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Abstract 
 

The response of plants to environmental stress spans several orders of magnitude in time and 

space, causing system-wide changes. These changes comprise of both protective responses and 

adverse reactions in the plant. Stresses like water deficit or drought cause a drastic effect in crop 

yield, while concomitantly agriculture consumes 1/3rd of the fresh water available to us and there 

is widespread water scarcity around the world. It is, hence, a fundamental goal of modern 

biology and applied biotechnology to unravel this complex stress response in laboratory model 

plants like Arabidopsis and crop models like rice. Such an understanding, especially at the 

cellular level, will aid in informed engineering of stress tolerance in plants. We have developed 

and used integrative functional genomics approaches to characterize environmental stress 

response at various levels of organization including genes, modules and networks in Arabidopsis 

and rice. We have also applied these methods in problems concerning bioenergy. Since the poor 

knowledge of the cellular roles of a large portion of plant genes remains a fundamental barrier to 

using such approaches, we have further explored the problem of 'gene function prediction'. And, 

finally, as a contribution to the community, we have curated a large mutant resource for the crop 

model, rice, and established a web resource for exploratory analysis of abiotic stress in this 

model. All together, this work presents insights into several facets of stress response, offers 

numerous novel predictions for experimental validation, and provides principled analysis 

frameworks for systems level analysis of environmental stress response in plants. 
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1. Introduction 
 

Plants, as sessile organisms, have developed a complex repertoire of mechanisms that are 

unleashed in response to environmental stresses including water deficit or drought.  Still, 

environmental stresses cause large losses in yield and crop performance. The situation is 

compounded with enormous demands on water resources for agriculture and climatic changes 

that push towards lesser and lesser available fresh water. One of the primary aspects of any effort 

to cope with these constraints is a systematic understanding of plant stress responses at various 

scales of space and time – from single cell to the whole plant level, across growth and 

developmental stages. Towards this goal, we have pursued research that unravels such responses 

in Arabidopsis (the model plant) and rice (the crop model) through systems-level profiling of 

molecular and cellular states during response. The work presented here encapsulates 

computational systems biology approaches that have been developed and used in conjunction 

with experimental results to unravel stress response at various levels of organization including 

genes, modules and networks in Arabidopsis and rice. The following are brief descriptions of the 

six chapters in this dissertation. 

 

Chapter 1 is a comprehensive survey of the field of integrative functional genomics as applied to 

understanding molecular mechanisms in Arabidopsis. The review focuses on combining gene 

expression profiling, regulatory sequence information and functional annotations to mine 

‘regulatory programs’ – groups of cis-regulatory elements (CREs) that potentially mediate the 

transcriptional regulation of functionally coherent groups of genes. 

 

Chapter 2 describes using the principles presented in the first chapter to discover regulatory 

programs underlying drought response in Arabidopsis. Gene expression profiles were obtained 

from plants subjected to a diverse set of drought treatments – progressive, moderate and acute – 

across time points. 30 known and novel CREs were discovered and combinations of CREs were 

associated with the drought-regulated expression pattern of specific biological processes. 

 

Chapter 3 deals with ‘gene function prediction’, a fundamental challenge faced by systems-level 

efforts in Arabidopsis due to lack of any functional annotations for more than 50% of the genes 
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in the genome. We have explored the performance of network-based gene function prediction 

algorithms in predicting ‘specific’ functions that annotate different numbers of genes annotated 

to them, have different network topological properties and are differently conserved across 

diverse species. We have identified several avenues or gaps in functional annotations that can be 

filled by computational and experimental work in the future. 

 

Chapter 4 takes a detour from stress response to addressing a problem concerning the use of 

cellulosic plant biomass from rice for bioenergy production. Using a system-level approach 

combining gene expression profiling and independent global coexpression network analysis, we 

have discovered a novel role for the transcription factor SHN in coordinately regulating cellulose 

and lignin biosynthetic pathways. Supported by several experiments at the molecular and 

phenotypic level, we have arrived at a hypothetical transcriptional regulatory model for 

lignocellulose biosynthesis in rice. 

 

Chapter 5 presents a rice mutant compendium that contains the mapping of >200,000 insertion 

sequence tags from 11 international resources to the rice genome, together covering 

approximately 2/3rd of the protein-coding genes in rice. Furthermore, the coverage of genes of 

different sizes, and belonging to different biological processes, molecular functions have been 

surveyed. 

 

Chapter 6 summarizes a community web resource for exploratory functional genomics analysis 

of abiotic stress in rice. Using drought as an example, based on drought-responsive gene 

expression profiles across three growth stages and an independent ‘environment’ coexpression 

network, we have delineated coexpression modules that are relevant to drought response in the 

three stages. Moreover, we have cross-referenced each module of genes with functional 

annotations, regulatory sequence information and genomic positions with respect to abiotic stress 

QTLs. In addition to revealing the underling module- and network-level response to drought in 

rice, the resource offers opportunities for prediction of novel genes that could confer drought 

tolerance. 

 

All supplementary figures and tables are provided at http://treebeard.vbi.vt.edu/AK_Thesis/. 
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2. Integrative approaches for mining transcriptional regulatory 

programs in Arabidopsis 
Arjun Krishnan, Andy Pereira 

Brief Funct Genomic Proteomic. (2008) 7(4): 264-274. 

Used with permission of Oxford University Press. 

 

2.1. Abstract 
Challenges in modern biology demand a shift in focus from individual gene and protein 

components to their interacting whole. Integrating information from multiple genomic datasets is 

seen as a means to this end, capable of providing robust and accurate ways to unravel these 

functional associations. Integrative strategies, both novel and adapted from other well-studied 

organisms, are being employed in the model plant Arabidopsis thaliana to interpret genome-

wide expression, metabolic profiling and protein interaction studies. Exciting inroads are being 

made in mining and interpretation of developmental, physiological and environmental-response 

‘programs’ using sequence and functional information. The fundamental transcriptional 

regulatory logic is emerging in Arabidopsis, presently revealed as isolated conditional, spatial or 

temporal regulatory ‘modules’. This immediately calls for efforts towards assembling these 

building blocks together into a unifying model, thus creating standards for future work to 

compare with. As a young field, Arabidopsis systems biology is ripe with such an opportunity, 

now scarcely realizable in other model organisms. 

 

2.2. Introduction 
Arabidopsis thaliana, a common weed, has become the primary experimental plant model in a 

reductionist approach to dissect different aspects of plant biology (Somerville & Koornneef, 

2002). Arabidopsis was originally chosen as a genetic model because of its small size, simple 

growth requirements, short generation time and abundance of seed for genetic analysis. Genetic 

transformation can now be performed in any laboratory by simply dipping or spraying the young 

flowers in a bacterial suspension containing a plasmid for transfer to the genome. This 

methodology has facilitated the generation of millions of insertional mutants that are available 
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for genetic analysis. Extensive genetic diversity exists in the species in the form of ecotypes 

adapted to diverse locations around the world, which display tremendous phenotypic variation as 

well as DNA polymorphisms. As a model for complex eukaryotes with the advantage of being 

amenable to desired genetic manipulations, and as a reference for crop plants, Arabidopsis unites 

the understanding of biological phenomena and its application. 

 

The Arabidopsis genome sequence of ~125 Mb size was completed in 2000 (Arabidopsis 

Genome Initiative, 2000), and has been annotated to contain 27,029 protein coding genes, 3889 

pseudogenes/transposable elements and 1123 non-coding RNAs to make a total of 32,041 genes 

(TAIR7 release, http://www.arabidopsis.org/). Continuing efforts of the Arabidopsis community 

have resulted in the development of a number of genetic tools such as insertion mutagenesis to 

mutate all the genes (Alonso et al, 2003), gene expression resources and other functional 

genomics tools to enable the dissection of a multitude of biological processes 

(http://www.arabidopsis.org/portals). The objective of the Arabidopsis community is to establish 

the function of all Arabidopsis genes by the year 2010 (Chory et al, 2000). Meanwhile, the 

emerging era in plant biology is focused on the genomics-based data collection and individual 

gene studies to make sense in a systems view. 

 

2.2.1. Too much data! But, not enough data! 

Genome-wide high-throughput techniques like DNA sequencing, gene expression, metabolic 

profiling and large-scale detection of physical interaction have, like in any other organism, 

revolutionized research and discovery in Arabidopsis. They generate an overwhelming amount 

of data about the identity and/or levels of various molecules in the cell that make up its cellular 

state, providing a thorough readout of the system under consideration in high-dimensional space. 

But, each of these methodologies provides a snapshot of a slice through the complex cellular 

system, only slightly more expansive when these measurements are repeated across a spatial or 

temporal scale. Also, any of these methods by themselves produce very noisy data (due to 

experimental and biological variations) that have to be carefully analyzed and interpreted. The 

golden dream of systems biology – to understand cellular processes as interconnected and 

interdependent substructures all in the context of biological function and behavior – can be 

begun to be realized, as a first step, only by drawing from many of these experimental and other 
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knowledge-based data and integrating them to derive the underlying structure of the system. The 

basic advantages and themes of data integration are, a) support from multiple distinct evidences 

increases the confidence in any inference, and b) because different datasets cover different 

subsets of the whole system, their integration can increase the coverage of the search. 

 

2.2.2. Mining gene expression profiles 

Several novel integrative strategies, along with those adapted and extended from other well-

studied organisms, are being increasingly used in Arabidopsis research to maximize the 

interpretation from large-scale experiments, especially genome-wide expression studies. The 

immense interest in gene expression profiling stems partly from the fact that transcriptional 

regulation is a favorite point of control, both theoretically and practically. Transcriptional 

regulation is immediately seen as the conditional turning on or off of genes, which is assumed to 

directly correlate to presence or absence of their effect inside the cell (see Box 1.1). Not 

surprising is it, then, that most of the efforts towards engineering cellular systems still focus on 

directly changing gene expression features (for example (Joshi & Lopez, 2005; Verpoorte & 

Memelink, 2002)). 

 

Box 1.1: Regulation of gene expression is extremely complex 

Regulation of gene expression – the control of the amount and timing of production of the 

functional product (RNA/protein) – is very intricate in complex organisms, and especially in 

higher eukaryotes. Gene expression can be modulated in several ways by affecting one of the 

following cellular processes/states: chemical or structural modification of DNA/chromatin, 

transcription, RNA transport and degradation, translation, and post-translational modification. 

So, it is important to understand the immense simplification that is made when gene expression 

as measured by microarrays is considered to correlate with gene function, when what is assayed 

is just the regulation of transcription. 

The other point to keep in mind is that the process of transcription itself is extremely noisy. See 

Box 2 of (Komili & Silver, 2008) for an extensive explanation of the sources of noise in 

transcription. 
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The final goal of these efforts is to elucidate the transcriptional regulatory network underlying all 

the processes happening in the cell, covering all the genes in the genome, from regulatory to 

structural, signaling and catalytic molecules, under all conditions. Results from current studies 

are lighting up small isolated parts of this network, in the form of regulatory programs, each 

consisting of a few candidate regulatory (transcription factor; TF) genes and their targets tied 

together using anything from predicted functional associations to verified physical interactions. 

Many such developmental, physiological and environmental-response programs are being mined 

in Arabidopsis using integrative approaches that generally involve gene expression correlations, 

functional classification and regulatory sequence information. Genome-wide gene expression 

profiling is done mainly using the microarray technology that measures the expression levels of 

all the queried genes by quantifying the concentrations of the corresponding mRNAs isolated 

from a sample of a tissue of a given type, in a given condition, at a given time. Functional 

classification refers to assignment of descriptive terms to genes based on their broad functions or 

biological processes they participate in. Such classifications have come of age due to concerted 

efforts to standardize descriptions using controlled vocabulary such as Gene Ontology (GO) 

(Ashburner et al, 2000). Regulatory sequences here refer to the cis-regulatory elements (CREs) 

or motifs present usually in the proximal promoter region and bound by transcription factors to 

regulate the expression of adjacent genes (and hence, also called transcription factor binding 

sites; TFBSs). 

 

In the rest of the review, we will highlight, through different sections, several studies in 

Arabidopsis that integrate these different datasets using unique and derived approaches to mine 

regulatory programs. One of our main purposes would be to scan the whole breadth of 

methodologies applied and the richness of the results obtained. 

 

2.2.3. Coexpression versus Coregulation 
The basic assumption of all functional genomic studies on gene expression is that genes with 

similar expression profiles (coexpression) are regulated by the same mechanisms (coregulation) 

and participate in the same or similar function. This tenet is supported by quantitative analysis of 

coexpression data (Allocco et al, 2004) suggesting that both genes with strongly correlated 

mRNA expression profiles and those with similar functional annotations are more likely to have 
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their promoter regions bound by a common TF. It is also found that combining expression data 

with functional annotation results in a better predictive model than using either data source 

alone. 

Coexpression between two genes (correlation between their expression profiles) is quantified 

using a distance metric measuring the distance between their expression vectors, which for each 

gene is an array of values of expression of that gene across many experiments. Such a measure 

can be used to build coexpression networks of genes where genes are connected to each other 

when they have a high degree of correlation across experiments. Such networks can be readily 

used to generate several hypotheses about other members of the same pathway, physical 

interaction partners, regulators etc. Coexpression networks are being used extensively in 

Arabidopsis research, for assigning gene functions to undefined genes (Rautengarten et al, 2005) 

or novel pathway members (Persson et al, 2005). Using coexpression data for knowledge 

discovery in general has been recently reviewed (Aoki et al, 2007), and therefore only specific 

applications are discussed below. 

 

2.3. Inferring regulatory programs 
Microarray experiments produce multi-dimensional expression readouts of all the genes in a 

genome (those accessed by the platform) and it is hard to immediately discern the meaningful set 

of genes and hence the biological processes and pathways coordinating the cellular responses 

recorded by the experiment. From the raw data, expression levels of individual genes have to be 

obtained after background correction, normalization, and summarization procedures. For the 

comparison of interest between the two biological states (e.g. treatment vs. control; mutant vs. 

wild-type) an expression ratio of each gene is then obtained and tested for statistical significance 

to declare the consistently changed genes (across replications, based on their p-value at a desired 

level of significance after correcting for multiple hypothesis testing) as differentially expressed. 

So, for every comparison, all genes have an expression ratio associated with it and a subset of the 

genes is declared ‘differentially expressed’. Two excellent reviews (Clarke & Zhu, 2006; 

Nettleton, 2006) written for plant biologists discuss these ideas and their practical considerations 

more rigorously. 
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2.3.1. Gene expression clustering coupled with whole-genome functional annotations 
The lists of differentially up- and down-regulated genes are usually interpreted by searching for 

the presence and distribution of genes in different functional categories (e.g. GO or gene 

families) (Pina et al, 2005). The significance and rank of the association of any category with the 

regulated genes is assessed using a test for enrichment like the one-tailed Fisher’s exact test 

(Fisher, 1922), commonly implemented based on the cumulative hypergeometric distribution. 

Such an analysis allows the decomposition of the up- and down-regulated lists into clusters of 

genes that participate in a similar biological process or pathway (see Box 2.2). Several web-

based tools are available for performing GO enrichment analysis in Arabidopsis including 

CLENCH (Shah & Fedoroff, 2004), EasyGO (Zhou & Su, 2007), and FatiGO (Al-Shahrour et al, 

2004). 

 

Box 2.2: Gene set enrichment analysis 

To interpret a given comparison of gene expression, the conventional approach is to delineate 

and focus on a list of differentially expressed genes based on a p-value cutoff after statistical 

testing and correction for testing multiple hypotheses. There are a few major limitations in this 

approach: 

1. After correcting for multiple hypotheses testing, no individual gene may meet the threshold 

for statistical significance, because the relevant biological differences are modest relative to 

the noise inherent to the microarray technology. 

2. Alternatively, one may be left with a long list of statistically significant genes without any 

unifying biological theme, in which case interpretation can be daunting and ad hoc. 

3. Single-gene analysis may miss important effects on pathways. Cellular processes often affect 

sets of genes acting in concert. An increase of 20% in all genes encoding members of a 

metabolic pathway may dramatically alter the flux through the pathway and may be more 

important than a 20-fold increase in a single gene. 

4. When different groups study the same biological system, the list of statistically significant 

genes from the two studies may show distressingly little overlap. 

To overcome these limitations a gene set enrichment analysis (GSEA) was proposed 

(Subramanian et al, 2005), which provides an enrichment score that quantifies the degree of 

enrichment of a gene set at the top or bottom of an ordered gene list derived from the 
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experimental data set. The ordered list is the list of differentially expressed genes ranked 

according to their level of significance (increasing p-values), and gene sets are defined based on 

prior biological knowledge (for example, GO categories, members of a metabolic pathway, 

targets of a given TF etc.). Other statistical methods of performing GSEA are continually being 

developed (Backes et al, 2007b; Kim & Volsky, 2005). So, for example, instead of selecting for 

differentially expressed genes using a p-value cutoff, GO enrichment could be carried out using 

the total set of rank-ordered genes (Zhang et al, 2008), as is being increasingly used in 

Arabidopsis gene expression research (Diet et al, 2006). Tools like GeneTrail (Backes et al, 

2007a) and FatiScan (Al-Shahrour et al, 2006) provide GSEA capabilities for Arabidopsis data. 

 

A more powerful approach is to cluster the differentially expressed genes based on their gene 

expression profile similarity, and test these clusters for functional enrichment. This was 

demonstrated by a comprehensive analysis of a large dataset of microarray expression profiles 

(Schmid et al, 2005) using clustering, principal component analysis (PCA), GO category and 

gene family enrichment, and expression correlation to gain insights into the regulatory programs 

controlling development in Arabidopsis. The use of clustering originates from the assumption 

that genes with similar expression profiles have some characteristic in common, such as being 

functionally related (e.g. involved in a particular biological process or pathway), or being 

regulated by the same set of transcription factors. Clustering also makes the data more 

comprehensible and interpretable. Several clustering algorithms have been proposed and the 

choice depends on the data (Datta & Datta, 2006; Thalamuthu et al, 2006). A combination of 

these methods has also been suggested to be useful (Wang et al, 2004). Hierarchical clustering 

and PCA, which model linear relationships between genes, have been extensively used to 

analyze Arabidopsis data, but non-linear dimension reduction techniques are being introduced 

that are suggested to be superior to these conventional approaches (Katagiri & Glazebrook, 

2003). 

 

Many tools offer capabilities for clustering gene expression in general, but only a handful among 

them is compatible with Arabidopsis data when additional analysis of the resultant clusters is 

required. This is primarily due to lack of Arabidopsis gene annotations within the system. The 

TM4 suite (Saeed et al, 2006) was one of the first microarray data analysis toolboxes packed 
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with several tools for classification, dimension reduction, functional annotation and statistical 

analysis used in Arabidopsis gene expression analysis. Software like MAPMAN (Thimm et al, 

2004; Usadel et al, 2005) are extensively used by Arabidopsis researchers to project their 

expression data onto pathway structure (see below), and this tool also allows clustering of the 

expression data and using each derived cluster for pathway enrichment analysis and 

visualization. Several of the high quality microarray datasets in Arabidopsis are from time-

course experiments (e.g. AtGenExpress (Kilian et al, 2007)), where gene expression changes in 

response to a particular biological process or condition has been recorded for a few (three to 

eight) time points. In such short time-course experiments, many genes may have the same 

expression pattern just by random chance, and there are no time series repeats for cycling 

processes. Software like STEM (Ernst & Bar-Joseph, 2006) are well-suited for such data, while 

they also take into account the temporal nature of the experiment unlike general clustering 

methods. STEM, in particular, also integrates GO enrichment analysis. As previously noted, for 

general grouping of gene expression data, hierarchical agglomerative clustering is widely used, 

but the result is one continuous nested tree connecting all genes. Distinct clusters are usually 

discerned by cutting the tree at a particular level, or at different levels based on the degree of 

similarity between levels. The software MultiGO (Kankainen et al, 2006) offers another 

dimension to such analysis by using GO annotations to identify an optimal cut in the tree that 

maximizes functional enrichment of all the severed sub-trees. 

 

Performing hierarchical clustering, for instance, on both the genes and samples will allow the 

identification of global expression signatures: genes that show correlated expression across 

experimental conditions related by some identifiable criterion such as tissue type, 

developmental/differentiation state, or signaling response. But, since the clustering of genes (or 

conditions) is based on the correlation across all conditions (or genes), subsets of coregulated 

genes that might only be coexpressed in a subset of the conditions (displaying almost complete 

independence in the rest) will be lost. Classical clustering algorithms also have the drawback of 

assigning each gene to a single cluster, while many genes can be involved in different biological 

processes depending on the cellular context and, therefore, they might be coexpressed with 

different groups of genes under different conditions. Solutions to such challenges have been 

proposed and applied to Arabidopsis datasets. Fuzzy k-means clustering (Gasch & Eisen, 2002), 
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capable of identifying overlapping clusters, has been used to analyze an integrated compendium 

of stress gene expression datasets to elucidate clusters of genes characterizing the response to 

individual and combination of all stresses (Ma & Bohnert, 2007). The use of biclustering 

methods, which perform clustering in the two gene-condition dimensions simultaneously, has 

also been initiated in Arabidopsis to mine local expression signatures (Bleuler et al, 2004; Prelic 

et al, 2006). 

 

Many time-course and conditional response experiments exist for other species, which are hard 

to compare because of discrepancies in the platform or non-identical experimental conditions and 

controls. A unique resource in Arabidopsis – AtGenExpress (Kilian et al, 2007) – contains 

genome-wide expression profiling data from a large and diverse collection of conditional time-

course experiments (encompassing a wide range of abiotic and biotic treatments, the application 

of plant hormones and chemical treatments) using the same technology platform and reference 

conditions. This data can immediately be seen as three-dimensional gene-condition-time profiles. 

This 3D dataset has been analyzed (Strauch M, 2007) using a two-step clustering approach, to 

first cluster the genes over all time-points under one condition and then, as a second step, follow 

the identified significant clusters through the condition dimension. In this manner, the initially 

discovered clusters were classified into coherent (similar response under all conditions), single-

response (specific response to a single condition), or individual-response (coregulated under 

different conditions with different response patterns) programs, depending on the profile patterns 

that emerge when viewed across conditions. Biological processes captured by these programs 

were identified using GO categories. 

 

2.3.2. Promoter analysis and assignment of regulatory mechanism 
Evolutionarily increasing diversity of TFBSs/CREs is thought to cause the progressively 

complex gene expression correlating with organismal complexity (Levine & Tjian, 2003), and 

these elements are believed to encode in the genome, the organisms response diversity – the 

spectrum of gene expression states induced by different environmental and extracellular 

conditions (Harbison et al, 2004). Genes that are differentially expressed in response to a large 

number of different external stimuli are therefore expected to contain more distinct CREs in their 

upstream regions than are genes that respond to only few environmental cues. This has been 
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confirmed in Arabidopsis (Walther et al, 2007) where multi-stimuli response genes have been 

shown to contain an increased absolute CRE count, CRE density and have more paralogs, which 

might be important for “shifted and novel response scope” of these genes in addition to allowing 

a greater dynamic expression range. 

Hence, characterization of the promoter sequences of the coexpressed genes to delineate their 

CRE compositions would give additional insights into the exact regulatory mechanism that 

drives the expression of these genes. If these CREs are associated with particular TFs or TF 

families, then their composition can be directly used to propose candidate regulatory molecules 

(Meier et al, 2008). Most microarray studies take this additional step of assigning a combination 

of CREs to infer cis-regulatory programs or ‘modules’ from functionally enriched gene 

expression patterns (Hannah et al, 2005) (Fig. 2.1). 

 
Figure 2.1: An interpretation of a regulatory program, presented along with the possible steps involved in mining it 
from gene expression profiles. 
 

Relevant CREs are usually identified by starting with experimentally verified elements and using 

them to seed the search to identify subsets of them that are enriched among coexpressed genes. 

Novel CREs are similarly identified among coexpressed genes using enrichment of 3-8mer 

sequences. Both known and novel CREs can be verified for functional significance by checking 
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for their conservation across species, the assumption being that orthologous genes exhibit a 

common regulatory mode (Haberer et al, 2006). 

 

Computational algorithms, including machine learning approaches (Li et al, 2006b), have been 

proposed for Arabidopsis that use coexpression and CRE composition data to identify motifs that 

provide discriminatory information for predicting the expression patterns of genes. Two other 

complementary methods to mine such relevant CREs have been proposed (Benedict et al, 2006; 

Geisler et al, 2006). In the first approach, coregulated gene lists are searched for enriched CREs. 

For each candidate CRE, all the genes in the genome containing that element are identified and 

tested against expression data to confirm or reject that the element is correlated with induction or 

repression of gene expression. In the second method, the set of genes in the genome containing a 

particular CRE is first recovered, noting for its behavior in different microarray experiments. 

CREs are deemed ‘functional’ when their set of genes contain a number of induced/repressed 

genes significantly higher than from a similarly sized set chosen randomly from the genome. 

 

A biclustering approach has been used to mine cis-regulatory modules in the 3D AtGenExpress 

dataset (Supper et al, 2007). The three program categories defined in the previous work (Strauch 

M, 2007) were used as definitions for a random sampling of the dataset. Each such sample was 

iteratively refined (by removing gene and conditions) and stored if it matches a program 

definition. Recovered clusters were then merged (to remove redundancy) and extended to ensure 

gene and condition maximality, and then associated with GO categories and CREs based on their 

enrichment among the constituent genes. In another study, the generic stress response in 

Arabidopsis was elucidated on a global scale by integrating and analyzing gene expression 

profiles measured under different abiotic, biotic and chemical stresses (Ma & Bohnert, 2007). 

Fuzzy k-means clustering was used to resolve the genes into 180 coexpression groups, which 

were then subjected to functional (GO) and CRE enrichment analysis. Several known and novel 

pathways and motifs emerged that together define the ubiquitous and specific stress-response 

modules. The stress-response modules were finally used to characterize root-specific response to 

stress by intersecting them with clusters similarly resolved from root gene expression data. A 

simple and elegant methodology was applied to infer cold acclimation modules by logically 

superimposing CRE composition and (experimentally determined) TF-CRE correspondence onto 
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time-course gene expression profiles (Chawade et al, 2007). First, the CREs (associated with a 

TF) overrepresented among the differentially expressed were identified and the genes containing 

a common set of CREs were deemed putative target clusters. Targets in each such cluster that 

were (significantly) regulated in the same time point or in the time-point following their TF were 

then chosen for evaluating their expression coherence. Subsets of these highly coexpressing 

genes were finally declared as being regulated by the TF. 

 

Associating multiple, rather than individual CREs to each gene in a coexpression group lends 

more support to its correlated expression arising from a common regulation program. Such CRE-

gene combinations have been modeled as regulatory bicliques, mined using biclustering of a 

CRE-gene matrix and assessed for significance based on a combination of the multi-CRE 

enrichment score and the expression coherence of the target genes (Pati et al, 2006). The tools 

ModuleFinder and CoReg were developed to identify gene-condition biclusters (see above) with 

a hierarchically clustered gene tree that is then used to assign a CRE at different levels of the tree 

(Holt et al, 2006). This is done assuming that the tree structure of the expression data is a 

reflection of patterns of CREs in promoter regions of the gene involved. In another effort to 

identify generic regulatory modules in Arabidopsis, a two-way clustering procedure (Vandepoele 

et al, 2006) was employed to build on a previous strategy . Starting from a set of 34 CREs 

enriched in sets of genes coexpressed across several microarrays, clusters of genes with similar 

CRE combinations in their promoters were delineated. Next, within each such cluster, groups of 

coexpressed genes were identified. Finally, motif detection was applied and CREs evolutionarily 

conserved (across Arabidopsis and a related species, poplar) were retained. In a very recent study 

(Michael et al, 2008), a seamless pipeline involving expression pattern discovery and promoter 

analysis was used to characterize CREs involved in the cyclic regulation of gene expression by 

light and circadian clock. 

 

Several web-servers house CRE information for Arabidopsis genes (Higo et al, 1999) and 

provide tools to identify and visualize CREs enriched in a set of genes of interest to the user 

(Davuluri et al, 2003; Galuschka et al, 2007; O'Connor et al, 2005; Pavesi et al, 2006). Other 

web-tools combine either clustering of gene expression data or identification of coexpressed 
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genes to analysis of CRE content (Lescot et al, 2002; Manfield et al, 2006; Obayashi et al, 2009; 

Toufighi et al, 2005). 

 

Box 2.3: Meta-analysis 

Where the term "analysis" is used to describe the quantitative approaches to draw useful 

information from raw data, the term "meta-analysis" refers to the approaches used to draw useful 

information from the results of previous analyses (Stevens & Doerge, 2005). Meta-analysis of 

gene expression involves surveying microarray data across experiments to find the true effect of 

a treatment across different studies. One of the benefits of a meta-analysis is, hence, also one of 

the benefits of pooling raw data – increased power to detect significant differences. Combining 

estimates of differential expression has been found to be more accurate than estimating from 

individual experiments (Choi et al, 2003). 

Meta-analyses have been used to identify "Integration-Driven Revisions" (IDRs), genes 

identified as differentially expressed by multiple studies or labs, but determined by the results of 

a meta-analysis to be not differentially expressed. Such genes might be advanced by multiple 

groups for further study due to their large and significant ‘effect size’ (Choi et al, 2003), while 

the meta-analysis concludes that, due to the inconsistencies in estimates across studies, the gene 

is not significantly differentially expressed. IDRs will, hence, tend to occur when there are large 

but inconsistent estimates. “Integration-Driven Discoveries” (IDDs) have also been recovered 

when small but consistent effect size estimates were combined across studies to identify 

significant genes that were missed by individual studies. 

As the gene expression resources for Arabidopsis keep growing enormously, meta-analysis 

would greatly aid in refining the findings from a new experiment. The Meta-Analyzer utility in 

the tool Genevestigator (Zimmermann et al, 2004) makes it possible to study the gene expression 

profiles of several genes simultaneously in the context of those in environmental stresses, organs, 

and growth stages. In addition to just using known expression profiles, characterizing the overlap 

of the genes differentially expressed in previous experiments with those identified in a new gene 

expression comparison has been suggested (Nielsen et al, 2007). Similar approaches have been 

previously used to identify, among other things, known expression signatures significantly 

overlapping with the newly identified ones (Rhodes et al, 2007). 
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2.4. Conclusion 
All methods discussed above give rise to regulatory programs in Arabidopsis to varying degrees 

of detail. While some simply classify genes into coexpression clusters participating in different 

biological processes, others have been able to assign candidate CREs to sketch out regulatory 

modules. Still others have gone further to assign a TF (or a TF family) to these modules based on 

temporal evidences. All the regulatory programs identified thus far have aided in understanding 

of cellular response in Arabidopsis to external stimuli and internal physiological changes. It is 

easy to imagine that each of these modules is a highlighted portion of the underlying global 

transcriptional regulatory network active in a specific condition, time or cell-type. To foster 

systematic growth of systems-level knowledge in Arabidopsis, these modules have to be unified, 

annotated and deposited as a single resource amenable for meta-analyses (see Box 2.3) to serve 

as a reference for any future integrative bioinformatics work. This possibility of being able 

organize all the discovered knowledge under one roof exists in the case of Arabidopsis as against 

other model organisms where a huge number of methods and results have already been 

produced, making it almost impossible to reconcile all the data. 

 

The global regulatory network can then be constructed by sequentially integrating 

experimentally verified (de Folter et al, 2005; Gong et al, 2007) and predicted (Geisler-Lee et al, 

2007; Yu et al, 2004) large-scale protein-DNA and protein-protein interactions (physical 

interaction network) along with other ‘influence’ interactions between genes (the gene-gene 

network). Such integration can be undertaken using frameworks (Hasegawa et al, 2006; Kohler 

et al, 2006; Li et al, 2006a) for systematic consolidation of diverse data-types. Recent efforts in 

this direction have helped shed light on transcriptional (Palaniswamy et al, 2006) and protein  

interactions (Cui et al, 2008) on a genome-wide scale. Data relating to transcriptional regulation, 

promoter sequences of the genes and their cis-elements, and transcription factors and their 

targets, has been brought under one roof (Palaniswamy et al, 2006). From an example in humans 

(Rhodes et al, 2005), a similar probabilistic approach has been taken to bring together various 

evidences to predict protein interactions (Cui et al, 2008). Pathway information is also being 

made increasingly available for Arabidopsis in integrated databases (Tsesmetzis et al, 2008). 

Analysis methods that take advantage of the connectivity of the genes in these networks and 
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pathways (Draghici et al, 2007; Khatri et al, 2008) (over treating them merely as sets of genes; 

see Box 2.2) would help in mining more knowledge about how genes function together to carry 

out biological processes. 

 

2.4.1. Synthesis towards understanding and application 
Unifying data and concepts from model plants to apply to the diversity of crop plants is also 

taking place at a rapid rate with the availability of draft genome sequences and subsequent 

functional genomics tools. The role of Arabidopsis is to provide a reference genome with 

functions of genes established by experimentation that can be extrapolated using comparative 

genomics to diverse plants. 

 

It is generally accepted that many plant traits such as yield and resistance to biotic/abiotic 

stresses are complex and can not be only understood at the single gene level. Therefore, the 

expectation is that Arabidopsis systems biology can provide working models to understand and 

apply knowledge gained for plant improvement. 
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3. Discovering regulatory programs underlying drought response 

in Arabidopsis 
Arjun Krishnan, Amal Harb, Andy Pereira 

 

3.1. Abstract 
Drought is one of the most widespread of environmental stresses that has a large impact on crop 

growth and yield. The response of plants to drought stress is extremely complex and spans 

several orders of magnitude in time and space, causing system-wide changes that comprise of 

protective responses and adverse reactions. To understand this system-wide response, we 

performed gene expression profiling of Arabidopsis plants subjected to a controlled, sub-lethal, 

moderate drought (mDr) treatment similar to the stress encountered by crops in the field. In 

addition, expression profiles were also obtained from plants under a progressive drought (pDr) 

wilting treatment, along with publically available acute dehydration drought profiles to contrast 

with mDr. Computational analysis of differential expression was followed by detailed 

comparison across treatments at the levels of individual genes and regulated biological 

processes. De novo cis-regulatory element (CRE) analysis was then carried out to identify 

potential motifs that mediate the observed changes in gene expression. Transcriptional regulatory 

programs underlying drought-regulated gene expression under the various treatments were then 

mined based on significant associations between CREs and biological processes. Gene 

expression analysis led to the identification of a pDr induced MYB transcription factor gene, 

GROWTH REGULATION UNDER DROUGHT 1 (GRD1), knockout of which confers drought 

sensitivity. Expression profile of drought stressed grd1 mutant was obtained and compared 

systematically to that of WT to identify putative genes and processes that could mediate drought-

regulated gene expression giving rise to sensitivity. 

 

3.2. Introduction 
Abiotic stresses are recognized as the primary causes of crop loss worldwide (Boyer, 1982).  

Drought is a major environmental stress problem and is expected to increase with climate 

change. Water is an increasingly scarce resource given current and future human population and 



29 

societal needs, putting an emphasis on sustainable water use. Plants have evolved specific 

acclimation and adaptation mechanisms to respond and survive short- and long-term 

environmental stresses. The ability to constantly sense and adapt to environmental changes to 

maintain cellular functions (homeostasis) is enabled by a complex network of genes (and their 

products) that needs to be unraveled (Shinozaki & Yamaguchi-Shinozaki, 2007). 

 

Following the post-genomic wave, genome-wide expression profiling has been a valuable tool 

for determining an important facet of the complex response – transcriptional regulation of gene 

expression – during drought stress in plants, especially Arabidopsis (Kreps et al, 2002; Seki et al, 

2002; Shinozaki et al, 2003). This is assuming that gene expression changes observed on a 

microarray are primarily due to transcriptional regulation (and not other modes of regulation 

including small RNA-mediated regulation). Extensive transcriptome data on response under 

dehydration/acute-drought (aDr) (Kilian et al, 2007) and progressive soil water deficit (pDr) 

(Huang et al, 2008) have provided insights into gene regulation under drought in terms of 

perturbed individual genes and associated biological processes. However, while aDr is an 

unnatural laboratory treatment, pDr pushes the plant towards extreme stress from where they are 

unable recover. Therefore, simulating field-like conditions of drought stress – a short period of 

drought from which tolerant plants can manage to survive and complete their growth cycle – will 

provide a better understanding of drought acclimation process and resistance mechanisms. To 

achieve this, Arabidopsis plants were subjected to a controlled, sub-lethal, moderate drought 

(mDr) treatment and gene expressions profiled 1 day and 10 days after treatment. In the work 

presented here, we analyze these expression profiles and compare them with gene expression 

under pDr and aDr to tease out the transcriptional regulatory changes that are common and 

specific to the different drought treatments. 

 

Several large-scale integrative analyses have been performed on stress gene expression data to 

unveil sets of transcriptionally similarly regulated (co-responsive) genes and the biological 

processes they participate in. Hierarchical (Huang et al, 2008), probabilistic (Supper et al, 2007) 

and fuzzy k-means (Ma & Bohnert, 2007) clustering approaches have been used to group genes 

based on similar expression across different stresses, and then annotate the groups with the 

biological processes they participate in. Taking a simpler approach, starting with sets of 
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differentially expressed genes, biological processes perturbed in response to stress have been 

charted out for distinct stresses (Walther et al, 2007) or variants of broadly the same stress 

(Hannah et al, 2005). In the current work, we take the second approach for characterizing the 

processes and pathways regulated in mDr, pDr and aDr response. Once we understand which 

processes are transcriptionally regulated, the next question is to gather clues about how the 

regulation is brought about. 

 

Regulation of gene expression is governed, in part, by the specific transcription factor binding 

motifs in the promoter regions of target genes. These cis-regulatory motifs in association with 

their transcription factors (TFs) are key in determining the cellular transcriptional response 

diversity – the spectrum of gene expression states elicited by different environmental stresses. 

Therefore, it would be of interest to identify the regulatory motifs that coordinate the observed 

gene expression changes under drought. In plants, a number of motifs related to stress response 

have been discovered by identifying distinct motifs associated with responses to specific 

treatments. Among these motifs, those mediating response to light, osmotic and cold stress 

treatments have been analyzed most intensely (Jiao et al, 2007; Yamaguchi-Shinozaki & 

Shinozaki, 2005). Databases dedicated to plant promoter motifs have also been established 

(Davuluri et al, 2003; Higo et al, 1999) based on motif identification in single or, at most, a few 

genes. All the gene expression studies mentioned previously have therefore used data from these 

databases to map ‘known’ motifs to upstream sequences of genes and find motifs ‘enriched’ 

among the sets of co-responsive genes of interest. 

 

Here we present a comprehensive analysis of gene expression under moderate (mDr), 

progressive (pDr) and acute dehydration drought (aDr) by improving upon previous methods. 

First, we compare the response of the plant to these three stress regimens at the level of 

individual genes. Second, we identify and compare biological processes involved in the different 

drought stress responses. Third, we perform de novo cis-regulatory motif discovery on the sets of 

co-responsive genes. This analysis has the potential to find short degenerate DNA sequences in 

the upstream regions of genes from scratch that are informative about the genes’ expression 

patterns, which therefore could lead to discovery of correct/general forms of known motifs or 

completely novel motifs. Finally, we associate perturbed biological processes to specific 
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regulatory motifs using enrichment analysis within the context of the perturbation, thus revealing 

the transcriptional regulatory programs underlying drought response in Arabidopsis. 

 

Furthermore, based on the above analysis we identified a MYB transcription factor gene Grd1 

responsive to pDr, which when knocked out gives drought sensitivity. This mutant (grd1) was 

also profiled for gene expression changes under drought stress for further study. Therefore, to 

conclude, we describe a similar analysis based on regulatory programs that helps elucidate the 

responses of the mutant in relation to the drought response in the wild-type (WT) plant. 

 

3.3. Results 
3.3.1. Gene expression profiles of moderate, progressive and acute drought in 

Arabidopsis 
In order to understand the global effects of drought stress on gene expression, microarrays were 

used to profile genome-scale gene expression levels under moderate drought (mDr; Day1 and 

Day10) and progressive drought (pDr) conditions and their corresponding controls in samples 

from young leaves. Analysis of differential expression based a custom gene-centric probeset 

annotation showed that a large number of genes (2039) were significantly perturbed very early 

(Day1) in response to mDr. In contrast, after a prolonged moderate drought treatment (Day10), a 

far less number of genes (728) were differentially expressed. Compared to the two mDr 

treatments, severe effects of drought on gene expression were revealed by the response to pDr 

(wilting): 7648 differentially expressed (DE) genes, about 30% of the genes in the genome. 

 

Comparison of the three drought treatments – mDr-Day1, mDr-Day10 and pDr – was carried out 

first at the gene-level (Fig. 3.1A and B). A common set of 178 genes responded to mDr and pDr 

treatments (91 up- and 87 down-regulated), while 1083 (545 up- and 538-down regulated) genes 

were specific to mDr. Another observation is that the Jaccard’s coefficient ([No. genes in the 

intersection]/[No. genes in the union]) between mDr Day1 and pDr is ~15.8%, that between mDr 

Day10 and pDr is ~5% and that between mDr Day01 and mDr Day10 is ~8%, indicating that 

mDr Day 01 is more similar to pDr than mDr Day01. Most of our knowledge of cellular drought 

response is based on dehydration (acute drought; aDr) and/or osmotic treatments of plants under 

laboratory conditions (Kilian et al, 2007). Hence, we compared our mDr and pDr response genes 
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to those responding to aDr at various time points ranging from 15min to 24h (Fig. 3.1C). 

Apparently, there is very little overlap between mDr and aDr time course response. In fact, while 

there is some similarity between mDr response in Day1 and later time points of aDr, mDr Day10 

seems to be showing the inverse of aDr response with the genes down-regulated in mDr-Day10 

are up-regulated in earlier time points (30min to 3h) of aDr. This comparison lends support to the 

hypothesis that the moderate drought treatment elicits a very different response in the plant as 

against a drastic treatment like aDr. On the other hand, there is a reasonably high amount of 

overlap between pDr and aDr with maximum agreement occurring at 6h and 12h of aDr for up- 

and down-regulated genes. This similarity between the aDr and pDr (where the plant is just about 

wilting) again is in agreement with the above hypothesis. An aspect of aDr response that stands 

out is the gene response at the earliest time point (15min): genes induced early by aDr are among 

those that are repressed by mDr (Day1) and pDr, and genes repressed early by aDr are induced 

by pDr, showing that there is a possibility for activation of a protective immediately after the 

sudden dehydration treatment. 

 

 
Figure 3.1: Gene expression profiles under moderate  (mDr) and progressive (pDr) drought. 

A B 

C 



33 

Venn diagrams comparing up- (A) and down-regulated (B) genes of moderate drought 1 day (mDr D01), 10 day 
(mDr Day10) and pDr wilting treatments. Total numbers of genes for all genesets are indicated in brackets. (C) 
Table of overlap in gene-regulation between the drought treatments presented in this study – mDr and pDr – and 
published dehydration acute drought (aDr) (Kilian et al, 2007). Overlap between a pair of drought-regulated gene 
sets (each cell in the table) is measured as the number of common genes between the sets divided by the number of 
genes in the smaller of the two sets. The color-scale from light to dark green is used as an indicator of the degree of 
overlap from small to large. As used here and in the rest of the figures, shades of blue are used to indicate up-
regulation and shades of yellow are used to indicate down-regulation. 
 

Overall, mDr, pDr and aDr thus offer a very diverse set of plant responses to different drought 

treatments and are hence useful in gaining a broad picture of drought-regulated gene expression. 

 

3.3.2. Biological processes up- and down-regulated across drought treatments 

To unravel the biological processes and pathways that are perturbed by the various drought 

treatments, drought response gene sets from each of mDr, pDr and aDr were functionally 

characterized using enrichment analysis of gene sets described based on Gene Ontology (GO) 

(Ashburner et al, 2000) biological process annotation terms. As expected, at the core of the 

induced gene expression across drought treatments are the stress response genes: genes 

responding to water deprivation, abscisic acid (ABA) stimulus, and salt, osmotic and cold 

stresses (Fig. 3.2A). Expression dynamics of several of these genes has been verified using qRT-

PCR (data not shown). Prominent fundamental processes repressed by the different drought 

treatments include DNA packaging, nucleobase biosynthesis, several related to protein synthesis 

(rRNA processing, ribosome biogenesis, tRNA modification, amino acid biosynthesis, and 

translational initiation and elongation), protein folding and energy production. 

 

It was observed that there exists a strong induction of jasmonic acid (JA) related processes like 

‘response to JA stimulus’, ‘response to wounding’, and JA biosynthesis and signaling from 

30min to 6h of aDr. In contrast, the same processes were repressed under mDr-Day10. To verify 

the biological relevance of this observation, JA signaling mutants coi1 and jin1 were tested under 

mDr and were shown to display significant drought resistance at the end of mDr treatment 

(Day10) compared to control plants (data not shown). 

 

Among the time profiles in aDr, the response mounting immediately (15min) after dehydration 

offers a very interesting perspective on the early response to severe stress that is consistently 

inverse of the response in any other time point or drought treatment. The earlier gene-level 
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comparison (Fig. 3.1C) had given clues in this direction. At the process-level, the first 

observation is that several of the previously known stress response genes induced by the various 

drought treatments are not differentially expressed at this early time point. Second, many 

drought-repressed processes, especially those related to nucleotide biosynthesis, protein 

synthesis and protein folding, are strongly induced at 15min. Interestingly, transcription in 

general is also strongly up-regulated (only) at this time point supporting the emerging hypothesis 

that there might be a lot of constructive cellular response at this early stage. 

 

Processes unique to mDr and pDr treatments (not observed under severe dehydration in aDr) are 

presented in Fig. 3.2B. Of particular interest here are photosynthesis (and related processes) and 

RNA splicing that are down- and up-regulated only under pDr. The distinctive reaction of the 

plant to mDr-Day1, early response to a moderate stress, is the activation of plant cell wall 

modification genes that underlie cell growth, which are in-fact down-regulated by pDr. This 

aspect of mDr response was pursued experimentally and confirmed (data not shown). 

 

Together, these perturbed biological processes present a spectrum of drought response in plants 

and raises even more critical questions: what transcriptional regulation underlies the differential 

expression of these genes and processes under the different drought treatments? 

 

3.3.3. Cis-regulatory elements coordinating gene expression changes under drought 
In order to glean some clues about the components of the regulatory networks that mediate the 

transcriptional regulation of the drought response genes, we turned to de novo identification of 

cis-regulatory elements (CREs). This was a feasible strategy relying on two well-known sources 

of information, namely gene-regulation under a condition (any drought treatment) and upstream 

sequences of all the genes in the genome. In addition, since known regulatory motifs are based 

on knowledge from one or a few genes, there is a large scope for revising these motifs to make 

them more complete and accommodate degeneracy, especially in the context of a conditional 

response (drought stress). And, finally, there are certainly several novel motifs that need to be 

discovered that mediate transcriptional regulations inexplicable based on current knowledge of 

regulatory motifs. 
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We devised a CRE-discovery pipeline using the de-novo motif discovery tool, FIRE (Elemento 

et al, 2007). We subsequently compared the newly identified motifs to known cis-elements in the 

PLACE database of known cis-regulatory elements (Higo et al, 1999) using STAMP (Mahony & 

Benos, 2007). Since there are several different treatments involved, in order to systematically 

clarify the motifs identified for each of the response gene sets, we compared all the discovered 

motifs to each other, again using STAMP and built a similarity tree. Sequence logos of CREs of 

interest were then produced using WebLogo (Crooks et al, 2004). Applying this pipeline to mDr, 

pDr and aDr (further separated into up- and down-regulated) gene sets, led to the identification 

of several known and novel CREs. The discovered motifs, the drought response gene sets they 

were discovered in, their comparison to each other and comparison to known motifs are 

presented in Figure 3. Motifs discussed below are referred to by the name of the most similar 

‘known’ CRE (see the ‘PLACE motifs’ table in Figure 3 for the key). 
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Figure 3.2: Functions and processes common and specific to various drought stress treatments and time-points. 
These are defined broadly based on Gene Ontology (GO) biological process (BP) annotations of Arabidopsis genes 
defined by TAIR. GO BP terms of interest (rows) were identified by analysis of enrichment of the set of genes 
annotated with a given GO BP term in each of the (up and down) drought-regulated gene sets (columns). Statistical 
significance of enrichment was calculated using the hypergeometric test and terms with q-value <0.01 in at least one 
of the treatments were retained. The enrichment of each term is indicated using a yellow-blue color scheme with the 
intensity of the color representing the degree of enrichment (measured as the –log10[q-value]) and the color 
indicating enrichment among the down- or up-regulated genes in each treatment. Black indicates no enrichment. (A) 
GO BP terms enriched among aDr-regulated genes and their enrichment among the mDr and pDr genes. (B) GO BP 
terms specific to moderate and progressive drought treatments. 
 

The CRE that was most significant among the genes up-regulated in mDr, pDr and several aDr 

time points was one highly similar to the experimentally identified ACGT-containing ABRE-

motif ACGTG(G/T)C (Fig. 3.3 and 3.4) (Hattori et al, 2002). Indeed, in the pDr-ABRE, the 

(G/T) degeneracy is exactly preserved at position 6. The strict T at this position in the mDr-

Day1-ABRE suggests that the two variants of the ABRE motif, one with G and the other with T 

at position 6, might have slightly different roles or be bound by different bZIP TFs belonging to 

the same family with slightly different specificities. Interestingly, two element very similar to the 

B 
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ABRE – A(A/C)(A/C)(A/G)CGTG and (A/C/T)(A/C)ACGCGT(A/C/T) – were found among 

genes down-regulated in mDr-Day10 and aDr-15min. Both these subtly different elements are 

indeed more similar to coupling element 3 (CE3) that is known to be part of the necessary and 

sufficient ABA-responsive cis-regulatory module (Shen et al, 2004). The role of CE3 in contrast 

to ABRE is to be explored further. 

 

Another motif associated with up-regulated gene expression in mDr-Day10 and aDr-30min-1h, 

and down-regulation in mDr-Day10 was one highly similar to the DRE/CRT-motif 

(A/G)CCGAC. In support of the co-occurrence of DRE/CRT and ABRE in the same set of 

genes, the two elements have been found to be interdependent in the dehydration-responsive 

expression of the rd29A gene in Arabidopsis (Narusaka et al, 2003). 

 

Among the down-regulated genes, the Ibox motif (Giuliano et al, 1988) was discovered in the 

pDr-regulated genes where we observe strong repression of the photosynthetic machinery, thus 

suggesting a cross-talk between the light-signaling and stress-response pathways. However, a 

motif was also discovered among genes down-regulated in aDr-15min where its role is unclear 

since photosynthetic genes are not regulated. 

 

Motifs similar to the site II motif, known to be coordinating transcriptional regulation of 

ribosomal protein genes (Tremousaygue et al, 2003), were also found among the genes down-

regulated in aDr-3-6h and aDr-24h, and up-regulated in aDr-15min, precisely consistent with the 

pattern of regulation of genes related to ribosome biogenesis in these time points of aDr. 

 

Yet another classical stress-response was found in early mDr, comprising slowing down of 

protein folding in the ER that triggers the unfolded protein response (Martinez & Chrispeels, 

2003), suggested by the identification of the UPRE-like element among genes up-regulated in 

mDr-Day1. In agreement, the category ‘protein folding’ was enriched among the down-regulated 

genes in mDr-Day1. Moreover, several genes involved in cell elongation and division are down-

regulated by UPR (Martinez & Chrispeels, 2003), genes that are up-regulated in mDr-Day1. 
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Figure 3.3: Cis-regulatory elements identified in the upstream regions of drought-regulated genes from the various 
mDr, pDr and aDr treatments. 
Each element identified along the rows was identified using de novo motif discovery to identify short degenerate 
DNA sequences whose presence or absence in the 1Kb upstream regions of genes is highly informative about the 
expression of the given gene set (e.g. up-regulated genes in mDr Day 01) given the background distribution of the 
sequence in the upstream sequences of all the genes in the genome. The 30 motifs thus identified were compared to 
each other to reveal that groups of very similar underlying motifs were discovered independently based on the gene 
expression under different treatments, represented using a dendogram on the left extreme. The colored matrix 
indicates which motifs were identified using genes regulated in which drought treatment, again with yellow 
indicating down-regulation and blue up-regulation. Motifs informative about up- and down-regulation together are 
indicated by green. In the adjoining table, the sequence of the de novo motifs are given in the nucleotide IUPAC 
nomenclature along with the Z-score of the information value of the motif reflecting how far the observed value is, 
in number of standard deviations, from the average random information (see Methods). These motifs were then 
compared to known cis-elements in the PLACE database using the STAMP web server. Known elements with 
significant match to each de novo motif are presented in the ‘PLACE motifs’ table in the form of the database ID, 
DNA sequence and E-value of sequence match with the de novo motif. Motifs with no match to any known element 
are novel putative regulatory elements. 
 
And, finally, three distinct novel motifs have been discovered among genes down-regulated in 

mDr-Day10, down-regulated in aDr3-6h and aDr-24h, and up- and down-regulated in aDr-1-3h. 

It is clear that there is a diverse set of motifs, both known and novel, that might coordinate gene 

regulation in response to various drought treatments. It is therefore important to scope-down on 

the exact processes that each of the above mentioned cis-elements could potentially regulate 

under drought, to the best resolution possible. 
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Figure 3.4: Sequence logos of ABRE-like cis-regulatory motifs discovered in the different drought-regulated gene 
sets corresponding to the first group of motifs presented at the top of Figure 3. 
The height of a nucleotide in a particular position in each logo corresponds to the fraction of genes with the 
corresponding expression pattern (e.g. pDr_Up) that contain that nucleotide in that position. The logos are arranged 
so as to align the central ‘CGT’ core, marked with the grey box. Motifs mDr_Day1_m1, pDr_m1, aDr_3-6h_m2, 
aDr_m1 and aDr_0.5-1h_m1 are identified among the up-regulated genes in the corresponding treatments, while 
motifs aDr_0.25h_m4 and mDr_Day10_m1 are identified among the down-regulated genes. Although it appears that 
all the motifs are similar to the ABRE motif ACGTG[GT]C, and that it is involved in both up- and down-regulation, 
careful inspection of the table mapping to known motifs in Figure 3 and the sequence logos here shows that the 
motifs present among the down-regulated genes (aDr_0.25h_m4 and mDr_Day10_m1) are actually closer to the 
coupling element AACGCGTGTC than to ABRE, thus clearly differentiating them from the other motifs more 
closely similar to the ABRE motif. 
 

3.3.4. Transcriptional regulatory programs associating regulatory elements to 

perturbed biological processes 
Once the perturbed processes/pathways and putative CREs have been identified, rarely have 

studies tied these two pieces together to reveal putative transcriptional regulatory programs: 

CREs (individually or in combinations) that could account for cis-regulatory modules mediating 
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the regulation of a specific or groups of related processes. Here, we make an effort to fill this gap 

and thereby describe CRE-process associations that are relevant to drought response. 

 

Broadly, within the context of each drought-regulated gene set, when genes containing a CRE 

relevant to that gene set significantly overlapped with genes annotated to a relevant GO BP term, 

then the CRE-GO_BP pair was considered to be relevant and biologically associated. Several 

such pairs were identified for the various drought treatments, time points and patterns of 

regulation and are presented in Figure 5 and 6 as in the form of a graph connecting CRE nodes 

with GO BP term nodes whenever the pair is significant. 

 

The first observation is that CREs work in a combinatorial manner as expected and coordinate 

the regulation of groups of processes. For example, in mDr-Day1, the ABRE- and DRE-like 

motifs are associated with and could cooperatively regulate the core set of stress response genes 

(Fig. 3.5A) as observed previously (Narusaka et al, 2003). Among the other CREs in mDr-Day1, 

we observed that the pyrimidine-box-like motif is also connected to the stress-response 

processes. However, these motifs are typically found among gibberellic acid (GA) regulated 

gene induction (Mena et al, 2002), and GA is known to act antagonistically to ABA (Piskurewicz 

et al, 2009) (as also evident from the ABRE-like motif also being similar to GADOWNAT 

motif), making the association of this motif with the up-regulated genes unclear. Nevertheless, 

this motif is seems to underlie the up-regulation of cell wall-related genes in mDr-Day1. 

 

In the case of mDr-Day10, we found that the CE3-like motif that present among the down-

regulated genes is connected with the down-regulation JA-response genes. Cyclopentenones are 

related to JA biosynthesis and play a role in defense response in the absence of JA (Stintzi et al, 

2001), suggesting that the enrichment of this process along with JA-response is plausible. It is of 

interest here because the novel motif (G/T)(A/C)CAGCT(A/C/G)(A/T) (mDr_Day10_m3) is 

associated with this process. 

 

The possible roles of ABRE-like motif and Ibox-motif are clear with respect to pDr response and 

the expected connections between these CREs with the up- and down-regulated processes have 

been recovered (Fig. 3.5C and D). 
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Figure 3.5: Transcriptional regulatory programs underlying mDr and pDr response that reveal connections between 
putative cis-regulatory elements and the functions of their target genes. 
For each drought-responsive gene expression pattern (e.g. mDr Day1 up-regulation or pDr down-regulation), genes 
containing concerned putative cis-regulatory motifs were significantly enriched among genes annotated to different 
sets of concerned GO BP terms. Such associations are represented by a graph with edges connecting motifs (ovals) 
to GO BP terms (rectangles). In each case, the labels of the motifs represent the drought treatment under 
consideration and the color of the node represents the expression pattern, with yellow indicating down-regulation 
and blue up-regulation: (A) mDr Day 1 Up; (B) mDr Day10 Down; (C) pDr Up; and (D) pDr Down. Thickness of 
the edges corresponds to the level of significance of enrichment, measured as the –log10[q-value] (with the q-value 
of the hypergeometric test). GO BP terms presented here are among those in Figure 2. Motif labels correspond to 
their identifiers and annotations presented in Figure 3 that serves as the key. 

C 

D 
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Figure 3.6: Transcriptional regulatory programs (TRPs) underlying induction (A) and repression (B) 30min to1h 
post acute dehydration drought (aDr) reveal distinct regulatory modules each being a combination of cis-regulatory 
elements associated with groups of GO BPs. 
These TRP and others identified for the rest of the phases of aDr-response are provided as Figures 3.S1-S4 here: 
http://treebeard.vbi.vt.edu/AK_Thesis/. 
 

As an example of programs concerning aDr-response, the CRE-GO_BP associations for aDr-

30min-1h have been presented here (Fig. 3.6). At least four distinct cis-regulatory modules 

A 

B 
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coordinate the up-regulation of different groups of processes: ABRE, DRE and minus314 motifs 

(Kim & Guiltinan, 1999) (similar to the pyrimidine box motif identified among the mDr-Day1 

genes and working with ABRE and DRE motifs) with the stress response processes, minus314 

motif with carbohydrate metabolism, ABRE and minus314 motifs with JA-response and 

signaling, 314minus and WBOX motifs with immune-response-related processes. 

 

3.3.5. GRD1 gene induced under progressive drought and required for growth 

under drought and salt stress 

Based on the analysis of pDr-responsive gene-regulation, we identified a MYB TF gene GRD1 

that was induced by pDr. Based on GO annotations, this gene also responds to salt, oxidative and 

ABA stimuli. Therefore, we hypothesized that this gene might play a role in drought response of 

the plant. To test this hypothesis, grd1 knockout lines were subjected to progressive drought. 

Based on the measurement of a number of physiological parameters, we found that the grd1 lines 

are sensitive to drought (data not shown). Hence, to gain some idea about the possible cellular 

changes in the grd1 lines that contribute to its sensitivity, gene expression analysis of drought 

treated grd1 plants was carried out. Below, we present the results from the large-scale analysis of 

the gene expression profile of grd1 in comparison to that of WT. 

 

Following differential expression analysis to identify drought-responsive genes in grd1, we 

found that 5748 genes were significantly regulated. Comparing these genes to those regulated in 

the WT under drought (Fig. 3.7A), we found discerned that although there is a large overlap 

between the drought-responsive genes in the WT and grd1, there we several genes belonging to 

sets of specific regulation (regions numerically labeled in Fig. 3.7A). To perform a systematic 

analysis, we first generated a hypothetical minimal model to explain the observed patterns of 

gene expression in the drought treated grd1 lines compared to WT (Fig. 3.7B). Based on the 

facts that drought induces the expression of the GRD1 gene and the gene codes for a TF, the 

proposed model assumes that this gene (TF) mediates a part of the gene regulation under 

drought, and then accounts for the six major patterns of gene regulation observed in the grd1-WT 

comparison (Fig. 3.7A). 
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Figure 3.7: Comparison of gene expression patterns in WT and grd1 mutant under progressive drought. 
The six regions in the Venn diagram that contain considerable number of genes have been indicated using numerical 
labels from 1 through 6. (B) Hypothetical model for the role of GRD1 in mediating drought-regulated gene 
expression. GRD1 is induced under drought and encodes a transcription factor (TF). Therefore, GRD1 could 
potentially mediate the regulation of some of the genes differentially expressed under drought. The proposed model 
accounts for the gene expression patterns observed in (A) by incorporating GRD1 into the drought-regulated gene 
expression. The sets of genes used here correspond to the six regions in the Venn diagram in (A). Sets 1 and 2 are 
sets of genes that are up- and down-regulated, respectively, under drought irrespective of the genotype (WT or 
grd1). Sets 5 and 6, on the other hand, are up- and down-regulated only in the WT but not in the grd1 mutant, 
indicating that GRD1 potentially plays a role in drought-regulation of these sets of genes. Moreover, sets 3 and 4 are 
up- and down-regulated only in the grd1 mutant suggesting that the absence of the gene causes drought induction 
and repression, which leads to the notion that the intact gene works antagonistically with drought in regulating the 
expression of these sets of genes. Prominent processes in these sets of grd1/pDr genes discussed in the text are 
related to jasmonic acid stimulus and signaling in set 3, and mRNA splicing in set 5. 
 

We then separated all the drought-regulated genes in the WT and grd1 into the six sets and 

performed CRE discovery and GO BP enrichment analyses followed by description of 

transcriptional regulatory programs. The end results of these analyses are presented in Figure 3.8 

and follow the same format as Figures 5 and 6. The CREs identified here are detailed in Figure 

3.S5. The common response, both up- and down-regulation, are as expected, and we therefore 

turn to the differently regulated gene sets, specifically sets 3 and 5. Genes in set 3 are those up- 

regulated only in grd1 and not in the WT, suggesting that the absence of GRD1 causes drought 

induction of these genes, which leads to the conclusion that the intact gene works 

antagonistically with drought in regulating the expression of the set 3 genes. Interestingly, this 

set of genes is enriched with genes involved in JA response and signaling. Also, we identified 

that a motif similar to the prolamin-box (Wu et al, 2000) is associated with the set 3 genes and is 

connected to the JA-related genes, an interaction thus far unknown. 

A B 
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Genes in set 5 are enriched in genes involved in mRNA processing including RNA splicing. 

These are genes are up-regulated only in the WT but not in grd1, indicating that GRD1 

potentially mediates drought-regulation of these genes. And, again, we have identified a CRE – 

an ABRE-like motif – to be associated with these genes, confirming the involvement of RNA 

spicing in ABA and drought signaling (Papp et al, 2004). 

 

3.4. Discussion 
Regulation of gene expression is a very intricate level of cellular control in complex organisms, 

especially in higher eukaryotes (Komili & Silver, 2007) and the regulatory logic that drives gene 

expression changes in stress response is governed by the combination of signaling regulators, 

transcription factors (TFs), cis-regulatory elements or motifs (CREs) and other regulatory 

molecules (e.g. chromatin modifiers and small RNAs) (Krishnan et al, 2009). Understanding this 

layer of regulation operating under environmental stress is critical in putting together a roadmap 

of cellular changes involved in acclimation and resistance. In the study presented here, we have 

charted out several findings about transcriptional regulation of gene expression under drought 

stress using a compendium of expression profiles under various drought treatments in 

Arabidopsis. 
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Figure 3.8: Transcriptional regulatory program underlying the gene expression under drought in the grd1 mutant 
compared to WT. 
The whole of set of genes regulated under drought in both WT and grd1 mutant were split into six groups of genes 
with different patterns of expression as represented in Figure 6. These six genesets were analyzed for enrichment of 
GO BP terms and informative cis-regulatory motifs using de novo analysis. Then, in the context of each of the six 
groups, associations between motifs and GO BP terms were identified and are presented in the form of a graph. 
Format is similar to Figure 4. The groups are labeled to match with those in Figure 6. The CREs discovered here are 
detailed in Fig. 3.S5. 
 

We performed in-depth analysis of genome-wide gene expression under moderate (mDr) and 

progressive drought (pDr) (Harb et al., 2010, in press) and compared it with time course gene 

expression profiles under acute drought (aDr) (Kilian et al, 2007). At the gene-level we found 

that there is minimal overlap between mDr and aDr, while pDr shows a reasonable amount of 

overlap with aDr response, especially at later time points (Fig. 3.1). But, together, there is 

enormous diversity in drought-response with 11, 660 genes (~43% of the total genes in the 

genome) perturbed by one form of drought or another. However, apart from large difference 

between the treatments itself, difference in the growth conditions of the plants, the 

developmental stage (Catala et al, 2007) and time of day at sampling (Wilkins et al, 2010), and 

the tissue sampled (Dinneny et al, 2008) between our (mDr and pDr) experiments and 

AtGenExpress aDr will contribute to the observed differences in gene expression under stress. In 

spite of these factors potentially confounding our results, several insights about gene expression 

under drought stress have emerged due to an integrative analysis carried out here. 

 

First, we have identified several biological processes that are perturbed similarly and specifically 

across drought treatments. Drought affected processes cut across all levels of cellular 

organization and complexity including hormonal signaling, DNA packaging, transcription, 

mRNA processing, rRNA processing, ribosome biogenesis, tRNA processing, amino acid 

biosynthesis, translational initiation and elongation, protein folding and localization, energy 

production and storage, secondary metabolism, structural protein organization, immune response 

and developmental pathways. 

 

Second, to shed light on the regulatory network that underlies the regulation of these biological 

processes, we used de novo cis-regulatory element (CRE) discovery followed by mining of 

transcriptional regulatory programs (Krishnan & Pereira, 2008). CREs mediating the interaction 

of TFs with their target genes are sites of high rates of evolutionary diversity driving the 
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progressively complex gene expression correlating with organismal complexity (Wray, 2007). 

Hence, without restricting ourselves to known CREs in the their forms curated in databases, we 

used the de novo approach to discover CREs only using genome sequence information and gene 

expression patterns. This analysis led to the identification and refinement of several known CREs 

in the context of drought and discovery of novel ones. 

 

The ABRE-like motifs, known target-binding sites for the basic leucine zipper (bZIP) TFs 

(Shinozaki & Yamaguchi-Shinozaki, 2000) are among the most prominent motifs associated 

with the core set of stress response genes up-regulated by most drought conditions. There is 

general acceptance that a single ACGT-containing ABRE is insufficient to facilitate ABA-

induced expression (Shen et al, 2004), and these motifs were indeed predicted to mediate the 

regulation of several different groups of processes in combination with other motifs like DRE 

and pyrimidine-box. This is in agreement with several examples of the combinatorial control 

involved in ABA response (Abe et al, 2003; Chung & Parish, 2008; Narusaka et al, 2003; 

Simpson et al, 2003). 

 

The coupling element 3 (CE3) – ACGCGTGTCCTC – identified among the down-regulated 

genes in mDr-Day10 and aDr-15min is very similar to ABRE and is again part of the CRE 

module (ABA response complex) that is necessary and sufficient for ABA-induced transcription 

(Shen et al, 2004). CE3 is thought to be functionally equivalent to ABRE (Hobo et al, 1999), but, 

based on our results, we hypothesize that the functional equivalence with ABRE need not always 

hold and there might be conditions (like mDr-Day1 or aDr-25min) where this element could 

mediate down-regulation of genes. 

 

The pyrimidine-box-like motifs identified to be involved in combinatorial regulation with ABRE 

among are typically found among gibberellic acid (GA) regulated genes and is a part of the a 

group of three cis-elements mediating GA-responsive gene expression (tripartite GA-responsive 

complex; GARC) (Mena et al, 2002; Rubio-Somoza et al, 2006). However, as stated earlier, 

given that GA and ABA have antagonistic roles, it is unclear how this motif will cooperate with 

ABRE to regulate stress gene expression. Interestingly, the minus314-like motif predicted to be 
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involved with ABRE in gene up-regulation in aDr-30min-1h is also very similar to the 

pyrimidine box. 

 

The unfolded-protein response has been implicated in drought or other abiotic stress response in 

several studies (Alvim et al, 2001; Irsigler et al, 2007; Liu et al, 2007). In line with this 

knowledge, we have identified UPRE-related motifs among the mDr-Day1 up-regulated genes 

and among pDr-regulated genes. Since the transcriptional up-regulation of a large number of 

genes involved in the UPR pathway is the most prominent strategy for the cell to cope with ER 

stress (Urade, 2007), we hypothesize that the repression of ‘protein folding’ observed in the 

different drought treatments triggers the expression of UPR genes via the identified UPRE motif. 

 

Among the down-regulated programs, the Ibox motif was predicted to mediate the down-

regulation of several processes including chlorophyll biosynthesis and photosynthesis, which is 

expected based on the fact that the Ibox is enriched among the light-responsive genes (Giuliano 

et al, 1988). Ribosome biogenesis and related processes that are consistently repressed by 

different drought treatments were predicted to be regulated by TFs that bind to site II and Telo-

box motifs. The site II motifs are recognized by TFs of the TCP family and have been confirmed 

to be important in the regulation of ribosome protein (RP) genes in combination with the telo-

box motif (Tremousaygue et al, 2003). These motifs are co-located in the promoters of about 

70% of 216 ribosomal protein genes in Arabidopsis. In addition, there is evidence that the site II 

motifs also possibly coordinate the expression of nuclear genes encoding components of the 

mitochondrial oxidative phosphorylation machinery in both Arabidopsis and rice (Welchen & 

Gonzalez, 2006). Therefore, this program involving site II and telo-box motifs could mediate the 

down-regulation of major processes that affect protein production under drought stress. 

 

Using a similar approach, we have dissected drought response in the grd1 mutant (knockout of 

GRD1 gene that encode a MYB TF, which is induced by drought) to identify processes that are 

differently regulated in the mutant compared to WT. mRNA processing including RNA splicing 

was observed to be up-regulated only in the WT but not in grd1, indicating that GRD1 

potentially mediates drought-induction of these genes. An ABRE-like motif was also associated 

with this set of genes giving credence to the regulation of these genes under drought. RNA 
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splicing has been implicated yet another level of regulation in abiotic stress response 

(Mazzucotelli et al, 2008) and stress signaling has been found involve changing alternative 

splicing profiles (Iida et al, 2004; Reddy, 2007). Furthermore, ABA signaling and response itself 

is dependent on a sound RNA processing and splicing machinery (Hirayama & Shinozaki, 2007; 

Papp et al, 2004; Tillemans et al, 2006). Thus, given the importance of RNA splicing in drought 

response and that grd1 is drought sensitive, we hypothesize that GRD1 is a regulator of proper 

RNA splicing and processing that aids to fine-tune plant responses to drought stress. 

 

Another interesting process differently regulated in grd1 is the up-regulation of JA-response 

genes only in grd1 and not in the WT. This observation means that in the absence of GRD1, 

drought causes induction of these genes, suggesting that the intact gene works antagonistically 

with drought in regulating the expression of JA-response genes. JA is induced under drought and 

is generally thought to lead to negative effects involving repression of photosynthesis and cell 

growth (Wasternack, 2007). Based on these observations, we propose that GRD1 might act as a 

negative regulator of JA biosynthesis and signaling under drought stress to improve plant 

response and resistance to drought. 

 

Stress-responsive transcriptional responses are specific to a metabolic or developmental state and 

activate stress-responsive mechanisms that exist in the cell. In addition to these 'hard-wired' 

responses, transcriptional programs show considerable plasticity to adapt to a wide range of 

stresses, including those not encountered during evolutionary history (Lopez-Maury et al, 2008). 

Using a highly integrative approach making minimal assumptions and taking complete 

advantage of existing data, we have described several transcriptional regulatory programs that 

underlie drought stress response in Arabidopsis and proposed specific regulatory mechanisms 

that can be experimentally verified. 

 

3.5. Methods 
3.5.1. Expression Profiling of Early and Late mDr and pDr  

Briefly, for mDr, plants at 30 days after sowing were subjected to a moderate drought treatment 

and RNA was isolated from two biological samples of 5 pooled plants each were collected at 

days 1 and 10. For pDr, five weeks WT plants were drought-treated until the first day of wilting 
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and RNA was isolated from drought-treated and control plants of each genotype (WT and grd1). 

Two replications per treatment for mDr and pDr were used for Affymetrix (ATH1 25K) 

GeneChip hybridization. aDr shoot expression data was obtained from NCBI GEO (Barrett et al, 

2009) accessions GSE5624 (drought) and GSE5620 (control). 

 

3.5.2. Analysis of Gene Expression Profiles 

For each of the drought experiments, mDr-Day1, mDr-Day10, pDr, grd1-Dr and aDr (seven time 

points) raw data were background corrected, normalized and summarized according to the 

custom CDF (see below) using RMA (Irizarry et al., 2003; Ihaka and Gentleman, 1996; 

Gentleman et al., 2004), followed by non-specific filtering of genes that do not have enough 

variation (interquartile range (IQR) across samples < IQRmedian) to allow reliable detection of 

differential expression. A linear model was then used to detect differential expression of the 

remaining genes on comparing drought treated samples versus well-watered control (Smyth 

2004). The p-values from the moderated t-tests were converted to q-values to correct for multiple 

hypothesis testing (Storey and Tibshirani, 2003), and genes with q-value <0.1 were considered as 

differentially expressed in response to the mDr and pDr drought treatments. This q-value cut-off 

was used to ensure that there were enough number of genes in mDr Day10 to analyze further 

based on functional enrichment. Genes with q-value <0.05 were chosen for aDr. This cut-off this 

based on previous studies using this data. 

 

3.5.3. Reannotation of Arabidopsis ATH1 Probe-Gene Mapping 
The mapping of Affymetrix ATH1 probe sets to Arabidopsis loci provided TAIR is arrived at 

using the following procedure (ftp://ftp.arabidopsis.org/Microarrays/Affymetrix/README on 

7/30/09): The mapping to the TAIR8 Transcripts was performed using the BLASTN program 

with E-value cutoff <= 9.9e-6. For the 25-mer oligo probes used on the Affymetrix chips, the 

required match length to achieve this E-value is 23 or more identical nucleotides. To assign a 

probe set to a given locus, at least 9 of the probes included in the probe set were required to 

match a transcript at that locus. Disregarding probe sets that map to more than one locus, this 

procedure results in mapping 21,180 probe sets to 21,019 genes. 
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TAIR as a database will wish to preserve the probe-to-‘probe set’ definitions provided by 

Affymetrix for users to map probe sets to genes after performing microarray analysis using the 

default chip definition file (CDF). But strictly, there are two issues in this procedure that could 

lead to significant inaccuracies in estimation of gene expression: a) A probe set mapped to a 

locus can contain up to 2 probes that do not match the locus at all and other probes that do not 

match the locus uniquely; b) Since multiple probe sets can map to the same locus, during 

analysis one has to make an ad hoc procedure to either combine information from all the 

mapping probe sets or choose one of the probe sets based on an arbitrary criterion. Both choices 

have been used in previous studies frequently. 

 

To get around these issues and improve to the mapping generally, we sought to: a) Increase the 

stringency of mapping a 25-mer probe from 23 or more identical nucleotides to a perfect match; 

b) Assign a probe to a locus only when it uniquely maps to that locus; c) Combine all the probes 

that uniquely map to a given locus into a single probe set, identified after the locus. 

 

Thus, a high-quality custom CDF was built for the Arabidopsis ATH1 array by uniquely 

mapping 232,697 probe sequences (http://www.affymetrix.com/analysis/downloads /data/) to 

21,389 Arabidopsis (TAIR8) gene-based probe sets in the following manner: (i) probes that have 

perfect sequence identity with a single target gene were selected, (ii) probes mapping to reverse 

complements of genes were annotated separately as antisense probes (not used in the above 

counts), and finally, (iii) probes were grouped into probe sets, each corresponding to a single 

gene, and probe sets having at least 3 unique sequences were retained (>99% probe sets have 

>=5 probes). Note that these stringent criteria used to construct the CDF make it possible to 

reliably measure expression values of members of multigene families (free from cross-

hybridization between paralogs showing high sequence similarity). 

 

3.5.4. Promoter Analysis 

For analysis of potential promoter-resident cis-regulatory elements (CREs), FIRE (Elemento et 

al, 2007) was used to discover motifs informative about the different sets of differentially 

expressed genes compared to the rest of the genes in the genome. Briefly, FIRE seeks to discover 

motifs whose patterns of presence/absence across all considered regulatory regions (motif 
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profile) are most informative about the expression of the corresponding genes (expression 

profile). To measure these associations, FIRE uses mutual information (MI) (Cover & Thomas, 

2006). FIRE performs a randomization test and considers an observed MI value (for a motif-

expression profile pair) to be significant only when it is greater than all the random MI values 

calculated by randomly assigning the expression values to genes. A Z-score reflecting how far 

the observed MI value is, in number of standard deviations, from the average random MI is 

calculated. These are the Z-scores presented for each motif in Figure 3.3. Moreover, it also 

performs jack-knife resampling (Efron, 1979), where, in each of 10 trial the above randomization 

test is carried out. Only motifs that are statistically significant in at least 6 trials are reported. 

Newly discovered motifs were compared to known cis-elements in the PLACE database (Higo et 

al, 1999) and to each other using STAMP (Mahony & Benos, 2007). All upstream sequences 

were obtained from TAIR. This de-novo approach was taken since i) CREs could diverge far 

more quickly than coding sequences across species, making them hard to find simply by 

searching, and ii) searching based on known elements in Arabidopsis is limited by the scope of 

experimental identification in a select set of genes, making identification of degenerate yet 

potentially functional positions in the element hard. 

 

3.5.5. Discovery of transcriptional regulatory programs 

Gene function descriptions and GO biological process (BP) annotations were downloaded from 

TAIR (TAIR8; Swarbreck et al., 2008). Applying the true-path-rule, a gene annotated with a 

particular GO term was also annotated with all its ancestors. To avoid very generic, non-

informative terms for further analysis, only terms annotating <=500 genes (‘specific GO-terms’) 

were retained. Genes annotated with a given specific GO-term were considered as a gene set. 

Genes containing CREs discovered de novo were included as additional gene sets. Drought 

regulated genesets were defined as sets of genes up- and down-regulated in mDr-Day1, mDr-

Day10 and pDr. From the seven time points for aDr – 0.25h, 0.5h, 1h, 3h, 6h, 12h and 24h – 

based on gene expression similarity (data not shown) aDr_0.5h and aDr_1h, and aDr_3h and 

aDr_6h were combined into aDr_0.5-1h and aDr_3-6h, respectively, and five aDr genesets were 

obtained. 
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The GO_BP and CRE genesets described above were tested for the statistical significance of 

enrichment among the experimentally identified drought gene sets (mDr-Day1, mDr-Day10, 

pDr, aDr_0.25h, aDr_0.5-1h, aDr_3-6h, aDr_12h and aDr_24h up- and down-regulated genes) 

using the cumulative hypergeometric test. For a pair of gene sets i and j, if N is the total number 

of genes, ni and nj are the number of genes in gene set i and j, and m is the number of genes 

common to the gene sets, the probability (p-value) of an overlap (enrichment) of size equal to or 

greater than observed is given by the formula below. 

 
To adjust for multiple comparisons, a Benjamini-Hochberg false discovery rate (FDR; q-value) 

(Benjamini & Hochberg, 1995) was calculated from the p-values, and a q-value threshold of 0.01 

was used for significance. 

 

To find associations between GO_BP and CREs in the context of a drought geneset (say 

‘pDr_Up’), instead of the all the genes in the genome, the universe of genes was restricted to that 

drought geneset and overlap between the GO_BP genesets and CRE-genesets within this 

universe was evaluated using the cumulative hypergeometric test. For mDr, pDr and aDr 

analyses, GO_BP-CRE pairs with q-value <0.01 were considered significant. For grd1 analysis, 

since we were interested in deciphering some link between a CRE and GO_BP term in groups 3, 

4, 5 and 6 (Figure 3.6) a more relaxed q-value cutoff (q-value <0.1) was used to discover 

GO_BP-CRE pairs. All these associations were represented as a graph where GO_BP terms are 

connected to their enriched CRE partner using Cytoscape (Shannon et al, 2003). 
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4. The state of network-based gene function prediction in 

Arabidopsis 
Arjun Krishnan, T. M. Murali, Brett Tyler, Andy Pereira 

 

4.1. Abstract 
Arabidopsis is a primary model organism for plants. Understanding its cellular machinery and 

transferring the resulting knowledge to plants of economic importance is a key challenge in 

biology. However, poor knowledge of the cellular roles played by Arabidopsis genes remains a 

fundamental barrier to achieving this goal.  Currently, of the approximately 29,000 genes in 

Arabidopsis, only about 50% are annotated with any function (Gene Ontology biological 

process), with annotations for less than one-third of these genes coming from experimentally 

verified sources. Networks of functional linkages between genes and gene products, built by 

integrating high-throughput functional genomic data, are an attractive approach for alleviating 

this problem. These networks can be used in conjunction with existing functional annotations as 

a powerful tool for predicting functions of currently un-annotated or poorly annotated genes. In 

this study, we examine the state of network-based gene function prediction in Arabidopsis by 

evaluating the performance of various algorithms on AraNet, a recently developed gene 

interaction network for Arabidopsis. These algorithms take advantage of local interactions or 

overall network structure to transfer and predict gene function. We first explore the influence of 

the number of genes annotated to a function and the source of annotation evidence (experimental 

or electronic) on prediction performance. Upon identifying the candidate best algorithm, we find 

topological properties of genes in the network that correlate well with the performance of the 

algorithm. We then measure the ability of the network-based approach to predict conserved and 

plant-specific functions. We discuss specific examples of both conserved and plant-specific 

functions that are most and least ‘predictable’. Finally, we provide guidelines to the plant 

community on the development of more refined functional linkage networks, improved methods 

for computational prediction of gene function, and strategies for prioritization of experiments to 

verify predictions. 
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4.2. Introduction 
Arabidopsis has been the primary model organism for the plant kingdom for twenty-five years 

(Koornneef & Meinke, 2010). It was the third eukaryotic genome to be sequenced. The 

Arabidopsis genome harbors about 29, 000 genes (similar to the number of genes in the human 

genome). Discovering the function of each of these genes is critical for understanding the overall 

organization of the cellular machinery that supports complex processes in plants such as growth 

and development, energy production, and response to environment. The function of a gene has 

multiple definitions depending on the context (Bork et al, 1998), spanning concepts including the 

developmental or growth stage at which the gene is expressed, the molecular function of the 

gene’s protein product, the signaling/metabolic/regulatory pathway the protein might participate 

in, the nature of the gene’s response to the environment, or an observable phenotypic trait it is 

associated with. Gene Ontology (GO) annotations (Ashburner et al, 2000), especially those in the 

biological process (BP) hierarchy, cut across many of these levels. Hence, in this work, we use 

GO BP annotations as our basis for defining gene function. 

 

Although numerous experiments have been done in Arabidopsis to elucidate gene functions, only 

about 15% of the genes in the genome have any experimentally verified functional annotation 

(Fig. 4.1). An additional 20% of the genes have annotations based on author statements, expert 

curation, or sequence/structural similarity to genes with BP annotations in other organisms. 

Approximately 14% of the genes have ‘electronic’ annotations not assigned by a curator, leaving 

more than 50% of the genes in the genome not annotated with any function. When annotations to 

only ‘specific’ functions (defined in this work as GO BP terms annotating <300 genes, which is 

approximately 1% of the number of genes in the Arabidopsis genome) are considered, the 

percentage of genes annotated with any function drops to 26. This lack of specific knowledge 

about the functions of nearly 74% of Arabidopsis genes poses a great challenge to systems 

biology studies of this model plant. 
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Figure 4.1: Represent the fraction of genes (out of a total of 29, 889 genes in the genome) annotated with all (dark 
grey) or ‘specific’ (light grey) functions based upon different sources of evidence (GO evidence codes). 
Specific functions are defined as GO BP terms that annotate <300 genes (approximately 1% of the genes in the 
genome). Evidence codes are grouped as follows: EXP: Experimental evidence codes IDA, IMP, IPI, IGI and IEP; 
AUTH: Author statement evidence codes TAS and NAS; IC: Inferred by Curator; ISS: Inferred from Sequence or 
Structural Similarity; and IEA: Inferred from Electronic Annotation. See 
http://www.geneontology.org/GO.evidence.shtml for details on these codes. Evidence codes are ordered from left to 
right in decreasing relation to experimentally validated annotations. The line graphs represent the cumulative 
fractions, culminating in the maximum denoted by the dashed lines. Genes counted in an evidence code group are 
not included in any later group. Counts are based on GO BP annotations obtained after applying the true-path-rule. 
 

Molecular interaction networks are powerful frameworks for representing the ways in which 

genes, proteins, metabolites and other molecules work together to perform specific functions 

inside the cell (Yamada & Bork, 2009). Typically, interactions in these networks are 

“functional”, i.e., two genes are directly connected if there is some evidence that they may 

participate in the same biological process. Functional interaction networks have been derived 

from an amalgam of diverse datasets in multiple unicellular and multi-cellular organisms 

(Costello et al, 2009; Guan et al, 2008; Hu et al, 2009; Huttenhower et al, 2009; Lee et al, 2008; 

Zhu et al, 2008). In such networks, the interactions that a gene participates in establish the 

putative functional context within which that gene operates in the cell. Therefore, when functions 

for some genes in this network have been identified through rigorous experimentation, other less-

studied genes can also be associated with the function of the genes they interact with, based on 

the principle of guilt-by-association (Sharan et al, 2007). Recently, a genome-scale functional 

interaction network, termed AraNet, was published for Arabidopsis based on the integration of 
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24 network datasets: five from Arabidopsis and the rest from human, fly, worm and yeast (Lee et 

al, 2010). The datasets comprise of co-citation, mRNA coexpression, domain co-occurrence, 

gene-neighborhood, genetic interactions, literature curated interactions, affinity purification/mass 

spectroscopy, phylogenetic profiles, protein tertiary structure and yeast-two-hybrid assays. The 

authors use AraNet to prioritize genes for limited-scale functional screening concerning a “trait” 

(defined using descriptive GO biological process) of interest: necessarily gene-function-

prediction. Taking a ‘local’ network neighborhood approach, for an uncharacterized gene they 

assign a score for each BP that is equal to the sum of the weights of the interactions linking the 

gene to other genes already annotated by the term. AraNet represents the largest integration 

effort so far to construct a functional linkage network for Arabidopsis. Hence, it is a rich 

resource for functional characterization of the Arabidopsis genome. 

 

In the research presented here, we use AraNet to assess the state of network-based gene function 

prediction in Arabidopsis. We employ six prediction methods (five distinct algorithms, with one 

in two flavors) on AraNet and measure their performance in making high-confidence predictions 

for 374 specific biological processes based on 5-fold cross-validation (Fig. 4.2). Three of the 

algorithms are variations on the guilt-by-association approach used in the AraNet publication. 

The remaining three prediction algorithms (SinkSource (introduced here), FunctionalFlow 

(Nabieva et al, 2005), and Hopfield networks (Karaoz et al, 2004)) operate by applying guilt-by-

association-like principles repeatedly over the entire network.  These algorithms have the ability 

to propagate functional annotations across the network in a controlled manner, while taking both 

short-range and long-range connections within the network into account. 

 

4.3. Results 
In this work, we use GO BP annotations as our basis for defining gene function. By design, there 

are several BP annotation terms that describe very general cellular phenomena (e.g. ‘biopolymer 

modification’, ‘transport’ or ‘cell communication’) and annotate numerous genes as a result. We 

reasoned that genes predicted to belong to very specific BPs might be more amenable to 

experimental verification. Therefore, using the number of annotated genes as a guide to identify 

such specific functions, we select 374 GO BP terms that annotate <300 genes (approximately 1% 

of the total genes in the genome) (see Methods) for further analysis. 
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We apply the semi-supervised learning pipeline depicted in Figure 4.2 to assess the performance 

of network-based gene function prediction algorithms in predicting these specific functions in 

Arabidopsis based on the AraNet gene functional interaction network (Lee et al, 2010). This 

network contains 19,647 genes and 1,062,222 edges, with edge weights corresponding to the log 

likelihood score (LLS) of interaction. We apply this pipeline to annotations based on two sets of 

GO evidence codes (ECs): one containing gene annotations based on all ECs, and the other 

excluding annotations based on computational (ISS) or electronic (IEA) ECs. Annotations based 

on IEA are not manually curated, they may harbor numerous false positive annotations. 

Although annotations based on ISS are curator-assigned, these annotations still require 

experimental confirmation and could harbor false positives, although to an extent lesser than 

annotations based on IEA. Therefore, we define two sets of ECs – ‘all ECs’ and ‘sans ISS and 

IEA’ – to explore the effect of including computational/automated annotations on the quality of 

gene function predictions. 
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Figure 4.2: Summary of the approach used in this study to assess network-based gene function prediction in 
Arabidopsis. 
We execute a 5-fold cross-validation scheme for each of the 374 specific functions. We run the entire pipeline once 
using functional annotations based on all evidence codes (all ECs) and once after excluding 
computational/electronic annotations (Sans ISS IEA). Positive examples (with respect to a function f): set of genes 
annotated with function f (after applying the true-path-rule); Negative examples: set of genes not annotated with f or 
any of its ancestors; TP: True positives; FP: False positives; TN: True negatives; FN: False negatives; Precision: 
Fractions of positive predictions that are correct; Recall: Fraction of known positives that have been predicted 
correctly; P20R: Precision at 20% recall. See main text for details. 
 

For each function f, we define positive examples as the set of genes that are annotated with f 

(after applying the true-path-rule) and negative examples as the set of genes not annotated to f or 

to any of its ancestors. We mark all the other genes as ‘unknown’ examples for f. To predict gene 

function using these examples in the context of a network, we apply the following algorithms, 

which we summarize briefly here (see Methods for details): 

1. SinkSource: The following physical analogy explains this algorithm. We consider the 

underlying functional interaction network to be a flow network. Here, each edge is a pipe and 

its weight denotes the amount of fluid that can flow through the pipe per unit time. Each node 

has a reservoir of fluid. We maintain the level of the reservoir at each positive example at 1 

unit and at each negative example at 0 units. We let fluid flow through this network. At 

equilibrium (when the amount of fluid flowing into each node is equal to the amount flowing 

out), the reservoir height at each node denotes our confidence that the node is annotated with 

that function. 

2. Hopfield networks (Karaoz et al, 2004): This algorithm is similar to SinkSource, except that 

the reservoir level at each negative example is set to -1 and the reservoir level at each 

unknown example is thresholded to 1 or to -1. 

3. FunctionalFlow (Nabieva et al, 2005): This algorithm also treats the functional interaction 

network as flow network. It does not use negative examples and sets the reservoir level at 

positive examples to be infinity, permitting the reservoir level at an unknown example to 

increase without bound. Hence, the algorithm stops after a user-specified number of phases.  

4. FunctionalFlow run for a single phase is equivalent to the guilt-by-association method used 

by the authors of AraNet in associating genes with functions/traits (Lee et al, 2010): the 

confidence associated with an ‘unknown’ gene is simply the sum of the weights of the 

interactions connecting it to genes annotated with the function. 
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5. Local and Local+: These algorithms are variations of guilt by association that consider the 

number of edges incident on each unknown example. Local takes negative examples into 

account whereas Local+ does not. 

 

SinkSource, Hopfield networks, and FunctionalFlow (with more than one phase) attempt to take 

all the interactions in the network into consideration, while the other approaches only consider 

direct linkages. SinkSource is similar to the GeneMANIA algorithm for gene function prediction 

(Mostafavi et al, 2008) with the difference being that, during the prediction process, 

GeneMANIA allows the confidence scores of the ‘known’ genes (positive and negative 

examples) to vary from their original values based on the underlying network. 

 

Typically, the performance of gene function prediction algorithms is measured in terms of the 

precision (fraction of predictions that are correct) achieved by an algorithm at different values of 

recall (fraction of positive instances predicted correctly) plotted in the precision-recall curve. 

Since computational gene function prediction precedes and guides experimental validation, given 

a ranked list of novel predictions, an experimenter would choose a manageable number of top-

scoring predictions to pursue. Such predictions correspond to the high-precision, low-recall 

regime. Hence, we choose precision at 20% recall (P20R) as the measure of performance and use 

this throughout the rest of the paper. 

 

Thus, based on the setup depicted in Figure 4.2, for each of the 374 specific functions: i) we 

partition the positive and negative examples into five sets first, and then form ‘seed’ and ‘test’ 

sets from each 4/5th-1/5th fraction. This ensures each positive or negative example is used in the 

test set exactly once; ii) then, using each of the six gene function prediction methods, we make 

predictions based on a seed set (4/5th) and compare the results to its corresponding test set (1/5th) 

to calculate true-positive (TP), false-positive (FP) and false-negative (FN) counts; iii) repeat 

steps (i) and (ii) for the 5 different seed/test partitions and use the TP, FP and FN counts from the 

5 runs to calculate P20R, where P (precision) = (TP/[TP+FP]) and R (recall) = (TP/[TP+FN]). 

This set of runs constitutes the 5-fold cross-validation scheme. Following this pipeline, for each 

prediction method, we get 374 P20R values (one per function). We then use this distribution of 

P20R values (which ranges between 0 and 1) to compare methods to each other. Here, the better 
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a method is at predicting gene function, the closer to 1 is its median distribution of P20R values. 

Furthermore, one method can be considered a better predictor than another when the former’s 

median P20R is significantly higher than that of the latter, given their full distributions. 

 

4.3.1. Performance of gene function prediction algorithms for a plant gene network 
First, we compare the six gene function prediction methods based on the distribution of P20R 

scores across the 374 specific functions we have selected. These distributions for all 374 

functions or for subsets (see below) are represented as box plots in Figure 4.3 for comparison, 

with the different methods color-coded differently. Since we have two sets of annotations – ‘all 

ECs’ and ‘sans ISS IEA’ – we have two distributions per method presented next to each other, 

differentiated based on the thickness of the box. Statistical comparison between algorithms 

across functions for a given set of annotations (all ECs or sans ISS IEA) is done using the 

Wilcoxon signed rank test to measure the significance of the difference between means of the 

distributions. The result of each statistical test is summarized as the –log10(P-value), where the 

lower the Wilcoxon P-value, higher its negative logarithm. 

 

On the first glance of the plot for all 374 functions, it is evident that all algorithms perform rather 

poorly, with the bulk of each P20R distribution below 0.4 (Fig. 4.3A). However, among them, 

SinkSource has a significantly better performance than the other algorithms in both EC sets (the 

first bars in each group in Fig. 4.3E, F), followed by Hopfield as the close second. Considering 

alongside the observation that Local performs very poorly, these results shows that while it helps 

to take advantage of negative examples in making predictions based on overall network 

topology, it hurts to learn from negative examples when using a simple guilt-by-association 

algorithm (Fig. 4.S1A, Fig. 4.S2A and 4.S2C). In support of this conclusion, the direct 

neighborhood method that uses only positive examples, Local+, does much better than Local, 

and almost as well as SinkSource. FunctionalFlow 1-phase is simpler than, but performs nearly 

as well as Local+. On the other hand, flowing information through the network just using 

positive examples (FunctionalFlow 6-phases) does not improve upon FunctionalFlow 1-phase 

and, sometimes, even hurts (see below).  
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This trend in performance remains the same for both sets of annotations: all annotations (all-

ECs) and only annotations related to experimental/expert evidences (sans-ISS-IEA). However, 

except for SinkSource, the median P20R is always higher for sans-ISS-IEA than all-ECs, 

indicating that there might be intrinsic factors that affect which type of annotation is useful in 

making quality predictions. One such potential factor is the size of the function (number of genes 

annotated to the function). Therefore, instead of just assessing performance across all functions 

simultaneously, we divide the set of 374 functions into 3 size-based groups of ~125 each for all-

ECs and sans-ISS-IEA separately and analyze further. Note that a function with different number 

of annotated genes based on all-ECs and sans-ISS-IEA can be in one group for all-ECs and in 

another for sans-ISS-IEA. 
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Figure 4.3: Performance of the six gene function prediction algorithms on AraNet measured as precision at 20% 
recall (P20R) for 374 specific-functions based on all-ECs (A; thin boxes) and sans-ISS-IEA (E; thick boxes) 
annotations. 
The distribution of P20R values for each algorithm is represented as a box plot, where, each box extends from the 
25th to the 75th quartile of the distribution with the median (50th quartile) marked in the center of the box. The 
algorithms are labeled as follows: Hopf: Hopfield, SS: SinkSource, FF.1: FunctionalFlow 1-phase, FF.6: 
FunctionalFlow 6-phases. A) Plots for all 374 functions; B, C and D) Plots for 3 size-based groups containing ~125 
functions each. Actual size ranges for ‘A’ and ‘E’ in each group are indicated at the top of the plots. Plots E and F 
represent the level of significance (-log10(P-value)), derived from the P-values of Wilcoxon test comparing the P20R 
values from SS to that from the other algorithms for all-ECs and sans-ISS-IEA, respectively. In each plot for each 
algorithm, the first bar corresponds to significance using all 374 functions and the following three bars are 
significance values calculated within the three size-based groups in increasing order. 
 

For functions with few annotated genes (Fig. 4.3B), performance is poor irrespective of the 

algorithm. However, learning only from annotations related to experimental evidences (sans-ISS-

IEA) leads to better performance than using all annotations (all-ECs), and the algorithms are 

most equal in the former case without a clear winner (second bars in Fig. 4.3F; first rows in Fig. 

4.S1 A and B). For functions with a moderate number of annotated genes (Fig. 4.3C) the results 

are slightly different. All algorithms pick up in performance (without any one being much better 

than the others) when using all-ECs (third bars in Fig. 4.3E) and significantly better than using 

only sans-ISS-IEA. However, using only sans-IEA-ISS, though the performance of all 

algorithms still remains low, SinkSource gets ahead of others (third bars in Fig. 4.3F; second 

rows in Fig. 4.S1 A and B). For functions with a large number of annotated genes (Fig. 4.3D) 

using all annotations is clearly better than using only sans-ISS-IEA and SinkSource performs 

very significantly well compared to other methods in both cases (fourth bars in Fig. 4.3E and F; 

first rows in Fig. 4.S1 A and B). Hopfield presents an interesting case here: its performance has 

been very close to that of SinkSource throughout and yet the difference between these algorithms 

is statistically significant because of the fact that for most functions, the P20R values from 

SinkSource have been, although by a little, consistently higher than that from Hopfield (Fig. 

4.S1). To provide another perspective of these same results, we plot the number or fraction of 

functions for which a particular method achieves the maximum P20R (Fig. 4.S2) and draw 

similar conclusions. 

 

4.3.2. Correlation of performance with network properties 
When making function prediction based on an underlying network, it is expected that the 

topological properties of genes in the network influence the ‘predictability’ of a function. Among 
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these are properties calculated based on the network induced by the genes annotated to a 

function, namely i) the number of genes, ii) the fraction among these genes that form the largest 

connected component, iii) the number of components, iv) total edge weight, v) weighted density, 

and vi) average weighted degree (see Methods for definitions). Others like ‘average segregation’ 

take into account interactions within and across functional cohorts of genes based on the 

hypothesis that genes interact predominantly with other genes belonging to the same function, 

and only to a lesser degree with genes belonging to other functions (Chagoyen & Pazos, 2010; 

Yook et al, 2004). Here we assess the correlation of the six properties of the induced network 

listed above along with average segregation with predictability of functions by SinkSource. 

 
Figure 4.4: Spearman rank correlation of P20R values obtained using the SinkSource algorithm to the topological 
properties of genes belonging to a function in the original network. 
For each function in the context of its induced network, No.Comp: number of connected components; No.Nodes: 
number of annotated genes in the network; Frac.Nodes.Largest.Comp: fraction of genes in the largest connected 
component; Wgt.Density: weighted density of edges; Tot.Edge.Wgt: total edge weight; Avg.Degree: average degree 
of genes; and, Avg.Segregation: average segregation. 
 

We measure the association of a network property to performance using the Spearman rank 

correlation of the vector of SinkSource P20R values of the functions to the vector of their 

network property scores (Fig. 4). Interestingly, the number of genes in a function has a 

reasonable amount of correlation with performance when using all annotations but not when 
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using only sans-ISS-IEA annotations. Hence, for the rest of the properties, measuring correlation 

within size-based groups (in addition to all functions) helps to remove any effect of the number 

of annotated genes (similar to taking a ‘partial’ correlation). As expected, it is clear (especially 

within the size-based groups) that the more number of disconnected components the genes are 

broken down into, the less predictable their function is. A corollary is the positive correlation to 

the fraction of genes in the largest component. Although, total edge weight and average degree 

by definition increase as the number of genes in the functions increases (observed as increasing 

correlation with performance with increasing group size), high correlation within the groups 

indicates that the connectivity among genes is more important than the number of genes itself. 

Weighted density displays a similar trend even though it is independent of the number of genes. 

The strongest correlation to performance, however, comes from the average segregation. Since 

this measure accounts for the coherence of genes with respect to the connectivity to the rest of 

the network, it is intuitively the closest to defining functionally related genes in a modular 

network, making it the favored candidate for determining predictability of functions. 

 

4.3.3. Performance on plant-specific functions 
In addition to examining computational methods for predicting gene function, we are also 

simultaneously evaluating which functions are more and less ‘predictable’, providing indications 

about the limits of our knowledge of biological function and/or gene interactions. Specifically, it 

of interest to ask if there are evolutionary classes of functions that can be predicted with more 

confidence than others. In the case of network-based function prediction, since the underlying 

functional interaction network that guides a prediction algorithm is more often than not heavily 

derived from information in other well-studied species – AraNet being a case in point with data 

on several types of associations borrowed from human, fly, worm and yeast models – the 

relevant question is about predicting plant-specific versus conserved functions. 
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Figure 4.5: Performance (P20R) of SS in 243 conserved and 103 plant-specific functions. 
(Left) Box plots of P20R values for each group. Results using all annotations are indicated using thin boxes, while 
those using sans-ISS-IEA annotations are indicated using thick boxes. Adjoining bar plots (right) depict the number 
of plant-specific functions in the 3 size-based groups for all-ECs (A) and sans-ISS-IEA (E). 
 

To address this question, among the 374 functions, we first identify 243 that are conserved and 

103 that are plant-specific (leaving behind 28 moderately-conserved functions) based on the 

number of genes annotated to each function in Arabidopsis compared to the numbers for that 

function in the human, fly, worm and yeast genomes (see Methods; Table 4.S1). Then, on 

juxtaposing the ‘predictability’ (P20R) of these classes of functions using SinkSource (Fig. 4.5 

left), we observe that conserved functions are more predictable than all functions considered 

together, which is a consequence of the fact that the plant-specific functions are much less 

predictable. These two classes also differ in the effect of using computational/electronic 

annotations: while using all annotations is better for conserved functions (Wilcox P-value <1E-

7), when considering plant-specific functions, restricting to learn only from experimental/expert 

annotations aids in greater prediction performance compared to using all annotations (Wilcox P-

value =0.000533), although both are poor. Since this relationship is reminiscent of the analysis 

for different size-based groups of functions (Fig. 4.3), we check the number of genes annotated 

to conserved- and plant-specific functions. Here, we note that when using all annotations, a 

majority of the conserved and plant-specific functions fall in the ‘medium/large’ and ‘small’ 

groups, respectively, leading to the poor and good predictability of the functions. However, using 
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just sans-ISS-IEA, the number of functions is more or less evenly spread among the three groups 

for both classes, which is hurting the conserved and helping the plant-specific functions. 

 

We use examples among the most and least predictable conserved (Table 4.1) and plant-specific 

(Table 4.2) functions to gain more understanding. Conserved functions, specifically those 

concerned with basic processes like protein folding, nucleotide transport, innate immunity, 

cytoskeleton organization and cell cycle, are generally expected to be highly predictable. 

However, it is striking that the regulatory functions of several of these basic processes that are 

still conserved in all species are poorly predictable. On the other hand, cell wall modification, 

auxin or cytokinin signaling, and photosynthesis are among the most predictable plant-specific 

functions although within the top few predictions, P20R falls to values about 0.5. The most 

specialized functions in plants have to do with development, morphogenesis, pattern formation 

and phase transitions of various tissues, organs or growth stages. It is exactly for these functions 

that new genes are hardest to predict. 
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Table 4.1: Table of the most and least predictable conserved functions using SS in both evidence-code 
combinations. 
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Table 4.2: Table of the most and least predictable plant-specific functions using SS in both evidence-code 
combinations. 
 

4.4. Discussion 
Gene function prediction is a crucial aspect of post-genomic biology that warrants investment of 

large-scale efforts to invent and assess novel methods that make the best use of available data 

and make testable predictions, even in the best studied of model organisms (Peña-Castillo et al, 

2008). Network representations of the molecular interactions have become mainstay abstractions 

that are convenient for modeling cellular organization (Barabasi & Oltvai, 2004). Since a gene or 

its product engages in interactions with other components to perform a biological function, 

analyzing the network neighborhood of a gene will provide clues about its functional context. 
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Arabidopsis is the forerunner as a model for plants with a genome sequenced a decade ago and 

genomic data amassing at an ever-increasing rate. Nonetheless, associating genes with specific 

functions and high-level traits/phenotypes is a surviving challenge with half the genes in its 

genome not annotated with any function. When several attempts are being made at figuring out a 

genome-scale map of Arabidopsis gene interactions (Alexeyenko & Sonnhammer, 2009; Cui et 

al, 2008; Ma et al, 2007), now is a prime time for assessing how useful such maps are in aiding 

gene function prediction. 

 

We evaluate the performance of a gamut of algorithms in predicting gene functions in 

Arabidopsis based on an underlying network of gene interactions, AraNet (Lee et al, 2010). 

AraNet is a recent effort that represents the conglomeration of network-level genomic data from 

the major model organisms – yeast, fly, worm and human – put to good use in predicting gene 

associations in a plant model, meagerly supplemented with data from the plant itself. Due to its 

large-scale integrative nature and public availability, we consider this network as a current draft 

of the Arabidopsis interactome. 

 

Lee et al. (2010) evaluate the performance of AraNet in inferring gene function using a local 

algorithm (here, FunctionalFlow 1-phase). They measured prediction performance after leave-

one-out cross-validation using the area under the Receiver Operating Characteristic (ROC) 

curve. Our analysis differs from theirs in the following two aspects: 

a) We use k-fold cross validation with a small k (k=5) to better reflect the reality that only a 

fraction of the genes annotated to a function are already known. In contrast, leave-one-out 

cross validation erases one positive example at a time, a procedure that may lead to the over-

estimation of prediction performance. 

b) We calculate precision for different values of recall instead of tracing the relationship 

between the false positive rate and true positive rate (recall) as in a ROC curve. The rationale 

is that the number of negative examples is typically much larger than the number of positive 

examples for any given function. Therefore, a large change in the number of false positives 

may cause only a small change in the false positive rate used in ROC analysis. In such 

situations, precision-recall curves are better indicators of performance than ROC curves 

(Jansen & Gerstein, 2004). Precision compares the number of false positives to the number of 
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predictions, as opposed to the false positive rate, which compares the number of false 

positives to the much larger number of negative examples. Therefore, a precision-based 

measure rewards high-quality positive predictions without regard to the accuracy of negative 

predictions, which are far less helpful in guiding wet-lab experiments. 

 

A main concern with the evaluation method used by Lee et al. (2010) is that the evaluation on 

prediction of GO BP terms (functions) is performed using the final network that was learnt from 

a gold-standard based on the same GO BP annotations: a procedure that is circular and could 

lead to over-estimation of performance. Because we only have access to the final network, we 

would like to draw attention to the fact that we too use this integrated network in performing the 

evaluations and thus face the same over-estimation problem. However, since we concentrate on 

discovering trends and reasoning through distributions of scores (not exact calculations and 

novel predictions), we maintain that our results hold. 

 

Using a semi-supervised learning and evaluation scheme (Figure 2) involving 5-fold cross-

validation, we find that algorithms (Hopfield, SinkSource) that use large-scale network topology 

perform better than others that rely only on local neighborhood. Overall, SinkSource makes the 

best predictions of Arabidopsis gene function using AraNet. A lot more is revealed when we 

examine performance of the algorithms on functions annotating small, moderate or large 

numbers of genes. All algorithms perform poorly when only a small number of genes are 

‘known’ for a particular function or when the function is very specific. When we further dissect 

the annotations of genes to functions based on the source of annotation, we see that using only 

annotations based on experimental/expert evidences is better than using all annotations in 

making confident predictions for the small-size functions. We therefore suggest, when seeking 

candidate genes with poorly/sparsely-annotated functions, to use only experimentally verified 

annotations to make new predictions. On the other hand, when a considerable number of genes 

are annotated to a function, we suggest using all annotations including computational and 

electronic evidences to make new predictions. 

 

Since the underlying network is the basis of association between the genes, several network 

properties of genes annotated with a function influence the predictability of that function. The 
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property most correlated with function prediction performance is average segregation that 

measures how well connected are genes to other genes in the same function and how separated 

they are with respect to rest of the network. This property is akin to the notion of functional 

modularity of biological networks (Hartwell et al, 1999). Given the property is, by definition, 

independent of the number of genes annotated to a function, there is a clear trend where 

functions with greater and greater number of annotated genes also have higher and higher 

average segregation from the rest of the genes. Since this property correlates well with 

performance, we extend that small-size functions are poorly segregated in AraNet leading to 

poor prediction. 

 

As mentioned earlier, since data from other model organisms dominates AraNet, it is vital to test 

how well the network performs in predicting plant-specific versus conserved functions. We 

observe that plant-specific functions are hardly predicted well while conserved functions are 

mostly much more predictable. Given that many poorly predicted functions have small number 

of annotated genes, it is intriguing that several conserved functions that contain reasonably large 

number of genes are still not predicted well. Many of these functions being related to regulation 

of biological processes hints to the fact that while different organisms contain a machinery to 

control a conserved function, how this regulation is achieved in terms of the exact genes 

involved might be very different causing the same regulatory function in different species to 

contain non-homologous genes. In other words, regulation of several functions have become 

‘specialized’ in different species in order for the same target function (e.g. innate immunity) to 

be regulated by very different stimuli that different organisms encounter. 

 

The results presented above indicate the following: i) conserved functions can be predicted very 

well compared to plant-specific functions, which are rarely well-predicted; ii) this points to a 

large gap in our knowledge of plant-specific gene interactions that is hard to fill when banking 

heavily on data from other species while reconstructing a genome-scale network; ii) 

computational methods for gene function prediction that borrow information from genes of 

‘similar’ function in deciding on a given function for a new gene should be developed, taking 

forward some efforts already in place (Mostafavi & Morris, 2010; Pandey et al, 2009); and iii) as 

we can only reap as much as we sow, it is important to perform more experiments and explore 
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the gene space of poorly studied functions to work towards informative experiments that can be 

brought into the network generation and prediction pipeline. Several such plant-specific 

functions and ‘specialized’ conserved functions are provided in this study (Table 4.S1) that point 

to avenues for future research in plants. 

 

4.5. Methods 
We use Gene Ontology (GO) biological process (BP) term annotations to define gene function. 

GO functional annotation for Arabidopsis was downloaded from TAIR (Swarbreck et al, 2008) 

in October 2009 and the GO annotation hierarchy was downloaded from the GO database in July 

2009. We extracted the annotations from the ‘biological process’ hierarchy and applied the true-

path-rule based on ‘is_a’ and ‘part-of’ relationships between GO terms, whereby genes annotated 

with a given term are also annotated with all its ancestors. From all the terms in the BP 

hierarchy, we first define ‘specific’ terms as those that annotate <300 genes (~1% of the genes in 

the genome). We filter the terms further by choosing only those that annotate 20 or more genes 

to ensure that there are enough genes for cross-validation (see below). Finally, we filter out 

parent terms in every pair of parent-child terms in the GO DAG that differ in the number of 

annotated genes by <=3 in order to avoid obviously highly overlapping GO terms, leaving a sets 

374 specific GO BP terms (functions) to work with (Table 4.S1). We create two sets of gene-

function annotations: one including annotations based on all evidence, and another based only on 

experimental/expert evidences obtained by excluding annotations solely based on 

sequence/structural similarity (ISS) or electronic annotation (IEA). 

 

We downloaded AraNet v1 in February 2010. Using AraNet, we applied the semi-supervised 

learning scheme represented in Figure 2 for each of the 374 functions and evaluated the 

performance of six network-based gene function prediction algorithms (described below) using 

5-fold cross-validation. Software implementing the function prediction algorithms is available at 

http://bioinformatics.cs.vt.edu/~murali/software/gain. 
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4.5.1. The SinkSource Algorithm 
We model the gene functional interaction network as an undirected graph G=(V, E), consisting 

of a set V of nodes (i.e., genes) and a set E of edges (i.e., functional interactions). Let wuv denote 

the weight of the edge (u, v) ∈ E, denoting the log-likelihood score of the interaction defined in 

(Lee et al, 2010). For each function f, we partition V into three subsets, V+, V0 and V– as follows: 

V+ is the set of nodes annotated with f (after applying the true-path-rule; positive examples), V– is 

the set of nodes not annotated to f or to any of its ancestors (negative examples), and V0 is the 

remaining set of nodes. For each node v ∈ V0, our goal was to assess whether v should be a 

member of V+ or V–. We do so by computing a function r : V → [0,1] that is smooth over G. 

Specifically, we set r(v) = 1 for every node v ∈ V+, r(v) = 0 for every node v ∈ V–, and required 

that r minimize the function  

 

Minimizing S(G, r) enforces the smoothness of r in the sense that the larger the weight of an 

edge (u, v), the closer in value r(u) and r(v) must be. The function S(G, r) is minimized when  

,                                   (1) 

where Nv is the set of neighbors of node v (Zhu et al, 2003). The right-hand side of this equation 

can be split into two parts: one corresponding to contributions to r(v) from neighbors in V0 and 

the second to a constant contribution from neighbors in V+  and V–. Let r0 denote the vector of 

values taken by the function r at the nodes in V0. Let M denote the square matrix, where

€ 

Muv = wuv wuvv∈Nu
∑ , for every u, v ∈ V0. We see that r0 satisfies the equations r0 =M r0+c, 

where c is a vector denoting contributions from V+ and V–. We compute r0 by initializing it to 0 

for each node u, v ∈ V0 and repeatedly applying the operation r0=M r0+c. This process is known 

to converge (Zhu et al, 2003), yielding a value of r0 =(I – M)-1c , where I is the identity matrix. 

The matrix M is sparse, being the adjacency matrix of a functional interaction network. 

Therefore, this iterative approach is efficient in practice. 
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4.5.2. Other Algorithms 
We implemented five other algorithms for the purpose of comparison. Of these, two algorithms 

use both positive and negative examples. The other three algorithms do not use negative 

examples for making predictions. We use both types of algorithms in order to assess the impact 

of negative examples on the cross-validation results. 

 

a) The Hopfield network algorithm (Karaoz et al, 2004) sets r(v) = 1 for every node v ∈ V+, r(v) 

= -1 for every node v ∈ V–, and initializes r(v) = 0 for every node in v ∈ V0. The algorithm 

repeatedly applies a modified form of equation (1), by setting r(v) to be the sign of the right 

hand side of equation (1). Thus, it restricts r(v) to take the value 1 or -1. This process is also 

known to converge. 

b) The FunctionalFlow algorithm (Nabieva et al, 2005) does not use negative examples. Each 

positive example has an infinite reservoir of fluid. The algorithm runs in phases. In each 

phase, fluid flows along each edge from the node with a larger reservoir to the node with a 

smaller reservoir.  Please see the original paper for the precise equations governing the flow. 

The total inflow into a node over all phases represents the confidence with which the node is 

predicted with a function. This algorithm needs the number of phases as input. As suggested 

by the authors, we used half the diameter of the AraNet network (the diameter was 12, so we 

used 6 phases). In addition, we run this algorithm for one phase, in which case it is equivalent 

to the guilt-by-association method used by Lee et al (2010). 

c) The Local algorithm (also called guilt-by-association in the literature) initializes r(v) = 0 for 

each node v ∈ V0 and applies equation (1) exactly once to each node v ∈ V0. While this form 

uses both positive and negative examples, a variation of this algorithm, Local+, uses only 

positive examples. 

 

Although Local+ and FunctionalFlow (1 and 6 phases) do not use negative examples when 

making predictions, we use negative examples when computing the performance of these 

algorithms on cross-validation. 

 

We use a set of topological properties to characterize the genes annotated with a function in the 

network: In the context of the whole network G=(V, E), consisting of a set V of nodes (i.e., 
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genes) and a set E of edges (i.e., functional interactions), we first define the graph Gf=(Vf, Ef) as 

the graph induced by the genes annotated with function f, and compute the following measures: 

a) Number of nodes |Vf|. 

b) Number of connected components in Gf where a connected component is defined as a 

subgraph in which any two vertices are connected to each other by paths, and to which no 

more vertices or edges (from Gf) can be added while preserving its connectivity. 

c) Fraction of nodes in the largest connected component defined as |Vf,C|/|Vf| where Vf,C is the set 

of nodes in the largest connected component. 

d) Total edge weight, defined as: 
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e) Average weighted degree, defined as: 
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f) Weighted density, defined as: 
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g) Average segregation, defined as: 
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where Ef’ is the set of edges in G that are incident on Vf. 

 

For analysis of conserved and plant-specific functions, GO annotations for humans (Hs), fly 

(Dm), worm (Ce) and yeast (Sc) were downloaded from the GO database in June 2010, and 

complete annotations for gene annotations for the 374 functions under consideration were 

created for each species by applying the true-path-rule. First, for each of the 374 functions, we 

calculate the fraction of the genes in the genome (in each species) that is annotated to that 
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function. Then, we contrast the fraction of genes annotated with a function (frac) in Arabidopsis 

(At) to that in other species using an odds-ratio-like measure: (fracAt)/(fracHs + fracDm + 

fracCe + fracSc + 0.00001). The small number in the denominator helps avoid division by zero 

when no genes are annotated to a function in all the other species. Plant specific functions are 

defined as those with a ratio >10 and conserved functions are defined as those with a ratio <1 to 

obtain a clear partitioning of functions. This choice leaves 28 functions among the 374 that are 

‘moderately conserved’ and hence not used in determining properties of either group of 

conserved or plant-specific functions. 

 

All data processing was done using Perl scripts. Statistical analysis and plotting were carried out 

using R (Ihaka & Gentleman, 1996). 
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5.1. Abstract 
Cellulose from plant biomass is the largest renewable energy resource of carbon fixed from the 

atmosphere, which can be converted into fermentable sugars for production into ethanol. 

However, the cellulose present as lignocellulosic biomass is embedded in a hemicellulose and 

lignin matrix from which it needs to be extracted for efficient processing. Expression of an 

Arabidopsis thaliana transcription factor SHINE (SHN) in rice (Oryza sativa), a model for the 

grasses, causes an increase in cellulose and a reduction in lignin content, predicted based on gene 

expression and confirmed experimentally. Supporting experiments show that rice SHN lines also 

exhibit an altered lignin composition correlated with improved digestibility, with no compromise 

in plant strength and performance. Using a detailed systems-level analysis of global gene 

expression in rice, we reveal the SHN regulatory network coordinating down-regulation of lignin 

biosynthesis and up-regulation of cellulose and other cell wall biosynthesis pathway genes. The 

results thus support the development of non-food crops and crop wastes with increased cellulose, 

and low lignin with good agronomic performance that could improve the economic viability of 

lignocellulosic crop utilization for biofuels. 

 

5.2. Introduction 
Crop residues are a vast resource of lignocellulose feedstock available for conversion to biofuels, 

and their utilization does not compete with food supplies unlike grain-based feedstocks (Haigler 

et al, 2001). Rice straw itself constitutes half the crop-waste worldwide, which is either burnt or 

wasted (Sticklen, 2006). Non-food perennial grasses such as switchgrass and Miscanthus as well 

as fast growing woody crops make up the bulk of lignocellulosic resources. In either case, plant 

lignocellulosic cell walls are quite resistant to digestion of the complex polysaccharides 
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(cellulose) into simple sugars before fermentation due to the presence of heavily cross-linked 

lignin. Methods to lower lignin and improve the availability and levels of cellulose are therefore 

important to make the conversion into biofuels economically feasible.  

 

Cellulose is the most abundant biopolymer on earth, comprising 25-50% of plant biomass with 

an estimated 100 billion tons synthesized annually as a result of photosynthesis (Haigler et al, 

2001; Sticklen, 2006). Cellulose is made up of glucose units and is synthesized at the plasma 

membrane by the cellulose synthase complex, comprising multiple CESA proteins that belong to 

multigene families in plants (Somerville, 2006). Long chain cellulose polymers are organized 

into microfibrils that make up the core content of plant cell walls, contributing to the strength, 

structure and development of plants (Sticklen, 2006). Hemicelluloses are polysaccharides in 

plant cell walls, and are synthesized by glycosyltransferases (GTs) located in the Golgi 

membranes. The most important biological role of hemicelluloses is their contribution to 

strengthening the cell wall by interaction with cellulose and, in some cell walls, with lignin 

(Scheller & Ulvskov, 2010). Despite its importance, the details regarding the synthesis of 

hemicelluloses remain very elusive and very little is known about the regulation of the cellulose 

biosynthesis pathway. 

 

Lignin, the second most abundant polymer, is a complex comprised of guaiacyl (G), syringyl (S) 

and p-hydroxylphenyl (H) phenylpropanoid units (Fig. 5.S1), contributing to lignin heterogeneity 

(Boerjan et al, 2003). Angiosperm dicot lignin is primarily composed of G and S units, and 

monocot lignin is a mixture of G, S and H units (Fig. 5.S1). Among these, the G lignins (found 

characteristically in abundance in softwoods of gymnosperms like pines) are more resistant to 

chemical degradation, making the composition of lignin (the relative ratio of G to S units), along 

with its quantity, crucial for the digestibility of crops for conversion into biofuels and cellulosic 

products. The monolignol biosynthetic genes – especially PAL, 4CL and CAD genes – have 

therefore been used in engineering lignin content and composition in several plants (Vanholme et 

al, 2008). Many of these studies were first reported in non-feedstock model dicot plants such as 

tobacco and Arabidopsis (Zhou et al, 2009), and the expectation is that similar approaches can be 

applied to cellulosic feedstock crops, but very few detailed engineering studies have been 

reported in the grasses, which are a major lignocellulosic resource. 
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In the grasses, the maize and sorghum brown midrib mutations (Li et al, 2008) show alterations 

in lignin content and digestibility; the maize bk2 and rice bc1 mutations of a similar gene have a 

brittle phenotype due to reduction in cellulose and cell wall composition with no compensatory 

changes in lignin (Li et al, 2003); and, the rice flexible culm 1 (fc1) mutant has reduced lignin, H 

and G residues (Li et al, 2009). However, significant reductions in lignin or digestibility in the 

monocot crops, including the brown midrib and other mutants, are also accompanied by 

reductions in plant growth, biomass, stalk strength, or pathogen resistance (Li et al, 2008). 

 

Several transcription factors (TFs) have also been shown to affect cellulose and lignin content 

and composition (Kubo et al, 2005; Mele et al, 2003; Zhong et al, 2006; Zhong & Ye, 2009). 

Transcriptional regulation is achieved by top-level NAC TFs (SND1, NST1/2, VND6/7) that 

activate a nexus of intermediate TFs, mostly MYBs. These intermediate TFs in turn activate low-

level MYB TFs that bind to and activate target cell wall biosynthetic genes, presumably, 

achieving high levels of specificity. Such a multi-layered regulatory network that affects multiple 

target genes offers the cell a robust mechanism to achieve coherent changes in the flux through 

the pathways. Additionally, the network also points to the possibility of existence of multiple 

knobs and switches that can be tuned to execute specific regulation of different cell wall 

pathways in order to optimize secondary cell wall composition. Specifically, cell wall with 

increased cellulose content in combination with reduced lignin for enhanced sugar and ethanol 

would yield valuable cellulosic feedstock (Jakob et al, 2009). 

 

The Arabidopsis SHINE (SHN/WIN) clade of 3 genes, belonging to the AP2/ERF TF family, was 

previously shown to be involved in wax/cutin lipid regulation and drought tolerance in 

Arabidopsis (Aharoni et al, 2004; Broun et al, 2004; Kannangara et al, 2007). A homolog Nud 

has also been found in barley, which is responsible for adhesion of the hulls covering the barley 

seed (probably mediated by a lipid layer), an important trait in the domestication process (Taketa 

et al, 2008). Following our findings in Arabidopsis, the SHN2 gene (Aharoni et al, 2004) under 

control of the CaMV35S promoter was transformed into rice and shown to confer drought 

resistance and enhanced water use efficiency with a slight increase in cuticular wax (Karaba, 

2007). In the present study, we describe our discovery of a novel function of the SHN gene as a 
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master regulator of lignin and cellulose/cell wall biosynthesis pathways, coordinating down-

regulation of lignin biosynthesis and up-regulation of cellulose and other cell wall biosynthesis 

pathway genes. 

 

5.3. Results 
5.3.1. Expression of Arabidopsis SHN Gene in Rice Causes Coordinate Regulation 

of Cell Wall Biosynthetic Genes 

Gene expression analysis of the rice SHN lines using Affymetrix GeneChips revealed coordinate 

regulation of cell wall biosynthesis genes (as annotated in rice by Yokoyama and Nishitani 

(2004)), with a distinctive up-regulation of cellulose and other cell wall biosynthesis genes, and 

down-regulation of lignin biosynthesis genes, including PAL, 4CL, HCT, CCR and CAD, along 

with regulation of key NAC and MYB TFs (Fig. 5.1 and Table 5.S1). Since we observed that the 

expression of homologous members of large gene families were being altered in the SHN lines, 

we sought to reliably quantify the expression levels of individual genes in these multi-gene 

families (e.g. 4CL, CAD and CSEA). The rice Affymetrix GeneChip probesets were therefore 

reannotated (described in Methods) to distinguish members of gene families to the extent that 

was possible with the available probes. This reannotation can distinguish 35,161 rice gene-based 

probesets and the corresponding genes, and thus characterize the differential expression of many 

cell wall pathway genes. 
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Figure 5.1: Gene expression and regulation of lignin biosynthetic pathway genes. 
WT absolute expression levels of SHN-regulated lignin biosynthetic genes obtained from the microarray are plotted 
in log2 scale with the 40th percentile of genome-wide gene expression values (marking the level above which genes 
can be considered to be 'expressed') indicated by a dashed line. The differential expression values of specified genes 
in SHN lines are shown alongside. The rice AC element sequences identified in the promoters (1 Kb upstream of 
start site) of the SHN-regulated lignin pathway genes are shown with the number of occurrences of the element in 
each promoter given in brackets. The sequence logo of the rice AC element identified in the promoter regions of rice 
lignin biosynthetic genes is given below, with the height of a character at a particular position representing the 
fraction of occurrences of the corresponding nucleotide in that position. 
 

Repression of the lignin pathway was exhibited as a moderate reduction in expression levels of 

many enzymes spread across the pathway rather than a drastic reduction of a few enzymes (Fig. 

5.1). The moderate reduction in terms of the absolute expression levels indicate that gene 

expression is not completely shut off, but allows a background flux through the pathway.  

Moreover, this pathway-wide repression including 4CL and CAD genes that catalyze specific 

branches of lignin biosynthesis leading to different lignin monomers suggests possible alterations 
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in lignin composition along with overall reduction in response to SHN expression. Several TFs 

observed to be regulated by SHN in the microarray experiment (see Table 5.S1) included rice 

homologs of several transcriptional activators of the cell wall biosynthetic pathways uncovered 

in Arabidopsis and other plant species (Zhong & Ye, 2009). These homologous TFs were hence 

hypothesized to be the regulators of secondary cell wall biosynthesis in rice, and mediators of the 

coordinate regulation of the biosynthetic pathways by SHN. 

 

To glean support for similarity of transcriptional regulation of the cell wall pathway genes in rice 

to that in other species, we performed de novo sequence motif discovery on the promoter regions 

of the lignin and other cell wall genes. The 1 Kb upstream sequences of the cell wall biosynthetic 

genes and that of the rest of the genes in the genome were divided into two classes and small 

DNA motifs in this region that had significantly high association with the former class were 

recovered. This analysis led to the identification of a rice AC element ‘CACCA[ACG]NC[AC]’ 

(Fig. 5.1) that is similar to the ACII element ‘CACCAACCC’ known to mediate vascular tissue-

specific expression of the cell wall biosynthetic genes in other plant species, with evidence for 

MYB TFs binding to this element (Zhong & Ye, 2009). This suggested that a similar 

transcriptional machinery of MYB TFs (downstream of NACs) exists in rice, and that SHN is 

capable of regulating genes involved in lignin and cell wall biosynthesis, possibly by regulating 

these TFs. 

 

To verify SHN-regulation of the monolignol and cell wall biosynthesis pathways as observed in 

the microarray, we carried out rigorous quantitative real-time PCR (qRT-PCR) experiments to 

determine the abundance and tissue-specificity of biosynthetic genes at two different 

developmental stages – leaf and culm – in SHN and WT plants. We found that transcript levels 

of eight CAD’s, and four 4CL’s were significantly repressed in two developmental stages/tissues 

(Fig. 5.2 top), confirming the regulation of lignification in leaf and stem by SHN. Five out of 

eleven CesA genes in rice are significantly up-regulated by SHN in culm tissue (Fig. 5.2 bottom). 

Induction of three out of the five CesA genes is consistent across the two developmental stages, 

leaf and culm, suggesting a role of SHN in inducing the expression of certain cellulose and other 

cell wall biosynthetic genes in rice. It is worthwhile to note here that although the microarray 

aided in narrowing our focus on the cell wall pathways, few of the CADs and the CESA genes 
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confirmed to be differentially expressed using qRT-PCR were not found to be significantly 

perturbed in the microarray. This dichotomy between the microarray and the experimental results 

yet again emphasizes the importance of collaborative back-and-forth between experimental and 

computational analysis. 

 
Figure 5.2: qRT-PCR expression analysis of lignin and cellulose biosynthetic genes in SHN leaf and culm. 
Data are expressed as the mean relative transcript levels in SHN lines compared to that of WT (log2 ratio) at each 
stage (leaf and culm). Error bars represent ± s.e.m. (n=3) (three WT and three SHN lines). Asterisks indicate 
significant differential expression (t-test; *, P ≤0.05; **, P ≤0.01). 
 

In addition, seven putative rice secondary wall biosynthesis TFs – three NAC genes and five 

MYB genes – were confirmed to be down-regulated in the leaf tissue (Fig. 5.3). Six of these TFs 

were also repressed in culm. One TF, MYB20/43 (Os02g49986), was however up-regulated in 
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both developmental stages (Fig. 5.3). These modes of differential gene expression of TFs may 

account for the coordinate expression of their biosynthetic targets in new spatial or temporal 

patterns as required to generate functional integrity of the pathway. 

 

 
Figure 5.3: Expression analysis of putative secondary cell wall TF genes in SHN leaf and culm. 
Data are expressed as the mean relative transcript levels in SHN lines compared to that of WT (log2 ratio) at each 
stage (leaf and culm). Error bars represent ± s.e.m. (n=3) (three WT and three SHN lines). Asterisks indicate 
significant differential expression (t-test; *, P ≤0.05; **, P ≤0.01). 
 

These gene expression results urged us to test for associated phenotypic and biochemical 

changes. Using extensive confocal microscopy and biochemical analyses, rice SHN lines have 

been found to have thickened cell walls and uncompromised strength compared to WT (data not 

shown). Moreover, these SHN lines also have enhanced cellulose and reduced lignin (data not 

shown). Taken altogether, these data indicated that AtSHN is a key regulator of monolignol and 

other cell wall biosynthesis. 

 

5.3.2. Transcriptional Network Regulating Lignin and Cellulose Biosynthesis 

In order to see if the rice SHN gene Os06g40150 (OsSHN), homolog of Arabidopsis SHN2, also 

has an intrinsic association with the cell wall pathways, an extensive analysis of coexpression in 

rice was undertaken. A global coexpression network of rice genes was constructed based on 

public gene expression datasets in rice. Raw Affymetrix rice expression profiles pertaining 

‘response to environmental conditions’ were collected from GEO (Barrett et al, 2009) and 
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ArrayExpress (Parkinson et al, 2009). Gene expression values across the diverse conditions were 

extracted using the custom gene-centric probeset definition, and pairwise gene-gene correlations 

were calculated to create the global network (see Methods). From this global network, the 

connectivity between i) AtSHN-regulated lignin and other cell wall-related genes, ii) TFs 

associated with these pathways, and other TF genes differentially expressed in the AtSHN 

microarray, and iii) the OsSHN gene, was mined to establish a rough rice transcriptional network 

of cell wall biosynthesis (Fig. 5.4). 

 
Figure 5.4: Coexpression network analysis and model of cell wall synthesis in rice. 
Coexpression network connects TFs (triangles) to pathway gene targets (circles) through directed edges, and TFs to 
each other through undirected edges. Positive and negative correlation edges are colored green and red, respectively. 
Nodes are labeled with the gene name/family, and colored based on the direction of regulation in response to SHN 
expression (microarray data supplemented by qRT-PCR) with blue for up-regulation and yellow for down-
regulation. Genes tested for differential expression using qRT-PCR are denoted with thick orange borders. The TFs 
in the outer ring are all positively coexpressed with each other, and hence, all the green edges connecting them to 
each other have been removed for clarity. See Table 5.S1 for IDs, names and annotations of all the genes in the 
network. 
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In this network, OsSHN was strongly connected to cell wall-associated TFs, which were amply 

connected to the biosynthetic genes. Overlaying the differential expression of the genes (from 

microarray and qRT-PCR) onto the nodes of the network showed that almost all the gene 

regulation observed due to the expression of Arabidopsis SHN in rice was explained by the signs 

of the rice network coexpression edges: positively correlated gene pairs were regulated in the 

same direction (both up- or both down-regulated), and negatively correlated gene pairs were 

regulated in opposite directions. OsSHN was directly connected to the homolog of VND6 

through a negative edge, supporting the down-regulation of the VND6 homolog in the expression 

study. Here, for simplicity in transferring functional information between species, the rice TF 

genes are referred to by the names of Arabidopsis homologs (Zhong & Ye, 2009). VND6 is well 

connected to several other NAC (NST1/2/SND1) and MYB (MYB46/83, MYB52/54, MYB85 

and MYB58/63) TFs, and to the lignin biosynthetic genes through positive edges, vindicating the 

down-regulation of this homologous transcriptional machinery by AtSHN leading to the 

repression of the lignin biosynthetic pathway. As expected, this large-scale repression also 

causes the down-regulation of several other cell wall pathway genes. On the other hand, among 

the putative cell wall TFs known from Arabidopsis, OsSHN is also directly positively connected 

to the MYB20/43 homolog, an interaction, again, supporting the up-regulation of this gene in 

response to AtSHN expression. This gene, in turn, is positively correlated with cellulose/cell wall 

genes that are also found to be up-regulated. Moreover, OsSHN is positively correlated with 

several other TFs (up-regulated by SHN expression), which are positively correlated with many 

cell wall genes found to be up-regulated in the expression studies including seven CesA genes 

and four CSL genes up-regulated by SHN expression.  

 

Based on these observations, we hypothesize that OsSHN has a native association with cell wall 

regulatory and biosynthetic pathways, with an ability to coordinately regulate the lignin and 

cellulose pathways by shutting down the main switches (NACs), and intervening by directly 

regulating downstream MYBs: repressing MYBs specific to lignin biosynthesis (in addition to 

release of NAC activation), and activating MYBs and other TFs specific to cellulose/other cell 

wall biosynthesis.  
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5.3.3. AtSHN Directly Binds to the Promoters of NAC and MYB Genes 
While independently seeking evidence for transcriptional regulation of NAC and MYB TF genes 

by SHN as observed in the coexpression expression analysis, the promoter regions of these genes 

were found to contain GCC-box motifs ‘[AG]CCGNC’, known to be bound by AP2-ERF TFs 

(Ohme-Takagi & Shinshi, 1995) (Fig. 5.5), suggesting that AtSHN could regulate these TFs by 

direct binding. Hence, based on the coexpression network (Fig. 5.4), confirmed gene expression 

changes (using qRT-PCR; Fig. 5.3), and promoter analysis (Fig. 5.5), the NAC switches – VND6 

(Os06g01480) and SND1/NST1/2 (Os08g02300, Os06g04090) – and three downstream MYBs – 

MYB20/43 (Os02g49986) and MYB58/63 (Os04g50770, Os02g46780) – were predicted to be 

direct targets of AtSHN. All these TFs have been shown to have roles in regulation of cell wall 

biosynthesis in Arabidopsis (Zhong & Ye, 2009). 

 
Figure 5.5: Locations of GCC-box motif ‘[AG]CCGNC’ in the 1 Kb upstream sequences of the SHN regulated TF 
genes. 
Upright and inverted triangles represent + and – strands, respectively. Dark triangles signify the presence of GCC-
core ‘GCCGCC’. Small circles above or below a triangle represent another overlapping GCC-box motif in the + or – 
strand, respectively. 
 

To examine this hypothesis, we used recombinant 6His-AtSHN fusion protein for protein-DNA 

binding studies. Gel mobility shift assays showed binding between affinity-purified recombinant 

AtSHN protein and promoter regions of putative rice secondary wall TFs SND1/NST1/2, VND6, 

MYB58/63 and MYB20/43 (data not shown). Promoter analysis and binding assay, along with 

the observed gene expression changes, thus suggested that AtSHN could regulate these NAC and 

MYB TFs, the effect of which cascades into the biosynthetic pathways. 
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5.4. Discussion 
Cellulose is the most abundant biopolymer and renewable energy resource, which can be 

processed into bioethanol as liquid fuel. In spite of its significance, very little is known about the 

regulation of cellulose biosynthesis and its co-regulation with the synthesis of other cell-wall 

biopolymers. We present a systems-level analysis on the complex regulation of cellulose and 

lignin biosynthesis, showing an unprecedented significant increase (1/3rd) in cellulose and 

decrease in lignin using the grass/crop model rice. These results offer novel ways for engineering 

non-food grasses and crop wastes for the production of lignocellulosic feedstocks that can be 

efficiently processed into biofuels. Expression of SHN leads to coordinate regulation of multiple 

steps in the pathways for monolignol and cellulose biosynthesis. Differential expression of genes 

was observed in the microarray, and was confirmed using qRT-PCR analysis using gene-specific 

primers of multi-gene family members at two different developmental stages of the plant (Fig. 

5.2). SHN overexpressors had significantly repressed transcript levels of lignification genes such 

as CAD and 4CL family members (Fig. 5.2 top), and induced levels of cellulose synthase family 

and other cell wall genes (Fig. 5.2 bottom; see Fig. 5.S2) compared to wild-type (WT). It’s 

noteworthy that OsCAD2, which is significantly repressed in SHN lines, is the rice ortholog of 

the maize CAD that maps to the bm1 locus, knockout of which causes an 80% reduction in lignin 

(Tobias & Chow, 2005). Such large decrease in lignin content, either due to abolished CAD 

activity or transcriptional down-regulation as observed in SHN plants point to possibilities 

whereby grasses can be made more digestible. Likewise, in support of our hypothesis that SHN 

up-regulates hemicellulose and cellulose biosynthesis, several cellulose synthase-like GTs are 

up-regulated (Fig. 5.2 bottom), that are most likely involved in making hemicelluloses (Scheller 

& Ulvskov, 2010). In addition, three rice CesA genes (OsCesA4, OsCesA7 and OsCesA9) known 

to be involved in the synthesis of cellulose in the secondary cell walls (Tanaka et al, 2003) and 

responsible for the overall strength of the plant are up-regulated in SHN lines in both leaf and 

culm (Fig. 5.2). 

 

Several other lines of evidence support the role of the SHN gene in coordinate regulation of cell 

wall synthesis pathways. First, the involvement of AtSHN in reduced lignin and increased 

cellulose levels correlates well with the regulation of NAC and MYB TFs (Fig 5.3) that control 

the activity of various branches of lignin and cellulose biosynthesis and the downstream 
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regulation of the biosynthetic genes (Fig. 5.1 and Fig 5.2). Second, the rice SHN phenotypic 

changes for lignin content are very similar to the effects reported for down-regulation of PAL, 

4CL, CAD and target TF genes in Arabidopsis and other plants (Vanholme et al., 2008). Finally, 

Confocal microscopy and extensive biochemical analyses revealed evident qualitative 

differences in the lignin and cellulose levels of the SHN plants when compared with WT plants 

(data not shown). 

 

Phenotype analysis and stem/leaf breaking force measurements of SHN lines showed that they 

have normal maturity and seed yield under greenhouse conditions, and unaltered strength of the 

stem/culm (data not shown). The tensile or bending strength of grass tissue, such as that of 

maize, has been shown to correlate with the cellulose content, whereas lignin is thought to play a 

role in resistance to compression (Dhugga, 2007). The increase in cellulose in secondary walls of 

SHN lines also probably offsets any reduction in mechanical strength due to reduced lignin. Such 

a compensatory increase in cellulose with reduced lignin has also been described by inhibition of 

a 4CL gene in aspen trees, which also exhibited better growth (Hu et al, 1999). Maize brown 

midrib mutants have also been shown to harbor reduced lignin and increased hemicellulose (with 

no change in cellulose content; (Vermerris et al, 2010)). On the other hand, the rice brittle culm1 

mutant and maize brittle stalk2 mutant, which have reduced cellulose content, have been shown 

to contain more lignin (Ching et al, 2006; Li et al, 2003; Sindhu et al, 2007). These studies, along 

with ours presented here, provide evidence for complex interdependent regulation of the 

different cell wall pathways. However, we provide novel evidence for a TF – SHN – 

coordinating such a compensatory regulatory mechanism. 

 

Coexpression network analysis was performed as an independent route to validating the function 

of SHN. Using a large gene expression compendium in rice, correlations between the expression 

profiles of all the cell wall regulatory and biosynthetic genes along with OsSHN were calculated. 

This was used as a predictive tool to first assess the expected associations between TFs and their 

targets, as in the case of NAC and MYB TFs and their putative lignin and other cell wall 

biosynthetic targets. Second, it was used to discover novel genes that might have a role in a 

pathway/process of interest using guilt-by-association, as in the case of OsSHN. And, finally, in 

conjunction with an independent gene expression dataset (here AtSHN expression microarray), it 
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was used to demarcate positive and negative interactions and propose a regulatory model for 

genes for interest. This analysis shows that OsSHN, the rice homolog of AtSHN, has a strong 

association with the cell wall regulatory and biosynthetic machinery in rice. The nature of 

association between the cell wall TFs and the biosynthetic genes is strongly positive as expected. 

The intriguing finding is the differential association of OsSHN with the TFs – via a negative 

connection to VND6 and a positive connection to MYB20/43 (and several other TFs), which are 

positively correlated with lignin and cellulose/other-cell-wall biosynthetic genes, respectively. In 

addition, most of the coexpression associations in the rice network agree with, and hence, 

corroborate the expression changes of the TFs and biosynthetic genes in response to AtSHN 

expression. Finally, AtSHN expressed in rice functions in the context of rice genes – established 

by the coexpression network – to perform its functions, which is the context in which OsSHN is 

expected to function. Taken together, these point to the underlying molecular mechanism by 

which SHN, in general, is able to achieve coordinate regulation of the cell wall pathways. 

 

To further pursue these evidences, we were interested in finding if there were any clues for 

potential SHN regulation of the NAC and MYB TFs. We performed de novo motif discovery on 

the upstream regions of all the TFs in the network. However, the analysis showed no significant 

motifs, which we reasoned to be because SHN could actually bind to and regulate just a few 

major TFs that could then regulate other TFs and biosynthetic genes. Therefore, we restricted 

ourselves to the few TF candidates that showed verified gene expression changes and had 

homologs in Arabidopsis associated with the secondary wall biosynthetic pathways and we 

searched the upstream regions of these TF genes for the presence of GCC-box motif, a putative 

binding site of AP2-ERF TFs (Ohme-Takagi & Shinshi, 1995). Identification of several GCC-

box motifs in these sequences (Fig. 5.5) motivated us to postulate that SHN could directly bind 

to and regulate these TFs, which we confirmed using mobility-shift binding assay (data not 

shown). 
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Figure 5.6: Hypothetical model of transcriptional regulation of cell wall biosynthesis in rice. 
Lines with a pointed arrowhead signify activation and those with a tee signify repression. Dashed lines are 
hypothesized interactions based on the coexpression network and gene expression changes. Thick lines emanating 
from SHN represent confirmed interaction of SHN to the upstream regions of the TFs. Inset: NAC represents the 
NAC main switches, and MYBc and MYBl represent downstream MYB TFs hypothesized to be specific to 
cellulose/other cell wall genes and lignin genes, respectively. 
 

The hypothetical model in Figure 5.6 summarizes our findings on the transcriptional regulation 

of cell wall biosynthesis in rice. SHN represses the NAC TFs, SND1/NST1/2 and VND6, which 

are known to be the main switches of cell wall biosynthesis. But, SHN also directly represses the 

MYB TFs MYB58/63 and MYB85, and directly activates MYB20/43. Due to these three 

activities, SHN bypasses the main switches (NACs) and selectively up- and down-regulates 

downstream TFs (MYBs) specific to cellulose (and other cell wall) and lignin biosynthetic genes, 

respectively. As depicted in the inset of Figure 6B, an interesting feature of this mechanism is its 

resemblance, in architecture, to a coupled system of feed-forward loops (Mangan & Alon, 2003), 

one incoherent (type 4; left) and other coherent (type 2; right); the relevance of this feature in a 

dynamical sense remains to be determined.  

 

We also hypothesize that there might be other TFs involved in mediating SHN up-regulation of 

cellulose and other cell wall genes, candidates for which have been identified as those up-

regulated in response to SHN expression and positively correlated with the up-regulated cell wall 

genes. In this context, as an aside, we posit from the coexpression network an aspect about the 
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regulation of MYB46/83, a gene not necessarily regulated by SHN, but shown to have a role in 

regulation of cell wall biosynthesis (McCarthy et al, 2009): in Arabidopsis it is activated by the 

NAC main switches whereupon it activates the rest of the downstream TFs (MYBs and 

potentially other TFs). However, since MYB46/83 is negatively correlated to both the NAC 

switches and the downstream MYBs in rice, we hypothesize that MYB46/83 mediates NAC-

activation of downstream MYBs through a double negative route (Fig. 5.6). 

 

Since several insights about cell wall biosynthesis have been gleaned in Arabidopsis it is also 

important to put our findings in rice in that context and deliberate the probable role of AtSHN in 

Arabidopsis. To gain some understanding about AtSHN function in relation to secondary cell 

wall biosynthesis, we re-analyzed the gene expression profiles of Arabidopsis AtSHN (WIN1) 

overexpression lines compared to WT controls from Broun et al. (2004). Since the design lacks 

replication, we quantified the relative expression levels of ~390 (present in the 8K Affymetrix 

Arabidopsis genome array) cell-wall-related genes (out of ~930 total in the genome) in a 'strong' 

WIN1 overexpressor compared to WT (see Table 5.S2). We observed here that quite a few lignin 

(including PAL2, PAL3 and 4CL3) and cellulose/hemicellulose biosynthetic genes (including 

CESA2, CSLB01, CSLB02, CSLB03, CSLB04, CSLC12, and CSLG3) were up-regulated. On 

the other hand, two cellulose genes (CESA1 and CSLA03) and two lignin genes (CCR and 

CCoA-OMT) were down-regulated. Moreover, along with the biosynthetic genes, the NAC TF 

NST1 (functional paralog of SND1) is also up-regulated. 

 

Based on the above observations, overexpression of AtSHN in Arabidopsis seems to cause a 

nominal up-regulation (along with certain amount of down-regulation) of both lignin and 

cellulose/hemicellulose biosynthesis, and therefore probably does not cause any large absolute or 

relative change in the amounts of lignin and cellulose. In support of this notion, simple sugar 

measurements made in the Kannangara et al. (2007) paper and our observations of Arabidopsis 

cross-sections for lignin quantification, respectively, indicate that there are no significant 

changes in either cellulose or lignin in Arabidopsis AtSHN lines compared to WT. 

 

Nevertheless, we propose that AtSHN does have an association with secondary cell wall 

biosynthesis in Arabidopsis as far as transcriptional regulation of the regulatory and biosynthetic 
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genes is concerned. This includes AtSHN’s ability to both up- and down-regulate the involved 

genes. Therefore, an overall similar association with secondary cell wall regulation and 

biosynthesis is conserved across Arabidopsis and rice, with different details: we show that 

AtSHN in rice causes an inverse regulation of the pathways by differently regulating various TFs 

of the lignin and cellulose biosynthetic pathways. 

 

Furthermore, to explore the expression pattern of OsSHN in different rice organs and tissues, we 

used the rice eFP browser (Winter et al, 2007) to identify that the gene is expressed in the 

inflorescence stages P3, P4, P5 and P6, with the strongest expression at the P5 stage (Fig. 5.S3). 

Using the rice expression atlas (Jiao et al, 2009) resource, we observed that OsSHN is expressed 

in the coleoptile (0hr) and fresh whole leaf and to a lesser extent in epiblast (12hr) and seedling 

blade (Table 5.S3). These cell types represent young growing tissue where lower lignin 

deposition is expected, consistent with SHN’s proposed role in up-regulating cellulose synthesis 

and down-regulating lignin synthesis pathways in rice. 

 

The SHN master regulator orchestrates coordinated regulation of the cellulose and lignin 

pathways to provide enhanced cellulose and decreased lignin deposition. The two other functions 

ascribed to SHN/WIN are in cuticle (cuticular wax and cutin) formation (Aharoni et al, 2004; 

Broun et al, 2004; Kannangara et al, 2007). Most strikingly, all these processes could have 

evolved in organismal organization simultaneously when land plants emerged, to give them a 

protective cover as well as strength to remain erect and transport water upwards. Coordination of 

these processes was probably maintained by the master regulatory functions of the SHN gene 

family. Altogether, SHN regulates the accumulation of cellulose, lignin and cutin, the top three 

plant biomass polymers, and can help in improving plant feedstock for these components. 

 

Lignocellulose is the major biomass feedstock useful for converting into biofuels such as 

ethanol. The activity of SHN in the grass model rice shows that it has a potential role in 

engineering the cellulose-lignin composition and content in grasses or other suitable biomass 

producers. The SHN master regulator can also be used as a tool, to express in plants of interest 

and unravel the regulatory pathway in cellulose and lignin biosynthesis. The Arabidopsis-rice 

homologous transcription factors and biosynthetic genes described here, and the genetic model 
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of their interaction, can serve as a dicot-monocot conserved model to understand the coordinate 

regulation of cellulose and lignin biosynthesis in a number of other plant species.  

 

5.5. Methods 
5.5.1. Gene Expression Analysis 
Total RNA was isolated from the rice leaf and culm tissue of WT and SHN lines using the 

RNeasy plant kit (Qiagen, USA), RNA quantity/quality measured by the Agilent 2100 

Bioanalyzer (Agilent Technolgies, USA). For each sample 4 µg total RNA was used to generate 

first-strand cDNA with a T7-Oligo(dT) primer. Following second-strand synthesis, in vitro 

transcription was performed using the GeneChip® IVT Labeling Kit. The preparation and 

processing of labelled and fragmented cRNA targets, as well as hybridization to rice Affymetrix 

GeneChips, washing, staining, and scanning were carried out according to manufacturer’s 

instructions (http://www.affymetrix.com). The RNA samples used for the microarray 

experiments were also used to synthesize cDNA templates for qRT-PCR analysis. 

 

5.5.2. Reannotation of Rice Genechip Probe-Gene Mapping 
A high-quality custom chip definition file (CDF) was built for the rice GeneChip array by 

uniquely mapping 442,810 probe sequences 

(http://www.affymetrix.com/analysis/downloads/data/) to 35,161 rice gene-based probesets in 

the following manner: (i) probes that have perfect sequence identity with a single target gene 

were selected, (ii) probes mapping to reverse complements of genes were annotated separately as 

antisense probes (not used in the above counts), and finally, (iii) probes were grouped into probe 

sets, each corresponding to a single gene, and probe sets with at least 3 probes were retained 

(>98% probe sets have >=5 probes). Note that these stringent criteria used to construct the CDF 

make it possible to reliably measure expression values of members of multigene families (free 

from cross-hybridization between paralogs showing high sequence similarity) and to get around 

‘one gene to multiple probesets’ ambiguities. 

 

5.5.3. Analysis of Differential Gene Expression 
Raw data from the SHN overexpression experiment were background corrected, normalized and 

summarized according to the custom CDF using RMA (Gentleman et al, 2004; Ihaka & 
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Gentleman, 1996; Irizarry et al, 2003), followed by non-specific filtering of genes that do not 

have enough variation (interquartile range (IQR) across samples < IQRmedian) to allow reliable 

detection of differential expression. A linear model was then used to detect differential 

expression of the remaining genes (Smyth, 2004). The p-values from the moderated t-tests were 

converted to q-values to correct for multiple hypothesis testing (Storey & Tibshirani, 2003), and 

genes with q-value <0.1 were declared as differentially expressed in response to AtSHN 

expression. WIN1 overepxression data was obtained from NCBI GEO accession GSE1071 and 

raw data was similarly pre-preprocessed using RMA based on a custom CDF for the Arabidopsis 

Genome array obtained from http://brainarray.mbni.med.umich.edu/Brainarray/ (Dai et al, 2005). 

 

5.5.4. Curation of Lignin and Cellulose Biosynthetic Genes and Putative Regulators 

Rice genes involved in cell wall biosynthesis and regulation were identified as homologs of 

Arabidopsis cell wall-related genes (Remm et al, 2001; Yokoyama & Nishitani, 2004; Zhong & 

Ye, 2009) and from direct annotations in the Rice genome annotation database (Ouyang et al, 

2007). A further 153 transcription factors that were regulated in the SHN expression microarray 

(see below) were added to the list of putative regulators. 

 

5.5.5. Coexpression Network Analysis 

29 publicly available Affymetrix rice GeneChip gene expression datasets (414 samples; 150 

groups after gathering biological replicate samples into single groups) were collected from NCBI 

GEO (http://www.ncbi.nlm.nih.gov/geo/) (Barrett et al, 2009) and ArrayExpress 

(http://www.ebi.ac.uk/arrayexpress/) (Parkinson et al, 2009), and the largest subset of 

experiments (10 datasets; 129 samples; 45 groups) with a similar biological context 

corresponding to studies of response to some environmental condition was used for coexpression 

analysis (see Table 5.S4). 

 

Raw data were background corrected, normalized and summarized according to the custom CDF 

using justRMA (Irizarry et al, 2003), and expression values were averaged across replicates. 

Pearson correlations were first calculated between every pair of genes (Huttenhower et al, 2008) 

(see Note at the end of this subsection), which were then Fisher Z-transformed (David, 1949) and 

standardized to get coexpression scores (zcs) with a N(0,1) distribution. This formulation was 
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robust and highly interpretable as deviations from the expected value, and even by level of 

significance where |zcs| values greater than 1.645, 1.96 and 2.58 correspond to 10%, 5% and 1% 

extremes of the distribution of zcs scores. 

 

TFs of interest were connected to each other when they had a strong correlation (|zcs| >1.645). 

TFs were connected to pathway genes based on a more rigorous procedure: For each set of 

‘pathway’ genes, ‘lignin’ and ‘other cell wall’, a pathway correlation matrix was first created 

taking the pathway genes along the columns, and the pathway genes plus the putative TFs along 

the rows. Here, cell (i, j) contained the coexpression score zcs(i, j) between genes i and j. This 

was same as the adjacency matrix of the pathway genes, only with extra rows of TFs. Thus, each 

row i contained the vector of zcs’s of gene i to all the pathway genes, measuring its ‘association’ 

with the entire pathway. Pearson correlations were then calculated between rows, and TF-

pathway-gene pairs with absolute correlation >0.8 were selected. This correlation measures how 

well the genes agree with the regulatory program of the pathway. TF-TF edges were left 

undirected while TF-pathway-gene edges were directed from TF to putative target. Among the 

pathway genes, only those regulated by SHN (from the expression studies) were included in the 

final network. The network was visualized using Cytoscape (Shannon et al, 2003). 

 

Note: There are popular methods to derive regulatory networks from gene expression data based 

on calculation of mutual information (MI) – for example, ARACNE (Basso et al, 2005) and CLR 

(Faith et al, 2007) – that perform better than simple correlation-based methods. But, these 

methods require very large amounts of gene expression data to contain expression of the genes 

across a large dynamic range to calculate MI reliably. Hence, with relatively less data in rice, 

especially when considering those similar in biological context, using MI-based methods would 

not be possible. Then, for measuring simple correlations, the Spearman rank correlation metric is 

a good choice. But, given we have carefully chosen datasets similar in biological context, 

identical in experimental platform, and resolved ambiguity in hybridization using a redefinition 

of probe-gene mapping in the array, we sought to using a metric more sensitive to the actual 

expression values, like the Pearson correlation coefficient, rather than one that works on the 

relative ranks of the values, like the Spearman rank correlation coefficient. 
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5.5.6. Promoter Analysis 
For promoter analysis in rice, FIRE (Elemento et al, 2007) was used to discover motifs specific 

to the cell wall pathway genes by comparing the motif content of 1 Kb upstream sequences of 

these genes to that of the rest of the genome, followed by comparison to known cis-elements 

(Crooks et al, 2004; Higo et al, 1999; Mahony & Benos, 2007). This de novo approach was taken 

since cis-regulatory motifs could diverge quickly across species making them hard to find simply 

by searching. A Perl script was used to search for GCC-box motifs ‘[AG]CCGNC’ in the 1 Kb 

upstream sequences of SHN-regulated TFs. 
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6.1. Introduction 
Rice is the reference genome for the grasses including cereals. The complete genome sequence 

lays the foundation for comparative genomics to the other grasses based on genome structure and 

individual gene function (Devos, 2005; International Rice Genome Sequencing Project, 2005). 

The basic complement of monocot genes in rice can be examined by functional genomics 

studies, because of the many advantages of rice as a system for genetic analysis as well as the 

worldwide development of resources. 

 

The analysis of mutants by forward and reverse genetics approaches is an effective way to study 

gene function. Knockout (KO) mutations, which abolish gene expression and display a 

phenotype, provide a direct causal relationship between the gene sequence and its biological 

function. However, not all gene mutations display a KO mutant phenotype, primarily due to gene 

redundancy since plant genomes have been shown to have large segmental genomic duplications 

as well as tandem duplications of gene families (Sterck et al, 2007; Yu et al, 2005). In many 

cases the redundancy is partial or unequal due to overlap in expression of duplicated genes 

(Briggs et al, 2006), or the gene activity is required only under some specific conditions such as 

biotic/abiotic stresses where the mutant phenotype can be observed.  

 

The use of molecular “tags” or DNA insertions such as transposons or T-DNA are favored for 

mutations as their genome positions can be easily monitored to determine the correlations 

between tagged genes and phenotypes. The limitations in identifying gene functions by KO 

mutations alone, are resolved by employing heterologous DNA insertions with engineered 
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properties to monitor the expression of tagged genes using entrapment vectors, or to alter the 

expression of tagged genes using activation tagging (Pereira, 2000). The wide variety of mutants 

required for genome-wide functional genomics in the grasses could be obtained by developing 

large-scale mutant resources in rice for community use.  

The International Rice Functional Genomics Consortium (IRFGC), combined with many 

national programs set a goal to generate mutant resources towards discovering the function of all 

rice genes, primarily through reverse genetics approaches (Hirochika et al, 2004). This resource 

update describes the generation of over 200,000 insertion flanking sequence tags (FST), which 

tag two-third of the predicted protein coding genes, with half of the protein coding genes 

estimated to have knockout mutations. The insertion sequences comprise the endogenous Tos17 

retrotransposon, modified maize Ds and dSpm elements, and Agrobacterium T-DNA. An 

analysis of the genome distribution of these three types of insertions in the genome shows an 

insertion bias, with Tos17 having the highest insertions in exons. The heterologous transposon 

and T-DNA inserts engineered to function as enhancer trap, gene trap and activation tags have 

been demonstrated to be very useful in gene function identification, In addition, chemical and 

physical mutagen derived mutant populations have been developed that are available for 

TILLING and other high-throughput screens. The extensive number and variety of mutant 

resources described here for rice are very amenable for dissecting the functions of genes of 

interest in other grasses. 

 

6.2. Development of rice mutant resources 
6.2.1. Insertional mutants 
With the sequencing of plant genomes it was recognized that insertional mutants that are indexed 

by their insertion position in the genome would be very suitable for systematic analysis of 

annotated genes by reverse genetics (Parinov & Sundaresan, 2000). Extensive mutant collections 

defined by insertion positions are now available in Arabidopsis databases 

(http://signal.salk.edu/Source/AtTOME_Data_Source.html ), which comprise a total of 379,674 

inserts tagging 30,280 out of the predicted 33,003 genes.  

 

In rice, the two component maize transposons Ac-Ds (Chin et al, 1999; Greco et al, 2003; 

Kolesnik et al, 2004; Upadhyaya et al, 2002) and En/Spm-dSpm (Greco et al, 2004; Kumar et al, 
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2005) have been well characterized for their activity. The early studies revealed some problems 

in transposon silencing and uncontrolled activity, but since then good genetic selection systems 

have been developed to select for transpositional activity that is usable for large-scale 

mutagenesis (Hirochika et al, 2004; Zhu et al, 2007). In addition, the endogenous rice Tos17 

retrotransposon is active in specific genotypes and conditions and is an effective insertion 

mutagen in the rice genome (Miyao et al, 2003). The development of efficient protocols for rice 

transformation has helped in the generation of a large number of transgenic rice plants bearing 

low copy T-DNA insertions (Jeon et al, 2000; Sallaud et al, 2003). 

  

In the native species (e.g. in maize), transposons have been very useful for KO or loss-of-

function mutagenesis. However, the engineering of transposon and T-DNA constructs offers 

immense flexibility in fashioning the insertion sequences to detect adjacent gene expression or 

activate the expression of adjacent genes by activation tagging resulting in gain-of-function 

mutations. These modified insertions can contribute to gene function discovery of redundant 

genes and those having lethal mutant effects. 

 

Gene entrapment: To facilitate the analysis of genes based on their expression patterns, gene 

trap (GT) and enhancer trap (ET) constructs have been designed that carry a reporter gene and 

can display the expression pattern of an adjacent trapped gene (Sundaresan et al, 1995). The 

reporter gene pattern in ET inserts reflects the adjacent plant gene enhancer activity, and in GT 

inserts the adjacent gene promoter activity. ET and GT constructs have been used in both T-

DNA and Ac-Ds transposons in rice yielding interesting gene expression patterns and entrapped 

genes, which support their widespread generation and use for complementing KO mutagenesis 

(An et al, 2005; Hirochika et al, 2004). 

 

Activation tagging: A T-DNA activation tag (AT) population was developed using a vector with 

CaMV 35S enhancer tetramer (Jeong et al, 2002), and FSTs generated to facilitate reverse 

genetics screens (Jeong et al, 2006). Recently an Ac-Ds AT system has also been developed (Qu 

et al, 2008) using convenient markers for selection of multiple transposants from a few starter 

transformed lines. In both these AT systems, activation of adjacent genes is observed, albeit 
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52.7% of the T-DNA lines and 20.8% of the Ds tags activate adjacent genes, which can be as far 

away as 10 kb from the AT enhancer. 
 

Institution Genotype Mutagen 
Mutated 

loci 

FSTs/ 

screen 

FST Lines 

availability1 
Database website Contact 

CIRAD-INRA-

IRD-CNRS, 

Génoplante, FR 

Nipponbare 
T-DNA ET 

Tos17 

45,000 

100,000 

14,137 

13,745 

13,600 

768 

(March 2009) 

http://urgi.versailles.inra.fr

/OryzaTagLine/ 

E. Guiderdoni   

guiderdoni@cirad.fr 

CSIRO  Plant 

Industry, AU 
Nipponbare 

Ac-Ds 

GT/ET 
16,000 611 

~ 50% lines 

no seed 

http://www.pi.csiro.au/fgrt

tpub/ 

N.M. Upadhyaya  

narayana.upadhyaya@csir

o.au 

EU-OSTID, EU Nipponbare Ac-Ds ET 25,000 1380 1300 http://orygenesdb.cirad.fr/ 
E. Guiderdoni 

guiderdoni@cirad.fr 

IRRI, PH IR64 

Fast neutron 

γ-ray 

DEB, EMS 

500,000 

Deletion 

database:  

400 genes 

 
http://www.iris.irri.org/cgi

bin/MutantHome.pl 

H. Leung 

H.Leung@cgiar.org 

Gyeongsang 

National Univ., 

KR 

Dongjin 

Byeo 
Ac-Ds GT 30,000 4820 4820 

KRDD 

http://www.niab.go.kr/RD

S/ 

C-D Han 

cdhan@nongae.gsnu.ac.kr 

NIAS, JP Nipponbare Tos 17 500,000 34,844  http://tos.nias.affrc.go.jp 
H. Hirochika 

hirohiko@nias.affrc.go.jp 

NIAS, JP Nipponbare 
γ-ray 

ion beam 

15000 M2 

7000 M2 
DNA pools   

M. Nishimura 

nisimura@affrc.go.jp 

POSTECH, KR 
Dongjin, 

Hwayoung 

T-DNA 

ET/AT 

Tos17 

150,000 

 

400,000 

84,680 58,943 

RISD 

http://an6.postech.ac.kr/pf

g/ 

G. An 

genean@postech.ac.kr 

Huazhong  

Agricultural 

Univ., CN 

Zhonghua 11 

Zhonghua 15 

Nipponbare 

T-DNA ET 

113,262 

14,197 

1,101 

16,158 
26,000 

Dec 2008 

RMD 

http://rmd.ncpgr.cn/ 

Q. Zhang 

qifazh@mail.hzau.edu.cn 

SIPP, CN Zhonghua 11 T-DNA ET 97,500 8,840 
8,840 FST 

+11,000 lines 

http://ship.plantsignal.cn/h

ome.do 

F. Fu 

ship@sibs.ac.cn 

Temasek 

Lifesciences, SG 
Nipponbare Ac-Ds GT 20,000 3500   

R. Srinivasan 

sri@tll.org.sg 

IPMB, Academia 

Sinica, TW 
Tainung 67 T-DNA AT 30,000 18,382 31,000 

TRIM 

http://trim.sinica.edu.tw 

Y.C. Hsing 

bohsing@gate.sinica.ed.tw 

University of 

California-Davis, 

US 

Nipponbare 

Ac-Ds GT 

Spm/dSpm 

 

20,000 
Ds 4,735 

dSpm 9,469 

4,630 

9,036 

http://www-

plb.ucdavis.edu/Labs/sund

ar/ 

V. Sundaresan 

sundar@ucdavis.edu 

University of 

California-Davis 
Nipponbare 

Na azide  

+MNU 
6,000 

TILLING 

screen 
 http://tilling.ucdavis.edu/ 

L. Comai 

lcomai@ucdavis.edu 

Zhejiang 

University, CN 

Nipponbare 

Zhonghua 11 
T-DNA  1009 1009 

http://www.genomics.zju.e

du.cn/ricetdna 
P. Wu clspwu@zju.edu.cn 

Zhejiang 

University, CN 

Kasalath 

SSBM 

γ-ray 

EMS 
40,000   

http://www.genomics.zju.e

du.cn 
P. Wu clspwu@zju.edu.cn 

Table 6.1: Mutant Resources, Contributors and Databases. 
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1Based on searching current project database, future plans, and subject to seed availability. Institution abbreviations: 
CIRAD, Centre de Coopération Internationale en Recherche Agronomique pour le Développement; CNRS, Centre 
National de la Recherche Scientifique; INRA, Institut National de la Recherche Agronomique; IPMB, Institute of 
Plant and Microbial Biology; IRD, Institut de Recherche pour le Développement; IRRI: International Rice Research 
Institute; NIAS, National Institute of Agrobiological  Sciences; POSTECH, Pohang University of  Science and 
Technology; SIPP, Shanghai Institute of Plant Physiology and Ecology. 
 

6.2.2. Chemical and physical mutagenesis  
Chemical agents such as ethyl methanesulphonate (EMS), nitrosomethylurea (NMU) and DB, or 

physical methods like fast neutron, γ-rays and ion beam irradiation can cause a high density of 

mutations which can saturate the genome (Hirochika et al, 2004). Mutant populations have been 

generated in rice, in which the point mutations can be screened by TILLING and larger deletions 

by PCR based screens (Till et al, 2007; Wu et al, 2005). The IR64 (Wu et al, 2005) and the 

Nipponbare (Till et al, 2007) populations as well as other unpublished populations also shown in 

Table 6.1, offer different backgrounds and mutation spectrum. The IR64 mutant collection 

comprises a total of 66,891 mutant lines in the M4 generation. Of these, about 15,000 are γ-ray-

induced mutants, each carrying 30 to 40 deletions per genome, thus contributing to a 

conservative estimate of over 500,000 mutations in the collection (H. Leung, unpublished). 

Screening for mutations in such populations can be done using genome-wide chips or other high-

throughput genotyping technologies. It is expected that these populations and/or the DNA pools 

will soon be publicly available for screening purposes. 

 

6.3. Utility of mutant resources for functional genomics in rice 
6.3.1. Forward and Reverse genetics in rice 
The first rice genes identified by insertional mutagenesis were with Tos17 in a forward genetics 

screen for viviparous mutants (Agrawal et al, 2001), and simultaneously in a reverse genetics 

screen for inserts in phytochrome A genes (Takano et al, 2001). With T-DNA, genes were 

identified by forward screens (Jung et al, 2003), by reverse genetics PCR-based screens for 

mutations in specific genes (Lee et al, 2003) as well as expression based GT screens (Kang et al, 

2005). Likewise, the maize Ac-Ds transposon system also yielded tagged genes (Zhu et al, 2003; 

Zhu et al, 2004). 
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Since the complete genome sequence of rice became available, the generation of FST 

information of mutant populations has made the mutants more accessible to address biological 

questions. Table 6.1 shows the different mutant populations available and the FSTs that can be 

screened for inserts in genes of interest. Such queries can be made in silico, thus providing a 

convenient way to assess mutant populations around the world. The Ds and dSpm insertions are 

generated by transposition from a few starter-transformed lines and do not directly result from a 

regeneration process (Kolesnik et al, 2004; Park et al, 2007; Qu et al, 2008; Upadhyaya et al, 

2006; van Enckevort et al, 2005). The FST resource of the endogenous Tos17 retrotransposon are 

generated by regeneration process in Nipponbare (Miyao et al, 2003) which also accompanies 

Agrobacterium transformation of T-DNA yielding additional Tos17 insertions (Piffanelli et al, 

2007). The T-DNA insertions with FSTs in various genetic backgrounds comprise an extensive 

diverse resource (Chen et al, 2003; Hsing et al, 2007; Jeong et al, 2006; Sallaud et al, 2004; 

Zhang et al, 2006). 

  

The generation of insertions accompanied by a regeneration phase such as for T-DNA and Tos17 

can result in a high frequency of untagged mutations in the background that can complicate 

genetic analysis of the mutants (H. Leung, E. Guiderdoni unpublished). To alleviate this 

problem, genetic segregation analysis and the use of multiple mutants of the gene would be 

useful. Alternatively, the use of transposon reversions that restore the wild-type phenotype is a 

convenient approach to prove gene-phenotype relationships. 

 

6.3.2. Resources and databases for reverse genetics 

To facilitate the identification of insertion mutations in genes using available FST information, a 

number of project database websites are available as shown in Table 1. In addition, functional 

genomics databases are available such as RiceGE/SIGnAL (http://signal.salk.edu/cgi-

bin/RiceGE), OryGenesDB (http://orygenesdb.cirad.fr/) and Gramene (http://www.gramene.org/) 

where the FST information has been collated and mutants can found for inserts in genes of 

interest. These databases link rice genes to other grass genes, and thus direct functional queries 

to the rice mutant resources.  

 



125 

6.4. Properties of insertion mutants  
We compiled 206,668 insertion FSTs from our contributing groups, which comprise 180,639 

unique hits in the genome (Table 6.S1). The different insertion types (Tos17, T-DNA, Ds, dSpm) 

show differences in their specificity, with Tos17 showing the highest proportion of insertions in 

exons (Fig. 6.1). A remarkably large proportion of all the inserts (62.5%) are in genic regions, 

including 5’ and 3’ regions, as described in Figure 6.1. 

 

 
Figure 6.1: Distribution of insertion positions within genic regions in rice. 
The three classes of insertion mutagens: endogenous Tos17 retrotransposon, Agrobacterium T-DNA, and maize cut-
and-paste transposons (Ds and dSpm), shown with their insertion positions in different parts of genes with color-
code shown alongside. The numbers of individual insertion types in genes in relation to the total number of 
insertions are entered below the insertion name. Datasets from the following resources were used: Ds – CSIRO, 
OSTID, UCD and KRDD_GNU; dSpm – UCD; T-DNA – RIFGP_ZJU, RMD, SHIP, PFG, CIRAD and TRIM; 
Tos17 – AFFRC_NIAS and CIRAD. 500bp Upstream and Downstream regions correspond to sequences upstream 
and downstream of the transcription unit (start site to site of termination). See Table 6.S1 for more information. 
 

However, many genes have multiple different insertions, with a total of 32,459 genes containing 

inserts out of the total 56,985 (56.9%) nuclear genes with assigned locus IDs. Among the 41,753 

predicted protein-coding rice genes, 28,545 (68.4%) have inserts in the genic region. Assuming 

that the most probable insertions to produce KO mutations would be those in exons, introns and 

the 5’UTR, the insertions were recalculated to be 21,239 (50.8%) in the protein coding genes 

(Table 6.S1). One of the major reasons for a low frequency of insertions in genes is the actual 

target size, with around 13,000 genes of 1 Kb size showing only around 35% bearing insertions 

(Fig. 6.2). And, as expected, the percentage of tagged genes increases more or less steady with 
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increase in target gene size. The insertion mutants found for the rice annotated genes, defined by 

the GOslim biological process (10,232 total) and molecular function (12,765) categories (Fig. 6.3 

and 6.4) reveal an even distribution of >90% in total genic region and around 80% in the critical 

KO mutation target region. This shows that a high proportion of mutations in annotated genes 

would most probably cause KO mutants, while the frequencies in the unannotated genes is 

relatively lower. However, some genes annotated to be involved in pollen-pistil interaction and 

pollination biological processes have a lower than expected number of mutations in the coding 

regions.  
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Figure 6.2: Gene size distribution and percentage of genes within each size bin that contain insertion mutations. 
(A) Bar plot of the number of genes in the rice genome that fall within the size bins specified along the x-axis. (B) 
For the same set of size-based bins, the percentages of tagged genes within genes in a particular size bin are plotted 
with dark blue and the rest of the genes are in light blue. 
 

A 

B 
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Figure 6.3: GO-slim molecular function categories of genes with inserts (blue), presented as percentage of the total 
annotated genes (given in brackets) in the category. 
The left panel shows the genes with inserts any where in its structure as shown in Figure 1. The right panel indicates 
the genes with inserts in the exons, introns and 5’UTR as an index of obtaining a knockout mutant. Note that the 
scales of the x-axes for the right and left panel are different and have been kept this way for clarity. Also to note is 
that these GO-slim categories are not independent of each other, meaning that different categories could share genes 
(some time very large, for example, between ‘DNA binding’ and ‘TF activity’). 
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Figure 6.4: GO-slim biological process categories of genes with inserts in them, as percentage of the total annotated 
genes (given in brackets) in the category. 
The left panel shows the genes with inserts, considering the complete gene structure as shown in Figure 1. The right 
panel indicates the genes with inserts in the exons, introns and 5’UTR as an index of obtaining a knockout mutant. 
Note that the scales of the x-axes for the right and left panel are different and have been kept this way for clarity. 
Also to note is that these GO-slim categories are not independent of each other, meaning that different categories 
could share genes (some time very large, for example, between ‘response to stress’ and ‘response to abiotic 
stimulus’). 
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6.5. Future development 
The size of rice mutant populations generated is large and diverse to suit many functional 

genomics objectives in the grasses. The number of insertion mutants needed to tag every gene in 

rice has been estimated to be between 180,698-460,000 (Hirochika et al, 2004). At present, the 

positions of over 200,000 inserts have been determined by FSTs with KO mutations predicted 

for 50% of the protein coding genes. Thus, mutants of the remaining genes are required, many of 

them smaller genes with a lower mutation frequency. Although, the total available mutants are 

more than two million (Table 6.1), the cataloguing of the mutants by FSTs is limiting, because of 

the manual manipulations and costs involved. However, new methods of high-throughput 

sequencing of multi-dimensional DNA pools should be able to assess the genome positions in a 

more cost-effective way. In addition, the chemical/physical mutagen derived mutants would be 

accessible by the next generation high-throughput genotyping technologies. For those genes still 

inaccessible to mutation, probably due to small size, lethality or genome position, more directed 

gene specific methods using RNAi silencing would be very useful. 

 

6.6. Methods 
All the locus ids and coordinates for the whole genome data and the protein-coding subset were 

downloaded from Gramene BioMart (http://www.gramene.org/biomart/martview/). Of the 

reported 58,406 total loci and 41,908 protein-coding loci, 56,985 and 41,753 of them, 

respectively, correspond to nuclear genes with TIGR locus identifiers assigned. 

 

Total no. of reported (genome-wide) loci 58406 

No. of loci that have TIGR locus ids (LOC_Os[..]g[…..]) 57142 

No. of loci that correspond to nuclear genes 56985 

No. of loci corresponding to protein-coding genes 41753 
 

6.6.1. Datasets 

Most of the FST data for inserts from different resources are available from dbGSS (GenBank; 

http://www.ncbi.nlm.nih.gov/sites/entrez?db=nucgss) and respective project websites. Data for 
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the present study was obtained from the SIGnAL Rice Functional Genomic Express Database 

(RiceGE) and through personal communications (see Table 6.S1). 

The RiceGE database (http://signal.salk.edu/database/RiceGE) contains recent updates for the 

following resources, which were used as part of our preliminary dataset of insertion positions for 

further analysis: 

1. AFFRC_NIAS/Tos17 

2. CSIRO/Ds 

3. OSTID/Ds 

4. RIFGP_ZJU/T-DNA 

5. RMD/T-DNA 

6. SHIP/T-DNA 

7. PFG/T-DNA 

8. UCD/Ds 

9. UCD/dSpm 

FST data from CIRAD (T-DNA and Tos17), KRDD (Ds) and TRIM (T-DNA) were kindly 

provided by the curators/PIs directly (personal communication). 

The Rice genome sequence data and GOslim mappings were obtained from the Rice Genome 

Annotation Project webpage 

(ftp://ftp.plantbiology.msu.edu/pub/data/Eukaryotic_Projects/o_sativa/annotation_dbs/pseudomo

lecules and http://rice.plantbiology.msu.edu/data_download.shtml respectively). Protein coding 

sequence assignments were obtained from Gramene (www.gramene.org/). 

 

6.6.2. Analysis 

All the FST data was mapped to the Rice genome (v5) using BLAST (Altschul et al, 1990). The 

results were initially filtered to remove insertion mappings that had an E-value > 1e-10 or those 

mapping to mitochondrial or chloroplast genomes. Redundancy of mapping position was then 

removed by considering only one among a group of insertions mapping to the same location in 

the genome. The final set of insertion positions were used to map onto the chromosome to 

identify those that correspond to ‘genic’ and intergenic regions. An insertion was considered to 

map to a gene if its insertion position fell within the gene itself or within its flanking sequence 
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(500bp upstream or downstream). The ‘genic’ insertion positions were further characterized into 

those that fell within one of the following gene regions: 500bp upstream sequence (promoter), 5’ 

UTR, exon (when not one of the UTRs), intron, 3’ UTR, or 500bp downstream sequence. 
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7. A resource for systems analysis of transcriptional modules 

involved in drought response in rice 
Arjun Krishnan, Madana Ambavaram, Utlwang Batlang, Andy Pereira 

 

7.1. Abstract 
Water scarcity for crop production can impose abiotic stresses such as drought and salinity, 

which together with other environmental stress factors can cause depreciation in crop yield up to 

70%.  The severity of impact of drought on crops like rice is contingent on the developmental 

stage of the plant with the most sensitive stage being the reproductive phase. Hence, functional 

genomic approaches, mainly gene expression profiling, have been used to understanding drought 

response and resistance mechanisms in rice. Here we present the drought transcriptomes of rice 

in three developmental stages and gain insights into the processes and regulatory mechanisms 

involved in common and stage-specific drought responses. Moreover, we have created a resource 

for systems analysis of drought response in rice that allows exploration of transcriptional 

modules, and associated regulatory, functional and genomic annotations. Most importantly, it 

aids in choosing nonobvious candidates for genes involved in mediating drought response and 

hence in drought tolerance. This flexible approach can be extended to all the other abiotic 

stresses with ease and should aid in engineering drought tolerance. 

 

7.2. Introduction 
Drought is one of the most widespread of environmental stresses that has a large impact on crop 

growth and yield. Around 70% of our total fresh water resources is used in agriculture, and rice, 

a major food crop, consumes 30% of all the fresh water used in agriculture. Due to this 

dependence, water scarcity for crop production can impose drought that, together with other 

environmental stress factors, can cause depreciation in crop yield up to 70% (Boyer, 1982). 

Plants have intrinsically developed drought resistance mechanisms for protection at various 

stages of development and under varying environmental conditions. Plants confronted by 

drought thus exhibit drought responses that can lead to the induction of diverse protective 

mechanisms of resistance at every organ and cellular levels (Dinneny et al, 2008). Hence, there 
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are various developmental windows and stress responses where specific plant organs are 

protected against dehydration and drought that may follow some general mechanisms of 

coordinate gene action. It follows that these general stress mechanism modules have been 

acquired in the evolution of plants to act in specific situations and environments. This hypothesis 

is supported by studies where genes normally expressed in specific developmental stages 

(Aharoni et al, 2004) or stress induced conditions (Kasuga et al, 1999) can confer drought 

resistance when overexpressed in plants. 

 

While most studies have considered drought responses and resistance mechanisms at the 

vegetative growth stage, the major cereals like rice and maize are most sensitive at the 

reproductive stages involved in pollen fertility and grain development. In rice, anther dehiscence 

and panicle exsertion are well known events sensitive to drought, respectively showing 

irreversible and partly reversible disruption upon stress (Liu et al, 2006). Water deficit shortly 

after fertilization can cause ovary abortion due to low sugar signaling that down-regulates 

sucrose processing invertases. Invertase is essential in sink tissue, such as the maize ovary, 

undergoing cell division and growth (Andersen et al, 2002), and also for peduncle development 

and anthesis in rice (Ji et al, 2005a). This regulation of invertase activity and transcription 

constitute known mechanistic bases for drought sensitivity in cereal reproduction systems. 

 

The response of plants to drought stress is extremely complex and spans several orders of 

magnitude in time and space, causing system-wide protective responses and adverse reactions. 

Gene expression profiling has been used often to capture a facet of the cellular response to 

drought and other abiotic stresses (Deyholos, 2010). Due to the accumulation of large-scale gene 

expression datasets measuring gene expression across diverse conditions in plants, building and 

understanding the transcriptional organization of the cell using coexpression networks has 

become a wide-spread and powerful approach (Usadel et al, 2009). Particularly, in rice, recent 

studies have used gene coexpression to gain biological insights into general (Wang et al, 2009) 

and case-specific (Fu & Xue, 2010) gene regulation. In addition, other studies have brought 

together coexpression network resources for rice functional genomics (Lee et al, 2009; Ogata et 

al, 2010). Based on the tenet that cellular organization is modular (Hartwell et al, 1999), 

identification of dense clusters or modules in coexpression networks has been used as an 
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approach to discover functional modules that are groups of genes/proteins that work together to 

perform a coherent biological function inside the cell (Ficklin et al, 2010; Fukushima et al, 

2009). 

 

Typically, for coexpression analysis, all the expression data across several diverse conditions are 

amalgamated into one large matrix that is used for calculation of expression correlation between 

genes across all the conditions. However, it is has observed that pairs of genes could have 

varying expression dynamics in different conditions and hence, calculating conditional 

coexpression is crucial in understanding specific correlations (Kostka & Spang, 2004; Rawat et 

al, 2008). None of the coexpression studies in rice have explored conditional coexpression and 

analyzed the network at a modular level on a genome-scale. In this work, we present a resource 

for comprehensive analysis of drought stress in rice on the basis of an underlying modular 

coexpression network specific to environment condition response. First, we performed gene 

expression profiling of rice plants subjected to drought at three growth stages, followed by 

functional analysis and regulatory sequence discovery. Then, to take the analysis to a network-

level, we integrated publicly available rice gene expression datasets generated in the context of 

response to some environmental condition. We constructed, what is termed, the Rice 

Environment Coexpression Network or RECoN, based on gene expression correlation, and 

partitioned RECoN into dense clusters. Finally, from all the clusters, we teased out drought-

related clusters using drought-response genes identified from our experiments. By interfacing 

these clusters with functional annotation, regulatory sequence information, quantitative trait loci 

(QTLs) and mutant resources in rice, we thus created a large framework for exhaustive 

exploration of drought response and tolerance in rice. 

 

7.3. Results 
7.3.1. Gene expression profiling of progressive drought in rice 
In order to gain a global picture of drought stress and its effects on the plant at very specific 

drought sensitive growth stages, we profiled samples from rice plants to a progressive drought 

treatment at the seedling, vegetative and reproductive stages using the rice Affymetrix 

GeneChips. Based on statistical analysis of differential expression, we observed that a large 

number of genes are perturbed given a stringent q-value cut-off of <0.01 was used (Table 7.S1). 
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The largest shift in expression compared to well-watered controls happened at the seedling stage 

with ~12,300 genes showing differential expression, compared to only ~2,500 genes in the 

reproductive stage. Drought response at the vegetative stage involved changes in ~9000 genes. 

On comparing the number of genes shared between the response at the three stages, we found 

that on an average ~55% of each set of genes was shared with the genes in the other stages in the 

case of both up- and down-regulated genes (Fig. 7.1). 

 

 
Figure 7.1: Gene expression profiles under drought. 
Venn diagrams comparing up-regulated (A) and down-regulated (B) genes in response to drought in three growth 
stages: seedling, vegetative and reproductive. Total numbers of genes for all gene sets are indicated in brackets. 
 

7.3.2. Biological processes and regulatory elements involved in drought-regulated 

gene expression in rice 
The foremost aspects of drought response here are the common and the stage-specific responses. 

More than comparing the number of genes, we first took a union of all the drought-regulated 

genes and split them into sets of genes that show identical pattern of regulation across the stages. 

Then, we determined processes defined by Gene Ontology (GO) biological process (BP) 

annotations that were enriched in each of these gene sets (Table 7.S2). As expected, the most 

significant GO term among the set of genes up-regulated in all stages was ‘response to water’. 

Similarly, different combinations of genes involved in protein dephosphorylation and small 

GTPase-mediated signaling (Mazzucotelli et al, 2008) are up-regulated in all stages. Among the 

genes down-regulated in all stages, those involved in photosynthesis and related processes were 

enriched. Genes involved in translation were induced and repressed in the seedling and 

reproductive stages, respectively. On the other hand, genes involved in cell wall modification, 

which are known to be differently regulated depending on the species, organ, and tissue (Moore 

et al, 2008), are repressed at the seedling stage but up-regulated at the reproductive stage. 

A B 
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Figure 7.2: Functions and processes common and specific to various drought stress treatments and time-points. 
These are defined broadly based on Gene Ontology (GO) biological process (BP) annotations of rice genes. First, 
the total of all drought-regulated genes from all stages were pooled together and were then partitioned based on the 
combination of their regulation in the three stages (e.g. up-up-up, or down-up-down). Then, GO BP terms of interest 
(rows) were identified by analysis of enrichment of the set of genes annotated with a given GO BP term in each 
regulation-combination defined by the yellow-blue color-coding along the rows where blue means up-regulation and 
yellow means down-regulation. Statistical significance of enrichment was calculated using the hypergeometric test 
and terms with q-value <0.1 in at least one of the treatments were retained. (A) GO BP terms enriched in gene sets 
up-regulated in at least one stage. (B) GO BP terms enriched in gene sets only down-regulated in one or more stage. 
 

Although this analysis gave us a few insights into drought-regulated gene expression, apart from 

the previously known stress response themes, it is hard to pinpoint biological functions that get 

affected specifically in the different stages. The most important reason for this shortfall is the 

fact that rice genes are extremely poorly characterized and very few genes have been annotated 

well in public databases while several insights about individual genes can be teased out by 

plodding through the literature. This is scenario becomes evident when we look at the small 

number of genes common between any GO term and the set of drought genes (Table 7.S2). 

Therefore, we need other approaches to pursue that will give us a better picture of the underlying 

changes during drought. 

 

The gene expression changes observed in such profiling experiments could be due to 

transcriptional or post-transcriptional regulation (especially by small RNAs). In order to decipher 

the transcriptional regulation underlying the differential expression, we turned to analysis of cis-

regulatory elements (CREs). Based on the two pieces of good information we have – gene 

differential expression and genome sequence data – we devised a de novo CRE discovery 

pipeline. We chose a de novo approach because our knowledge about verified regulatory 

sequences is again poor in rice and there is enormous room for identification of novel CREs that 

mediate gene regulation under various conditions including drought. Using the de novo motif 

discovery tool FIRE (Elemento et al, 2007) we discerned short DNA sequences in the up-stream 

regions of genes that are informative about the expression pattern of the genes (see Methods). 

We subsequently compared the newly identified motifs to known cis-elements in the PLACE 

database of known cis-regulatory elements (Higo et al, 1999) using STAMP (Mahony & Benos, 

2007). Applying this procedure to drought-regulated genes in the three stages (further separated 

into up- and down-regulated gene sets) led to the identification of known and novel CREs. The 

discovered motifs, the drought-response gene sets they were discovered in and comparison to 
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known motifs are presented in Figure 7.3. Motifs discussed below are referred to by the name of 

the most similar ‘known’ CRE (see the ‘PLACE motifs’ table in Figure 3 for the key). 

 

Motifs similar to the ABRE (Hattori et al, 2002) were identified among genes up-regulated in all 

the stages and could, hence, mediate the up-regulation of the stress response genes. On the other 

hand, two different motifs – SORLIP (Jiao et al, 2005) and Ibox (Giuliano et al, 1988) – were 

found in genes down-regulated at the seedling and vegetative stages, respectively, that have been 

associated with light-induced gene expression (e.g. related to photosynthesis). Although 

photosynthesis-related genes are also repressed in the reproductive stage, no known light-

associated motif was found in the repressed genes except for a novel motif HAGCTAVCD. 

Based on this result, we propose that while the induction of typical water deficit response genes 

is similarly mediated by the ABRE-like CREs in all stages, there is a substantial difference in the 

repression of the photosynthesis-related genes mediated by three different CRE. Intriguingly, 

another element involved in light-mediated gene activation – Tbox (Chan et al, 2001) – was 

found among genes up-regulated by drought at the seedling stage. 

 

A Telo-box-like motif was identified in the genes up-regulated at the seedling stage. The Telo-

box has been confirmed to be important in the regulation of ribosomal protein genes 

(Tremousaygue et al, 2003) and there is some evidence that these genes are up-regulated by 

drought at the seedling stage. MYB transcription factor (TF) binding sites were found among 

upstream sequences of genes down-regulated at the seedling stage and up-regulated at the 

vegetative stage. Moreover, four distinct novel motifs have been discovered associated with 

drought at all three stages. 
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Figure 7.3: Cis-regulatory elements identified in the upstream regions of drought-regulated genes from the three 
growth stages. 
Each element identified along the rows was identified using de novo motif discovery to identify short degenerate 
DNA sequences whose presence or absence in the 1Kb upstream regions of genes is highly informative about the 
expression of the given gene set (e.g. up-regulated genes in Reproductive stage) given the background distribution 
of the sequence in the upstream sequences of all the genes in the genome. The colored matrix indicates which motifs 
were identified using genes regulated in which stage, again with yellow indicating down-regulation and blue up-
regulation. Motifs informative about up- and down-regulation together are indicated by green. In the adjoining table, 
the sequence of the de novo motifs are given in the nucleotide IUPAC nomenclature along with the Z-score of the 
information value of the motif reflecting how far the observed value is, in number of standard deviations, from the 
average random information (see Methods). These motifs were then compared to known cis-elements in the PLACE 
database using the STAMP web server. Known elements with significant match to each de novo motif are presented 
in the ‘PLACE motifs’ table in the form of the database ID, DNA sequence and E-value of sequence match with the 
de novo motif. Motifs with no match to any known element are novel putative regulatory elements. 
 

7.3.3. Drought-response clusters in the environment coexpression network of rice 
Next, we wished to further dissect the genes identified using differential analysis by splitting 

them into groups of genes that might work together to perform a common function or carry out a 

specific biological process. Coexpression networks have been used extensively in plants to 

organize genes into expression-based modules and explore their functions (Mao et al, 2009; 

Mentzen & Wurtele, 2008). In addition, since the CRE analysis identified motifs that 

differentiate groups of genes with different expression patterns, it is more intuitively correct to 

break down the large sets of differentially expressed genes into finer-scale coherent modules of 

genes on which one could redo the analysis. This is also true in the case of functional enrichment 

analysis. Furthermore, comparison between responses at different stages might be more 

meaningful and robust at the modular level than at the level of individual genes due to several 

factors including different subsets of the same cellular apparatus being used/regulated in 

different stages, and noisy high-throughput analysis increasing both false-positive and false-

negative gene-gene overlaps. Therefore, we use publicly available gene expression data to aid in 

determining biologically meaningful transcriptional modules in rice, which could then be used to 

delineate modules relevant to drought (based on the drought experiments presented in this study). 

 

To do this, we designed an extensive pipeline that uses data from our drought experiments and 

publicly available gene expression profiles to elucidate clusters of densely connected genes 

relevant to drought (Fig. 7.4.) and interface it with regulatory, functional and genomic 

annotations. Drought-responsive genes were carried over from previous analysis (Fig. 7.4, step 

1a). In parallel, we obtained 129 publicly available rice Affymetrix microarrays related to 
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response of the rice plant to some environmental condition and worked with the raw data (Fig. 

7.4, step 1b). We normalized and summarized the data into a gene expression matrix based on a 

custom probe-gene reannotation of the rice GeneChip. The reannotation increases the accuracy 

of the gene expression quantification process by assigning only specific probes to genes, and 

increases coverage of the array. We then converted the gene expression data into a matrix of 

34,792 genes and 45 distinct conditions/groups and used it to construct a coexpression network 

connecting pairs of genes that have a significantly high correlation between their expression 

profiles across the conditions (top 2.5% of all pairs of genes ordered in decreasing order of 

correlation; see Methods). This network, termed Rice Environment Coexpression Network or 

RECoN, contains 34,792 genes connected by ~18.5 million edges. 
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Figure 7.4: Workflow for mining and characterization of drought transcriptional modules. 
(1a) Identification of drought-responsive genes in the three growth stages. (1b) Reconstruction and clustering of the 
rice environmental coexpression network from publicly available gene expression datasets. (2) Determination of 
‘drought’ clusters based on the combination of results from the steps 1a and 1b, and extraction of whole cluster and 
specific drought gene sets (3) Functional enrichment analysis, cis-regulatory motif discovery and mapping to known 
abiotic stress QTL intervals in the rice genome. (4) Presentation of these data to the user where (s)he explores the 
results to identify gene candidates for experimental verification. (5) Information on availability of mutants in genes 
of interest that can be used to study gene function. 
 

There are several clustering algorithms that work with weighted networks and find groups of 

densely connected nodes (Bader & Hogue, 2003; Enright et al, 2002). SPICi is a recently 

developed clustering tool whose strength lies in its ability to cluster large networks extremely 

fast, still maintaining a level of performance comparable to previous state-of-the-art algorithms 

(Jiang & Singh, 2010). Therefore, we used SPICi to cluster our extremely large network. 

However, like every clustering algorithm, amongst a few, there is a single user defined parameter 

Td that determines the density of the resultant clusters and heavily influences the clustering 

process. To avoid an ad hoc or even a wrong choice of this parameter, we performed exhaustive 

data-driven tests on the network clustered using a range of Td values to identify the best 

parameter for the network at hand (Fig. 7.5). 

 

First, for different values of Td, we tracked the number of clusters obtained and the fraction of 

genes in the original network that were in clusters of 3 or more genes (Fig. 7.5A). At small 

values of Td there are very few clusters and only a few broken links. As Td increases, the number 

of clusters increases, but, however, very high Td will break the network so much that the clusters 

with 3 or more genes will again become rare. Similarly, as Td increases, the number of genes that 

are part of clusters will steady decrease until a critical value beyond which a large portion of 

genes will get disconnected and fall out of good-sized clusters. Therefore, looking for the value 

of Td after which there is the first significant drop in the number of clusters and fraction of genes 

in clusters, we found that this happens at Td=0.65. 
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Figure 7.5: Evaluation of coexpression network clustering. 
The rice ‘environment’ coexpression network was clustered using SPICi, for a range of values – 0.1-0.9 – of the 
density parameter Td that determines how dense the final clusters are. The clusters obtained using each Td value were 
evaluated using several criteria: (A) Number of clusters that were formed (left y-axis) and the fraction of 34,792 
genes in the original network present in one of the clusters (right y-axis) are plotted. These numbers were calculating 
by considering only clusters containing 3 or more genes. As Td increases, more and more genes are left out of 
clusters. (B) Average segregation of a cluster is a measure of how well genes in that cluster interact with other genes 
belonging to the same cluster compared to interactions with genes belonging to other clusters. Hence, average 
segregation measures cluster modularity. The overall modularity at a given Td value is plotted a box plot, leaving out 
outlier values above the whiskers for clarity. The center of the box corresponds to the median (2nd quartile; Q2) of 
the distribution of average segregation values of all the clusters, and the extremes of the box correspond to the 1st 
(Q1) and 3rd (Q3) quartiles. The whiskers denote Q2 ± 1.5*IQR, where IQR is the interquartile range (Q3-Q1). The 
notches in each box extend to +/-1.58 IQR/√n (n being the sample size) (McGill et al, 1978). They are based on 
asymptotic normality of the median and roughly equal sample sizes for the medians being compared, and are said to 
be rather insensitive to the underlying distributions of the samples. The notches give roughly a 95% confidence 
interval for the difference in two medians. (C) The extent of overlap between clusters (defined based on a particular 
Td value) and GO BP gene sets (termed ‘functions’) is measured using the hypergeometric test. The number of 
clusters with significant overlap (FDR q-value <0.1) (left y-axis) and number of distinct functions significantly 
overlapping with the clusters (right y-axis) are plotted. (D) Functional enrichment of the clusters is quantified using 
–log10(q-value) and plotted using a box plot representing the distribution of the enrichment scores for all the clusters 
at a given Td value. Here again, outliers beyond the whiskers have been left out for clarity. 
 

Second, we calculated a measure of modularity called average segregation that quantified how 

well genes within a cluster are connected to each other compared to their connection to all the 

genes in the network (Fig. 7.5B) (Yook et al, 2004). Since we are interested in finding coherent 

biological modules, finding a Td that preserves segregation is sought after. It was surprising that 

the network showed the highest values of segregation for the smallest values of Td, indicating 

that even the original network with ~18.5 million edges is highly modular. Therefore, in the 

context of this network, at least, it was only important to look out for partitioning the network as 

much as possible without a significant drop in the inherent modularity. The first significant drop 

in average segregation (measured more qualitatively than quantitatively using the notches in the 

box plots; see Fig. 7.5 legend) occurs when the Td value is increased from 0.65 to 0.70, 

suggesting that setting Td=0.65 ensures the maximum modularity-preserving partitioning of the 

network. 

 

Third, as we are interested in the functional consistency of genes within a cluster in addition to 

topological cohesiveness, we characterized the functional enrichment of all the clusters for a 

given Td value using GO BP enrichment analysis (Fig. 7.5C). Since this approach will suffer 

from the very sparse functional annotation of rice genes, we used this analysis only as a rough 

guide. Following the number of clusters that were significantly enriched with at least one 
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specific GO BP (‘function’), we observed that the maximum enrichment again occurs at Td=0.65 

(slightly better than Td=0.70). However, contrary to what is expected, the number of distinct 

enriched functions dropped steadily with increasing Td. Finally, using data from the enrichment 

analysis, we plotted the distribution of enrichment scores of all the clusters for different Td values 

and found that Td values in the range of 0.65 to 0.80 were giving overall more significant overlap 

between clusters and functions (Fig. 7.5D). Therefore, based on all the four analyses, we decided 

on a Td=0.65 to be the best choice for clustering RECoN. 

 

We subsequently clustered RECoN using SPICi with Td=0.65 to uncover 1744 dense clusters 

with 3 or more genes. 28,421 genes (~81.7% of all the genes in the original network) fell within 

one of the clusters. Figure 7.6 shows the diverse expression profiles of clusters of genes across 

the set of 45 conditions (from the original gene expression data used for coexpression network 

analysis). Clustering the conditions based on their expression profiles also yields an expected 

grouping, especially with the drought-, salt- and cold stress samples clustering together. 

 

To find clusters relevant to drought stress, each of the 1744 clusters were tested for enrichment 

of drought-responsive (up- or down-regulated) genes from any one of the stages (seedling, 

vegetative or reproductive) determined previously (Fig. 7.4, step 2). Drought clusters provide a 

handle on putative functional interactions between genes transcriptionally regulated by drought 

that were otherwise unassociated parts lists. This makes gene-by-gene interpretation a much 

easier and constructive process. Moreover, we reasoned that since a cluster is a coherent group of 

genes, all the genes in a ‘drought’ cluster might have a role in mediating drought-response, not 

necessarily by responding to drought through gene expression changes. This is possible by either 

being ubiquitously present as support machinery (between well-watered and drought conditions) 

or being conditionally active under drought due to non-transcriptional modes of regulation 

including post-translational modification. These clusters, hence, provide a means for functionally 

associating post-transcriptionally modified regulatory/signaling genes to transcriptionally 

regulated genes. 
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Figure 7.6: Gene expression profiles of the 28,421 genes across the 45 conditions/groups, organized based on 
coexpression cluster membership of genes. 
For ease of visualization, the genes have been split into 4 groups (blocks) of ~7100 genes each. Conditions indicated 
on top were clustered based on similarity in expression of all the genes (Pearson correlation; Average linkage) and 
correspond to the columns in each block. Colors indicate the level of expression (in log2 scale) with red, black and 
green corresponding to a high, moderate and low expression levels. 
 

For further characterization of the ‘drought’ clusters thus obtained, for each cluster of genes, we 

extracted four sets of genes: all the genes in the cluster, and seedling, vegetative and 

reproductive drought-regulated genes. We then analyzed these gene sets from each cluster for 

discovery of putative CREs, enrichment of GO biological processes or RiceCyc biochemical 

pathways, and mapping to known abiotic stress QTL intervals in the rice genome (Fig. 7.4, step 

3). In a proposed step, we plan to present all this data to the user via a dynamic visual interface 

where the user can explore functional annotations and QTL-mapping in any cluster of interest to 

come up with a small set of candidate genes (involved in drought response and possibly in 

drought tolerance) for testing (Fig. 7.4, step 4). This step requires a flexible network exploration 

tool that overlays different combinations of annotations on a cluster that will aid in finding 

nonobvious/novel candidate genes using some of the following criteria: a) present in a ‘drought’ 

cluster; b) connected significantly to ‘known’ drought response/tolerance genes; c) contains 

abiotic stress-associated CREs in their upstream regions; d) part of a biological process or 

biochemical pathway that might be involved in drought or other abiotic stress response; e) 

mapping within or very close to known abiotic stress QTL intervals. Finally, in the last step, the 

genes identified by the user in the previous step can be parsed through a rice mutant resource 

compendium (Krishnan et al, 2009) to obtain mutants of the candidate genes that can be obtained 

for testing in the laboratory. 

 

7.3.4. Examples of drought transcriptional modules 

We have presented here some drought transcriptional modules here as examples to showcase the 

usefulness of this approach in understanding developmental stage-specific drought response. All 

the genes in drought clusters, their relative expression across the stages and their ‘drought’ 

cluster membership are provided in Table 7.S3. 

 

Cluster0013 contains 294 genes enriched with genes up-regulated in the seedling stage and 

down-regulated in the reproductive stage. Genes in this cluster are involved in ribosome 
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biogenesis and mitochondrial protein localization (which concerns transporting of nuclear 

genome-coded mitochondrial oxidative phosphorylation proteins to the mitochondrion), and 

contain the GCC-core, Telo-box and the Site II motifs in their upstream sequences. This 

combination of biological processes and CREs represents a well known regulatory program: the 

site II motifs are recognized by TFs of the TCP family and have been confirmed to be important 

in the regulation of ribosome protein (RP) genes in combination with the telo-box motif 

(Tremousaygue et al, 2003). These motifs are co-located in the promoters of about 70% of 216 

ribosomal protein genes in Arabidopsis. In addition, there is evidence that the site II motifs also 

possibly coordinate the expression of nuclear genes encoding components of the mitochondrial 

oxidative phosphorylation machinery in both Arabidopsis and rice (Welchen & Gonzalez, 2006). 

Therefore, this program involving site II and telo-box motifs could mediate the down-regulation 

of major processes that affect protein production under drought stress in the reproductive tissue. 

The GCC-core motif is known to be bound by AP2-ERF TFs (Ohme-Takagi & Shinshi, 1995), 

which are involved in gene regulation under a variety of abiotic stresses conserved between 

Arabidopsis and rice (Nakashima et al, 2009). 

 

Cluster0010 contains 635 genes including genes involved in lignan biosynthetic process, amino 

acid transport, systemic acquired resistance, glycolysis, pentose-phosphate shunt and two-

component signal transduction system (phosphorelay). Genes in this cluster are down-regulated 

in the seedling and vegetative stages, but up-regulated in reproductive stage. Of particular 

interest in this cluster is the OsVIN1 gene (LOC_Os04g45290) coding for a vacuolar invertase 

gene. Invertases play an important role in carbon allocation to developing organs like the 

reproductive tissue. OsVIN1 is not induced by our drought treatment, and this is in agreement 

with the observation that OsVIN1 is expressed in flag leaves, panicles (the reproductive tissue) 

and anthers in an essentially drought-insensitive manner (Ji et al, 2005b). It is therefore a case 

where a gene involved in mediating a process (resource allocation) relevant to drought is not 

transcriptionally affected, but is associated with other drought-regulated genes in clusters defined 

by us. 
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Table 7.1: Drought clusters containing known drought tolerance genes. 
Genes in black are regulated by drought at one or more of the growth stages while genes in red are not drought-
regulated. The values in the color-coded columns correspond to the level of significance (measured as score equal to 
the –log10[q-value]) of drought-regulated genes. For convenience the scores themselves are signed and colored 
based on the direction of their regulation (+/blue - up-regulation; –/yellow - down). Since only enrichments with q-
value<0.1 were considered, all the other values were set to 1 (because of which, their negative logarithms are 0s). 
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The 193 genes in Cluster0041 are enriched primarily in almost all processes involved in cell 

cycle, a process integral to panicle development and elongation, and these genes are specifically 

down-regulated by drought at the reproductive stage (the most drought sensitive stage of rice). 

Upstream regions of these genes contain the SEF3 binding site/ACII element, MYB recognition 

site found in rd22 and other genes, and E2F consensus, potential binding sites of TFs that have 

been implicated to be important in regulating cell cycle in the reproductive tissue of Arabidopsis 

(Hennig et al, 2004). 

 

The other aspect of the application of this approach is in discovery drought tolerance gene 

discovery. A variety of gene families with regulatory function have been shown to impart 

drought tolerance by overexpression/knockout and regulation of a battery of downstream genes 

(Umezawa et al, 2006). Therefore, to evaluate this aspect, we first catalogued a number of genes 

that confer drought tolerance in rice on overexpression or knockout, and then mapped them to 

RECoN clusters (Table 7.1). The primary observation is that almost all the drought tolerance 

genes were part of drought clusters. However, this observation could be trivial if all those genes 

are indeed regulated by drought in the first place. Out of the 44 genes presented here, while 34 

are indeed regulated by drought in one stage or the other, 10 of these are not drought-regulated, 

but are associated with a drought module. Therefore, we reaffirm that the approach lends itself to 

identification of genes that are not necessarily transcriptionally perturbed by drought, if at all 

regulated by it. Some examples for the drought-tolerance clusters follow. 

 

Cluster0079 contains 71 genes including four tolerance genes OsDREB2A (LOC_Os01g07120), 

OsLea3-1 (LOC_Os05g46480), OsUGE-1 (LOC_Os05g51670) and SNAC2/OsNAC6 

(LOC_Os01g66120) (Fig. 7.7). Most genes in the cluster including the four tolerance genes are 

up-regulated by drought in all stages and accordingly have a ABRE-like motif in their upstream 

sequences. While everything about this cluster points to the fact that it is a typical drought-stress 

response module, it contains several uncharacterized genes. These genes can be candidates for 

experimental verification. 
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Figure 7.7: 71 genes in Cluster0079 that contains four drought tolerance genes (with thick grey borders). 
All the coexpression edges are colored green. Node shapes correspond to type of gene: triangles are TFs, diamonds 
are protein kinases, rounded squares are protein phosphatases and circles are other genes. Node color corresponds to 
the level of differential expression under drought in the vegetative stage (where this cluster has maximum 
enrichment): blue for up-regulation and yellow for down-regulation. Most genes in this cluster are uncharacterized 
(labeled ‘expP’ for ‘expressed protein’ or ‘hypP’ for ‘hypothetical protein’). 
 

Cluster0424 contains 20 genes enriched specifically with reproductive drought-regulated genes 

and these genes too contain an ABRE-like motif – HACGYGTNS – in their upstream sequences. 

Drought tolerance genes OsDREB1F (LOC_Os01g73770), OsNPKL2 (LOC_Os01g50400) and 

OsNPKL3 (LOC_Os01g50410), where NPKL2 and NPKL3 are previously known to be strongly 

induced by drought precisely at the reproductive stage (Ning et al, 2008). In a previous study, 

OsDREB1F was induced by abiotic stresses including drought (using PEG) (Wang et al, 2008). 

However, our progressive drought treatment does not perturb this gene (at least not at the 

stringent level of significance chosen). Developmental stage-specific drought-regulation of 
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OsDREB1F is not clear except that the gene by itself is expressed differently in different stages 

and tissues. We therefore implicate OsDREB1F as being important in progressive drought 

response in the reproductive stage. 

 

Cluster0177 contains 33 genes involved in the regulation of innate immune/defense/stress 

response as well as response to jasmonic acid and salicylic acid. Drought regulated genes in this 

cluster are up-regulated specifically in the seedling and vegetative stages. This cluster again 

contains the drought-tolerance genes OsMAPK5 (LOC_Os03g17700) and OsNPKL4 

(LOC_Os01g50420). OsMAPK5 is known to be induced by drought, other abiotic stresses and 

ABA, as well as pathogen infection (Xiong & Yang, 2003). It is hence considered to be a key 

link in the cross talk between disease resistance and abiotic stress tolerance. We propose that 

other genes in this cluster are links between the abiotic-biotic stresses. Previous work has 

observed that, under drought, OsNPKL4 showed very strong induction at the seedling stage but 

only a moderate or low level of induction at the anthesis stage (Ning et al, 2008), consistent with 

the drought-pattern of this cluster. 

 

7.4. Discussion 
Plant response to environmental stress is cut across several layers of organization including 

signaling, transcription and metabolism, making it vital to understand stress response at the 

systems-level. For less studied models like rice, the current scope for systems analysis is mostly 

restricted to transcriptional profiling under various conditions. Therefore, to make the best use of 

currently available data in rice, we have created a resource for exploration of transcriptional, 

developmental, functional, regulatory and genomic aspects of drought response in rice. 

 

Using gene expression profiling of drought treated rice plants at the seedling, vegetative and 

reproductive stages, we identified that a large number of genes are perturbed in all stages. We 

performed functional enrichment analysis and observed that processes that are characteristic of 

general drought response are altered differently in the three stages suggesting developmental 

stage specific responses. De novo CRE discovery showed that the ABRE-like motif is the only 

regulatory element that is involved in drought induction of gene expression in all three stages. 

Even while photosynthesis is repressed in all stages, the CREs mediating this repression appear 
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to be different in the three stages. Moreover, as a result of this analysis, at least four distinct 

novel motifs putatively involved in specific drought responses were identified. However, rice 

genes are extremely poorly annotated with function, so that gleaning any more insight into 

transcriptional regulation of specific processes is difficult. 

 

Therefore, to make use of other available data, we sought to organize drought response genes 

into coherent groups and work further from there. To this end, we deigned and implemented a 

pipeline for automatic mining of condition-specific gene expression datasets intended for 

analysis of coexpression. At a practical level, accurate quantification of gene expression using 

technologies like Affymetrix GeneChips has been hard due to the problem of cross-

hybridization. This has been noted to affect calculation of coexpression (Casneuf et al, 2007) and 

the proposed solution is a remapping of microarray probes to genes to ensure unique 

hybridization (Dai et al, 2005). We hence created a custom probe-gene mapping and used this 

reannotation to make reliable estimation of gene expression across 45 conditions. Then, a 

coexpression network was built (RECoN) and clustered to obtain tightly coexpressed groups of 

genes that revealed the modular organization of genes. 

 

Coexpression networks (or co-responsive genes in a simple gene expression study) are primarily 

pointing to similarity in changes in gene expression that could arise due to similar transcriptional 

or post-transcriptional regulation of the amount of mRNA of the genes. Therefore, coexpression 

clusters/modules could be used not only to understand overall organization of changes in gene 

expression, but also to study transcription factor-mediated or small RNA (e.g. miRNA) mediated 

regulation. As a first pass, this could be carried out by testing if predicted targets of a TF or a 

miRNA are enriched in a module. Moreover, the de novo CRE analysis can be similarly 

extended to identification of DNA sequences in the 3’ UTR of genes that are informative about 

the expression pattern of the genes. 

 

In this work we focus on understanding drought response and discover novel drought tolerance 

genes at the organizational level. For this, we combined drought-responsive genes from our 

experiments with the transcriptional modules to uncover drought clusters, where each cluster, by 

design, contains several other genes in addition to genes transcriptionally regulated by drought. 
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Drought modules thus present an opportunity to discover regulatory genes that do not change in 

gene expression and affect the response mediated by that module. In this process, we are 

basically imputing uncharacterized genes within a cluster with the function/role of characterized 

genes (even at the level of transcriptional response). In species with very little annotation, such 

as rice, cluster-level function prediction has been shown to be useful (Song & Singh, 2009). We 

have validated this approach by inspecting the cluster membership of known drought tolerance 

genes that are not drought responsive but are associated with a cluster that is enriched in genes 

following a drought expression pattern expected from what is known about the tolerance gene. 

 

With enormous amount of data generated in this work that can be used for inference, in the 

future work, all these results will be summarized and presented in a flexible visual interface for 

dynamic exploration. The approach presented here is widely applicable: genome-wide 

transcriptional modules recovered here on the basis of gene expression under different 

environmental conditions can be similarly extended to study other abiotic stresses including salt 

and cold to find common stress-specific modules. 

 

7.5. Methods 
7.5.1. Gene Expression Analysis 
Total RNA was isolated from the drought treated rice japonica cv. Nipponbare at the seedling (2 

weeks), vegetative (V4) and reproductive (R4) stages (Counce et al, 2000) of wild-type plants 

(along with well-watered controls) and was used for hybridization to rice Affymetrix GeneChips. 

 

7.5.2. Reannotation of Rice GeneChip Probe-Gene Mapping 

A high-quality custom chip definition file (CDF) was built for the rice GeneChip array by 

uniquely mapping 442,810 probe sequences 

(http://www.affymetrix.com/analysis/downloads/data/) to 35,161 rice gene-based probe sets in 

the following manner: (i) probes that have perfect sequence identity with a single target gene 

were selected, (ii) probes mapping to reverse complements of genes were annotated separately as 

antisense probes (not used in the above counts), and finally, (iii) probes were grouped into probe 

sets, each corresponding to a single gene, and probe sets with at least 3 probes were retained 

(>98% probe sets have ≥5 probes). Note that these stringent criteria used to construct the CDF 
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make it possible to reliably measure expression values of members of multigene families (free 

from cross-hybridization between paralogs showing high sequence similarity) and to get around 

‘one gene to multiple probe sets’ ambiguities. Previous work in humans and other systems has 

shown that such reannotation procedures significantly alter the interpretation of gene expression 

measured using GeneChips (Dai et al, 2005). 

 

7.5.3. Analysis of Differential Gene Expression 

Raw data from all the drought experiments were background corrected, normalized and 

summarized according to the custom CDF using RMA (Gentleman et al, 2004; Ihaka & 

Gentleman, 1996; Irizarry et al, 2003), followed by non-specific filtering of genes that do not 

have enough variation (interquartile range (IQR) across samples < IQRmedian) to allow reliable 

detection of differential expression. A linear model was then used to detect differential 

expression of the remaining genes (Smyth, 2004). The p-values from the moderated t-tests were 

converted to q-values to correct for multiple hypothesis testing (Storey & Tibshirani, 2003), and 

genes with q-value <0.01 were declared as differentially expressed in response to drought. 

 

7.5.4. Coexpression Network Analysis 
29 publicly available Affymetrix rice GeneChip gene expression datasets (414 samples; 150 

groups after gathering biological replicate samples into single groups) were collected from NCBI 

GEO (http://www.ncbi.nlm.nih.gov/geo/) (Barrett et al, 2009) and ArrayExpress 

(http://www.ebi.ac.uk/arrayexpress/) (Parkinson et al, 2009), and the largest subset of 

experiments (10 datasets; 129 samples; 45 groups) with a similar biological context 

corresponding to studies of response to some environmental condition was used for coexpression 

analysis (see Table 7.S4). 

 

Raw data were background corrected, normalized and summarized according to the custom CDF 

using justRMA (Irizarry et al, 2003), and expression values were averaged across replicates. 

Pearson correlations were first calculated between every pair of genes (Huttenhower et al, 2008), 

which were then Fisher Z-transformed (David, 1949) and standardized to get coexpression scores 

(zcs) with a N(0,1) distribution. This formulation was robust and highly interpretable as 

deviations from the expected value, and even by level of significance where |zcs| values greater 
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than 1.645, 1.96 and 2.58, for example, correspond to 10%, 5% and 1% extremes of the 

distribution of zcs scores. 

 

A coexpression network was then constructed connecting pairs of genes that have a zcs >1.96 (top 

2.5% of all pairs of genes ordered in decreasing order of correlation). This cutoff corresponded 

to a Pearson correlation coefficient of 0.632. This network contains 34,792 genes connected by 

~18.5 million edges was then clustered using SPICi (Jiang & Singh, 2010). Since SPICi requires 

a density parameter Td as input, a range of values of the parameter from 0.1 to 0.9 was tested. 

Clusters obtained using each Td value were evaluated using several criteria including the number 

of clusters formed, fraction of genes in clusters of size 3 or more, average segregation 

(modularity), and extent of overlap between clusters and GO BP gene sets (termed ‘functions’) 

(Fig. 7.4). In order to calculate average segregation, as desired property of dense interaction 

networks, the coexpression network is modeled as an undirected graph G=(V, E), consisting of a 

set V of nodes (i.e., genes) and a set E of edges (i.e., coexpressing gene pairs). Let wuv denote the 

weight of the edge (u, v) ∈ E, denoting the Pearson correlation coefficient of gene pairs (u, v). 

The graph Gc=(Vc, Ec) is defined as the graph induced by the genes that are part of cluster c, and 

average segregation is computed as: 

 

where Ec’ is the set of edges in G that are incident on Vc. For functional enrichment analysis the 

overlap between genes within a cluster and genes annotated to a given GO BP term using the 

cumulative hypergeometric test. Using only GO BP terms that annotate <500 genes (to ensure a 

certain level of specificity in definition), for a pair of gene sets (cluster and GO BP term) i and j, 

if N is the total number of genes, ni and nj are the number of genes in gene set i and j, and m is 

the number of genes common to the gene sets, the probability (p-value) of an overlap 

(enrichment) of size equal to or greater than observed is given by the formula below. 
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P-values from the test were converted to q-values to correct for multiple hypothesis testing using 

Benjamini-Hochberg method (Benjamini & Hochberg, 1995) and cluster-GO_BP pairs with q-

value <0.1 were considered for analysis. The level of functional enrichment in a cluster is 

quantified using –log10(q-value). 

 

After clustering the network using SPICi with Td value of 0.65, from all the clusters, those 

relevant to drought were determined by testing which clusters contained a significantly high 

number of drought-regulated genes up- or down-regulated in any one of the stages (again using a 

cumulative hypergeometric test). Then, four sets of genes were extracted from each ‘drought’ 

cluster – all the genes in the cluster, and seedling, vegetative and reproductive drought-regulated 

genes – for discovery of putative cis-regulatory elements, enrichment analysis of GO biological 

processes or RiceCyc biochemical pathways, mapping to known abiotic stress QTL intervals in 

the rice genome. 

 

7.5.5. Promoter analysis and CRE discovery 

For analysis of potential promoter-resident cis-regulatory elements (CREs), FIRE (Elemento et 

al, 2007) was used to discover motifs informative about the different sets of differentially 

expressed genes (e.g. SeedlingDr_Up or Rep_Dr_Down) or clusters of genes compared to the 

rest of the genes in the genome. Briefly, FIRE seeks to discover motifs whose patterns of 

presence/absence across all considered regulatory regions (motif profile) are most informative 

about the expression of the corresponding genes (expression profile). To measure these 

associations, FIRE uses mutual information (MI) (Cover & Thomas, 2006). FIRE performs a 

randomization test and considers an observed MI value (for a motif-expression profile pair) to be 

significant only when it is greater than all the random MI values calculated by randomly 

assigning the expression values to genes. A Z-score reflecting how far the observed MI value is, 

in number of standard deviations, from the average random MI is calculated. These are the Z-

scores presented for each motif in Figure 7.3. Moreover, it also performs jack-knife resampling 

(Efron, 1979), where, in each of 10 trial the above randomization test is carried out. Only motifs 

that are statistically significant in at least 6 trials are reported. Newly discovered motifs were 

compared to known cis-elements in the PLACE database (Higo et al, 1999) and to each other 

using STAMP (Mahony & Benos, 2007). All upstream sequences were obtained from the rice 
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genome annotation database (Ouyang et al, 2007). This de-novo approach was taken since i) 

CREs could diverge far more quickly than coding sequences across species, making them hard to 

find simply by searching, and ii) searching based on known elements is limited by the scope of 

experimental identification in a select set of genes, making identification of degenerate yet 

potentially functional positions in the element hard. 

 

7.5.6. Functional annotation of drought clusters 

GO BP process and RiecCyc pathway enrichment analysis was performed using the cumulative 

hypergeometric test (as described above). RiceCyc pathway annotations were downloaded from 

Gramene (Liang et al, 2008). GO BP annotations for rice genes were obtained from the EasyGO 

webserver (Zhou & Su, 2007). Since the GO annotations in rice are extemenly spare, to annotate 

drought clusters, GO annotations of genes were borrowed from their Arabidospis homologs. 

Homology was defined based on InParanoid (Remm et al, 2001) and Arabidopsis annotations 

were obtained from TAIR (Swarbreck et al, 2008). 

 

Chromosomal positions of abiotic stress QTLs were obtained from Gramene (Liang et al, 2008) 

and each locus in the rice genome was mapped to one of the 336 QTL intervals if it’s mid-point 

([start-coordinate + stop-coordinate]/2) fell within that interval. Mutants of candidate genes is 

made available to this pipeline from a rice mutant resource compendium (Krishnan et al, 2009). 

 

Perl scripts were used to parse all the data. Plots were generated using R (Ihaka & Gentleman, 

1996) and gene expression matrices were visualized using MeV (Saeed et al, 2006). 
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8. Conclusions 
 

Plants are complex organisms that have evolved sophisticated molecular means to cope with 

environmental stresses like drought. Understanding the machinery that underlies this response is 

critical for modifying crop plants to make them tolerant to imminent stresses due to climate 

change and water resource scarcity. We have used functional genomic tools to capture drought 

response in Arabidopsis and rice. Using a variety of highly integrative approaches, we have, in 

each case, unraveled the stress response at various levels of biological organization, from 

individual genes/proteins, functionally coherent modules, and large-scale networks. In the 

process, we have also explored fundamental challenges these approaches, including ‘gene 

function prediction’ and availability of mutant resources that facilitate experimental validation of 

genes’ predicted roles in stress response. Several integrative analysis frameworks have been 

presented here that could be used widely for i) detailed mining of regulatory programs 

connecting regulatory elements to transcriptional regulation of specific biological processes, ii) 

network-based gene function prediction, iii) elucidation of transcriptional regulatory networks of 

biochemical pathway genes, iv) exploration of systems-level functional, regulatory and genomic 

knowledge concerning any abiotic stress response. 


