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Abstract

Although large-scale gene expression data have been studied from many perspectives, they have not been sys-
tematically integrated to infer the regulatory potentials of individual genes in specific pathways. Here we report
the analysis of expression patterns of genes in the Calvin cycle from 95 Arabidopsis microarray experiments,
which revealed a consistent gene regulation pattern in most experiments. This identified pattern, likely due to gene
regulation by light rather than feedback regulations of the metabolite fluxes in the Calvin cycle, is remarkably
consistent with the rate-limiting roles of the enzymes encoded by these genes reported from both experimental and
modeling approaches. Therefore, the regulatory potential of the genes in a pathway may be inferred from their
expression patterns. Furthermore, gene expression analysis in the context of a known pathway helps to categorize
various biological perturbations that would not be recognized with the prevailing methods.

Introduction

Advances in high throughput methodologies allow
researchers to directly observe the gene expression
response of an organism to perturbations at the ge-
nomic level. Although such large-scale data have
been routinely collected, analytical approaches such
as selecting differentially expressed genes (Kerr et al.,
2000; Efron et al., 2001; Li and Wong, 2001; Dudoit
et al., 2002) or clustering genes based on expression
profiles over different experimental conditions (Eisen
et al., 1998; Den-Dor and Yakhini, 1999; Hastie et al.,
2000; Lazzeroni and Owen, 2002) cannot relate gene
expression data to the regulatory potential of any given
gene in cellular metabolic pathways or signaling pro-
cesses. In this study, we used the Calvin cycle, the
primary pathway of carbon assimilation in C3 plants
(Figure 1), as an example to investigate the connec-
tion between the gene expressions of pathway enzyme

genes and their regulatory potentials in the control of
the pathway.

The Calvin cycle plays a fundamental role in most
photosynthetic organisms. The cellular functions of its
enzymes have been studied intensively through both
experimental and mathematical modeling approaches
since Calvin and colleagues identified this pathway
in the 1950s (Pettersson and Ryde-Pettersson, 1988;
Quick et al., 1991; Stitt et al., 1991; Fichtner et al.,
1993; Kossmann et al., 1994; Price et al., 1995; Paul
et al., 1995; Muschak et al., 1997; Haak et al., 1998;
Harrison et al., 1998; Fridlyand et al., 1999; Miller
et al., 2000; Poolman et al., 2000, 2001; Henkes
et al., 2001). However, it is still not fully understood
how gene expression is coordinated and regulated to
modulate the Calvin cycle. We used a large gene ex-
pression data set involving 95 experiments and carried
out a systematic bioinformatics study to assess the
gene expression pattern of the Calvin cycle enzyme
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genes and to associate the observed regulation pattern
with cis-element motifs and, more importantly, with
the regulatory potentials of these pathway enzymes. In
addition, we found that pathway-based analysis allows
us to classify the biological perturbations that would
not be possible with other methods.

Materials and methods

Gene annotation and biological pathways

We collected and processed the annotations for all
cDNA probes from multiple public databases, TAIR
(http://www.arabidopsis.org/), NCBI (ftp://ftp.ncbi.nih.
gov/), the TIGR Arabidopsis thaliana database
(http://www.tigr.org/tdb/e2k1/ath1/), Swiss-Prot (http:
//us.expasy.org/sprot/), and MIPs Arabidopsis thali-
ana database (MAtDB, http://mips.gsf.de/proj/thal/).

We summarized and processed the information on
140 plant biological pathways from Buchannan et al.
(2000), ExPaSy (http://us.expasy.org/tools/pathways/;
http://us.expasy.org/enzyme/), TAIR (ftp://tairpub:
tairpub@ftp.arabidopsis.org/home/tair/Pathways/), and
KEGG (http://www.genome.ad.jp/). We associated the
enzyme names with their enzyme commission num-
bers (EC numbers), and connected the EC numbers
to gene locus IDs and the cDNA GenBank accession
numbers. We then used the geometric mean of the
gene expression data of the cDNA probes correspond-
ing to the same gene to represent the expression value
of this gene. Similarly, we obtained the gene expres-
sion value for an enzyme from the geometric mean of
the expression values of its enzyme-encoding genes.

Regulated pathway selection

We applied 2-fold change cutoff to define whether an
enzyme gene’s expression was altered by the given
biological perturbations. For each pathway, we coun-
ted the number of genes with changed expressions, the
number of genes in the pathway, and the total num-
ber of genes in the microarray. Then we performed
the Fisher’s exact test for the null hypothesis that a
particular pathway is not regulated under a biological
perturbation. We then used 0.001 as the cutoff for the
resulting p value to identify the regulated pathways
for each given biological perturbation. The pathways
that are significantly regulated in most of the 95 exper-
iments are good candidates to study gene regulation
patterns under these perturbations.

Analysis on average rank of fold change

We calculated the average rank based on the fold
change and the standard error of the rank over 95
biological perturbations for each enzyme. The null
hypothesis is that the gene regulations of the nine
enzymes are equally sensitive to the given biological
perturbations. Under the null hypothesis, the average
rank value equals to the mean of random shuffles of
1 to 9 for 95 times, which is 5. We then computed
the z statistics based on the observed rank values. The
average ranks and their standard errors represent the
sensitivities of the gene regulations of the nine en-
zymes to the biological perturbations, whereas the p

values show the statistical evidence for the enzymes’
sensitivity.

Projection of experiments (biological perturbations)
on a two-dimensional space

Let N denote the total number of genes used to meas-
ure similarity between two experiments, Vi = (vik) is
the vector of gene expression for the ith experiment,
where i = 1, . . . , 95 and k = 1,. . . , N . The dissimil-
arity between experiments i and j is defined as either
through Euclidean distance,
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Because DP
ij is a distance between two normalized

vectors, it mainly measures dissimilarity of expression
patterns between two experiments. Therefore, we call
it the ‘pattern distance’, and call DE

ij the ‘strength
distance’ in the following.

For the 95 experiments, we calculated all pair-
wise pattern distances and formed a symmetric 95 ×
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95 matrix, denoted as PDM (pattern distance mat-
rix). Similarly we obtained a 95 × 95 SDM (strength
distance matrix).

To visualize the information embedded in PDM
and SDM, we used the ‘cmdscale’ function in S-
Plus to perform metric multidimensional scaling to
reduce the 95 × 95 matrix (PDM or SDM) to a one-
dimensional vector (P or S respectively) in a way that
the distances between any two experiments represen-
ted in this one-dimensional vector r (di in vector P
or S) are as close as possible to the distances (Dij ,
and j =1,. . . 95, in PDM or SDM respectively) in the
original distance matrix.

We then used the elements in vector S (95 values)
as the x coordinates of the 95 experiments to repres-
ent the one-dimensional strength distances. Similarly
we used the elements in vector P (95 values) as the y
coordinates of these experiments to represent the one-
dimensional pattern distances. Therefore, each of the
95 experiments corresponds to one point in the figure.

Analysis of cis-element motifs

We searched the light-regulated cis elements from a
plant motif database by PLACE (http://www.dna.affrc.
go.jp/htdocs/PLACE/). We performed the motif pat-
tern search with the upstream sequences (based on
the genome sequences and genome annotations from
the MIPs ftp site: ftp://ftpmips.gsf.de/cress/) and the
program AlignACE (Roth et al., 1998; Hughes et
al., 2000; http://atlas.med.harvard.edu/). Then we
mapped the three light-regulated cis elements and one
identified novel motif pattern back to the upstream
sequences of 20,536 genes with locus IDs (MIPs:
ftp://ftpmips.gsf.de/cress/), the 6133 unique genes in
the microarray, and the 12 genes encoding the nine
Calvin cycle enzymes. We did binomial tests based on
the proportions of the existence of a motif pattern in
three groups of genes to evaluate the specificity of the
motif to the Calvin cycle.

Results

Calvin cycle and microarray data

We examined 410 microarray data sets represent-
ing 95 different experiments (4 or more replicates
per experiment) on light regulation in Arabidopsis
(Supplemental Table 1). There were 8828 cDNA
probes on our Arabidopsis microarray used to col-
lect this data set. These probes were annotated with

gene locus IDs. We also built 140 known plant
biological pathways into our Arabidopsis database
PathMAPA (http://zhao.med.yale.edu/pathmapa.htm).
In this database, all the enzymes were associated with
their enzyme commission numbers, the enzyme pro-
teins, and the gene locus IDs of these enzyme proteins.
This database allowed us to use gene locus IDs to join
gene expression data with these biological pathways.

An initial evaluation of the effects of the 95 exper-
iments, representing distinct biological perturbations,
on the regulations of the 140 known pathways with
the microarray expression data set indicated that the
expression of Calvin cycle genes was one of the most
sensitively regulated among all the pathways (Fig-
ure 2). Further, there is substantial literature on the
kinetics of the Calvin cycle reactions involving both
experimental and modeling approaches, which can be
related to the observations from the microarray ex-
periments. Therefore, we selected the Calvin cycle to
explore the relationship between the expression of the
enzyme genes and their regulatory potentials in a given
pathway.

Average expressions of only the confirmed Calvin
cycle enzyme gene family members are utilized

There are 11 enzymes that catalyze the 13 biolo-
gical reactions of the Calvin cycle (reactions 5 and
8 share one enzyme, and reactions 7 and 10 share
another enzyme, see Figure 1). Although we were
able to find 269 cDNA probes representing the Calvin
cycle enzyme genes on our microarray, we only se-
lected the genes (or locus IDs) with multiple cDNA
representatives on the microarray that have similar
gene expression patterns across 95 biological perturb-
ations. Using this criterion, we identified 86 cDNA
probes representing 12 Calvin cycle genes, of which
four encode the small subunits of Rubisco. The av-
erage expression of these four genes was used to
represent the Rubisco expression level. The other
eight genes encode eight enzymes: glyceraldehyde-
3-phosphate dehydrogenase (G3Pdh), fructose bi-
sphosphate aldolase (FBA), fructose bisphosphatase
(FBPase), transketolase (TKL), sedoheptulose-1,7-
bisphosphatase (SBPase), ribose-5-phosphate iso-
merase (R5Piso), ribulose-p-3-epimerase (R3epi), and
phosphoribulokinase (PRK) of the Calvin cycle (Sup-
plemental Table 2). Phosphoglycerate kinase (PGK)
and triose phosphate isomerase (TPI) were not in-
cluded in our analysis due to the lack of representative
cDNA probes. The re-sequencing of these 86 cDNA
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Figure 1. The Calvin cycle has 13 reactions starting at Ribulose and ending with phosphoribulokinase. There are 11 enzymes to catalyze the 13
reactions, where reactions 5 and 8 share the same enzyme (FBA), and reactions 7 and 10 share the other same enzyme (TKL). In our analysis,
we studied 9 enzymes because there were not consistent cDNAs representing PGK and TPI on our microarray. The abbreviations are given in
the text.

Figure 2. The regulated pathways assessed in this work. We assessed whether each of the 140 biological pathways was regulated under each
biological perturbation through Fisher’s exact test as explained in the text. We used 0.001 as the cutoff for p values to define whether a specific
pathway was regulated under the given biological perturbation. The horizontal axis represents 140 biological pathways in our database, and
the vertical axis is the number of experiments in which a specific pathway was significantly regulated. The Calvin cycle was significantly
regulated in many perturbations, whereas the pathways sharing some enzymes with the Calvin cycle was regulated in many fewer experiments.
For example, glycolysis/gluconeogenesis and pentose phosphate pathways were regulated in a limited number of experiments (shown in the
figure), and pentose & glucuronate interconversions and fructose & mannose metabolism were not regulated in any experiment.
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Table 1. Statistical assessment of the specificity of three light-related binding cis elements and one novel
motif pattern to the Calvin cycle genes.

Number of GATA or G-box GT1 Novel

genes I-box (SACRTGG) (GGTTAA) (WKNGTGWGG)

(GATAA)

Predicted genes 20563 17892 4247 7562 2970

Proportion 0.87 0.21 0.37 0.14

Microarray genes 6133 5384 1424 2249 901

Proportion 0.88 0.23 0.37 0.15

Calvin cycle genes 12 12 10 8 8

Proportion 1 0.83 0.67 0.67

p value 0.38 0 0.067 0.0001

S: C or G; R: G or A; W: A or T; K: G or T; N: A, T, C, or G.

probes confirmed their expected identities. We as-
sessed the potential for cross-hybridization based on
the cDNA sequences and found that the cDNA se-
quences encoding the same enzyme (e.g. Rubisco
small subunit) highly likely to cross hybridize with
each other, whereas the cDNA sequences from the
genes encoding the proteins for different enzymes
should not cross hybridize at all. Therefore, gene ex-
pression analysis based on the selected cDNA probes
should provide a reliable assessment of expression pat-
terns of all genes encoding for each individual Calvin
cycle enzymatic activity, but not differentiate specific
enzyme isoforms.

It should be pointed out that in the Calvin cycle,
there are only three enzymes (Rubisco, SBPase, and
PRK) that are specific to the Calvin cycle, while other
enzymes are involved in additional pathways within
chloroplasts. For example, FBA, R5Piso, R3epi, and
TKL are involved in the pentose phosphate pathway.
Thus it is of great interest to investigate how this spe-
cific pathway among the interconnected pathways is
regulated in plants.

There is a strong correlation between the gene
regulation pattern and the regulatory potentials of the
enzymes in the Calvin cycle

Each microarray experiment yielded estimates of re-
lative gene expression levels between two biological
samples (biologically perturbed sample versus refer-
ence sample) for every cDNA probe on the microarray.
For these nine enzymes, we calculated the estimated
expression ratios and changed the ratios to the folds.
The fold value equals to the ratio if the ratio is larger
than 1 otherwise equals to 1/ratio. We then ranked the
genes with an ascending order of the fold changes.

A higher rank corresponds to a higher fold change.
Figure 3 summarizes the rank distribution of each en-
zyme’s gene expression within the Calvin cycle and
across all 95 experiments. This figure shows that the
regulation of these nine enzymes’ gene expressions
exhibits differential sensitivity under the 95 biological
perturbations. The regulations of FBA, SBPase, and
Rubisco were most sensitive to biological perturba-
tions, R5Piso was least sensitive, and G3Pdh, FBPase,
TKL, R3epi, and RPK had intermediate sensitivity.

This gene regulation pattern, which represents the
relative responsiveness of the Calvin cycle’s enzyme
gene expressions to biological perturbations, is re-
markably consistent with the rate-limiting roles of
these enzymes discovered through both mathemat-
ical modeling and experimental studies. The three
enzymes most sensitive to biological perturbations,
SBPAse, Rubisco, and FBA, were found to have
important rate-limiting or near-rate-limiting roles in
controlling the carbon assimilation flux of the Calvin
cycle (Quick et al., 1991; Stitt et al., 1991; Fichtner
et al., 1993; Haak et al., 1998; Harrison et al., 1998;
Fridlyand et al., 1999; Miller et al., 2000; Poolman
et al., 2001). R5Piso was least sensitive to perturba-
tions, and was found to have no rate limiting roles in
the Calvin cycle in a previous study (Fridlyand et al.,
1999). G3Pdh, FBPase, and RPK, which had inter-
mediate sensitivities, played intermediate rate-limiting
roles (Kossmann et al., 1994; Price et al., 1995; Paul
et al., 1995; Muschak et al., 1997; Fridlyand et al.,
1999). While both R3epi and TKL had intermediate
sensitivity, R3epi was thought to have no rate-limiting
role (Fridlyand et al., 1999) whereas TKL was thought
probably to have a near rate-limiting role in the Calvin
cycle (Henkes et al., 2001). Both the agreement and
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Figure 3. The average rank of the nine Calvin cycle enzyme genes over 95 experiments. The average rank for a gene reflects the relative
sensitivity of this gene to biological perturbations in these 95 experiments. The p value for each gene summarizes the statistical evidence of
this gene regulation’s sensitivity. The regulations of these 9 enzyme genes are not equally sensitive to biological perturbations, with Rubisco,
FBA, and SBPase most sensitive to biological perturbations (upper region), G3Pdh, FBPase, TKL, R3epi, and PRK having moderate sensitivity
(middle region), and R5Piso showing the least sensitivity (lower region).

the discrepancy between our observations and the
previous reports were also examined through the reg-
ulatory motif search, which is described later in this
paper.

Light signaling processes likely confer the identified
gene regulation pattern

Among the 95 different biological perturbations, most
(ca. 70%) were alterations in light signals or mutations
in possible light-signaling components, while the rest
were performed as various controls. We found that
it was this majority of perturbations that caused the
identified gene regulation patterns. For example, the
identified gene regulation pattern was preserved over
white light with difference light intensities (1.5, 15,
150 µE) (Figure 4B), various types of lights (white,
red, blue, and far-red) (Figure 4A), different degrees
of activation of the cop1-6 mutants under dark (1,
2, 3, 4, 4.5, 5, 5.5, and 6 days at 22 ◦C to be
active and 5, 4, 3, 2, 1.5, 1, 0.5, and 0 days at
30 ◦C to be inactive), different mutants (e.g. cop1-1,
cop4-1, cop9-1, and cop10-1), and various ecotypes
(Supplemental Figure 1). The experiments that did
not follow the identified gene regulation pattern in-
cluded those involving lethal cop mutants (cop1-5,
cop1-8, and det1-6 under darkness), strong light re-
ceptor mutants (cry1cry2 double mutant under blue,

and phyA mutant under far red), and mutants like det2
and coi1 under dark. In these experiments, the Calvin
cycle genes generally showed no change in expression
level, and the plants exhibited either similar pheno-
types to the dark-grown wild-type seedlings or severe
growth retardation (Supplemental Table 3).

We also observed that this identified gene regula-
tion pattern was present under far-red light (unusable
light for producing the energy source for the Calvin
cycle) and in cop1-6 mutants under dark (only to
mimic the gene regulation role of light without any
light to drive the Calvin cycle). This suggests that
light signaling is responsible for the identified gene
regulation pattern, because there is no feedback from
the Calvin cycle fluxes under the above experimental
conditions. Even for experiments with the identified
gene regulation pattern, the strength of this pattern
varied across different experiments in which the phen-
otypes of the plants showed variation as well. Figure
4A shows that the strength of this identified pattern
decreased from red, white, blue to far-red light we
used for the wild type and that the phenotypes showed
similar tendency of severities. This order of light con-
ditions is different from the one based on the expected
Calvin cycle flux, white (150 µE), red (108.5 µE),
and blue (16.2 µE), because the Calvin cycle in young
leaves usually undergoes a slow steady state and the
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Figure 4. The phenotypes and their corresponding gene regulation patterns among the 9 Calvin cycle enzyme genes (the number designation
for each genes is the same as Figure 3). A. The wild types under red (108.5 µE), white (150 µE), blue (16.2 µE), and far-red (160.8 µE). B.
The wild types under white light with three different intensities (0, 1.5, 15, 150 µE). Although the gene regulation patterns are similar, the
strength of the pattern varied among different experiments or perturbations, which in general correlated with the degree of photomorphogenic
phenotype (hypocotyl shortening and cotyledon enlargement) of seedlings used in these experiments except the white-light-grown seedling.

carbon assimilation flux in the Calvin cycle is propor-
tional to light intensities (Poolman et al., 2001). This
divergence between the order of light conditions ac-
cording to the actual gene regulation patterns and the
one based on the expected Calvin cycle fluxes was also
observed for the cop mutants under varying light con-
ditions (Supplemental Figure 1). This further suggests
that light signaling contributes more than the feedback
of the Calvin cycle fluxes to the strength of the identi-
fied gene regulation pattern. Hence, the identified gene
regulation pattern likely directly relates to the light
signaling process.

The strength of identified gene regulation pattern
correlates with the phenotype consequences of the
biological perturbations

The above results suggest that the identified gene
regulation pattern may be an important property of
the regulation of the Calvin cycle by light-signaling
processes, and the strength of the identified gene
regulation pattern may be useful to more sensitively
classify various biological perturbations in these pro-
cesses. Because both the pattern of gene regulations
and the magnitude of this pattern provide useful in-
formation on the effects of biological perturbations
on a given pathway, both types of information can be
incorporated to define similarity or distinction among
perturbations or experiments. Note that the most com-
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Figure 5. The projection of 95 experiments onto a 2-dimensional space based on gene expression data of (A, left) the genes for 9 Calvin cycle
enzymes and (B, right) all genes on the microarray. The experiments are divided into six groups in A, in which the 2-D space was based on the
Calvin cycle gene expression data. These groups are labeled with different symbols and colors. The same symbol and color is used for each
experiment when it was projected onto the 2-D space in B, which was generated with gene expression data from all the genes on the microarray.
The comparison between these two figures suggests that the information based on the Calvin cycle genes is qualitatively different from that
based on all genes to categorize biological perturbations or experiments.

Figure 6. The locations of four motifs in the upstream sequences of 12 Calvin cycle genes. The solid black lines represent the available
upstream sequences up to 1 kb, with the right end of each line indicating the starting site of transcription and the arrow indicating the direction
of transcription. The motif patterns are searched along both strands of the upstream sequences. The motifs on the gene-coding strand are
denoted with filled symbols, and those on the other strand are denoted with unfilled symbols and their motif names are labeled with the prefix
C. These 12 genes are arranged by the sensitivities of their regulations with the pink region having the most sensitivity, the yellow region and
light green regions having intermediate sensitivity, and the dark green region having the least sensitivity. The Calvin cycle genes in the pink
and yellow regions have either G-box or the novel motif in their upstream regions, AT3g04790 (R5iso) in the dark green region have neither
motifs, and AT3g60750 (TKL) in the light green region, with intermediate sensitivity, does not have G-box nor the novel motif. In contrast, I
box (or GATA motif) is present in almost all promoters while GT1 box is distributed among half of those promoters without preference.
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mon approach to clustering gene expression data is
to use the Pearson correlation coefficient to measure
similarity. This measurement mostly captures the pat-
tern but not its magnitude. To visualize experiment
classifications based on both types of information, we
projected 95 experiments onto a 2-dimensional space,
with the X-axis representing the strength distance of
the identified pattern and the Y-axis representing the
pattern distance. Figure 5A shows that the inform-
ation carried by the two measurements is different.
Because the majority of experiments shared a similar
gene regulation pattern in the Calvin cycle but had
different phenotypes, the incorporation of the pattern
strength information can better correlate these exper-
iments with the observed phenotypes (Supplemental
Table 3). Therefore, the integration of gene regulation
pattern and pattern strength information is important
to evaluate the effects of biological perturbations on
the Calvin cycle.

Clustering biological perturbations in the context of
the Calvin cycle provides additional insights

The relationships among the perturbations in our fo-
cused analysis of the Calvin cycle genes appear to
differ qualitatively from that revealed by the ana-
lysis with all genes on the microarray. Based on
Figure 5A, we separated the perturbations (experi-
ments) into six groups (labeled with different color
symbols in Figure 5). The plants used in each of
these six experimental groups in general had similar
phenotype consequences (Supplemental Table 3). The
six groups identified under the context of the Calvin
cycle scattered widely when they were projected onto
the 2-dimensional space generated by using all gene
expression data of the microarray (Figure 5B). There-
fore, the clustering method under the context of a
pathway can detect the effect of biological perturba-
tions more sensitively due to the connection between
pathway gene regulations and their rate limiting func-
tions and furthermore the phenotypic consequences of
the biological perturbations. Although the classifica-
tion of all perturbations into the six groups based on
the pathway is not perfect, it is much more biologically
meaningful than that based on the entire gene set on
the microarray.

The genes with the identified gene regulation pattern
share specific cis-elements

To correlate gene expression patterns with possible
regulatory cis elements, we studied three light-related

cis elements (G-box, GATA or I box, and GT1; see
Donald and Cashmore, 1990; Puente et al., 1996) and
a novel motif [WKNGTGWGG] identified through
AlignACE (Roth et al., 1998; Hughes et al., 2001) by
searching the 1kb upstream sequences of the six reg-
ulatory Calvin cycle genes (Rubisco, FBA, SBPase,
G3Pdh, FBPase, RPK). The frequencies of these pat-
terns in the upstream regions of the Calvin cycle genes
were compared to their frequencies in the upstream re-
gions of 20 563 predicted Arabidopsis genes (from the
MIPS database, fttp://mips.gsf.de/) and 6133 unique
genes on our microarray (Table 1). We found that the
GATA box (or I box) and GT1 core are not statistic-
ally significant to be specific to the regulated genes,
due to the fact that the GATA box and GT1 core are
commonly present in promoter regions. However, the
G box and the novel motif are statistically significant
to be specific to the promoters of those regulated genes
in the Calvin cycle. The presence of either or both the
G box and the novel motif in the upstream sequences
of the Calvin cycle-regulated genes (Figure 6) is con-
sistent with the observed gene regulation pattern. The
most sensitively regulated genes tend to have a com-
bination of the G box and the novel motif or multiple
copies of one or both motifs, whereas the intermediate
responsive genes tend to have fewer instances of the G
box or the novel motif. For example, R3epi has one G
box and intermediate sensitivity toward perturbations,
while TKL has neither the G box nor the novel motif,
consistent with its relatively weak sensitivity of gene
regulation compared to other genes with intermediate
regulation sensitivity. The gene whose regulation was
least sensitive to perturbations (R5iso) has neither the
G box nor the novel motif.

Discussion

The gene regulation sensitivities of the Calvin cycle
enzymes support their regulatory roles in this pathway

Systematic examination of the average rank of fold
changes for the nine Calvin cycle enzyme genes from
confirmed representative cDNA probes in the array
revealed a clear gene regulation pattern among the
Calvin cycle enzyme genes (Figure 3). Due to the fact
that most of the biological perturbations are related
to light regulation, the Calvin cycle is significantly
regulated among the experiments. The biological per-
turbations seem to cause more sensitive responses to
some Calvin cycle enzyme gene expression (Rubisco,
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FBA, SBPase) while result in less sensitive response
for other enzyme genes (e.g. R5Piso). Consistent with
that the genes encoding the enzymes of key regulatory
steps in most cellular pathways are highly regulated by
various signals (Panda et al., 2002), the enzymes with
high gene regulation sensitivities in this study may
also indicate their roles in controlling the activities of
the Calvin cycle. The enzymes whose transcriptional
regulations are less responsive to the given biological
perturbations remain a similar level of enzyme gene
expressions as the ones in the wild-type seedlings that
grew 6 days in darkness. The absolute abundance of
these enzymes is not necessarily low because it is
possible that they already had high abundance in the
reference sample (6-day old dark-grown wild type)
due to the need of their activities by other pathways
or processes. In responsive to the light signal, those
enzyme activities are sufficient and can be readily util-
ized by the Calvin cycle. Consequently these enzymes
may play a weak role in controlling the Calvin cycle.
When we compared the identified gene regulation pat-
tern of the Calvin cycle enzyme genes with the known
regulatory potentials of these enzymes in the Calvin
cycle from previous experimental and modeling stud-
ies, there was a good correlation between the observed
gene regulation pattern and the reported regulatory
potential. This good correlation supports the above hy-
pothesis that the enzymes with the regulatory roles in
the Calvin cycle are the ones whose gene expression
levels are most sensitive to the various biological per-
turbations. For this reason, the high sensitivity of the
transcriptional regulation of the genes to the biological
perturbations could be used as one of the indicators for
the genes encoding the rate-limiting enzymes of the
pathway.

Gene regulation pattern in the Calvin cycle reveals a
new cis-element pattern

It is generally believed that G box, GATA box, and
GT1 are among the light-regulated cis elements (Don-
ald and Cashmore, 1990; Puente et al., 1996). In
our analysis, we have shown that GATA and GT1 are
present in the upstream sequences of a large number
of genes and that they are not specific to the defined
highly regulated genes in the Calvin cycle. On the
contrary, the G-box and a novel motif are significantly
specific to the regulated genes in the Calvin cycle, and
their presence or absence pattern on the upstream se-
quences of the 12 Calvin cycle genes is consistent with
the identified gene regulation pattern. Therefore, the

G box and the novel motif may play an important role
in conferring the defined regulatory pattern of those
regulated genes in the Calvin cycle.

There were two discrepancies between gene reg-
ulation patterns derived from the 95 biological per-
turbations and previous results. Both R3epi and TKL
showed intermediate gene regulation sensitivities in
our experiments but were reported to have either no
rate-limiting role (Fridlyand et al., 1999) or a near
rate-limiting role (Henkes et al., 2001) respectively.
Based on both microarray data analysis and the dis-
tribution of the promoter elements upstream of those
two genes, it indicates that the enzyme R3epi is reg-
ulated more sensitively by the given set of biological
perturbations than the enzyme TKL. This suggests that
R3epi may play a more important role than TKL in
controlling the activity of the Calvin cycle through
transcriptional regulations under the given conditions.
However, this transcriptional control represents only
one aspect of the regulatory control of the Calvin
cycle, further experimental studies may lead to better
understanding of these two discrepancies between our
results and those of previous studies.

A valuable approach: clustering in the context of
pathway(s)

In our analysis, we also found that the application
of the identified gene regulation pattern to cluster the
biological perturbations in light signaling processes is
a valuable approach. We demonstrated that the iden-
tified gene regulation pattern and the strength of the
pattern carry different information on the biological
perturbations (Figure 5). The clusters based on both
pattern and strength dissected the role of each biolo-
gical perturbation in regulating the Calvin cycle better
than the existing clustering methods, which overlook
this role by using the data of all genes (Figure 5 and
Supplementary Table 3). Therefore, clustering under
the context of a specific pathway reveals new in-
formation embedded in the microarray data. Because
the same biological perturbations may have different
roles in regulating different pathways, the experi-
ment/perturbation clusters obtained under the context
of different pathways may vary. Utilization of cluster-
ing information in the context of various pathways is
a challenging but promising approach to evaluate the
effects and relationships of biological perturbations.



477

Conclusion

The results based on our systematic study of the Calvin
cycle enzymes are consistent with the notion that
genes for enzymes of key regulatory steps in cellu-
lar pathways are highly regulated by various signals
(Panda et al., 2002). Therefore, a good correlation
between enzymes’ rate-limiting roles in a pathway and
their genes’ relative responsiveness to perturbations in
regulatory signaling processes may be an important
feature of cellular pathways. It suggests that similar
analyses on other pathways may lead to insights into
the regulatory potentials of their enzymes, when the
selected pathways are regulated by the given biolo-
gical perturbations. Such insights may allow research-
ers to design experiments to identify or modify the
most relevant rate-limiting genes more efficiently. In
addition, the exploration of the gene regulation pattern
of one or more cellular pathways may lead to a better
understanding of various biological perturbations.
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