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Gene Network Estimation

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

* (Gene network estimation Is to estimate gene
networks from high-throughput biological data
e.g. gene expression data.

G Directed Graph: Genel 145 -154 123 ..
ene Mathematical model consisting Gene2 321 21 144 ..

of nodes and directed edges

Regulation

% connecting them.
Gene ’g ?‘/Q

O‘/C% Estimation

Gene Network

Gene Expression Data ,




SlGN (1)

* SIGN: A collection of large-scale gene
network estimation software designed for
utilizing super computers.

— SIGN-BN: Bayesian networks Z NNl N
(RAIFYRY NT—2)

— SIGN-SSM: State space models F—FY—2
(REEZEREETIL) NS

— SIGN-L1: L1-regularization based models __ .
e s
(L1IEAIME)

SIGN Web Site: http://sign.hgc.jp/
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* SIGN: A collection of large-scale gene
network estimation software designed for
utilizing super computers.

— SIGN-BN: Bayesian networks Z NNl N
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— SIGN-SSM: State space models F—FY—2
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SIGN Web Site: http://sign.hgc.jp/




SIGN-SSM

Dynamic gene network estimation software using a State Space Model (SSM).

Open source software distributed at http:/ /sign.hgc.jp/signssm/ (REEZEETIL)
Suitable for modeling time series gene expression data.
Definition: X, = Fxn_l +vV., vV, ~ N(O,Q) [System model]

y, = Hxn +w, w ~ N(O,R) [Observation model]

Parameter estimation =
EM algorithm
(%, F,Q,H,R and k)

Needs to repeat
estimation with various
initial values.

(p)-vector
Observation Model (= input data) y. = H x, + w,




SiGN-SSM: 455K
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SiGN-SSM: Sflllx UV = 751 kA

http:/ /sign.hgc.jp/sighssm/

TWORK ESTIMATION
"ATE SPACE MODEL

R ANALYZING TIME SERIES GENE EXPRESSION DATA

SiGN-SSM 7

' ABOUTSSM HOWTOUSE MANUAL DOWNLOAD CONTACT

OVERVIEW

SiGN-SSM is open source gene network estimation software able to run in parallel on PCs and massively
parallel supercomputers. The software estimates a state space model (SSM), that is a statistical dynamic model
suitable for analyzing short time and/or replicated time series gene expression profiles. SiIGN-SSM implements a
novel parameter constraint effective to stabilize the estimated models. Also, by using a supercomputer, it is able
to determine the gene network structure by the statistical permutation test in a practical time. SiIGN-SSM is
applicable not only to analyzing temporal regulatory dependencies between genes, but also to extracting the
differentially regulated genes from time series expression profiles.

SiGN-SSM is distributed under GNU AFFERO GENERAL PUBLIC LICENCE (GNU AGPL) version 3. The pre-compile binaries
for Linux (x86-64), MS Windows, and Mac OS X are also available in addition to the source code. The pre-installed binaries are

available on the Human Genome Center (HGC) supercomputer system [6] and the Japanese flagship supercomputer "K

]
computel" (avaiable in 2012) [7]. Some functions including statistical permutation test are available only on these

supercomputers.
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* SIGN: A collection of large-scale gene
network estimation software designed for
utilizing super computers.

— SIGN-SSM: State space models F—FY—2
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Nonparametric Bayesian Network Model

\We use the nonparametric Bayesian network as models for gene networks

Joint Probability by a DAG (Directed Acyclic Graph]
Node = Gene f(Xsz’- . "X6)
0 = XD LX) (X 1X) - fo(X 1X5,X,)
Network score = Poster‘ionr‘ Probability
(G| X) < 7(G) j [T/ seesx, 10,)7(8, | 2)d0,
@ @ G : gene network X expression data

® &

Nonparametric regression by B-spline

X, =m (P 4t m, (p)+e,

child gene
15 10 -05 00 05 10 15

iq;
Directed Edge = E; ~ N(() o;)
Regulatory " Ko 2o
ionshi e ) () ( ()
Relationships | ]k(pzj ) = 2 ylkblkj (pY 2

00 02 04 06 08 1.0
parent gene




Dynamic Bayesian Networks

DBN (Dynamic Bayesian Network): model for time course data.

DBN assumes the dependency between consecutive time points.

Time course gene expression data: X, ..., X,
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Gene Network: Bipartite Graph
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Gene Network Estimation by

Dynamic Bayesian Networks

Estimated Bipartite Graph Corresponding Gene Network

Self-loop

Feedback
regulation
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Difficulty in Bayesian Network Estimation

A huge number of possible DAGs : impossible to search the optimal one

# of DAGs # of nodes # of DAGs

1 1 16 ~ 8.37 x 1046

2 3 17 ~6.26 x 1052

3 25 18 ~9.93 x 1058

4 543 19 ~ 3.32 x 1005

5 29,281 20 =~ 2.34 x 1072

6 3,781,503 21 ~3.46 x 1079 nuri)l(:;ie:fs :'ggms
7 1,138,779,265 22 ~ 1.07 x 1087 in the universe
8 783,702,329,343 23 ~ 6.97 x 1094

) 1,213,442,454,842,881 24 ~9.43 x 10102

10 ~4.17 x 1018 25 ~ 1.86 x 10111

11 ~3.15 x 1022

12 ~5.21 x 1026 30 ~2.71 x 10158

13 ~1.86 x 1031

14 ~1.43 x 1036

15 =~ 2.37 x 1041 40 ~1.12 x 10276




Network Size and Algorithms

Different search algorithms are developed depending on the size of networks

2,000~20,000
ﬁNeighbor‘ Node Sampling & Repeat [NNSR)] algor‘ithm}

(Tamada et al.,, 201 1)

~2,000

Greedy Hill-climbing Algorithm [HC) +
Bootstrap (Imoto et al. 2002]

~500
| Extended COS (Kojima et al. 2010) |

ﬂ Constrained Optimal Search algorithm [COS]) (Perrier et al. 2008) ]

~30 } Parallel OS (Para-0S) (Tamada et al. 2011) ]

Optimal Search algorithm (OS] by Dynamic
Programming (Ott et al. 2004)




Greedy Hill-Climbing Algorithm (HC)

[Algor‘ithm for searching the local optimal DAG structure ]

Heuristics algorithm applicable to estimate gene networks for ~ 100 genes.

® © ® ©

©@ 0 0C @Q @?

. Begins with an empty graph. 4. Employs the best operation that
D Visits nodes in a random order.  IMproves the score. ﬁ

3. Calculates local scores for all Add/Delete/Reverse

possible candidate parents. 5. Repeats until any operation
can improve the score.

> Need to check every time whether a cyclic path is made or not. 17

X% Repeats this many times, then employs the best structure because they are local optimal.
e



HC + Bootstrap ~ 1000 genes

[ Bootstrapping is required for calculating the reliability of edges. ]

Network @ @

3555 3 d I e estimation
bt et of > TS 050 803598
°ses o dee H >0 )
B TRERE  sampling with §fis e, o ogeaste et s
: Y replacement Pofo02°7 0 0272800: §°
Original expression Re-sampled
dataset dataset Estimated network

~

~
N

- Estimate networks many times for re-sampled dataset. (1,000 times ~]

- The final structure is determined by the frequencies of edges during the
repeated estimation.

- \We can perform each network estimation independently for the re-sampled

datasets in parallel.
Parallelization is easy for Bootstrap HC.



Estimated Networks

Bootstrap probabilities

* Edges in estimated
networks have "Bootstrap
Probability.”

0.8 0.6
0.5

Direction reliabilities (Static model only]

q
l T * Edges also have reliability of
0.8 0.5 0.3
) the direction.

— Dynamic model can have
Direction reliability = 0.625 edges in both directions




Hubness & Hub Index

Hubness: simply counts the number of children regardless of the confidence of the
edge direction.
Hub genes may have important roles as master regulators in the networks.
Useful for analyzing the estimated networks.

Direction reliability

~
=)

Hubness of X =3

Hub Index of X=1.9

0.8 0.6

Hubness of Y=0
Hub Index of Y = 0.4

Hub Index: takes the confidence of edge direction into account. Simply the sum of
“BS.Direction” for all edges connected to the target node.

Note: Hub Index does naot take bootstrap probabilities into account.
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gsub -t 1-X [SGEoptions] /usr/local/bin/signbn-hc.sh
--bs -0 file prefix [SiGN options] input file

¥ XIET—MANZv7EE 1000 L2 #EEE

TR D X & HIULIE

gsub [SGE options] /usr/local/bin/signbn-hc.sh --bin
signproc --bs prefix=file prefix[,other options] --output

file=output file,type=file type
X SGE D -t AT 3 VTR
file_type (& CSML H TXT
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| Name 40

_ CSO Class FactEdge
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- > View

B » Shape ﬁ}
» Name Label

“““ » Biological Property Label @
> References y
¥ Custom Biological Properties L
» BS.Gain 6.31192

2 » relationType Type 0 b

] » BS.Prob 0.5 9
» EdgeType 0

al » edgeScore 0.5 t
» BS.EdgeTypeRatio  1.00/0.00/0.00

-

Iﬁ » BS.Direction 1 %
» BS.up/down up
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Edge Properties

The following information is generated and assigned to each estimated edge. You can

see them on CI Online.

BS.Prob
edgeScore

BS.Gain
BS.up/down

BS.edgeTypeRatio

BS.Direction

Bootstrap probability
Same as BS.Prob.

Average of the edge gain

One of "up”, "down”, or “unknown” that represents the
estimated type of regulation.

The ratio of up, down, and unknown regulation.

Frequency (confidence] of the edge direction.

¥ Custom Biological Properties

» BS.Gain 4.460773

» relationType Type 0

» BS.Prob 0.200000

» EdgeType 0

» edgeScore 0.200000

» BS.EdgeTypeRatio 1.00/0.00/0.00

» BS.Direction 1.000000 . ) )

» BS.up/down up Edge properties shown in Cl Online.
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(R—% k)
H 27T 74)L sample@03.txt HY ~tamada/sign/samples (CHD XTI,

(M) HABT« LI KU D% & B &)

mkdir ~/test
cd test

[2)SGEND Y 3 T D’ A REIFR—F R TDHDIEE

gsub -t 1-10 ~tamada/sign/signbn-hc.sh --dir ~tamada/sign --bs -o
result ~tamada/sign/samples/sample@@3.txt

[3)SGED ¥ 3 7 DHEER
gstat

B EAT7T7AILDXRED

gsub ~tamada/sign/signbn-hc.sh --dir ~tamada/sign --bin signproc --bs
prefix=result --output file=result.csml,type=csml

~/test (C result.csml ApMESNEXI., O—HNIJLPCICEREZEULCIOTHWTS IEE W,
D——
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