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Inferring Gene Regulatory Networks in 
Cold-Acclimated Plants by Combinatorial 
Analysis of mRNA Expression Levels and 
Promoter Regions 
Aakash Chawade* 

Understanding the cold acclimation process in plants may help us develop 

genetically engineered plants that are resistant to cold. The key factor in 

understanding this process is to study the genes and thus the gene regulatory 

network that is involved in the cold acclimation process. Most of the existing 

approaches1-8 in deriving regulatory networks rely only on the gene expression 

data. Since the expression data is usually noisy and sparse the networks 

generated by these approaches are usually incoherent and incomplete. Hence a 

new approach is proposed here that analyzes the promoter regions along with the 

expression data in inferring the regulatory networks. In this approach genes are 

grouped into sets if they contain similar over-represented motifs or motif pairs in 

their promoter regions and if their expression pattern follows the expression 

pattern of the regulating gene. The network thus derived is evaluated using known 

literature evidence, functional annotations and from statistical tests. 

Introduction 
When plants are exposed to low non-freezing 
temperatures, they express a phenomenon 
known as cold acclimation9. During the cold 
acclimation process, various physiological and 
biological changes occur in a plant cell, which 
helps it in resisting cold9. As different proteins 
are involved in carrying out these changes, the 
concentration levels of these proteins are 
regulated at different time intervals both at the 
cellular level and at the molecular level. At the 
cellular level, the concentration is maintained 
by protein degradation enzymes, whereas at 
the molecular level, it is maintained by 
regulation of the transcription process by 
binding of the various regulatory proteins to 
the recognized binding sites or motifs present 
in the upstream region of the gene. Most of 
these motifs are highly conserved and are 

found in from few to many copies. Since a 
broad range of proteins is involved in the cold 
acclimation process, many genes act in 
concord in their production. Thus, there might 
exist a gene regulatory network that brings 
about the required changes in the plant cells 
during stress and improved understanding of 
this gene regulatory network could bestow a 
better insight into the cold acclimation process 
in plants at the molecular level. Also, it might 
help us to better engineer new plants or better 
predict the characteristics of newly engineered 
plants.  

Arabidopsis thaliana is a plant in the 
mustard family that has the smallest genome 
known in the plant kingdom, has a short 
generation time of about 6-8 weeks, is a self -
fertilizer, has well developed genetics and is 
transformable by Agrobacterium10. For these 
reasons it has become a favorite of plant 
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molecular biologists for scientific studies. 
Thus the aim of this project is to understand 
the gene regulatory network involved in the 
cold acclimation process in Arabidopsis by 
combining analysis of gene expression data, 
sequence data and functional annotations. The 
network thus inferred can be considered as a 
model network for inferring regulation in other 
closely related plant species. 

Background 
The mRNA concentration levels in many cases 
indicate the concentration of the corresponding 
proteins in the cell, and therefore the mRNA 
expression data collected by the microarray 
technology at fixed time intervals can be used 
to study the gene expression levels at each 
time-point. The expression data thus collected 
at various time-points can be analyzed together 
with the upstream regions of the target genes 
to infer gene regulatory networks. 

Gene expression profile relationships 
The relationships between mRNA expression 
profiles of Transcription Factor (TF) 
producing genes with their target genes are 
more complex than co-expression11. They 
usually exhibit time shifted and inverted time 
shifted relationships11. In general, target genes 
have a delayed response to regulatory events11. 
On the other hand, genes targeted by the same 
set of TFs are generally co-expressed and the 
correlation in expression profiles is highest for 
genes targeted by multiple TFs11. Also, genes 
targeted by the same TF tend to share cellular 
functions and there are subdivisions within 
individual network motifs that separate the 
regulation of genes of distinct functions11. 

Importance of the upstream regions 
As mentioned earlier, in both prokaryotes and 
eukaryotes, regulation of genes occurs through 
the recruitment of polymerase by reversible 
binding to the TF (enhancers or repressors) 
and hence to the regulator sequences or motifs 
in the upstream region. Thus, genes can be 
considered as regulated by the TF only if they 
contain the motifs that are recognized by the 
given TF. The presence of the motifs can be 
considered as statistically significant only if 

the number of repetitions turns out to be much 
higher than what would be expected by 
chance12. Also, in many instances the 
regulation of genes in eukaryotes occurs 
through the coordinated action of multiple 
TFs13 (combinatorial regulation). In such 
instances, the motifs are located in the vicinity 
of each other so that the TFs bind in close 
proximity on the gene, interact amongst 
themselves and regulate the gene mutually. 
Combinatorial regulation has several 
advantages, including the control of gene 
expression in response to a variety of signals 
from the environment and the use of a limited 
number of TFs to create many combinations of 
regulators whose activities are modulated by a 
diverse set of conditions13. In brief, analysis of 
the upstream regions gives indications about 
the most probable TFs that might regulate the 
gene of interest. 

Current computational approaches 
Some of the computational approaches for 
inferring genetic networks from gene 
expression data are discrete Boolean 
networks1-3, Bayesian approaches7, differential 
equations4, stochastic Petri nets5,6 and 
clustering approaches8. They rely solely on the 
gene expression data for inference of the 
regulatory networks and thus their sensitivity 
and specificity is dependent on the number of 
variables or time-points that are available in 
the expression data. They have been tested on 
the yeast expression data by various 
researchers. Usually, the Yeast expression data 
is collected at every ten minutes for a period of 
3 hours. Thus, there is a constant time-interval 
between any two time points. This factor 
facilitates the implementation of the existing 
approaches on the Yeast expression data. 
However in this project none of these 
approaches could be utilized for the task in 
hand because the number of variables or time-
points available in the Arabidopsis gene 
expression data is far smaller than those of the 
yeast expression data and is with varying time 
intervals ranging from 0.5 hrs to 144hrs 
amongst two variables or time-points (see 
Methods). 

Also, these approaches ignore the upstream 
regions while inferring the genetic networks. 
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Identification and characterization of upstream 
regulatory sequences is critical in elucidating 
global mechanisms of transcriptional 
regulation12 as the gene could be considered as 
regulated by a TF only if the motif to which 
this TF binds is present in the upstream region 
of the gene. 

Related work 
In [13] an attempt was made to identify 
regulatory networks by combinatorial analysis 
of promoter regions and gene expression data. 
At first, for all motif pairs, all the genes 
containing the pair in their promoter region 
were identified. Then an expression coherence 
score was calculated for each gene set and 
significantly synergistic combinations of 
motifs were identified by studying the 
combinogram. The work resulted in motif 
synergy maps and combinograms for all the 
motifs under study. 

In [15], it was proposed that if two genes 
have highly correlated expression profiles, 
then it is likely that there is a common 
transcription factor which binds to the 
promoter regions of both genes. It was found 
that in S. cerevisiae, two genes have a 50% 
chance of having a common transcription 
factor binder if the correlation between their 
expression profiles is equal to or higher than 
0.84 and functional annotations are particularly 
helpful in identifying co-regulated gene pairs 
when there is an intermediate level of 
correlation (i.e. 0.5 < r < 0.8) between 
expression profiles15. They also found that 
genes with lower pairwise correlation scores 
are likely to share a common transcription 
factor binder only if the genes have similar 
functional annotations. 

In [12], genes were grouped in a set if they 
shared common over-represented motifs or 
motif combinations in their upstream region. 
An over-represented motif or motif 
combination was considered as a regulating 
factor if the average expression level of all the 
genes in the set was significantly higher or 
lower than the average taken over the whole 
genome. 

The customary approach8 to analyzing 
microarray data does not explicitly address the 
problem of combinatorial control in gene 

regulation. Other approaches that analyze the 
motif synergies13 ignore the gene expression 
profile relationships between TFs and their 
targets. None of the above mentioned 
approaches consider functional annotations in 
inferring gene regulatory networks. Hence a 
new-rule based statistical approach is here 
proposed to infer gene regulatory networks by 
integrating the information from motif 
synergies, gene expression profile 
relationships and functional annotations. 

Method 
Gene expression data set 
In [9] plates containing the plant Arabidopsis 
thaliana ecotype Wassilewskija-2 were 
transferred to 4oC temperature under 
continuous light and tissue samples were 
harvested after 0.5, 1, 4, 8, 24h and 7 days and 
thus the expression profiles of genes in [9] 
suggest their role in cold acclimation. Thus the 
gene expression dataset was obtained from [9] 
for studying cold responsive genes. Only the 
genes that were over or under-expressed more 
than 3-fold at one or more time-points in [9] 
were selected for further analysis as these 
genes could be considered as activated during 
the cold acclimation process. Out of ~8000 
genes studied in [9], 302 genes had more than 
3-fold expression change of which 217 genes 
are up-regulated and the remaining down-
regulated. These 302 genes were analyzed in 
this project for the construction of the 
regulatory network. However, the method 
described here can easily be applied for 
analysis of more than 302 genes. 

Transcription factor binding site 
data 
Out of 302 genes, 48 code for DNA binding 
proteins9. These proteins are anticipated to 
play a role in regulation during the 
transcription process. Since most of these 
proteins were recently found, including a few 
hypothetical proteins, not much information is 
available about their preferred binding sites / 
motifs. Thus, information about the known or 
putative binding sites (consensus sequence) of 
only 15 proteins could be collected [table 1]. 
These proteins were selected for identification  
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of their putative targets. Analysis was 
restricted to the known binding sites in order to 
keep a low false positive rate. 

Upstream promoter sequences 
Regulators generally bind to the binding sites 
that are located within the 1000 bases 
upstream of the transcription initiation codon. 
Hence, upstream sequences ranging from –
position -1000 to -1 of 302 genes were 
downloaded from the Regulatory Sequence 
Analysis (RSA) database* using the Retrieve 
Sequence tool.  

The approach 
The proposed approach consists of two steps. 
In step I, the genes containing the known over-
represented motifs were grouped based on  
similar motifs or motif combinations in their 
upstream region and the expression profile 

relationship between them and the genes 
producing the TFs. Thus, all the genes in a 
gene set are proposed to be regulated by the 
TFs binding to the common motif or motif 
combination found in their upstream region. In 
step II, the generated network is evaluated 
statistically. 

Step I: Group genes into disjoint sets 
Genes were grouped into disjoint sets, 
provided they concede to the following 
constraints: 

1. All the genes in a set contain common 
overrepresented motifs in their upstream 
region. 

2. The peak expression of all the genes in a 
given gene set occurs after the peak 
expression of the regulator protein - the 
binding site of which is present in the 
upstream region of every gene in the set. 

Accession # Common Name Binding Site Reference 

At4g25490 CBF3 RCCGACNT [17] 

At4g25480 CBF1 [9] 

At4g25470 CBF2 
DRE element – CCGAC 

[9] 

At1g13260 RAV1 
AP2 - CAACA 

B3 - CACCTG 

[19] 

At4g17490 AtERF6 

At5g47230 AtERF5 
GCC Box - AGCCGCC [20] 

At2g46830 
MYB-related transcription factor 

(CCA1) 
AA(A/C)AATCT [21] 

At4g23810 AtWRKY53 
At4g01250 AtWRKY22 
At2g38470 AtWRKY33 

W Box - TGAC(C/T) [22] 

At5g04340 SP1 GGGCGG [23] 

At1g27730 STZ / ZAT10 AGCNNNACT OR ACTNNNNAGC [24] 

At2g45680 
At4g18390 

TCP GTGGNCCC [25] 

GATA Box - (A/T)GATA(A/G) 
At3g47500 

H protein promoter binding factor 
2a DOF Box - (T/A)AAAG 

[26] 

At2g23760 Homeobox 
CAAT(A/T)ATTG , 
CAAT(G/C)ATTG 

[27] 

Table 1 Proteins selected for further analysis. In the first column from the left column is the locus ID of the 
gene that produces the DNA binding TF. Second column shows  the common name of TF. Column three 
shows the binding site or motif to which the TF bind. Fourth column shows the reference from which this 
information was gathered. 

* http://embnet.cifn.unam.mx/~jvanheld/rsa-tools/ 
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 3.  All the genes in the set start to express at 
the same or the immediately proceeding 
time-point of the expression initiation 
time-point of the regulator protein (Option 
1) 

3. All the genes in the set start to express at 
the same or any time-point after the 
expression initiation time-point of the 
regulator protein (Option 2). 

Constraint 1. Over-represented 
motifs 
In this project, patterns are used for motif 
finding. Also, only patterns that were found by 
various wet lab experiments are considered 
[table 1], hence keeping a low rate of false 
positives. The method that is elaborated here 
can easily be generalized for using weight 
matrices or other motif representations. 

The downloaded upstream sequences are 
analyzed for the known motifs [table 1] using 
the DNA-Pattern tool of the Regulatory 
Sequence Analysis (RSA) database*. Although 
the complementary strands were not explicitly 
included in the input, the DNA-Pattern tool 
considered both strands for analysis. The 
generated output includes the start and the end 
positions of each motif, the type of strand it is 
found on and the number of copies found in 
each gene. Nevertheless, the mere presence of 
a motif in the upstream region of the gene is 
not sufficient to prove its role in regulation. Its 
presence could be considered as statistically 
and perhaps biologically significant only if the 
frequency of its occurrence in a gene is 
significantly greater than the frequency by 
which it is expected to occur by chance. 
Briefly, an over-represented motif is more 
probable to play a role in gene regulation than 
an under-represented motif. 

 Over-representation of motifs could be 
inferred statistically by implementing classical 
methods such as the ‘t-test’, ‘Z test’, Chi 
Square test, and Binomial distributions or by 
applying Confidence Intervals (CI). According 
to Jones and Matloff, “the standard errors, and 
confidence intervals constructed by the author 
in making inferences on biological relevance is 
the most clear and meaningful approach 
toward the statistical analysis and its 

presentation” 16.   
Thus in this project CIs are considered for 

estimation of over-represented motifs in the 
upstream region of genes. “CI could be defined 
as a range of values constructed around a point 
estimate that makes it possible to state that an 
interval contains the population parameter 
between its upper and lower confidence 
limits”.  

The widely accepted threshold for 
confidence interval is the 95% confidence 
interval. This can be interpreted as there being 
only a 5% chance that the sample is so extreme 
that the 95% confidence interval calculated 
will not cover the population mean. In other 
words the probability that the value has 
occurred outside of the interval just by chance 
is 0.05. The 95% CI is defined as 
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where m is the sample mean, s is the standard 
deviation of the sample, N is the sample size, 
and z is the z-value for the 95% CI. 

The upstream regions of all the genes were 
analyzed for motifs using the RSA tool* and 
the consensus sequence of motifs [table 1]. For 
inferring over-represented motifs, the CI for 
each motif was estimated from the output from 
the RSA tool that contained the total number 
of occurrences of each motif in each gene and 
using equation 1. At first, the mean number of 
occurrences of a motif in ~300 genes is 
calculated, followed by its standard deviation. 
The default z-value for estimating the 95% CI 
is 1.96. The substitution of values of m, s and z 
in equation 1 gives the 95% CI for individual 
motifs. In this project, this is repeated for all 
the 15 motifs under study. The obtained CIs 
for these motifs are tabulated in table 2 the in 
results chapter.  

Constraint 2. Peak expression of 
targets occurs after the peak 
expression of their regulators 
It could be observed in [17] that the expression
levels of the target genes reach their peaks at 
the same time-point as that of their regulator’s 
peak expression level time-point or at any later 

* http://embnet.cifn.unam.mx/~jvanheld/rsa-tools/ 
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time-point. This  factor is  utilized here for 
identification of the targets of the regulator 
genes. Thus, a gene is considered a putative 
target of the protein produced by the regulator 
gene if the peak expression level of the gene is 
at the same or at any time-point after the peak 
expression level time-point of the regulator 
gene. 

Constraint 3. Expression initiation of 
the targets follows the expression 
initiation of regulator genes 
As observed in [11], the relationship between 
the expression profiles of the regulator genes 
and the target genes are complex and they 
exhibit correlated, inversely correlated, time 
shifted and inverted time shifted relationships. 
In general, target genes have a delayed 
response to the regulatory events11 and it can 
be generalized that expression initiation of the 
targets occurs at the same or the immediately 
proceeding time-point of the expression 
initiation of the TF. Considering the 
generalized option helps to deal with the 
complexities of TFs and their targets. Thus the 
gene could be considered as a putative target 
of the protein produced by the regulator gene if 
expression initiation of the gene occurs at the 
same time-point or at the immediately 
proceeding time-point of the expression 
initiation of the regulator gene. 

Consider ‘A’ to be a gene that produces a 
regulator protein (TF) which recognizes and 
binds to the motif ‘M’. Thus, gene ‘B’ can be 

considered a putative target of ‘A’ only if it 
satisfies following rules: 

• ‘B’ contains over-abundant copies of 
‘M’12, 

• the peak expression level of ‘B’ occurs at 
the same time-point as the peak 
expression level of ‘A’, or at any later 
time-point, and 

• the expression initiation of ‘B’ occurs at 
the same time-point as expression 
initiation of ‘A’, or at the immediately 
proceeding time-point.  

In Fig1, both gene ‘B’ and gene ‘C’ would 
be recognized as targets of gene ‘A’ whereas 
gene ‘D’ would not be recognized as a target 
of ‘A’ as its initiation of expression is not at 
the same time point as ‘A’, or at the 
immediately proceeding time-point. 

However, there could be instances where 
targets exhibit a much delayed response to the 
regulators as there might be a need for the 
binding of an additional regulator for the 
regulation to occur. In those instances the 
target gene might not exhibit any of the 
aforementioned expression relationships. Thus 
another independent search (option 2) was 
conducted for detection of such target genes by 
modifying rule 3 and keeping rule 1 and rule 2 
unchanged. Thus in the modified rule 3, the 
gene was considered as a putative target if it 
initiates to express at any time-point after the 
expression initiation time-point of the 

Fig 1 Schematic 
representation of 
regulation. Gene ‘B’ 
exhibits a time shifted 
relationship with ‘A’ 
and ‘C’ exhibits an 
inverse correlation 
relationship with ‘A’. 
In this project, both of 
them would only be 
considered putative 
targets of ‘A’. Gene 
‘D’ would only be 
recognized as a target 
of ‘A’ under option 2. 

Gene Regulation
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regulator protein. In Fig1, Gene ‘D’ would be 
recognized as a target of ‘A’ only under the 
second option. The results from both searches 
are described in the results chapter. 

Step II: Statistical formalism 
Statistical analysis was done to evaluate the 
network.   

Expression coherence score (EC) 
Given a set of K genes containing a particular 
motif or motif combination in their upstream 
region and the gene expression data, the 
Pearson correlation coefficient of each of  the 
P = K*(K-1)/2 pairs of genes can be calculated 
by 
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(Eq. 2) 

where n is the total number of gene expression 
experiments (time-points) available, xi is the 
expression value of gene x at time-point i and 
yi is the expression value of gene y at time-
point i. The expression coherence score (see 
chapter “Related work”) associated with each 
of the gene sets containing K genes is defined 
as p/P where p is the number of gene pairs in a 
given set with the Pearson correlation score 
above a threshold D [14]. From [15], two 
genes have a 50% chance of sharing a common 
TF if their Pearson correlation score is 0.84. 
Thus the value of D considered in this project 
is 0.84. EC scores could be considered as 
significant if they are above a given threshold. 
For the calculation of the lower threshold of 
EC score for a gene set containing N genes, N
genes were selected randomly from the data 
set of 302 genes and their EC score was 
calculated. An average score over 20 iterations 
is used as a lower threshold for the EC score. 
EC scores for all the gene sets containing 3 or 

more genes are tabulated in table 3 in the 
results chapter. 
Comparison of mean expression 
profiles  
If the average expression profile of the gene 
set for a certain experiment is significantly 
different from the average expression for the 
same experiment computed on the whole 
genome, then it is likely that some of the ORFs 
in the gene set are co-regulated and that the 
over-represented motif is a binding site for the 
common regulating factor12. In this project, 
each time-point is considered as a single 
experiment, and for each gene g of the gene set 
S the quantity rg(i), i= 1,...,6, is the expression 
of the gene at that time-point. The average 
expression Rg(i), i= 1,...,6, at a given time-
point for all the genes belonging to the set S is 
computed by 

∑
∈
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(Eq. 3) 

where N1(i,g) is the number of ORFs in S for 
which an experimental result at time-point i is 
available. The standard deviation is computed 
by 
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Also, for each time-point i the average 
expression R(i) and its standard deviation 
SD2(i) was computed for the data set consisting 
302 genes. The difference is 

)()()( iRiRiR gg −=∆ (Eq. 5) 

where ∆Rg(i) is the discrepancy between the 
data set average expression at time-point i and 
the average expression at the same time-point 
of the ORFs. The significance index sig(i, g) is 
defined as 
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where N2(i,g) is the number of ORFs in the 
genome for which an experimental result at 
time-point i is available and sp

2 is the pooled 
SD which is computed by 
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The gene set S is considered to be significantly 
correlated with the expression at time-point i if 
  

vtgisig )2(001.0),( > (Eq. 8) 

 where 
2),(),( 21 −+= giNgiNv (Eq. 9) 

and the value for t0.001(2)v varies with the gene 
sets. The sign of sig(i,g) indicates the time-
points at which the target genes are regulated.  

Results 
Results for Option 1 are described here and the 
results for the Option 2 can be found in the 
Supplemental Data. 

Motif over-representation 
A motif is considered to be over-represented in 
a gene, if the number of copies of that motif 
upstream of the gene is greater than the upper 
threshold of the 95% CI for that motif. The CI 
values calculated by equation 1 (see the 

chapter “Methods”) for the motifs under 
study are tabulated in table 2. 

Motif synergy in up-regulated genes 
The implementation of this approach on 217 
up-regulated genes (see the chapter 
“Methods”) resulted in the formation of 29 
different motif synergy groups [Table 3a] 
consisting of non-redundant genes. All the 
genes belonging to a particular set are co-
expressed and possess all the common 
regulating motifs of that gene set with from 
one up to four shared motifs. The factors taken 
into consideration while analyzing the motif 
synergies are that all the motifs in a group are 
over-represented and that all of them are 
present in the upstream region of the same 
gene. The orientation of motifs with respect to 
the transcription initiation site is not 
considered. The combination of M1 and M6 
motifs with numerous different motifs explains 
their probable role in different cellular 
processes [fig. 5a]. 

ORF Name Motif Name Motif Pattern 95% CI Motif Code
CBF3 - RCCGACNT [0.20, 0.33] M1

CBF2 / CBF1 DRE CCGAC [0.32, 0.49] M2

RAV1 AP2 CAACA [2.64, 3.06] M3

RAV1 B3 CACCTG [0.08, 0.16] M3

AtERF 5/6 GCC Box AGCCGCC [0.01, 0.06] M5

WRKY W Box TGAC(C/T) [2.74, 3.17] M6

CCA1 - AA(A/C)AATCT [0.26, 0.39] M7

SP1 - GGGCGG [0.01, 0.06] M8

TCP - GTGGNCCC [0.01, 0.05] M9

At2g23760 - CAAT(A/T)ATTG [0.003, 0.07] M10

At2g23760 - CAAT(G/C)ATTG [0.00, 0.04] M10

At3g47500 GATA Box  (A/T)GATA(A/G) [2.88, 3.31] M11

At3g47500 DOF Box  (T/A)AAAG [9.82, 10.62] M12

STZ / ZAT10 - ACTNNNNAGC [0.46, 0.71] M13

STZ / ZAT10 - AGTNNNACT [0.37, 0.60] M13

Table 1 95% CI of motifs. First column: common name (if available) of the ORF that produces the TF. 
Second column: common name (if available) of the motif to which the TF binds. Third column: pattern of 
the motif (5’ to 3’). Fourth column: 95% CI where in [x, y] x is the lower and y is the upper threshold 
respectively. Fifth column: code used for the motif in this thesis. 
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Fig.2 Overview of motif synergies for up-regulated genes. Labels in circles represent binding sites and the 
labels in blocks represent the TFs that bind to these binding sites.   

An interesting motif combination is M7 
(CCA1 binding motif), M11 (GATA box), 
M12  (DOF box). These motifs do not 
synergize with M1/M2 (CBF binding motifs) 
[Table 3a]. However, the genes producing M7, 
M11 and M12 biding proteins seem to be 
regulated by the CBF regulon. Thus, CBF 
proteins regulate the expression of the genes 
that produce regulatory proteins which bind to 
the M7, M11 and M12 motifs [Table 6a in 
Supplementary Data]. At the same time, CBF 
proteins do not regulate any of the targets of 
the M7, M11 and M12 binding proteins. These 
observations suggest that the targets of the M7, 
M11 and M12 binding proteins are indirectly 
regulated by the CBF proteins. Various 
combinations of motifs in up-regulated genes 
can be found in Table 3a.

Motif synergy in down-regulated 
genes 
The implementation of the approach on the 
down-regulated genes resulted in the formation
of 18 different motif synergy groups [Table 
3b]. Motif synergies in the down-regulated 
genes contrast with the synergies of that of up-
regulated genes. Unlike synergies in up-
regulated genes, neither the CBF3 binding 
motif (M1) nor the CBF1/2 binding motif 
(M2) form widespread associations in down-
regulated genes. The RAV1 binding motif 
(M3) and ZAT10 binding motif (M13) also 
show similar characteristics. The SP1 binding 
motif (M8), which did not appear in synergies 

involving up-regulated genes, associates with 
the M11 and M12 motifs in down-regulated 
genes. 

The association between motif 
combination and gene expression 
The EC score was calculated for each gene set 
[table 3]. From the results it could be observed 
that on an average the EC score is higher for 
groups containing multiple motifs. These 
results suggest that target genes tend to co-
express to a higher degree when controlled by 
multiple regulators. Similar observations were 
made by [13]. The EC score together with the 
motif synergy score gives an indication of the 
extent of influence of the motif combination 
on the gene set. In addition to this, EC scores 
can also be used to analyze the influence of 
each motif from a combination on the 
observed expression pattern13. For example, in 
a motif combination, it is difficult to determine 
if any single motif is sufficient for the 
observed effect or if it is the combined effect 
of all motifs. One way to investigate the 
impact of individual motifs is to add or remove 
motifs to the combination and compare the EC 
scores. If the EC score increases on addition of 
a motif to the combination, then the added 
motif has an impact on the gene expression, 
however if the EC score does not increase on 
addition of the motif, then the added motif has 
little or no impact on the expression. 
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Fig.3 Overview of motif 
synergies for down-
regulated genes. See fig. 
2 for explanation. Unlike 
in fig. 2, the M5 motif 
does not synergize with 
any of the other motifs in 
down-regulated genes. 
This suggests that the 
ATERF5/6 TF might 
have a very limited role 
in repression. See table 
3b for details on the 
motif combinations. 

EC Group EC
M1M5M6 - M13 -
M1M2M5M6 - M12 [0.20, 0.15]
M2M5M6M13 - M1M6 -
M2M5 - M11M12 0.21
M1 [0.44, 0.28] M11 -
M1M2 [0.4, 0.3] M7 [1.0, 0.19]
M1M2M6 [0.4, 0.3] M3 -
M1M6 [0.36, 0.10] M7M11 [0.33, 0.19]
M3M13 - M5 -
M2M6 [0.29, 0.16] M2 -
M2 [0.37, 0.19] M7M12 -
M1M3M6 - M8M11M12 -
M6 [0.26, 0.12] M3M6 [0.33, 0.19]
M5 - M1 -
M1M2M6M13 - Table 3b: Down-regulated genes
M5M6 -
M3M6 -
M6M13 [0.4, 0.3]
M2M13 -
M12 [0.33,0.17] 
M1M6M13 -
M7M11 [0.67,0.28]
M11M12 [0.27, 0.25]
M11 [0.47,0.32]
M7M12 -
M1M5M13 -
M2M5M6 -
M7M11M12 [0.47,0.32]
M7 -

Table 3a:Up-regulated genes

Table 3 EC scores for up-regulated 
and down-regulated genes. In each 
table, the left column shows the gene 
sets that were obtained from option 1. 
The corresponding common names 
for the motif codes in left column can 
be found in Table 2. The obtained EC 
scores are mentioned in the right 
column. In [x, y], x denotes the EC 
score for the gene set and y denotes 
the lower threshold. Dashes denote 
that the EC scores were not 
calculated for the corresponding gene 
sets as there were fewer than 3 genes 
in those sets.

RAV1

M3

RAV1

M3

CBF3

M1

CBF3

M1

WRKY

M6

WRKY

M6

CCA1

M7

CCA1

M7

DOFM12GATA M11

SP1

M8

SP1

M8
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Target genes are co-expressed 
If two genes have highly correlated expression 
profiles, then it is likely that there is a common 
transcription factor which binds to the 
promoter regions of both genes15. In S. 
cerevisiae, two genes have a 50% chance of 
having a common transcription factor binder if 
the correlation between their expression 
profiles is greater than 0.8415. However, co- 

regulated genes may not always co-express to 
such a high degree. In [17], amongst the 
experimentally determined direct targets of 
CBF3, the lowest Pearson correlation score 
between a gene pair was 0.76 (my 
calculations). These results indicate that the 
target genes with a low co-expression ratio 
could also be co-regulated.  
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Fig. 4a Combinogram – up-regulated genes Fig. 4b Combinogram – down-regulated genes 

Fig. 4 Each combinogram consists of 3 regions. The uppermost region is the dendogram of the mean expression profiles of all 
the genes in the gene set. The dendogram was obtained using the online tool Epclust*. The middle region consists of the motif 
combinations. The gray squares denote that the corresponding motif is over-represented in all the genes in the gene set. The 
lower most region shows the EC scores for the gene sets. The motif labels and the number of genes in the gene sets are also 
shown in the combinogram. 

* http://ep.ebi.ac.uk/ 
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In this project, EC scores are indications of 
the degree of co-expression amongst the target 
gene pairs. Even though a higher EC score is 
preferred, a lower EC score is not rejected. 

Combinograms 
The combinogram technique was proposed in 
[13]. Combinograms facilitate the comparative 
analysis of target genes with respect to gene 
expression and motif combinations. 
Combinograms also show the influence of 
other motifs on the expression pattern 
characteristics of a particular motif. Hence, 
here it is applied in order to study the influence 
of each motif from a motif combination on the 
regulation of the gene set. For example, in 
figure4a, the difference between group M13 
and group M6M13 is that there is an additional 
motif M6 in the later group. The importance of 
motif M6 in the later group can be identified 
from the combinogram, by observing that the 
EC score for group M13 (0.1) is significantly 
lower than that for group M6M13 (0.4). Also, 
from the dendogram, it can be observed that 
the expression profiles of these two groups 
differ considerably. This is reflected by the 
finding that the two groups appear in different 
sub-trees. These observations strongly suggest 
that M6 plays an important role in regulating 
the target genes of the group M6M13. Also, 
since the EC score for the group M13 is below 
its lower threshold, this group is not 
considered for further analysis. 

Target genes have similar functions 
From the EC scores, it was observed that not 
all gene pairs in a given gene set cross the 
threshold of 0.84 for co-expression, i.e., there 
are co-regulated genes in the gene sets that are 
not co-expressed to a high degree. Thus, 
functional annotations are particularly helpful 
in identifying co-regulated gene pairs when 
there is an intermediate level of correlation 
(i.e. 0.5 < r < 0.8) between expression 
profiles15. Genes with this level of pairwise 
correlation in expression are likely to share a 
common transcription factor binder only if 
they have similar functional annotations15. In 
this project, all genes belonging to a  given 
gene set  are  considered to be co-regulated,  

hence it could be presumed that they might 
have similar functions; also there would be 
considerable functional dissimilarity between 
genes of different gene sets. Thus, functional 
annotation is used in order to test this 
hypothesis. 

It was observed in the motif synergy map 
[fig 2, fig 3] that a given motif synergizes with 
different motifs at different time-points to 
activate a separate set of target genes. It was 
later observed that these target gene-sets vary 
considerably in their gene expression profiles. 
Hence it was hypothesized that a limited 
number of motifs synergize in several different 
combinations in order to activate target genes 
with varying degrees of functional 
dissimilarity [fig 5]. Thus, it could be 
suggested that a small range of transcription 
factors are sufficient to regulate the cold 
acclimation process. 

In order to test this hypothesis, gene 
annotations were collected for all the target 
genes from the TAIR database*. Three 
different factors were considered for the 
annotation, namely, the cellular compartments 
in which products of these genes reside, the 
biological process in which they take part and 
their molecular function.  

From fig.5a it can be observed that target 
gene products resulting from different motif 
synergies localize in different cellular 
compartments. For instance, genes containing 
the motif M5 localize in nucleus whereas 
genes containing the motif combination M2M5 
localize in chloroplast and endoplasmic 
reticulum. In other words, the presence of an 
additional motif M2 (CBF1/2 binding) was 
necessary to activate the genes whose products 
are to be transported to chloroplast and 
endoplasmic reticulum. The CBF3 (M1) target 
gene products are transported to nucleus, 
mitochondria and chloroplast. This suggests 
that CBF transcription factors activate genes 
with a wide range of functions. 

From Fig 5b it can be observed that all of 
the genes of the gene sets containing only the 
CBF3 (M1) motif are activated during the 
stress response, however M1 synergizes with 
different motifs and thus participates in several 
biological processes. On the other hand, genes  

* http://www.arabidopsis.org/tools/bulk/go/index.jsp 
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containing the motif M6 (WRKY) are involved 
in stress response, other metabolic processes 
and other physiological processes. 

From Fig 5c it can be observed that major 
roles of CBF targets are TF activity, other 
enzyme activity, and transportation. Major 
roles of WRKY (M6) targets are enzymatic 
activity, binding and hydrolase activity. Since 
CBF TF is the major regulator of the cold 
acclimation process in Arabidopsis9, the 
targets of CBF identified using this approach 
would increase the understanding of the cold 
acclimation process at the molecular level in 
the plant Arabidopsis. 

Analysis of the promoter regions of 
the up-regulated targets 

The distribution of different motifs in the 
upstream region of the gene can be seen in 
fig6. In the majority of cases, the CBF3 (M1) 
motif is preferentially located in the -100 and 
the -200 region of its direct targets. Similar 
observations were made in [17]. Amongst the 
targets that are under the combinatorial control 
of CBF3, the location of the CBF3 motif varies 
between -1 and -400. Thus, it can be inferred 
that CBF3 has a profound affect when bound 
to its binding site located between -100 and   -
200. Binding sites of CBF1 and CBF2 show 
similar properties. However, binding sites for 
WRKY are spread throughout the upstream 
region. It was also observed that motifs with 
combinatorial control are placed more closely 
to each other in the upstream promoter region.  

Cellular localization Biological Process Molecular Function

Motif Group C
hl

or
op

la
st

O
th

. M
em

b
O

th
. C

el
lu

la
r C

om
p.

O
th

. I
nt

ra
ce

llu
la

r C
om

p.
M

ito
ch

on
dr

ia
N

uc
le

us
Ex

tra
ce

llu
la

r
Pl

as
m

a 
M

em
br

an
e

En
do

pl
as

m
ic

 R
et

ic
ul

um

O
th

er
 M

et
ab

ol
ic

 P
ro

ce
ss

es
s

Pr
ot

ei
n 

M
et

.
Tr

an
sp

or
t

Tr
an

sc
rip

tio
n

Si
gn

al
 T

ra
ns

du
ct

io
n

O
th

. B
io

lo
gi

ca
l P

ro
ce

ss
es

O
th

er
 P

hy
si

ol
og

ic
al

 P
ro

ce
ss

es
El

ec
tro

n 
Tr

an
sp

or
t

Ab
io

tic
 o

r B
io

tic
 S

tim
ul

us
St

re
ss

 R
es

po
ns

e
C

el
l o

rg
an

iz
at

io
n 

& 
bi

og
en

es
is

Tr
an

sf
er

as
e 

ac
tiv

ity
O

th
 E

nz
ym

e 
Ac

tiv
ity

ki
na

se
 a

ct
iv

ity
Tr

an
sp

or
te

r
D

N
A 

or
 R

N
A 

bi
nd

in
g

Tr
an

sc
rip

tio
n 

fa
ct

or
H

yd
ro

la
se

 
O

th
er

 M
ol

ec
ul

ar
 F

un
ct

io
n

O
th

er
 b

in
di

ng
N

uc
le

ot
id

e 
bi

nd
in

g
St

ru
ct

ur
al

 m
ol

ec
ul

e 
ac

tiv
ity

M1
M2
M1M2
M6
M1M6
M2M6
M1M2M6
M7M11M12
M1M6M13
M3M13
M6M13
M7M11
M12
M1M2M6M13
M1M5M6
M1M5M13
M11M12
M2M5M6M13
M2M13
M2M5
M1M3M6
M7M12
M1M2M5M6
M2M5M6
M11
M7
M5
M5M6
M3M6

Fig.5a Fig. 5b Fig. 5c

Fig. 5 Functional annotation of the up-regulated genes obtained from the TAIR database. All the 
annotations that represent more than 10% of the genes in the gene set were considered.
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Fig. 6 Distribution of binding sites in the upstream regions of all of the up-regulated genes. Numbers refer 
to the number of copies of binding sites in a given region. Labels in bold refer to the gene set label. The 
1000 bp long upstream region of the genes are divided into 10 equal parts. Each square represents 100 
bases and the right most square is nearest to the transcription initiation site (base positions -1 to -100). 
Numbers in squares represent total number of motifs at that location in the genes in the gene set. 

Fig. 7 Over-represented motif in the upstream 
region of the gene set M1. Logo generated from the 
MEME28 and WEBLOGO29 programs. The genes in 
the gene set M1 were analyzed. 
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Analysis of the promoter regions of 
the down-regulated targets 
Comparison of Fig. 6 and Fig. 11 (see 
Supplementary Data) suggests that the location 
of motifs in up-regulated and down-regulated 
genes is similar. This indicates that the 
location of motifs is perhaps not a very 
efficient factor in discrimination of up-
regulated genes from down-regulated ones.  

Gene regulatory network for up-
regulated genes 
Fig.8 gives an overview of the previously 
known targets that were detected by the 
approach. An interesting observation from the 
results is that the CBF3 gene is probably 

regulated by the WRKY proteins. This 
observation is supported by the facts that the 
CBF3 gene is expressed after the WRKY gene 
and that the CBF3 gene has a binding site for 
WRKY (M6). However, no information about 
CBF3 being regulated by WRKY was found in 
the literature. As mentioned in [9], both 
RAP2.1 and RAP2.6 are regulated by the CBF 
genes. Targets of these proteins were not 
studied in this project, as their binding sites are 
not known. Genes COR47 and COR78 were 
over-expressed by both CBF1 and CBF3 in [17 
and 18]. The same could be observed in the 
obtained results.  

RAP2.1

RAP2.6

Known from Thomashaw et al., and Maruyama et al., 

Known from Thomashaw et al.,

Transcription Factors

Previously Known targets

Previously Unknown targets

Contrasting hits

At2g23120
COR78

COR15b

ERD10

COR6.6

XERO2

LEA14ATGo1S3

COR47

T1P17

DOF/GATA

TCP

CBF 1/2

ZAT10

WRKY

CBF3 AtERF5,6

Fig. 8 Partial network of up-regulated genes with previously known targets from literature. This network 
was drawn manually in order to focus some of the hits found using the proposed approach. These hits were 
also supported by various wet lab experiments9,17. Apart from the known regulators of the targets, 
previously unknown regulators were also detected. In [17] the gene T1P17 was up-regulated by CBF3 
over-expression. However, in this project, this gene was detected as a target of WRKY protein. This is a 
contrasting hit. 
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Distribution of motifs in up-
regulated and down-regulated genes  
The genes are considered to be up-regulated or 
down-regulated because of the presence of the 
motif or motif combination in the upstream 
region. Thus, it could be expected that the 
frequency of the motifs or motif combinations 
vary amongst the up- regulated and the down-
regulated genes. Pie charts were developed [fig 
9] for comparative analysis of the frequencies 
of the motifs in these genes. As could be seen 
from fig. 9, the frequencies of motifs vary 
considerably amongst up-regulated and down-
regulated genes. 

Tests for statistical significance 
As discussed in the methods section, a 
statistical significance test was conducted by 
applying equation 6 to determine the likeliness 
of the ORFs in gene sets being co-regulated 
and that the over represented motif(s) in their 
upstream region is a binding site for the 
common regulating factor. 

Table 4 holds the values for the tests for 
significant difference between the means of the 
targets and the genome at every time-point. If 
the score is positive, it should be greater than 
the threshold value of 3.323 (p < 0.001) and if 
it is negative then it should be lesser than -
3.323 (p < 0.001) in order to be significant. 
The threshold value is obtained at t0.001(2)v. 

 Fig 10 can be used as a reference for 
understanding table 4. As can be seen from fig 
10, mean expression profiles of the CBF3 
(M1) gene set and the genes in a set of 302 
genes are different. The significance of the 
difference between their profiles can be 
verified from table 4. As the scores at various 
time-points are significantly above the 
threshold, it could be suggested that the genes 
in the M1 gene set are co-regulated and CBF3 
TF (M1) is the regulating factor. 

EC scores for results from option 2 are 
shown in table 5 (Supplementary Data). In this 
project, EC scores are also considered for 
comparison of results from option 1 and 
option-2. For each result, the average of the 
number of EC scores that are above their 
respective thresholds and the total number of 
EC scores available is considered. Thus in the 
results from option 2 [table 5], out of the total 
of 12 gene sets that contain an EC score, EC 
scores for 7 gene sets are above their 
respective threshold. Thus the average for EC 
scores from option 2 is 0.58. In the results 
from option 1 [table 3a], out of the total of 15 
gene sets that contain an EC score, EC scores 
for 13 gene sets are above their respective 
threshold. Thus the average for EC scores from 
option 1 is 0.87. Since the average for the EC 
scores is greater for option 1 than option 2 it 
can be inferred that the results from option 1  
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Fig. 9a Percentage of up-regulated genes 
regulated by various motifs 

Fig. 9b Percentage of down-regulated genes 
regulated by various motifs 

Fig. 9 The spread of regulation of different motifs in up-regulated and down-regulated genes 
respectively. CBF TF (M1 & M2), ATERF5/6 TF (M5), WRKY TF (M6) regulates greater 
numbers of up-regulated genes than down-regulated genes. In contrast, RAV1 TF (M3), CCA1 
(M7), SP1(M8) and TFs binding to DOF box and GATA box (M11,M12) regulate a larger 
number of down-regulated than up-regulated genes. In general, TFs that regulate large numbers of 
up-regulated genes regulate few numbers of down-regulated genes and vice-versa. 



 

17

might be preferred to the results from option 2. 
Thus results for option 1 are stated here, and 
the results from option 2 are shown in the 
supplementary material [table 5]. 

Analysis and discussion 
An attempt was made to infer the gene 
regulatory network underlying the cold 
acclimation process in the plant Arabidopsis 
thaliana. The gene regulatory network was 
derived by combinatorial analysis of mRNA 
expression data and upstream sequence data. 
The network was evaluated from known 
literature evidence and statistical tests. 

Functional annotations were used to study the 
processes in which the regulating gene takes 
part. Functional annotations are useful to study 
the changes that occur in the plant cell to resist 
cold and genes that bring about these changes. 
From the results obtained by option 1, the 
following observations were made regarding 
individual TFs: 

CBF3 
• The CBF3 motif (M1) synergizes with 

motifs of M6 (WRKY binding), M3 (RAV1 
binding), M5 (AtERF binding) and M13 
(ZAT10 binding).  

Fig. 10 Mean expression 

ratios of up-regulated M1 

gene set and the genome. 

As evident from the graph 

the targets of CBF3 (M1) 

and GATA box binding 

proteins (M12) initiate to 

express within half an 

hour of exposure to cold 

but have a delayed peak 

expression level.

Mean Expression values
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Genome

M1

M12

Gene Set 0.5 1 4 8 24 168 
M1M2 -0.79 -5.44 -2.1 77.56 594.31 63.92 
M1M6 -2.37 -10.28 -11.86 1.26 66.66 -1.16 
M2M6 -2.99 -13.68 -20.88 -32.18 -44.17 8.76 
M2 -4.54 -14.59 -16.06 -31.79 -46.32 -15.87 
M1 -3.64 -12.68 5.33 63.61 75.95 48.74 
M6 -4.7 -11.03 29.93 91.17 98.12 5.34 
M1M2M6 -2 -8.51 35.86 319.19 513.9 303.53 
M2M6M13 -1.55 -5.23 -3.2 -16.1 -3.78 -2.88 
M12 -5.02 -18.8 -27.31 -44.48 -36.11 4.36 
M11M12 -2.73 -13.18 -27.35 -55.72 -58.6 -13.61 
M2M13 -1.27 -0.23 -5.06   -20.77 -24.91 0.94 
M2M5 -0.8 -3.04 -6.55 -20.76 -27.85 -8.53 
M11 0.1 -9.64 -15.13 -22.92  -0.49 -2.63 
M7 -1.15 -5.92 -11.76 -23.88  -22.26 -6.23 
M5M6 -1.27 -5.92 -5.51 -20.06 -30.06 -9.67 

Table 4 Statistical test results for differences in means for up-regulated genes 
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• It does not synergize with the M7 (CCA1 
binding), M11 (GATA box) or M12 (Dof 
box) motifs. 

• In most of the cases it is preferentially 
located in the -100 to -400 region of its 
downstream targets17. 

• Most of its downstream targets have TF 
activity, enzymatic activity and transport 
activity. 

• Most of the direct targets of CBF3 are 
activated during the stress response9, 16 and 
are located in nucleus, mitochondria and 
chloroplast. 

CBF2/1 
• Downstream targets of CBF2/1 have 

transportation activity, enzymatic activity 
and binding activity. 

• Most of the CBF2/1 direct targets take part 
in physiological and metabolic 
processes9,17. 

• Targets of CBF2/1 are localized in 
membranes and cellular components. 

WRKY 
• Targets of WRKY have enzymatic 

activities, hydrolase activity and other 
binding activity. 

• From the obtained results, it could be 
suggested that one of the WRKY proteins 
might regulate the CBF3 gene. 

• The WRKY binding motif (M6) synergizes 
with the M5 (AtERF binding), M3 (RAV1 
binding), M1 (CBF3 binding), M2 (CBF 1, 
2 binding) and M13 (ZAT10) motifs. 

• Targets of WRKY are activated during 
physiological and metabolic processes and 
are localized in chloroplast, membranes and 
intracellular components. 

RAV1 
• The RAV1 motif (M3) synergizes with the 

M1 (CBF3 binding), M6 (WRKY binding) 
and M13 (ZAT10 binding) motifs. 

• The RAV1 gene is not regulated by CBF or 
other TFs that were studied in this project. 

• From the obtained results, it could be 
suggested that the RAV1 protein does not 
regulate genes independently, instead it 
always regulate its target genes in 
association with other regulators such as 
CBF3 and WRKY. 

• Most of the targets genes regulated by 
RAV1 act as TFs. 

• Synergies of RAV1 with CBF3 and WRKY 
could be supported by the fact that even 
though gene expression profiles of RAV1 
were high throughout the experiment [9], 
the targets under combinatorial control of 
RAV1 were not activated until CBF3 and 
WRKY proteins were available. 

Dof / GATA 
• Gene producing Dof /GATA binding TF is 

regulated by CBF3 but the TF does not 
synergize with CBF. 

• Most of their targets have enzymatic 
activity and kinase activity. 

• Most of their targets take part in 
transcription process, metabolic process 
and physiological process and are localized 
in nucleus, chloroplast, mitochondria and 
other membranes. 
As could be observed from the analysis of 

the results, many of the observations made in 
this work are not found in the literature. Apart 
from generating a regulatory network, this 
work also resulted in exploring the general 
characteristics such as functional annotations 
and promoter regions of all the targets. 

It could be suggested from the results that 
option 1 works well in the present context. 
However there could be instances where the 
transcript levels of the regulatory gene 
fluctuates (i.e., there could be more than one 
peak in the expression level), also there could 
be instances where the target gene waits for the 
availability of the second regulator. In such 
instances, the expression of the target gene 
would not initiate immediately after the 
expression of the regulator gene and could be 
delayed by several time-points. Option 1 does 
not consider such cases. Option 2 has definite 
advantages over option 1 in handling such 
cases and it is promising, but it needs to be 
improved further in order to get better results 
by considering factors such as protein 
degradation time. In general, option 2 would 
be better at detecting targets if additional 
constraints are added to it.  

 In general, the results obtained by 
implementing this approach are satisfactory, 
but there are factors such as transcription rate, 
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mRNA degradation rate, translation rate, and 
polypeptide post-translational modification 
rate that play important roles in regulation but 
which are currently ignored here. However, 
various data requirements need to be fulfilled 
in order to include any or all of these factors in 
the analysis. Due to non-availability of the 
data, these factors were ignored in this project. 
An additional characteristic of the genetic 
networks that is yet to be addressed is feed-
back loops. In feed-back loops, regulatory 
proteins control their own genes by a process 
called auto-regulation. The current approach is 
incapable of detecting feed-back loops. Also, 
only 15 TFs were studied here [table 1], while 
there are in total 48 TFs that are up-regulated 
more than 3-fold during the experiment in [9]. 
Some or all of those TFs might also have a 
significant role in regulation of the cold 
acclimation process. They were not studied 
here because their binding sites are not known. 
In future versions, a more complete genetic 
network may be obtained by including these 
TFs in the analysis. 

Conclusions 
An attempt was made to infer genetic networks 
by comparative analysis of gene expression 
data, DNA sequence data and functional 
annotations. This approach resulted in a 
genetic network of 207 genes (both up-
regulated genes & down-regulated genes) 
[Table 6 in Supplementary data]. On 
evaluation of the network, it can be proposed 
that the obtained network has a major role in 
the cold acclimation process in the plant 
Arabidopsis thaliana. By observing the 
network it can be suggested that the 
combinatorial control is a major factor in gene 
regulation. From the obtained results, it could 
be concluded that it is possible to produce 
larger models of genetic networks merely from 
a single set of gene expression data and 
upstream sequence information. Also, the 
results thus obtained give a good holistic idea 
of the most probable regulators of the genes of 

interest. In my opinion, comparative analysis 
of gene expression data (EC scores), DNA 
sequence data (motif locations) and functional 
annotations obtained from a rule-based 
statistical approach seems to offer greater 
confidence in the results than the results that 
are obtained from approaches using only 
probabilities or machine learning approaches 
that ignore sequence data and functional 
annotations. No publications were found that 
applied machine learning approaches to infer 
the genetic network responsible for the cold 
acclimation process in Arabidopsis. Further 
wet lab experiments could throw a light on the 
specificity of the results obtained.  

Future work 
The Arabidopsis genome contains 
approximately 27,000 annotated genes*. Out 
of these, 8,000 genes were studied in [9] of 
which 302 genes were analyzed here for their 
role in cold acclimation process. From the 
results obtained from this work, 207 genes are 
suggested to be the targets of the 15 TFs that 
were studied [table 1]. More targets of these 
TFs could be found by comparative analysis of 
the promoter regions and the functional 
annotations of the remaining 19,000 genes i.e., 
an attempt can be made to construct the gene 
regulatory network at the genomic level for the 
cold acclimation process in Arabidopsis
without considering gene expressions data. 

As stated earlier, while considering option 
2 protein degradation rates would be extremely 
useful in this approach and better results using 
option 2 could be obtained if the lifetime of a 
TF could be predicted. In the near future, we 
plan to extend the approach further by 
implementing more biological factors in the 
analysis and building a generalized iterative 
rule-based statistical tool that utilizes 
mathematical models in inferring gene 
regulatory networks. 

* http://www.arabidopsis.org/info/agilinks.jsp 
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Supplementary Data 

Results from option 2 

M13 [0.06, 0.18] 
M11 [0.5, 0.27] 
M2M6M12M13 [1.0, 0.22] 
M6M13 [0.10, 0.14] 
M6 [0.13, 0.11] 
M6M12 [0.17, 0.27] 
M1 [0.5, 0.27] 
M6M11M12 [0.0, 0.22] 
M2 [0.1, 0.20] 
M2M11M12 [0.33, 0.22] 
M1M2 [1.0, 0.22] 
M2M6 [0.36, 0.19] 
M2M12M13 - 
M1M11M12 - 
M1M2M9M11 - 
M6M11 - 
M2M6M13 - 
M2M7M11M13 - 
M2M6M11M12 - 
M1M13 - 
M1M2M6M13 - 
M1M2M6M9M11M12M13 - 
M1M7 - 
M1M7M11M13 - 
M1M5M6M7M11M12 - 
M1M5M9M11M12M13 - 
M1M2M6M7M11M12M13 - 
M2M3M7 - 
M9 - 
M6M11M12M13 - 
M1M6M12 - 
M7M12M13 - 
M2M5M6M13 - 
M2M13 - 
M2M6M12 - 
M1M2M11M13 - 
M2M3M5M13 - 
M1M6M11M13 - 
M2M6M11M12M13 - 
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M1M6M7 - 
M5M6 - 
M9M12 - 
M1M7M12M13 - 
M11M12 - 
M1M3M6M11 - 
M2M3M8 - 
M2M6M11 - 
M2M9 - 
M2M7M12 - 
M1M6M11M12 - 
M12M13 - 
M1M6M11 - 
M1M3 - 
M2M6M8M13 - 
M1M2M6M7M12 - 
M12 - 
M1M6M12M13 - 
M6M7M11M12 - 
M3M12 - 
M2M6M7M11M12 - 
M7M12 - 
M2M3M5M6 - 
M1M2M6M12M13 - 

Table 5 EC scores for the up-regulated gene sets. For explanation see Table 3. 
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Results from Option 1: 
-1

00
0
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-5
00
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00

-3
00

-2
00

-1
00

M13 0 0 0 0 0 1 1 0 0 0

M12 5 3 8 6 5 7 6 9 6 5
M6M13
M6 2 1 2 1 3 1 1 0 2 0
M13 0 1 0 0 0 2 0 2 1 0
M11M12
M11 4 9 3 9 6 7 5 4 7 10
M12 13 11 21 14 19 18 19 14 20 14

M11 3 2 3 3 6 4 3 2 4 8

M7 0 0 0 0 1 0 0 0 1 1
M7M11
M7 0 0 0 1 1 0 0 1 0 0
M11 2 1 1 2 2 0 2 0 0 2

M5 0 0 0 0 0 0 0 0 0 1

M2 0 0 1 0 0 0 0 0 1 0
M7M12
M7 0 0 0 0 0 0 0 1 0 0
M12 0 0 0 1 1 1 2 2 1 3
M3M6
M3 1 0 1 3 2 0 2 1 3 2
M6 0 1 0 1 0 2 5 0 3 1

M1 0 0 0 0 0 0 0 0 1 1
M1M6
M1 0 1 0 0 0 0 0 0 0 0
M6 0 0 0 0 2 0 0 0 1 0

M3 1 0 3 2 0 0 0 0 1 1

most probable region for binding

Fig. 11 Distribution of binding sites in the 
upstream regions of all of the down-regulated 
genes. For explanation see fig.6. 

Motif Groups Targets 

M1M2 AT1G09350 AT1G46768 AT4G17550 AT2G23120 AT1G43160 

M7M11M12 AT1G60470 

M1M6M13 AT2G47180 

M1M6 AT5G20830 AT4G33070 AT2G39710 AT2G22590 AT1G47710 AT4G27820 
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AT2G34930     AT1G10370    AT1G10410     AT4G24780 

M2M6 AT4G27560 AT2G28550 AT2G02120 AT4G34740 AT1G22730 AT5G44110 

AT1G61380 AT1G12370 AT4G19120 AT2G40610 AT4G19420 AT5G64100 

AT4G00780     AT4G33960 

M3M13 AT5G08640 

M2 AT3G47500 AT3G21490 AT1G60190 AT3G55610 AT2G31380 AT4G18390 

AT5G08620 AT1G08920 AT3G51895 AT5G52300 AT4G15430 AT1G16410 

AT1G04350 AT2G19310 AT4G27450 

M1 AT3G61890 AT2G17840 AT1G20450 AT2G15970 AT2G42530 AT5G15970 

AT2G23760 AT2G47890 AT2G28900 AT5G06760 AT4G21570 AT4G14540 

AT1G55020 

M6 AT4G38960 AT4G12480 AT2G31360 AT1G54000 AT5G66390 AT3G22840 

AT3G47800 AT4G25490 AT1G21670 AT2G28400 AT4G23500 AT3G15450 

AT1G28670 AT2G35690 AT4G15550 AT1G51400 AT1G64780 AT1G69530 

AT2G39700     AT4G37520    AT4G13830 

M1M2M6 AT1G08890 AT1G01470 AT5G52310 AT4G36010 AT1G04570 

M6M13 AT1G10550 AT4G01870 AT3G53260 AT1G30640 AT1G49450 

M2M6M13 AT4G22470 AT4G33980 AT1G03520 

M7M11 AT1G52100 AT5G24160 AT2G29420 AT1G62480 

M12 AT2G14610 AT1G15440 AT4G21410 

M1M2M6M13 AT1G20440 

M1M5M6 AT3G50970 

M1M5M13 AT4G15910 

M11M12 AT1G14170 AT4G34990 AT2G18890 AT4G12750 AT2G22990 AT2G38870 

AT3G16460     AT4G19530    AT3G26740     AT1G23205    AT2G34170    AT2G35820 

M2M5M6M13 AT3G21150 

M2M13 AT4G33550 AT2G37170 

M2M5 AT1G62180 

M1M3M6 AT5G15850 

M7M12 AT4G25730 

M1M2M5M6 AT4G27520 

M2M5M6 AT4G22690 

M11 AT2G29340 AT5G07700 AT1G76680 AT4G35770 AT5G52640 AT2G24150 

M7 AT2G20260 AT3G46780 

M5 AT4G39780 

M5M6 AT2G46330 AT4G38840 
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M3M6 AT1G11050 

Table 6a Gene Regulatory Network of up-regulated genes 

Motif Groups Targets 

M13 AT5G18170 AT4G26160 

M12 AT1G28670 AT4G14540 AT1G23860 AT4G21410 AT4G13830 

M6M13 AT2G35690 AT1G21270 AT4G14400 

M11M12 AT1G55920 AT1G69490 AT2G33480 AT2G38870 AT2G39700 AT1G04350 

AT4G28270 AT2G37130 AT4G37520 AT2G35820 AT4G27450 AT4G33960 

M11 AT4G22690 AT2G23600 AT2G29340 AT5G07700 AT1G09140 AT4G37800 

AT4G35770 AT4G00780 

M7 AT1G16410 AT2G20260 AT2G30810 

M7M11 AT1G51400 AT4G40060 AT1G62480 

M5 AT4G39780 

M2 AT2G37170 AT2G19310 

M7M12 AT1G64780 

M3M6 AT1G11050 AT3G26740 AT2G24150 

M1 AT1G55020 AT2G16660 

M1M6 AT2G29420 

M3 AT2G22660 

M8M11M12 AT4G35750 

Table 6b Gene Regulatory Network of down-regulated genes 
Table 6  Gene Regulatory network for both up-regulated and down-regulated genes. In the left column are 
the codes for the transcription factors that are predicted to regulate the genes mentioned in the right column. 
The locus ID for the regulatory gene for the TF codes mentioned in the left column can be found in Table 2. 

Gene Set 0.5 1 4 8 24 168 
M13 0.5 -5.92 -10.61 -20.7 -23.26 -14.79 
M12 -2 -9.31 -16.02 -30.11 -45.32 -6.46 
M6M13 2.29 -0.82 1.31 -8.6 -25.27 -15.63 
M11M12 -2.98 -14.22 -15.57 -33.43 -36.67 -15.15 
M11 -2.51 -11.7 -20.68 -48.35 -36.4 7.78 
M7 -1.55 -7.24 -13.46 -27.95 -17.75 -10.1 
M7M11M12 -2 -9.31 -14.7 -33.8 -41.94 0.26 
M7M11 -1.55 -7.24 -12.31 -28.16 -11.57 6.01 
M2 -1.03 -4.69 -6.92 -13.97 -14.09 0.12 
M3M6 1.64 -6.01 -8.57 2.57 4.01 -7.08 
M1 -1.27 -4.61 -9.22 -24.69 -7.69 11.47 
Table 7 Statistical test results for differences in means for down-regulated 
gene 


