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Genome sequences and genome-wide transcript profiles are becoming increasingly available, opening a way to use this
information in analyzing how groups of genes are connected in pathways or ‘‘regulons’’ that might explain how organisms
accomplish the integration on an organismal level. We have begun to explore the large datasets that are available for
transcripts of the best characterized plant model, Arabidopsis thaliana, setting up a gene network using clustering methods.
A network, based on the Graphical Gaussian Model (GGM), describes coregulation of genes under a variety of external
factors: abiotic, biotic, and chemical treatments. In its present structure, the network reveals coregulation for more than
7,000 genes in the Arabidopsis genome. The network appears to be particularly suited to reveal the regulatory structure of
biochemical pathways and environmental stress responses. Examples describe network predictions centered on a trehalose-
6-phosphate phosphatase, an Arabidopsis response regulator and EPSPS. Results from the statistical analysis and
bioinformatics of large data sets provide hypotheses that must be checked by additional studies. However, networks, which
should; be expanded from transcripts to also include proteins and metabolites, can be expected to explain not only how the
Arabidopsis< gene network is structured, but also provide insight in how similar networks in weed species might deviate or
show correspondence and overlap.
Nomenclature: Arabidopsis thaliana authority.
Key words: Arabidopsis thaliana, fuzzy k-means clustering, gene network, Graphical Gaussian Model (GGM).

The new= concepts of genomics, foremost genome
sequences, transcript profiles, protein interactions and activity
regulation,> and metabolomics, have invigorated the biological
sciences, opened new ways to understanding, and above all,
generated data that can also be overwhelming. However, if we
were able to sort the wealth of data intelligently, we might
provide helpful information for biological disciplines that up
to now have had an only a marginal association with genome-
and gene-oriented concepts (Barabasi and Oltvai 2004).
Genomics can advance research into, for example, under-
standing speciation, ecological adaptation, and taxonomic
questions. Plant breeding is enhanced by the ways we can now
reconcile phenotype to genotype, and provide precise
functions for specific genes (Zeng et al. 2007). Also, the
engineering of new crop species could be attempted with
a higher probability of success by converting available data
into conceptual frameworks that reveal how groups of genes,
and the functions they encode, determine and shape
developmental and physiological functions of the entire
organism. Through genomics, especially transcript profiling,
we can begin to better understand intricate processes, such as
trophic interactions by which different organisms have
evolved allelopathic, commensalic, or symbiotic interactions
of high complexity, providing data that describe the
competition between plants in natural ecosystems (Marquez
et al. 2007). What presently is missing are stringent analyses
of the available data to define with high confidence the genetic
and gene interactions in metabolic and developmental
pathways.

Among all plant species, the most complete description of
development and biochemical functions exists for the crucifer
Arabidopsis thaliana (arabidopsis in the following text) and its
many ecotypes, including a nearly complete set of lines in

which single genes have been either eliminated by insertional
mutagenesis or their expression enhanced by activation
tagging (Arabidopsis Genome Initiative 2000; Ostergaard
and Yanofsky 2004; Schmid et al. 2005). In addition to
a complete and increasingly better annotated genome
sequence, thousands of transcript-profiling experiments pro-
vide information about the expression characteristics of those
genes that can be monitored by microarray hybridizations
(Craigon et al. 2004; http://affymetrix.arabidopsis.info;
http://www.arabidopsis.org). Changes in gene expression in
comparison to a control state have been monitored as the
plants adjust to or are challenged by abiotic, biotic, and
chemical treatment conditions. Presently less-developed than
the transcript profiles are studies that determine protein :
protein interactions, protein post-translational modifications,
and metabolite complement and flux. Within a few years it
can be expected that these deficits in our knowledge will be
amended.

The accumulated records then leave us with the task of
converting them into a mechanistic understanding by
integrating sets of data to connect genomics facts with
phenotypic observations and the effects of mutational
disturbance of development and metabolism. In order to
carry out such meta-analysis, the task is to find ways that
connect many observations into correlation networks that lead
to predictive outcomes (de la Fuente et al. 2002). Such
networks can focus on the expression of genes, on DNA/
chromatin binding proteins, on protein : protein interactions
or metabolites (Buck et al. 2004; Gavin et al. 2002; Ito et al.
2001; Nikiforova et al. 2005; Pan et al. 2006). ?The ultimate
goal will be to merge the information from these disparate
networks into a unifying model.

At present, there seem to be sufficient data to make possible
attempts at generating gene networks for arabidopsis, and the
mathematical and statistical tools for such an endeavor are
available. In contrast, it has often been argued that focusing
on a plant as unimportant as arabidopsis is questionable and
that we should focus instead on important crop species. No
other plant species, however, combines the often-cited
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multiple valuable features in a way like arabidopsis does. Even
more to the point is the recognition that plants, mosses,
gymnosperms, monocots, and dicots alike, share most of their
genes and that most of these genes function in very similar
ways in all plants. It is recognized that there might be multiple
paralogs of genes in other plant species that are single genes in
arabidopsis. There are also examples of gene functions that are
lacking in arabidopsis in tissues or developmental stages, and
genetic pathways and biochemical functions might be
regulated differently in distantly related species. However,
studies with arabidopsis could provide starting points to
identify how analogous or novel genes in weedy species are
regulated differently. Moreover, a number of fundamental
plant reactions to a disturbance of homeostasis have conserved
homologs in fungal and animal systems with ramifications
that could instruct how experiments in plants should be
structured. Thus, most of what can be gleaned by working
with arabidopsis will be transferable to other plants, including
weedy or invasive species.

We have used publicly available arabidopsis transcript
profiles for building a gene network using more than 2,000
microarray experiments with plants subjected to a large variety
of treatment conditions under different light, exposure to
chemicals and hormones, nutrient deficits, and abiotic and
biotic stresses (Ma et al. 2007). We used clustering methods
originally developed for yeast gene networks (Gasch and Eisen
2002; Gong et al. 2005; Ma and Bohnert 2007; Ma et al.
2006) and the statistical methods developed for the Graphical
Gaussian Model (Schäfer and Strimmer 2005a). One aspect of
the study was to find genes that specifically reacted to a given
treatment and distinguish these genes from those whose
expression was less specific to a particular treatment or stress,
but instead result from a more universal stress response. By
establishing correlations in expression between groups of
genes, the underlying assumption is that coregulated genes
contribute to functions that require the presence of multiple
coordinately regulated gene products. When querying this
gene network for known pathways, a large number of
connections emerged that have been previously characterized,
and a number of unanticipated new connections appeared (see
Ma et al. 2007 for detailed descriptions). Here, three
subnetworks related to drought stress were extracted from
the network and discussed in detail.

Methods

For clustering, the fuzzy k-means clustering program was
used that had been developed for analyses of the yeast
(Saccharomyces cerevisiae) transcriptome (Gasch and Eisen
2002). Applications for the analysis of Arabidopsis thaliana
and Thellungiella halophila@ transcript profiles with a focus on
salinity-responsive genes have been described before (Gong et
al. 2005; Ma et al. 2006).

We have used publicly available microarray data to
construct an arabidopsis gene expression network, based on
the Graphical Gaussian Model with a detailed description of
the methods used in Ma et al. (2007). Briefly, the raw
microarray data from approximately 2,460 Affymetrix ATH1
slides, covering different stress conditions and treatments,
were downloaded from NASCArrays (http://affymetrix.
arabidopsis.info/narrays/help/usefulfiles.html). An analysis
for potential outlier chips according to Persson et al. (2005)

removed 415 experiments from inclusion into the network
(Ma et al. 2007). Intensity data after quantile normalization of
the remaining 2,045 chips were rounded to integers and used
for the analysis. According to the TAIR annotation, there
were 22,266 probe sets printed on the ATH1 slides matching
genes. The probe sets were included for network analysis, and
each of them was treated as an individual gene.

A random sampling approach, with 2,000 iterations, was
employed to build the network. In each iteration, 1,000 genes
were randomly selected, and a shrinkage approach was used to
estimate partial correlation coefficients (pcor) between the
gene pairs among them (Schäfer and Strimmer 2005b). The
calculation was conducted via the software package ‘‘Gene-
Net,’’ version 1.0.1, implemented in Bioconductor (Gentle-
man et al. 2004; Opgen-Rhein et al. 2006). After 2,000
iterations, a gene network for the whole genome was built via
selecting the pcor with the lowest absolute values for each gene
pair. Subnetworks were extracted from the network by
specifying seed-nodes (genes) and the number of connections
(edges) by which a subnetwork extended from the seed-node.
Visualization was carried out using the neato-program,
embedded in the software package Rgraphviz, which is
a component of Bioconductor (Carey et al. 2005; Carey
and Long 2006). For a detailed description of the major
features of the network, we refer to Ma et al. (2007). Here, we
discussed three subnetworks extracted from that network,
which were related to drought stress responses.

Results and Discussion

Gene Networks. Transcript profiling generates data that have
to be represented in ways that can lead to integration and
improved understanding. A number of methods have been
designed for the analysis of animal and fungal models that are
now being adapted to plant systems as well (e.g., Breitling et
al. 2004; Gasch and Eisen 2002; Gordon 1999; Thibaud-
Nissen 2003) that improve upon the representation as so-
called heat maps or by simply tabulating fold-change, which
are of little instructive value. Clustering used in Figure 1
follows the freeware program designed by Gasch and Eisen
(2002) for the analysis of yeast transcript profiles. The
program compares coexpression characteristics of genes and
defines ‘‘centroids’’ representing the mean expression pattern
for groups of genes. We have analyzed the arabidopsis
Affymetrix ATH1 gene chips that have been deposited in
public databanks as outlined (Ma and Bohnert 2007). The
figure shows a selection of the data, focusing on the most
highly populated clusters and abiotic stress conditions,
including reactive oxygen species but excluding heat shock,
and on treatments with ABA and jasmonate. This represen-
tation allows for clustering of up-regulated (red) and down-
regulated (green) groups of genes that unite commonly
induced genes under different conditions and separate clusters
that distinguish abiotic stresses.

As one example, Figure 2 places 489 drought-induced
genes in the context of their additional induction by other
abiotic stress treatments. The clustering scheme distinguishes
subclusters that unite drought responsiveness with wounding,
salinity, cold treatment, osmotic stress, and ABA and methyl-
jasmonate exposures, as well. In addition, the clustering also
shows which drought, cold, and salinity coregulated genes are
also induced specifically in roots.
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Genes within Cluster C4. For highlighting genes that are
regulated by several abiotic stress factors, we have chosen
cluster C4 (Figure 2), which includes genes responsive to
osmotic stress as well as ABA treatment. The functions of the
76 genes in C4 are to a large degree known. Their
involvement in either one of these stresses has been shown
in single-gene analysis or through microarray hybridizations
(Table 1, functionally known genes are bold-faced). The
clustering method chosen for this analysis, when expanded to
the entire arabidopsis transcriptome (Ma and Bohnert 2007),
resolved many more clusters with similar placement of genes
coregulated under abiotic and biotic stresses, treatment by
various chemicals, and in different tissues and developmental
conditions. With high confidence, known and analyzed genes
are placed into these clusters but in virtually all subclusters;
the method also includes genes that have not been analyzed
before.

From Clustering to Networks. Fuzzy k-means clustering
provides one way to advance the understanding of transcript
profiles and their changes under experimental conditions that
adds higher stringency to coexpression analyses, but it is still
based on the Pearson correlation coefficient model (Obayashi
et al. 2007). A further challenge then is to find ways that
would organize clustered genes into networks with a predictive
value about their coregulation. Such a gene-based network
will, by necessity, be a model fraught with doubt because the
expression of genes is not always controlled at the level of
transcription. Networks that, for example, score protein :
protein interaction, protein modification, or metabolites must
be reconciled with the transcription-based networks. Howev-
er, information from transcript profiles of arabidopsis are the
most advanced, and the methods for their statistical analysis
(e.g., Schäfer and Strimmer 2005a) can further be augmented
by databases that fill in biological information, expression
analysis, and pathways from other plant species (Genevesti-
gator: Zimmermann et al. 2004; http://gabi.rzpd.de/projects/

MapMan; TAIR: http://www.arabidopsis.org; Usadel et al.
2005). Below, we will provide examples of how this
information can be obtained and used to answer questions
that might be of interest to weed scientists.

Trehalose-6-Phosphate Phosphatase. Conforming to the
drought stress theme outlined before, trehalose metabolism
(Ramon and Rolland 2007) provides an example for the
potential value of the gene network model. Trehalose
metabolism has long represented an enigma after trehalose
was recognized as a metabolite that is either stress-
accumulating or shows increased flux through the pathway,
a seemingly futile cycle, under abiotic stress conditions.
Trehalose-6-phosphate is now recognized as a signaling
molecule that responds to changes in cellular redox state
and is involved in the regulation of sugar and starch
metabolism (Karim et al. 2007; Kolbe et al. 2005; Sokolov
et al. 2006) and coordinating carbon supply with de-
velopment and growth (Gomez et al. 2006; Satoh-Nagasawa
et al. 2006).

The TAIR database lists 17 genes in the arabidopsis
genome, which form 22 different gene models, encoding
trehalose-6-phosphate phosphatases (TPP) or synthase/phos-
phatase (TPSP) bifunctional proteins. The majority of the
genes in trehalose metabolism are included in GGM network
graphs (not shown). It seems extraordinary that the subgraphs
for these TPP/TPSP genes identify separate networks that do
not or only distantly overlap, while they are separated by an
extended number of edges. This separation of different TPPs
into distinct subnetworks, as predicted by GGM, appears to
highlight how these functionally presumably identical en-
zymes react to different stimuli that affect carbon metabolism
and stress responses. Such information should be useful for
the design of crop protection schemes and weed control.
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Figure 1. Clustering of drought-responsive genes. Genes are identified with
respect to their expression under drought and osmotic stress conditions. Selected
abiotic stress conditions and the expression of genes in leaves and roots (often
time-course experiments) or treatments with, for example, ABA, ACC, or
jasmonic acid are shown. For a list of genes in different clusters (C2, C4, C7,
C15), see Ma and Bohnert (2007). The data are derived from NASCArrays
(Craigon et al. 2004) deposited by July 2006.

Figure 2. Drought- and/or osmotic stress-responsive genes and their expression
under different abiotic stress conditions. In total, 489 drought/osmotic stress-
responsive genes are identified at high significance, which are also affected by
other abiotic stresses. Indicated are the clusters (C0, C1, C2, C3, C4, and C7; for
a list of genes in different clusters see Ma and Bohnert 2007) in which they are
found and the number of genes in each cluster. Most overlap is found with
salinity and wounding stresses.
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The TPP AT4G22590 does not include a synthase domain
and forms a network of the first order (one edge) with 11
other genes (Figure 3, Table 2). This network includes four
genes for transcription factors/activators among which
DREB2A and DREB2B have clearly been associated with
drought responses (Agarwal et al. 2006). Further included are
a protein phosphatase 2C gene and a lipase-3 gene, a multi-
copper oxidase, and an RNA helicase, all of which might be
involved in signaling functions. The remaining genes, an
ATPase, PARG, a poly(ADP-ribose) glycohydrolase, and
a functionally unknown gene with a WD-40 domain
(indicative of protein : protein and/or protein : DNA inter-
actions) complete this subnetwork dominated by genes with
a documented or strongly suggested signaling and control
function. It appears possible that the coregulation that is

identified by the GGM reveals connections between genes
that could be exploited in plant protection.

Predicting Connections in Signaling. A second example,
which documents another possibly important feature of the
GGM-based gene network, outlines a network centered on
the arabidopsis Response Regulator ARR22 (AT3G04280)
(Figure 4; Table 3). ARR22 is connected to two separate
groups of genes. In one group, three genes are associated with
metal transport and one encodes a protein phosphatase. By
their nature, these proteins could be involved in a signaling
function. From among the six genes in the second group,
three are functionally unknown, one is annotated as related to
male sterility, and two are functionally known genes: ORG3
encodes a transcription factor and AT1G36370 encodes
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Table 1. Centroid C4a genes regulated by drought/osmotic stress, salinity and ABA identified by fuzzy k-means clustering.

ID TAIR Annotation Membership

At1g02310 glycosyl hydrolase family 5/cellulase
At2g34850 UDP-galactose-4-epimerase, putative 0.320027
At4g10960 UDP-glucose 4-epimerase, putative 0.354174
At5g06760 late embryogenesis abundant protein LEA like 0.61488
At1g49450 En/Spm-like transposon protein, putative 0.516207
At5g15960 cold and ABA inducible protein kin1 0.289312
At5g13200 ABA-responsive protein-like 0.410903
At5g59220 protein phosphatase 2C (PP2C) 0.559132
At4g34000 abscisic acid responsive elements-binding factor (ABF3) 0.291147
At5g57050 protein phosphatase 2C, ABI2 0.711314
At4g26080 protein phosphatase 2C, ABI1 0.784035
At3g14440 9-cis-epoxycarotenoid dioxygenase (neoxanthin cleavage enzyme) (NCED1) 0.706052
At3g15210 ethylene responsive element binding factor 4 (AtERF4) 0.29696
At5g58690 phosphoinositide-specific phospholipase C family protein 0.218848
At5g11110 sucrose-phosphate synthase, putative 0.607024
At1g56600 water stress-induced protein, galactinol synthase, putative 0.438095
At4g19230 cytochrome p450 family, CYP707A1 0.299456
At3g22370 alternative oxidase 1a precursor 0.221571
At3g63060 circadian clock coupling factor, putative 0.253863
At5g59480 ripening-related protein-like, putative 0.324682
At4g33905 peroxisomal membrane protein 22 kDa, putative 0.358005
At1g73480 hydrolase, alpha/beta fold family protein 0.429275
At1g07430 protein phosphatase 2C (PP2C), putative 0.783405
At3g61630 AP2 domain-containing transcription factor, transcription factor Pti6 0.20074
At1g64380 AP2-containing DNA-binding protein 0.204052
At2g46270 G-box binding bZIP transcription factor 0.417853
At5g04340 C2H2 zinc finger transcription factor, putative 0.271972
At3g19580 zinc finger protein, putative 0.378983
At2g19810 CCCH-type zinc finger protein, putative 0.338063
At3g61890 homeobox-leucine zipper protein ATHB-12 0.692662
At5g62020 heat shock factor 6 0.287534
At5g62470 MYB96 transcription factor-like protein 0.244993
At5g67300 myb-related protein, 33.3K, putative 0.274178
At4g05100 myb DNA-binding protein 0.445157
At5g04760 I-box binding factor - like protein 0.687059
At1g32870 NAM protein, putative 0.238555
At1g01720 NAC domain protein, putative 0.402491
At1g52890 NAM-like protein 0.426843
At1g77450 GRAB1-like protein 0.68042
At1g62570 flavin-containing monooxygenase, putative 0.449639
At2g33380 RD20 protein 0.272727
At1g73500 MAP kinase, putative 0.230835
At1g05100 NPK1-related MAP kinase, putative 0.577087
At5g52310 low-temperature-induced protein 78 0.365905
At5g05410 DREB2A protein, putative 0.400849
At3g02990 heat shock transcription factor, putative 0.384629
At2g39350 WBC1 white-brown complex homolog; ABC transporter, putative 0.201689
At3g53960 transporter-like protein 0.238621

a Centroid C4 includes 76 genes, which are all up-regulated during drought stress conditions. Twenty-eight genes (annotated as hypothetical, putative, expressed, or
unknown) have been omitted, although a number of transcripts in this category have before been associated with biotic and/or abiotic stress responses. Many genes in this
cluster have before been associated with stress responses (bold-faced) through microarray hybridizations or in single-gene analyses. A
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a putative glycine hydroxymethyltransferase. This network
exemplifies networks in which genes that can be associated
with signaling functions connect groups of genes that carry
functionally very different characters.

Enolpyruvylshikimate-3-Phosphate Synthase (EPSPS). To
illustrate the potential usefulness of the gene network model,
we include a correlation analysis of EPSPS, target of the
herbicide glyphosate (Klee et al. 1987). The network in
Figure 5 associates EPSPS through primary connections with
a chloroplast aldehyde dehydrogenase (AT5G24760) and
chorismate synthase (EPSP phospholyase, AT1G48850),
located in the pathway from EPSP to anthranilate or leading
to ubiquinone/folate biosynthetic pathways. Extending this
network by another edge includes six other enzymes in related
pathways. They are associated with pathways in phenylalanine
biosynthesis/metabolism (arabidopsis PAL1 and PAL2) and
the cytochrome P450 enzyme (CYP98A3, AT2G40890) that
catalyzes a 39-hydroxylation step in the pathway from
coumaroyl-CoA to caffeoyl-CoA (Schoch et al. 2001). Also
included are an indol-3-glycerol-phosphate synthase
(AT2G04400), a dehydroquinate dehydratase (shikimate
dehydratase, AT3G06350), and a DAHP synthase enzyme
(3-deoxy-D-arabino-heptulosonate 7-phosphate synthase,
AT1G22410). Thus the network around EPSPS (and most
strongly connected to chorismate synthase) unites several
enzymes in the synthesis of aromatic amino acids and their
metabolism, and in addition, appears to connect to the
pathway leading to lignin biosynthesis. A further extension to
three edges from the seed gene would connect to an additional
eight enzymes, most of which in the pathway lead to lignin
precursors.

In addition, the network extending two edges from EPSPS
showed eight additional connections to genes that are not

obviously connected to the phenylalanine/ phenylpropanoid/
lignin pathways or to EPSPS. First, this includes two
uncharacterized (other than by microarray hybridizations)
protein kinases (PK) and one lipase (AT5G55050)—enzymes
that could be involved in signaling functions. Both protein
kinases have been reported to be strongly up-regulated by
ozone treatment. One of these PKs (AT3G20860) is also up-
regulated by reducing agents, and the second (AT4G23210)
is down-regulated by heat shock and UV irradiation.
Also indicated are connections to an aminotransferase
(AT2G22250) and one cytosolic glucose-6-phosphate de-
hydrogenase (AT5G40760). Finally, three uncharacterized
proteins are indicated, whose possible functions rely on
sequence comparisons: a chloroplast protein that is anno-
tated as putatively interacting with the kinase SnRK1
(AT5G47870), a protein with a cysteine/histidine-rich
putatively zinc-binding domain that might be involved in
binding diacylglycerol (AT2G17740), and a protein possibly
involved in exocytosis and/or vesicle fusion (AT2G39380).

Approximately half the genes in this network, which is
essentially centered on chorismate synthase, correlated genes
that are in the same or similar pathways to EPSPS. For the
other half, at least for some genes, causal relationship can be
hypothesized. Such a relationship exists for putative signaling-
and/or control-related lipase and protein kinases in this
network subgraph, and in particular for the SnRK1-interact-
ing AT5G47870.1 protein, because the involvement of such
kinases in carbon/nitrogen metabolism has been shown
(Gutierrez et al. 2007; Halford et al. 2004).

How Helpful and How Predictive Is the Network?. The
GGM provides a model that extracts, from many independent
data sets, statistically sound connections between genes with
respect to their regulation under .200 treatments or
conditions, and often also in a time course-dependent
manner.

First, many network graphs associate particular isoforms of
genes in pathway models that exclude the often multiple
orthologs for the same function. Thus, we expect that the
GGM graphs will be helpful in distinguishing the space-,
development-, or treatment-specific involvement of multiple
homologs for the same function in different pathways. The
graph outlining the network of one of the TPP genes in

Weed Science wees-56-02-10.3d 25/10/07 09:35:55 5 Cust # WS-07-092R1

Figure 3. A gene network centered on a trehalose-6-phosphate phosphatase gene.
The network centered on AT4G22590 (grey shade) includes several known
abiotic stress-related transcription factors and signaling proteins. HRH1, a RNA
helicase; PARG, poly(ADP-ribose) glycohydrolase; PP2C, protein phosphatase
2C family member. The transcription factors are identified by thick lines around
the gene names. In Figures 3 to 5, line thickness of edges connecting nodes
indicates the weight or strength of a connection as it is assigned by the
GGM program.

Table 2. List of genes associated with a network seeded by trehalose-6-
phosphate phosphatase.

AT4G22590 trehalose-6-phosphate phosphatase, putative, similar to AtTPPA
AT1G07430 protein phosphatase 2C, putative/PP2C, putative
AT1G21850 multi-copper oxidase type I family protein
AT2G31860 pseudogene, poly (ADP-ribose) glycohydrolase
AT3G50930 AAA-type ATPase family protein
AT3G62420 bZIP transcription factor family protein
AT4G16680 RNA helicase, putative, similar to ATP-dependent helicase

DDX8 (RNA helicase HRH1) (DEAH-box protein 8) (Homo
sapiens)

AT4G16820 lipase class 3 family protein, similar to DEFECTIVE IN
ANTHER DEHISCENCE1 (Arabidopsis thaliana)

AT5G40880 WD-40 repeat family protein/zfwd3 protein (ZFWD3), contains
5 WD 40 repeats; contains zinc finger C-x8-C-x5-C-x3-H type
domain

DREB2A member of the DREB subfamily A-2 of ERF/AP2 transcription
factors

DREB2B member of the DREB subfamily A-2 of ERF/AP2 Btranscription
factors

WRKY25 WRKY family transcription factor

Ma and Bohnert: Gene networks N 0



arabidopsis (Figure 3) can be contrasted by graphs for other
TPP genes that the GGM associated with genes encoding very
different functions (not shown). This predictive aspect and
quality of the gene network should become even more precise
as additional experiments become incorporated.

Second, a focus on genes in known pathways—established
through gene-by-gene analyses over the last 20 years—
support, with high significance, established networks that
have already been reported (Ma et al. 2007). Examples are the
genes in the center of the circadian clock and environmental
effects on clock genes (e.g., Kreps and Simon 1997; Salome
and McClung 2004), in plant biochemical pathways (Wille et
al. 2004), drought-responsive transcription factor interactions
(Agarwal et al. 2006) or flower development (e.g., Krizek and
Fletcher 2005). What is added by our model is that, in most
cases, the graphs include additional genes that previously have
not been associated with the specific pathway or develop-
mental process, and in most cases these additional genes,

including genes with no predictable function or location, have
not yet been studied.

Finally, network models are emerging that appear to
identify genes with signaling and regulatory functions that
connect different pathways such as carbon and nitrogen
metabolism, or stress responses with photosynthesis. Although
stress-dependent regulation of the chloroplast compartment is
a well-established fact, the identification of putative con-
nectors may provide hypotheses that can be followed up by
experiments. As one example, analyzing the effect of the
weedy velvetleaf (XXXXXX) on growth of corn (Zea mays L.;
Horvath et al. 2006) Chas generated a list of corn genes that
responded to this competition. After querying these genes by
GGM and additional gene expression studies, strategies for
crop protection or weed control could emerge.

The predictive quality of the GGM-based gene network
could be a most important contribution along the way to
understanding how plants, or at least arabidopsis, integrate
developmental/hormonal and environmental signals. Such
information, once confirmed by transcript profiling of
mutants deficient in predicted hubs or phenotypic analysis,
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Figure 4. Example for a predictive network. The example chosen for a predictive
network graph is centered around the two-component response regulator ARR22.
In addition to functionally unknown proteins, the graph predicts a strong
correlation with several metal transporters and a putative calcineurin-like acid
phosphatase (i.e., a protein phosphatase). Genes are listed in Table 3.

Table 3. List of genes associated with a network seeded by ARR22.

ARR22 two-component response regulator family protein, Pfam profile PF00072-response regulator receiver domain
AT1G12030 expressed protein, Pfam profile PF04720—plant-specific domain of unknown function (DUF506)
AT1G36370 glycine hydroxymethyltransferase, putative; contains Pfam profile PF00464: serine hydroxymethyltransferase
AT1G47400 expressed protein, no recognized protein domains
AT3G49580 expressed protein, no recognized protein domains
AT5G48850 similar to male sterility MS5 (Arabidopsis thaliana), Pfam profile TPR (tetratricopeptide) domain with multiple functional roles
AT5G50400 calcineurin-like phosphoesterase family protein (a protein phosphatase)
HMA2 ATPase E1-E2 type family protein/haloacid dehalogenase-like hydrolase family protein/heavy-metal–associated domain-containing protein
IRT3 metal transporter, putative (IRT3), similar to iron-regulated transporter, zinc (Zn2+)–iron (Fe2+) permease (ZIP) family
ORG3 basic helix-loop-helix (bHLH) family protein of transcription activators
ZIP4 metal transporter, putative (ZIP4), member of the zinc (Zn2+)–iron (Fe2+) permease (ZIP) family; predicted as chloroplast-located

Figure 5. An EPSPS network. A network extending two edges from EPSPS
(shaded grey) is shown. Outlined (thick black lines) are genes in this network that
are known components of the phenylpropanoid pathway. Also identified are two
protein kinases that have not been characterized.
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could then be compared with the behavior of individual genes
or gene networks in other plant species.
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