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; Abstract

l‘.
&; In gene network estimation from time series niicroarray
. data, dvnamic models such as difjerential equations and dy-
{, namic Bavesian nerworks assume thar the network struc-
[

ture is stable through all time points. while the real network
! might changes its structure depending on time, affection of
Some shocks and so on. If the true nerwork Structure un-
. derlving the data changes at certain points, the fitting of the
usual dynamic linear models fails to estimate the siructure
of gene nerwork and we cannot obtain efficient information
. from data. To solve this problem, we propose a dvnamic

linear model with Murkov switching for estimating time-
© dependent gene network structure from lime Series gene ex-
: pression data. Using our proposed method, the nerwork
. Structure between genes and its change points are automati-
cally estimated. We demonstrate the effectiveness of the pro-
posed method through the analvsis of Saccharomyees cere-
i visiae cell cvele time series data.

. 1. Introduction

For estimating gene networks (rom time series gene ex-
pression data measured by microarrays. a lot of attention
has been focused on statistical methods. including Boolean
networks [1. 11], differential equations [3. 5], dynamic
Bayesian networks [6. 7. 8], state space models [2. 4] and
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so on. While these methods have provided many success-
ful applications, a serious drawback for using these method
10 estimate gene networks remains to be solved: a basic as-
sumption of these methods is that the network structure does
not change through all time points, while the real gene net-
work has time-dependent structure. In this paper, we give a
solution of this problem and establish a statistical method-
ology to estimate gene networks with time-dependent struc-
re by using dynamic linear models with Markov switch-
ing.

Our model is based on the linear state space model. also
known as the dynamic linear model (DLM). In the DLM,
the high-dimensional observation vector is compressed into
the lower dimensional hidden state variable vector. For the
microarray analysis. the observation vector corresponds (0
the gene expression value vector and the state variables can
be considered as a transcriptional module |9] that is a set
of co-regulated genes. Unlike Boolean networks, difter-
ential equations and dynamic Bayesian networks, we con-
sider the dependency between these state variables in the
DILM. Since microarrays contain much number of genes.
the learning of Boolcan networks and other network mod-
els is often infeasible. On the other hand, in the DLM. the
network of the state variables gives a praclical solution to
understand gene regulatory networks based on the possible
transcriptional modules. Furthermore, by considering the
canonical form of the DLM, it implicitly represents a net-
work belween genes by the linear system with the first-order




Markov property.

Although. the DM is advocated for analyzing high-
dimensional lime series gene expression data, this model
also assume that the network structure is stable through the
all time points. If the network structure chianges drastically
at certain points. the fitting of the DLLM to the data should
fail and we cannot obtain efficient information from the es-
timated model. To solve this problem. we use the dynamic
lincar models with Markov switching {12] (DLM-MS) that
is an extension of the DLM to capture the. change poiuts of
the data. In this approach. the dynamics of the system at a
cerlain point is geonerated by one of possible regimes evolv-
ing according (o a Markov process. The parameters in the
DLM-MS are estimated by the Bayes approach based on
the Gibbs sampling. Thus, we obtain the posterior distribu-
tion of each parameter that can be used for determining the
network structure between genes. The number of switching
points of the network structure and the number of hidden
state variables are also automatically determined by the es-
timated prediction error.

The rest of this article is organized as follows: In Section
2, we present the time-dependent dynamic linear models
and elucidate how we estimate a networks between genes.
Section 3 describes the dynamic linear models with Markov
switching. Section 4 will discuss the Bavesian estimation
problem of DLM-MS, mainly. in terms of the computa-
tional aspect. Section 5 provides some analytic tools, in-
cluding the determination of the number of regime switch-
ing and the dimension of state vectors. and the estimation
of the transcriptional modules. [n Scetion 6, the potential
usefulness of our approach will be demonstrated with the
application to Saccharomyees cerevisiae cell cycle tme se-

ries data produced by Spellman er al. [13]. where a part of

data is synthesized to have a switching structure. Finally,
the concluding remarks are given in Section 7.

2. Dynamic Linear Model

Let y, be a vector of d observed random variables which
contains expression values of d genes at time point £. The
DILM relates a collection of y,, £ = 1, -, T, to the hidden
k-dimensional slate vector z; in the following way:

Y ZAL.'Eg -+ w,. (1)

Here, the A, is a d x k measuremeni matrix and the w, is
the Gaussian white noise as w; ~ N{0, R;). Usually the
dimension of state veclor is taken to be much smaller than
that of data, & < d. In DLM, the time evolution of the state
variables arc modeled by a tirst-order Markov process as
o =Bz + vy, (2)

where B, is £ x k state transition matrix and the addi-
tive system noise follows form the Gaussian distribution
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as v, ~ N(0,Q,). Throughout this article, the noise
covariance matrices are assumed to be diagonal, R, =
diag{ris, - -,rar } and Q, = diag{qy(, - qu}. respec-
tively. Notice that the model parameters {A., By, Ry, Q,}
depend on the time index. This implies that the underlying
dynamics changes discontinuously- at certain undetermined
points in time.

The process of the DLM starts with an initial Gaussian
stale zg that has mean py and covariance matrix Xy, In
DLM. the dynamics of Y ¢y = (yy, -+, y7) and Xy =
(21, - -, ) are governed by the joint probability distribu-
tion

e
p(X (7). Y my) = plaa) [ [ e Dy, ).
r=1
The all composition in this representation are the Gaussian
density ¢ in which p(xo) = ¢(x0: pg, Zo). pla|ze-)) =
H(@e; Bee—1, Q). and p(y,|xe) = ¢y, Arze. Ry).

The DLM, in its canonical form. implicitly assumes an
interesting casual relationship among the d variates (genes),
To see this. consider the peneralized singular value decom-
position of Ay, namely. R,"VQA, = L;DLV', where L,
is a matrix of & orthogonal vectors of length d, the diage-
nal matrix D contains k singular values and V;‘ isakxk
orthogonal matrix. Multiplying the both terms in observed
equation (1) by A?L =V, D,“"L; from the lelthand-side.
one can obtain an expression as

, ;
AT RV (y, —w) = 2.

The canonical variate A;‘"/Rfl/ Q(y, ~ ) is a lincar map-
ping of d-dimensional data onto the subspace RF after re-
moving the etfect of measurement noise. The matrix A;"'
compresses the filtered data R,“” 2( y, —w,) into k modules
in the state vector. IT (Af'),-_j is positioned significantly far
from zero, the j-th gene captures a large effect or the i-lh
module. In contrast, the influence of genes with the (A;", Jig
lying a region close to zero is removed.

Substituting the canonical variates A} 'R} o 2\(yt —awy)
into the system model (2) leads to a causal relationship be-
tween the &£ modules defined by

AT R (y,—w0)=B AF R Py, w01 4or.

This canonical form of DLM characterizes the interaction
between the previous modules to the current ones, that is.
module-module interaction, where the state transition ma-
trix B, captures the intensity of interaction.

The DLM also retains the linear system for describing
the gene regulatory etwork as

er/-g (y, —wi) =

;

H'R:J'{Z(yl—l —wi) + R, UQANz:




where the interaction matrices Hy. t = 1, .-+, T are param-
eterized by

~1/2 :
| H, =R ' ABA} .

i The H governs the gene network from time point £ — 1 to ¢

in the following way: once the k£ modules in the compressed
! data A;*_'lRt__l,/z(g,c,_l — wy_1) are given, the modules at
time ¢ are constructed through the loading matrix B;. and
, then the updated & modules regulates the expression value
w of d genes with the measurement matrix A,.

To sum up, the time-dependent DLM describes the con-
secutive changes in module sets of genes, module-module
interactions and gene-gene interactions with the underly-
t ing canonical form (see Figure 1). After learning A;. B,
and the projection matrix A, we can identify the time-
dependent network structure by testing whether or not these
[' paramelers lie in a region significantly far from zero. This
¢ problem amounts to the classical testing method or the boot-
+strap confidential intervals.

3. DLM with Markov Switching

The problem of modeling change in an evolving time se-
ries can be handled by incorporating the dynamics of some
underlying model change discontinuously at certain unde-
termined points in time. In view of real biological system,
the structural change might occur in smooth. To incorporate
a reasonable switching structure. we employ the DLM-MS
approach that assumes the y, is generated by one of the
G possible regimes evolving according to a Markov chain.
In this context. the model parameters {A,. B, R;,Q,}
are assumed to take one of the G possible configurations
I {Ay. By R;.Q.}. g =1.--,G, ateach time point. For
! notational convenience, we introduce the hidden vector ol
E

o= ppetr — -

G class labels (c(t))y = ¢y (t) o indicate the configurations
in the following way:

1 y, €Eregimey
oy t) = t o .
c({t) { 0 otherwise.

i The DLM-MS, in its basic form. assumes that the discrete
I~ variable ¢(t) evolves according to the first-order Markov
- chain with the transition probability matrix A of order G x
G where the (h, g) clement defines a probability of event
{y, € regime g} U {y,_, € regime h}, that is.

(M)py = Pr(cg(t) = llen(t = 1)).
Each row of M. denoted by mp. is restricted to be

lfmal|? = 1. Smoothness of change in regimes are con-
trolled by the entropy of myp, forh =1, - . G.
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4. Bayesian Inference

For some gene expression data, each array contains some
genes with fluorescence intensity measurements that were
flagged by the experimenter and recorded as missing data
points. In such a case, y, is incomplete. To deal with the
missing problem, we define the partition of d observed vec-
tor y, = (y?,y} ) where y7 and y7* contain the observed
and missing components, respectively. Consequently, the
DLM-MS l.akcs {(_I'('T). X (- Y’(’f}) Y {r)t as a complete
dataset having the joint distribution

T

Po(Ciry-X 1Y (1y) =pleo)p(@a) [ | pleidein)
i=1

P(xe|@e—1. € )p(Yel T 1)

The parameters to be learned from the observed datasct are
collected into a set © = {Ay. B, R, Q, M}, The
plxo) and plco) denote the initial distributions 1o derive
the dynamic system. Each composition in the above joint
distribution is obvious. so the details are omitted here.

Our attention turns to the Bayesian learning of DLM-MS
that requires the prior distribution of all model parameters
p(©) and the initial distribution of the hidden states p(xo)
and p(cp). In this study. we cmploy the natural conjugate
priors. Let d;g and B,g be the i-th row of ;1_{, and By, re-
spectively. A family of the conjugate priors of DLM-MS
that we use are expressed as follows:

@ig ~ Ni(0.AT), ¥i,g.

by, ~ N(0,X1), Vi.g,
(Rg)ei ~ IG(vr.6r0). Vi.g.
(Qg)u ~ IG('/qO» 5,10), vi.g.

my ~ Dir{uy,- - ug). Vi

where {G(7,48) stands for the inverse-gamma distribu-
tion with the shape v and the scale parameter 4. and
Dir(uy. - - -, ug) denotes the Dirichiet distribution with the
prior sample size uy, - -, ug. Note that the prior distribu-
tion of A, is specified by the truncated Gaussian distribu-
tion N4 (0, A, T') whose support are restricted to the positive
part @;, > 0. For DLM setting the underlying dynamical
system is invariant under the transformations as Ay — — Ay
and ; — —x,. To avoid the lack of identifiability. we use
the truncated prior distribution.

Once the prior distributions arc given, the augmented pa-
ramelers ©. X (7). Cry, and YZ}-, are estimated through
the posterior distribution

p(®. X1 Ciry, Y)Y ()
x polCry- X1y Y (1)) P(©).

Within Bayesian framework, all inferences are made
based on the marginal posterior distribution, for instance,
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Figure 1. Schematic expression of time-dependent module-module networks represented by DLM-
MS. Change in regime occurs at time point {. The interactions of the two transcriptional modules
between previous and current time point in the first regime are different from those in the second

regime.

p(®1Y {p,), and the goal is to characterize the marginal dis-
tributions by using some quantities, c.g. the posterior mean
© = E(©|Y{y) and the maximum a posteriori eslimator

© = argmaxgp(O|Y {7,) and so on. The direct evaluation
of these quantitics is, however, difficult under the DLM-MS
seting. To overcome such intractability, we perform the
Gibbs sampling algorithm that approximately computes the
posterior quantitics of interest by using simulated random
draws from the posterior distributions. The Gibbs sampling
is aiternating conditional sampling which is defined in terms
of subvector of ©, X (). C 1y and Y {1y, Each iteration of
the sampling scheme cycles through the subvector of draw-
ing each subset conditional on the value of all the other.
With arbitrary starting values @°, X1y C?T) and YE’}%
it proceeds by successive iteration of the following eight
steps:

1. Gencrate X () conditional on ®. C 7y and Y (7).
. Generate A, conditional on ©_,, X)) Cand
Ypyforg=1.....G.

3. Generate R, conditional on ©_z . X (1y. C7y and
Ymiorg=1,--.G.

4. Generate By conditional on ©_p . X (7). C (g and
Y(T) fO]‘g =1, ~,G.

5. Generate Q, conditional on ®_g,  X1). C(1) and
Yy forg=1,--.G.

6. Generate my, conditional on ©_,,,, . X, CTy and
Y(T) forh = 1, LG

7. Generate C 7y conditional on ©. X 7y and Y ()

8. Gc(.)ncratc () conditional on ©, X (r,. C(yy and

Here, ©_z stands for all components of ©, except for
Z, at their current values. The Markov structure of DLM-
MS and the assumption of conjugate priors makes it easy
o draw sample from the full-conditional distribution. for
example, the functional form of p(X (1)1©, C (7). Y (1y) is
Gaussian where the mean and covariance matrix are suc-
cessively computed by the well-known Kalman filter and
smoother, and p(8iq|O_ 4, X (1), C (1. Y (1)) is the pos-
itive part Gaussian distribution where its parameters arc
determined by the conventional rule based on the natu-
ral conjugate prior. The above steps are detailed in Ap-
pendix. The method proceeds by alternatively sampling
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from these full-conditional distributions. If the iteration
have proceeded long enough, the simulations is grossly rep-
resentative of the target distribution. To diminish the effect
of the starting point, we generally discard the first p sim-
- ulated samples and focus attention on the rest n — p. The
set {6,, X(T)J, C(T)J, Y?r;ﬂ)j }?:p+1 is used to summarize
- the posterior distribution and to compute quantiles, and the
other summaries of interest as needed.

S. Implementations

A basic issue arising in the DLM-MS approach is the
determination of the number of regimes in the switching
system, G, and the number of modules k. We address this
problem by selecting a particular combination {G*, k*} to

£ attain the best predictive ability.

To this end, we firstly construct B set of the bootstrap
samples in which B vectors of the quasi-missing observa-
tions. {y7*}£_,. is generated by resampling of all elements
in Y{7) with probability a. One intuitive approach is to

' select a combination {G*, k*} to minimize the prediction
error

B
1 1 m
En(G k)= 5D - Wi - 0 (GRIE )
b=1

where the Ly is the number of the quasi-missing observa-
tions contained in the b-th bootstrap set and the y;' (G. k)
stands for the corresponding posterior mean computed by
the Monte Carlo samples.

. In DLM-MS approach, the existing regimes are deduced
from the estimated posterior distribution of the class labels.
The Bayes rule explores the G regimes by assigning each
time point ¢ to a particular regime as follows:

¢ argmax <—n
Gy=¢ L 9= hett 6} Lg=p1 Chlt)s,
9 :
0 otherwise,

where {cn(t);})_p41 is the simulated draws generated by
the Gibbs sampling.
Once the model parameters are estimated. the DLM-
MS approach offers a set of consecutive k modules
AfR[ 1/z(yt —wy)along with the time line ¢t = 1, -, T,
and also their estimated networks. Interpretation of the &
f coordinates corresponding to the estimated modules is im-
portant for real data analysis. This task can be addressed by
investigating the direction of projection matrix A:’l = /—1;
| that projects y, onto R¥. In practice. it will be helpful to
list the top L genes to attain the highest positive score of
(A]),; at 0}, and the highest negative scorc at Q, for
J=1,--kand g = 1.---,G. These 2kG sets can be
useful either to visualize the calibrated networks and also to
elucidate a causal link from the estimated networks to some
b biological resources.
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6. Computational Experiments

We demonstrate our proposed method through the anal-
ysis of Saccharomyces cerevisiae cell cycle time series data
collected by Spellman ef al. [13]. Although the cel! cycle
dataset contains two short time series data and four mediam
time series data, we use cdc15 time series data (24 time
points) in this analysis. Originally, 800 genes were identi-
fied as the cell cycle-related genes by Spellman et al. [13].
From these 800 genes, 43 genes are also complied in the cell
cycle pathway in KEGG. Therefore, we use these 43 genes
and estimate the network of these genes in this analysis.

First, to select an optimal number of regimes G and the
number of modules, i.e. the dimension of state variable &,
we use diffuse prior distributions for all candidate models
as follows: A, Ay = 20, Yr0, Yq0 = 10, 6rq. 60 = 10,
ug=1forg=1,---,G, pg = 0, Ty = diag{10,---,10}
and Pr(c,(0) = 1|Zp) = /G forg =1,---.G. Inthe
Gibbs sampling algorithm, the number of discarded draws
is fixed at p = 250000, and total n — p = 50000 samples
are used to compute the posterior quantities.

After fitting a variety of models ranging G = 1,---,3
andk = 1,---,6. the model of G = 1 and k = 5 was
judged to be optimal by using the 10-fold cross validation
criterion (3). Our proposed method provided no evidence
for the presence of the regime switching. However, this re-
sult is not desirable for demonstrating the performance of
our proposed method and its applicability.

We therefore decided to construct a quasi-cell cycle mi-
croarray data which are synthesized to capture a switching
structure. Data fabrication that we enforced are summarized
in both Figure 2 and below:

For t = 11,---,17, the expression values of 43 genes
are interpolated in the following way:

1. Module 1
ife=12 yi=-04yy-1+0.6yz_1+u,
if3>i<15, yy=—05y1-1+ 0.6y
2. Module 2 —0.3y31:-1 — 0.8y3ae—1 + 11,
if1 =16, yu=—-04dy5-1+ 1
if172>49 <30, wyir =0.7y150-1 — 0.6y2—1 + 1
3. Module 3
ifi =31,32. yir = 0.6y15¢-1 — 0.7Ty312-1
—0.4y32¢-1 + 1
£33 >4 <43,y = 0.6y15-1 + 0.5y:e—1

+0.2y310-1 + 0.4yzo 1~ 1

The order of genes, i.e.
2.

t=1,---,43, follows that ol Figure



In this synthesized regime, three quasi-modules are reg-
ulated by each other, as module 1 causes module 1 itself and
module 2, module 2 causes module 2 and 3, and module 3
regulates module 1 and 2, respectively. Primitive genes that
drive dynamics in this regime are comprised of yis. Yo,
Y15¢t> Y16ts Y31 and yaz;. Figure 3 shows a schematic ex-
pression of data synthesis and the resulting expression pat-
terns. The member of each module is also listed at there.

Among a range of candidate models, cross validation
criterion attains the best score at the number of switching
points G = 2 and the number of hidden modules k& = 3 that
is consistent with the existing data structure. Figure 4 sum-
marizes the time evolution of the estimated gene-gene inter-
action matrix H, = R_I/QAHBtA;_l fort =2,---.T
where the coefficients are computed by averaging the Monte
Carlo samples. Change in the regime from¢ = 11,---,17 s
clearly detected while the estimated interaction in the other
regime are stable through the evolving times. Visualizing
time-dependent interaction matrices must be very helpful
for understanding the switching structure and finding the
time points of variation.

Figure 3 displays sets of module transcriptional genes
listed at Q) and Q fori = 1,---,3andg = 1,---,2/in
which shown here is a part of the selected genes in each set,
and the estimated module-module interactions are also pre-
sented. The existing two change points were correctly esti-
mated. In the synthesized regime, the calibrated 6 modules
are likely to reflect the quasi-three modules as all members
listed at a set belong to one quasi-module. The estimated
interactions is also consistent to the true data structure.

7. Discussion

We focused on a time-dependent DLM to deal with
structural change of biological system in gene expression.
As was elucidated in this paper, the DLM, in its canon-
ical form, implicitly represents gene-gene interaction via
module-module interaction. The time-dependent DLM as-
sumes that these interactions change over time. This as-
sumption is natural in terms of real gene expression process,
but the occurrence of structural change must be smooth. To
incorporate smoothness, we proposed use of the DLM-MS
that represents change in regime evolving according to the
first-order Markov process. We established some analytic
tools associated with DLM-MS; the Bayesian parameter es-
timation based on the Gibbs sampling algorithm; the cross
validation approach for the determination of the number
of switching time points and the number of module tran-
scriptionals; visualization technique for the evolving gene-
gene interactions and the module-module interaction. We
demonstrated its potential usefulness with the application to
Saccharomyces cerevisiae cell cycle time course data where
a part of data is synthesized as to have a switching structure

in the gene network.

The Bayesian parameter estimation gives a scope to
overfitting problem occurred due to small sample size and
a way of incorporating the biological knowledge to the pa-
rameter estimation procedure. However, in this study, am-
biguity in the determination of hyperparameters of the prior
distributions is remained. In practice, we have to further
explore the robustness of some estimates for any priors in
the class. In a case where no prior knowledges are avail-
able, the hierarchical Bayes method must be useful to avoid
such amibiguity or to model relatively complicated situa-
tions. Alternatively, a family of noninformative priors, e.g.
Jeffery’s prior or uniform prior. is also incorporated into our
method without loss of generality.

Although some tasks remain to be solved, we believe that
our proposed method will provide the successful applica-
tions for gene network estimation problem.

Appendix: Gibbs Sampling for DLM-MS

The following steps explain details of the Gibbs sam-
pling algorithm, given arbitrary starting values ©°, X?T)
and C?T). Hereafter, we will use the following notations:

Tys = E(x4|Z,)
and

Fy, = E|(@ - 2y,)(@ - oy,)

IS] k]
where the set Z, contains all information up to time point s,

1. Generate X (1) conditional on ©, C7y and Y (7 ac-
cording to

(X 1)|©,C 7y, Y 1)) x p(xr
T-1
H p(mtlmt-l-la 91 C(T)! Y(T))

t=1

0.C(1), Y (1)

Note that p(xr|0,C (1), Y (1)) takes in the form of
Gaussian which is equivalent to the filtering distri-
bution corresponding to the conventional linear state
space model. Hence the computation of the mean and
the covariance matrix is accomplished via the Kalman
filter.

(a) With initial conditions xg0 = g and Fgp =
3. run the Kalman filter algorithm for ¢t =
1,.--,T:

1. (Prediction)
By 1p-1.

BtFt—llt—lB; + Q.



S. cerevisiae cell cycle time series data

Synthetic data

43 genes X 24 time points Regime Switching (cdc15 140 - cdc15 210)

[ Module A - FAR® CLN3 SWi4 CLN1 CLNZ CLB5 CLB6 SICt

7 regime having
1 switching structurte

Module B

Module C

APC1 CDC20CDC8 ORC1 MCM2 MCM3 CDCS4

[ Modute B - COC4BMCMG CDCA7 COCA5CLEY MEZC3 PDS1 RADS3CDCS CLB1 CLBZ SWEH GING HSL7 HSL!
[ Module ¢ SWIS BUB1 SMC1 SMC3 MCDY SCC3 DBF2 DBF20 MOB1 TEM1 BUB2 PCLI PCL2

Figure 2. Fabrication of synthetic data: Original dataset contains the 43 gene expression values

quasi-expression values are interpolated by following a time series model. The synthetic gene
expression organizes the three transeriptional modules.

|
i
r Saccharomyces cerevisiae cell cycle measured at 24 time points. In the regime from ¢ = 11 to 17, the
t
:
)
i

' ii. (Filtering)
t Typ = Type-1 + Kely, — Aiyoq),

] Fy
; K,

(I“ KtAi)Fllt-—J:
R7'A(A R T A+ F )L

-1

l

} (b) The last iteration of the Kalman filter provide us
I with Zpyp and Fqyr, and 27 can be generated
| i

rom

x7 ~ N{xz71, Frir).

(c) Fort =1 —1,T—2,-.-,1, generate repeatedly
z, according to

Ty r~ N('rn,,, Pt)

where the mean and the covariance matrix are

i computed by the updating equation
my = Ty + Geet(Ter — Begrig).
Py = (I-G1Biy))Fy.

E with

G =Fy 13;4-1(Bf+vlFmB;+1+Qr v
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2. Forg =1,---.G. generate /'l;] = (l1q- - Gdg) CON-
ditional on ©_ 4 . X (7). C7) and Y. in the fol-
lowing way:

Qg ~ N(nigﬂ ‘I’ig)»

where the mcan and the covariance matrix are com-

puted by

-1
A : '
Thy = ;’; T+ X Xe ) (Xou)
\I,Lg = ()\HI {"F»r]_glx:gxg)-]‘

fori = 1,---,d. Here the vector y,, contains the i-
th gene expression value (y,); belonging to the g-th
regime, that is, having the current class label ¢y{t) =
1. Each row of the design matrix X 4 is the current
state vector @y having ¢,(¢) = 1, where the number of
rows is equal to {num. of time points € regime g} =
g8

2ou=164(t).

3. Forg =1, --,(. generate Rg conditional on @_j,
X ¢ry. Cyry and Y o, according to

Tig ™~ IG('}’TJ Or1)

e

P comh el pm g ) mendERpn e SaeeRg,

ik o=t s

-ﬂg?paﬂmﬁm ¥ = S

P

i1 sy S9N

T

¢



time =1 to 10
e S B

time f=11to 17

time =18

-1

change point

Regime 1

Figure 3. The calibrated module genes listed at ()

+
ig

and Q; fori =1,

Regime 1
change point

.3and ¢ = 1,---,2 and the

module-module interactions. Switching time points are estimated as ¢t = 11 and 1 = 18. Genes in red

and blue circle are those selected as members in Qj!‘, and

the intensity of interaction between two modules.

where

T
Fr1 = Yro = ch(t)f
=1
01 =60 + Hy,_,, - Xgatg|‘2v
fori=1.---.d.
. Forg =1.---,G, generatc L—'f,_, conditional on @—Bg-
X1y, Cry and Y ¢y in the following way:
big ~ N(&,, ®ig),

where the mean and the covariance matrix are com-
puted by

QZQ

-1
)\) L) ‘
&, = (_—'1+s',sg) (S,x.y)

By = (Nd+7,'5,8,)7"

9

Here the response vector @ ;¢ contains the ¢-th element
of x; having the current label ¢4(t) = 1. and thus the

96

1g» respectively. Each score represents

length Z‘T:l ¢g(t). Each row of the design matrix S
consists of the the corresponding inputs veclor T¢—; in
the system model.

Generate Q, conditional on ©_¢ . X (7). C(r: and
Y (1) according to

Tok ~ TG (g1, 0q1)
where
T
Tl = Vg0 + Z cg(t)s
(=1
g1 = g0 +|lTig — Sqi‘i.qu-
fori=1.---,k.

Generate 1y, conditional on ©_y,, X (1), C(1y and
Yy as

my, ~ Div(ng + up.npe + 12, npe + ug),

where 1y, stands for the number of samples having
cglt) =land cp{t —1) = 1.




i

o

T T

'

_ 7. Generate Cry conditional on ©., X7y and ¥ (7 ac-

cording to

PICm|0, X (1), Y (1)) x plerrile:, @)
p(Cgl@, X.(l): Y(t))

To this end, the following steps can be-employed:

Starting from an initial distribution p{ealZn) = 1/G,
run the filtering algorithm to calculate p{e,|Z;), t =
L, Twhere I, = {©, X1y, Y1y} as,

(a) Given p{ep—|Li~1) at the beginning of time ¢,
the Pr(cy{t) = 1, en{t — 1) = 1{Z,..1) are calcu-
lated by ‘ o

Pr( Cg(f,') =Leg(~1)=1 II(—-~.1)
— Prca(t)=llen(i=1)=1)Prlep ()| Too1).

(b) Once I, = Ty, U{y,; 2} is observed at the end
of time ?, we can update the filtered probability as

Pr(c,(t)=11T,)

G

Pr(cy(t)=1, cp(t=1)=1|L;),
h=1

where

Pr(cy(t) = 1,en{t — 1) = 1{Z,)
€ p(yelze, cg(t) = Vp(xs|mi-1, ¢o(t) = 1)
Pr(ljg(i)= Len(t — ].)= |II¢,_1\)A

8. G(f'nc:ral(‘: Y{ry conditional on @, Xpy, Cepy and
Y(‘T) as

y;n ~ ,N(A,Eyn)lch Rgln)).
where A and R™ are, respectively, the parti-

tioned measurement matrix and the covariance matrix
of A and Ry corresponding Lo the missing parts.

. References

[1] T. Akutsu, S. Miyano and S. Kubara. Identification of ge-
netic networks from a small number of gene expression pat-
terns under the Boolean network model. Pae. Symip: Biocon-
pur., 4. 17-28, 1999,

M.J. Beal. F. Falciani. Z. Ghalhramani. C. Rangel and D.L.
Wild. A Bayesian approach 10 reconstructing genelic vegu-
latory networks with hidden factors. Bicinformatics. 21(3),
349-356. 2005.

T. Chen, . He and G. Church. Modeling gene expression
with differential equations. Pacific Symposiwm on Biocom-
puting, 4, 29-40, 1999.

2

—

N
A
—

297

[4] C. Rangel, J. Angus. Z. Ghahramani, M. Lioumi. E.
Sotheran, A. Gaiba, D.1.. Wild, and F. Falciani. Modeling
T-cell activation using gene expression profiling and state-
space madels. Bioinformatics. 2009), 13611372, 2004.
M.J.L.de Hoon, $. Iinoto, K. Kobayashi, N. Ogasawara and
S. Miyaro: Inferring gene regulatory. networks from time-
ordered genie’expression.data-of. Bacillus subiilis using dif-
ferential equations. Pac. Symp. Biocompui., 8, 17-28, 2003.
N. Friedinan, K. Murphy and S. Russell. Learning the struc-
ture of dynamic prc‘)hébilisﬁc networks. Proc. Conference on
Uncertainty in Artificial Intélligence; 139-147. 1998,

S. Kim, $. Imoto and'S. Miyano . Inferting gene networks
from time series microarray data using dynamic Bayesian
networks. Brief, Bioinform., 4(3), 228-235, 2003.

8. Kim, S. Imoto and S. Miyano. Dynamic Bayesian nel-
work and nonparametric regression for nonlinear modeling
of gene networks from (ime series gene expression data.
Biosystems, T5(1-3), §7-65. 2004. :

E. Segal, M. Shapira. A. Regev, D. Pe'er, D. Botstein, D.
Koller and N. Friedman. Madule networks: identifying reg-
ulatory modules and their condition-specific regulators from
gene expression data, Nar. Genet., 34(2), 166—176, 2003.

N. Shephard. Partial non-Gaussian state space. Bionwetrika.
81, 115131, 1994,

I. Shmulevich, E.R. Dougherty. S. Kim, and W. Zhang.
Probabilistic Boolean networks: a rule-based uncertainty
model for gene regulatory networks. Bioinformatics, 18(2).
261-274, 2002.

R.H. Shumway and D.S. Stoffer. Dynamic linear models
with switching. J. American Staristical Associtarion, 86,
763-769, 1991,

P.T. Speflman, G. Sherlock, M.Q. Zhang, V.R. Tyer, K. An-
ders, M.B. Eisen, P.O. Brown, D. Botstein and B, Fulcher.
Comprehensive identification of cell cycleregulated genes
of* the yeast Suceharomyces cerevisiae by microarray hy-
bridization: Mol. Biol. Cell, 9. 3273-3297, 1998,

17

(8]

[9

—

[
[11]

{12]

113]

References




Figure 4. The estimated time-dependent interaction matrices, H,, ¢ = 2. ...
expresses an intensity of gene-gene interaction from ¢ — 1 (column) to ¢ (row).
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.21: Each colored pixel




