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ABSTRACT

Motivation: Sigma factors regulate the expression of genes
in Bacillus subtilis at the transcriptional level. We assess
the accuracy of a fold-change analysis, Bayesian networks,
dynamic models and supervised learning based on coregula-
tion in predicting gene regulation by sigma factors from gene
expression data. To improve the prediction accuracy, we com-
bine sequence information with expression data by adding
their log-likelihood scores and by using a logistic regression
model. We use the resulting score function to discover currently
unknown gene regulations by sigma factors.

Results: The coregulation-based supervised learning method
gave the most accurate prediction of sigma factors from
expression data. We found that the logistic regression model
effectively combines expression data with sequence inform-
ation. In a genome-wide search, highly significant logistic
regression scores were found for several genes whose tran-
scriptional regulation is currently unknown. We provide the
corresponding RNA polymerase binding sites to enable a
straightforward experimental verification of these predictions.
Contact: mdehoon@ims.u-tokyo.ac.jp

INTRODUCTION

The development of cDNA microarray technology has
provided ahuge amount of gene expression data. The method-
ology for analyzing such dataisstill in development. Recently,
systems biology approaches have become increasingly pop-
ular, where the gene regulatory network and the interaction
between genes are of prime interest.

Gene regulatory relations can be studied in gene disruptant
experiments, in which the expression levels of all genes are
measured after the expression of a transcription factor has
been disrupted. A fold-change analysis is then performed to
identify genes that are significantly up- or down-regulated
dueto the disruption, which may indicate that those genesare
regulated by the transcription factor.

*To whom correspondence should be addressed.

In time-course gene expression experiments, the gene
expression levels are measured as a function of time follow-
ing some perturbation in the environment of the organism.
Dynamic models of gene regulation, such as differentia
equation models (Chen et al., 1999) and dynamic Bayesian
networks (Ong et al., 2002; Kim et al., 2003), take the time
dependence of the measurements into account by describ-
ing the gene expression levels at each time point in terms
of the gene expression levels at the previous time point or
time points.

Alternatively, Bayesian networks inferred from cDNA
microarray data have been proposed as a model of gene reg-
ulation (Friedman et al., 2000; Imoto et al., 2002, 2003).
A Bayesian network shows how the expression level of
each gene depends conditionally on a small set of parent
genes. Bayesian networks can be inferred from a set of static
(time-independent) gene expression measurementsof cell cul-
tures acclimated to different environmental conditions, from
gene disruptant experiments, as well as from time-course
experiments, albeit without taking the time dependence into
account.

A fourth approach of inferring gene regulatory relations
from expression datais based on coregulation. Asgenesregu-
lated by the sametranscription factor arelikely to have similar
geneexpression patterns, unsupervised learning intheform of
clustering gene expression data allows us to find coregulated
genes. In general, such an analysis will not reveal the corres-
ponding transcription factor. However, when weareinterested
infinding additional genesregulated by aknown transcription
factor, coregulation can be applied as a supervised learning
approach by comparing the expression profile of a new gene
to the expression profiles of the genes known to be regulated
by the transcription factor.

Clustering gene expression dataisoften followed by search-
ing for sequence motifsin the upstream region of coregul ated
genes. Segal et al. (2003) recently proposed amodel based on
coregulation in which sequence information and gene expres-
sion data are combined in a single Bayesian score function;
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Tamadaet al. (2003) proposed asimilar method in the frame-
work of Bayesian networks. Within the context of supervised
learning to predict transcription factors, this approach reduces
to adding the log-likelihood scores for the sequence motif
and the gene expression data. In this work, we found that in
practice this may lead to an overestimation of the predictive
power of gene-expression datato the degree that the sequence
motif information is effectively ignored. To find a better bal-
ance between sequence information and gene expression data,
we propose a logistic regression model to combine the two
predictors.

Whereas the algorithmic aspects of methods to infer gene
regulatory relationshavebeenwell studiedinthe past, itistill
unknown if they yield biologically correct results. Previous
biological support of thesemethodshasbeenlimitedtofinding
exampleswherethe predicted regul atory relations agreed with
biologically known results. To be able to predict currently
unknown gene regulatory relations, however, this does not
suffice, as we cannot know beforehand which of the large
number of predicted gene regulatory relations in an inferred
network are correct.

In this paper, we therefore perform a validation study of
methods to infer gene regulatory relations from expression
and sequence information. Using the four methods described
above, we predict sigma (transcription) factors in Bacillus
subtilis from the combined gene expression data of 10 time
course experiments and 99 gene disruptant experiments for
genes whose sigma factor is known experimentally. Sigma
factors are transcription factors that bind to the RNA poly-
merase to enable it to find the appropriate DNA binding
sequence upstream of the transcription start site. Here, we
consider thesigmafactorso®, o F, 6¢, o, oK, oL, oW and
o X which perform particular biological functionsin the cell.
We do not include the general sigma factors ¢ and o8, as
well as several minor sigmafactorswith few known regul ated
genes.

Thisparticular biological validation study isappropriate for
three reasons. First, asigmafactor is needed for transcription
for amost all genesin B.subtilis. Accordingly, sigma factors
tendto regulate afairly large number of genes, many of which
are known for the B.subtilis genome, such that a meaningful
leave-one-out analysisbecomesfeasible. Second, prokaryotes
have simpler mechanisms of gene regulation than eukaryotes.
As the biological validity of gene regulatory network infer-
ence is not well established, it is appropriate to first analyze
asimpler prokaryotic system instead of a eukaryotic system.
Third, alarge amount of gene-expression datais available for
B.subtilis.

Inthiswork, wefound that Bayesian networks and dynamic
models fail to accurately predict gene regulation by sigma
factors, whilecoregul ation was~76% accuratein aleave-one-
out analysis. Although sequence motif information by itself
yielded aprediction accuracy of 73%, combining gene expres-
sion data and sequence motif information by adding their

likelihood scores barely improved the prediction accuracy.
On the other hand, the logistic regression model, by com-
bining the two likelihood scores more effectively, yielded a
prediction accuracy of 85% in aleave-one-out analysis.

Using the score functions derived by logistic regression,
we searched the complete B.subtilis genome for additional
genes that are regulated by the sigma factors under consid-
eration. We calculate the logistic regression scores for genes
known not to be regulated by a given sigma factor to assess
the statistical significance of the newly predicted regulatory
relations. By providing both the tentative sigmafactor aswell
as the predicted binding site of the RNA polymerase-sigma
factor complex, we enable a straightforward experimental
verification of our prediction results.

METHODS
Fold-change analysis

In a fold-change analysis, we calculate by what factor the
expression of a particular gene changes following the disrup-
tion of a transcription factor. Here, we consider the change
in the gene expression if one of the sigma factors is disrup-
ted. The sigma factor whose disruption leads to the largest
decrease in the expression of the regulated gene is predicted
to drive the transcription of that gene.

Dynamic models

Dynamic models describe gene regulatory networks inferred
from time-course gene expression data, taking the time
information explicitly into account. Several dynamic models
have been suggested previously. Murphy and Mian (1999)
showed that most of the existing discrete time models can be
considered as special cases of the genera class of dynamic
Bayesian networks. Here, we derive a dynamic model from
a set of stochastic differential equations (Chen et al., 1999;
De Hoon et al., 2003), as they alow a convenient treat-
ment of gene expression measurements made at unequal time
intervals.

In a stochastic differentia equation model, the rate of
change of the gene expression levels dx(¢)/dt at time ¢ is
afunction of the expression levels x (¢) at that time point plus
anoiseterm:

d
A0 =8aM)+5-£0), 1

wherethe function g effectively describesthe gene regulatory
network, ¢ (t) isarandom processwith unit variance, andg =
diag (61, . . .,6m) isadiagonal matrix with units of [time] 2.
Thedifferential equation can be approximated by adifference
equation:

X . — X
=S e(x) +6 e )

li1 — 1 - -
For measurements taken at equal time intervals (At =
t;+1 —t; independent of i), thisreducesto adynamic Bayesian

1102



Sigma-factor prediction in Bacillus subtilis

network (Kim et al., 2003). Ong et al. (2002) consider asim-
ilar model, in which the gene expression data are discretized
to binary values, and the gene interactions are described by
conditional probability tables. The deterministic models pro-
posed previously (Liang et al., 1998; Akutsu et al., 1999) are
equivalent to Equation (2) without the error term, after dis-
cretizing the expression data. The model proposed by Van
Someren et al. (2000) (x;,; = R - x; where R is a square
matrix) can beregarded asaspecial case of Equation (2), after
dropping the noiseterm and assuming equal timeintervalsand
linear interactions.

In this paper, we aso use a linear model [g(x) = A - x,
where A isasquare matrix], but we allow unequal timeinter-
val's between measurements. | n the validation study described
below, anon-linear dynamic model (Kim et al., 2003) yielded
less accurate predictions of gene regulation by sigmafactors.
Thismay be due to the larger number of parameters that need
tobeestimatedinanon-linear model, leadingto alessaccurate
parameter estimation.

Bayesian networks

Wedenotethejoint probability distribution of the geneexpres-
sion levels x;;, j € {1,...,m} of m genes measured in
experiment i as P(x1;,x2,...,%m,;). In the Bayesian net-
work, we assume that thisjoint probability distribution can be
decomposed as

P(xyi. . xmi) = [ | Pixjil{xjii" € PaGidh,  (3)
j=1
where Pa(j) represents the set of parent genes (regulators)
of gene j. This decomposition can then be represented as a
directed acyclic graph.

To apply this formula in practice, we need to choose
an appropriate mathematical form for the gene regulations
encoded by the right-hand side of Equation (3). Friedman
et al. (2000) proposes to either discretize the gene expression
data and represent their dependencies as a probabilistic truth
table, or use continuous variables whose dependencies are
described by linear relations. To avoid the information loss
associated with discretizing gene expression data, we chose
the latter option. The Bayesian network model then essen-
tialy looks for correlations in the expression profile between
parent and child genes. A Bayesian network can be applied
to expression data from both gene disruptant and time-course
experiments, though in the latter case no use is made of the
time information.

Inference based on coregulation

The three inference methods described above consider the
parent gene directly to discover generegulatory relations. We
may also be able to find gene regulatory relations by com-
paring the gene expression profiles of different child genes
to each other. This approach is usualy applied in an unsu-
pervised setting, in which gene expression data are clustered

based on the similarity in their gene expression profiles. If,
for a given transcription factor, a large number of regulated
genesare already known, we can predict generegulatory rela-
tions by comparing the gene expression profiles of genesin
the same regul on to the gene expression profile of anew gene.
Generegulatory relations can then be inferred in a supervised
manner by making use of known regulatory relations.

Segal et al. (2003) describes the gene expression measure-
mentsof coregul ated genesby anormal distribution, assuming
that measurements in the n different experiments or time
points are statistically independent:

n
PO xj 2, X)) = HP,-(S)(xj,i)- (4)
i=1

Here, x;; isthe expression log-ratio measured in experiment
i of gene j regulated by sigma factor s, and p,.(s)(xj,,-) isa
normal distribution:

()N 2
1 1/xi; — W
ey Yy = Iy XL ol S
p; (xji) = ai(s)mexp[ 2( ol.(s) ) :| (5

For the regulon of each sigma factor s, we then calculate
the mean 1" and SD ") in each experiment i, and cal-
culate the log-likelihood of a new gene, given its expression
measurements y;, to belong to the same regulon as

n
n i
Lg()pr (Y1, Y2y -y Yn) = —5 In(2r) — E |nal.(‘3)
i=1

1 n Vi — (5) 2
_Z LAl S (6)
2 ()

1

This likelihood score is calculated for the regulon of each
sigmafactor s to determinewhich regulon agreesbestinterms
of gene expression with the gene expression profile of the
new gene.

In practice, we found that due to the reduced effect of
outliers, estimating the SD from the combined experimentsvia

o = % 2”: (ai(‘v)>2 7
i=1

yielded a more accurate prediction of regulation by sigma
factors. We therefore applied Equation (6) with al.(s) replaced

by 0@ inall cases.

Motif search

In addition to the gene expression data, we may make use
of the sequence motif information of the RNA polymerase—
sigma factor DNA binding site. The motifs of these binding
sitesfor sigmafactorsconsist of two parts, onelocated ~35bp
and another ~10 bp upstream of the transcription start site.
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Table 1. The consensus sequence of the DNA-binding motifs for the RNA
polymerase-sigma factor binding site for the eight sigma factors under
consideration

Sigmafactor Binding motif

oP TAAA (13-15 bp) GCCGATATAA
oF GCATATTT (1214 bp) CATACAAT
oC GCATA (17-18 bp) CATACTA
ot GAAGGAATT (14-15 bp) GAAT

oX AC (17-19 bp) CATATGAT
ot TGGCA (5bp) CTTGCAT

oW TGAAACCTT (13-14 bp) CGTATA

oX TGAAAC (16-17 bp) CGTCTA

The left motif is located ~35 bp in front of the transcription start site (except for o-),
while the right motif islocated at about —10 bp.

The distance between the transcription start site and the trans-
lation start site varies, but isgenerally not more than ~300 bp.
The gap between the —35 and the —10 binding motifs can
differ by 1 or 2 bp or sofor different genesin the sameregulon.

Table 1 shows the consensus moatifs for the sigma factors
under consideration here, as determined using BioProspector
(Liuetal., 2001) from the DBTBS database of transcriptional
binding sequencesin B.subtilis(Makitaet al., 2004). Whereas
some sigma factors, such as o', can be distinguished easily
from other sigma factors by virtue of its distinctive sequence
motif, other sigma factors have similar motifs and are not
easily distinguishable based on motif information alone.

The motif sequences can be described statistically by a
position-specific score matrix M,*) (Durbin et al., 1998) for
sigmafactor s. This matrix lists the log-odds score of finding
anucleotide p at position k in the binding sequence motif of
sigmafactor s. Thelog-likelihood, relative to the background
sequence probabilities, for a sequence S[k] isthen

K

L ) = 3 M ®
k=1

where K is the length of the motif. For the sequence motifs
for RNA polymerase-sigma factor binding sites, we added
the score of the —35 and the —10 motifs, and allowed the gap
to vary according to the currently known binding sites.

The position-specific score matrix was calculated from the
known binding motifs of the genes in the regulon of each
sigmafactor, aslisted in the DBTBS database. For the matrix
calculation based on N known binding sites, we added v/ N
pseudocounts, using a background probability of 0.3185 for
A and T, and 0.1815 for C and G.

Combining gene expression and motif information

For the coregulation-based model, a single log-likelihood
score based on both the gene-expression data and the motif
information can befound by adding their log-likelihood scores

directly:

LY = Ly (51, 30) + Lo (5)- ©)
Here, L(Ssz (S) is the log-likelihood score for the highest-

scoring segquence motif S in the 300-bp region upstream
of the trandation start site, while the expression score
Lfgf()pr (y1,...,yn) is caculated from Equation (6). By com-
bining thetwoinformation sources, weamto achieveahigher
prediction accuracy and to distinguish sigma factors such as
o', having a distinctive sequence motif, based on the motif
score, and sigmafactorswith similar sequence motifs by their
gene expression score.

In practice, we found that Equation (9) fails to effect-
ively make use of sequence motif information, as shown
below in the leave-one-out analysis. The failure is caused
by the assumption that the gene expression data from dif-
ferent experiments are statistically independent. This may be
avalid assumption if the perceived randomnessin the expres-
sion data is caused by measurement errors only. However, in
reality the variability in the expression measurements, rep-
resented by oi(s), includes both measurement errors as well
as biological knowledge that is either unknown or ignored,
such as additional transcription factors regulating a gene. As
Equation (4) assumes each additional microarray experiment
to contribute an equal amount of new information as the pre-
vious experiments, the likelihood score of the expression data
will overwhelm the sequence motif score if the number of
microarraysislarge compared with themotif length (n > K),
asin our case. The sequence motif score is then effectively
ignored.

A common statistical technique to correct this situation is
logisticregression (Hastieetal., 2001). Inalogistic regression
model, we treat the gene expression score and the sequence
motif score as two random variables. The probability of
belonging to the regulon of sigma factor s is given by the
logistic function

Pr(gene belongs to regulon s| Lexpr, Lmotif)

(s) (s) 7 (s) (s) (s)
exp (wO tw exprLexpr +wmot|fLmotif)

= @) 4 )G 16 ) 76\
Yoy exp( + Wexpr Lexpr + w motlfLmOtlf)

Accordingly, the log-likelihood score is again the sum of the
gene expression score and the sequence motif score, but now
each is preceded by aweight:

() — (3) (s) (3 () ()
LY + waipr L Ypr + Wingtit * Limotif

—In |:Z eXp{ + wg(lgf Lg(r))f +w motlf LE:]Otlf }:|
S/
(10

The weights can be estimated by maximizing this likelihood
score, given the gene expression score and sequence motif
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Table 2. Thetime points at which expression measurements were made for
the 10 time-course experiments of B.subtilis considered in this paper

Table3. Number of correct sigma-factor predictionsfor the dynamic model,
the Bayesian network model and the coregul ation-based model

Experiment Measurement time points in minutes
Cold shock 0, 5, 10, 30, 60, 120
Competence 0, 60, 120, 180, 240, 300, 360

Glucose, glutamine added
during sporulation
Glucose limitation

0, 60, 120, 180, 240, 300

0, 60, 125, 180, 240

Heat shock 0,5, 10, 30, 60

Increased amino acid 0, 30, 60, 120, 210, 300, 420, 540
availability

Phosphate, glucose 0, 60, 120, 180, 240, 300, 360, 420
starvation

Phosphate limitation 0, 55, 115, 175, 235, 295

Salt stress 0,5, 10, 30, 60

Sporulation 0, 30, 60, 90, 120, 150, 180, 210, 240, 270,

300, 330, 360, 390, 420, 450, 480, 510, 540

scores for the genes whose sigma factor is known. The max-
imization may not be straightforward, as the likelihood score
is a non-linear function of the weights. However, we found
that in practice a smple Newton—Raphson method starting
from zero weights converges quickly.

ASSESSMENT OF BIOLOGICAL VALIDITY

We assess the biological validity of currently available meth-
odsof inferring generegulatory relations, described above, by
evaluating their ability to predict generegulation by thesigma
factors o, oE, 6C, o1, oK, o, oW and o X in B.subtilis.
A large number of genes have been experimentally shown to
be regulated by each of these sigma factors, as listed in the
DBTBS database (Makita et al., 2004). For each gene that
is currently known to be regulated exclusively by one sigma
factor (and possibly by other, non-sigmatranscription factors),
we calculate a Bayesian network, a dynamic model and a
coregulation-based model from the combined gene expres-
sion data of 10 time-course experiments (Table 2), ignoring
sequence moatif information for now.

Inthesetime-course experiments, thegeneexpressionlevels
were measured twice at each time point. Similarly, in the
gene disruptant experiments described below, the expression
levels were measured twice in each condition. The average
background noise level was calculated separately for the red
(cy5) and green (cy3) channel for each data set. Gene expres-
sion measurements where the fluorescence level is less than
the average background level in either channel are removed
from the data set, as they will be dominated by noise. Global
normalization isthen applied by dividing the measured fluor-
escence levels of the remaining genes by their sum in each
channel. To reduce the effect of noise, we averaged the
gene-expression data over each operon.

Table 3 shows the frequency that each sigma factor was
predicted correctly by each network inference method. The

Sigmafactor Total Dynamic Bayesian Coregul ation-based
model network model

oP 16 6 12 12

oE 51 23 3 21

oG 25 1 0 7

ot 40 9 5 27

oK 23 8 9 13

ot 6 0 4 4

oW 24 10 12 14

X 4 1 2 1

Total 189 58 47 99
Percentage  — 31 25 52

p-value - 39x1071 26x10% 1.0x10°%

For these predictions, only the time-course gene expression data were used.

dynamic model yielded 58 correct predictions out of 189,
an accuracy of 31%. While predicting the sigma factor cor-
rectly for 58 out of 189 genes is statistically significant
(p = 3.9 x 10~1), given the low rate of accurate predic-
tions the dynamic model is unlikely to be agood predictor of
currently unknown gene regulatory relations. Bayesian net-
works perform even more poorly with a prediction accuracy
of 25%. Thisaccuracy level isattained when the Bayesian net-
work model was applied to normalized log-ratios; aBayesian
network learned from gene expression ratios directly yielded
a much lower prediction accuracy. The coregulation-based
prediction yields the highest prediction accuracy at 52% in a
leave-one-out analysis, in which for the prediction of agene j
theregulon statistics ", o) arerecal culated after removing
gene j fromitsregulon.

To improve the prediction accuracy of the Bayesian net-
work and the coregulation-based approach, we augmented
our data set with the gene expression measurements of 99
gene disruptant experiments, listed in Table 4. Both meth-
ods were then applied to the gene expression data of the
combined 174 microarrays. As shown in Table 5, the pre-
diction accuracy increased for both methods upon adding the
gene disruptant data. The Bayesian network model yielded
an accuracy of 42%, while the coregulation-based model pre-
dicted the correct sigma factor for 76% of the genes. The
fold-change analysis, based only on the expression data from
the gene disruptant experiments in which one of the eight
sigmafactors was disrupted, yielded a prediction accuracy of
54%. Note that the coregulation-based model is a supervised
method, while the other three methods are unsupervised.

The prediction accuracy of the coregulation-based model
can be improved further by considering the sequence motif
information. From Table 5, we see that the sequence
information alone gives a prediction accuracy of ~73%, just
slightly lower than the combined gene expression data. Thisis
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Table 4. Disrupted genein each of the gene disruptant experiments

abh cspB iolR rocR sigZ yesS

abrB ctsR ycsO sacT sinR yhiM
acoR ydbG lacR senS SOj yotL

ahrC degU (2x) levR sigB splA yafVv

alskR deoR lexA sigD spo0A ytzE

ansR yjmH ImrA SigE spo0J yufL

araR ygkL IrpA sigF (2x) spolllC yugG
azlB gerkE IrpC sigG spollID yurK
CCpA glcR yghN sigH SpoVT ykB
yyaG glcT mtrB ykozZ tenA ywrH

ykuM ginR paiA sigL tnrA ywakE
citR gntR paiB yhdM treR yyaA
citT gutR ygaG sigv veg (2x) yybA
codY hpr phoP sigW (2x) xylR yybE
ComA hrcA purR sigX ybbH yydK
comK hutP pyrR sigY ybfA

The genes degU, sigF, sigW and veg were each disrupted in two experiments, as
indicated here.

in agreement with the previous result that sequence informa-
tion by itself can givearather good prediction of regulation by
sigmafactors (Yadaet al., 1997). However, as Table 5 shows,
directly adding the likelihood scores of gene expression data
and the sequence information [Equation (9)] resultsin a pre-
diction accuracy of 77%, just barely larger than the prediction
based on the expression data only. In particular, the predic-
tion accuracy does not improve for -, despite its distinctive
sequence motif.

Thelogistic regression model of Equation (10) improvesthe
balance between the gene expression data and the sequence
motif information by weighting the two predictors. The
weights were recal culated each time a gene was removed for
the leave-one-out analysis of this weighted score function.
As shown in Table 5, the logistic regression score yielded
an improved prediction accuracy of 85%. As expected, the
logistic regression model is capable of recovering the 100%
accuracy rate for the o transcription factor. The logistic
regression score maintains the prediction accuracy of the
gene expression data for o, for which the gene expression
data gave a more accurate prediction than the sequence motif
information. The prediction accuracy of the logistic regres-
sion score surpasses those of the motif information and the
gene expression data separately for oF and oK.

GENOME-WIDE SEARCH FOR GENES
REGULATED BY SIGMA FACTORS

We cal culated the score function based on logistic regression
for all operons in the B.subtilis genome in order to find cur-
rently unknown gene regulations by sigma factors. As for
the most part the operon structure of B.subtilis has not been
determined experimentally, we use a computational predic-
tion of the operon structure instead (De Hoon et al., 2004),
leading to atotal of 2214 operons.

Calculating for each sigma factor the logistic regression
scores of operons known to be regulated by one of the other
sigmafactorsallowed usto cal culatethe p-valueof thelogistic
regression score for a newly predicted gene regulation by a
given sigmafactor, under the null hypothesis that the gene is
not regulated by this sigma factor. Table 6 shows the newly
predicted gene regulations by sigma factors, for which the
prediction score was statistically significant at a significance
level of o = 1 x 10~8. These genes are characterized by both
a high similarity in gene expression profile with other genes
regulated by the sigma factor, and a binding sequence motif
that ishighly consistent with the consensus sequence. Withthe
putative DNA-binding sequences available, an experimental
validation of these predictions should be straightforward.

Of particular interest are the yusZ-mrgA and the ypkP-
dfr A-thyB-ypjQ-ypjP operons, which are both predicted to
be regulated by o-. So far, only six operons are known
experimentally to be regulated by o-. These six operons
haveidentical binding motifs, except for rocG, whose binding
sequence deviates in one position from the consensus motif.
Our newly predicted operonsyusZ-mrgA and ypkP-dfr A-thyB-
yPiQ-ypiP each deviate in two positions. An experimental
validation may reveal if these two operons are indeed regu-
lated by o-, in spite of thelarger deviation from the consensus
binding motif.

DISCUSSION

We found that coregulation is a considerably better pre-
dictor of gene regulation by sigma factors in B.subtilis than
Bayesian networks, dynamic models or a fold-change ana
lysis. The dynamic model performed better than a Bayesian
network when applied to time-course gene expression data
only; however, the Bayesian network performed better than a
dynamicmodel when appliedto bothtime-coursegeneexpres-
sion data and gene disruptant data. A fold-change analysis,
though based on a much smaller amount of gene expression
data, achieved a better accuracy than Bayesian networks and
dynamic models. However, a fold-change analysis is pos-
sible only if a disruption experiment for the transcription
factor under consideration is available, while Bayesian net-
works, dynamic models and coregulation do not have this
requirement.

The superior performance of sigma-factor prediction from
coregulation is likely due to the larger amount of expression
data on which it depends. For example, the regulon of o &
in our study contains 51 genes, whereas Bayesian networks
and dynamic models make use of the expression data of the
transcription factor only. Here, we were able to make use
of coregulation in a supervised fashion because of the large
number of regul ated genesknown for each sigmafactor. When
the aim is to find new transcription factors, it will be neces-
sary to consider the gene expression data of the parent gene
directly, either by a Bayesian network, a dynamic model or
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Table 5. Number of correct sigma-factor predictions using sequence motif information and gene expression information, using both the time-course and the

gene-disruptant expression data

Sequence Expression data Sequence and expression data?
Sigma factor Total Motif Fold-change? Bayesian network Coregulation Sum of likelihood scores Logistic regression
oP 16 15 14 13 13 13 13
oF 51 35 31 17 39 39 43
o® 25 16 2 1 13 13 19
ot 40 33 21 5 35 35 35
ok 23 6 6 21 18 18 19
at 6 6 6 2 4 4 6
oW 24 24 21 20 21 22 24
X 4 3 1 1 1 2 2
Total 189 138 102 80 144 146 161
Percentage — 73 54 42 76 7 85

aFor the fold-change analysis, only the gene expression data of the gene disruptant experiments were used in which one of the eight sigma factors was disrupted.

bUsing the coregulation-based mode! [Equation (6)] for the expression data.

Table 6. Newly predicted gene regulations by sigma factorsin B.subtilis

Operon Sigmafactor Motif Approximate distance between transcription
and trandlation start sites
deoR-yxxB-yxeR oP TAAC—13 bp—GCCGATATAA 90
ybdO oP TAAT—15 bp—GCCGATAAAA 25
YPUA oW TGAAACCTG—14 bp—CGTCTA 80
ypkP-dfr A-thyB-ypj Q-ypiP ot TAGTA—5 bp—CTTGCAT 55
yaj V-yqju oD TCAT—13 bp—GCCGATATGA 250
YUSZ-MrgA ot TGGCC—5bp—CTTGCAG 130

These predictions are statitically significant to alevel of « = 1 x 1075, In the motifs, boldface characters are consistent with the consensus motif (compare to Table 1).

afold-change analysis. Currently, such models predict gene
regul ations based on the parent—child relation only. Given our
prediction accuracies, it may beadvisabletoincludesimilarity
to coregulated genes explicitly in these models.

The prediction accuracies can be improved further by
including DNA sequence motif information as an additional
predictor in the model, as recently proposed by Segdl et al.
(2003) and Tamadaet al. (2003). It isimportant to balance the
gene expression and the sequence motif information carefully
to optimize the predictive power of thejoint score. Aswehave
shown, directly adding thelog-likelihood scoresfor each pre-
dictor may effectively ignore the sequence information if the
number of microarraysis large. Instead, we estimate the rel-
ative predictive power of gene expression and sequence motif
information from the data themselves using a logistic regres-
sion model, leading to an effective use of both information
sources, as shown by the improved prediction accuracy. We
note that the logistic regression model typically increased the
relative importance of the sequence information by about a
factor of 10.

We then performed a genome-wide search, using the score
function derived from the logistic regression model, to find
additional genes that are regulated by each sigma factor. A

very high score was found for several genes, for which we
can be confident that our predictions are correct. For genes
with lower scores, it becomes progressively more difficult to
decide if the prediction is correct or if the score is based on
chance. However, as our method identifies the location of the
DNA-binding site of the sigmafactor—RNA polymerase com-
plex as part of the sigma-factor prediction, a straightforward
experimental verification of the predictionsis possible.
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