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Transcript dynamics of the Arabidopsis genome is captured in a high-confidence, realistic
GGM(Graphical Gaussian Model)-based gene network that identifies co-regulation
correlation of 22 000 genes across 4150 conditions in specific clusters.

Datasets from controlled experiments

have become available to describe tran-

script behavior, protein dynamics, and

metabolite composition in a number of

model species. Employing new mathema-

tical and statistical tools, we have ana-

lyzed more than 2000 transcript profiling

experiments carried out with Arabidopsis

thaliana. The resulting fuzzy k-means

clusters provided structures that could

easily be visualized and graphs of tran-

script co-expression correlations based

on the Graphical Gaussian Model

(GGM). The gene network models trace

conditional co-expression characteristics

of surprising clarity and significant cor-

respondence with current knowledge pre-

dominantly for biochemical pathways

and environmental (biotic and abiotic)

stress-dependent regulons, while adding

novel, largely unknown functions to

groups of genes. These graphs begin to

reveal predictive qualities of regulatory

interactions in Arabidopsis gene expres-

sion, many of which may be extended to

plants in general.

Beginning more than a decade ago,

genomics approaches have been sus-

tained by technological leaps forward

that have now produced such an ocean

of data that requires ways to organize the

data into channels that can be safely

navigated.1,2 This necessity has been ad-

dressed by the development of new

mathematical and statistical methods

starting with a few seminal works.3,4

Tools that would allow us to recognize

the principles hidden within or behind

the data have been emerging slowly for

several reasons. Possibly the most severe

impediment, especially early on, has been

the relative scarcity of reliable high-vo-

lume, quality-controlled and coherent

datasets. As more stringently controlled

experiments became available, some sys-

tematic attempts have been directed to

introducing bioinformatics approaches

aimed at organizing the wealth of data.

Yet another obstacle, it seems, is the still

ongoing process by which bioinformati-

cists and molecular biologists become

conversant with each others concepts

and languages.5 In only the last few years

have we seen progress in the navigational

tools that organized data to generate

gene and protein networks to gradually

expand to include genetic information,

the response to environmental insults,

metabolite dynamics and across-species,

comparative genomics data. Apart from
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the immense medical relevance of work

with a few mammalian systems,6 activ-

ities have generally been directed to-

wards a better understanding of the

traditional model species. The rationale

and justification of this approach is that

we cannot yet deal with every species

worth studying. Establishing a compre-

hensive in silico understanding of tran-

script and protein dynamics in H.

sapiens, S. cerevisiae, C. elegans, D. mel-

anogaster or A. thaliana will provide

launch-pads for understanding related

species and eventually the entire eukar-

yotic genetic and gene universe.7,8

Among higher plants, A. thaliana pro-

vides the model against which all other

plant programs are presently compared.

Its molecular genetic analysis is most

advanced among the flowering plants,

transcript profiles, protein and metabo-

lite studies abound, and the community

of Arabidopsis researchers acts increas-

ingly in interactive fashion. In addition,

rice (Oryza sativa) is rapidly becoming a

similarly resource-rich model aiding the

understanding of gene expression dy-

namics in monocot plants. Several excel-

lent databases exist (e.g., http://

signal.salk.edu/cgi-bin/tdnaexpress;

http://www.arabidopsis.org). Although

not completely up to date, which is un-

derstandable though often frustrating,

these databases represent indispensable

resources.

We have used the deposited informa-

tion on Arabidopsis gene expression

characteristics obtained using the unique

Affymetrx ATH1 platform that contains

more than 22 000 gene probes.9 Data

from more than 2000 microarray experi-

ments using this platform, deposited in

the NASC database (http://affy.arabi-

dopsis.info/narrays/experimentbrow-

se.pl), were extracted for different

conditions and time courses with some

emphasis on responses to environmental

(biotic and abiotic) stresses, hormonal

and other chemical treatments, develop-

ment, and tissue and organ specificity.

Considering the sheer amount of these

data, we argued that the use of advanced

clustering methods and attempts at gen-

erating a gene network might be appro-

priate and that from this activity a better

understanding of co-regulated processes

and pathways might arise. Based on

robust co-expression and gene network

prediction programs, additional confir-

matory experimentation and the inclu-

sion of other data, for example protein

interactions, could then guide further

improvements in the network structure.

Long-term, the transfer of information

from the model species to other plants, in

particular crop species could be at-

tempted.

In the following, we illustrate two

approaches of organizing data on the

dynamics of transcripts in Arabidopsis.

First, we describe the use of a clustering

program, termed fuzzy k-means, that

organizes co-expression data in a way

superior to other clustering attempts.10,11

We then discuss an attempt at generating

an Arabidopsis gene network, using the

‘‘graphical Gaussian model’’ that can

mold conditional transcript co-expres-

sion data into networks and pathways

to which statistical significance can be

assigned,12–15 employing an approach

that is different from the typically used

Pearson correlation approach.16

Fuzzy k-means clustering

The AtGenExpress project investigated

the response by Arabidopsis to various

treatments, exclusively using the ATH1

Affymetrixs microarray platform.8 The

standard protocol used by the commu-

nity makes it easy to compare the differ-

ent treatments. For a comparison of the

stress and chemical treatment portion of

the AtGenExpress database, we have

used the fuzzy k-means clustering meth-

od that had been developed by the Eisen

laboratory for the use with yeast expres-

sion profiles.10

We have found fuzzy k-means cluster-

ing particularly suitable for large scale

transcript profiling projects.11,17,18 This

is arguably due to the fact that the

program involves a PCA (principle com-

ponent analysis) step to estimate and

define the typical or averaged expression

pattern of a set of genes (defining cen-

troids). The program then merges clus-

ters of similar patterns, clustered around

these centroids, thus eliminating the need

to assume a rigid structure by an initial

cluster number (k) setting that is used in

the more often used k-means clustering

method. Fuzzy k-means also allows for

additional flexibility because the pro-

gram associates a ‘‘membership value’’

by which each gene is associated with a

particular cluster; i.e., it provides for the

possibility that a gene may be found in

more than one cluster.

In addition, this also allows focusing

on genes with high membership values,

while ignoring genes identified by low

membership identifiers, encouraging em-

phasis on the most distinguished fea-

tures. In contrast, typically used

clustering methods, variations of hier-

archical or k-means clustering, include

all genes in their presentation. This dis-

tinction is critical for the analysis of data

including large numbers of genes and

sharpens the focus on overall features

of transcription dynamics. Instead of an

attempt to analyze every gene in detail,

genes may be filtered from the entire

dataset, varying the cluster number that

exerts the strongest influence overall and

represents the overall transcription dy-

namics with high confidence. For exam-

ple, we accepted 8000 out of 422 000

genes in a final analysis in one study on

Affymetrix chip data covering around

150 different treatments.11 In that study,

we started by setting the initial cluster

number k to 4300, while the most par-

simonious structure collapsed this num-

ber to B180 clusters for the entire

Arabidopsis dataset and provided a clear

and easily interpretable picture.

In one study, we focused on a cluster

of genes that were induced by nearly all

treatment conditions that constitute

stress.11 This revealed a number of path-

ways, such as the MAPK pathways, Snf1

kinases, zinc finger proteins and ROS

scavengers or generators—and a large

number of the genes in this common

plant stress cluster are in fact known to

be stress-regulated in animals and yeasts

as well. Many other clusters allow for

clear distinctions and remarkable new

insights, such as the light-induced clus-

ters N1 and N18, which are distinguished

by the fact that genes in cluster N1 are

repressed by stresses while those in N18

are not. Similarly, cluster N19 genes

seem to be induced mainly by micro-

bial-associated molecular patterns,

MAMPs19 (Fig. 1), while cluster N0

genes are induced by both pathogen

and abiotic stresses. Yet other informa-

tion that can be distilled out of such

analyses is the enrichment of particular

processes in individual clusters. For ex-

ample, many of the genes in cluster N21

are related to and show enrichment in the

category ‘‘ER stress response’’.11
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In general, analysis of the large dataset

from the AtGenExpress project by fuzzy

k-means categorized genes into different

groups based on their expression pattern.

The well-defined cluster structures pre-

sent a way to quickly link a gene to its

regulation patterns under different treat-

ments (see Fig. 1A and B for selected

cluster structures). For example, the AFP

(At1g69260) gene, which TAIR (The

Arabidopsis Information Resource;

http://www.arabidopsis.org/index.jsp)

lists as a gene of unknown function in-

volved in signaling through ABA (absci-

sic acid), the major stress-dependent

plant hormone, appears in cluster N3.

AFP indeed exhibits an expression pat-

tern that can be summarized as ‘‘strongly

induced by ABA and abiotic stresses’’,

the same as many other genes in cluster

N3.11

The biological background to the data

shown in Fig. 1, cluster N19, trace the

response upon infection with the bacter-

ial pathogen S. syringae DC3000. After

recognizing MAMPs associated with the

pathogen, Arabidopsis induces genes

that determine innate immunity re-

sponses that contain the pathogen. As a

counter-attack, DC3000 injects effector

proteins into plant cell that then suppress

the induction of the plant genes.19 Clus-

ter N19 seems to identify such genes

(Fig. 1B, see 6 h time point for

DC3000, indicated by asterisks). A

DC3000 hrcC� mutant20 unable to inject

the effectors failed to suppress these

genes (Fig. 1B; Hrcc-6h, single asterisk).

A gene network based on the
graphical gaussian model
(GGM)

Clustering describes genes based on a

group character to which all genes be-

long within preset or adjusted limits, but

it is difficult to deduce a pathway struc-

ture from this character alone, because

pathways would have to be concerned

with co-expression features that trans-

cend such cluster structures. A program

that can provide additional information

is GGM, which is based on the partial

correlation between genes.12–15,21–25

GGM captures the conditional depen-

dence structure among genes in terms

of gene expression dynamics. Such de-

pendence structures provide the basis for

constructing a meaningful gene network.

However, GGM has not been utilized

more readily up to now. This, in part,

is because to infer partial correlation via

classical GGM theory, the number of

sampling numbers (N, the number of

microarray slides in this case) should be

much larger than the number of vari-

ables (p, the number of genes analyzed).

Several methods have been proposed to

infer GGM in the p c N situation. For

example, Li and Gui26 proposed to use a

threshold gradient directed regulariza-

tion method for sparse Gaussian concen-

tration graph estimations. Schäfer and

Strimmer12,13 have proposed two differ-

ent approaches, (a) an empirical Bayes

method with bootstrap re-sampling, (b) a

shrinkage approach to estimate covar-

iance matrix for partial correlation cal-

culation. With the shrinkage approach,

we were able to able to calculate partial

correlations among B2000 genes based

on a dataset of B2000 slides, which is

still short of a complete coverage of a

eukaryotic genome. Alternatively, lim-

ited order partial correlation can be cal-

culated, but such partial correlation is

only conditioned on one or a limited low

number of genes.23–25 For a detailed re-

view of different methods which would

exceed the format, we refer to a recent

review.27 This work has comprehensively

analyzed the commonly used computa-

tional and statistical methods that have

been used to generate co-expression net-

works, and it points out the problems

and strong-points of different ap-

proaches.

Using the approach suggested by

Schäfer and Strimmer,13 coupled with a

newly-applied random and iterative sam-

pling strategy, we have now built an

exploratory gene network based on

GGM. In a number of tests, and distri-

buting the network to others, we were

able to extract numerous sub-networks

with biological significance. Fig. 2, for

example, which also exemplifies three

different levels of stringency controlled

by the partial correlation cut-off values,
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Fig. 1 A fuzzy k-means clustering detail. (A) Genes induced by MAMPs for the entire cluster

N19.11 Red—various abiotic stresses, black—plant hormone treatments; blue—elicitors;

grey—bacterial pathogens; green—fungal pathogens; yellow—light treatments. (B) Genes

induced by MAMPs with a focus on responses to biotic stresses extracted from cluster N19.

Data have been obtained from AtGenExpress.
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provides genes conditionally co-ex-

pressed with the ABA biosynthesis genes

NCED3. Many genes that GGM asso-

ciated with NCED3 are known to be

relevant in the ABA synthesis and signal-

ing pathway,28,29 while several genes are

included that have not been identified in

ABA-related functions. In total, the

GGM describes gene expression dy-

namics in Arabidopsis captured by

42000 microarray slides deposited in

NASC and B150 experimental condi-

tions, assigning conditional dependency

structures among a large number of

genes.15

While clustering methods, such as fuz-

zy k-means, can easily reveal meaningful

data even when organizing data from

small sets of experimental conditions,

the construction of networks, it seems,

benefits from large datasets and, espe-

cially, from diverse treatments. In the

GGM network structure,15 the informa-

tion provided by fuzzy k-means analy-

sis11 is retained. The GGM identifies, as

one output, the cluster number that re-

presents expression characteristics in

which genes that assemble into a net-

work are located. Overlaps between fuz-

zy k-means and GGM are denoted as

many sub-networks include genes from

the same or a small number of clusters

(see Table 1), although it is clear that the

GGM bridges different clusters as it is

revealed by the fuzzy k-means cluster

assignments.

Summarizing the features that charac-

terize the current GGM, which repre-

sents only a beginning, we put forward

the following statements and discussion

points.

� GGM associates genes with condi-

tional co-expression characteristics in a

large number of conditions and treat-

ments into graphs that are statistically

supported to a high (but adjustable)

degree.

� The resulting network structure

could be the result of one or several

upstream factors that govern the expres-

sion of the genes in the graph. However,
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Fig. 2 Network solutions based on different stringency criteria. (A) Highest stringency (|pcor|40.10) resulting in a network ofB6700 genes (15).

(B) Relaxed stringency (|pcor|40.08) giving rise to a global co-expression network ofB9400 genes. (C) Further lowered stringency (|pcor|40.05)

generating a genome-wide network including B14 900 genes. Genes included in sub-graph (A) are indicated by light-grey circles. Gene ABI1 (a

protein phosphatase 2C known to be involved in ABA signaling) is specifically highlighted. Indicated by dark-grey circles in (B) and (C) are genes

encoding known and putative transcription factors.
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our current network seems not to cap-

ture such upstream factors. A regulatory

network based on chip–chip data may

provide useful information.

� GGM provides network graphs for

many biochemical pathways and cellular

processes that are highly supported by a

priori knowledge. Invariably, in these

pathways genes are included that have

not been shown to be associated before.

As well, the networks show other genes

that by their function appear to encode

proteins involved in the posttranslational

modification of other proteins, which

could conceivably be involved in the

posttranslational modification of pro-

teins whose transcripts are not regulated.

� Genes in GGM sub-graphs are ad-

ditionally identified by the associated

cluster number according to fuzzy k-

means clustering. This permits placing

of these genes based on their expression

characteristics under various treatments.

� Compared to relevance networks

based on Pearson correlation coeffi-

cients, GGM shows a broader coverage

of different biological processes, espe-

cially those related to stress responses

and biochemical pathways. This could

be due to the fact that GGM is based

on a conditional co-expression pattern,

which tends to depress gene interactions

with high Pearson correlation but low

partial correlation, such as genes related

to, for example, ribosomal proteins. In-

stead, GGM recovers many interactions

that show medium Pearson correlation,

but high partial correlation, a character-

istic of many genes that function in stress

responses.

� Probably the most valuable contri-

bution that GGM can make to an im-

proved understanding of the Arabidopsis

transcriptome is the fact that isoforms of

genes in gene families are placed into

different networks. For example, GGM

includes most isoforms encoding treha-

lose-6-phosphate synthase/phosphatase

but places them into different context

(unpublished).

Conclusions

The fuzzy k-means clustering method

and GGM analyze gene expression pat-

terns with different resolutions. While

fuzzy k-means provides patterns based

on characters that unite groups of genes,

GGM results in networks of condition-

ally co-expressed and co-regulated genes.
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Table 1 Genes co-expressed with NCED3 in different GGM solutionsa

**ABI1 3 Protein phosphatase 2C ABI1/abscisic acid-insensitive 1 (ABI1)
AT1G01720 3 No apical meristem (NAM) family protein
*AT1G07430 3 Protein phosphatase 2C, putative/PP2C, putative
AT1G10560 3 Armadillo/beta-catenin repeat family/U-box domain-containing protein
AT1G22190 3 AP2 domain-containing transcription factor, putative
AT1G23710 12 Expressed protein
*AT1G49450 3 Transducin family protein/WD-40 repeat family protein
**AT1G53170 3 Ethylene response factor subfamily B-1 of ERF/AP2 transcription factor family (ATERF-8)
*AT1G60190 3 Armadillo/beta-catenin repeat family protein/U-box domain protein
AT1G61120 44 Terpene synthase/cyclase family protein
AT1G68620 0 Expressed protein
AT1G69260 3 Expressed protein
**AT1G77450 3 No apical meristem (NAM) family protein
**AT1G78070 3 WD-40 repeat family protein
AT2G41870 13 Remorin family protein
AT3G03440 12 Armadillo/beta-catenin repeat family protein
AT3G05640 3 Protein phosphatase 2C, putative/PP2C
**AT3G11410 3 Protein phosphatase 2C, putative/PP2C, putative
AT3G29575 3 Expressed protein
**AT3G60120 11 Glycosyl hydrolase family 1 protein
**AT3G63060 3 Circadian clock coupling factor, putative
AT4G12580 13 Expressed protein, predicted protein
AT4G22590 12 Trehalose-6-phosphate phosphatase, putative
*AT4G27410 3 No apical meristem (NAM) family protein (RD26)
AT5G04250 3 OTU-like cysteine protease family protein
AT5G04760 3 Myb family transcription factor
AT5G15190 3 Expressed protein
AT5G17460 11 Expressed protein
*AT5G59220 3 Protein phosphatase 2C, putative, ABA induced protein phosphatase 2C
AT5G62040 13 Brother of FT and TFL1 protein (BFT)
**AT5G63130 12 Octicosapeptide/Phox/Bem1p (PB1) domain-containing protein
*AT5G63320 52 Similar to DNA-binding bromodomain-containing protein
AT5G63330 52 DNA-binding bromodomain-containing protein
ATEXPA16 104 Expansin, putative (EXP16)
ATHB_12 3 Homeobox-leucine zipper protein 12 (HB-12)
CPL2 16 Similar to double-stranded RNA-binding domain (DsRBD) protein
**GBF3 3 G-box binding factor 3 (GBF3)
**MAPKKK17 3 Protein kinase family protein
*MAPKKK18 3 Protein kinase family protein
NCED3 3 9-cis-epoxycarotenoid dioxygenase, putative (‘‘seed gene’’ in GGM)

ZF14 115 MATE efflux protein-related

a Genes identified at highest (*) and at medium (**) stringency. NCED3 was used as the ‘‘seed gene’’ (see Fig. 2A–C). Numbers indicate cluster

number according to fuzzy k-means analysis, correlating pcor assignments in GGM with the behavior in fuzzy k-means clustering of transcripts

related to the ‘‘seed gene’’ queried (NCED3).
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Our original model, which is freely avail-

able,15 has now been expanded to include

various levels of stringency (see Fig. 2;

unpublished), which can provide struc-

tures in a partially scale-free network

that includes approximately half the

genes in the Arabidopsis genome. Signifi-

cantly, possibly surprisingly, this GGM

is particularly accurate in predicting

regulated genes in biochemical pathways

and also in stress response pathways.

Owing to this quality, the gene network

model, and its link to the intuitively

intelligible fuzzy k-means clustering tool,

is eminently valuable in generating new

hypotheses about genes in pathways and

the meaning of unexpected associations

of genes based on highly supported co-

expression characteristics and possible

interactions that then can be analyzed

by additional experiments.
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