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Gene co-expression networks provide an important tool for systems biology studies. Using microarray data from the ArrayEx-
press database, we constructed an Arabidopsis gene co-expression network, termed AtGGM2014, based on the graphical
Gaussian model, which contains 102,644 co-expression gene pairs among 18,068 genes. The network was grouped into 622
gene co-expression modules. These modules function in diverse house-keeping, cell cycle, development, hormone response,
metabolism, and stress response pathways. We developed a tool to facilitate easy visualization of the expression patterns of
these modules either in a tissue context or their regulation under different treatment conditions. The results indicate that at least
six modules with tissue-specific expression pattern failed to record modular regulation under various stress conditions. This
discrepancy could be best explained by the fact that experiments to study plant stress responses focused mainly on leaves and
less on roots, and thus failed to recover specific regulation pattern in other tissues. Overall, the modular structures revealed by
our network provide extensive information to generate testable hypotheses about diverse plant signaling pathways.
AtGGM?2014 offers a constructive tool for plant systems biology studies.
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Gene co-expression networks provide important tools for
systems biology studies. Such networks, typically built for a
species, connect gene pairs with similar expression patterns,
as inferred from a sufficiently large collection of transcrip-
tome data. Following a rule of “guilt by association”, genes
with similar expression patterns are thought to typically
function in a similar way or function in the same pathway.
These networks can then be used to study transcriptome
landscapes or the co-expression module organization of an
organism that can inform on phenotypic distinctiveness
[1-4].

A variety of approaches have been used to construct
co-expression networks, employing different ways to meas-
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ure the similarity of expression between genes. Most com-
mon is the relevance network that employs Pearson correla-
tion coefficients (r) or mutual information for similarity
measurement [5,6]. Also used is the Bayesian network
model to infer dependency structures among genes [7]. Yet
another approach is the graphical Gaussian model (GGM),
which uses partial correlation to infer gene pairs with
co-expression patterns [8,9]. This partial correlation is de-
fined as the correlation that exists between two genes after
removing the effects from other genes. Partial correlation
surpasses Pearson correlation in gene network inference
[9,10].

Several gene networks have been described for the model
plant Arabidopsis thaliana. Mao et al. [2] have constructed
a network with 6,206 genes, revealing gene co-expression
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module functions, for example, in photosynthesis, vitamin
metabolism, and cell cycle regulation. Mentzen and Wurtele
[1] constructed a network to infer ‘regulon’ organization in
Arabidopsis. Both networks were derived using Pearson
correlation. Previously, we had constructed a gene co-
expression network based on GGM using microarray data
from ~1,000 Affymetrix ATHI microarray slides [8]. This
network model revealed a number of functional modules in
various stress responses and metabolic pathways.

In this paper, we describe a substantially expanded GGM
network that we termed AtGGM?2014. This network was
generated using ~10,000 Arabidopsis Affymetrix ATHI
microarray data and includes 18,068 genes. Clustering re-
sulted in 662 co-expression modules. Gene ontology (GO)
analysis revealed that these modules include genes belong-
ing to diverse cellular pathways. We present a tool that fa-
cilitates easy visualization of the expression pattern of the
genes within modules in various tissues or their regulation
by various treatments. The expression visualization tool
provides indications about the functions contained in a
module. This greatly facilitates the generation of rational hy-
potheses that can be tested by systems biology approaches.

1 Materials and methods

The co-expression network was constructed using Ara-
bidopsis microarray datasets generated with the Affymetrix
ATHI slides that have been deposited in the ArrayExpress
database [11]. The raw data files (.cel) from 915 datasets
were downloaded and subjected to quality analyses using
arrayQualityMetrics [12] in Bioconductor (http://www.
bioconductore.org/). The quality was assessed with six met-
rics: maplot, spatial, boxplot, heatmap, nuse, and rle. Low
quality arrays failing two or more metrics were removed.
Based on this, 10,906 slides from 899 experiment datasets
were used for further analysis. The arrays in each dataset
were processed into expression values using the gcRMA
algorithm [13]. The ATH1 probe sets and the associated
gene annotation were obtained from the TAIR database [14].
The expression datasets were combined to a single expres-
sion matrix. After quantile normalization [15], the matrix
was used for co-expression network construction.

Gene co-expression network based on GGM was con-
structed by following a previously described method [8].
Gene pairs with partial correlation pcor=0.05 and Pearson
correlation r>0.35, as well as gene pairs with pcor<—0.05
and r<-0.35, were selected for network construction. The
network containing 102,644 co-expression gene pairs
among 18,068 genes were then analyzed and visualized
with BioLayoutExpress 3D and Graphviz [16,17]. The net-
work was clustered via the Markov Cluster Algorithm, with
parameters “—I 1.5 — scheme 7" [18,19]. The resulted mod-
ules were subjected to gene ontology analysis using GOstats
[20]. The public available microarray datasets from AtGen-

Sci China Life Sci

March (2015) Vol.58 No.3 277

Express were then used to visualize the expression patterns
of the genes within the modules [21-23]. The samples used
are listed in Table S1 in Supporting Information. An
in-house developed algorithm in R was used for expression
visualization. The algorithm is available for download from
our lab website (http://dinesh-kumarlab.genomecenter.
ucdavis.edu/downloads.html).

2 Results

21 An expanded Arabidopsis GGM co-expression
network

An updated Arabidopsis gene co-expression network was
constructed via GGM following a previously described
method [8,9]. The network model used publicly available
microarray data from the ArrayExpress database [11]. Mi-
croarray data generated from 10,906 Affymetrix ATH1 mi-
croarray slides were used for the network construction.
These slides originated from 899 experimental datasets
covering aspects of Arabidopsis development and biotic and
abiotic stress responses. The partial correlation coefficients
between all gene pairs were calculated, and their distribu-
tion is shown in Figure 1A. 99% of the gene pairs have their
pcor values in the range of —0.02 and 0.02. For our network
construction, we chose the gene pairs with |pcor[>0.05 (P
value<2.2x107'), which represents a very stringent criterion.
The Pearson’s correlation r of these gene pairs were also
calculated. Gene pairs with |r{<0.35 were removed, because
r values close to zero indicates weak associations. Also re-
moved were those gene pairs carrying opposite signs for
pcor and r. This resulted in 102,343 gene pairs with
pcor=0.05 and r>0.35 as well as 301 gene pairs with
pcor<—0.05 and r<—0.35. These were chosen for construc-
tion of the network.

The network contains 102,644 co-expression gene pairs
among 18,068 genes (Table S2). Via a widely used network
clustering program—Markov Cluster Algorithm (MCL)
[18,19]—the network was assembled into 662 clusters,
which contain between six and 275 genes in each cluster
(Table S3). These clusters were then treated as co-expres-
sion modules. The top 30 modules contain 3,855 genes and
each of these modules includes 98-275 genes (Figure 1B).
Among all 662 modules, GO analysis [20] identified 180
subdivisions with enriched GOs (P value<lx107°, or 0.0067
after Bonferroni correction) (Table S4). In contrast, if the
network were to be permutated by swapping all gene IDs
randomly, only four modules would have shown such GO
enrichment. Thus, our network and clustering analysis iden-
tified many modules enriched with genes sharing the same
GO terms, and such enrichment did not arise from random-
ness. Next, 110 top-ranking modules from our network,
with a P value<Ix10™, were included in further analyses
(Table S4). According to GO enrichment configuration they
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Figure 1 The overall properties of the network. A, A histogram showing
the distribution of partial correlation coefficients. 99.1% of the gene pairs
have their pcor in range between —0.02 and 0.02. B, A sub-network repre-
senting the top 30 modules. Each dot represents a gene, and a connection
between gene pairs indicates they have similar expression patterns. Shown
are the genes included in the top 30 modules. Their module identities are
indicated by colors. See the legend for the corresponding modules for a
specific color.

can be divided into diverse categories: I, cell cycle; II, de-
velopment; III, hormone; IV, house-keeping functions; V,

metabolism; VI, stress response; and VII, transporter related.

In addition to GO analysis, the gene expression data from
the AtGeneExpress project were also used to visualize the
expression patterns of genes within these modules (Table S1)
[21-23]. See below for discussion on the examples of these
modules.

2.2 House-keeping, cell-cycle, and transport related
modules

There are five modules related to photosynthesis in the
network (Table S4). Module #14 and #23 are enriched with
nuclear-encoded genes that functions in photosynthesis.
Module #23 includes a large number of genes encoding
light harvesting proteins, while #14 comprises many genes
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encoding the chloroplast NAD(P)H dehydrogenase complex.
(See Table S3 for the list of genes in each module. The
same applies to all modules discussed in this paper.) Genes
in both modules are induced by light and repressed by
stresses that affect leaves. Interestingly, genes encoding
light harvesting functions (module #23) are slightly
up-regulated by cold, osmotic, and salinity stresses in the
roots (Figure 2). Similar up-regulation is observed for genes
in module #109 and 120, both enriched for chloroplast en-
coded photosynthesis genes. Enriched in module #47 are
genes related to plastid development. Figure 2 shows the
expression patterns of selected genes from these modules in
response to stresses or light treatments. The expression pat-
terns of all genes within these module are shown in Figure
S1 in Supporting Information. (Note: Heatmaps for the ex-
pression patterns for some modules discussed below are
also shown as supplemental figures, which are too large to
display as regular figures.)

The network also identified modules related to functions
in RNA/mRNA metabolism (#46, 416), ribosome biogene-
sis (#21), translation (#5, 74, 164), protein folding (#69,
136), proteasome components (#56), and microtubule-based
processes (#121). Intriguingly, while ribosome biogenesis
genes are down-regulated by most abiotic stresses, they are
up-regulated by cold in the leaves. Genes in module #69
function in ER-stress responses and they are collectively
up-regulated by biotic stresses (Figure S1). These genes,
such as CNXI, BIP2, CRTI1b, and UNES, are primary tar-
gets of NPR1 and required for systemic acquired resistance
[24]. Similarly, genes encoding components of proteasomes
are also slightly up-regulated by biotic stresses, while the
biological significance of such up-regulations remains un-
known.

Five modules involved in cell-cycle regulation were
identified. As expected, four of these modules (#8, 45, 51,
87) show their genes expressed highly in shoot apex tissues,
where cell division is most active (Figure S2). Genes in
module #101, involved in chromatin functions, are highly
expressed in almost all tissues.

Four identified modules are enriched with transporters or
functioning in transport process such as those for iron ions
(#84), water (#174), vesicle-mediated transport processes
(#197), and nucleocytoplasmic (#236) transport. Also iden-
tified are two modules (#350, 360) which include genes
encoding different subunits of the vacuolar ATPase com-
plex.

2.3 Development related modules

Many modules related to functions in development were
identified (Table S4). The tissue specific expression patterns
of these modules are shown in Figure S3. For example,
three modules are related to pollen tube growth (#1, 9, 288),
module #92 is enriched with lateral root growth related
genes, while module #118 regulates stomata development.
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Figure 2 Regulation of selected genes in photosynthesis-related modules by various treatments. In this heatmap, each row represents a gene, and each
column represents a treatment (see Table S1 for details on treatment information). The gene regulation values (log, treatment vs. control) are indicated by

colors. Genes are grouped by modules. Next to the heatmap are module names.

See below for discussion on other modules.

Three modules are related to meristem function and gen-
eral organ development. Included in module #114 are genes
functioning in meristem initiation and the establishment of
pattern, such as MP, REV, PHB, PHV, and PINI (Figure 3A)
[25,26]. Module #662 contains several genes of auxin
pathways important for pattern formation: TOPLESS, TPR2

and TPR4 (WSIP2) [27]. Module #85 is enriched with genes
for multicellular organismal development. Genes in these
modules are expressed in multiple tissues (Figure S3).
Three modules are related to different stages of flower
development. Module #105 (Figure 3B) contains 43 genes
specially expressed in the shoot apex. Their expression is
reduced in early flowers (stage 9 & 11), and disappears in
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Figure 3 Sub-networks for two developmental modules. Shown are extracted sub-network for two developmental modules, # 114 (A), and #105 (B). In
these networks, each node represents a gene, and a connection between genes indicates they have similar expression patterns. Highlighted in red circle are

the genes discussed in the text.

mature flowers (stage 12 & 15) (Figure 4). Among these
genes developmental regulators are highly enriched. In-
cluded are genes required for proper floral meristem for-
mation, such as PAN, LMI2 (MYBI7), UFO, FD, PRS,
genes for proper organ boundary formation, such as JAG,
NUB, ROXYI1, CUC2, CUC3, and genes for auxin biosyn-
thesis and distribution, such as YUCI, YUC4, AIL7, and
FKDI [28-30]. Module #16 comprises 111 genes expressed
in both shoot apex and flowers (stage 9 to 15) (Figure 4). It
includes genes functioning in vegetative to floral meristem
transition, such as LFY, FT, TSF, SPL3/4/5, and floral ho-
meotic genes that specify floral organ identities according to
the ABC model, such as, AP1/3, SEP1/2/3, AG, PI, and
CAL [31,32]. In contrast, module #13 includes 116 genes
expressed in late flowers (stage 12 to 15) (Figure 4). Among
them are genes critical for carpel (including ovule) and sta-
men development, such as INO, CRC, VERDANDI,
MYB21/24, TT2/16, BAN, SHP1/2, and NTT [33-37]. Thus,
our network identified many known genes for flower de-
velopment and revealed uncharacterized genes within these
three modules that might play similar or related roles espe-
cially those genes encoding transcription factors. More im-
portantly, the genes in these modules provide the basis for
future development of mechanistic models regarding how
these genes interact and regulate each other to archive the
functions associated with the correspondent modules. Simi-
larly, three modules are also identified for leaf development
—leaf differentiation (#246), leaf morphogenesis (#290),
and leaf growth (#258). These modules include known and
functionally uncharacterized genes.

Four cell wall related modules were identified with dif-
ferent tissue specific expression patterns (Figure S3). Mod-

ule #112, enriched with primary cell-wall biogenesis genes,
is ubiquitously expressed, while module #7 genes are spe-
cifically expressed in roots. Module #33 is enriched for
genes related to secondary cell wall biogenesis that are ex-
pressed in stems and roots. The genes in module #48, en-
riched for cell wall loosening and modification genes, are
expressed in multiple tissues, which are involved in cell
growth.

2.4 Hormone-centered modules

Hormones as signaling molecules govern important roles in
plant signal transduction. Our network identified many gene
modules involved in hormone metabolism as well as activi-
ties related to signaling. Modules enriched for functions in
hormone include abscisic acid (ABA) (#2), auxin (#93, 170,
439), cytokinin (#130), ethylene (#139), gibberellin (#473),
brassinosteroid (#11, 492), and jasmonic acid (JA) (#72),
and salicylic acid (SA) (#19) (Table S4). It is noteworthy
that the network identifies multiple modules for auxin and
brassinosteroids that might be related to their involvement
in spatially regulated function during different develop-
mental stages.

Shown in Figure 5 are modules for ethylene (#139), one
of three auxin (#170), and cytokinin (#130) responses. The
ethylene response module contains several regulator genes
in the ethylene signaling pathway, EIN2, EIN3, ERSI, ETR2,
and CTRI [38,39]. They have similar expression patterns to
three genes in the same module: ARL, ARGOS, ORSI,
which function in regulating cell expansion and organ size
[40,41]. Interestingly, ETR2, ARGOS, and ARL are con-
nected to several genes in module #106 in the co-expression
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Figure 5 Sub-networks for three hormones response modules. Shown are extracted sub-networks for ethylene (A, #139), auxin (B, #170), and cytokinin (C,
#130) response modules. Highlighted in red circle are the genes discussed in the text.

network (Figure S4). Genes in module #106, such as HBI
and ADHI, mainly function in the hypoxia response. In
plants, hypoxia stress induces ethylene production, which in
turn promotes upward leaf movement (hyponastic growth)
that involves cell growth and expansion [42,43]. ARL &
ORSI’s connection to both ethylene signaling and hypoxia
response genes indicates that these two genes might play an
important role in hyponastic growth.

2.5 Modules enriched for metabolism functions

Many pathways guiding plant metabolism are subject to
intense transcriptional regulation. Identified by our network
are more than 20 co-expression modules related to metabo-
lism (Table S4). They function in processes such as the
generation and metabolism of starch (#6), suberin (#28),
lipids (#37), sulfur (#43), hexoses (#49), fatty acids (#52,
90), amino acids (#63, 208), cytidine (#79), wax (#148),
sterols (#214, 376), and tetrapyrroles (295). This also in-
cludes modules preferential to cellular respiration (#20) and
photorespiration (#71).

The genes in many of these modules are repressed by ei-
ther biotic or abiotic stresses such as those for lipids (#37),
sulfur (#43), fatty acids (#90), amino acids (#208), sterols
(#214, 376), and tetrapyrrole (#295) metabolism. In general
these modules appear to include the genes for functions that
are affected by stress conditions (Figure S5). However,
modules including genes induced by stresses are found as
well. For example, the starch metabolism module (#6) is
induced by cold stress at 24 h, while the hexose metabolism
module (#49) is induced by salt stress in roots and also by
elicitors or bacterial treatment. The module on suberin me-
tabolism (#28) is induced by osmotic stress in roots, and
equally induced are amine catabolic processes (#63) after
treatment with Pseudomonas syringae pv. tomato DC3000
(Pst DC3000) (Figure S5), constituting a biotic stress. These
inductions indicate the importance of the related metabolites
in fighting against the stresses.

2.6 Stress response modules

As discussed previously [8], the GGM network excels in
identifying stress related gene modules. From the current
network, at least 22 different modules functioning in vari-
ous aspects of plant stress responses were identified (Table
S4). Shown in Figure S6 are the expression patterns of 10 of
these modules following treatment with different stresses or
hormones. These modules are induced by abiotic and/or
biotic stress treatments. Among them, module #77 and 153
are also induced by ABA, #62 by JA, and #19 by SA, indi-
cating the roles of these hormones in regulating gene ex-
pression. Interestingly, both module #19 and 50 are induced
by biotic stresses, such as bacterial elicitors (Flagellin 22,
hrpZ, etc.), Pst DC3000 hrcC™, and Phytophthora infestans,
and #19 is also induced by SA, highlighting their im-
portance in the pathogen response. However, genes in #50
are transiently repressed at 6 h post infection (hpi), but this
repression is absent in the Pst DC3000 hrcC ™ infection that
cannot deliver bacterial effector proteins to the host cell
[44]. This indicates that effectors delivered from the bacte-
ria might interfere in this module’s gene expression charac-
teristics. In contrast, genes in #19 are repressed in both 6
and 24 hpi upon Pst DC3000 infection, but such repression
is not seen in Pst DC3000 hrrC’, indicating another set of
effectors from bacteria down-regulating this module’s ex-
pression. Indeed, cluster #19 contains many genes critical
for immunity against pathogens, such as MEKI, NPRI,
NDRI, and WRKY54 [45-48].

Gene regulatory responses to stresses have gained atten-
tion because they often foreshadow phenotypic reactions
that can then be related to metabolic perturbations. However,
equally instructive are the genes in many modules that show
little or no regulation upon stresses or hormone treatments.
These modules are grouped in Figure S7, which have tissue
specific expression patterns and functions, and may play
roles in development (Figure S8). For example, modules #1
and #9 are specifically expressed in pollen and stamen cells
and tissues, module #13 and #60 are flower-specific, and
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modules #53 and #104 identify silique specific expression.
These tissues were typically not sampled, or at least not
enriched, in stress or hormone treatment experiments.
Therefore, the lack of stress or hormone regulation of these
genes might not reflect the real situation, but may be due to
the lack of sampling. In other words, we know very little
about how the transcriptome might be changed during
stresses in these specific tissues.

2.7 Connections between modules

While gene modules function as individual units, they can
also have functional connections between each other. To
reveal any functional connections between modules, we
constructed a higher order network by connecting module
pairs that share inter-module co-expressed gene pairs [1].
Shown in Figure 6 are the connections between the ethylene
signaling module #139 and other modules. Interestingly,
almost all connected modules function in processes regu-
lated by ethylene, for example trehalose (#40) and glucose
(#22) metabolism, response to hypoxia (#106), chitin (#36),
and biotic stresses (#10), leaf senescence (#250), and coty-
ledon development (#176) [39,43,49-52]. Likewise,
AtGGM2014 also confirmed signaling cross-talk between
ethylene and jasmonate (#72) [39,53]. Interestingly, mod-
ules #127 and #145 that are connected to module #139 con-
tain genes involved in multiple hormone response pathways
such as ABA, auxin, brassinosteroids, and ethylene (see
Table S3 for gene list). It is possible that modules #127 and
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#145 function as hormone signals integrators involved in
deciding the exact gene expression output in specific hor-
mone concentration environments.

3 Discussion

In this paper, we present an updated Arabidopsis gene
co-expression network based on the graphical Gaussian
model. The network includes 18,068 genes, much more than
other Arabidopsis co-expression networks based on Per-
son’s correlation. The one by Mao et al. includes 6,206
genes, while the one by Mentzen and Wurtele contains
13,456 genes [1,2]. In addition, our network analyses iden-
tified top modules with fewer genes compared to those
identified in the other networks. The largest module in our
network comprises 270 genes, while the two Pearson based
network models contain 1,381 and 1,629 genes, respectively,
in their largest modules. Thus, the AtGGM2014 network
distinguishes refined modular structures and seemingly dis-
criminates conditions more sensitively. For example, our
network identified five photosynthesis related modules,
each with slightly different expression patterns, while in the
other two networks only one photosynthesis-related cluster
or regulon could be identified. The current network also
shows a vastly broadened coverage when compared with
our previous GGM network that included 6,760 genes [8].
This may be due to the higher number of microarray da-
tasets that could be included into the current network analy-

Ethylene signaling

Embryonic
develgpment

Figure 6 Connections between modules revealing higher-order networks. In this network, co-expression modules are represented by nodes. If two modules
have three or more inter-module co-expressed gene pairs, they were connected by a line. Within the nodes are the module numbers, while the labels next to
the nodes indicate the module’s enriched function. Shown here are modules connected with module #139.
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sis. It could be also because a different pcor cutoff value
was used here (0.1 vs. 0.05). However, even with a |pcor]|
set at 0.05, the selection is quite stringent (P value<2.2x
107'%). Owing to the broadened coverage, more relevant
genes and co-expressed gene pairs could be recovered for
the co-expression modules. This is demonstrated by com-
paring the ethylene signaling module (#139) of the current
network to the equivalent module obtained in the previous
network (Figure S9).

Using MCL clustering, we were able to divide the co-
expression networks into 662 co-expression modules. As
exemplified by their enriched GOs (Table S4), these mod-
ules cover many aspects of plant signaling pathways, such
as those in relation to house-keeping, development, metabo-
lism, and stress responses. Importantly, the genes within a
module have similar expression patterns as they either have
specific expression in certain tissues or respond to hor-
mones or stress treatments similarly. The publicly available
Arabidopsis gene expression data from AtGenExpress can
be used to visualize the gene expression patterns for the
genes within these modules. Such visualization can reveal
minor but common regulation patterns within a group of
genes in the modules. One example is the up-regulation of
the proteasome-related genes in module #56 by pathogen
treatments (Figure S1), which could bear biological signifi-
cance. Such regulation will be missed if the analysis were to
be carried out on an individual gene level but not on a co-
expression module level. Thus, the coupling co-expression
module identification, GO analysis, and expression visuali-
zation can facilitate thought-provoking and ultimately testa-
ble hypothesis generation.

By studying the expression patterns of modules follow-
ing a variety of treatments, many co-expression modules
regulated by different stresses were identified. Using a re-
sulting expression profile in various tissues without stresses,
we recognized that genes in these modules were united by
that they have expression in leaves and/or roots. In contrast,
many modules including genes with specific expression in
other tissues did not show any stress regulated patterns,
which may possibly be due to lack of sampling during
stresses experiments. Therefore, only very limited infor-
mation is known for the complexity of stress-regulated
transcriptome responses in other tissues, while such infor-
mation could provide critical information for future sus-
tainable agriculture development. For example, how abi-
otic or biotic stresses affect growing siliques will be im-
portant for the development of higher yielding crops under
adverse conditions. It remains to be tested if the same stress
response mechanisms identified in leaf and root tissues ex-
tend to other organs as well.

Overall, we have constructed an Arabidopsis gene
co-expression network using the graphical Gaussian model.
The network was then clustered to identify gene co-
expression modules. These modules group together genes
with similar functions in time, tissue or, to some degree,
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cells. Often these clusters include genes that belong to the
same pathways. However, it must be stated that gene
co-expression networks at this time in their development do
not represent mechanistic models for regulatory gene ex-
pression, because co-expression between two genes does
not necessarily translate into regulatory interaction between
them. Instead, the genes included in a module are the prob-
able components of a mechanistic or regulatory model. Ad-
ditionally or alternatively, the gene co-expression network
may also be used to identify the cis-regulatory elements and
transcription factors that regulate the expression of genes in
the modules within the network [54]. It can be expected that
in the future it will become possible to incorporate into the
network other types of interaction data, such as pro-
tein-protein interaction, protein-DNA interaction, or ki-
nase-substrate interactions, to assemble a truly comprehen-
sive regulatory network [55-58].

Our AtGGM2014 network presented here can be used in
two aspects. First, it identifies functional co-expression
modules in their complexity. As illustrated, such modules
group known regulators and uncharacterized genes into a
number of precisely circumscribed cellular pathways. This
allows for the identification of candidate genes for future
functional studies. Second, AtGGM2014 reveals functional
connections between specifically characterized modules.
As demonstrated by one of the examples, the core ethylene
signaling modules can be linked to and used in diverse sig-
naling pathways.

Finally, the AtGGM2014 program will be freely availa-
ble for download from our lab’s website (http://dinesh-
kumarlab.genomecenter.ucdavis.edu/downloads.html). We
believe it will be helpful for future studies in plant systems
biology.
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Supporting Information

Figure S1 Regulation of genes in selected house-keeping modules by various treatments and conditions. In this heatmap, each row represents a gene, and
each column represents a condition. The gene regulation values (log, treatment vs. control) are indicated by colors. Genes are grouped by modules. The

module # can be found on top of the list of gene names for each module.

This description also applies for Figures S5-S7.

Figure S2 Tissue specific expression of genes in cell-cycle related modules. In this heatmap, each row represents a gene, and each column represents a
tissue. The gene expression levels are indicated by colors. Genes are grouped by modules. The module # can be found on top of the list of gene names for
each module. This description also applies for Figures S3 and S8.

Figure S3 Tissue specific expression of genes in modules related to development.

Figure S4 The connection between the ethylene signaling module (#139) and the hypoxia response module (#106). Shown are the sub-network for genes
from module #139 and #106. Each node represents a gene, while connections between genes indicate shared expression pattern.

Figure S5

Regulation of genes in selected metabolism modules in response to various treatments and conditions.

Figure S6 Regulation of genes in selected stress-related modules by various treatments and conditions.

Figure S7 Regulation of genes in selected modules in response to diverse treatments and conditions.

Figure S8 Tissue specific expression characteristics of genes in selected modules.

Figure S9 Comparison between the current GGM network (A) and the previously published GGM network (B). Shown are the sub-networks for the eth-
ylene signaling modules as they appear in both networks.

Table S1 The treatment conditions and tissue samples information for the data used in the expression visualization

Table S2 The 102,644 co-expression gene pairs contained in the co-expression gene network

Table S3 The genes used for the co-expression network construction, their annotation, and their module identities within the network
Table S4 Gene Ontology analysis results for the modules identified in the network

The supporting information is available online at life.scichina.com and link.springer.com. The supporting materials are
published as submitted, without typesetting or editing. The responsibility for scientific accuracy and content remains entirely
with the authors.



