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Abstract

The context-dependent expression of genes is the core for biological activities, and significant attention has been given to identification
of various factors contributing to gene expression at genomic scale. However, so far this type of analysis has been focused either on rela-
tion between mRNA expression and non-coding sequence features such as upstream regulatory motifs or on correlation between mRNA
abundance and non-random features in coding sequences (e.g., codon usage and amino acid usage). In this study multiple regression
analyses of the mRNA abundance and all sequence information in Desulfovibrio vulgaris were performed, with the goal to investigate
how much coding and non-coding sequence features contribute to the variations in mRNA expression, and in what manner they act
together. Using the AlignACE program, 442 over-represented motifs were identified from the upstream 100 bp region of 293 genes locat-
ed in the known regulons. Regression of mRNA expression data against the measures of coding and non-coding sequence features indi-
cated that 54.1% of the variations in mRNA abundance can be explained by the presence of upstream motifs, while coding sequences
alone contribute to 29.7% of the variations in mRNA abundance. Interestingly, most of contribution from coding sequences is overlap-
ping with that from upstream motifs; thereby a total of 60.3% of the variations in mRNA abundance can be explained when coding and
non-coding information was included. This result demonstrates that upstream regulatory motifs and coding sequence information con-
tribute to the overall mRNA expression in a combinatorial rather than an additive manner.
© 2006 Elsevier Inc. All rights reserved.
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The context-dependent expression of genes is the core
for biological activities and large numbers of molecular
mechanisms involved in gene regulation have been
described during the last decades. With the progress of gen-
ome sequencing programs, it is now becoming possible to
define various factors within gene regulatory networks
and their contributions to gene expression at a global level.
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Generally, it is believed that gene expression at transcrip-
tional level is mainly controlled by the regulatory motifs
present in the promoter regions (sequences upstream of
open-reading frame) in a specific spatiotemporal pattern
[1,2]. In the past several years, efforts have been made to
explore the relationship between gene expression data from
microarray analysis and regulatory elements contained in
nucleotide sequences identified from genome sequence data
[2,3]. These studies provided valuable information for con-
struction of whole genome regulatory networks in various
biological systems [2-7]. In particular, a recent study
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showed that it is possible to construct predictive regulatory
model based on upstream sequence motif information
alone to correctly predict expression patterns for 73% of
genes in Saccharomyces cerevisiae [8].

In addition to the regulatory motif information con-
tained in the non-coding promoter regions, recent gen-
ome-scale analyses suggested a good correlation between
gene expression and non-random patterns (such as biased
codon usage or amino acid usage) present in coding
sequences [9-13]. For example, in yeast, a positive corre-
lation was observed between mRNA expression and
codon bias [9] and amino acid usage [10], whereas a neg-
ative correlation was found between mRNA abundance
and protein length [9]. In Escherichia coli, a good correla-
tion between codon usage and gene expression level was
observed as well [11,14]. However, since coding sequence
(CDS) features and upstream regulatory motifs both par-
tially explain the variations in mRNA abundance, it is
unclear whether they explain the same or distinctly differ-
ent parts of the variations in mRNA abundance. Previ-
ously, by using a multiple regression analysis, an
attempt was made to predict the mRNA abundance based
on a TATA-box score and codon bias in yeast [15]. How-
ever, the weighting of the upstream motif contribution
with a single TATA-box score may be too simplistic. Fur-
thermore, no attempt was made to determine the relation-
ship between these two types of sequence information in
explaining mRNA expression.

Desulfovibrio vulgaris belongs to a group of obligate
anaerobic microorganisms, sulfate-reducing bacteria
(SRB) [16]. Historical interest in the SRB has been due to
their corrosion of pipes and their ability to precipitate
heavy metals (e.g., Cr®", Fe**, and U®") and radionuclides
(e.g., U®") from solution via bacterial metal-reduction [17—
20]. Recently, the genome of D. vulgaris Hildenborough
was sequenced [20], which made it possible, for the first
time, to investigate gene expression and its regulation in
the context of a global cellular network. Our group has
been using a whole-genome microarray to study the metab-
olism of D. vulgaris under various growth conditions and
its response to environmental stresses, such as temperature
variation and oxidative stress [21,22]. Recently a computa-
tional analysis of D. vulgaris genome was performed and a
set of conserved DNA motifs were derived from libraries of
potential promoter regions of putative D. vulgaris regulons
with the AlignACE program [17]. These studies laid a solid
foundation for our long-term goals in building a predictive
gene expression model in D. vulgaris. As one step towards
this goal, multiple regression analyses were used here to
examine the contribution of regulatory motifs and coding
sequence information to the overall gene expression with
the objectives to determine: (i) whether information in cod-
ing sequences of D. vulgaris protein coding genes can also
explain some of the variations in mRNA expression; (ii)
whether upstream regulatory motifs and coding sequence
features contribute to the variation in mRNA expression
additively or non-additively.

Materials and methods

Microarray data. Microarrays containing 3548 ORFs of D. vulgaris
were designed by NimbleGen System Inc., (Madison, WI) using its
Maskless Array Synthesizer (MAS) technology [23]. Arrays were designed
with JazzSuite software and the MAS units were used to manufacture the
custom arrays. For each ORF, thirteen unique 24-mer oligonucleotides
from throughout the ORF were printed onto glass microscope slides. The
complete description of experimental design can be found in our previous
studies [21]. The raw intensity data were normalized using tools available
through the Bioconductor project (http://www.bioconductor.org). The
gene calls were based on the Bioconductor implementation of the MAS 5
algorithms [23].

Upstream motif identification and analysis. To retrieve the upstream
sequences, complete D. vulgaris genome was downloaded from NCBI
GenBank (GI: 46562128; Accession No. NC_002937). An ad hoc Perl
script was written to extract and format the upstream sequences according
to gene attributes (primary annotation) retrieved from TIGR at http://
www.tigr.org/tigr-scripts/ CMR 2/gene-attribute-form.dbi. ~ When  the
upstream intergenic region was less than 100 bases, all the intergenic
sequences were extracted. Otherwise, only the upstream 100 bases were
extracted. Upstream regulatory motifs were identified based on the
assumption that co-regulated genes (thus in a regulon) are the most likely
to share the same regulatory sequence elements [17]. The list of D. vulgaris
regulons was kindly provided by Prof. Judy Wall and Dr. Chris Hemme of
Department of Biochemistry of University of Missouri at Columbia (The
regulons were identified based on their homology to the known E. coli
regulons) [17]. A total of 44 regulons (containing 293 genes) were identified
and used in this study. We then used the AlignACE program [8,24] to
search over-represented sequence motifs in up to 100 bp upstream of each
gene in the same regulon. Motifs with MAP scores greater than 5.0 were
regarded as putative conserved motifs [17].

To determine how much of the variations in mRNA abundance can be
explained by the upstream motifs, we treated these motifs as independent
variables in a multiple regression analysis of mRNA abundance data. For
example, if we identify m conserved motifs with the AlignACE program,
each gene i (i =1---293) will have m independent variable “Motif (i,)”
(j=1---m). If gene i contains a certain number (n, a positive integer) of
motifs j, then Motif (i,j) = n. Otherwise, Motif (i,j) = 0. Consequently,
every gene has a weight for each of the m motifs. Then a multiple
regression model was constructed as below:

RNA(, k, 1) = > Mot * Motif (i, j) + ID(k) + (i, k, 1), (1)

J=1

where RNA (i, k,/) stands for the microarray intensity (mRNA abun-
dance) of gene i; ID(k) refers to growth condition (LL: lactate log phase,
k =1; LS: lactate stationary phase, k = 2; FL: formate log phase, k = 3;
and FS: formate stationary phase, k =4); [ (=1,2,3, or 4) refers to repli-
cated measures of mRNA intensity under each growth condition. My,qif;)
is the regression parameter due to the jth motif; ¢ (i,k,/) represents the
unexplainable variations. Motifs that significantly contribute to the model
fitting were selected through a forward model selection procedure. The sig-
nificance level for entry into the model is 0.05.

Coding sequences analysis. According to previous studies on the rela-
tionship between various CDS features and gene expression [9-13], five
types of CDS features (i.e., amino acid usage, codon usage, base com-
position, gene length, and mRNA secondary structure) were investigated
in this study. 3546 coding sequences were downloaded from TIGR as
described above. Incomplete ORFs or ORFs containing internal codons
(24 CDSs in total) were excluded from the analysis. Consequently, 3522
coding sequences were used in the analysis of CDS features. (1) Amino acid
usage: correspondence analysis was used to investigate amino acid com-
position in all 3522 CDSs of D. vulgaris with publicly available software
CodonW (http://codonw.sourceforge.net/), generating the coordinates of
each gene on the first four axes (AA-Axisl-4) that summarize the major
trends in amino acid usage. To dissect what sequence feature each axis
stands for, each axis should be correlated with other independent sequence
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feature measurements. If there is a strong correlation, it suggests that this
axis stands for the sequence feature that the independent measurement
measures. In terms of independent measurements of amino acid usage,
GRAVY and AROMO were chosen and calculated with CodonW [25]. (2)
Codon usage: relative synonymous codon usage (RSCU) instead of raw
counts of codons was used in the correspondence analysis because codon
raw counts contain amino acid usage information [26]. Correspondence
analysis was performed using CodonW and first four axes (CR-Axis1-4) of
codon usage were determined. Single-value measures of codon usage used
in this study included the effective number of codons (Nc) [27] and codon
adaptation index (CAI) [14]. In particular, Nc was computed with
CodonW, while CAI was calculated using ribosomal protein genes as the
reference set with a web-based application: The CAI Calculator 2 (http://
www.evolvingcode.net/codon/cai/cais.php). (3) Base composition: vari-
ables measuring base composition in coding sequences include GC (overall
frequency of guanine and cytosine), GC3s (frequency of guanine and
cytosine at the third codon position for degenerate codons), A3s, T3s,
G3s, and C3s (representing the relative frequency of each base at the third
codon position). These values were computed with CodonW. (4) Gene
length: the number of bases of each CDS was counted and recorded as
gene length. (5) mRNA secondary structure: the mRNA secondary struc-
ture was predicted with RNAfold using the CDS for each gene [28]. The
minimum free energy (MFE) of the most possible structure was extracted
with an ad hoc Perl script. MFE has also been normalized with gene length
as the variable “MFEn” for each CDS.

Two types of statistical analyses, Pearson’s correlation analysis and
multiple regression analysis, were performed for measurements of CDS
features and mRNA abundances. Pearson’s correlation analysis was per-
formed for 3448 genes that have all measures of CDS features and mRNA
abundance data (74 CDSs that do not have Nc values were excluded)
because data distributions in all variables approximately follow normal
distributions. We have performed multiple regression analysis for each
type of CDS sequence information alone and altogether. Finally, a mul-
tiple regression analysis was used to find out whether there were interac-
tions between CDS features and upstream motifs in their contributions to
the variations in mRNA abundance. We treated all amino acid usage
measures, codon usage measures, base composition measures, gene length,
and mRNA secondary structure measures (MFE and MFEn) as five types
of independent variables while mRNA abundances under different growth
conditions as dependent variables in the multiple regression analysis
similar to the model described for motif analysis (Eq. (1)). Multiple
regression analysis of mRNA abundance and CDS features was only
performed for 293 genes that have been identified in known regulons (see
above). All multiple regression analyses were performed with SAS soft-
ware (SAS Institute Inc., Version 9). All Perl scripts and SAS codes used in
this study are available upon request.

Results

The quality of mRNA expression data under different growth
conditions

DNA microarray was used in this study to obtain global
gene expression data. Four different expression datasets
were thus generated corresponding to four growth condi-
tions denoted as LL (lactate-based medium, log phase),
LS (lactate-based medium, stationary phase), FL (for-
mate-based medium, log phase), and FS (formate-based
medium, stationary phase) [21,29]. Frequency distribution
of the mean values of the replicated measurements roughly
followed normal distributions after natural logarithm
transformation for all four growth conditions [29], indicat-
ing that mRNA expression data used in this study are of
good quality. Pearson’s correlation analysis suggested that

mRNA expression under FS condition was slightly differ-
ent from others (Table 1), which may be due to the fact that
formate is not the favorable substrate for D. wvulgaris
growth and cell degradation may happen more significantly
at stationary phase when grown on this medium [21].

While computational-based motif identification needs
information on gene organization and regulation, the
information, such as regulons in D. vulgaris, is very scarce.
In a recent study, a genomic analysis of D. vulgaris genome
has been done and a short list of putative regulons was gen-
erated [17]. In this study, the multiple regression analysis
focused on 293 genes that have been determined in these
regulons [17] (see below). The frequency distribution of
the mRNA abundance of these 293 genes was given in
the histogram, which showed a distribution pattern similar
to that of the whole genome (data not shown), suggesting
that these genes could be considered as a good representa-
tive of the whole genome.

Multiple regression analysis indicated that changes in
growth conditions contributed to 4.9% of the total varia-
tion in mRNA expression of the 293 genes (Table 2, FS
4.6% and LL 0.3%), which suggested that only small
amount of change at the mRNA expression level is enough
to deal with the changes of energy sources and growth
phases in D. vulgaris. It is noteworthy that the contribution
by growth conditions remained as a constant when other
measures of sequence information were combined into

Table 1
Correlation analysis of mRNA abundance of D. wvulgaris protein coding
genes under different growth conditions”

LOG-LL LOG-FL LOG-LS LOG-FS
LOG-LL 1

LOG-FL 0.825" 1

LOG-LS 0.887"" 0.801"" 1

LOG-FS 0.674" 0.731"" 0.795" 1

LOG-LL, LOG-FL, LOG-LS, and LOG-FS are natural logarithm of the
mean mRNA abundance measured under LL, FL, LS, and FS conditions,
respectively.

* Correlation coefficients are calculated based on the data of 3448
protein coding genes.

™ P value < 0.001.

Table 2
Contribution of sequence features to the variations in mRNA abundance

Sequence features Percentage of variations

explained (%)

Growth conditions 4.9
Upstream motifs alone 54.1
Amino acid usage 23.6
Codon usage 23.9
Base composition 22.0
Gene length 1.3
mRNA secondary structure 6.1
All coding sequence features 29.7
All sequence features 60.3
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the multiple regression analysis, suggesting its independence
of other measures.

Contribution of upstream regulatory motifs to mRNA
expression

According to their homologies to members of the 44 reg-
ulons defined in E. coli [30], 293 D. vulgaris genes were
identified as belonging to these regulons in a previous study
[17]. We used the AlignACE program to search the
upstream of these genes up to 100 bp in both strands for
putative conserved motifs. As a result, 442 over-represent-
ed sequences were identified as conserved motifs. We treat-
ed these 442 motifs as independent variables and gave each
gene an integer weight according to the times of the pres-
ence of a certain motif, therefore generating a motif matrix.
Multiple regressions of mRNA abundance data of the 293
genes under four growth conditions against the motif
matrix identified 118 motifs that contribute to 54.1% of
the variations in mRNA expression (Table 2, and Suppl.
Table 1). The top 20 motifs explained around 20% of the
total variations in mRNA abundance. Among them, most
are involved in important metabolic functions. For exam-
ple, motif 158 was found upstream of the genes encoding
exonuclease ABC (uvrC and uvrB), DNA ligase (ligA),
DNA repair protein RecN (recN), and RecA protein
(recA), all of which are involved in DNA metabolism,
and motif 338 was found upstream of genes encoding
ATP-dependent Clp protease (c/pP), 60 kDa chaperonin
(groEL), and heat shock protein HtpG (/tpG), which are
involved in protein fate, and are all highly expressed in
D. vulgaris [21,22].

Contribution of CDS features to mRNA expression

Amino acid usage

Amino acid composition has previously been shown to
correlate with mRNA expression in E. coli [25] and yeast
[10]. This correlation was interpreted as minimization of
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metabolic cost during the protein synthesis [31]. Because
the amino acids (such as Ala and Gly) with low metabolic
cost also have high tRNA concentrations [10], a positive
correlation between mRNA abundance and the frequency
of these amino acids suggests the presence of selection for
translational efficiency [10].

Amino acid usage in the deduced protein sequences of
3522 genes in D. vulgaris was analyzed with correspon-
dence analysis to reveal the major trends. The first four
trends (AA-Axisl-4) identified by correspondence analysis
explain 18.6%, 11.5%, 9.7%, and 7.0% of variability in
D. vulgaris amino acid usage, respectively. To determine
what these major trends stand for, we plotted them against
independent measures of sequence patterns such as GC
composition in the coding sequence and GRAVY (a mea-
sure of hydrophobicity) (Fig. 1) [25]. The first axis (AA-Ax-
is1) correlated with GC composition (Fig. 1A, Suppl. Table
2), suggesting that biased GC content was the major cause
of biased amino acid usage. Likewise, strong correlation
between the second axis (AA-Axis2) and GRAVY indicat-
ed that hydrophobicity was the other predominant deter-
minant of amino acid usage (Fig. 1B, Suppl. Table 2). In
other words, the first two major trends in amino acid usage
in D. vulgaris appear to be the genome base composition
and hydrophobicity. Sources for the third and fourth axes
(AA-Axis3 and AA-Axis4) appear to be the GC composi-
tion as well (Suppl. Table 2).

Consistent with previous observations in E. coli and
yeast [10,25], we noticed that the AA-Axisl correlated very
well with mRNA abundance in all four growth conditions
(Suppl. Table 2), indicative of presence of translational
selection in D. vulgaris as well. Multiple regression analysis
showed that AA-Axisl alone explained around 20% of the
variation in mRNA abundances (Suppl. Table 3). Alto-
gether, various measures of amino acid usage accounted
for 23.6% of total variations in mRNA expression (Table
2, Suppl. Table 3), which provides the first evidence of
strong association between mRNA expression and CDS
features in D. vulgaris.
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Fig. 1. The first two major trends in amino acid usage of D. vulgaris genes represent biased base composition and hydrophobicity, respectively. (A) The
coordinate of each gene on the first axis (AA-Axisl) correlates very well with its GC composition. (B) The coordinate of each gene on the second axis (AA-

Axis2) strongly correlates with GRAVY, a measure of hydrophobicity.
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Codon usage

Early observation of a good correlation between codon
usage and gene expression level suggested the action of
selection for translational efficiency [14]. Recent large-scale
analysis suggested that the relation between codon usage
and mRNA expression may differ between genes of differ-
ent degrees of codon bias [11]. That is, a negative correla-
tion exists between codon bias and gene expression for
genes of low degree of codon bias in contrast with a posi-
tive correlation for genes of high codon bias. This finding
suggests a more complicated relationship between gene
expression and CDS information than previously thought.
Under this context, we analyzed the codon usage in
D. vulgaris and its relation to the mRNA expression.

The first four major trends in codon usage (CR-Axis1-4)
determined by correspondence analysis accounted for
17.1%, 4.4%, 3.9%, and 3.7% of the total variations in rel-
ative synonymous codon usage (RSCU). The first axis
(CR-Axisl) strongly correlates with CAI (r=0.92,
Fig. 2A). Because CAI has been well documented to corre-
late well with gene expression level [11-13], the correlation
between CR-Axisl and CAI can be interpreted as evidence
of selection for translational efficiency. This interpretation
is consistent with the fact that CAI does correlate well with
actual mRNA abundance under LL and LS conditions in
D. vulgaris (Suppl. Table 2). Interestingly, the first axis also
strongly correlates with GC3s (r = 0.94, Fig. 2B) and GC
(r =0.73, Suppl. Table 2), suggesting that biased base com-
position (due to mutational bias) has also contributed to
the codon bias in D. vulgaris. Trends on the second, third,
and fourth axes (CR-Axis2-4) correlate with the G3s or T3s
(Suppl. Table). Therefore, it seems that major trends in
codon usage reflect both translational selection and muta-
tional bias in D. vulgaris.

Multiple regression analysis indicated that all measures
of codon usage were responsible for 23.9% of the variations
in the mRNA expression of the 293 genes in known regu-
lons (Table 2, Suppl. Table 3). Interestingly we found in
this study that codon usage correlated more strongly with
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mRNA expression only when growing on the medium with
its preferred substrate, lactate, as sole carbon source (CR-
Axisl vs. Log-LL or vs. Log-LS, Suppl. Table 2), which
may be due to the fact that cells grown slower on formate-
than on lactate-based media because approximately four-
fold greater biochemical work required to convert formate
into biomass than lactate [32]. The results suggested that a
good correlation between codon usage and gene expression
may only be observed in fast-growing cells [33].

Base composition

Our analysis showed that major trends in amino acid
composition and codon usage strongly associated with
the biased base composition (Figs. 1A and 2B). Therefore,
it raises the question whether we can simply use base com-
position as the summary of CDS features. As we found,
base composition alone explains 22.0% of the variation in
mRNA abundance with the C3s explains the most
(13.3%, Suppl. Table 3). However, base composition was
not able to represent all CDS features because there are still
significant amounts (7.7%) of the mRNA variations that
were not represented by the base composition alone (Table
2 and Suppl. Table 3).

Usually, the frequency of G and C was simply combined
while we measure the base composition of a genome
because of the complementarity of DNA molecules. How-
ever, we found that the C3s showed a strong positive cor-
relation with mRNA abundance under all growth
conditions, whereas the G3s showed a negative correlation
with mRNA abundance (Suppl. Table 2). This observation
suggests that it is necessary to examine each base separately
when we investigate the relation of base composition and
gene expression because only the sense DNA strand is
under natural selection due to the uni-directionality of
mRNA transcription and protein translation.

Gene length
A negative correlation was found between mRNA abun-
dance and protein length previously in S. cerevisiae [9].
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Fig. 2. The major trend in codon usage of D. vulgaris genes reflects translational selection and biased base composition. (A) The coordinate of each gene
on the first axis (CR-Axisl) correlates strongly with CAI, a codon usage measure that suggests translational selection. (B) CR-Axisl also strongly

correlates with GC composition at the synonymous site (GC3s).
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Therefore, we considered gene length as an independent
measure of CDS features. Although we did see that the
gene length strongly correlated with codon bias (measured
with CR-Axis]l and CAI) as previously reported in E. coli
[34], no significant correlation between gene length and
mRNA abundance was found in our study (Suppl. Table
2). Overall, only 1.3% of the variations in mRNA abun-
dance of 293 genes can be attributed to the gene length
(Table 2 and Suppl. Table 3).

mRNA secondary structures

It is well known that the mRNA secondary structure can
affect mRNA stability and its half life [35,36], but few stud-
ies have been performed concerning the relationship
between the tendency to form mRNA secondary structures
for a given gene and its mRNA abundance. The mRNA
secondary structures of all protein coding genes in
D. vulgaris were predicted with RNAfold [28] and the min-
imum free energy (MFE) of the most possible structure was
used as the estimate of the tendency of each gene to form
mRNA secondary structure. It appeared the MFE of each
gene was highly correlated with the gene length (r = —0.99,
p <0.001). Therefore, the MFE was normalized to gene
length and recorded as MFEn, which was then correlated
very well with GC composition (r = —0.85, p <0.001, Sup-
pl. Table 2). This is quite normal because the calculation of
MFE was based on the interaction between each bases [28].
Multiple regression analysis showed that MFEn explained
a small portion (6.1%) of the variations in mRNA abun-
dance of the 293 genes in known regulons (Table 2 and
Suppl. Table 3). It is noteworthy that in our current study
we only use coding sequences to predict the mRNA sec-
ondary structures. However, because of the difficulty to
define upstream and downstream mRNA boundaries, our
analysis represented so far the most conservative approxi-
mation of this characteristic.

All coding sequence features

To determine whether various non-random patterns in
coding sequences reflect different sources of variations in
mRNA abundance, we performed a multiple regression
analysis by including of all variables measuring CDS fea-
tures. Interestingly, these variables only explained 29.7%
of total variation (Table 2 and Suppl. Table 3). This num-
ber is far less than the sum of their individual contribu-
tions, suggesting that they represented overlapping
sources of variations in mRNA abundance.

A combined model which integrates all sequence information

To find out if the variations explained by CDS features
are part of those explained by upstream regulatory motifs,
we have integrated all the sequence information into the
multiple regression analysis. Although upstream regulatory
motifs and coding sequences per se explain 54.1% and
29.7% of variations in mRNA abundance, altogether they
account for only 60.3% of the total mRNA variations
(Table 2 and Suppl. Table 4), suggesting that upstream reg-

ulatory motifs and coding sequences explain significant
amounts of common variations in mRNA abundance.

Discussion

To dissect the contributions of upstream regulatory
motifs and various features in coding sequence to the
mRNA expression, we have performed a comprehensive
and systematic analysis of their relationship with micro-
array gene expression data collected from D. vulgaris. To
assure the quality of this analysis, we first showed that
the microarray data were of high quality by demonstrating
that the mRNA abundance data under all four growth con-
ditions roughly follow a normal distribution, similar to
what has reported in other organisms [11,12]. In addition,
we found that the contribution of the growth conditions
(in particular FS and LL) remains small but as constants
in our multiple regression analyses (Table 2, Suppl. Tables
4 and 5). The constant contribution of growth conditions
suggests that the effects of environmental factors on the
mRNA expression are additive to that of the sequence
features.

Upstream regulatory motifs have been successfully
applied to explain the variations in microarray data in
yeast [37,38] and prokaryotes [39]. In a previous study,
the AlignACE program has been successfully used to iden-
tify regulatory motifs in GC-rich species D. vulgaris [17].
Using the similar approach, the AlignACE program was
used to search upstream sequences of 44 regulons (includ-
ing 293 genes) defined in D. vulgaris [17], which allowed
identification of 442 over-represented sequence motifs in
D. vulgaris. Each motif was weighted by the times of its
presence upstream of each gene and the weighting value
was used as independent variables during the multiple
regression analysis of mRNA abundance data. As a result,
we found that more than half (54.1%) of the variations in
mRNA abundance were able to be explained by the pres-
ence of upstream regulatory motifs. This is consistent with
previous observation in yeast [8], supporting the concept
that the mRNA expression is mainly regulated by the
upstream motifs.

In the study, the relationship between mRNA abun-
dance and five types of CDS features was also investigated.
It appeared that the CAI was the measure that correlated
most strongly with the mRNA abundance (r=0.41,
p <0.001) among all single-value measures (i.e., excluding
axis values from the correspondence analysis) of CDS fea-
tures (Suppl. Table 2). This was consistent with previous
comparisons of various CDS measures in predicting
mRNA expression in yeast [9]. In terms of all measures
of CDS features, it is noteworthy that the AA-Axisl corre-
lated very well with mRNA abundance under all growth
conditions (Suppl. Table 2), suggesting that amino acid
composition can be most informative indicator of mRNA
level. This is confirmed by the multiple regression analysis
that AA-Axis] alone explained around 20% of the varia-
tions in mRNA abundance (Suppl. Tables 3-5). Although
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coding sequences alone contribute to 29.7% of the varia-
tions in mRNA abundance, most of contribution by CDS
features is overlapping with that from upstream motifs.
Therefore, a total of 60.3% of the variations in mRNA
abundance can be explained if both coding and non-coding
information was used.

Considering the significant contributions of CDS infor-
mation to the mRNA abundance defined in this study, an
immediate question will be how the mRNA expression
was affected by CDS features? One plausible explanation
could be from evolutionary biology point of view. First,
it is well established that translational selection has driven
the usage of amino acids and codons to a non-random pat-
tern in prokaryotic genome, especially in those highly
expressed genes [14,40]. In other words, there is a good cor-
relation between amino acid usage or codon usage and pro-
tein abundance. Second, since transcription and translation
are highly coupled cellular processes [41], the expression of
genes and synthesis of proteins at these two stages may
have been co-evolved, i.e., more abundant proteins usually
need higher concentrations of mRNA transcripts [42].
Consequently, it is possible to observe a correlation
between mRNA abundance and biased CDS features in
the multiple regression analysis. Accordingly, it is not sur-
prising to see a combinatorial contribution of upstream
regulatory motifs and CDS features in our multiple regres-
sion analysis. Nevertheless, it should be emphasized that
the non-random CDS features are results of mutational
bias and translational selection rather than the determi-
nants of mRNA transcription.

Although the CDS features are not the explanatory fac-
tors of mRNA expression, the association between them
can be very useful in improving gene expression prediction
because, (1) they are more easily available and well defined
than upstream regulatory motifs; (2) each gene has a
numerical measure for each CDS feature, but only has a
categorical (or discrete) measure of a motif (in terms of
the presence); (3) for genes without identifiable motifs,
CDS features remain as the best variables to predict gene
expression. In the past years, many statistical models have
been proposed to predict the gene expression either based
on upstream regulatory motifs [8] or CDS features
[15,43,44]. In this study, inclusion of the CDS features in
the multiple regression analysis increased coverage of
around 6.2% more of the mRNA variations. Although at
first glance, 6.2% increase in explanation of the mRNA
variations appears to be a small improvement, a careful
analysis of the variables suggested that CR-Axis3 and
AA-Axisl are the top two factors that summarized more
than 25% of the variations (Suppl. Table 4). To our knowl-
edge, this study presents the first model to combine both
regulatory motif information and CDS features in explain-
ing gene expression. Due to the lack of upstream motif
information in most of D. wvulgaris genes (i.e., excluding
293 genes studied here), our current model cannot be used
to predict mRNA expression level in the whole D. vulgaris
genome yet. However, this idea can be applied to this gen-

ome when more information on regulons is available or to
other genomes where there is better understanding of the
regulatory network.

In our current analysis, even by including of environ-
mental factors (i.e., growth conditions), only 66% of the
variations in mRNA expression can be explained (Suppl.
Table 5). There is still quite a large fraction of the varia-
tions in mRNA abundance unexplainable. The quality of
current model can potentially be improved from three
aspects: (1) if the intensity (strength) in addition to the
presence of upstream regulatory motifs can be measured,
(2) if some other CDS features such as dinucleotide fre-
quency or codon context can be calculated, and (3) if the
mRNA decay rate can be estimated. As an initial step to
explore the relationship between mRNA abundance and
two major types of sequence information, we have demon-
strated in this study that upstream regulatory motifs and
CDS features contributed to the variations in mRNA
abundance in D. vulgaris in a combinatorial manner and
using both sequence features may improve the quality of
quantitative gene expression prediction in the future.
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