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Abstract 

 
Understanding of gene regulatory networks requires discovery of expression modules within gene co-expression 

networks and identification of promoter motifs and corresponding transcription factors that regulate their 

expression. A commonly used method for this purpose is a top-down approach based on clustering the network 

into a range of densely connected segments, treating these segments as expression modules, and extracting 

promoter motifs from these modules. Here, we describe a novel bottom-up approach to identify gene expression 

modules driven by known cis-regulatory motifs in the gene promoters. For a specific motif, genes in the co-

expression network are ranked according to their probability of belonging to an expression module regulated by 

that motif. The ranking is conducted via motif enrichment or motif position bias analysis. Our results indicate 

that motif position bias analysis is an effective tool for genome-wide motif analysis. Sub-networks containing 

the top ranked genes are extracted and analyzed for inherent gene expression modules. 

This approach identified novel expression modules for the G-box, W-box, site II, and MYB motifs from an 

Arabidopsis thaliana gene co-expression network based on the graphical Gaussian model. The novel expression 

modules include those involved in house-keeping functions, primary and secondary metabolism, and abiotic and 

biotic stress responses. In addition to confirmation of previously described modules, we identified modules that 

include new signaling pathways. To associate transcription factors that regulate genes in these co-expression 

modules, we developed a novel reporter system. Using this approach, we evaluated MYB transcription factor-

promoter interactions within MYB motif modules. 
 

1. Introduction 

 
The advancement in technologies in recent years has resulted in many large data sets cataloging the biological 

systems at various levels. Biological networks inferred from these data have become an important tool to 

describe and analyze biological signalling systems . Depending on the sources of the data, different biological 

networks include information on protein-protein and protein-DNA interactions, or network structures for gene 

coexpression,metabolism, phosphorylation, and yet other structured sets that integrate diverse data sources. 

Identifying novel signalling or gene expression modules from these networks has become a major goal of 

systems biology. Plant biological networks are mainly gene co-expression networks based on large-scale 

transcriptome data. Relatively few studies on protein-protein interaction , protein-DNA interaction  or 

phosphorylation have been reported. The gene co-expression networks consist of nodes representing genes and 

edges representing connections between nodes. An edge between two genes indicates that they have similar 

expression patterns under various biological conditions. The pair-wise gene expression similarities are mostly 

measured using the Pearson correlation coefficient . In addition, association measurements have also been 
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derived using Mutual Rank , the Spearman correlation coefficient , and the partial correlation coefficient  

methods. Plant functional networks integrating multiple data types, including co-expression, have also been 

reported . 

Once generated, these co-expression networks are used to identify expression modules to extract biological 

meaning. An expression module includes a subset of genes from within the 

network that are highly interconnected with each other but show only limited connection to genes outside the 

subset. Expression modules usually represent groups of co-expressed genes with condition-specific similar or 

same expression patterns, suggesting that they likely belong to gene expression units regulated by the same 

transcription factor(s) (TF).  

 

2. Related work 

 
Various network clustering methods have been used to identify such modules from plant gene co-expression 

networks. These include Markov chain clustering (MCL) , IPCA , NeMo algorithm , and HQcut . In these 

methods the clustering algorithms while searching for modules only consider the topology and connectivity of 

the networks but fail to take into account the properties of the nodes or the genes such as promoter sequences 

Motifs in the promoters are only searched after the modules are extracted. This represents a top-down strategy. 

Here, we describe a bottom-up approach to identify expression modules from a previously published 

Arabidopsis thaliana gene coexpression network based on the graphical Gaussian model Our major interest is to 

understand how known promoter motifs are distributed across the gene network and to identify gene expression 

modules that these motifs might regulate. For any given motif, every gene in the network was first analyzed to 

calculate its probability of belonging to an expression module regulated by that motif. Then, all the top ranked 

genes were used to extract a subnetwork from the original gene co-expression network. From this sub-network, 

the modular structures will self-manifest, thus enabling discovery of novel signaling pathways. I used this 

approach to successfully identify novel expression modules for four well studied motifs - G-box, MYB, W-box, 

and site II element. I validated our predicted promoter-motif interactions using a novel in vivo reporter assay 

system. The bioinformatics program described here can be used to extract expression modules for any motifs of 

interest. 
 

3. Methods and Materials Used 

We used an Arabidopsis gene co-expression network based on the Graphical Gaussian model described before 

.The software package GeneNet was used when constructing the network .From this network, 120,276 gene 

pairs with absolute values of partial correlation co-efficient .= 0.05 (pValue,= 7.03E-49) were chosen for the 

analysis, which contained 16,456 genes The Arabidopsis promoter dataset was downloaded from TAIR 

(ftp://ftp.arabidopsis.org/Sequences/blast_datasets/ TAIR10_blastsets/upstream_sequences/ 

TAIR10_upstream_1000_20101104). The promoters are defined as the first 1,000 bp upstream of the 59 UTR or 

upstream of translation start codon if no 59 UTR data were available of the 33,602 TAIR 10 gene loci. 

Our algorithm works with any promoter motifs described as IUPAC consensus word sequences, consisting of 

the nuclides A, C, G, T, and wobble nucleotides r (A or G), y (C or T), s(G or C), w (A or T), m(A or C), k (G 

or T), or n (any base). Many plant promoter motifs are registered as such consensus word sequences in the 

AGRIS and PLACE databases [82,83]. We chose four wellknown motifs for the current study . 

 

Motif enrichment analysis 

Motif enrichment was assessed based on hypergeometric distribution. For a given motif, a pValue of motif 

enrichment was calculated for every gene in the network. Suppose a gene and all the genes immediately 

connected with it form a group of genes with M promoters in total, and a motif presents in m promoters among 

them. Within the K promoters in the whole Arabidopsis genome, the motif presents in k promoters. 

 

Motif position bias analysis 
Motif position bias towards TSS was assessed based on the uniform distribution .For a given motif, a z-score of 

motif position bias was calculated for every gene in the network. 

Suppose a motif appears n times in the promoters of a gene and all the immediately connected genes. The 

locations of these n motif instances relative to TSS is p1,p2,…,pn, and their mean value is p. 

 

Network visualization and GO analysis 
For a given motif, genes with pValue of motif enrichment smaller or equal to cut-off were selected. A sub-

network was extracted from the gene co-expression network for these genes. A sub-network can also be 
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extracted for all the genes with z-score value larger or equal to a selected cut-off value. Network visualization 

was carried out using the neato program with the stress Majorization’’ algorithm which is included in the 

software package Graphviz 2.21 . The lay-out of the sub-network is then visually inspected for modules. GO 

enrichment analysis was then conducted by genes within these modules. 

 

Permutation calculations 
Permutation experiment on randomized promoters was carried out to measure false discovery rate. Two steps 

were employed to randomize promoter sequences. First, each of the 33,602 

promoter sequences in the TAIR Arabidopsis promoter dataset was randomized within itself. The order of 

nucleotides was completely shuffled but the total numbers of each type of nucleotide were kept the same. Then 

the resulting promoter sequences were randomly assigned to each of the 33,602 genes without replacement. 

Gene expression module discovery was then carried out on these randomized promoters and false discovery rate 

calculated. We used an in-house developed software package called MotifNet-work to conduct the above 

mentioned motif enrichment analysis, motif position bias analysis, sub-network extraction, and permutation 

analysis. 

 

4. Conclusion 
 
In conclusion, we provide a robust approach useful for the identification of gene co-expression modules 

regulated by known promoter motifs that can be extracted from gene co-expression networks. These predicted 

TF-promoter interactions could be verified easily using a novel rapid screening system based on SGR reporter 

gene expression. The algorithm will be available freely for downloading to aid in the identification of expression 

modules based on motifs selected by the user. 
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