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Fig.2 Network solutions based on different stringency criteria. (A) Highest stringency (|pcor| >0.10) resulting in a network of ~ 6700 genes (15).
(B) Relaxed stringency (|pcor| >0.08) giving rise to a global co-expression network of ~9400 genes. (C) Further lowered stringency (|pcor| >0.05)
generating a genome-wide network including ~ 14900 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.

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,?®?? 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
>2000 microarray slides deposited in
NASC and ~150 experimental condi-
tions, assigning conditional dependency
structures among a large number of
genes.'”

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,'’ the informa-
tion provided by fuzzy k-means analy-
sis'! 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.

e 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.

e 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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Table 1 Genes co-expressed with NCED3 in different GGM solutions®

#*ABI|
ATIGO01720
*AT1G07430
ATIG10560
ATI1G22190
ATI1G23710
*AT1G49450
#*AT1G53170
*AT1G60190
ATIG61120
AT1G68620
AT1G69260
#*AT1G77450
#* AT1G78070
AT2G41870
AT3G03440
AT3G05640
**AT3G11410
AT3G29575
#* AT3G60120
#* AT3G63060
AT4G12580
AT4G22590
*AT4G27410
AT5G04250
AT5G04760
AT5G15190
AT5G17460
*AT5G59220
AT5G62040 13
#*AT5G63130 12
*AT5G63320 52
AT5G63330 52
ATEXPA16
ATHB_12 3
CPL2 16
*+GBF3 3
**MAPKKK17 3
*MAPKKK18 3
NCED3 3
ZF14 115

—_ N W

Protein phosphatase 2C ABI1/abscisic acid-insensitive 1 (ABI1)

No apical meristem (NAM) family protein

Protein phosphatase 2C, putative/PP2C, putative
Armadillo/beta-catenin repeat family/U-box domain-containing protein
AP2 domain-containing transcription factor, putative

Expressed protein

Transducin family protein/WD-40 repeat family protein
Ethylene response factor subfamily B-1 of ERF/AP2 transcription factor family (ATERF-8)
Armadillo/beta-catenin repeat family protein/U-box domain protein

Terpene synthase/cyclase family protein
Expressed protein

Expressed protein

No apical meristem (NAM) family protein
WD-40 repeat family protein

Remorin family protein

Armadillo/beta-catenin repeat family protein

Protein phosphatase 2C, putative/PP2C

Protein phosphatase 2C, putative/PP2C, putative

Expressed protein

Glycosyl hydrolase family 1 protein
Circadian clock coupling factor, putative
Expressed protein, predicted protein

Trehalose-6-phosphate phosphatase, putative

No apical meristem (NAM) family protein (RD26)

OTU-like cysteine protease family protein
Myb family transcription factor
Expressed protein

Expressed protein

Protein phosphatase 2C, putative, ABA induced protein phosphatase 2C

Brother of FT and TFLI1 protein (BFT)

Octicosapeptide/Phox/Bem1p (PB1) domain-containing protein
Similar to DNA-binding bromodomain-containing protein
DNA-binding bromodomain-containing protein

Expansin, putative (EXP16)

Homeobox-leucine zipper protein 12 (HB-12)

Similar to double-stranded RNA-binding domain (DsRBD) protein

G-box binding factor 3 (GBF3)
Protein kinase family protein
Protein kinase family protein

9-cis-epoxycarotenoid dioxygenase, putative (‘“seed gene” in GGM)

MATE efflux protein-related

“ 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).

our current network seems not to cap-
ture such upstream factors. A regulatory
network based on chip—chip data may
provide useful information.

e 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.

e 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.

e 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.

e 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.

This journal is © The Royal Society of Chemistry 2008
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Our original model, which is freely avail-
able, !> 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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