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Abstract

Background: This work explores the quantitative characteristics of the local transcriptional
regulatory network based on the availability of time dependent gene expression data sets.

The dynamics of the gene expression level are fitted via a stochastic differential equation model,
yielding a set of specific regulators and their contribution.

Results: We show that a beta sigmoid function that keeps track of temporal parameters is a novel
prototype of a regulatory function, with the effect of improving the performance of the profile
prediction. The stochastic differential equation model follows well the dynamic of the gene

expression levels.

Conclusion: When adapted to biological hypotheses and combined with a promoter analysis, the
method proposed here leads to improved models of the transcriptional regulatory networks.

Background

The production of independent sets of time courses of
microarray data [1-3], obtained for the most studied
eukaryotic organism Saccharomyces cerevisiae, improved
the knowledge on the relationship between genes through
the transcriptional process in the cell. The mechanism of
the gene expression regulation is not entirely known, yet
progress has been made by combining i silico approaches
with the analysis of experimental data. In particular, con-
tributions from a qualitative analysis realized by the rec-
ognition of specific promoter sequences, binding sites,

and transcription factors are enhanced by quantitative
studies obtained from microarray gene expression data
[4,5]. The transcriptional regulatory network, built from
thousands of genes, has a dynamical nature: the transcrip-
tional program adapts itself to organismal development
through the cell cycle, or as a response to changes in envi-
ronment. In a systemic view the network architecture is
potentially established by a qualitative analysis while
quantitative methods address the main dynamical aspects
- the network switches and the level of its parameters.
This type of information may be obtained by processing
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gene expression data that keep track of the variations in
the experimental conditions and temporal modifications
suited for the understanding of a particular transcriptional
behavior.

A mathematical model for the processing of time depend-
ent gene expression data has been sought to describe the
dynamical aspects of regulation and to estimate the level
of contribution for each transcriptional regulator in a suc-
cession of events. In this work we strengthen the model
proposed in [6], by means of a novel pattern for the regu-
latory function. This model uses a SDE to describe the
dynamics of the target mRNA expression level that reflects
the actual knowledge about the stochasticity in gene
expression, in a biological framework [7]. The drift term
of the SDE depends on the regulatory rate of the target
gene. The noise term is modeled by a Brownian Motion
process which accounts for the superposition of small ran-
dom factors that arise dynamically. The regulation rate is
obtained as a linear combination of the regulatory func-
tions of specific elements of the network. We propose a
beta sigmoid function as the prototype of the regulatory
function, designed to keep track of the local temporal pat-
terns of the target gene regulators.

Our analysis shows that the utilization of the beta sigmoid
function enhances the results in [6] where sigmoid func-
tions were considered. The comparison was made by
applying the model to the same test data set as in [6],
given by gene expression measurements of the mRNA lev-
els of 6178 S. cerevisiae ORFs at 18 time points under the
o factor synchronization method [1]. A candidate pool of
potential regulators was constructed by joining transcrip-
tion factors, cell-cycle control factors and DNA-binding
transcriptional regulators as found in the literature [1,8].
We performed the same statistical analysis from [6] based
on the maximum likelihood principle for the estimation
of the model parameters. The AIC strategy was used for
the selection of the best fitting combination of the pool
regulators. With the addition of beta sigmoid pattern, the
SDE model renders good prediction results even in the
case of the previously worst fitted genes obtained by [6].
The procedure proposed herein may be well suited to
quantify transcriptional regulatory networks, provided it
is tailored to the characteristics of the input data set.

Results

The model was evaluated on the data set from [1] that pro-
vides gene expression measurements of the mRNA levels
of 6178 S. cerevisiae ORF s at 18 time points under the o
factor synchronization method. To compare our results
with those from [6], we used the data set of 216 potential
regulator listed at [9], constructed by joining transcription
factors, cell-cycle control factors and DNA-binding tran-
scriptional regulators described in the literature [1,8,10].

http://www.biomedcentral.com/1471-2105/8/S5/S4

This set has been created with respect to the regulation of
the cell cycle process. There are about 800 genes identified
to be involved in the cell cycle of the budding yeast [1]
and we performed our analysis on the entire data set. This
fact did not carry any methodological artifact because the
target genes are processed independently. The advantage
is that good prediction results may imply new hypothesis
about the regulators of particular genes. The output of our
analysis is bipartite. For each gene we provide

1. the parameters of the goodness of fit: log likelihood
(log L), AIC and QE of the predicted mRNA levels with
respect to the observed values

2. the corresponding regulators with their regulatory effect
expressed by the local network weights; positive weights
correspond to activator genes and negative weights corre-
spond to repressor genes.

The full output of our analysis is presented in Additional
file 1. The beta sigmoid function was non-degenerate for
72% of the expression values. Tables 1 and 2 show that
the use of the beta sigmoid model for the regulatory func-
tion improves the fitting parameters for 15 of the 20 genes
depicted in [6] as worst fitted. The prediction of five genes
(YGR269W, FIT3, HSH49, ASH1 and ATS1) shows a sub-
stantial amelioration. Over the entire data set, the novel
model of regulatory function improved the prediction of
29% of the gene expression profiles. The distribution of
the improvement is presented in the histogram in Figure
1 computed for the difference between the quadratic error
of the predicted mRNA levels with the sigmoid model and
the quadratic error of the predicted mRNA levels with the
beta sigmoid model. We note that there is a non-negligi-
ble number of genes with their expression level better fit-
ted by the beta sigmoid regulatory pattern. The prediction
results for a selection of 10 genes in this category are
shown in Table 3 and Table 4. Figure 2, Figure 3, and Fig-
ure 4 show comparative plots of the expression profiles
for observed data and predictions from the stochastic dif-
ferential equation model, with beta sigmoid and sigmoid
prototypes of regulatory function. Two conclusions may
be immediately drawn:

e the SDE model can provide very good predictions of
mRNA expression levels;

¢ there exist genes for which the SDE model with beta sig-
moid regulatory function gives a better prediction than
the SDE model with sigmoid regulatory function.

A good quality of fitting of a particular gene allows the
consideration of the regulators associated by the model
for further investigation such as DNA-binding sites or pro-
moter architectures. The quadratic error of prediction with
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Table I: List of genes reported as worst fitted in [6] and their prediction results from the SDE beta sigmoid model

Target logl AIC QE Best Fit

YBRO8IW(NA) -3.13 1027 16.56 YBRO89W = -0.180 + 0.481 BASI

YDR285W(ZIP1)* 125 548 2.17 YDR285W =0.253 +-0.258 GATI| + -0.511 GCN4 + -0.202 FKH |
YFRO57W/(NA)* 233 132 240 YFRO57W = -0.057 + 0.405 GAL80 + -0.09129 IFH|

YALOI8C(NA)* 529 -0.58 1.25 YALOI8C =0.256 + -1.985 GAL80 + -0.922 FKH2 + 1.983 IMEI + 0.624 HMSI

YOR264W(DSE3)* 465 -331 277

YOR264W = -0.265 + 0.205 CHA4 + 0.684 IMEI

YOLI16W = -0.045 + 0.229 HAL9 + -0.132 FZFI

YGR269W = 0.011 +-0.263 GZF3 + 0.313 CRZI + -0.383 DALS80 + 0.361 AZFI

YOR383C =0.073 + -0.199 ARG8I+ 0.325 GLN3 + -0.218IFH|

YOR3I9W =-0.033 + 0.337 CST6 + -0.170 CINS5 + 0.719 GAL80 + -0.191 IFHI + -0.274 ACAI

YDLII7W =-0.463 + 0.577 AFT2 + 0.703 FKH2 + 0.177 HAP5 + 0.132 FAP7
YKLI85W = 0.176 + -0.485 ASK10 + -0.241 DOTé6 + 0.21 | FAP7 + 0.163 HAP5
YBRI58W =0.066 +-0.191 IFHI + 0.392 CHA4 + -0.313 ABFI

YBRIO8W =0.082 + 0.723 HMSI + -1.512 GAL80 + 1.58 IMEI + -0.639 FKH2
YAL020C = 0.011 +-0.267 HACI + 0.534 GAL4 + -0.521 INO4

YBR002C =-0.020 + 0.239 FKHI + -0.229 ABFI

YCLO40W =-0.118 + 0.261 CSTé + 0.300 HMSI

YNLOI8C = 0.028 + -0.259 KRE33 + 0.182 CADI

YNLI92W = -0.081 + 0.307 CHA4 + -0.182 ARGSI

YOLII6W(MSNIY* 329 -058 3.58
YGR269W/(NA)* 1241 -1483 0.48
YOR383C(FIT3)* 1007 -9.73 08I
YOR3I9W(HSH49)* 1152 -11.05 0.60
YKLOOIC(METI4)* 226 -0.52 2.16 YKLOOIC = 0.05 +-0.141 MACI
YDLIIZW(CYK3)* 873 -747 12l
YKLISSW(ASHI)* 1001 -10.02 0.52
YBRIS8W(AMNI) 053 9.06  6.40
YBRI08W(NA)* 923 847 098
YALO20C(ATSIy™ 984 -11.69 0.6l
YBRO02C(RER2) 341 083 346
YCLO4OW(GLKI)* 678 -7.56 3.13
YNLOIBC(NA)* 515 -431 143
YNLI92W/(CHSI) l64 271 345
YBR230C(NA) 074 651 220

YBR230C =-0.025 + 0.625 MACI + -0.694 HAP2 + 0.462 HOGI

Fitting parameters obtained with the beta sigmoid model for the set of the 20 worst fitted genes with the sigmoid regulatory model; the asterisk *
marks an improvement of the fitting with respect to the results from Table 2. The prediction of five genes (YGR269W, FIT3, HSH49, ASHI and

ATSI) shows a significant improvement.

beta sigmoid regulatory function is less than 0.5 for 1885
genes from the entire data set (see Additional file 1).

Discussion and conclusions

The global view of the regulatory network is a cascade
model, with genes regulating genes regulating other genes
at their turn [11]. The SDE model [6] revisited here
addresses the network local connections, i.e. the strict
neighborhood of one target gene. The drift term of the sto-
chastic differential equation is given by the regulation rate
which quantifies the local network architecture by a linear
combination of regulatory functions of regulating genes.
The choice of the regulatory function pattern is a central
aspect of the model, since the fitting of the gene expres-
sion profiles is very sensitive with respect to the drift term
of the SDE. This model has the ability to extract from a
given set of potential regulators those that fit the target
gene expression profile.

The prototype of regulatory function introduced in [6] has
a sigmoid pattern, built on the statistical characteristics of
mRNA expression levels — see Equation (14). By keeping
track of the temporal pattern of regulation, we show that
the prediction of target gene expression profiles is
improved for 29% of genes tested. We propose a proto-
type of regulatory function supported by a beta sigmoid
model, built on temporal parameters extracted from the
expression profiles of the regulators - see Equation (13).
The SDE method relies on the assumption that the best fit
of the target expression profiles is informative for the

identification of the regulators and of their contribution.
Thus, for the study of a specific set of target genes, our pro-
totype of regulatory function may give more accurate
results and provides a switch for the model proposed in
[6]. Conceptually the beta sigmoid model has the advan-
tage to correspond to the biological process of regulation:
the temporal window of the peak defined by the shape of
the beta sigmoid function reflects features of the regula-
tion mechanism.

The regulation of gene expression in eukaryotes is a com-
plex phenomenon and various particularities from one
type of gene to another may occur. Hence the regulatory
pattern may vary from gene to gene [4]. This fact is
revealed in our result which shows that there are genes for
which we can choose the best model between the beta sig-
moid and the sigmoid pattern while for other genes nei-
ther of them fits the data. Before reaching this conclusion
one has to be aware about the limitation induced from the
selection of the set of potential regulators since incom-
plete information at this level may deteriorate the results.

Further research on more complex and explicit regulatory
functions are foreseen from the availability of data sets
and studies on various experimental condition for the
budding yeast (sporulation [3], diauxic shift, heat and
cold shock, treatment with DTT, pheromone and DNA-
damaging agents [12]). In this framework a challenging
task could be the study of the existence of possible rela-
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Table 2: List of genes reported as worst fitted in [6] and their prediction results from the SDE sigmoid model

Target logl
YBRO89W(NA) -1.68
YDR285W(ZIPI) 0.77
YFRO57W(NA) .13
YALOI8C(NA) 1.52

YOR264W(DSE3) 226
YOLI16W(MSNI) 2.3

YGR269W(NA) 2.4

YOR383C(FIT3) 1.82
YOR3I9W(HSH49) 2.17
YKLOOIC(METI4) 258
YDLII7W(CYK3) 259
YKLIBSW(ASHI)  2.64
YBRIS8W(AMNI) 2,65

YBRI08W(NA) 2.66
YALO20C(ATSI) 2.75
YBRO02C(RER?2) 3.07
YCLO40W(GLKI) 3.09

YNLOISC(NA) 3.59
YNLI92W/(CHSI) 321
YBR230C(NA) 332

AIC

7.36
2.46
1.74
2.96
-0.52
-0.59
-0.81
6.37
5.65
-1.16
-1.18
2.73
87

-1.33
-1.51
-2.14
-2.18
-3.18
1.57

3.37

QE

32

3.69
431
1.79
5.56
3.77
5.19
2.64
4.92
4.34
435
2.37
1.2

2.85
4.15
2.26
3.18
2.19
2.13
22

Best Fit

YBRO89W = -0.166 + 0.367 HAAI

YDR285W = 0.191 +-0.368 INO2

YFRO57W = 0.098 + -0.188 GCN4

YALOI8C = 0.055 + -0.303 IMEI + 0.195 CRZI

YOR264W = -0.059 + 0.129 ARG80

YOLI16W =-0.092 + 0.193 HAL9

YGR269W = 0.097 + -0.194 HMSI

YOR383C = 0.367 + -0.287 ARG8I + -0.464 ECM22 + 0.412 GLN3 + -0.335 MACI
YOR3I19W = 0.83 + -1.13 CIN5 + -0.655 FHLI + 0.354 DAL8I + -0.275 FKHI
YKLOOIC =0.091 +-0.18 IMEI

YDLII7W = -0.162 + 0.359 AFT2

YKLI85W = -0.150 + 0.407 ACE2 + -0.421 GATI + 0.302 INO2

YBRIS8W =-0.139 + 0.926 KRE33 + -0.941 IME4 + 0.571 MALI3 + 0.264 GAT3 + -0.347 CBFI + -
0.285 AZFI

YBRI08W =0.112 + -0.205 HACI

YAL020C = -0.133 + 0.256 ASK10

YBR002C =0.101 +-0.2 HAPS

YCLO40W = 0.095 + -0.199 HAL9

YNLOI8C = 0.078 + -0.154 ARGSI

YNLI92W =-0.115 + 0.1 15 FZFI + 0.306 DAL8I + -0.209 HMS2

YBR230C = -0.52 + 0.484 MACI + 0.467 GZF3 + 0.374 INO4 + -0.244 EDSI

The set of the worst fitted 20 genes by the sigmoid model, sorted in the increasing order of the log-likelihood.

Table 3: Prediction results from the SDE beta sigmoid model for selected genes

Target logl AIC QE BestFit

YMRO96W(SNZI) 886 -11.72 08 YMRO096W = -0.069 + 0.330 HAP3 + 0.1 15 CIN5

YNRO25C(NA) 137 -134 0.1 YNRO025C =0.033 +-0.556 ARG8I| + 0.487 HSFI+ 0.195 FAP7 + -0.120 FKHI + -0.319 DALS8I +
0.141 GCR2

YPR200C(ARR?2) 13.04 -14.08 0.29 YPR200C =0.00037 + -0.707 GAL4 + 0.369 INO4 + 0.364 HAP2 + -0.201 ABFI + 0.129 FAP7

YGR234W(YHBI) 1527 -24.53 046 YGR234W =-0.042 +-0.157 HIRI + 0.139 ABFI

YGR269W(NA) 1242 -1484 048 YGR269W =0.011 +-0.263 GZF3 + 0.313 CRZI + -0.383 DAL80 + 0.361 AZFI

YGLI5S0C(INO80) 16.71 -21.43 021 YGLI50C =-0.237 + 0.197 CST6 + 0.368 GAT3 + 0.169 KRE33 + 0.185 ABFI + -0.122 CADI

YDRI93W(NA) 10.67 -13.35 048 YDRI93W =0.044 + 0.731 CST6 + -0.141 IFHI + -0.185 DOTé6

YALO6IW(NA) 2124 -2847 0.02 YALO6IW =-0.147 +-1.189 CSTé + 0.321 FKHI + -.369 IXRI+1.521 BYEI+.125 GAT3 +.165 ACAI

YKLISOW(MCRI) 1229 -16.57 041 YKLI50W =0.048 + 0.515 ACAI +-0.222 HIR| + -0.205 GALS80

YDRS5I5W(SLFI) 19.88 -29.76 0.09 YDR5I5W =0.087 +2.080 CSTé + -0.190 IFH| + -2.660 GTSI + 0.956 FHLI

Genes fitted by the SDE model with beta sigmoid as regulatory function.

Table 4: Prediction results from the SDE sigmoid model corresponding to genes from Table 3

Target logL AIC QE  BestFit

YMRO96W(SNZI) 727 -854 6.16 YMRO96W =-0.159 + 0.179 GCN4 + 0.174 HAAI

YNRO25C(NA) 38 -1.61 542 YNRO025C =0.008 + -0.261 HMS| + 0.278 ACAI

YPR200C(ARR2) 397 -394 528 YPR200C =0.144 +-0.315 INO4

YGR234W(YHBI) 11.08 -18.17 5.28 YGR234W =0.059 + -0.12 ARG8I

YGR269W(NA) 2.4 -0.81 519 YGR269W =0.097 + -0.194 HMS|

YGLI50C(INO80) 4.25 -451 441 YGLI50C =-0.082 + 0.168 GAT3

YDRI93W(NA) 622 -044 445 YDRI93W =-0.278 + 0.415 LEU3 + 0.166 GAL4 + -0.691 FAP7 + 0.293 CUP9 + 0.375 DATI
YALO6 1 W(NA) 807 -12.13 1.66 YALO6IW =-0.087 +0.191 CUP9

YKLIS0W(MCRI) 793 -9.86 3.84 YKLI50W =0.249 +-0.325 CBFI +-0.175 HAAI

YDR5ISW(SLFI) 594 0.2 2 YDRS5I5W = 0.246 + -0.562 CIN5 + -0.347 CBFI + 0.256 HIR| + 0.453 HAP4 + -0.304 IFH |

The fitting parameters from the sigmoid model of regulatory functions of the genes from Table 3.
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Distribution of the difference between the quadratic
errors of predictions. The difference between the quad-
ratic error of the sigmoid model and the quadratic error of
the beta sigmoid error; the histogram on the positive part of
the axis accounts for 29% from the total of genes.

tionships between the type of regulation pattern and the
gene specificity.

This work provides a second implementation of the algo-
rithm based on the SDE model, enlarged with a new type
of regulatory pattern. The predictions from the algorithm
may be improved with better strategies for the selection of
the candidate pool of regulators. Moreover, the algorithm
is a potential tool for the investigation of the interactions
between the regulators of a target gene, modeled with a
drift term defined by a non linear combination of regula-
tory functions.

This study shows that the SDE framework constitutes a
reliable tool for the analysis of the transcriptional regula-
tory networks, provided it is completed with a validation
of the identified regulators by a promoter analysis.

Models and methods
SDE model of time-continuous gene expression data

Let T denote a discrete set that corresponds to the time
instants of the gene expression measurements. Consider
two stochastic processes defined for a given target gene,
(N),erand (X)), that model, respectively, the variation
in time of the target gene amount of mRNA and the vari-
ation in time of the expression level of mRNA. Let R be
the set of potential regulators for the target gene. Denote
by g, the function that models the transcription rate of the

target gene at time ¢t

gt:P(R)- R, (1)

http://www.biomedcentral.com/1471-2105/8/S5/S4
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x
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|
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20 40 60 80 100 120
Time(min)
YALO61W = —0.14758 + —1.18905 CST6 + 0.32195 FKH1....
Figure 2

Comparative plot between the observed and the pre-
dicted values of mMRNA expression levels of gene
YALOG6IW. Example of good estimation of the expression
profile with the beta sigmoid pattern of regulation: gene
YALO61WV.

where P (R) is the set of all possible subsets of R and
R, is the set of real positive numbers. Denote the real,

positive mRNA degradation rate by A.

The model proposed in [6] assumes that from time ¢ to At
the transcription and degradation process are given by

N -N
t+?\t] t (2)
t

where (W,),.ris a Brownian Motion process that models
the random error and o is a positive scaling parameter.
Consider infinitesimal time intervals, that is At — 0; from
this it follows that the relation in Equation (2) becomes a
stochastic differential equation

Ny

= (g, — A)dt +odW, (3)
Nt

Since N, is proportional with the signal intensity S,, and X,
= log(S, - B) - where B is the background intensity -
assume without loss of generality that

X,=log(N,) (4)
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Figure 3

Comparative plot between the observed and the pre-
dicted values of mMRNA expression levels of gene
YDRS5 I5W. Example of good estimation of the expression
profile with the beta sigmoid pattern of regulation: gene
YDR515W.
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YNR025C = 0.03349 + -0.55651 ARG81 + 0.48786 HSF1....
Figure 4

Comparative plot between the observed and the pre-
dicted values of mMRNA expression levels of gene
YNRO025C. Example of good estimation of the expression
profile with the beta sigmoid pattern of regulation: gene
YNRO25C.

Thus, the chain rule of the stochastic calculus applies (It6
formula) and the SDE obtained for X, yields

62
dX, =| g~ A" |dt+0dW, (5)

Local regulatory network
Consider an increasing sequence of temporal values

T={ty<t;<..<t,} (6)

Let m be the cardinality of the set R and let X} be the
mRNA expression level of the i-th regulator from the set

R, measured at time t € T. Denote

X :(xiolxil,...,xin) (7)

The regulatory network is represented locally, in the
neighborhood of the target gene, as a superposition of reg-
ulatory elements pictured in Figure 5. The local network
relationship is modeled by the regulatory rate function,
built from the observable information, i.e. the regulators
mRNA expression levels, as:

M .
& =co+ . GFE(X'1) (8)
i=1

where F; denotes the regulatory functions of the potential
regulators from R . The constants ¢, ¢;,...,c,, are the learn-
ing parameters of the network; they modulate the network
behavior and carry information about the local regulatory
process.

Beta sigmoid pattern of regulation

The regulatory function is a key element of the model and
fits the quantitative pattern with a specific regulator that
acts on the mRNA expression of the target gene.

Our work revealed a prototype of the regulatory function
based on the beta sigmoid function, given by

t’m
. 3 1 _ i
B(X't) = Xbax | 1+ kSl | LI L ,where (9)
m—t | tm
xinaxzmax{Xﬂte T} (10)
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Diagram of the local regulatory network model. The model of the dependencies for the transcriptional regulatory net-

work associated with a target gene.

(11)

t :min{te T|Xf :xinax}
té=argmax{AXf|te T} (12)
Figure 6 shows an example of beta sigmoid function

shape. The parameter tg corresponds to the point where

the regulator expression level begins to increase. The max-
imal contribution of the regulator i is induced in the target

gene at time tin, when the mRNA expression level of the

regulator attends its maximum, corresponding to the bio-
logical hypotheses. The beta sigmoid function degener-

ates after time 2t}, - ty and becomes non-informative.

For this reason we define the regulatory function as
E(X’ )= I{ﬁ(éf 1)>0} (51 ’ I).B(él )+ I{ﬂ(ﬁl,I)SO) (51 ’ t)n(é‘ ) ( 13 )

where 1, is the indicator function of the set A (I,(x) = 1 if
xe Aand I,(x) =0ifx ¢ A) and

1

Xi,t =
0 14 o (Xim)/o)

(14)

is the sigmoid function; 4; and ¢; are the mean and devia-

tion of E , the prototype of the regulatory function from
[6].

The learning in the local network is driven by the SDE

dx, :|:Eo+iciﬁ-(Xf)}dt+Gth (15)
i=1

where ¢ ;= ¢,- A - 02/2. The network weights c,,...,c,, carry

information in both their magnitude and sign: positive

values correspond to regulators with activation, and nega-

tive values correspond to repression.
Statistical analysis
For a given target gene, the aim of the statistical analysis is

to extract from the time course mRNA levels

1. the set of m regulators (model selection);
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Figure 6
Beta sigmoid function shape. Example of beta sigmoid
function with narrow support.

2. their corresponding parameters ¢ and the set {¢,,

Cys.--,Cyy 3 Of parameters estimation;

with the best fit with respect to Equation (15). The beta
sigmoid as regulatory function adds supplementary
parameters ti, tin and x,,,, to the model. These parame-
ters are estimated from the corresponding time course
mRNA levels according to their definitions given in Equa-
tion (10) and employed in the computation of the estima-
tors of cand ¢:

For the evaluation of the impact of the beta sigmoid regu-
latory function model, the network weights are estimated
from gene expression data with the standard statistical
procedure described in detail in [6]. Equation (15) is con-
sidered in discrete form for each time interval [t ¢;,,], j =
{1, 2,...,n} that corresponds to time measurements. The
estimators of oand { ¢, ¢,,....c,} are obtained maximiz-
ing the log-likelihood function log L (ML approach [13])
of the n-dimensional random vector with elements

XI;‘+1 B Xt;‘
NG

The computation of log L uses basic properties of Brown-
ian Motion: the increments Wtj+1 - Wt]. are pairwise inde-

pendent and each increment is normally distributed, with
zero mean and standard deviation given by /t;,1 —¢; .

The criteria used for the selection of the regulators is AIC
[14]. Between any two combinations of regulators, the

http://www.biomedcentral.com/1471-2105/8/S5/S4

best combination is that for which the AIC of the regula-
tors has the smallest value. The computation of AIC fol-
lows from

AIC = -2logL +2(m + 1)

where logL is the estimator of log L and is obtained from
the functional invariance property of the maximum likeli-
hood estimators ¢ and ¢, i.e.,

lgg\L =lOgL(6', é)

Let H denote the set formed by a candidate pool of reg-
ulators of the target gene; denote by | H | the cardinality
of H . Ideally, ML and AIC procedures shall be performed
on each combination of regulators from 7 . Since the
number of all possible combinations of regulators is

2'71', an enumeration algorithm for those sets will

explode quickly. The heuristic procedure used is the for-
ward selection strategy [15]. At first the regulator with the
biggest log-likelihood with respect to the target gene is
selected. A new regulator is added if it will increase the
AIC more than any other single regulator outside the cur-
rent combination. The actual implementation stops for a
combination of maximum 10 regulators, exactly as done
in [6]. Under these conditions the performance of the
algorithm we propose is expressed by an order of magni-
tude equal to O(nm?2). In practice this is a slight enhance-
ment compared to the algorithm proposed in [6] for
which the order of magnitude equals O(n2m2) - since for
actual experimental data the number of time courses 7 is
quite small. The difference in the performance of the two
algorithms comes from the fact that the search of the max-
imum is less costly than the computation of the statistical
parameters for a data set.

List of abbreviations used
SDE: Stochastic Differential Equation

AIC: Akaike Information Criteria

ML: Maximum Likelihood

QE: Quadratic Error

Availability

The method was implemented in R 2.2.1 (R Development

Core Team, http://www.r-project.org/). The source code is
available upon request.
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