Chapter 11
Quantification of Variation in Expression Networks
Daniel J. Kliebenstein
Abstract
Gene expression microarrays allow rapid and easy quantification of transcript accumulation for almost
transcripts present in a genome. This technology has been utilized for diverse investigations from studying
gene regulation in response to genetic or environmental fluctuation to global expression QTL (eQTL)
analyses of natural variation. Typical analysis techniques focus on responses of individual genes in isolation
of other genes. However, emerging evidence indicates that genes are organized into regulons, i.e., they
respond as groups due to individual transcription factors binding multiple promoters, creating what is
commonly called a network. We have developed a set of statistical approaches that allow researchers to test
specific network hypothesis using a priori-defined gene networks. When applied to Arabidopsis thaliana
this approach has been able to identify natural genetic variation that controls networks. In this chapter we
describe approaches to develop and test specific network hypothesis utilizing natural genetic variation. This
approach can be expanded to facilitate direct tests of the relationship between phenotypic trait and
transcript genetic architecture. Finally, the use of a priori network definitions can be applied to any
microarray experiment to directly conduct hypothesis testing at a genomics level.
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1. Introduction
Phenotypic variation of animals and plants, including disease susceptibility and development, is controlled by quantitative trait loci
(QTLs) whose underlying molecular mechanisms are typically
studied in QTL mapping experiments (1–3). QTLs are regions
of the genome where genetic diversity is associated with phenotypic variation in a specific trait or, if pleiotropic, a suite of traits.
These regions may contain genes whose differential expression
controls the associated phenotypic variation. Previous methods
to link phenotypic variation to its genetic cause required intensive
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fine-scale mapping experiments. Recently, the genomic technique
of microarray-based transcriptomics has been applied to more
quickly link phenotypic trait variation with transcriptome variation. This approach uses microarrays to measure global gene
expression across a sample of individuals from a natural population. These gene expression values are then used to map expression
QTLs (eQTLs) (4–11) or to assess association between transcript
variation and phenotypic variation using association mapping style
approaches (12–14). These genomics technologies may enable reverse
(natural variation) genetics approaches to identify the genetic basis of
quantitative traits and facilitate our understanding of network variation
within plants (15–19).
The goal of global eQTL analysis is to quickly identify loci
controlling the expression variation of gene networks that control
distinct biological functions. One approach (4, 6) is to generate a
mapping population, assess global gene expression using microarrays, and identify eQTLs controlling the expression of each gene
via individual statistical analyses. The eQTL locations for all genes
are then summed, ‘‘summation’’ approach, to identify common
regions that control the expression of more genes than expected by
random chance, frequently referred to as eQTL hotspots (4, 6, 10,
11, 20–22). This approach is complicated by the potential that
individual transcript levels are potentially more variable than the
network controlling them. As such, the statistical analysis of individual genes is likely to have significant false-positive and falsenegative errors confounding attempts to interpret the biological
meaning of any eQTL analysis.
A second complication of the summation is that this requires a
posteriori tests to assess whether the genes controlled by an identified eQTL hotspot share a common biological function (e.g., a
metabolic pathway, transcriptional co-regulation, similar gene
ontology functional annotation) (23, 24). As such, this is descriptive and relies on the presence and absence of individual genes in
the list of transcripts significantly controlled by the QTL in question. Hence, we desired to devise a quantitative approach that
would allow for the generation of specific hypothesis about transcriptional networks and testing of these hypothesis using microarray analysis of natural genetic variation (25).
In our approach we define the gene networks prior to the
statistical analysis allowing quantitative network testing or network eQTL mapping (25). To develop gene networks we rely on
existing databases containing either gene co-expression values or
predicted metabolic pathways. We define gene networks as a coregulated set of genes involved in a common biological process.
Once we define the networks, we obtain a quantitative measurement of the transcriptional activity of the network by averaging
across the individual genes within the network. This single network activity metric can then be used to associate with phenotypic
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variation or to map eQTL controlling biological networks.
A benefit to this approach is that it is possible to predict a network
and then identify the loci controlling the network. Further, it allows
for rapid hypothesis generation about the biological impact of specific
eQTL clusters. A final use of this approach is to apply standard
statistical methodologies to test if networks are regulated in response
to diverse inputs using standard experimental designs. In this chapter,
we describe the approaches and tools required to generate and evaluate transcriptional networks using natural genetic variation.

2. Materials
2.1. Arabidopsis

An excellent model plant system for studying quantitative genetics
is Arabidopsis thaliana. There is a rapidly developing set of both
genomics tools and genetic variation populations that greatly aid
development and testing of approaches to conduct quantitative
network analysis of natural variation.

2.1.1. Natural Genetic
Populations

Populations used to study natural genetic variation can be generally classified into structured populations or association populations. Structured populations have known parents allowing for
accurate recombination measurements and the application of standard QTL mapping approaches (2). Recently, natural genetic
variation in association populations has begun to be queried
using linkage disequilibrium mapping approaches (26–28). Structured mapping populations have less genetic variation than association populations but it is unknown if this difference in genetic
variation necessarily correlates to levels of phenotypic variation in
the two population structures.

2.1.1.1. Structured
Populations

In Arabidopsis, the main structured populations are made using
the recombinant inbred line (RIL) structure where two parents are
crossed and the progeny then undergo single seed descent for at
least eight generations. After eight generations each resulting line
is a homozygous mixture of the two parental genotypes. There are
numerous RIL populations in existence in Arabidopsis, with the
main populations being the Bay-0  Sha, Ler  Col-0 and Ler 
Cvi (29–33). These populations are of decently large size and have
been phenotyped for innumerous diverse phenotypes. In addition
to these populations, there are new populations in development or
recently released (34–36). Important features of these populations
are that they have already been genetically mapped and this information and the lines are or soon will be available from The Arabidopsis Resource Center (www.arabidopsis.org).
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2.1.1.2. Association
Populations

Recent work is suggesting that association mapping populations
are a complementary approach to using structured populations for
quantitative analysis of networks (27). These populations consist of
large collections of diverse Arabidopsis accessions with unknown
ancestry (26–28). These populations are designed to contain the
vast majority of genetic diversity within Arabidopsis providing a rich
source of allelic diversity. This is done by sampling a very large
population of accessions and then choosing a smaller experimental
population that contains the maximal level of diversity within the
larger population. The individual accessions have been genotyped at
a large number genetic loci using genomics technologies including
near complete genome resequencing (37–39) and this sequence or
genotyping information is freely available (www.arabidopsis.org).
The accessions in these populations are freely available from The
Arabidopsis Resource Center (www.arabidopsis.org).

2.1.2. Microarray Data

Microarrays have been utilized to survey transcript accumulation
variation in structured Arabidopsis populations (10, 11) and small
association populations (12–14, 40). The microarray data for the
Bay  Sha RIL population and one small association population
can be obtained from elp.ucdavis.edu (10, 12, 14). Alternatively, this
data can be downloaded from ArrayExpress as data sets E-TABM126
and E-TABM62 (www.ebi.ac.uk/microarray-as/aer/?#ae-main[0]).
This database will provide either the raw .CEL files or the normalized
gene expression data. Replicated microarray data for another association population can be downloaded from www.weigelworld.org/
resources/microarray/AtGenExpress (40). Currently, the microarray
data on the Ler  Cvi RIL population appears to be available via
personal communication with the authors (11).

2.1.2.1. Genetic Variation
Data Sets

2.1.2.2. Co-expression
Databases

The transcriptomic response of Arabidopsis to various environmental,
genetic, and developmental perturbations has been intensively queried using microarrays. Most of this data is compiled into databases
including www.genevestigator.org, www.Arabidopsis.leeds.ac.uk/
ACT, and http://www.atted.bio.titech.ac.jp (41–46). These databases allow the researcher to enter a specific gene or set of genes to
identify all other genes that show similar transcriptional variation
within the whole database or a subset of the database. This provides
an excellent data source for the generation of hypothetical networks
as described in Section 3.1.1.

2.1.3. Metabolic Network
Databases

Biosynthetic pathways are frequently co-regulated at the transcript
level and as such are excellent sources of network hypothesis
(47, 48). The Aracyc database for Arabidopsis contains an extensive
list of enzyme encoding genes and their predicted or proven reactions. This database links enzymes and their corresponding genes
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into predicted or proven metabolic pathways that can be treated as
networks (49, 50). This includes both primary and secondary metabolic networks. This database is readily accessible or completely
downloadable at the Arabidopsis webpage (www.arabidopsis.org)
to aid in network generation as described in Section 3.1.3.
2.2. Barley

Barley (Hordeum vulgare) is the other plant species that has a large
existing mapping population that has been intensively analyzed
using genomic microarray data. These are both required to enable
a network analysis of network eQTL.

2.2.1. Natural Genetic
Populations

The main population for quantitative analysis of transcript networks in Barley is a doubled haploid population obtained from a
cross of the Steptoe and Morex inbred parents. This doubled
haploid population consists of 139 lines that have been highthroughput genotyped to create a dense marker map (51). This
population also has extensive phenotypic information available for
the lines across multiple environments with significant replication
(wheat.pw.usda.gov/ggpages/SxM/phenotypes.html).

2.2.2. Microarray Data

The microarray data for the Steptoe  Morex DH population is
available from ArrayExpress as data set E-TABM-112 (http://
www.ebi.ac.uk/microarray-as/aer/?#ae-main[0]) (9, 51). This
database will provide either the raw .CEL files or the normalized
gene expression data.

2.2.2.1. Genetic Variation
Data Sets

2.2.2.2. Co-expression
Databases

Barleybase (www.barleybase.org) is a database containing numerous microarray experiments from Barley that can allow a researcher
to query for co-expressed genes (52, 53). Additionally, microarray
data can be downloaded to allow researchers to apply their own coexpression analysis or alter the statistical parameters at their desire.
This can be done using a validated batch-learning self-organizing
map approach as previously described (54). This provides an
excellent data source for the generation of hypothetical networks
as described in Section 3.1.1.

2.3. Other Species

While barley and Arabidopsis are currently the plant species that
contain both the genetic populations and microarray analysis to
allow for large-scale quantitative analysis of network variation,
there are additional projects underway that will assuredly generate similar data for other species. For instance, maize and rice
have large mapping populations available that only require the
application of microarrays to generate the necessary transcript
variation measures (55). Numerous other plants have had targeted microarray analysis of natural genetic variation to address
specific questions showing the broad applicability of this
technology (8, 56–63).
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3. Methods
In the a priori approach to network analysis of gene expression, the
hypothetical networks are defined prior to the analysis of the microarray data. The goal of this a priori network approach is to allow the
researcher to develop hypotheses about gene sets using prior information and then test these hypotheses utilizing the gene networks
and microarray data. For instance, a researcher could hypothesize
that a set of genes are critical for defense against a given pathogen.
The researcher can then use the following methods to identify
pathogen response networks, map eQTL controlling these networks, and compare the resulting data to QTL controlling resistance against the pathogen. Alternatively, these same approaches
can be used to directly test if two genotypes that differ in resistance
also differ in the expression of their hypothetical defense network.
The applications of this approach are only limited to a researcher’s
ability to generate hypothesis and conduct the experiment.
3.1. Network
Assignment

The first step required in this method is to generate groups of genes for
which the researcher thinks there is support to presume or hypothesize
that the genes within the group are coordinately regulated. The evidence for gene network assignment can be generated from genes
having coordinate regulation, having a similar biological function or
from numerous existing and developing genomics databases.

3.1.1. Gene Co-expression

Numerous plant species have existing databases containing large
collections of microarray analysis which allow for researchers to
identify co-regulated genes. These co-regulated genes can function as a priori-defined gene networks that can be used for further
analysis. There are two predominant avenues to querying gene
expression databases for co-regulated gene networks, the ‘‘guidegene’’ and ‘‘non-targeted’’ approaches (54, 64).

3.1.1.1. ‘‘Guide-Gene’’
Approach to Co-expression
Clustering

The simplest approach to using genomic expression databases for
generating co-regulated gene networks is the ‘‘guide-gene’’
approach (54). The guide-gene approach involves researchers
identifying their favorite gene, inputting it into the available databases, or using their own statistical analysis to identify all other
genes in the genome that show a significant positive correlation
across the available microarray data. This positive correlation suggests that these genes are controlled by the same regulatory network with the same directionality. These genes can then be
classified as a co-regulated network. See Section 3.1.6 for a discussion of the optimal size of co-regulated gene networks. See
Section 3.1.7 for a discussion of correlation thresholds and the
potential ramification on the network’s utility.
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3.1.1.2. ‘‘Non-targeted’’
Approach to Co-expression
Clustering

A more intensive and global approach to network definition using
co-expression databases is to take the complete data set and compile all gene-to-gene correlations and then utilize this to conduct a
complete clustering of all genes based on their correlation (42, 54,
65, 66). This approach will generate massive interconnected gene
networks that can be utilized to create putative co-regulated gene
networks (66). The genomic network requires dissection into
discrete co-regulated gene networks that can then be handled
individually. This dissection can be accomplished by deciding
upon a correlation threshold required between genes to classify
them as a co-regulated network. See Section 3.1.7 for a discussion
about correlation directionality and thresholds for calling co-regulated genes. An alternative to the hard correlational threshold is to
visually inspect the networks and dissect them based on the density
of clustering. Network diagrams typically are comprised of dense
local gene clusters that are connected to other clusters via sparser
interactions. A researcher could decide that they will dissect clusters based upon the frequency of interconnections within a cluster
versus those between clusters. This would not require a hard
correlational threshold and may yield more biologically relevant
clusters (66).

3.1.2. Metabolic Pathway
Network Definition

A useful method to define coordinated biological function is the
cooperation of enzymes within a biosynthetic pathway. There are
multiple databases containing both validated and predicted metabolic pathways present in Arabidopsis and other plant species (49,
50, 67, 68). As biosynthetic pathways exist to optimally transmute
a beginning substrate to an end product, the genes in a metabolic
pathway are frequently co-regulated (16, 25, 47, 48). As such,
metabolic pathways provide an excellent beginning with which to
predict coordinate gene expression networks. The available databases can be downloaded to generate a ready network list that can
be further modified to the researcher’s specific aims.

3.1.3. Protein Interaction
Network Definition

Modern genomics technologies are providing a diverse array of
data sets to allow gene networks to be defined and then tested.
One such genomics data set allowing gene network prediction is
protein interaction networks (69–71). These interaction networks
predict the presence of protein complexes whose members are
likely to be coordinately regulated to provide a common outcome
(72, 73). There are two forms of protein interaction networks. In
plants, the most common data currently available are for individual
protein complexes (73). Another form of data that is coming is
massive interactome maps attempting to illustrate all possible
protein–protein interactions (69–71). While these interactome
maps are highly complex, they do highlight local protein clusters
that appear to function in protein complexes (72). A researcher
could define the proteins/genes in a local cluster as likely to
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function in a coordinate fashion and as such be a good candidate
for a coordinately regulated gene network. See Section 3.1.6 for a
discussion of the optimal size of co-regulated gene networks.
3.1.4. Other Potential
Biological Definitions

The above approaches to generating hypothetical gene networks
for further testing are not meant to exclude other approaches. In
fact, each approach to a priori network definition inherently limits
and frames both the questions being tested and the answers
obtained. For instance, gene networks defined a priori using metabolic pathways allow a research to test how their experimental
variable X controls gene expression for the biosynthetic pathway.
Similarly, the proteomics definition limits any test to addressing
how the protein complex may be regulated. As such any approach
can be used to define the networks and the specific approach to
network definition should be chosen to maximize the precision
and/or power of the future tests. For instance, if a researcher is
interested in using microarray data to address natural variation in
trichomes, then a network defined by genes exclusively or predominantly expressed in trichomes will be more powerful than a
proteomic or metabolic pathway-defined network. Any data that
can allow a researcher to generate a group of genes logically
expected to be co-regulated is a valid approach to a priori gene
network definition. As the network is simply a tool for hypothesis
testing it does not have to be ‘‘correct’’; future experiments will
test the correctness of the original definition.

3.1.5. Duplicated Genes
and Optimizing Network
Definitions

One complexity of plant genomes is the vast amount of gene
duplication that has occurred (74–77). This can lead to the duplication of entire gene networks allowing the duplicated networks to
obtain similar but distinct biological functions that may not be coregulated. For instance, in maize several tryptophan biosynthetic
genes have been duplicated and recruited for 2,4-dihydroxy7-methoxy-1,4-benzoxazin-3-one (DIMBOA) synthesis which is
regulated differently from the tryptophan biosynthetic pathway in
maize (78). If a researcher’s network is defined using protein
interaction or metabolic pathways, it is possible that there are
duplicated copies of this network, each with its own regulation
pattern. As such, the overlapping patterns would diminish the
ability to identify a signal of network co-expression.
A simple approach for researchers to test their network for the
presence of duplicated networks with opposing expression patterns is to obtain microarray measures of gene expression and
conduct a correlational analysis among the genes within a network.
If all members of the network are co-regulated, they will show a
positive correlation. Genes that constitute a separate network will
show no or negative correlation with the other network genes. An
illustration of this principle comes from previous work in Arabidopsis that utilized metabolic pathway definitions to initially define
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networks (25). Correlational analysis within these metabolically
defined networks showed that each metabolic pathway typically
had two different gene networks with opposing gene regulation
(25). For instance, the genes predicted for lignin biosynthesis
could be separated into two complete lignin sub-pathways that
showed a positive correlation within each sub-pathway and negative correlation between the two sub-pathways. This correlational
separation of duplicated networks should always be used to maximize the precision of any network definition before proceeding to
specific network testing as described in Section 3.2.
3.1.6. Number of Genes
in a Network

An important consideration in any network definition is how the
number of genes within a network may affect future tests of that
network. If a network has too few genes, then any statistical test
using that network will be sensitive to variation in individual genes.
This could create or destroy network significance due to error or
variation in an individual gene within the network. Conversely if a
network has too many genes, then these genes are likely integrating diverse and independent regulatory inputs and any desired
biological specificity may be lost. As such, expression across very
large gene networks may act as a measure of the plant’s physiological status complicating the ability to resolve and specific biological phenomena (10, 25, 63, 79). Thus, to maximize the
statistical power in terms of error potential and to increase the
precision on the biological questions being asked, networks must
be of a moderate gene membership.
In practice, the minimal gene membership within a network
should be no fewer than five, with ten genes being a more optimal
limit (12, 16, 25). The upper boundary of a network gene population is harder to define as this is dependent upon the co-regulation
among members of a gene network. If the network members are
absolutely co-regulated with no other influences separating them,
then the network can be of any size. In practice, an analysis of
eQTL in Arabidopsis showed that gene networks with more than
50 genes typically identified a limited set of eQTL hotspots
whereas gene networks of 25 were more specific (Kliebenstein,
unpublished data). This suggests that somewhere between 25 and
50 is likely the upper bound of the optimal gene network in
Arabidopsis for network expression analysis. However, if the physiological measurements are the desired outcome of any analysis,
then larger networks are valid uses of this a priori network
approach.

3.1.7. Strictness of Network
Definition

It is important for the ensuing network analysis that only those
genes showing a positive correlation are considered as a coregulated gene network. Admittedly, many regulatory networks
have both positive and negative consequences on gene expression.
However, the inclusion of negatively regulated genes would cause
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the ‘‘signal’’ from the co-regulated gene network to be diminished
because these genes’ negative changes would erase the positive
regulation in the other genes within the co-regulated network. If
the researcher feels that the negatively regulated genes are of
sufficient interest to merit inclusion the solution is to create a
separate negatively co-regulated network for analysis. If in fact
the two gene networks are controlled by the same regulatory
machinery in different directions, then the two co-regulated gene
networks will identify the same factors in the ensuing experiment
and can strengthen the researcher’s interpretations.
Another important factor in generating gene groups via the
co-expression analysis is the level of correlation between the input
gene and the other genes that is used as the threshold for calling
genes as a co-regulated network. This threshold will impact the
results obtained from any network analysis of these genes. While
there are no absolute thresholds that can be universally applied, in
general the tighter the correlation required to call a group of genes
a co-regulated network, the more likely that they will be regulated
by a single transcriptional network. The lower the correlation
between the genes in the network, the more likely they are regulated by a mixture of transcriptional networks. In this case, the
gene network may actually function as more of a measure of some
specific physiological condition such as drought or general stress
level. Thus, the choice of the correlation level for defining networks by the guide-gene approach will likely alter the results from
any network analysis.
3.2. Network Testing
with Natural Variation
Data

The above approaches to defining gene networks provide the
opportunity to test a networks quantitative response to natural
genetic variation. This can be in the form of a network eQTL
analysis which only requires small changes to the standard single
trait methodologies with which most laboratories are familiar.
Below, we present a discussion of approaches to analyze a priori
networks using eQTL analysis.

3.2.1. Network eQTL
Analysis

After previous microarray data from the desired population is
obtained (see Sections 2.1.2.2 and 2.2.2.2) or microarray data
from a new population has been generated and gene networks have
been defined, the next step is to identify eQTLs controlling these a
priori-defined gene networks for which there are two basic
approaches readily available to most labs. These are the average z
score approach and the multi-trait approach as described below.

3.2.1.1. Average z Score
Approach to A Priori
Network eQTL

One approach to map network eQTLs for a priori-defined gene
networks is to use standard software packages such as QTL Cartographer (80, 81). This requires the generation of a single metric
describing the expression of the gene network. In traditional QTL
mapping, a single metric for the trait is measured and entered into
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the QTL algorithm, for example the accumulation of a metabolite.
The development of a single metric for a priori-defined gene
networks is complicated by the genes having widely varying
expression ranges (25). If this difference between genes is not
corrected, variation in any single metric for the network will be
dominated by those genes with higher expression and defeat the
ability of an a priori network to encapsulate the information provided by all genes within the network. One solution to this complication is to conduct a simple mean centering. In this approach,
the average expression across the different lines for each gene is set
to a preordained value, say 0. The actual value for each gene is
independently normalized by subtracting the measured gene
expression value in that line by that gene’s average expression
measured across all lines. This is similar to the RMA adjustment
for microarrays where the average gene expression per microarray
is set to a constant and the transcript accumulation within each
microarray is normalized accordingly (82). While a simple meancentering approach does normalize the means, it does not compensate for genes with large expression ranges also having larger
variances.
Simultaneously compensating for differences in variance and
mean expression requires the use of the z scores for each gene
within the network (25). This requires standardizing the expression of each gene in each line to its z score. This is accomplished by
first subtracting the expression of each gene in each line by the
average expression of that gene across all lines. This value is then
divided by the standard deviation of that gene’s expression across
all lines. This forces all genes within the network to have an average
expression of 0 and a standard deviation of 1 across all lines. Once
the z score for each gene in each line has been determined, the
average z score across the genes in the a priori gene network is
measured in each line. This provides a single metric or number for
the a priori gene networks expression that can be entered into a
lab’s favorite QTL mapping package to identify network eQTL
using all appropriate significance determinations as would be conducted for any other trait (83–86).
3.2.1.2. Multi-trait
Approach to A Priori
Network eQTL

Multi-trait mapping algorithms provide a second approach to
mapping eQTLs for a priori-defined gene networks. These algorithms were initially developed to test for QTLs across multiple
environments (87–89). In the standard approach to multi-trait
mapping, the same trait is measured in multiple environments
and QTLs are mapped in each environment and across the environments. The multi-trait algorithms can be adapted to map gene
network QTLs by treating each gene in the network as a separate
measure of the gene network’s response, hence treating each network as a different ‘‘environment’’ measure of the trait (90). The
genes can then be entered into the multi-trait algorithms and
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eQTLs that map across the genes (environments) are the network
eQTL for that specific a priori-defined gene network. An advantage to this approach is that gene-specific eQTLs can be rapidly
identified in the ensuing QTL analysis. Additionally if any genes
obviously behave differently than the other genes in the network in
the multi-trait analysis, they can be dropped from the network and
the eQTL analysis repeated to test if this better refines the a priori
network. This approach can likely be extended into the more
complex Bayesian QTL approaches being developed (90–93).
3.3. Network Testing
of Experimental Data

In addition to allowing for analysis of natural variation in gene
expression networks, the a priori definition approaches also provide the opportunity to test the network’s quantitative response to
more traditional experimental variation. This experimental variation could be in the form of environmental or genetic perturbation
of the plant. Further, the a priori network analysis only requires
small changes to the standard single gene methodologies with
which most laboratories are familiar. This approach should be
applicable to network testing of metabolomics data
(see Notes 1 and 2 for brief discussion).

3.3.1. Experimental Design

If the a priori network is being used to test existing microarray data
sets for a network’s regulation, then the researcher is limited to
what the existing experiments allow. However, the researcher can
utilize this a priori network approach to test a network’s response
to new experimental variables that were not a factor in the network’s definition (12, 17). In this case, standard experimental
designs should be followed to maximize the statistical power just
as if the researcher was focusing on a single gene rather than a
network. There is some thought that a network analysis may not
require as much replication as an individual gene. However, as the
basis of the a priori network approach is that there is a single
underlying biological mechanism for the gene’s co-regulation, it
is possible that the variation present in this biological mechanism is
similar to the variation identified in a single gene. This is shown by
the lack of increased genetic heritability for the aliphatic glucosinolate network in comparison to the average heritability for the
underlying genes (16). Further, individual genes and the networks
within which they reside appeared to control similar levels of
variation across Arabidopsis accessions, suggesting that gene networks and individual genes require similar levels of replication
(25). As such, it is advisable to conduct sufficient replication with
an experimental design meant to control for and minimize error as
much as possible.

3.3.2. Nested ANOVA of
Experimental Variables

One key aspect of the a priori network definition is that it facilitates
the direct testing of gene network responses to experimental perturbation. This can be done using any standard experimental
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design meant to query gene expression responses to biotic, abiotic,
or genetic perturbations. For this analysis, the gene networks are
designed as described (Section 3.1), the appropriate experiment
conducted, and data collected. The experiment can be a microarray analysis of a wild-type plant versus a mutant, plants grown in
normal versus drought conditions, or a factorial experiment combining different experimental factors. An a priori network analysis
of this data only requires a modification of the traditional ANOVA
that many laboratories already utilize. In this modification, gene
and gene network membership for each gene are both entered into
the statistical analysis as separate variables. The data are then
analyzed as a nested ANVOA whereby gene is nested under the
gene network term (25). For instance, genes A, B, and C are
considered members of network X and genes D, E, and F are
members of network Y. This allows the data for each gene’s
expression data to be used by the model but only within the
specific gene network in which that gene resides. This allows the
model to compare expression variation between genes within a
network to that between specific networks. For example, variation
within the genes A, B, and C for network X is analyzed separately
to the variation for genes D, E, and F in network Y. Finally, the
variation between network X and Y is analyzed. Additionally, a
nested ANOVA can compare the level of variation controlled by
each component of the model. For instance, an analysis of natural
variation in Arabidopsis gene expression suggested that network
variation was on a similar order of individual gene variation (25).
The ANOVA can then be extended to directly test for effects of
different experimental perturbations upon the networks.
An example of this nested ANOVA approach is an analysis of
how modifying three MYB transcription factors within A. thaliana
altered the expression of sulfur utilization networks. In this experiment, WT and the different MYB expression lines were measured
with replicated microarrays. The nested ANOVA tested if the introduction of the MYBs into Arabidopsis predominantly altered individual genes or the sulfur utilization networks within which the
genes reside (17). This found a significant effect of the transcription
factors upon the different networks, showing that the MYBs control
distinct sulfur networks (17). The nested ANOVA can be easily
implemented in any statistical package. However for very large
data sets containing numerous genes and networks, the R platform
is likely better due to more efficient matrix inversion algorithms.
Smaller more discrete tests are feasible in any statistical package.
3.4. Conclusions

Genomics experiments are sometimes thought of as limited to
generating hypothesis that are then tested by other methodologies. This leaves a need for developing approaches to allow for
hypothesis testing using genomics-scale experiments. In this
methods description, we relay one approach to using genomics
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data, specifically microarray data, to directly test hypothesis and
map genetic variation for a priori-defined gene networks. This a
priori approach has been mostly used for the analysis of eQTL
controlling gene networks but can be extended to nearly any
experimental approach. The methods described in this chapter
are readily accessible to any laboratory with basic statistical programs such as Excel, R, SAS, or Systat and do not require any
special programming. As such, these methods should allow any
researcher to being treating gene networks as testable hypothesis
using existing or new microarray data. This should allow for an
increase in specific biological inference to be derived from transcriptomics data and experiments in any species. Finally, the
approaches described here can be adapted to any genomics platform such as metabolomics whereby quantitative measurements of
network members can be conducted and networks can be defined.

4. Notes
1. Applying the a priori network approach to metabolomics
would be feasible to compare the network responses of biosynthetic pathways, i.e., TCA cycle, to the responses of the
individual metabolites within the pathway.
2. A caveat to applying any expression analysis approaches to metabolite analysis is that metabolites can be interconverted from one
to another. In contrast, the transcript for one gene cannot be
directly converted into the transcript for another gene. As such,
this difference in the relationship between metabolites and the
relationship between transcripts may generate different variance
properties in the two genomics data sets.
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