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The age of ‘omics’ is upon us, and scientific papers that

reflect this are starting to appear at an ever-increasing rate.

The amount of information generated in any ‘omics’ program

is daunting and often overwhelms plant scientists whose

main interests relate to cell or developmental biology.

For this revolution in data generation to have any impact in

plant signaling studies, we must have great confidence in

both the quality of the data and our ability to represent it in

ways that are meaningful to general plant biologists.

Systems biology has begun to address these issues and

to provide examples in which the analysis of large data sets

has led to biological insights into cell signaling and gene

regulation.
Addresses
Department of Botany, University of Toronto, 25 Willcocks Street,

Toronto, Ontario M5S 3B2, Canada

e-mail: mccourt@botany.utoronto.ca
Current Opinion in Plant Biology 2004, 7:605–609

Available online 23rd July 2004

1369-5266/$ – see front matter

# 2004 Elsevier Ltd. All rights reserved.

DOI 10.1016/j.pbi.2004.07.001

Introduction
The age of genomics, transcriptomics, and proteomics is

upon us, and the number of studies that use some aspect

of these technologies to study a biological problem is

growing exponentially. For the information generated

using these technologies to be useful, however, ‘gold

standard’ quality data, good experimental design, multi-

ple data inputs, and robust statistical analysis must be

used. This review covers select examples in which these

criteria have been applied to address questions relating to

cell signaling and gene regulation in plants. For historical

reasons, most high-throughput experiments in plants

have involved transcript profiling. If analyzed correctly,

the data from these experiments can be used to identify

interactions between signaling pathways and to identify

novel cis-acting elements in the promoters of co-regu-

lated genes. Although less mature, proteomics technol-

ogies are also beginning to be used to further our

understanding of plant signaling. The integration of

the data generated by these and other high-throughput

technologies with data available in public databases will
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be necessary if this information is to be useful to the

individual plant biologist.

‘Omics’ and systems biology: turning water
into wine
The past decade has seen a conceptual shift in how we

approach biological problems. The advent of high-

throughput technologies has led to the rapid accumula-

tion of biological data, ranging from complete genomic

sequences and transcript profiles to ‘all-by-all’ protein–

protein interaction maps. Often referred to as ‘omics’,

these massively parallel approaches are usually classified

by the biological constituent that they measure [1].

Transcriptomics, for example, attempts to measure the

transcript levels of all genes from a given genome. Like-

wise, proteomics refers to the study of the complete

protein complement of a cell, a tissue, an organ and so

on. ‘Omics’ approaches are often applied to a whole

organism that is exposed to a specific condition, or that

contains a single gene mutation, to assess how a specific

treatment or gene contributes to global regulation within

that organism.

Although the scale of these experiments is impressive,

many biologists get the feeling that this is the best of

times and the worst of times. We now have access to

quantities of data that would have taken years to obtain in

the past, and the sheer amount of data available often

overwhelms our ability to understand the biological con-

sequences. A metaphor for these concerns is to think of a

plant cell as a large metropolitan city. If we do massive

cataloging of the people and their occupations, the build-

ings, the transit systems, and so on, does this really tell us

why Tokyo is Tokyo, and more importantly, why Tokyo

is not New York (Figure 1)? How can we use information

obtained using ‘omics’ technologies to build cellular

topology maps that are easy to interpret and allow us

to navigate to the specific information that we need? The

construction of such maps requires a systems approach

that is built on concepts and techniques learned from

other scientific disciplines such as physics, mathematics,

numerical analysis, stochastic processes, and control the-

ory. Systems biology allows the connecting of dots and

the building of patterns from the information that is

buried in genomes. Thus, although systems biology is

dependent on ‘omics’ technologies for data generation, it

really encompasses the design and use of analysis tools,

and the development of new ways to represent data that

are meaningful and allow insight.
Current Opinion in Plant Biology 2004, 7:605–609
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Figure 1

A busy Tokyo intersection. The plant cell can be thought of as a

metropolitan city. In daily life, each person (gene) contributes at

some level to making the city (cell) thrive and function. High-throughput

analyses first identify and names of all of people within the city

(sequencing) and their occupations (protein function). We then find

out when the people work (expression profiling), where they work

(intracellular localization) and with whom they interact (protein

interaction). However, this massive cataloging of information does not

really tell us why Tokyo is Tokyo and, more importantly, why Tokyo

is not New York. That is the challenge of systems biology – to sort

through the information and connect the dots.
Systems biology data generation:
boom or bust
For obvious reasons, plant systems biologists must

have complete confidence in the high-throughput data

generated by genomic projects. Although the Arabidopsis
genome was published in 2000 and a draft sequence of

two rice cultivars followed in 2002, determining the

genetic structure of these genomes is still an ongoing

process [2–4]. Gene annotation, for example, which

involves determining if a genomic region contains a gene,

cannot be predicted with complete confidence strictly

from genomic sequence alone because of the complexity

of eukaryotic gene structure. A recent approach for the

validation of gene annotation used tiled Arabidopsis gen-

omic sequences on an Affymetrix GeneChip to identify

approximately 6000 new transcription units [5]. Thus,

plant researchers must constantly update the gene anno-

tation versions that they use, even for so-called fully

sequenced genomes such as that of Arabidopsis. Never-
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theless, high-throughput data from these and other micro-

array experiments are filling up databases, such as Gene

Expression Omnibus (GEO), NASCArrays, and the Stan-

ford Microarray Database (see Box 1). Depositing tran-

script profiles in centralized databases not only archives

the data but also has the advantage of allowing researchers

to compare expression profiles across a variety of experi-

mental conditions, or to search for genes that respond

similarly to their gene of interest (e.g. using Expression-

Angler [see Box 1]). In addition, several statistical

methods have been developed in the past couple of years

to aid in the analysis of microarray data, which presents

unique problems because the number of replicates is

usually low and the variance in expression levels is not

constant for all genes. For example, the Significance

Analysis of Microarrays (SAM) method developed by

Tusher et al. [6] uses a modified t-test statistic. This

modified statistic takes into account the greater variability

of expression level detection for genes expressed at low

levels, and uses the non-parametric false discovery rate

control method to select genes whose expression differs

significantly under different conditions. An excellent

discussion of this and other statistical methods has been

provided by Cui and Churchill [7].

Aside from transcriptomics, another active area of data

acquisition is the identification of the structure and func-

tion of all the proteins in an organism. Proteomic

technologies, which include two-dimensional gel electro-

phoresis followed by tandem mass spectrometry (MS), are

being used to identify all the proteins in a cell at the

molecular level. At the same time, yeast two-hybrid

interactions and large-scale tandem affinity purification

(TAP) tagging are being applied to identify proteins that

interact to form complexes. From a genetic perspective,

collections of Arabidopsis gene-knockout mutants are now

publicly available and can be used to determine if a gene

or protein of interest has any discernable phenotype [8].

With these data, as with the genomic sequencing data,

researchers are at the mercy of the quality of the data or

resources. For example, it is worrisome that independent

all-by-all protein-interaction maps in yeast based on two-

hybrid screening show little overlap [9].

Microarray-based approaches: fish and chips
For historical reasons, transcript profiling has dominated

high-throughput genomic studies in plants — this tech-

nology has been around longer than others. Transcript-

profiling experiments have often followed a simple

experimental design in which, for example, plants are

subjected to a specific biotic or abiotic stress and then

assayed for changes in gene expression. First generation

experiments led to the general conclusion that plants

often respond to different environments using overlap-

ping batteries of genes, but that these expression outputs

most probably require multiple signaling pathways

[10–16].
www.sciencedirect.com
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Box 1 Publicly available web resources for Arabidopsis systems biology.

http://www.Arabidopsis.org

The Arabidopsis Information Resource website is the main repository for genomic sequence information, including sequence information from

ecotypes other than Columbia, such as Landsberg erecta [28]. This website also contains copious information on other aspects of Arabidopsis

biology.

http://ssbdjc2.nottingham.ac.uk/narrays/experimentbrowse.pl

The NASCArrays database contains gene expression data for more than 350 samples. It is possible to perform ‘electronic northerns’ for a

given gene of interest on this website, and to see how it responds transcriptionally under given conditions [29].

http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?db=gds

NCBI’s Gene Expression Omnibus (GEO) website contains data from more than 135 Affymetrix GeneChip experiments, in addition to

information collected from numerous other Arabidopsis expression-profiling experiments performed with other platforms [30].

http://genome-www5.stanford.edu/

The Stanford Microarray Database contains expression profiles generated by several hundred cDNA microarray experiments performed on

Arabidopsis [31].

http://bbc.botany.utoronto.ca:88/

The University of Toronto Department of Botany’s Affymetrix Database is accessible at this site via a tool, called ExpressionAngler, that

identifies genes that respond similarly to one’s gene of interest across all of the gene profiling experiments in the database (K Toufighi, E Ly,

NJ Provart, unpublished).

http://www-stat.stanford.edu/~tibs/SAM/

The Significance Analysis of Microarrays (SAM) method for the identification of genes that are significantly differentially expressed in

microarray experiments is available at this site. The tools is available as an easy-to-use plug-in for Excel [6].

http://www.esat.kuleuven.ac.be/~thijs/BioDemo/MotifSampler.html

The MotifSampler allows the identification of possible novel regulatory motifs in the promoters of co-regulated genes using a probabilistic

Gibbs sampling method [18].

http://www.blueprint.org/bind/search/bind_search.html

The Biomolecular Interaction Network Database (BIND) currently contains information on about 85 interactions between various proteins

in Arabidopsis, as determined by literature parsing, yeast two-hybrid studies, affinity chromatography and so on. Enter NCBI’s taxonomic

identifier, 3702, to search for interactions in Arabidopsis only [32].

http://www.Arabidopsis.org/tools/aracyc/

This website provides a bird’s eye view of the metabolic pathways in Arabidopsis, with the possibility of overlaying expression information.
More recently, researchers have incorporated other cri-

teria into transcript-profiling experiments to generate

more meaningful biological inferences. For example,

by first classifying 402 transcription factors into hierarch-

ical clusters on the basis of the similarity of their expres-

sion profiles over 56 conditions, it was possible to classify

these transcription factors into distinct groups that had

not been identified previously [17]. This winnowing

down of a large number of transcription factors into

shorter lists on the basis of statistical criteria not only

uncovered patterns but also better directs the choices of

which knockout plants should be screened for specific

biological phenotypes.

The same dataset was used to identify novel cis-acting

elements that are required to upregulate genes in

response to pathogen attack [17]. Using MotifSampler

([18]; see Box 1), which uses a probabilistic Gibbs sam-

pling method to identify over-represented motifs within

groups of sequences, a novel W-box-like element was

identified. This information could now be used to screen

WRKY-type transcription-factor knockout lines to iden-
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tify the transcription factor(s) responsible for the response

to pathogen attack. A similar approach was used to assess

which cis-element could be responsible for coordinating

the expression of genes during rice grain filling [19]. The

identification of an AACA element, which had previously

been shown to be involved in regulating the expression of

a rice glutelin gene [20], was shown by computational

analysis to be over-represented in the promoters of 103

genes of diverse function that are upregulated over the

course of grain filling.

Another important aspect of the generation of transcript-

profiling data involves wet-laboratory-based experimental

design. This is particularly true in developmental experi-

ments in which the response of specific cell types to

certain conditions needs to be monitored. In one fine

example, rather than just homogenizing the plant for

RNA isolation, cell types from Arabidopsis roots were first

purified using green fluorescent protein (GFP)-driven

cell-specific gene expression, protoplasting and fluores-

cently activated cell sorting [21]. This method of purifi-

cation, followed by k-means clustering, allowed the
Current Opinion in Plant Biology 2004, 7:605–609
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cataloging of transcription factors present in one or more

of eight localized expression domains. For example, eight

MYB-type transcription factors, as compared to just one

APETALA2 (AP2)-like transcription factor and no

WRKY, HD-ZIP, or bHLH transcription factors, are

upregulated in the epidermal atrichoblast region only

during longitudinal cell expansion. The sets of region-

ally upregulated genes were also analyzed for over-

representation of genes that are related to hormone

biosynthesis. As expected, the auxin-regulated gene

region coincides with the region of the root in which

auxin is known to affect vascular development. More

importantly, jasmonic acid (JA)-related genes were

found in the epidermis of longitudinally expanding cells

and in the lateral root cap; and gibberellic acid (GA)-

related genes were found in the stele, endodermis, and

cortex of the longitudinally expanding section of the

root. These observations led the to the hypothesis of the

existence of JA and GA organizing centers in root devel-

opment. Similarly, Leonhardt et al. [22] used a proto-

plasting approach to study abscisic acid (ABA) signal

transduction at the level of global gene expression in the

guard cells of Arabidopsis.

Proteomics-based approaches
Although proteomics has lagged behind transcriptomics,

the functions of all proteins and how they form complexes

during growth and development are now beginning to be

systematically explored in plants [23,24]. For example,

the yeast two-hybrid system, which detects protein–

protein interaction, was used to screen more than 5

million protein pairs from rice to identify potential

protein–protein interactions [24]. Although yeast two-

hybrid analysis is notorious for generating both false-

positive and false-negative results, dynamic biological

patterns began to emerge when this interaction dataset

was combined with gene expression data from rice plants

that had been subjected to various growth environments

and with other information available on rice. For example,

a PROTEIN PHOSPHATASE2A (PP2A) regulatory

subunit, which is induced upon cold treatment, interacts

with an inositol phosphatase-like protein (IPP) and a

stress-regulated 14-3-3 protein. The IPP also interacted

with a drought-repressible zinc-finger protein, and the 14-

3-3 protein interacts with an ATP synthase that localizes

to the oa3.1 drought-tolerance-related quantitative trait

locus (QTL) of rice. Although these integration points

intuitively make sense on a biological level, systems

analysis is now allowing the application of this type of

analysis to unrelated datasets. For example, Bayesian

statistical methods, which allow the combination of dis-

similar types of data, were used in yeast to build a protein–

protein interaction network from independent sources

such as cell co-localization data, RNA co-expression data

and co-essentiality data [25]. This statistical analysis gave

a protein–protein interaction map that is more accurate

than those created using standard two-hybrid-interaction
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datasets. Thus, as more high-throughput datasets from

different independent approaches become available, the

reliability of new overall maps will increase.

Conclusions
High-throughput data acquisition and systems appro-

aches are generating many intriguing insights into plant

signal transduction and gene regulation. In coming back

to our analogy of the cell as a city, it is obvious that many

of the conclusions being reached at present are actually

hypotheses that must be tested using traditional genetic

or cell-biological methods. Nonetheless, the availability

of large-scale knockout collections will accelerate the

wet-laboratory work necessary to provide an understand-

ing of the biological roles of the various players in signal

transduction and gene regulation. In addition, the avail-

ability of publicly available gene expression datasets

should increase our confidence in the hypotheses that

are being generated. With this said, however, the goal is

still to understand Tokyo — and we are a long way from

this. Novel approaches, such as the automated image

analysis of real-time laser confocal microscopic observa-

tions of GFP fusions (e.g. in shoot apical meristem devel-

opment), will provide a deeper understanding of the cell–

cell and long-distance signaling mechanisms in plant

growth and development. Such observations can be used

to generate differential equations, which can be numeri-

cally solved to yield computer models of plant develop-

ment and signaling [26,27]. Thus, in spite of the apparent

profusion of data, orders of magnitude more data will be

needed to reach the goal of complete understanding of

signal transduction and gene regulation in plants.
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