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* Gene Expression Profile Data (mRNA and
microRNA) (DNAY 42087 L A, RNA-Seq)
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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
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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., Bioinformatics,

2009 » 4 -
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1. Selected 122 genes labeled “EMT I I TGRS & #g&g«_‘.@f N ;;;f;” ;‘;;';
ST FF  LNESNENY SN s
UP”, “EMT DN”, “JECHLINGER 200 5% Sy & S ,zyr ﬁ%ﬁ 3
EMT UP”, and “JECHLINGER N O I I T A TR
EMT 5

High

EMT DN”from Molecular
Signatures Database v2.5 ( [6];
http://www.broadinstitute.org/gsea/
msigdb/index.jsp).

2. Then, narrowed the set to 50
functionally coherent genes with p
< 107 by using the extraction of
expression module (EEM) .

3. Computed the first principal
component of these 50 genes as
hidden values of the EMT-related
modulator
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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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parant effect

(a). epithelial-like cell
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Hubness DERIZKBB D FDIEE
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Bayesian Network + Nonparametric Regression

=18

Gene Knockdown/Knockout

o s J—
o )} —
Time-Course Measurement E{K%*‘JI‘U 7
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 (2003). Bayesian network and nonparametric heteroscedastic regression

for nonlinear modeling of genetic network]. Bioinformatics and Comp. Biol., 1(2), 231-252
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Bayesian Network

 Markov assumption
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Nonparametric Regression
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We consider the additive regression model;

% =M (p")+ - +my (P, )

where g, N(0,07)and p; =(p .. Piy).

Here m, (=) Is a smooth function from R to R.
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Nonlinear Bayesian network model
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Criterion for selecting good networks

BNRC Score
Bayesian Network and Nonparametric Regression Criterion

BNRC(G) = 2log s [ [ ] f(x:05)7(8 | 1)d0,
1=1

=2logms —rlog(2zn™)
T log“]z(ée)‘ - 2”'1(66 | Xo)

ZM"BNRC score” N /pEZYRybhD—O8E &
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Inferred subnetwork of TTF-
1/NKX2-1
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Expression ratio
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Experimental validation by TTF-
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Expression ratio (TTF-1-intorudced / Vector control)
™ High in TTF-1/NKX2-1-introduced

il Low in TTF-1/NKX2-1-introduced

O : N.A. (miRNAositive binding in E19.5 mouse lung

ChIP-chip assay data (Tagne et al., PLoS ONE, 2012)
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* 1 Poorly conserved predicted target (TargetScan)
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e KLF5 activates Perp (TP53 apoptosis effector) in
Glioma and Breast Cancer.

* Until now, it is only known that direct targets of KLF5
contribute to the maintenance of embryonic stem
cell undifferentiated state. Especially, Perp is one of
KLF5 target. (Tommaso Russo’s Group. BMC Biology,
2010)

"1 ) KLF5 might contribute to the maintenance of
cancer stem cell undifferentiated state in Glioma

and Breast Cancer
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