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ABSTRACT

Motivation: The explosion of microarray studies has promised to
shed light on the temporal expression patterns of thousands of genes
simultaneously. However, available methods are far from adequate
in efficiently extracting useful information to aid in a greater under-
standing of transcriptional regulatory network. Biological systems
have been modeled as dynamic systems for a long history, such
as genetic networks and cell regulatory network. This study evalu-
ated if the stochastic differential equation (SDE), which is prominent
for modeling dynamic diffusion process originating from the irregu-
lar Brownian motion, can be applied in modeling the transcriptional
regulatory network in Saccharomyces cerevisiae.

Results: To model the time-continuous gene-expression datasets, a
model of SDE is applied to depict irregular patterns. Our goal is to fit a
generalized linear model by combining putative regulators to estimate
the transcriptional pattern of a target gene. Goodness-of-fit is eval-
uated by log-likelihood and Akaike Information Criterion. Moreover,
estimations of the contribution of regulators and inference of tran-
scriptional pattern are implemented by statistical approaches. Our
SDE model is basic but the test results agree well with the observed
dynamic expression patterns. It implies that advanced SDE model
might be perfectly suited to portray transcriptional regulatory networks.
Availability: The R code is available on request.

Contact: cykao@csie.ntu.edu.tw

Supplementary information: http://www.csie.ntu.edu.tw/~b89x035/
yeast/

1 INTRODUCTION

Oneof themajor challengesin biology isthe construction of the com-
plicated mechanism that regulates gene expression. Living cells are
controlled by gene-expression programsinvol ving specific promoter
sequences and varioustranscription regulators. These transcriptional
programs are modified as cells progressing through the cell-cycle.
Thereareagrowing number of examplesthat the cell-cycleregulated
genes are typically those involved in cell-cycle specific processes,
which are expressed at peak levels at the time that they are needed
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for particular functions (Spellman et al., 1998; Lee et al., 2002).
However, the molecular mechanisms governing gene-expression
regulation remained largely unknown.

Recently, the development of microarray, which permits us to
monitor transcriptomes on a genome-wide scale, has dramatic-
aly expedited comprehensive understanding of the gene-expression
profiles, e.g. how the transcription profiles for genes vary across the
cell cycle. However, it is generally believed that analyzing a vast
number of microarray datasets does not necessarily provide com-
prehensive understanding of the role of a given gene in a specific
biological process. The unmet needs include efficient translation
of existing raw microarray data into a workable model to facilitate
greater comprehension of the transcriptional regulatory network. In
this study, we present a novel modeling, a stochastic differential
equation (SDE) model, to alow quantitative depiction of time-
course transcriptional regulation. The model aso implements stat-
istical approaches to estimate the contribution of the transcriptional
regulators.

In this study, cell-cycle data of budding yeast Saccharomyces
cerevisiae (Spellman et al., 1998) was used as a test set. A list of
target genes was collected, including 800 cell-cycle regulated genes
from Spellman et al. (1998) and 2119 selected genes from Chen
et al. (2004). In addition, a candidate pool of potential upstream
regulators of target genes consisting of transcription factors, cell
cycle control factors and DNA-binding transcriptional regulators as
described in literatures (Spellman et al., 1998; Chen et al., 2004;
Harbison et al., 2004) was selected. The goa was to fit a general-
ized linear model using a set of putative regulators to estimate the
transcription pattern of a specific target gene. Goodness-of-fit was
evaluated by log-likelihood and Akaike | nformation Criterion (AIC)
(Akaike, 1974). Then, the regulatory abilities of selected regulators
were estimated by maximum likelihood, and the estimated transcrip-
tion rate of the target gene wasinferred by combining the regulatory
functions of selected regulators. Finally, the estimated expression
level of the target gene was derived by least squares.

The results from test data fitting curves agreed well with the
observed dynamic expression patterns. The first 10 of the best fit-
tings and worst fittings and selected figures of the fitting curves are
listed below for comparison. Taken together, test results indicate
that our SDE model is good at portraying transcriptional regulatory
networks.

© The Author 2005. Published by Oxford University Press. All rights reserved. For Permissions, please email: journals.permissions@oupjournals.org
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2 SYSTEMS AND METHODS

To construct asystematic study on periodically expressed data, an SDE model
was applied to describe the transcriptional process of atarget gene. For each
target gene, the model associates its transcription rate with the regulatory
functions of possible regulators. Then the model iteratively selects regulat-
ors from the candidate pool so that the combination of selected regulators
may result in the highest log-likelihood; the selection procedure ends when
AIC begins to increase. At this stage, the estimation of the contribution and
regulatory abilities of selected regulators was carried out.

The calculation and statistical analysisconducted in this paper wereimple-
mented by R 2.0.1 (R Development Core Team, http://www.r-project.org/).

2.1 Dynamic stochastic transcription model

In this paper, the modeling of the temporally dynamic gene-transcription
processis based on the theory of SDE (Chung and Williams, 1990). The SDE
is prominent for modeling dynamic diffusion process that originates from
the irregular Brownian motion of pollen particles suspended in water. SDE
iswidely used for modeling irregular motion, variability or uncertainty due
to time series, and have been used to provide powerful solutions in finance,
neuroscience, computational cell biology and physics (Tan, 2002). To model
the time-continuous gene-expressions datasets, we let N, denote the exact
amount of target gene mRNA at time ¢. From timer to ¢ + At, the dynamic
transcription and degradation process is modeled by

(Netar — Ni)/Ne = ANy /Ny = (8 — M) AL + &1,a1,

where g, is the transcription rate, A is the degradation rate, and &, 4, is the
noise or random error captured by normal distribution N (O, o2 Ar) with zero
mean and variance in proportion to Ar.

Suppose that AW, ~ N (0, At), then &; o, = o AW, and

AN /N; = (g — DAL+ 6 AW,.
Let At — 0, we have the SDE asfollows,
dN; /N, = (g — M)At + odW,,

where W, is the standard Brownian motion, which represents the source
of uncertainty of random error. Since N, could not be directly measured, we
measurethesignal intensity S, instead, whichisproportional to N,. Let X, =
log(S; — B) be the expression level of the gene, where B is the background
intensity. Without loss of generality, we might assumethat X; = log N;. By
the It6 rule (Karatzas and Shreve, 1991)

dNt/Nt — d(N)t
2Nt2
= (g — »—02/2)dt + cdW,, 6]

dX, = legN, =

where (N), isthe quadratic variation of N, withd(N), = Jthzdt.

2.2 Regulatory functions

At time ¢, the transcription rate g, of the target gene depends on the n reg-
ulators through regulatory functions. Let Xj; be the expression level of the
i-th regulator at time r. And the regulatory function of a specific regulator i
is described as a sigmoid function (von Seggern, 1993):

1

f(Xit):m. i=12,...,n, (2)

where u; and o; arethe mean and deviation of regulator i, respectively. Since
theexpression level ismeasured at m time points, therearem samplesfor time
t=1t1,12,...,4,. Weestimate u; and o; by sample mean X; = Z_’;’zl X,
and sample standard deviation s; = [Z_’,'":l(xit/ — X%/ (m — l)T/2 for
regulator i.

Let

g =cp+ Zci fi (Xit). ©))

i=1

Then, by combining Equations (1) and (3), we have

n
dX, = |:Co + Zci Ji (Xit)i| dt +odW;,
i=1
where co = ¢ — A — 62/2, and ¢; is the contribution of regulator i to the
transcriptional regulatory network.

2.3 Statistical method

In order to connect the target gene with its n upstream regulators, the model
associates the stochastic transcription rate of target gene with the regulatory
functions of possible regulators. In statistical sense, the regulators are con-
sidered as predictors and the target geneisregarded asresponse variable. The
statistical approachisto fit alinear model using a set of regulatory functions
of regulators as the inputs to estimate the dynamic transcription rate of a
target gene as the output. It also estimates the contribution and regulatory
abilities of selected regulators. For asmall Az, the previous equation can be
approximated by a discrete form as follows:

n
AX, = |:co + Zcifi(Xit)] At + o AW,
i=1

then
VAt

where Z, = AW, /+/ At isdistributed as N (0, 1), which representsthe source
of uncertainty of random error. Thereafter, for aspecific target generegulated
by n regulators, m samples are collected at time ¢ = 11,12, . . ., t;y, We have

(Xiypy = X)) d
— I o=t + it — 1. fi(Xi) + 0 Ziy,
Tjr1—1j oVt =1, p i1 =1 fiXiry) 1

forj=1,2,...,m— 1 Let

A |:C0+Zcifi(xit):| VAt +oZ;,
i1

v — Xi;y — Xi)) @
VG
U; = [V = G 5 i) i1 = 1 K], ()
C =[co,c1rycal”,
then

n U, Zy

Y2 U; Zy,

. = . C+o . ,

Yin-1 Un-1 Zt,,,_l

where Z;, arei.i.d. random variables with N (0, 1).
For simplicity, the above model iswritten in the matrix notion as

Y=UC+oZ,

whereY,Z are (m — 1) x 1lvectorsand U isa(m — 1) x (n + 1) matrix.
Moreover, U is the observed input, and Y is the observed output; C and o
are the parameters to be estimated. Since Z,; are i.i.d. random variableswith
standard normal distribution, the log-likelihood function of Y is

-1 1
logL = — = log(2762) — = (y — UC) (y — UC).
2 202

By the maximum-likelihood (ML) approach (Casella and Berger,
1990), let (3/dC)l0gL|_¢ ,2_s2 =0 and 8/952) l0g Ll _¢ y2_52 =0,
since at least one second-order partial derivativeis negative, (82/9(c2)?) log
Llc_¢ g2—52 < 0, themaximum-likelihood estimators(ML Es) arederived as

C=U0"v) Ty,

s2_ 0-UO(y-UO)
- (m — 1)
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By theinvariance property of MLES, the log-likelihood function becomes

-1 -1
" log(2rd?) - (m . )|
Note that, there is no need to estimate the degradation rate 2 in our model,
since it is aready contained in the ¢ term. The selection procedure is used
to build amodel that might best fit the dataset and is carried out by the AIC
(Akaike, 1974) given by

logL = —

AIC = —2logL + 2(n + 1),

where n is the number of regulators. The AIC selection procedure provides
an answer not only to the overfitting problem by too many inputs but also
to the underfitting problem by too few inputs. A built model is better than
another if it hasasmaller AIC value, so any two non-nested models might be
compared by AIC values. A best-fit model might be accomplished by AIC
stepwise regulator selection. Note that, like most optimization procedures,
stepwise variable selectionisalocal optimal procedure, and it could get stuck
in alocal maximum/minimum solution (Li and Nyholt, 2001).

2.4 Computational algorithm

Our method aimsto select aset of possible regulatorsto estimate the dynamic
transcription pattern of atarget gene. The method searches for possible reg-
ulators from the candidate pool and uses an AIC strategy to iteratively add
regulators resulting in the highest log-likelihood; the selection ends when an
increasing AlC appears. Consequently, the regulatory ability is evaluated by
the ML approach and the transcription pattern isderived by least squares (LS)
method.

The selection of regulators from the candidate pool is conducted by the
AIC forward selection procedure (Weisberg, 1985). In the forward selection
(FS), regulators are added at each step and the FS procedure works asfollows.

The simple regression model with the single predictor (regulator) that has
the biggest log-likelihood with the response (target gene) is used. Then, an
additional regulator is added if it meets the criterion:

o It will decrease the AIC more than any other single regulator or hasthe
largest log-likelihood of any of the regulators that are not already in the
model.

In FS, we start with a single regulator, and then add another regulator at each
step until astopping ruleis met with. The possible stopping rules are:

e Stop when the AIC starts to increase.

e Stop if the number of regulators in model would be larger than some
predetermined number, say 10, in our method.

The FS method is easy to explain, inexpensive to compute and also widely
used. However, the FS method must be used with caution becausethe apparent
ordering of the regulators is an artifact of the method and may not reflect
relationships of substantive interest. In addition, it might seriously overstate
the significance of the results.

Meanwhile, incomplete data is handled by the fill-in method. Since this
data are in time-series manner, it is reasonable to estimate a missing value
by theinterpolation of its adjacent time-point observations. In addition, if the
missing valueis at thefirst or the last time point, an extrapolation estimate is
applied.

Thus, the overall algorithm is described as follows:

Sep 1. Handle the incomplete data by fill-in method and calculate the
response Y by Equation (4) for al genesin the dataset.

Sep 2. Calculatethe regulatory functions of regulators by Equations (2)
and (5) for al genesin the candidate pool.

Sep3. Conductthe AlC-FSapproachto select aset of possibleregulators
to explain the dynamic transcription pattern of atarget gene, as well as the
parameters estimated by maximum-likelihood method.

Sep 4. Derive LS method to estimate the expression level of the tar-
get gene through the selected regulators. The formulae are outlined in the
supporting material.

3 IMPLEMENTATION
3.1 Yeast cell cyclemicroarray data

To evaluate our model on biological time-course datasets, we applied
it to the eukaryote Scerevisiae (Spellman et al., 1998) data. The
cell-cycle process has been studied in great detail in the budding
yeast Scerevisiae, and the dataset contains gene-expression meas-
urements of the mRNA levels of 6178 Scerevisiae open reading
frames (ORFs) at 18 time-points under « factor-based synchroniz-
ation method. Spellman et al. (1998) identified 800 genes whose
expression varied over the different cell-cycle stages by meeting an
objective minimum criterion for cell-cycleregulation. The datawere
transformed into log, ratio scale, and normalized so that the aver-
age log,(ratio) over the course of the experiment was equal to O.
Although there are ~800 genes involved in the cell-cycle process
of the budding yeast, the number of key regulators that are respons-
ible for the control and regulation of this complex process is much
smaller (Li et al., 2004).

We performed agenome-wide dynamic analysistoinvestigate how
yeast regulators regul ate target transcripts. A list of target geneswas
constructed by joining 800 regulated genes from Spellman et al.
(1998) with 2119 selected genes from Chen et al. (2004) Then, a
candidate pool of potential upstream regulators of target genes was
constructed by joining transcription factors, cell-cycle control factors
and DNA-binding transcriptional regulators described in literature
(Spellman et al., 1998; Chen et al., 2004; Harbison et al., 2004).
The selection procedure was carried out by the AIC strategy. The
lower the AIC score was, the more the pattern displayed by these
selected regulators resembled the target gene. Although our test set
waslimited to acandidate pool of known regulators, themodel could
be applied to the whole genome pool aswell.

3.2 Inferencefrom dynamic stochastic model

Applying estimated coefficients to the selected regulators, the tran-
scriptional regulatory ability was inferred by a combination of
regulatory functions, and the transcription pattern of a specific tar-
get gene was derived by LS method. The results of our method for
20 target genes selected by Chen et al. (2004) are listed in Table 1.
The predicted values, X, agreed well with the observed expression
patterns of six target genes (Table 1 and Fig. 1). Table 2 contains
the first 10 best fittings and worst fittings, which were determined
on the log-likelihood of Y, the transcription rate minus degradation
rate, in our implementation, and selected graphs of fitting curves are
presented for comparison in Figure 2. Since the dynamic transcrip-
tion model herewas carried out by the basic theory of SDE, it wasnot
supposed to be powerful enough for identifying all real regulators.
However, while we carefully discerned the worst 10 fitting curves,
they still captured much of the dynamic patterns of temporal tran-
scription levels (Fig. 2). It was implied that advanced SDE models
might be well suited to characterize transcriptional regulatory net-
works. A summary statistics based on the SDE model is shown in
Table 3. In atotal of 2341 target genes, the number of regulators
ranges mainly from one to six. Very few target genes (5, 0.21%)
have 10 regulators. The average number of regulators per gene is
3.0829, and the average percent of activators of the corresponding
total regulators are indicated in the fourth column. The percentage
composition of theregulators (activatorsversusrepressors) iscloseto
0.5 for each number of regulators, although the number of activators
seems alittle less than repressors when total regulators are fewer. In
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Table 1. Twenty specific target genes with corresponding putative regulators and associated regulatory abilities

Target logt AIC SSE 0 cl Reg.l c2 Reg.2 ¢3 Reg3 ¢4 Reg4 c5 Reg5 ¢6 Reg.6 c7 Reg.7 8 Reg.8

SWMI5 2293 3587 0.180 0.033 -0.223 FZF1 0252 GAL80 -0.214 ARR1L 0.158 GCN4

CLN2 2259 -2319 0.002 -0915 -0.030 FHL1 0.162 MALS33 0.774 IFH1 0559 ASH1 0.213 GCR1 0.137 HAP1 0174 HAC1 -0.160 HAAl
SWE1 1939 -28.78 0.186 0214 -0220 FHL1 —-0.246 MAC1 0.197 BASL —-0.137 GZF3

NDD1 1860 -—3320 1.033 —0.050 0.117 ASK10

CDC46 1600 -19.99 0316 —-0.308 0.092 ACE2 0.296 IFH1 0.142 GCR1 0197 AFT2 —-0.081 GAT3

SPO12 1414 —2229 1288 —0.029 0172 GCR1 -0.125 INO4

HCM1 1335 -16.71 0276 0.159 -0.278 ABF1 0.205 CST6 —-0.138 MAC1 -0.091 HM&

CLN3 1333 -16.66 0.506 —0.085 0472 FHL1 —-0.344 HOGl1 -0.107 CAD1 0.148 INO4

HTB1 1325 -1651 0597 0130 -0.173 FAP7 —-0371 FKH1 0.140 HAL9 0.167 HSF1

CDC20 1224 -16.48 0.669 —0.096 0217 FHL1 -0.125 HIR2 0.105 ARGB80

CLB2 11.00 -1401 1628 -0.023 -0.386 BASL 0310 HMS1 0.173 DAL82

SvSl 1005 —-6.10 0.225 0599 -0.650 FHL1 —-0216 GAT3 —-0.244 LEU3 0.198 ACE2 -0.147 ARG81 -0.111 GCR2

CLB4 976 —-1553 1.604 0.074 -0.145 HMSL

CLB6 945 -291 0279 -0.357 0.418 IFH1 0.387 CSI6 0.101 GAL4 0.160 DIG1 —-0.258 GLN3 —-0.243 HAL9 0.166 GCN4
HHT1 921 -1042 1111 0.056 —0.532 FKH2 0.262 CBF1 0.175 HAL9

SWM4 755 —-710 1324 -0.493 0.594 IFH1 0.267 ASH1 0.172 LEU3

SC1 715 —-829 2284 0.013 0.152 CAD1 -0.168 GAT1

MNN1 517 —-435 3.980 0.004 0312 HAA1 -0.282 ABF1

HTA1 463 —3.26 2.692 0.171 —0.495 DAT1 0.176 GCR2

ASH1 2.64 273 2369 -0.151 0408 ACE2 -0421 GAT1 0.302 INO2

Thefirst column indicated the interested target genes which were sorted in descending order of log-likelihood of Y at the second column; the third column is the AIC of finadl model; the fourth column is the sum of square errors (SSE)
between the estimated X and the observed X ; the fifth column is baseline variation rate; the rest columns outline the selected regulators associated with regulation abilities for specific target gene at the first column. Due to limited space,
only first 8 regulators were listed. Complete results are available on website.
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Fig. 1. The expression profiles of six cell-cycle regulated genes. The solid line represents the experimentally observed values, and the dot red line represents
thefitted valuesby SDE model. The fitted equation represents that the specific target geneisregulated by these regulators with activation for positive estimation

and repression for negative estimation.

addition, we tested the SDE method on some Spellman’s data using
fewer experimental points. The sum of square errors (SSE) was still
small when using only as little as four time points. The results are
available on the website.

To sum up, our study provides not only amathematical and statist-
ical method to capture time-course expression information, but also
acombination of regulatory functionsto characterize regul atory abil-
ities. Overall, the estimated X, is pretty close to the observed X;. In
addition, the regulatory parameter ¢; represents the contribution of
regulatory function of regulator i to the target gene, with activation
for positive estimation and repression for negative estimation. The
test data, complete tables of specific target genes with their selected
regulators and fitted curves graphs are available on the website.

4 DISCUSSION

Biological systems have been modeled as dynamic systems for a
long time, such as immune systems, genetic networks and cell reg-
ulatory network (Li et al., 2004). Gene-expression profile data are
network interactions and have been analyzed through a variety of
clustering methods in an attempt to group genes with similar pat-
terns(Eisen et al., 1998; Tavazoieet al., 1999). Another widely-used
application isto organize co-expressed genes by promoter sequence
motif (Bussemaker et al., 2001). Their approachesdeliberately depict
the expression profiles of transcription network. A genome-wide
location analysis of gene expression to identify transcription factors
binding to promoters (lyer et al., 2001; Lee et al., 2002) could
provide us more information to construct transcriptional regulatory
networks. More recently, a few studies in discerning and dissect-
ing periodically expressed cell cycle yeast data are the fuzzy logic

approach (Woolf and Wang, 2000), the smooth surface response
(SRS) agorithm (Xu et al., 2002), the quantitative characterizing
transcriptional regulatory network by Chen et al. (2004), and so
on. The fuzzy logic approach and SRS agorithm were proposed
to generate a connected network and to construct a model to find
triplets of activators, repressors and target genes. Their algorithms
well construct parts of gene regulatory machinery inyeast cell cycle.
In this paper, we address this question from adynamic systems point
of view. Our approach provides a novel study in characterizing the
time series expression level based on the basic 10 rule of SDE the-
ory, aswell asidentifying possible regulators by common statistical
approach. The model explicitly dealswith the variable time problem
by addressing the term of squared root of time interval in transcrip-
tion model and sigmoid function for all genes. Estimating by ML
and LS, thismodel can unambiguously portray the regulatory abilit-
ies of temporally expressed target genes. Our model not only studies
the regulatory relationship between regulators and target genes, but
aso quantifies the regulatory abilities to the specific target genes.
It concerns a method of multi-regulators, but not a triplet model of
activator, repressor and target gene.

Our method has several advantages over other implementations.
An important feature in the SDE model is that dynamics arise as a
natural consequence of time course in the duration of the cell cycle
process. The SDE model takes time course into account for address-
ing continuous-time random error in Brownian motion. The fitted
curvesadequately depict differently shaped expression patternswhile
keeping the model parameters as few as possible. Applying more
advanced results of SDEstheory, our algorithm can be implemented
in more complex dynamic biological systems.
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Table 2. Ten best fitting and worst fitting target genes with corresponding putative regulators and associated regulatory abilities

Target logL AIC SSE 0 cl Reg.l c2 Reg.2 3 Reg3 c4 Reg4 5 Reg5 c¢6 Reg.6 c7 Reg.7 8 Reg.8
Best fitting?

SPIl 3080 —43.60 0.002 0079 0348 IME4 —-0.304 MAL33 -0.119 HOG1 -0.132 GLN3 0.054 AsH1 0.050 CST6 —0.039 IXRl —0.020 HAL9
PRO2 3008 —-46.16 0.013 0003 0178 HAP1 —-0.078 CST6 —0.095 GAT3 —0.048 CUP9 0.054 CBF1 -0.022 CAD1

YKL177W 2955 —51.11 0.131 -0.001 -0.161 GAT3 0.088 ARGS1 0.069 GAL80

HSH155  29.00 —42.00 0.015 0.145 -—-0.251 ARG81 0.188 CIN5 —0.068 DIG1 —-0.091 GTSl —0.053 DAL80 0.046 CBF1 —0.053 ACAl

DIA1L 2871 —-39.41 0.002 —-0.004 -0.151 HAP4 —-0.146 LEU3 0.149 FKH2 0128 AZF1 —-0.092 ARO80 0.088 MAL33 0029 HM& -0.018 GTSL
GRE1 2853 —43.06 0.017 —0.065 —-0.240 GAT3 0.147 GAL80 0.130 GLN3 0.081 ARG81 0.062 ASK10 —-0.050 FZzF1

GLN1 2848 —-40.9 0014 0117 0208 DIGl1 -0149 HM& -0.078 IMEl1 —-0065 GTSL -0.075 GAL3 —-0.047 HIR1 —-0.033 CST6

PMI40 2834 —4467 0.025 —-0096 0175 MAL33 0.085 BYEl 0.087 INO4 —-0.069 GCR2 —-0.065 IFH1

FBP26 2825 —-4449 0.050 0127 -0.162 GAT3 —-0.187 HAC1 0.088 FKH1 —0.064 AFT2 0.059 CBF1

NDE1 2822 —4645 0119 0072 -0139 CSI6 —0.138 BYElL 0.082 FKH2 0.055 FzZF1
Worst fitting?

YBRO8OW —-1.68 7.36 3200 —0.166 0.367 HAAl

ZIP1 077 246 3692 0191 -0.368 INO2

YFROS7W 113 174 4310 0.099 -0.188 GCN4

YALO18C 152 29 1793 0056 -0.303 IME1l 0.195 CRZ1

FIT3 182 637 2637 0367 —0.288 ARG81 —-0464 ECM22 0413 GLN3 —-0.336 MACL

HSH49 217 565 4924 0830 —-1130 CIN5 —-0655 FHL1 0354 DAL81 -0.275 FKH1

DSE3 226 —052 5556 —0.060 0.129 ARG80

MSN1 230 -059 3769 —-0.092 0193 HAL9

YGR269W 240 -081 5190 0.097 —-0.194 HMSL

MET14 258 -116 4336 0.091 -0.186 IMEl

SSE, Sum of square errors.

aThe first column indicates the interested target genes which were sorted in descending order of log-likelihood of Y in the second column.
bThe first column indicates the interested target genes which were sorted in ascending order of log-likelihood of Y in the second column.
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Fig. 2. The expression profiles of three best-fitting genes (Upper panel) and three worst-fitting genes (Lower panel).

Table 3. The statistical summary of regulators of the SDE model

Number of Frequency (%) Ave. Ave.(activators)

regulators (#act./treg.)
1 402 (17.17)  0.36070 0.36070
2 611 (26.10) 0.40998 0.81997
3 520 (22.21) 0.43590 1.30769
4 361 (1542) 0.44737 1.78947
5 239 (10.21)  0.46527 2.32636
6 112 (4.78) 0.47173 2.83036
7 63 (2.69) 0.46485 3.25397
8 21 (0.90) 0.53571 4.28571
9 7 (0.30) 0.46032 4.14286

10 5 (0.21)  0.64000 6.40000

Total 2341 100.00

Ave.(regulators) 3.0829

Ave.(activators) 1.3674

Theaveragenumber of regulators per geneis3.0829, and theaverage percent of activators
of the corresponding total regulators are indicated in column 4.

Our approach has, inevitably, certain disadvantages. First, we did
not concern interactions between regulatorsin our model of combin-
ational regulatory functions; undeniably, the real-world regulatory
mechanism ismuch more complicated than as assumed in our model.
Second, the AIC forward selection might not be good enough for
model selection. A stepwise selection or other criteria for variable
selection, such as Mallows C,, (Weisberg, 1985) for selecting a sub-
set, could be applied later. Third, if therearetrue regulatorsthat have
not beenidentifiedinliterature, they arenot included in the candidate
pool. Asaresult, they would never beidentified as regulators by our
algorithm. All possible genome-wide regression could be considered
inthefuture, though thismight beinefficient andimpractical. Ingen-
eral, thereisno final or best model, only a group of possible models
that are all judged as nearly, equally useful. In addition, a basic

limitation of this study is the data of MRNA expression level might
not exactly reflect the deliberate regulatory mechanism. Modifica-
tions, corrections or filtering might be necessary. All of these issues
are subjected to further study. Nevertheless, the results indicate that
our SDE model can capture the behavior of transcriptional regulat-
ory throughput quite accurately. Asnoted above, inference under our
model for cell-cycle expression is promising and one of the goalsin
our future studies of cell-cycle gene expression is to construct the
sophisticated cell regulatory networks.
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