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Reverse Engineering Genetic Networks
using the GeneNet Package

by Juliane Schifer, Rainer Opgen-Rhein, and Korbinian
Strimmer

GeneNet is a package for analyzing high-
dimensional (time series) data obtained from high-
throughput functional genomics assays, such as ex-
pression microarrays or metabolic profiling. Specif-
ically, GeneNet allows to infer large-scale gene as-
sociation networks. These are graphical Gaussian
models (GGMs) that represent multivariate depen-
dencies in biomolecular networks by means of par-
tial correlation. Therefore, the output of an analysis
conducted by GeneNet is a graph where each gene
corresponds to a node and the edges included in the
graph portray direct dependencies between them.

GeneNet implements a specific learning algo-
rithm that allows to estimate GGMs from small sam-
ple high-dimensional data that is both computation-
ally as well as statistically efficient. This approach
relies on analytic shrinkage estimation of covariance
and (partial) correlation matrices and on model se-
lection using (local) false discovery rate multiple test-
ing. Hence, GeneNet includes a computational algo-
rithm that decides which edges are to be included in
the final network, in dependence of the relative val-
ues of the pairwise partial correlations.
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In a recent comparative survey (Werhli et al,,
2006) the GeneNet procedure was found to recover
the topology of gene regulatory networks with sim-
ilar accuracy as computationally much more de-
manding methods such as dynamical Bayesian net-
works (Friedman, 2004).

We note that the approach implemented in
GeneNet should be regarded as an exploratory ap-
proach that may help to identify interesting genes
(such as “hubs”) or clusters of genes that are func-
tionally related or co-regulated, rather than that it
yields the precise network of mechanistic interac-
tions. Therefore, the resulting network topologies
need be interpreted and validated in the light of bi-
ological background information, ideally accompa-
nied by further integrative analysis employing data
from different levels of the cellular system.

Prerequisites

GeneNet is available from the CRAN repository
and from the webpage http://strimmerlab.org/
software/genenet/. It requires prior installation of
four further R packages also found on CRAN: corp-
cor, longitudinal, fdrtool, and locfdr (Efron, 2004).
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For installation of the required packages simply
enter at the R prompt:

> install.packages( c("corpcor",
"longitudinal", "fdrtool",
"locfdr", "GeneNet") )

Preparation of Input Data

The input data must be arranged in a matrix where
columns correspond to genes and where rows cor-
respond to the individual measurements. Note that
the data must already be properly preprocessed, i.e.
in the case of expression data calibrated and normal-
ized.

In the following we describe an example for infer-
ring the gene association network among 102 genes
from a microarray data set on the microorganism
Escherichia coli with observations at 9 time points
(Schmidt-Heck et al., 2004). These example data are
part of GeneNet:

> library("GeneNet")
> data(ecoli)

> dim(ecoli)

[1] 9 102

Shrinkage Estimators of Covari-
ance and (Partial) Correlation

The first step in the inference of a graphical Gaussian
model is the reliable estimation of the partial correla-
tion matrix:

> inferred.pcor <- ggm.estimate.pcor(ecoli)
> dim(inferred.pcor)
(1] 102 102

For this purpose, the function ggm.estimate.pcor
offers an interface to a shrinkage estimator of par-
tial correlation implemented in the corpcor pack-
age that is statistically efficient and can be used for
analyzing small sample data. By default, the op-
tionmethod="static" is selected, which employs the
function pcor. shrink. Standard graphical modeling
theory (e.g. Whittaker, 1990) shows that the matrix of
partial correlations P = (p; j) is related to the inverse
of the covariance matrix X. This relationship leads to
the straightforward estimator

Fij = —ij/ | @iijj, 1)

PN

Q= (CDU) =51 (2)

where

In Equation 2, it is absolutely crucial that the co-
variance is estimated accurately, and that £ is well
conditioned — otherwise the above formulae will re-
sult in a rather poor estimate of partial correlation
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(cf. Schifer and Strimmer, 2005a). For this purpose,
the pcor.shrink function uses an analytic shrink-
age estimator of the correlation matrix developed in
Schifer and Strimmer (2005b). This linearly com-
bines the unrestricted sample correlation with a suit-
able correlation target in a weighted average. Se-
lecting this target requires some diligence: specifi-
cally, we choose to shrink the empirical correlations
R = (r;;) towards the identity matrix, while empir-
ical variances are left intact. In this case the analyti-
cally determined shrinkage intensity is

o Zi# var(r;;)

A
2
2i#jTij

. 3)

The resulting shrinkage estimate exhibits a number
of favorable properties. For instance, it is much more
efficient, always positive definite, and well condi-
tioned. It is inexpensive to compute and does not re-
quire any tuning parameters, as the analytically de-
rived optimal shrinkage intensity is estimated from
the data. Moreover, there are no assumptions about
the underlying distributions of the individual esti-
mates, except for the existence of the first two mo-
ments. These properties carry over to derived quan-
tities, such as partial correlations. Furthermore, the
resulting estimates are in a form that allows for fast
computation of their inverse using the Woodbury
matrix identity.

Note that the function ggm.estimate.pcor also
allows the specification of a protect argument, with
default value protect=0. This imposes limited trans-
lation (Efron and Morris, 1972) onto the specified
fraction of entries of the estimated shrinkage corre-
lation matrix, thereby protecting those components
against overshrinkage (see also Opgen-Rhein and
Strimmer, 2006c¢).

Taking Time Series Aspects Into
Account

Standard Gaussian graphical models assume i.i.d.
data whereas in practice many expression data sets
result from time course experiments. One possibility
to generalize the above procedure correspondingly
is to employ dynamic (partial) correlation (Opgen-
Rhein and Strimmer, 2006a). This is available in the
function ggm.estimate.pcor by specifying the op-
tion method="dynamic", which in turn relies on the
longitudinal package for computation.

The key difference between dynamical and i.i.d.
correlation is that the former takes into account the
time that has elapsed between two subsequent mea-
surements. In particular, dynamical correlation al-
lows for unequally spaced time points as often en-
countered in genomic studies. All small sample
learning procedures (shrinkage) developed for i.i.d.
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correlation also carry over to dynamical correlation
(Opgen-Rhein and Strimmer, 2006b).

Network Search and Model Selec-
tion

The second crucial part of gene association network
inference is model selection, i.e. assigning statistical
significance to the edges in the GGM network:

> test.results <-

ggm.test.edges (inferred.pcor)
> dim(test.results)
(1] 5151 6

For this purpose a mixture model,

f(7) =nofo(Fx) + (1 —no)fa(F), (4)

is fitted to the observed partial correlation coeffi-
cients 7 using the subroutine cor.fit.mixture. fo
is the distribution under the null hypothesis of van-
ishing partial correlation, 19 is the (unknown) pro-
portion of “null edges”, and fa the distribution of
observed partial correlations assigned to actually ex-
isting edges. The latter is assumed to be an arbitrary
nonparametric distribution that vanishes for values
near zero. This allows for , 179, and even fx to be
determined from the data — see Efron (2004) for an
algorithm.

Subsequently, two-sided p-values corresponding
to the null hypothesis of zero partial correlation are
computed for each potential edge using the function
cor0.test. Large-scale simultaneous testing is then
conducted by obtaining g-values via the function
fdr.control with the specified value of ng taken into
account. £dr. control uses the algorithms described
in Benjamini and Hochberg (1995) and Storey (2002).
An alternative to the g-value approach is to use the
empirical Bayes local false discovery rate (fdr) statis-
tic (Efron, 2004). This fits naturally with the above
mixture model setup, and in addition takes account
of the dependencies among the estimated partial cor-
relation coefficients. The posterior probability that a
specific edge exists given 7 equals

_ nofo(F;x)
fm
(5)

Following Efron (2005), we typically consider an
edge to be “significant” if its local fdr is smaller than
0.2, or equivalently, if the probability of an edge to be
“present” is larger that 0.8:

IP(non-null edge|7) =1 — fdr(7) = 1

> signif <- test.results$prob > 0.80
> sum(signif)

[1] 66

> test.results[signif,]
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Network Visualization

The network plotting functions in GeneNet rely ex-
tensively on the infrastructure offered by the graph
and Rgraphviz packages (cf. contribution of Seth
Falcon in this R News issue).

First, a graph object must be generated containing
all significant edges:

> node.labels <- colnames(ecoli)

> gr <- ggm.make.graph(
test.results[signif,],
node.labels)

> gr

A graphNEL graph with undirected edges

Number of Nodes = 102

Number of Edges = 66

Subsequently, the resulting object can be inspected
by running the command

> show.edge.weights(gr)

Finally, the gene network topology of the graphical
Gaussian model can be visualized using the function
ggm.plot.graph:

> ggm.plot.graph(gr,
show.edge.labels=FALSE,
layoutType="£dp")

The plot resulting from the analysis of the ecoli data
is shown in Figure 1. For show.edge.labels=TRUE
the partial correlation coefficients will be printed as
edge labels. Note that on some platforms (e.g. Win-
dows) the default layoutType="fdp" may not yet be
available. In this case an alternative variant such as
"layoutType=neato" needs to be specified.

Ecoli Gene Association Network

Figure 1: Sparse graphical Gaussian model for 102
genes inferred from an E. coli microarray data set
with 9 data points. Full and dotted lines indicate pos-
itive and negative partial correlation, respectively.
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Release History of GeneNet and
Example Scripts

The package GeneNet emerged from a reorganiza-
tion of the (now obsolete) package GeneTS. This
was split into the GeneNet part dealing with gene
network reconstruction, and the package GeneCycle
for cell cycle and periodicity analysis (Wichert et al.,
2004; Ahdesmaiki et al., 2005).

On the home page of GeneNet we collect exam-
ple scripts in order to guide users of GeneNet when
conducting their own analyses. Currently, this in-
cludes the above E. coli data but for instance also a
network analysis of A. thaliana diurnal cycle genes.
We welcome further contributions from the biologi-
cal community.
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