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Abstract

Inferenceof completegenetic regulatory networks is a central problem in modern
bioinformatics. However, becausegood biological data is still relatively rare, it is hard
to evaluate new machine learning techniques for network inference. In this report
we describe GreenSim, a modular, customisable and extensible genetic regulatory
network simulator. It accurately models motifs, non-linear regulatory functions and
can generate networks ranging in size from N = 100 to N = 104 genes. Code is
available online and from the authors.

1 In tro duction

Accurate inference of an organism's complete genetic regulatory network (GRN) is a
central problem in bioinformatics. Knowledgeof the GRN is necessaryto understand an
organism'sontogeny, its phylogenetic relationships and to accurately predict its response
to external stimuli and drugs. Only when such relationships are understood can research
be conducted quickly and e�cien tly.

Despite the development and increasing use of high-throughput biotechnology, well
understood and validated biological data sets are rare and exist for only a few species.
This meansthat realistically simulating biological data is essential to fully evaluate new
machine learning and bioinformatic techniques.

In this paper, we describe GreenSim, the genetic regulatory network simulator. In
the rest of this section (subsection 1.1) we summarise the features of GRN that must
be simulated. Section 2 describes GeneSim, and section 3 describes Kyoda's simulator.
Section 4 outlines the characteristics and modular structure of GreenSim, its usage,and
analysessomenetworks generatedby it. Section 5 concludesand outlines future work.

1.1 Characteristics of Genetic Regulatory Net works

The causalrelationships betweenthe genesin an organismmake up its geneticregulatory
network. This network is a directed graph, and an edgefrom the genei to the genej and
annotated with a function meansthat the expressionlevel of i regulates(contributes to,
causes)the expressionlevel of j .

Becauseof their evolutionary origins[16], GRN are characterised by certain common
features acrosscell type and species. This section summarisesthe most important of
thesefeatures,and a good GRN simulator should implicitly or explicitly create them.

At the structural level it is important to understand the di�eren t distributions across
the in-degree and out-degreeof genes(variables, nodes) in GRN. Research[2] suggests
that GRN are not random directed graphs. Instead, the probabilit y distribution for
the out-degreeappears to follow a power law[8] with 2 < � < 3. The distribution for
the in-degree appears to be an exponential distribution, and � is approximately 3 for
prokaryotes and in the range 4{8 for eukaryotes[4; 11]. Thesedistributions help create a
modular structure in the network. There is no characteristic module size.

GRN are also characterised by the overabundanceof motifs. A motif is a small sub-
graph which is much more common in GRN than it would be in a random graph. Motifs
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include auto-regulatory, expanding cascade, convergence and triangular feed-forward mo-
tifs. In a feed-forward motif the genei regulatesj and k, and j regulatesk aswell. Motifs
are detailed in [6]; it is important that they are appropriately present in any simulated
GRN.

Two key aspects of the regulatory relationship between any pair of connectedgenes
must be simulated. The �rst is that genetic regulatory functions are often complex,
non-linear relationships whosefunctional form variessigni�cantly from caseto case.The
genei may up-regulate (down-regulate) the genej very strongly (very weakly) and it may
regulated it non-linearly. The nature of theserelationships is described in more detail in
[3; 5; 17].

Regulatory functions can also be conditional on the current phenotypic context[13].
Furthermore, the actual biological system is stochastic and discrete; however, a discrete
simulation is not computationally tractable. Nor is a discrete model. This meansthat
stochastic biological noise[12] will exist in any continuous representation of a GRN.

External phenotypic contexts excluded and assuming a weak central dogma, note
that non-geneticregulatory in
uences can be ignored in GRN inference. This is because,
under the weakcentral dogma,the GRN is assumedto be informationally complete. Non-
genetic regulatory factors just manifest themselvesas (more complex) genetic regulatory
relationships.

2 GeneSim

GeneSimwasdeveloped at Duke University aspart of a project which tried to understand
songbird singing behaviour[7; 14; 15; 18; 19]. Used in most of the GRN research there,
[18] and [19] describe GeneSimin detail.

It works as follows. A network of small size(N � 100) is generatedand connectedin
a uniformly random way. Connectionscan also be manually speci�ed. Time is measured
in discrete intervals and every � time steps the expressionlevel is recordedas a sample.
This interval represents the (hidden) changesin expressionlevel that occur in between
successive samplesin a time seriesmicroarray data set.

yt+1 = y0
t + A � (y0

t � b0) + � 0 (1)

Equation 1 de�nes the vector equationwhich calculatesthe expressionlevel of all genes
(capped at a maximum of 100 and a minimum of 0) at time t + 1, given the expression
level of all genesat time t. Column vectors are denotedwith prime ('), and transposition
is implicit. � 0 represents the biological noiseand is sampledfrom a vector Gaussianwith
� = 0 and � b as de�ned by the user. A represents the relationship betweenyt+1 (k) and
yt . It de�nes a linear di�erence equation for each gene. b0 represents the constitutiv e
level of geneexpression.

The constitutiv e level of geneexpressioncan be explained as follows. Imagine that
each genehas some\normal" level of expression. This is its constitutiv e level. If i up-
regulates j and i is present at more than its constitutiv e level then it will causej to be
more strongly expressed. On the other hand, if i is expressedlessstrongly than usual
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then the absenceof i will causea lower-than-usual expressionof j . It is claimed by Yu
et al. that this model leadsto more biologically plausible time series.

Note two key aspects of GeneSim. Firstly , non-linear geneinteractions are not mod-
eled. These are essential for biological realism. Secondly, the network edge matching
algorithm doesnot create motifs or biological distributions over k in and kout .

GeneSimalso doesnot consider the phenotypically conditional nature of generegula-
tion. However this not a seriousproblem, for two reasons.Biological data sets typically
come from just one phenotypic situation, and inferring a single network given samples
generated from potentially contradictory regulatory networks is a di�eren t and much
more di�cult research question. In summary, GeneSimis a useful simulator, however it
doesnot model several important featuresof biological GRN.

3 Ky oda's Simulator

The simulator in Kyoda et al. [10] usesODEs to model the regulatory relationships. Each
genewas randomly matched to between 1 and k other genes. These genesand random
rate constants de�ned its regulatory ODE. The auto-regulatory motif was not allowed.
Networks of up to N = 100 with k = 2 and N = 20 with k = 8 were simulated.

4 GreenSim

GreenSimis the GRN simulator we have developed in MatLab. Inspired by GeneSim, it
aims to realistically simulate any kind and sizeof GRN. This section describes its func-
tional characteristics (4.1), its modular structure (4.2), how to use it (4.3) and analyses
someGreenSim-generatednetworks (4.4).

4.1 Characteristics

GreenSim can simulate GRN of size N = [100; 104]. It generatesrealistic non-linear
regulatory functions, and ensuresthat the degreedistributions are accurate. Thesedis-
tributions also lead to the emergenceof motifs in the simulated networks. Section 5
discussesextensionsthat would allow it to model multiple phenotypic contexts.

4.2 Structure

GreenSimis designedin a modular fashion,and each of the modulescan be replacedwith-
out a�ecting the others. For example, the edgematching module was recently replaced,
and no other portions of the code neededto be modi�ed. The algorithm is structured as
follows.

First, half edges (in-edgesand out-edgesfor each gene) are generatedaccording to
the appropriate distributions. Next, the half edgesare matched by randomly permuting
the genesand then matching the out-edgeswith the nearest in-edges. This re
ects the
biological reality (genesare frequently physically located near the genesthey regulate)
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and is also necessaryto create realistic technical noise[9]. Technical noise is described
shortly.

Next, the linear and non-linear regulatory functions are generated. Each genehas a
linear regulatory function as described in equation 1. Call the change in the expression
level of the genek according to its linear regulatory function l k and its expressionlevel
after the previous time step nk .

A 2nd order non-linear regulatory function for each pair of geneswhich regulate k is
de�ned as shown in equation 2. N L k is a random matrix which de�nes a weight for the
non-linear contribution of each pair of genesi; j (i < j ) which regulate k. The bracketed
term in the equation,

�
(yt � b)0 � (yt � b)

�
, takes the product of the expressionlevel of

each pair of genes.This product and N L k are multiplied together member-wiseand the
members of the resulting matrix are summedto calculate the total non-linear regulatory
contribution. The updated expressionlevel for k is nk + nl k + lk .

nl k =
X �

N L k � (yt � b)0 � (yt � b)
�

(2)

As in GeneSim, expressionlevelsare updated at discrete intervals and can be sampled
at intervals of size� . Such a sequenceof samplesis called a set of samples. Samplescan
also be corrupted by parameterisedlevels of technical noise[9]. Technical noiserefers to
uncertain, missing or inaccurately measuredgeneexpressionlevels in the set of samples.
This occurs becauseof limitations in the biotechnology used to gather samples. Three
kinds of technical noiseare modeled.

Spot noise is the low, independent probabilit y that any particular gene expression
value in a set of samples will be covered. This can be caused in biological datasets
by a faulty microarray or by poor handling of the microarray after the experiment has
concluded.

Span noise is the low, independent probabilit y that some contiguous subset of the
genesin a sample is covered. Becauseof the edgematching algorithm such genesare
likely to be directly involved in each others regulation. The sizeof the span is normally
distributed according to user-speci�ed parameters.

Value noise is added to the biological noiseand further corrupts the geneexpression
levels. It represents the ambiguity that can be causedby using mRNA concentrations
and 
uorescencelevels as a proxy for the level of geneactivit y[1].

4.3 Using GreenSim

In this subsectionwedescribehow to useGreenSimto simulate GRN and generatesamples
from them.

Readersare encouragedto refer to the MatLab source�les, comments and included
help documentation for further information.

4.3.1 Generating a Net work Structure

To generate a network structure, users call the genNetwork(n, mu, maxReg, noise)
function. This function returns a network structure, and the parametersare as follows:
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n is the number of genes

� is the location parameter for the exponential distribution over the genein-degree.

maxReg is the maximum regulatory in
uence that any one geneor pair of genescan
haveon another. A and N L k are in the range(0; 1) and arescaledby this parameter.

noise is the standard deviation of the biological noisein the network, � b.

In most cases,the value of the noise parameter in network generation should be no
more than 0:5� maxReg. If this is not the casethen the in
uence of regulatory genesmay
be obscuredand the result will be a random walk.

4.3.2 Generating A Set of Samples

A set of samplescan generated by calling genSampleSet(net, inity, num, delta) .
This function returns a matrix of gene expression levels uncorrupted by noise. The
(i; j )'th entry in the returned matrix is the expressionlevel of the i 'th genein the j 'th
sample. The function's parametersare:

net is a network structure, as returned by genNetwork

init y is a column vector specifying the initial expressionlevel of each gene.

num is the number of samples(columns) to be generated.

� is the number of hidden geneexpressionupdates betweeneach sample.

In real biological situations, geneexpressionlevels may changebetweensamples. As
in GeneSim, this is represented in GreenSimby a � parameter and the geneexpression
values are updated � times according to the regulatory functions and biological noise
betweeneach sample.

For example, if num= 3 and � = 3 then the geneexpressionvalueswould be updated
9 times according to their regulatory functions, and the third, sixth and ninth vectors
would make up a set of samples.

Note that the relative magnitude of maxRegand the � usedwhen generating samples
will a�ect the di�cult y of any network inference. We suggest that � � 1

maxReg, else
expressionlevels may changetoo much and in too complex a manner betweensamples.

A setof samplescanbecorrupted by the corruptSample function. This function takes
a set of samplesas its �rst parameter and then �v e other parameters for the technical
noise. Covered geneexpressionvaluesare denoted with � 1.

Finally, a set of samplescan be transformed using the logSample function. The log
(base 2) of each geneexpressionvalue is calculated (adjusted for raw values less than
� = 0:000001)and covered valuesin the transformed set of samplesare denotedwith 999.
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4.3.3 Calculating Statistical Net work Prop erties

The genNetworkStats(net) function calculates statistical metrics for a network. This
function takesa network structure asa parameter and returns a statistics structure. The
statistics it calculatesare analysedin subsection4.4.

4.3.4 Saving and Loading GreenSim Data

A network can be saved or loadedusing the writeNet and readNet functions. Similarly,
a samplecan be saved or loadedusing the writeSample and readSample functions and a
network statistics structure can be saved or loadedusing the writeStats and readStats
functions.

For samplesand statistics structures the read... functions take a source �lename
as a parameter. To save a sample or statistics structure the save... functions take
a variable of the appropriate type as their �rst parameter and a target �lename as the
secondparameter.

writeNet and readNet have the same parameters and parameter ordering as the
functions for samplesand statistics structures. However, networks are serialisedto more
than one �le. This meansthat only a root �lename needsto be speci�ed in the function
calls, and the functions will appendthe appropriate extensionsto saveor load the network.

To obtain an edgematrix which can be converted into a dot �le for GraphViz the
writeEdgeMatrix function can be used.

4.4 Examples and Analysis

This section describes somenetworks generatedusing GreenSim, ranging in size from 3
to 104 genes. Subsubsection4.4.1 introducesthe analysis by providing visualisations of
networks' edgematrices, for networks ranging in size from 3 to 103 genes. Subsubsec-
tion 4.4.2 provides more detailed statistical analysis, for networks ranging in size from 3
to 104 genes.

4.4.1 Visual Analysis

This subsubsectioncontains �gures and commentary depicting the edgematrices of net-
works ranging in size from 3 to 1000 genes. Each edge and each pair of edgesto a
genede�nes a regulatory function which relates the expressionlevel of the parent(s) at
time t to the expressionlevel of the child at time t + 1. The child's expressionlevel
can be calculated in full by using all parents and all pairs of parents, as described in
subsection4.2.

The network shown in �gure 1 illustrates GreenSim's abilit y to generatevery small
networks, and also shows how the combination of the di�eren t distributions over the in
and out-edgescan lead to auto-regulation and feed-forward motifs.

Figure 2 illustrates the automatic generation of modules, cascadeand convergence
motifs by the edgematching algorithm, even in small GreenSim-generatednetworks.

6



g0

g1

g2

Figure 1: A GreenSimnetwork with 3 genes.
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Figure 2: A GreenSimnetwork with 10 genes.
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Figure 3 shows the expected growth in module size as the network grows (a conse-
quenceof the power law distribution over out-edges). Cascadeand convergent motifs also
occur more often in larger networks.

Figure 3: A GreenSimnetwork with 100 genes.

Figure 4 is very di�cult to interpret at the printed resolution. However, it is clear that
maximum module sizecontinuesto grow while smaller modules and motifs also continue
to exist.

Observation of thesegraphsshows that GreenSimnetworks possessmany of the char-
acteristics of real biological networks, including a messymodular structure, and the auto-
regulatory, feed-forward, cascadeand convergencemotifs.
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Figure 4: A GreenSimnetwork with 1000genes.
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4.4.2 Statistical Analysis

This subsubsectionpresents and analysessome basic statistical properties of networks
generated using GreenSim. Statistics for several di�eren t network sizesare shown in
table 1 and more detailed discussionfollows.

Table 1: This table contains the averagesof 10 networks for each n. Statistics are
displayed to 4 signi�cant �gures.

Statistic / Num. of genes n = 3 n = 10 n = 102 n = 103 n = 104

Time (s) 0.1073 0.1404 0.2268 5.057 725.5
Total Edges 4.3 22 344.5 3518 35190
max(kin ) 2.1 4.4 15.2 21.8 27.3
max(kout ) 2.6 8.6 72.9 791.1 7968
Auto-regulatory motif 1.5 3.2 8.8 35.8 188.2
Feed-Forward Motif 0.3 13.1 723.4 4569 45150

The networks used to calculate the statistics displayed in table 1 were generatedon
an Asus M6A laptop (Pentium 4 1.8 GHz, 1 GB RAM, Win XP Pro). Observation of the
results shows that the time it takes to generatea network is non-linear. Someof this is
due to virtual memory paging issues.The remaining non-linearity appearsto be created
when the half edgesare being matched.

For n � 100 we seethat the number of edgesper genestabilises at � 3:5. Given
that the networks were generatedwith exponential in-degree� = 3 this is unsurprising.
Furthermore in the full vectors of in and out-edgesfor each network we have observed
that kout and kin are distributed correctly.

Analysis of the motifs is more interesting. It is clear that the incidence rate of the
feed-forward motif is much larger in the mid-size networks. When n = 3 there is an
averageof 0.1 feed-forward motifs per geneand there are approximately 4.5 such motifs
per genewhen n � 1000. In contrast there are more than 7 feed-forward motifs per gene
when n = 100. We suspect that this is a side-e�ect of the edge-matching algorithm but
do not think it is a problem.

The changein the incidencerate of the auto-regulatory motif for very large networks
is potentially more problematic. The sourceof this trend is di�cult to determine. Given
the network size, the correlation between the total number of edgesand the incidence
rate is almost 0. However, confusingly and independently of the number of genes,the
correlation between the total number of edgesand the auto-regulatory incidencerate is
0.792. There is alsosomecorrelation betweennetwork sizeand the incidencerate (0.747).
The correlations of max(kin ), the network size and other combinations are all lessthan
the correlation of the total number of edgesand the incidence rate, independent of the
network size,but greater than 0.6.

In short, naive correlations are uninformativ e and it is not clear what is driving this
trend. However, it may be due to the distributions over k in and kout and the edge
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matching algorithm. Becausethe range of kout grows much more quickly than the range
of kin , and becausethe edgematching algorithm matches genesin descendingorder of
the number of out-edges,if a network has \h ub" geneswhich connect to the majorit y of
other genesin the network then thesegenesmay absorb all or most of the in-edgesof a
large proportion of most of the genes.This meansthat most genescannot auto-regulate.

5 Discussion and Future Work

GreenSimis importantly di�eren t from previous simulators such as GeneSim. In particu-
lar, GreenSim:

� Explicitly and correctly models the in and out degreedistributions.

� Implicitly models the other important featuresof a GRN, through its explicit mod-
eling of the in and out degreedistributions.

� Usesnon-linear regulatory functions.

� Accurately models the various kinds of noisewhich exist in biological data sets.

� Is modular, easily customisedand highly parameterised.

� GeneratesGRN ranging in sizefrom 100 to 104 genes.

The visual analysis,statistical analysisand realistic regulatory functions suggeststhat
GreenSimcan be usedto simulate and samplefrom realistic GRN of widely varying size.

One aspect of GreenSimthat needsfurther investigation and which may need im-
provement is the edgematching algorithm. This is becauseit appearsto under-represent
the auto-regulatory motif in very large and very small GRN. If the biological literature
con�rms that this is inaccurate then a new matching algorithm would needto be devel-
oped.

Like GeneSim, the regulatory functions in GreenSimare only representativ e of a single
phenotypic context. Although this is not a problem, for the reasonsdiscussedin section2,
GreenSimcould be extended to simulate the phenotypically context-dependent logical
discontinuities in the regulatory functions that can be seenin biological organisms[13] as
well.

For example,rather than generatingjust onesetof functions (A and f N L kg), GreenSim
could be modi�ed so that it generatesm setsof functions. The set of functions (A i and
N L i

k) usedto generateeach samplecould be changedwith someprobabilit y or according
to environment-state variables. If a di�eren t edgematrix was necessarythen the genes
could be re-permuted and re-matched for each member of this set of regulatory functions.
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