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System Identification of Gene Expression Time-series Based on
a Linear Dynamical System Model with Variational Bayesian Estimation

NAOTO YUKINAWA,t JUN-ICHIRO YOSHIMOTO,t SHIGEYUKI OBAt
and SHIN ISHITt

Several methods based on state space models have been proposed for analyzing dynamics
of gene expression. Existing analysis methods can detect false noisy internal variables which
seem to have no dynamics in state space because the methods do not assume any dynam-
ics with system noise and observation noise. In this study, we propose a linear dynamical
system model in which state variables and observation variables are generated by Gaussian
white noise process and provide a variational Bayes inference for the model. We first show
effectiveness of our method when applied to a synthesized noisy time-series data set. We also
applied our method to a published yeast cell-cycle gene expression data set, then our method
could select a simpler and more plausible model than existing method did. In addition, the
resultant model parameters well matched the biological considerations.
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Fig.1 Synthesized data. The left figure shows time-series

of three-dimensional internal state, and the right
one shows the observation time-series of 100 sam-
ples generated by the internal-state time-series and

an observation matrix.
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Fig.2 Plot of the free energy of LDS models (solid) and
BIC of factor analysis models (dash) versus the di-
mensionality of the internal state space for the syn-
thesized data set.
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Solid and dash lines represent standard deviation
of observation noise and system noise, respectively.
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Fig.4 Plot of the free energy of LDS models (solid) and

BIC of factor analysis models (dash) versus the di-
mensionality of the internal state space for the yeast
data set.
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1,...,50000000000000000000
00000000000000000O0N =100
000000000000000000000000
000000000000ON=40 N=50000
000000000000000000000000
000000000000000000000000
000000000000000000000000
0000 5000000000000000 N=4
0ON=50 N=200000000000000
000000000000000000000000
0000000000000 N=20000000
000000000000000000000000
00000000 200000000000000
070000000000000000 N =2
00000000 Vv 0OOOOOOO0O0Oooo0o
O0wv,i=1,...,D00000000000000O0
00000000000000 1000000000
Spellman 000000000000 D0000000
930000000000000000000000
000000000000 8000000000000
000000000G,/S0SO0S/G,0Ge/MOM/G,
050000000000000000000000
000000000000000000000000
000000000000000000000000
000000000000000 v 00000
000000000000 500000000000
0000000000000000000LDSO0
00 Spellman 0000000000000000O0O
00000000000000000

5. 0O O

goboooooooooooobooooooooo
gooobooooooooboboooooooooo
gooobooooooooooobooooooooo
gooboobooboooooooboobooo 40
gooobooboooooooboooboooooooo

gooooooooooooono 63

07 N=20LDSOO0O00OOOO0DOOOOOODO voooo
0000000000000 0Spellman ODO0OOOOOO
0000000000000 000000000000000
oooooooo

Fig.7 Scatter plot of the observation vectors of V' in the

LDS model with N = 2. Each symbol represents
the known phase information identified by Spellman
and others.

00000D0000000000000000000
0000000000 0D00D00D000000000
OO0Spellman 0'Y 00O0O0O0O0O0D0O0OOOOOO
0000000000 00000000000000
000D000000D00000D000000 200
000000000000000000000000
000000000000000000000000
000000000000 000000000000
0LDbSOO00DDOO0OOODDOOOODODOOOOnD
000000D000002000000000000
000LDSO0O00D000D00000DO0000DO
000 LDSO0D0000000000000000
000000Spellman 0000000000000
00000000000 N=2000000000
00o000000Ooooon

00000000000000000000000
000000000000000000000000
000000000000000000000000
00000 N=5000000000000000
00000000000 0000000000000
00000000 00000D0000000000
0000000000000 D00D000000000n
ooo

000 LDSO0000000000000000
00D0000000000000000000000
00D0000000000000000000000
0000000000000 00000000000
0000000000000 00000000000



64 goooooooooooooooooo

gooooboboooooooboobooooooboooobo
ooooooboooooobocooooooooo

6. U g

gooooobooocoooobooooooooooo
goooobooooooooooooooooooo
gooobobooooooooooboooooooo
goooooooooooooooboooooooon
goooobooooooooooooooooooon
goooooooooboooooo

goobooobooooooooobooooooo
goooobooooooooooooooooooo
goooobooooooobooocoooooobooooo
goooooooooobooooobooboonoooon
gooooboooooooooooooooooooo
goo0300oboobooooooobo 3soboon
goboooooooooooooboobooooooo
gooooooobooboooooobooboooooon
gooooobooooooooooboooooooon
gooooooooobooooooooood

o o o o

1) de Jong, H.: Modeling and simulation of
genetic regulatory system: a literature re-
view, Journal of Computational Biology, Vol.9,
pp.67-103 (2002).

2) Wu, F.X., Zhang, W.J. and Kusalik, A.J.:
Modeling gene expression from microarray
expression data with state-space equations,
Pacific Symposium on Biocomputing, Vol.9,
pp-581-592 (2004).

3) Dewey, T.G. and Galas, D.J.: Dynamic mod-
els of gene expression and classification, Func-
tional & Integrative Genomics, Vol.1, pp.269—
278 (2001).

4) Holter, N.S., Maritan, A., Cieplak, M., Fe-
doroff, N. and Banavar, J.R.: Dynamic mod-
eling of gene expression data, Proc. National
Academy of Sciences of the United States of
America, Vol.98, pp.1693-1698 (2001).

5) Dempster, A.P., Laird, N.M. and Rubin, D.B.:
Maximum likelihood from incomplete data via
the EM algorithm, Journal of Royal Statistical
Society B, Vol.39, pp.1-38 (1977).

6) Roweis, S. and Gharahmani, Z.: A unifying re-
view of Linear Gaussian models, Neural Com-
putation, Vol.11, pp.305-345 (1999).

7) Schwarz, G.: Estimating the dimension of a
model, Annals of Statistics, Vol.6, pp.461-464
(1978).

June 2005

8) Attias, H.: Inferring parameters and structure
of latent variable models by variational Bayes,
Proc. 15th Conference on Uncertainty in Arti-
ficial Intelligence, pp.21-30 (1999).

9) Gharahmani, Z. and Beal, M.J.: Propaga-
tion algorithms for variational Bayesian learn-
ing, Advances in Neural Information Process-
ing Systems 13, pp.507-513 (2001).

10) Yoshimoto, J., Ishii, S. and Sato, M.: Sys-
tem identification based on on-line varia-
tional Bayes method and its application
to reinforcement learning, Artificial Neural
Networks and Neural Information Processing
(ICANN/ICONIP 2003), Lecture Notes in
Computer Science 2714, pp.123-131 (2003).

11) Spellman, P.T., Sherlock, G., Zang, M.Q.,
Iyer, V.R., Anders, K., Eisen, M.B., Brown,
P.O., Botstein, D. and Futcher, B.: Compre-
hensive identification of cell cycle-regulated
genes of the yeast Saccharomyces cerevisiae by
microarray hybridization, Molecular Biology of
the Cell, Vol.9, pp.3273-3297 (1998).

12) Yoshimoto, J., Ishii, S. and Sato, M.: Hierar-
chical model selection for NGnet based on vari-
ational Bayes inference, Artificial Neural Net-
works (ICANN 2002), Lecture Notes in Com-
puter Science 2415, pp.661-666 (2002).

13) Beal, M.T. and Ghahramani, Z.: The varia-
tional Bayesian EM algorithm for imcomplete
data: with application to scoring graphical
model structures, Bayesian Statistics, Vol.7,
pp-453-464 (2003).

14) Rubin, D. and Thayer, D.: EM algorithms
for ML factor analysis, Psychometrika, Vol.47,
pp.69-76 (1982).

15) Arvine, D.H. and Savageau, M.A.: Efficient
solution of nonlinear ordinary differential equa-
tions expressed in S-System canonical form,
SIAM Journal on Numerical Analysis, Vol.27,
pp-704-735 (1998).

16) Tominaga, D. and Okamoto, M.: Design of
canonical model describing complex nonlinear
dynamics, Proc. IFAC International Confer-
ence, CAB7, pp.85-90 (1998).

17) Liang, S., Fuhrman, S. and Somogyi, R.: RE-
VEAL, a general reverse engineering algorithm
for inference of genetic network architectures,
Pacific Symposium on Biocomputing, Vol.3,
pp-18-29 (1998).

18) Akutsu, T., Miyano, S. and Kuhara, S.: Iden-
tification of genetic networks from a small
number of gene expression patterns under the
Boolean network model, Pacific Symposium on
Biocomputing, Vol.4, pp.17-28 (1999).



Vol. 46 No. SIG 10(TOM 12) gooooooooooooono

19) Akutsu, T., Miyano, S. and Kuhara, S.: In-
ferring qualitative relations in genetic net-
works and metabolic pathways, Bioinformat-
ics, Vol.16, pp.727-734 (2000).

20) Oba, S., Sato, M., Takemasa, 1., Monden, M.,
Matsubara, K. and Ishii, S.: A Bayesian miss-
ing value estimation method, Bioinformatics,
Vol.19, pp.2088-2096 (2003).

(00160 8 0 16000)
(00160100 5 0000)

65

oo ood

OO0 400000000000
gooooooooooooooon
oooooiloo0goooooao
gooooooocoooooooo
gobooocoooooooobooad

g a
obhe3bObobOOOOOOOOO

(00160 100 18000) ~ X~ gooobooooobboe3tDnbOO

oy goooooooooooooen

U0 oooooooo X/ O0O0DATRODOODOOOOOOOO

U0 B3ooooooooobaoo = oooogoooooooooooo

goooooo iso0oo00oaon gooboo9boboOooooooDoboboooooooDo
gooooooocoooooooo gooobooobooooooooboooooooo
gooobooocoooooooooo oobo 11 ooooooooooooooooon
goboooooooooooooo goooboooooooooooooboogooooon

oobod

o0 i1ooooooooooboo
b ot obooob0o 4000000000
2 gooooooooooooooo

O000ooOooooooogoJsTo
CRESTOOOOOOOOO 160
OO0 JSTOOOOOOOO0OO0OOOO0OO0OO0000O0
goooobooooooooooooooooooon
goooobooboooomooooboooooooo
goooooooooboooooooooobobooa

P
-

uoboooobobooooooooooon



