141, ZEB1, and E-cadherin

* NetworkProfiler revealed regulatory changes in
miR-141, ZEB1, and E-cadherin.

« Specifically, it suggested that decreased
expression of miR-141 in mesenchymal cells
disrupts the negative feedback loop
betweenmiR-141 and ZEB1, which would allow
ZEB1 to decrease the expression of E-cadherin
during the EMT.



* We predicted 45 EMT-dependent
putative master regulators that
control sets of genes involved in
cell adhesion, migration, invasion
and metastasis, namely,

* 17 of which are in the downstream
of TGFB1, a master switch of the
EMT, in our prediction.



Table 1. 25 top-ranked regulators of E-cadherin for the change in the regulatory effect
change among the EMT with published evidence

regulator type regulatory effect change Evidence
IRF6 A 101.04

LSR I 46.89 A: Activator
I: Inhibitor

OVOL2 A 22.08

ELF3 A 13.58
ZNF217 A 13.53
MYB A 12.50

ZNF165 A 11.39
NKX2-1 A 11.21
HNF1B A 11.08

TRIM29 I 9.87




A novel regulator KLF5 of EMT

* Krueppel-like factor 5 (KLF5)
from a list of the remaining
candidate regulators and
conducted /n vitro validation
experiments.

b
siNC si KLF5-#1

* As a result, we found that
knockdown of KLF5 by siRNA .- .-
significantly decreased E-
cadherin expression and c

induced morphological
changes characteristic of

Vimentin e —— —

EMT. P g ——



Relapse risk

ow

efine “relapse risk score” by using

se makers
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Patient Samples (Microarray Data)
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. L) ey .
+ "Ngbwrk Proglings

/ T Each patient network is computed / \

Network of the lowest risk patient Network of the highest risk patient
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Differences of Hubness Suggest Key Genes

Hub genes




ICIne

System-Oriented Personalized Med

EMT/Prognosis/Metastasis/etc.
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Thorough Analysis Requires 500 Times

25 yeas with 1000 cores
10 days with 1,000,000 cores
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Prologue

Mapmakers in Systems Biology
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The Mapmakers

The story of the great pioneers in cartography — from antiquity to the space age
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2. Mining Gene Networks from

Gene Expression Profiles
Mapmaking of Molecular Networks

Bayesian Network Gene Networks
° Gene knock-down/knock-out
o Various shocks
® Time-course data

Yoshinori Tamada;Seiya Imoto;Masao Nagasaki;Satoru Miyano




2. Bayesian Networks + Nonparametric Regression

* Gene network: model for transcriptome level gene—gene
regulation using directed graphs.

« We want to estimate gene networks from high-throughput
biological data e.g. gene expression data.

Gene 1 145 -1.54 1.23 ...
Gene

Gene2 3.21 -2.1 144 ..

Regulation a
Gene g . E i Bessa el
‘/C%) Estimation RO R

Gene Network

Gene Expression Data



What we wanted to do

asureme

oe

Q0

Gene network
Microarray gene

expression data



Bayesian Network and Nonparametric
Regression

Network of 521 genes constructed from 120 it Wi Hob | =31
yeast microarrays obtained by disrupting 120 L &S _—

genes, where 78 of them are transcription
factors.

[V Gene name
I~ Systematic name

I~ Gene comment

I~ Edee comment

= all items

~Search from l

" selected items

1. Imoto, S., Goto, T., Miyano, S. Estimation of genetic
networks and functional structures between genes by using
Bayesian network and nonparametric regression. Pacific
Symposium on Biocomputing. 7:175-186, 2002.

2. Imoto, Kim, Goto, Aburatani, Tashiro, Kuhara, Miyano S.
Bayesian network and nonparametric heteroscedastic
regression for nonlinear modeling of genetic networkd.
Bioinformatics and Comp. Biol., 1(2), 231-252, 2003

.NET &pplication version 0.1




Nonlinear Bayesian network model

F X, 106) = [T /(5 19,30,

1 | (‘xij o lLlij)2 \

Si(x; | py30;) = \/Zyraz. CXPJ— 207

ty =m (p )+ +m, (p)

q; Mjk

= 2 Eymkb;;]k)(p(]))
=] m=1




Criterion for Selecting Good Networks
BNRC Score
Bayesian Network and Nonparametric Regression Criterion

BNRC(G) = —2log . f]‘[ f(x;0.)7(0,|1)d0,.
=1

= 2logw,. —rlog(2rn™")
+loglJ, (0,)| - 2nl, (0, | X,)

We choose the graph that minimizes the value
of the BNRC score.



A Series of Programs on Supercomputer for

mining gene networks of size from 30 to
20,000 (genome-wide)

Optimal to Locally Optimal

WR: Optimal Bayesian Networks of 32 Nodes
April 2010

QO 1l G4.csml
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Parallel Computing with 8192 Cores

— 8192

Efficiencyl/ (left) —>—
Speedup (right) —— -
Ideal Speedup (right) -

1.2

1 4096

Speedup

1 2048

1 1024
1 512

8 1024 2048 4192 8192
Number of Processes

Genome-Wide Bayesian Network Computation



SiGN
Extracting Dynamic Changes in Cancer Gene

L Network by Dynamic Bayesian Network y

Joint Probability by a DAG

o . . : X
Dynamic Bayesian + Nonparametric Regression (G| X) ﬂ(GJ f(xl_l,_ s X, | (-)G);[(OG ' &
o

= BNRC(G): Nef (\oJr'e
G: AO .work [DAG)
X o .3sion data

Nonparam KO»\ r'ession by B-spline
: (® ~1/)+”‘+quj(pi(£)+5zj g; ~N(0,07)
v@ ) M jj O "
lnf"(p W)= Yubil’ (pii
’\6 I=1

09 work Estimation
\

&
o

0
@,

&

G= argmGinBNRC(G) = argmG]'n ZBNRCj(G)

9

BNRC,(G) = 2(g, +1) -[ M, +1

log(z—”) +nlog(2757) +n
n

y
+ 2 {logIAjk| -M, 1og(nc3—j.)}— log(26%)

A2

+ (M , —2)log 270, —log| K, |, +ﬁ;ﬂK.,j.k
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Anti—cancer Drug Response Gene Network of
Melanoma

Dynamic Bayesian + Nonparametric Regression

<[ »Melanoma A-375 + Taxol (Paclitaxel) E

-/ »Inferring and chasing the changes of gene
- networks of 2,000 genes for 24 hrs

at 14 time points (triplicate at each time)
»1 hour computation using 1024 cores
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3. Gene Networks of Small Airway
Epithelial Cell and Gefitinib
- State Space Model -

Growth Factor Signaling Systems Identify Critical Genes for
Survival Prediction in Early Stage Lung Adenocarcinoma

Yamaguchi, R., Imoto, S., Yamauchi, M., Nagasaki, M., Yoshida,
R., Shimamura, T., Hatanaka, Y., Ueno, K., Higuchi, T., Gotoh,
N., Miyano, S.




Modeling Cancer Systems with
State Space Model

State Space Model:
x, =Fx,_ +v, ER"* System Model

D
y,=Hx +w €R” (Observation Model
ate Space High-Dimensional Short Time Series
T 4#7 pdel & : Data:
” | C 0 o x“ ’T’;.J/‘"\
SN = 3
Reo U }\‘g) T ° Y_{Vl’ ’yNObS} Nobs <<p..~..]0
B °. o o : : : : :
' N System Estimation with Dimension
x =Fx _ +v |
B RS Reduction:

dim(x, )=k <dim(y )= p

L) = | p¥, X |6)dx

R
T pantate
oy, 1m =

o R

H'R'H = A = diag(A,--, A,

Gene Expression Prediction:

Valn-1 =H xnp(xn |y19”.’yn—1’9)ixn

Module-Based Gene Network Estimation:

R0, =, ) =R - e R



Epidermal Growth Factor Receptor Pathway
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State Space Model for Inferring Transcriptional Module Networks
from Time-Course Gene Expression Data

SSM

Module
Network

Trn = FXp_1+vn, N €N,
Y = Hx, + w,, n € Nops,

SSM(0) 6 ={H,F.R,x,}

Time-Series e
Data i) St Gene Network
o fATEE——
Q SicseEa—=—
O e —
Q —
Short- and g i 2 ——
High-dimensional e e —— .
v ek e—— Prediction by
Data I - Yin | :
| simulation
NObSTIme pOIntS ° \yi,nln—le(ynly(n—l))

YNobs — {yfrz}; n < Nobs

Time

1917



SSM Application
Predicting Differences in Gene Regulatory Systems

* Focus: EGFR pathway

e Data

— Time Course Gene Expression Microarray Data (20K)
* 19 time points during 48 hours

— Human Small Airway Epithelial Cell (SAEC)

— Two Conditions (Different Drugs)

* EGF Stimulation (Control Data)
* EGF + Gefitinib Dosed (Case Data)



SAEC #52 MRNA

(hours)
-24 -2 0 051 2 4 6 9 12 15 18 21 24 27 30 33 36 39 43 48
1T x fTfTTTTTrTtTTTTTrTT1T®™
Starvation Gefitinib (0.5 uM) —
Start Treatment RNA Sampling
EGF (100 ng/ml)
Stimulation
| (-):0hr~48hr =

Cell Morpholoqgy




Selection 1500 Genes for Network Analysis

EGF (100 ng/ml) Stimulation

Starvation Start ' (hours)
-24 0 05 1 2 12 15 18 21 24 27 30 33 36 39 43

4 6 9
Tﬁﬁﬁﬁﬁﬁﬁ ﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁ

Gefitinib (0.5 uM) Treatment RNA Sampling

[ Gefitinibb:0hr~9hr >

Significantly induced-genes Up (or down) regulated-genes (more than 1.5 fold) at a certain
by EGF stimulation time point within 9 hr after EGF stimulation

# Remove genes which have a large margin of error,
43 genes

19,633 genes

same expression pattern between EGF+gefitinib and gefitinib-treated samples
987 genes

S'

1,500 genes

Literature baséd knowledge



Time-Course ot
Drug-Stimulated Human Normal Lung
Cell

Cell: SAEC (Human Small Airway Epithelial Cell )
Conditions: Control EGF (mimic of Cancer Cells)
Case EGF+ Gefitinib (mimic of Cancer Cells + Drug)

Time-Course: 19 Time Points in 48 hours

Gene Selection for SSM Analysis —> 1500 Genes: Literature DB (Ingenuity) +

e Variation Filter (variance)
Selection of System Dimension: k ——> Learning SSM with EGF data (Control’s System)
Parameter Estimation: 6 k = 8 minimizes prediction errors for
< hold-out sample.
< L
Meta Analysis of
Transcriptional Modules Prediction of EGF-Gefitinib data by EGF-Learned SSM
Obtaining p-value for each Gene
< L

Construction of :

Gene Network Genes with small p-values are considered to be
induced differential regulations by Gefitinib



Differentially-Expressed and
Differentially-Regulated Genes

Time-Course Gene Expression Profiles
from a Case-Control Experiment.

g5 is differentially expressed

gs geneazxpression

»
L

control
expression

case
expression

» Time

What kind of systems are
behind differential expressions?

=
$
S,
Y
)
S
S0
v
()]

E

control
expression

case
expression

> Time




Differential Regulations oy Drug Dosing

— ] — ] _— ] — ] _— ] — ] _— ] — ] _— ] — ] _— ] — ] _— ] — ] _— ] — ] _— ] — ] _— ] — ] _— ] —

. ( Situation 1: Identical System N g5 is differentially expressed
I Case & Control System =A control .
.g expression

. . . $
| | Identical Regulation _ﬂ\>§ CaSe sion
i %/

€D 5
I S

Case and Control cells have a > Time
. common system (common regulators
_— n —_— n _— n —_— n _— n —_— n _— l g )_ [ ] —_— n _— n —_— n _— ; —_— \I —_— n _— | —_— n _— | —_— n _— J _— n

l- ( Situation 2: Differential Requlation ) g5 is d ntially €

Control System Case System

. . . @
Differential Regulation o @

control
expression

>

case
expression

> Time

N

g5 gene expression

tory systems of/g5 (regulators
) are different i ase and
ontrol cells.

/ /

( . N ( X h Equivalent
Regulatory System in Control Cell Regulatory System in Case Cell in Case Cell

@@@ @@
(a5 ) |—- Co5) Biomarkers

Drug Targets
CICD etc.

|C omparison ‘ Structural
€D JL €D ]ijlnge

(.




Predicting Case Data by Control’s System to

Discriminate the Two Situations

A Thought Experiment: If we know the Control’s System, we use it to predict the Case data.

g5 is differentially expressed

»
>

e express ion

hd

control
expression

case .
T expression

N
S predicted case
S0 .
(7o) expression
> > Time
| case expression of g5 is predictable. )
~

g5 is differentially expressed

P
sA control
S expression
M s| LT .
= predicted case
< expression
S
S —ocase
S0 expression
m -
> > Time
_ case expression of g5 is unpredictable.J

Case is predictable
from Control’s System

Case is unpredictable
From Control’s System

We use a statistical model for inferring gene regulatory systems.
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Strategy to Predict Differentially Regulated Genes

1. Train SSM by CTRL time-course data and Estimate an CTRL-SSM System

CTRL Data |::> CTRL-
>SM + ~ SSM

CTRL CTRL CTRL ~ ~ ~
X, = Frn—l +vn YNwS — [yl ’“-’""’Nox ] eCTRL :[HC'JRL,FCTRL’RCTRL]

v, =Hx, +w,

2. Predict CASE time-course data by the CTRL-SSM System

CTRL- CASE Data > m
SSM T

CASE CASE CASE . .
Yo =" Predicted Gene Expression at n

e"cnu.
3. Compare Predicted and Observed Time Courses

Observed Predicted CASE
CASE Vn

Candidates of Differentially Regulated Genes:
Unpredictable genes in the Case data by the Control’s SSM.
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EGF Data Prediction

EGF-GFT Prediction

Prediction of EGF Data and EGF-GFT Data
by SSM of EGF System

EGF Data Prediction: Check for Model Accuracy
EGF+GFT Data Prediction: Exploration for Differences between Systems

Good Prediction

1 Small prediction error untegrated p vaiue nign

A P . .EG
Observed EGF data . Prediction error: gi,n

F

modeling

Expression

Predicted by EGF SSM

Time

3 Small prediction error antgrated p vatue nign

A Prediction error:

< | oObserved EGF-GFT data / Eim
O o
® \ o ™
3 : Gefitinib
s insensitive
X
i

Predicted by EGF SSM

. >

Time

Successful

Bad Prediction

2 Large prediction error antegrated p vaiue low»
A Observed EGF data

c
o Unsuccessful
(/)] -

8 : modeling
s Prediction error: sffF

P

Ll

Predicted by EGF SSM
Time

>

Large prediction error antegrated p vaiue low

Prediction error:
EGF-GFT
E

i,n

»Geﬁtinib
-~ Lai sensitive

Observed EGF-GFT data
>

Expression

Time



X : EGF obs (Control)

O : EGF+GFT obs (Case)
---: EGF pred by SSM(EGF)
. EGF+GFT pred by SSM(EGF)

Differentially Regulated Genes

Significantly Differentially Regulated

Examples: Selected
Diff Reg Genes

Similarly Regulated Genes

Insignificantly Differentially Regulated

D:169 e ID-410 ID: 186
€ e )
; 15} S OSSO ] 1
: * . ’ : X EGF obs
I ANy S g kH ...|] © EGFGFTobs a .
\‘r\ ! N - = —EGF pred o s
R Qg 3 ¥ —— EGF-GFT pred 3
205 a 5 of-
s 9 2
[ i v 3
: of- 805
- 2 o
X EGF obs X EGFobs 05 -1 % EGFobs
O EGF-GFTobs © EGFGFTobs [~ 1 © EGFGFTobs
— == EGF pred - - —-EGF pred v —-——EGF pred
—— EGF-GFT pred : ——EGF-GFT pred _f-=reveeees . -1 L] | —EGFGFT pred
H H H H H H H x H H H
25 i i i R i i i 1s 2 i i i
0 10 20 30 20 0 10 20 30 40 50 0 10 20 30 40 50 0 10 20 30 a0 50
Time (howr) Tme fhou) Tme fhow) Tme hour)
D:110 ID: 470 ID: 440 1D 306
15 d) 15 (@) 25 h)
x
- x " Y ISP OSSR SOV SO
1+ - - e - f— Yoe” H
X EGF obs H x ” . H 1 *...x...‘..... - S —— 3 X EGFobs | - 15k * EGFobs i .
1 1 o EGFGFTobs 2 i o - © EGFGFTobs © EGFGFTobs o
— =~ EGF pred [T - YOS S——— PRS- T gl e —— ’ \ - - ~EGF pred o 1}|- --EGFpred — &
CJ ) R VLN R — —— EGF-GFT pred & 9 ) — 3 LY ——EGF-GFT peed 3 —— EGF-GFT pred 9 )
a ] x @ o © ao0sk--.- o e - =
> s f z [y el ° 5
§ s of..-9.. o mmememeem b semee ma e e demee e snmma e . Q $ o s
] - 2 é‘_.-‘ 3
3 g S o« -t
- i og 3 [, T sk a
a5 _I,.«'.A.,“L £ " S0 omee comes smes e — N SR S—
I S X EGFobs b o oo
% © EGF-GFTcbs s
Y X N S - -EGFpred |l 05 .
K ——EGF-GFT pred
I oé H ' % H H H K H H H H
s i i i i a i i i 3 i i i i
10 20 30 40 50 0 10 20 30 40 50 0 10 20 30 40 50
Time (howr) Tme fhou) Tme howr) Tme Pour)
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Estimated Gene Networks with SSMs
R_l/Q(yn — Wy ) = \I!R_l/Q(yn_l — Wp—1) + R Y200,

Diff gene -
(gene 162) A BN S S

° AR
s E Wy ST (- 300 - T N
= ﬂ i\q) o Regulatory System in Control Cell R y Sy in Case Cell iEnqglavsaeleg;"Regulatory System
0.5 ° & o
LS s C®P®
)f
; = Cos S & > > €
.x: : E-’::‘?p: Comparison Structural )
GO G @ @D | Cianze] GO @D
|

Predicted
NN disappearance
®©Y @ _ of parent nodes
\ Diff gene by drug dosing

(b) EGF-GFT \ (gene 192)
®) o192

Control Case s L
(EGF) (EGF+GFT) [~ =% st/
SRA a0 %

§ %o\ / 0 %°

N\ Vs =

20 30 40 50
Time (hour) 1 34



State Space Model

computed from Melanoma + Taxol

- L. T— ™

=

The same gene is identified

: Eal — — — L Ig
- Dynamic Bayesian Network
— g
™
ID:2217 TXNIP1 24044n
' 29 Observation
2 x contobs ’ O -
O Case obs
15 = = =Cont by SSM(Cont)
’ Case by SSM(Cont) O

Difference

— |'| \
= n). "
'Ill -O'QS ] ] 1
: .' y 4 Simulation result |
o TXNIP
ﬂ | ": . -1 D
A 1} O
‘ | ; : ; :
| 1.5
0 5 10 24 h 20 >
e S
y i\ 4
oas/ |l >
.’ / I AL
: . 2 5 = ;
.*/ o) / - y 1 5 : X
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Gene expression—based survival prediction in lung
adenocarcinoma: a multi-site, blinded validation study

Director's Challenge Consortinm for the Molecalar Classification of Lung Adenocarcinoma:*'

E

Shedden™*, Jeremy M G Taylor™*'", Steven A Enkemann™", Ming-Sound Tsao®!,
1 Yeatmam™'”, William L Gerald™", Steven Eschrich®™”, Igor Jurisica®”, Thomas | Giordano®,
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Survival Predictions for Lung Cancer Patients with
Gene Sets Identified by SSM analysis for SAEC data

1. DRGs Identified from SAEC data by SSM

el 1500 Genes

osl [ °
§os
£ LI PR B
Bk e
s o crarrons -
i - - —EGF pred
b e -
25
o > 6] = %
Tine (v

2. Lung Cancer Patients Data
(Shedden et al. 2008)

Survival Time &
Gene Expression

Q: Can Expressions of DRGs in Lung Cancer
Patients Predict Prognosis? (Esp. for Stage |)

3. Classifier Construction with Expressions
of the DRGs of Patients in Training Sample

O

Training Classifier

DRG: Differentially Regulated Gene

Training  Testl  Test2

W

Independent Institutions

4. Stratifications of Test Patients by

Predicted Risk Scores from the Classifier

Testl Test2

DRG DRG

Low Risk / High Risk / %



Classifier: Risk Score Function

e Partial Cox Regression Model
— Hazard Function: A(z, X,) = A, (O exp| f(X))]
— Risk Score Function

P
Valid *Train Valid —Train
f(Xz‘ )_2/’)1 (Xij —X; )
7=

The p gene expressions for

. . T
where Valid _ Ty Valid Valid . L L
X [X” L ’le ] the ith patient in a validation set

The ith patient is classified into a high risk group when f(Xivahd) 0
or alow risk group when f(XValid) <0

Li and Gui, 2004



Survival Predictions for Lung Cancer Patients with
Gene Sets Identified by SSM analysis for SAEC data
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4. Gene Networks of Lung Cancer

Gene Networks of
Gefitinib Sensitive PC9 and
Gefitinib Resistant PC9GR2



PCIO9GR2

(Lung Cancer Cell Line with Gefitinib resistance)
PCO9GRM2

(hours)
39 43 48

Total: 102 time points
(26x4 - 2=102)
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Dynamic Bayesian Network +
Nonparametric Regression

Gefitinib




24 hr

12 hr
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5. Building Data Analysis and
Simulation Pipeline at ONE STOP

XiP (eXtensible integrative Pipeline)



Systems Biology integrative Pipeline

SBiPp

Erme Tora T

> Do mT

NetComparator analysis pipeline

% molnd o1 %

[———

aeom_sa. gpeasn

ACOT2_10. ot s_S1. gputezs

Crnae St

[FTETP RS
P T

Lo
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NetComparator

Shimamura, T., Imoto, S., Yamaguchi, R., Nagasaki, M., Miyano, S. Inferring dynamic
gene networks under varying conditions for transcriptomic network comparison.
Bioinformatics. 26(8):1064-1072, 2010.

4oa7L A 4t =vd 21 EQ 7 =vd 2t

\_ r11 J \_ T11 ) \_ 11 Y,

Regularized Weighted Recursive Elastic Net
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| Plot Frame 3 a x

<1 X

x

-f “l A v [B v |c v |D v |E v E ais E %
from to edeeType relationType coefficient coefficient oefficient coefficient
s m gam edf (1)xlsx ~ Microsoft Excel L . 1 1 1 2 -06128080... ||| -06072371.. | pamisoses.. | |Fos072371..
o - — 3 1 1 1 0:39513642... 0.41496353.. 05928657... | D41496353...
R LAPOR | #E Fn  BE  Acrobat @ = = i 2 1 2 ~05113661... 0s051207.. | |Fos103884..
- Q I l EI OMPARA 9 2 1 2 -03196568... 03678228.. | F03197665..
B C D Ej F G H 1 g K L = 1 3 1 2 -06095256... .. -0611571
@experiment 1 5 1 1 044473153.. ||| 071701199..
Condition @TIME genel gene2 gene3 gene4 gene5 geneb gene7 gene8 gene9 genel0 I o] 5 1 2 -05031280... 046925411 ..
1 £ £ 0 £a = 4
IB XiP v1.0@ayumu-PC
File Edit View Server Component Job Select Window Help
FR"THBRLZ| AR |[ecSo - RQTHEREF > BD G EP X | Tl S 2wk |/ T2~
G = # X _exam_forXiPxml X | ]
Q- Tpe here o fiter components ——I : m n
10 CsML 7 HName: as data frame(result2[[(4]]) | — —
-l Process E . i pe—
- |, Process GSMLDB H ce e
Match Entities - Tion 0
[ ] Output GSML as CSMLDE Title: ;¢ ieonse &)

Gomplement 1D with GSM
i Merge to selected CSMLL
H Search CSMLDB path

Search GSMLDE as GSMI

Export RDataFrame to JDataFrame

Name: as.data.frame(resutt2[[1]])

[77] Complement GSML model
[77] Gonvert CIO4 compatible GSI
~[17] Add biclogical properties fron
[ Complement CSML30Image fr
7] Analyze Parallel Process
-] Update property by script
= . Visual Mapping
=1 Stroke
Const stroke mapping
H Discrete stroke mappine
i Stroke mapping
Static stroke mapping
. Golor
Const color mapping
[ Color mapping
' Static color mapping
Discrete color mapping
Size
[] Const size mapping

< r mn

*nveﬂ JDataFrame to JMatrix

=

%

General JData viewer & editor

Title: Edgelist of network 1

' Output Data
Output: ut tsv

ut edge file as CSML
Input: ul tsv

IE = | Components | \ Problems

Outline x

-

’ Export RDataFrame to JDataFrame

Name: as data frame(resutt2[[2]])

nvert JDataFrame to JM:

’General JData viewer & editor
Title: Edgelist of network 2

' Output Data
Output: u2tsv

' rgm edge file as CSML
Input: u2tsv

’ Export RDataFrame to JDataFrame

Name: as data frame(result2[[3]])

eneral JData viewer & editor
Title: Edgelist of network 3

-Add biological properties from file "

!}

Update property by script

Property Name positiveVWeight
Script: if(0 < Number(x.get("coefficient"))){result = Number(x.get("coefficier ")); jelse{resutt = null;}

h 4

Update property by script

Property Name negativeVWeight

&

Seript: if(0 > Number(x.get("coefficient"))){resutt = Number(x.get("coefficie 1"); Jelse{resutt = nuli }

I omplement CSML model

Stroke mapping

‘ Property: positiveWeight

Stroke mapping

in
”ropeny: negativeWeight
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ycanst position mapping

Property: postion
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Output CSML.
’Olﬂ.pu‘: utl.csml

isplay on CSML viewer
Title: Network 1

Add biological properties from file "

Update property by script

Property Name positiveWeight
Seript: if(0 < Number(x get("coefficient"))){resutt = Number(x.get("coefficie 1")); Jelse{result = null;}

!
4

T
omplement CSML_model
|

Stroke mapping
Property: posmveWelght

' ‘ Stroke mapping
Property: negativeVWeight

A 4

Update property by script

Property Name negativeVWeight
Seript: if(0 > Number(x.get("coefficient”))){resutt = Number(x.get("coeffici :nt")); Jelse{resutt = null;}
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Const position mapping
' Property: position

Phoeren
mrate flow
|

Output CSML
’)mpm: u2.csml

isplay on CSML viewer
Title: Network 2

n
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Pll rmglemem CSML model
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s CSML Pipeline v
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File Edit View Server Component Job Window Help

Q.- Type here to filter components

HRG_layout ppl <

1. csML

= . Thput

= . Other Format

: Input CellML as CSML

Input BioPAX as CSML

Input SBML as CSML
: Input CSO as CSML

~[Z7 Input element file as GSML

-+ 27 Input GSMLDE as CSML

w27 Input GSML

-+ 27 Input edee file as CSML

=+ . Output

-~ 27 Qutput G++

-~ 27 Output SIF

-~ 27 Output HTML

Output Imaege

~ 27 Output CSML

-~ 27 Output FORTRAN

~ 27 Output XGMML

-2 Qutput G

-~ 27 Output Java

-~ 27 QOutput full txt

-2 Output SVG

-~ 27 Output Perl
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Plot Frame 3
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~ Title x | Title 1 x | Title 2 x | applied model | applied model 1 > | applied model 2 X , applied model 3 X | original model % arm
Create Snapshot

AR HBRRZZ| X OSSR QTHEHRF P> EDP O E| Tl = & =+ 23

Components 2 8 X

Component...l2 ¥ X
Q- Type here to fil
® Favorite

# Popular
#® Recent

setup from
jarhttps:/fintracs
mlorg/cemlpipelin
e/apps/csmlipipeli
ne26042010.03007

Parameters 12 ¥ X

8 (=] =2 =1

E INFORMATION
edee_id edd
= REQUIRED

Start Priority -1
End Priority -1
Clone

y ,Q—\“
QL

— hercemputer
mow d’

ork Profiler

Create Snapshot

Plot Frame 3 a x
# ¥ | position -
SFN 1589.0 195.0 -
DUSP4 4000 4640
MBD4 8340 9420
GATA2 1138.0 749.0
DLX2 4390 4420
GCASPY 1637.0 2950
SRF 1070.0 4830
F2RL1 9620 5970
MAP3K14 217.0 11230
HOMER1 7230 5610
THBS1 1248.0 503.0
RYBP 560.0 7530
SNAI2 1057.0 770
VEGFA 1141.0 3780
RGS2 1520.0 526.0
S0Cs2 1034.0 7280
EGR1 726.0 1069.0
HBEGF 684.0 5950
GADD45B 1128.0 6240
DST 651.0 5770
SGK1 7730 9140
TOP1 9100 4200
REL 7440 8390
EPHA2 4040 4670
S0X2 1126.0 756.0
GCTH 1637.0 516.0
NR4AZ 1361.0 940.0
FOSB 12230 2430
DUSP2 1097.0 3480
IL6R 9340 7120
MAP2K3 907.0 5240
PMAIP 1 1140 2190
VoL 696.0 5280
TNFRSF12A 568.0 3440
EGR2 7280 613.0
DAPP1 1171.0 4020
PTHLH 9340 8190
ZYX 1227.0 6730
GADD45A 557.0 559.0
PLAUR 1028.0 685.0 i
nnrra 2450 2400
. Title x| Title _1 )E) Title 2 X | applied model % | applied model_1 % | applied model 2 x | applied model 3 x | original model X 4 b B




Difference between Gefitinib Sensitive Lung
Cancer and Resistant Lung Cancer

JARID2

E2F1

O

NCOA3

O ..

E2F1 is knows as a TF regulating apoptosis and cell cycle

Gefitinib Sensitive Lung Cancer

NCOAS3: a nuclear receptor coactivator that interacts with nuclear hormone

receptors toenhance their transcriptional activator functions.

Gefitinib Resistant Lung Cancer




A New Paradigm for Understanding

Super-early biomarker

Prediction of efficacy and
relapse

P<0.0001
0 1

New molecular targets

Mechanism of drug
resistance

Systems Understanding of
Cancer
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