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As an overwhelming amount of functional genomics data have been generated, the retrieval, integration, and interpretation of
these data need to be facilitated to enable the advance of (systems) biological research. For example, gathering and processing
microarray data that are related to a particular biological process is not straightforward, nor is the compilation of proteinprotein interactions from numerous partially overlapping databases identified through diverse approaches. However, these
tasks are inevitable to address the following questions. Does a group of differentially expressed genes show similar expression
in diverse microarray experiments? Was an identified protein-protein interaction previously detected by other approaches?
Are the interacting proteins encoded by genes with similar expression profiles and localization? We developed CORNET (for
CORrelation NETworks) as an access point to transcriptome, protein interactome, and localization data and functional
information on Arabidopsis (Arabidopsis thaliana). It consists of two flexible and versatile tools, namely the coexpression tool
and the protein-protein interaction tool. The ability to browse and search microarray experiments using ontology terms and the
incorporation of personal microarray data are distinctive features of the microarray repository. The coexpression tool enables
either the alternate or simultaneous use of diverse expression compendia, whereas the protein-protein interaction tool searches
experimentally and computationally identified protein-protein interactions. Different search options are implemented to
enable the construction of coexpression and/or protein-protein interaction networks centered around multiple input genes or
proteins. Moreover, networks and associated evidence are visualized in Cytoscape. Localization is visualized in pie charts,
thereby allowing multiple localizations per protein. CORNET is available at http://bioinformatics.psb.ugent.be/cornet.

A high number of experiments have been performed to unravel molecular mechanisms underlying diverse biological processes active in the model
plant Arabidopsis (Arabidopsis thaliana). For instance,
in microarray experiments, diverse tissues from wildtype plants as well as mutant or transgenic plants are
sampled at different developmental stages and treated
with numerous compounds. Although enormous
amounts of data have been generated, it remains a
hurdle to sift through the heterogeneous information
to find data relevant to a particular biological question.
Data resulting from profiling studies are stored in
different formats in various databases. Microarray
data and, in particular, corresponding meta-data (e.g.
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sampled tissue, time point, treatment) are stored in
an unstructured manner, which complicates data
retrieval and interpretation. Also, proteomics data,
such as protein-protein interaction (PPI) data, are dispersed over several databases in somewhat different
formats. Although some efforts have been made, such
as setting up MIAME (for Minimum Information
About a Microarray Experiment) and MIAPE (for
Minimum Information About a Proteomics Experiment), these systems are not (yet) generally employed
(Taylor et al., 2007; Brazma, 2009). Using transcript
profiling data, one can investigate how genes are
expressed, when genes are active and/or differentially
expressed, and which other genes show similar expression profiles. Integration of microarray data with
PPI data can, for instance, lead to the identification of
protein complexes and/or coregulated genes, a better
understanding of a group of differentially expressed
genes, and the prediction of putative functions for
unknown genes (Brown et al., 2005; Gachon et al.,
2005; Lisso et al., 2005; Rautengarten et al., 2005;
Usadel et al., 2009).
Databases and tools such as ACT (Manfield et al.,
2006), AtCOECiS (Vandepoele et al., 2009), ATTED-II
(Obayashi et al., 2007, 2009), Bio-Array Resource (BAR
Toufighi et al., 2005), CressExpress (Srinivasasainagendra
et al., 2008), CSB.DB (Steinhauser et al., 2004), GeneCAT
(Mutwil et al., 2008), Genevestigator (Zimmermann
et al., 2004), Plant Gene Expression Database (Horan
et al., 2008), and PRIMe (Akiyama et al., 2008) have
been developed with the aim to easily find similarity
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between genes based on their expression, and databases such as IntAct (Hermjakob et al., 2004), BioGRID
(Stark et al., 2006), DIP (Salwinski et al., 2004), MINT
(Chatr-aryamontri et al., 2007), BIND (Bader et al.,
2003), BAR Arabidopsis Interactions Viewer (GeislerLee et al., 2007), and AtPID (Cui et al., 2008) have been
built to easily retrieve PPIs. In the next paragraph, we
describe the tools that have been developed to enable
small-scale coexpression studies rather than the numerous large-scale coexpression studies often involving clustering. For a more detailed discussion on the
coexpression tools as well as other databases and tools
developed for hypothesis generation in plant biology,
we point to two recent reviews (Brady and Provart,
2009; Usadel et al., 2009).
Current coexpression tools allow the visualization of
gene expression profiles and/or the search for genes
that are coexpressed with one or more genes of interest. To identify coexpression, these tools employ a
measure, such as the Pearson correlation coefficient, a
correlation rank (Obayashi et al., 2009), or linear regression (Srinivasasainagendra et al., 2008), followed
by either applying an absolute cutoff or selecting the
top x most correlated genes. The implementation of
coexpression analysis is well advanced, with some
tools that provide a flexible choice of input expression
data sets. For instance, BAR Expression Angler allows
the use of different types of expression data sets,
among them the AtGenExpress compendia (Schmid
et al., 2005; Toufighi et al., 2005; Kilian et al., 2007;
Goda et al., 2008), whereas CressExpress allows the
selection of microarray experiments based on tissue
types (Srinivasasainagendra et al., 2008). Intuitively,
the use of different expression data sets can yield
different degrees of expression correlation between
genes because some genes might behave similarly
under certain conditions and differently under others.
In other words, condition-dependent and conditionindependent coexpression analyses have to be distinguished (Usadel et al., 2009). Therefore, a flexible and
efficient compilation of the expression data sets used
to calculate expression correlation needs to be enabled.
In contrast to the coexpression analysis, only a few
tools provide additional functionalities, such as retrieval of PPIs, functions, pathways, and cis-regulatory
elements, and the network visualization. The following tools have incorporated PPI data from one or more
of the above-mentioned PPI databases. The output of
the BAR Expression Angler displays Gene Ontology
(GO) functional categories and PPI data from the BAR
Arabidopsis Interactions Viewer (Toufighi et al., 2005;
Geisler-Lee et al., 2007). ATTED-II provides PPIs,
Kyoto Encyclopedia of Genes and Genomes pathway
information, and cis-regulatory elements in addition
to coexpression links (Obayashi et al., 2009). Virtual
Plant provides a network analysis tool that compiles
PPI data (BIND, interolog detection, and AtPID),
microRNA:RNA associations, enzymatic reactions
(both primary and secondary), and regulatory links
based on binding site occurrence (Gutierrez et al., 2007).
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To a large extent, the representation of the output
determines the accessibility and interpretability of the
results. The aforementioned tools came up with different solutions to represent coexpression and interaction data. In most tools, the output is in tabular
format (such as in CressExpress [Srinivasasainagendra
et al., 2008]). Although this format has many advantages for the advanced user who can import the results
in other software tools, it does not allow immediate
inspection of the results by less experienced users.
With the BAR Expression Angler, the viewing and
downloading of results are possible in both text and
matrix formats (Toufighi et al., 2005), and with the
DataMetaFormatter, functional classification of the
coexpressed genes and PPIs are displayed on a clickable map of the matrix of coexpression data linking
to other BAR tools. The BAR Arabidopsis Interactions
Viewer allows the export of PPI networks to Cytoscape
sif format. ATTED-II generates a network representation of the results (Obayashi et al., 2009). Although
intuitively very comprehensive, the network views are
static, ruling out visualization and exploration of large
networks (Obayashi et al., 2007). In addition, network
visualization is only possible in within-query gene
searches. Only these small networks can be downloaded in tab-delimited, Pajek or Cytoscape sif formats
(Shannon et al., 2003; de Nooy et al., 2005). In the latest
version of ATTED-II, precalculated networks of particular genes can be viewed using the Google Maps
API (Obayashi et al., 2009). PRIMe allows coexpression analysis of multiple genes, provides the results in
network files that can be viewed in dedicated software, such as Pajek (de Nooy et al., 2005) or Biolayout
(Goldovsky et al., 2005), and thus allows the exploration of larger networks (Akiyama et al., 2008). The
network analysis tool of Virtual Plant visualizes the
resulting networks in Cytoscape Web Start (Gutierrez
et al., 2007).
Taking into account all these features, we developed a
new user-friendly tool for data mining and integration,
with the acronym CORNET (for CORrelation NETworks),
that is accessible through http://bioinformatics.psb.
ugent.be/cornet. We collected the majority of the currently available microarray expression data; corresponding meta-data describing sampled tissues, treatments,
and time points of sampling; PPI data; localization
data; and functional information in a central database.
A user-friendly interface allows one to query the database, enabling coexpression analysis through a multitude of search options addressing diverse biological
questions. Several predefined expression data sets,
such as global compendia representing diverse experimental conditions as well as tissue- or treatmentspecific expression data sets, are provided. In addition,
the user can compile expression data sets from public
as well as private microarray data or can upload
personal processed expression data sets. Directed selection of microarray experiments is possible, as all
meta-data are described with standardized ontology
terms and stored in the database. Not only is it possible
Plant Physiol. Vol. 152, 2010
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to calculate expression correlation based on one particular data set, but coexpression also can be assessed
simultaneously among several expression data sets.
PPI networks can be reconstructed with both experimentally identified and computationally predicted
data. Moreover, coexpression and PPI networks can
be integrated. CORNET generates a comprehensive
visualization that provides a bird’s eye view of the
results and the different degrees of reliability of the
extracted information. The tool makes use of Cytoscape
Web Start, which has the advantage that all functionalities of Cytoscape itself and numerous plug-ins can
be exploited to further explore the constructed networks (Shannon et al., 2003).

RESULTS AND DISCUSSION

Primarily, CORNET is composed of two tools,
namely the coexpression tool and the PPI tool, constructing coexpression and PPI networks, respectively
(Fig. 1). Both tools can be used autonomously but
can also be used consecutively to build a network of
coexpression links as well as PPIs. Additionally, localization and functional information (GO terms and
protein domain information) can be displayed on the
constructed networks.
Annotation of Microarray Experiments

All expression data available at Gene Expression
Omnibus (Barrett and Edgar, 2006) and resulting from
experiments carried out on Affymetrix ATH1 arrays
were incorporated into the CORNET database. As the
meta-data of the microarray experiments available in
public databases are very unstructured and hard to
process automatically, and as information on growth
conditions, treatments, sampled tissues, and genotypes is difficult to retrieve, we described the metadata of the microarray experiments by manually
assigning ontology terms. Existing ontologies were
exploited to avoid confusion and redundancy. Plant
Ontology (Plant Structures and Plant Growth and
Developmental Stages; Bruskiewich et al., 2002; Pujar
et al., 2006; Ilic et al., 2007; Avraham et al., 2008), Plant
Environmental Conditions (www.gramene.org), and
MGED Ontology (Whetzel et al., 2006) were used
(Supplemental Fig. S1). The final aim of this ontologybased annotation was the automatic and comprehensive retrieval of microarray experiments, similar to the
selection of microarray experiments in Genevestigator
(Zimmermann et al., 2004). With these microarray
data, we compiled different, so-called predefined expression compendia (see “Materials and Methods”).
Compendium 1 is a set of microarray experiments
covering diverse conditions but somewhat biased toward growth and development. Compendium 2 also
contains diverse conditions, but biases toward particular design types (see “Materials and Methods”) are
reduced as much as possible. In addition, highly rePlant Physiol. Vol. 152, 2010

dundant experiments are removed, resulting in a set
of approximately 100 experiments. Finally, we compiled several specific expression compendia (abiotic
stress, biotic stress, development, flower, genetic modification, hormone, leaf, root, seed, and abiotic plus
biotic stress data sets) using the design types and
ontology terms (see “Materials and Methods”). The
user can temporarily upload personal raw expression
data and annotate and incorporate the data into userdefined expression data sets (see “Materials and
Methods”).
Coexpression Tool

Using the coexpression tool, genes with similar
expression profiles in a number of experimental conditions can be identified. When performing a coexpression analysis, first, one needs to decide on the
input expression data that will be used. The user can
either select the predefined expression compendia or
compile user-defined data sets. In the latter option, the
user is directed to the “Browse experiments” page,
where a set of microarray experiments can be assembled using ontology terms that describe the meta-data
(Supplemental Fig. S1). The ontology terms allow
an easily reproducible and intuitive selection of the
microarray experiments without going through each
individual experiment. Users should keep in mind
that user-defined expression data sets should be large
enough to enable reliable calculation of the correlation
coefficients (Usadel et al., 2009). In the next step, the
coexpression tool page is displayed, where one or
more genes can be introduced for coexpression analysis (step 1; Supplemental Fig. S1). Subsequently, one
or more of the predefined, previously generated userdefined, or personal, preprocessed expression data
sets needs to be selected (step 2). Below, more details
are given on the importance of different expression
compendia. Next, one can choose to calculate either
Pearson or Spearman correlation coefficients (Spearman
can only be chosen when one expression compendium is selected; see “Materials and Methods”). Then,
thresholds to limit the number of results and search
options, referring to different biological questions,
can be chosen (Fig. 2). Either an absolute or a relative
threshold or both can be chosen, namely a correlation
coefficient threshold and/or a number of the most
highly coexpressed genes (top x), respectively. In the
case of multiple compendia, each compendium is
treated separately in a first step, and subsequently,
these results are combined, depending on the “all/at
least” parameter. When coexpression in at least one
compendium is chosen (at least = 1), all coexpression
links found in the different compendia are reported
(union). When coexpression needs to hold true for
multiple expression compendia (at least .1), the intersection of the individual results is reported.
In addition, average, minimum, and maximum correlation coefficients over all expression compendia
that meet the chosen thresholds are reported. The
1169
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search options entail the calculation of expression
correlation in a pairwise manner between given genes
or a list of gene pairs uploaded as a tab-delimited file

(“Pairwise correlations”), between one or more given
genes and all genes in the genome [“Correlation of
query gene(s) with neighbors”], and between genes

Figure 1. Functionalities of CORNET.
1170

Plant Physiol. Vol. 152, 2010

CORNET: Coexpression and Interaction Networks

Selection of Multiple Microarray Expression Compendia

Figure 2. Search options of coexpression and PPI tools. A, Correlations
or interactions of query gene/protein with neighbors. B, Correlations or
interactions of query gene/protein with neighbors plus correlations or
interactions between neighbors. C, Pairwise correlations or interactions. D, Pairwise correlations or interactions plus correlations or
interactions of query genes/proteins with neighbors. E, Pairwise correlations or interactions plus correlations or interactions of query genes/
proteins with neighbors plus correlations between neighbors.

that show coexpression with the given gene(s) (“Correlations between neighbors”; Fig. 2). These search
options are more flexible and intuitive than the functionalities of most existing coexpression tools, which
allow the search for coexpressed genes of one or a few
query genes. Evidently, thresholds need to be chosen
carefully when the two latter search options are selected because huge amounts of results can be generated. We advise starting off by choosing a relatively
high correlation coefficient threshold (such as 0.9) or
the top 10 genes and gradually lowering the stringency. Finally, one can integrate localization information and/or PPIs using the PPI tool as discussed
below.
Plant Physiol. Vol. 152, 2010

When comparing the expression profiles of two genes,
the input microarray data are expected to influence the
observations (Usadel et al., 2009). For instance, due to
pleiotropic functions or the combinatorial nature of
cis-regulation, some genes may coexpress under certain conditions but differ in expression under others
and/or coexpress with other genes under these conditions. Using a global measure of coexpression, such
as the Pearson correlation coefficient, all conditions in
the input expression compendium are used. Thus,
depending on the nature of the studied genes and the
interest of the user, different input expression compendia can be imagined, some being subsets of each
other. For instance, when looking for genes that are
similar to a drought stress-responsive gene, an expression compendium representing abiotic stress conditions can be used to identify specific and relevant
relations.
To investigate the variability of expression correlation over different expression compendia, several subsets of expression data, namely the abiotic stress, biotic
stress, development, flower, genetic modification, hormone, leaf, root, seed, and abiotic plus biotic stress
sets, as well as three global compendia, namely the
AtGenExpress compendium, Compendium 1, and
Compendium 2, were considered (Table I; see “Materials and Methods”) and are provided as predefined
compendia in CORNET. We observe that expression
correlation can vary with the input expression compendia independently from the chosen threshold (Fig.
3). Overall, few coexpression links held true when
taking into account multiple compendia. Twenty-five
percent to 30% of all gene pairs are correlated based on
one expression compendium, while about 10% of the
correlated gene pairs also show correlation in three
other expression compendia, and this number gradually drops when more expression compendia are
taken into account. Only 0.01% to 0.05% of the gene
pairs show coexpression in all 14 compendia simultaneously (Fig. 3). The majority of the genes that show
coexpression over all compendia encode ribosomal
proteins or are involved in phytosynthesis (Pearson
correlation coefficient threshold of 0.9). The coexpressed genes have a high average expression level
and are highly variable across conditions. Based on
this study, we can conclude that, when performing
coexpression analyses, expression correlation can vary
significantly when using different expression conditions. Consequently, coexpression tools need to enable
the estimation of coexpression over diverse expression
compendia or in specific expression compendia. The
identification of coexpression under specific conditions can be employed to seek genes with characteristics common to genes of interest (such as similar
expression upon abiotic stress treatment). In contrast,
coexpression analysis can be carried out with a collection of expression compendia, representing diverse
conditions, and lead to the identification of those con1171
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Table I. Predefined expression compendia
Expression Compendium

AtGenExpress
Compendium 1
Compendium 2
Abiotic stress
Biotic stress
Abiotic plus biotic stress
Hormone treatment
Development
Flower
Leaf
Root
Seed
Whole plant
Genetic modification

Description

No. of Experiments

All experiments performed by AtGenExpress
Collection of microarray experiments oriented toward growth, development,
and cell cycle studies
Collection of microarray experiments; very similar experiments were removed;
similar numbers of experiments of each design type
Abiotic stress series (cold, drought, genotoxic, heat, osmotic, oxidative, salt,
UV-B, wounding)
Biotic stress series (Botrytis, Pseudomonas, Phytophthora, etc.)
Combination of the abiotic and biotic stress data sets
Hormone treatment series (abscisic acid, brassinosteroids, GA, cytokinin, etc.,
and inhibitors)
Developmental series (different tissues, developmental stages, developmental
mutants)
Microarray experiments in which floral tissues are sampled
Microarray experiments in which leaf tissues are sampled
Microarray experiments in which root tissues are sampled
Microarray experiments in which seed tissues are sampled
Microarray experiments in which whole plants are sampled
Microarray experiments in which transgenic lines are profiled (gene overexpression
[knockin], gene knockout, transient transgene expression)

425
454

ditions in which the genes of interest show similar expression patterns. For genes with limited functional
information, expression compendia delivering high
correlations hint at possible functional activities of the
unknown genes. Using CORNET, this can either be
done using the predefined expression compendia or
user-defined compendia individually or by considering several predefined data sets. In the latter, coexpression links found in all selected compendia or in at
least x compendia are reported (see above). As such,
coexpression in, for instance, root only, leaf only, or
both root and leaf can be studied in one analysis.
PPI Tool

As for the coexpression tool, the PPI tool needs one
or more proteins as input (step 1; Supplemental Fig.
S1). Next, different PPI databases can be chosen (step
2; see “Materials and Methods”) to extract only experimentally identified PPIs, only computationally predicted interactions, or both. As in the coexpression
tool, different search options can be selected, namely
search for PPI in a pairwise manner (Pairwise interactions), search for proteins that interact with the given
protein(s) [“Interactions of query protein(s) with
neighbors”], and/or search if the proteins that interact
with the given protein(s) also interact (“Interactions
between neighbors”; step 3; Fig. 2). Finally, also here,
integration of coexpression and localization information is possible.
Integration of Coexpression and PPI Networks

CORNET allows the integration of coexpression
and PPIs networks, which can be approached in two
ways. One can start with the coexpression tool, identify1172

111
256
69
336
140
135
72
212
258
83
85
313

ing genes that coexpress with each other, and subsequently test if the corresponding proteins interact
and if these proteins interact with other proteins or
vice versa. One needs to keep in mind that the order
of the analysis will yield different results when choosing the option “Correlations/interactions with neighbors.” For instance, when a coexpression analysis is
followed by a PPI search, all coexpressed genes of the
first analysis are used as input for the PPI search and
genes that do not show coexpression with other genes
are not included as input for the PPI tool. Conversely,
when first performing a PPI search, only proteins for
which interactions have been found will be used as
input for the subsequent coexpression analysis. Depending on the question to be addressed, one or both
approaches can be opted for.

Figure 3. Variability of expression correlation. Only a few genes are
coexpressed based on multiple expression compendia. Expression
correlation is defined by a Pearson correlation threshold of 0.9 (blue),
0.8 (red), top 1% most correlated gene pairs (green), and top 10% most
correlated gene pairs (purple).
Plant Physiol. Vol. 152, 2010
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Figure 4. (Legend appears on following page.)
Plant Physiol. Vol. 152, 2010
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When integrating coexpression and PPI data, the
degree of coexpression of genes encoding for interacting proteins can be studied using CORNET. A global
study of all experimentally identified PPIs showed the
relatively low concordance between coexpression and
interactions (see Fig. 2 in De Bodt et al., 2009). This
observation can be confirmed using the different expression compendia available in CORNET. The mean
correlation coefficient for experimentally identified
PPIs ranges between 0.13 and 0.21. As previously
mentioned in the literature, this low degree of expression similarity is probably due to the transient nature of
PPIs.
Visualization of Coexpression and PPI Networks

For network visualization, the existing software
Cytoscape was designated (Shannon et al., 2003; Fig. 1)
because its functionalities allow browsing and zooming into the constructed networks, a visual as well
as textual representation of diverse attributes (e.g. correlation coefficient, localization databases; see Frequently Asked Questions [FAQ] page and VizMapper
in Cytoscape) and further exploration and analysis of
the networks. The degree of expression correlation is
represented by the color of the edges (or correlations)
in the coexpression network, where, for instance, blue
edges correspond to highly correlated expression profiles. In case multiple expression compendia were
selected in the coexpression tool, the minimum, maximum, or average Pearson correlation coefficient (as
requested by the user) is displayed. However, all
retrieved Pearson correlation coefficients are reported
in the text output and as composite attributes (data set
coefficients) in Cytoscape. PPIs are depicted by black
edges, whereas their reliability can be assessed through
the width (number of data sources) and the style
(detection method) of the edges (or interactions) in the
PPI network. Experimentally identified interactions
are represented by solid lines, while computationally predicted interactions are represented by dashed
lines. The shape of the nodes (or genes/proteins)
depicts the nature of the gene/protein as query or as
neighbor in either the coexpression or PPI tool. All
attributes can be displayed in the lower data panel of
Cytoscape by clicking on the Select Attributes button
(see FAQ) and copied and/or exported in tabular
format at any time.

Case Study: DELLA Network

To demonstrate the functionalities of CORNET and,
particularly, the use of multiple expression compendia
in the coexpression tool, we have investigated the
molecular context of DELLA proteins. The Arabidopsis genome encodes five DELLA proteins (REPRESSOR
OF GA [RGA], GIBBERELLIC ACID INSENSITIVE
[GAI], RGA-LIKE1 [RGL1], RGL2, and RGL3) that act
as negative regulators of the GA signaling pathway.
DELLA proteins bind to the GIBBERELLIN INSENSITIVE DWARF1 (GID1) receptor in the presence of GA.
The GA-GID1-DELLA complex is then targeted by an
SCF-E3 ligase (SLEEPY), resulting in ubiquitinylation
and degradation of DELLA by the 26S proteasome,
thereby relieving DELLA-mediated repression of GA
responses. DELLAs are involved in diverse processes
such as flower development, seed germination, leaf
growth, and abiotic stress response (Tyler et al., 2004;
Achard et al., 2006; Schwechheimer, 2008; Achard and
Genschik, 2009). Although the functional differences
between the DELLAs are not completely clear, RGA
and GAI have been shown to repress stem elongation
(Dill and Sun, 2001; King et al., 2001), RGL2 inhibits
seed germination (Lee et al., 2002), and RGA, RGL1,
and RGL2 together regulate floral development
(Cheng et al., 2004; Tyler et al., 2004; Yu et al., 2004).
Whereas RGA and GAI are highly expressed in most
tissues, RGL1, RGL2, and RGL3 are mainly expressed
in germinating seeds, young seedlings, and flowers,
indicating that these signaling molecules might be
transcriptionally regulated (Tyler et al., 2004). Thus,
DELLA proteins are highly pleiotropic and serve as an
ideal test case.
Different functions of the DELLA proteins surface
when employing particular expression compendia
(Fig. 4). First, we have generated a network using
Compendium 2, which represents diverse conditions
and gives a global estimate of coexpression. Subsequently, experimentally identified PPIs were added
between the resulting proteins and all other proteins
(neighbors) as well as between those other interacting
proteins (neighbors). Two main groups of highly connected genes could be delineated in this network (Fig.
4A). The degree of correlation between the genes of
both groups clearly differed (blue edges [group I]
versus red edges [group II]). Group I consists of RGL2
and RGL3 and several LEA (for late embryogenesis
abundant) genes with roles in seed development,

Figure 4. DELLA networks generated by CORNET using multiple compendia. The DELLA network based on Compendium 2 (A)
shows two groups of coexpressed genes where group I is highly coexpressed (blue edges) and group II shows a lower degree of
coexpression (red edges). The networks based on Compendium 2 plus abiotic stress plus hormone treatment compendia (B) and
Compendium 2 plus leaf plus seed compendia (C) reveal new coexpression links and new coexpressed genes. Red edges
represent coexpression links found in the hormone (B) and seed (C) compendia, and green edges represent expression links found
in the abiotic stress (B) and leaf (C) compendia. Edges starting and ending at the same node represent homodimerization of
proteins.
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Table II. Statistics on the CORNET database
Data
Microarray
Arrays
Experiments
Series
Experiments with two replicates
Experiments with more than two replicates
PPIs
Experimentally identified interactions
Computationally predicted interactions
Total interactions
Localization
Experimentally identified localizations
Computationally predicted localizations
Total localizations

No.
3,055
1,209
200
634
575
4,302
89,181
93,109
14,135
11,310
18,824

while group II contains GAI, RGA, and RGL1, some
hormone-related genes such as BRASSINOSTEROID
INSENSITIVE1 and AFB5 (auxin F-box), and CLIPassociating protein-related genes involved in mitosis,
growth, and protein stability, as well as many other
genes. Both groups are connected to each other through
PPI links between the DELLAs and the GID receptors,
SLEEPY1, PHYTOCHROME B, PHYTOCHROME
INTERACTING FACTOR3, and PIF4, interactions
that have been identified by various experimental
approaches (Supplemental Files S1, “Features” attribute in Cytoscape; Dill et al., 2004; Fu et al., 2004;
Griffiths et al., 2006; Nakajima et al., 2006; Achard
et al., 2007; Ariizumi et al., 2008; de Lucas et al., 2008;
Feng et al., 2008). Next, we investigated how this
network varied with different, more specific expression compendia, namely the abiotic stress and hormone treatment compendia on the one hand (Fig. 4B)
and the leaf and seed compendia on the other hand
(Fig. 4C; see “Materials and Methods”), again followed
by a search for experimentally identified PPIs. Strikingly, a high number of new coexpression links and
coexpressed genes were identified that had not been
found with Compendium 2 (Fig. 4, B and C; Supplemental Tables S1 and S2). Nevertheless, the two
groups of genes and especially the degree of expression correlation between the respective genes were still
demarcated, although some coexpression links between the two groups appeared. When examining
the expression compendia that supported the different
coexpression links, an additional distinction between
group I and group II could be noticed. Group I links
were mainly retrieved using the hormone treatment
and the seed compendia, while some group II links
were found using the abiotic stress and leaf compendia (Fig. 4, B and C). In other words, genes in each
group had similar expression patterns in particular
tissues and conditions and probably had associated
functions primarily in those tissues and conditions.
Through CORNET, the expression profiles of these
genes for the different expression compendia could
Plant Physiol. Vol. 152, 2010

be explored to further pinpoint the possible similarities and functions of the two groups. Group I genes
showed similar and high expression in the imbibition
stage (the first stage of seed germination) as well as in
later stages of embryo development. In addition, these
genes were highly expressed in gibberellic acid and
abscisic acid experiments, in which seeds or embryos
were sampled, as well as in methyl jasmonate and
cytokinin experiments, with sampling of stamens and
shoots, respectively.
Accordingly, Cao et al. (2006) observed that the set
of genes that are presumably regulated by DELLAs for
seed germination overlaps little with and is largely
distinct from the set of DELLA-regulated genes involved in floral development when investigating transcript profiling results from ga1-3 and ga1-3 gai-t6 rga-t2
rgl1-1 rgl2-1 seeds and flowers. This observation suggests that GA-mediated seed germination and floral
development are under the control of distinct DELLAdependent transcriptomes. Our analysis suggests a
similar distinction between the sets of genes involved
in processes ongoing in seed and leaf and between
sets of genes involved in hormone and abiotic stressrelated processes.

CONCLUSION

We have developed CORNET, a tool for the construction of coexpression and PPI networks and their
functional annotation in Arabidopsis (bioinformatics.
psb.ugent.be/cornet). With this tool, we aim at providing biologists with the means to investigate the
associations between genes and between encoded proteins. Thereby, we provide the ability to better understand the functional context of a gene, leading to function
prediction of unknown genes or prediction of (indirect)
regulatory interactions between known genes and proteins.
In the case study of DELLA proteins, coexpression
and PPI networks demonstrate the importance of
careful coexpression analysis. Both the correct selecTable III. Number of microarray experiments in each design type
Design Type

No. of Experiments

Stimulus_or_stress_design
Abiotic_stress_design
Biotic_stress_design
Compound_treatment_design
Hormone_treatment_design
Genetic_modification_design
Growth_condition_design
Time_series_design
Circadian_rhythm_design
Development_or_differentiation_design
Individual_genetic_characteristics_design
Organism_part_comparison_design
Strain_or_line_design
Translational_bias_design

13
255
322
23
140
314
69
357
15
134
3
121
22
2
1175

De Bodt et al.

tion of expression compendia and of adequate search
options and thresholds can greatly enhance the power
of coexpression tools to uncover new associations
between genes and between genes and processes/
microarray conditions. Moreover, the comprehensive
visualization, as illustrated by Figure 4, allows a bird’s
eye view of the constructed networks, instantly discovering those associations without any requirement
for bioinformatics skills, such as scripting or complicated database queries.
In the future, we plan to add different data types as
they become available. First, we foresee the incorporation of cis-regulatory elements, which can be tightly
linked with the coexpression results, as is worked
out in AtCOECiS (Vandepoele et al., 2009). Second,
through comparative genomics approaches, constructed networks can be transferred to other plant species,
such as poplar (Populus species), tomato (Solanum
lycopersicum), rice (Oryza sativa), and crops of interest.
Last, the inclusion of protein-DNA (or transcription
factor-target) interactions will be very profitable, as
data are generated through chromatin immunoprecipitation (ChIP)-chip and ChIP-seq or indirectly through
the analysis of transcriptome data.
MATERIALS AND METHODS
CORNET Troubleshooting
CORNETcan be accessed through the following URL: http://bioinformatics.
psb.ugent.be/cornet. The tool is fully functional in Firefox and Safari browsers.
First users might need to accept a security certificate before accessing the Web
site. The site is ideally viewed at 1,280 3 1,024 resolution. You need to allow
pop-ups in your browser before clicking the “go” button. After calculations and
database queries, Cytoscape will start automatically from the Web. In other
words, Cytoscape does not have to be installed on your computer. However, to
enable the Cytoscape WebStart, an up-to-date version of Java is required. More
details can be found on our FAQ page.

Construction of the Microarray Database
All expression data available at Gene Expression Omnibus (Barrett and
Edgar, 2006) and resulting from experiments with Affymetrix ATH1 arrays
were uploaded in the CORNET database (Table II). Only experiments where
two or more replicates were performed are included. Meta-data were described using ontology terms (for more details, see “Results and Discussion”).
However, in some instances, these ontologies did not suffice to describe the
microarray experiments. Existing ontologies were extended as necessary to
allow a more detailed description of tissues, transgenic lines, and experimental
designs (indicated by “EXT”). The experimental designs proved very valuable
in the compilation of specific expression compendia (e.g. development_or_
differentiation_design, genetic_modification_design, compound_treatment_
design, abiotic_stress_design, biotic_stress_design, time_series_design, hormone_
treatment_design; see below; Table III).

Microarray Experiment Browsing and Retrieval
Microarray experiments and their meta-data can be browsed through
CORNET (Browse experiments). Using a tree-based representation, the ontology terms can be browsed and selected in order to compile specific sets of
microarray experiments. For each microarray experiment, the different replicates and the link between control and treatment arrays are shown. On the
one hand, raw data together with their annotation can be downloaded. On
the other hand, processed data can be downloaded or used as input for the
coexpression tool. The microarray data are processed with the Robust Multiarray Average procedure implemented in BioConductor (Irizarry et al., 2003a,
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2003b; Gautier et al., 2004; Gentleman et al., 2004) using an alternative Chip
Description File that takes into account possible cross-hybridization (tinesath1cdf; Casneuf et al., 2007).

Uploading Personal Expression Data
CORNET allows the incorporation of personal expression data (“Upload”).
Personal data can be uploaded temporarily, processed with Robust Multiarray
Average, and downloaded for later use. In addition, the uploaded data can be
combined with public expression data in user-defined data sets and subsequently downloaded for later use and/or used as input for the coexpression
tool. The submitter can access these personal data for 24 h after submission.
The personal data are linked to the session identifier of the browser.

Predefined Expression Compendia
The coexpression tool of CORNET makes use of the following predefined
expression compendia. First, an expression data set (“AtGenExpress”) including the publicly available AtGenExpress compendia (such as abiotic
stress, pathogen, development, and hormones) is provided (Schmid et al.,
2005; Kilian et al., 2007; Goda et al., 2008). Second, we have compiled two
different microarray compendia, which cover diverse conditions and consequently can be used to estimate an overall degree of coexpression taking into
account all conditions. The first compendium (Compendium 1) covers diverse
conditions that mainly deal with plant development and growth. The second
compendium (Compendium 2) was built to reduce the bias toward particular
conditions as much as possible. Moreover, the redundant information that
microarray experiments can generate is assessed by calculating the correlation
between experiments rather than between genes. A cutoff of 0.99 is used to
identify redundant experiments. From each group of redundant experiments,
one or more experiments are selected, taking the experiments with the highest
number of replicates and the noncontrol experiments. Subsequently, an equal
number of experiments of each type of condition (according to the assigned
“design” terms) is selected. In addition to these “global” compendia, we have
compiled specific expression data sets using the design and ontology terms
mentioned above. As such, expression compendia were generated that are
specific to certain tissues (leaf, root, flower, seed, and whole plant) or certain
treatments (abiotic stress, biotic stress, and hormone treatment), compendia of
experiments in which development is perturbed, or in which genes are
modified (overexpression, knockout, or silencing lines; Tables I and III).
Expression profiles for particular genes can be viewed in automatically
generated line graphs.

Coexpression Tool
To quantify the similarity in expression profiles, the commonly used
Pearson and Spearman correlation coefficients can be calculated. Pearson is a
parametric method based on actual expression values, while Spearman is a
nonparametric method based on ranks. Both measures range from 21 (anticorrelation) over 0 (no correlation) to 1 (correlation). When only one expression compendium is chosen for coexpression analysis, correlation coefficients
are calculated in real time. However, when more than one expression
compendium is chosen, it is no longer feasible to do the calculations in real
time. Alternatively, the correlation coefficients are extracted from the database
containing precalculated Pearson correlation coefficients higher than 0.6 and
lower than 20.6 (this limitation is due to space and time constraints).
Arabidopsis Genome Initiative codes are used to describe the genes. Only
genes represented on the Affymetrix ATH1 array are taken into account in the
coexpression analysis (in contrast to the PPI tool, where all proteins are taken
into account). In total, 20,777 genes are accounted for using an alternative Chip
Description File that takes into account possible cross-hybridization (tinesath1cdf; Casneuf et al., 2007). There is no limit to the number of genes that can
be given as query.

PPI Tool
We have assembled currently available experimentally identified PPIs for
Arabidopsis (Arabidopsis thaliana) from BIND (Bader et al., 2003), IntAct
(Hermjakob et al., 2004), BioGRID (Stark et al., 2006), DIP (Salwinski et al.,
2004), MINT (Chatr-aryamontri et al., 2007), and The Arabidopsis Information
Resource (Rhee et al., 2003), the predicted PPIs from BAR (Geisler-Lee et al.,
2007) and AtPID (Cui et al., 2008), and the filtered (high-stringency) and
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predicted (low-stringency) interactions identified in our own study (De Bodt
et al., 2009; Table II). To be able to grasp the reliability of the PPIs, we
distinguish between experimental and predicted PPIs and indicate the different data sources (database, experiment type, evidence code, and PubMed
identifier) as edge attributes in Cytoscape (see “Results and Discussion”;
Shannon et al., 2003). Where possible, gene names are mapped on the nodes of
the network. Alternatively, gene descriptions are shown. Gene names and full
gene descriptions downloaded from The Arabidopsis Information Resource
are stored as “description” and “descriptionLong” attributes in Cytoscape.

Gene Information
To allow easy interpretation of the constructed networks, we add localization data and functional information to the genes. The localization data are a
collection of both experimental and predicted localizations retrieved from
SUBA (Heazlewood et al., 2007), IPSort (Bannai et al., 2002), LocTree (Nair and
Rost, 2005), MITOPRED (Guda et al., 2004), MitoProt (Claros, 1995), MultiLoc
(Høglund et al., 2006), PeroxP (Emanuelsson et al., 2003), Predotar (Small
et al., 2004), SubLoc (Chen et al., 2006), TargetP (Emanuelsson et al., 2007), and
WoLF_PSORT (Horton et al., 2007; Table II). These localization data are
depicted in pie charts, allowing multiple localizations for one gene. The
fractions of the pie chart are based on the fraction of databases in which a
particular localization was found. As for PPIs, sources for localization data are
reported in the Cytoscape attributes. In addition to the localization data, we
integrate InterPro protein domain information (Hunter et al., 2009) and GO
Biological Process and GO Molecular Function data (Harris et al., 2004), which
can be viewed as node attributes in Cytoscape (see “Results and Discussion”;
Shannon et al., 2003).

Supplemental Data
The following materials are available in the online version of this article.
Supplemental Figure S1. Screen shots of CORNET.
Supplemental Table S1. Group I genes in the DELLA network (Fig. 4A).
Supplemental Table S2. Group II genes in the DELLA network (Fig. 4B).
Supplemental Files S1. Cytoscape session files of the DELLA networks
(http://bioinformatics.psb.ugent.be/supplementary_data/stbod/cornet/).
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