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ABSTRACT

A model genetic regulatory network for the evaluation of genetic
regulatory network identification methods is described in the
present work. This model is novel because of its mechanistic
basis and itsrelatively large (10 gene) scale. The model is used to
evaluate several simple techniques from the literature for
identifying genetic regulatory networks from data. Even though
simple models derived from cDNA array data alone can fit data
very well, it is observed that their applicability for determining
network architecture is questionable. A method that combines
cDNA array data, regulatory activity data, and genomic seguence
data is, of the methods considered, most promising for the
identification of network architecture.

1. INTRODUCTION

The prospect of identifying genetic regulatory networks from
high throughput data sets such as DNA arrays and proteomics has
recently gained considerable interest. While several approaches
have been developed to determine networks from data, little has
been published on the development of simulation tools that can
validate the methods, and what has been published did not have a
mechanistic basis or describe redlistic networks [11]. It is
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measured in parallel, and gel electrophoresis and mass
spectrometry, which allow levels of hundreds of proteins to be
quantified [6]. Also included is “regulatory activity”, which in
this sense refers to how activetys regulatory sequences are
being bound in the nucleus and corresponds roughly to the levels
of active transcription factors. CIStem Molecular Corporation
(www.cistemcorp.com) is a key provider of this type of data.

The specific form that the genetic regulatory network takes is
dependent of the type of data that is used to derive it. A complete
genetic regulatory network would be derived from measurements
of all relevant cellular components and would be exceptionally
complicated.  Alternatively, approximate models of genetic
regulatory networks can be derived from system-wide
measurements of key cellular components. Most work to date
related to the derivation of genetic regulatory networks has been
using cDNA array data over a time series [3,10,11]. The objective
was to determine a relationship between gene expression levels at
past and future time points, with the assumption that fundamental
information about the genetic regulatory network would be
contained within this relationship. While genetic regulatory
networks derived from expression data alone may be useful for
predicting gene expression levels, their relationship to biological

believed that there is value in being able to compare the results of quantities is not clear. One reason is that the interdependencies
the network identification methods with the “right answer”, and Within these genetic networks may depend on the rate at which the
therefore the present work represents the beginning of a Iargetdata was collected, due to the existence of different time scales in
effort. The model described in this work is unique because it hasthe actual network. Corresponding changes in gene expression
a mechanistic basis and is of relatively large scale (10 genes). ~ May correlate but are not necessarily causal.

A description of genetic regulatory networks and methods A more structural form of genetic regulatory network may be
used to identify them are first given. These are followed by a Obtained by coupling expression data with regulatory activity.
description of the model system. The results obtained from Combining regulatory activity data with DNA array data gives
applying the identification methods to the model system are thenMeasures of nuclear input and output, with the genetic regulatory

shown. Finally conclusions and future directions for this work are network mapping_ from one to the other. A scheme of this is
discussed. shown below in Figure 1.

The approach of using regulatory activity and cDNA array
2. GENETIC REGULATORY NETWORKS data together holds several advantages over previous efforts that
Genes function in highly interconnected, hierarchical, and attempted to identify genetic regulatory networks using cDNA
nonlinear chemical networks. Specific phenotypes are often notarray data alone. Since the cDNA array alone approaches attempt
the result of the expression of single genes but rather the result of0 express expression levels at the present time as a function of the
interactions of multiple genes, as in the case of some humarexpression levels at a previous time, and possibly exogenous
cancers [8], as well as the past and present intracellular andnputs, approximatelyy,” interactions need to be defined for a
extracellular environments. New analytical techniques are beingsystem ofn, genes. Several groups (reviewed in [11]) have
developed that allow the quantification of many intracellular attempted to remedy this by clustering the genes on the basis of
factors [5]. These include cDNA array technology [7], which Similarity of their temporal expression profiles, and then fitting
allows the relative transcription levels of thousands of genes to be
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the expression levels of the expression patterns for the clusters or
"supergenes.”
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Figure 1: Nuclear input/output as measured by cDNA
array and regulatory activity measurements.

The genetic regulatory network that can be identified from
combined cDNA array and regulatory activity data is different
from that identified using only cDNA array data. Instead of
taking aglobal, closed loop, black box view of genetic regulation,
a more mechanistic local, nuclear, viewpoint is taken. The
objective is not to relate relative expression levels across time
points, but rather to relate nuclear input to nuclear output. The
only interactions that need to be defined are those between the
expression levels and the regulatory element activities. There is
no longer a need to include exogenous inputs because they are
contained in regulatory activity levels, having first been
modulated by the intracellular signaling network. Since this
approach does take a nuclear view of genetic regulation, however,
there is till a need to connect the relative transcriptiona levels
and the exogenous inputs back to the regulatory element activity
to close the loop.

While it may appear that this new method has only the
advantage of reducing the number of interactions to be defined
from n,2 to n*ny, where n is the number of cis regulatory
elements, there are other benefits. In comparison to the methods
that used cDNA array data alone, where it was not known a priori
which genes would influence which other genes, for the combined
approach it is possible to determine which regulatory elements
will affect the expression levels of which genes.  Through
methods such as those of Tavazoie et al. [9], genes can be
grouped into co-regulated families through analysis of expression
profiles across many conditions. For each group, common
upstreams regulatory motifs can be found so that it is possible to
determine which regulatory elements are present upstream of the
coding region for a given gene. If a certain regulatory element is
not present upstream of a certain gene, then that is one less
interaction that needs to be defined. Given that an average of
regulatory elements present for given genes can be on the order of
10, the actual number of parameters that need to be identified is
then of order 10*n,,, asignificant reduction.
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Throughout this paper, it is implied that knowing which cis
regulatory region is upstream of a certain gene is equivalent to
knowing which transcription factor binds upstream of that gene.
This information may not always be known, and resort to existing
databases, such as Biobase.de (www.biobase.de) that contain this
information must be made.

3. METHODSFOR THE IDENTIFICATION

OF GENETIC REGULATORY NETWORKS

Determining the network architectures from the cDNA array
and regulatory activity data, is nontrivial. The data consists of
relative transcription levels and relative activity levels for
thousands of genes and tens of cis sites over hundreds of time
points. Mathematical methods are necessary to determine the
interconnections within this data.

The methods evaluated in this study include those that utilize
cDNA array data alone as well as combined cDNA array and
regulatory activity data. Structurally they are very similar. The
three types considered here are linear [3,11], linear — log, and
linear + squashing [10]. In the linear approaches, the expression
levels of the genes at measurement instdnee 1 is a linear
combination of either the expression levels and exogenous inputs
(for the cDNA array alone approach) or regulatory activities (for
the cDNA array plus regulatory activity approach) at measurement
instancek. This is expressed mathematically agk + 1) =
A*U(K), whereX(k+1) is ann,, by 1 vector of expression levels at
measurement instanget+ 1, A is an,, by n, matrix, relating the
N, genes to the, inputs (expression levels and exogenous inputs
or regulatory activities) , and(k) is ann, by 1 vector of inputs at
measurement instanée In the linear-log approacbx(k + 1) =
A*U\(k), whereX, is a vector of the log of the expression levels,
and U, is a vector of the log of the input values. In the
linear+squashing approach:

_ m
%(k+1) = TSan® @
1+e’
In (1), m is the maximum expression level of génanda; is a
coefficient for the interaction between the inputandx. This
can be arranged into:

= m —
o (k+1) =~In( “D=>auk) (2
x(k+D Z '
From (2) it is clear that the system can be expresse@@s:1) =
Ag*U(k), where Q is ann, by 1 vector of the transformed
expression levels.

If there aren, measurements of X and U, whete>n, + 1,
the linear, linear-log, and linear+squashing systems can be
arranged into: X A*U, X, = A*U), and Q = A*U, respectively.
X, X, and Q are nowy, by n,-1 matrices ofX, X, andQ in
sequential order, and U and &fen, by ng-1 matrices ot andU,
at the experimental points, respectively, one step behind those in
X, X;, and Q.

The genetic regulatory networks, which are represented by A,

A, and A, can be determined by the simple matrix inversions of
Uand Y A=XU" A =X*U" and A = Q*U™. When n, =



n, + 1, U and U, will be square, and the inverses are simple matrix
inversions. When n, > n, + 1, the systems are overdetermined and
the inverses must be the appropriate pseudoinverse. For the linear
system, the Moore-Penrose pseudoinverse will give the least
squares solution.  For the linear-log and linear+squashing
systems, the pseudoinverses should involve nonlinear
optimizations for correct weighting of the errors, due to the
transformations of the original data that were performed. In this
study, however, the Moore-Penrose pseudoinverse was used for
all systemswhen n, > n, + 1 for convenience.

4. MODEL
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Figure 2: Core process of model. Transcription factor
dimersk, and j, bind to cisregulatory sites Pik and Pij
upstream of genei, respectively. Binding of k, and j,
influencestherate of transcription of mMRNA Mi, which is
trandated into protein i, which dimerizesto bind to other cis
regulatory sites.

The model genetic network developed and applied in this
study is based on the reaction scheme shown above in Figure 2.
Binding of transcription factors to cis regulatory sites of the genei
influences its rate of transcription. Proteini is trandated from the
mMRNA Mi, dimerizes, and then influences the rate of transcription
of other genes. In the model system, it is assumed that each
transcription factor binds only cis regulatory sequences that are
specific to it.

The overal architecture of the model genetic network
developed and applied in this study is shown in Figure 3. It
contains severa structures similar to those in the literature. These
include an endogenous oscillator, based on the hysteretic
oscillator of Barkai and Leibler [1], a switch mechanism,
analogous to the genetic switches of Gardner et a [4] and Cherry
and Adler [2] as well as two cascades and a ligand binding
mechanism that influences transcription. All transcription factors
dimerize before they are active, with the exception of A, which
was derived from [1]. Each gene has at least two rates of
transcription: with promoter bound and unbound. For genes with
multiple promoters, the total rate of transcription is a linear sum
of the rates associated with the bound and unbound states of each
of the promoters.

Mathematically, the system consists of 97 elementary
reactions with 54 species. The quasi-steady state and pseudo-
equilibrium assumptions were not made for any reactions. Delays
associated with transcription and translation processes were not
included. The equations were integrated using the MATLAB
0del5s solver (The Mathworks Inc). The parameters in the

model, aswell asthe MATLAB code to run it, are available upon
request from the authors.
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Figure 3: Genetic regulatory network used in this study.*
The network consists of a hysteretic oscillator, based on the
circadian oscillator of Barkai and Leibler [1]; a switch,
analogous to those of Gardener et al. [4] and Cherry and Adler
[2], a cascade, and a ligand binding mechanism.
(* For alarger version, please see Appendix)

The model architecture was chosen so that without ligand
input, there would be an endogenous oscillation in production of
proteins A and R, as well as with a high levels of transcription
factor C, receptor E, and downstream gene H. This could be
interpreted as a “dividing state”, where the oscillations correspond
to a highly abstracted cell cycle. Upon ligand binding, the cell
shifts into a state where the oscillations cease, the receptor is
down regulated, and transcription factors D and F and
downstream protein J are produced in large quantities. This could
correspond to “differentiated state”, where cell divisioenses
and a new set of proteins is expressed. Without constant input,
however, the cell eventually returns to its dividing state.  This
presence of the different time scales in the model is believed to
make it somewhat representative of a real system, as well as
provide a suitable challenge for the network identification
methods.

An abstracted genetic regulatory network for this system can
be represented simply as the collection of the signs on the
interactions between the transcription faciwss/regulatory
regions and the genes. This is shown in Table 1, where “+”
indicates that binding of the transcription factor to ¢heregion
upstream of that gene increases its transcription rate, while the
indicates that the binding decreases the rate of transcription.

“ o
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Tablel: Genetic regulatory network of model system

cC DD FF GG KK EQ

MA
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The time course used for analysis is shown in Figure 4.
Ligand is injected for 10 minutes at a rate of 100,000
molecules/minute at time 1000 minutes. Number of molecules
versus time is shown in Figure 3 for ligand (Q), messenger RNA's
(Mi), and activated transcription factors (A, CC, DD, FF, GG,
KK, EQ).
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Figure 4: Time coursesin mRNA expression levels* (MA,
MB, MD, MD, ME, MF. MG. MG, MJ, MK) and active
transcription factors (A, CC, DD, FF, GG, KK, EQ) activity in
response to a pulse of ligand (Q) at time 1000 minutes.
(*For alarger version, please see Appendix)

These model results should not be over-interpreted, however.
The obvious similarities in expression profiles of genes sharing
cis regulatory regions results primarily from the assumption in the
model that simultaneous transcription factor binding to multiple
cis sites on the same gene have linearly additive effects. This is
likely not true in all cases. Also, the resolution of data that would
be required to identify the similarities in expression profiles is
possibly beyond what would be experimentally feasible. It may
be possible to determine which genes sleegeegulatory regions
by perturbing the system with a more complex input than a pulse
of ligand, however.

Figure 5: Groups of co-regulated genes from the model

5 RESULTS

In this work, several approaches to identifying genetic
regulatory networks were investigated. As described above, the
rate of sampling may influence the network that is identified. For
this reason, two data sets derived from the data shown in Figure 4
were used. In one, only 12 data points were collected over the
4000 minutes after the injection of ligand. In the other, 120
measurements were taken. The effect of this discretization on the
character of the data can be seen below in Figure 6, especially in
the time courses of A and MA.

In this section, the results from the genetic regulatory
network identification methods that only used cDNA array data
are presented first, followed by results from methods that used
both cDNA array data and regulatory activity data.

Before proceeding it must be mentioned that it was
impossible to distinguish between the genes G and K in any sense.
Since they both have the exact same transcription profile, it was
impossible to determine if they are regulated by different

It becomes apparent how it may be possible to cluster genes,anqerintion factors or if they separately regulate other genes

according to similarity in expression profile in order to determine

through their gene products. To remedy this, G and K, as well as

ci_s regulatory regions_ V\_/hen com_pari_ng the time courses _of the GG and KK were lumped together into a single “super-gene”
different genes . This is shown in Figure 5, where genes in eachg i) that was negatively regulated by CC and whose dimerized

group share ais regulatory region as well as characteristics in the

expression profiles. Genes that appear in more than one group ar,

regulated by more than omis regulatory region in common with
the others.
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ene product (GG/KK) both negatively regulated H and positively
gulated J.
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Figure 7: Fit of linear cDNA array model to 12 point data

Figure 6: Discretized (12 points) time cour se after the
injection of ligand into model system

As can be seen from Figures 7 and 8, the linear identification
method that only used cDNA array data, with its 110 parameters,
can fit the data very well. Note that these are local fits, where the

linear model was used to predict the expression levels for only - izz

one step forward in the future. The good fits are not indicative of = . el ‘ ; sANAKARAA
its ability to identify an underlying structure, however. The other 2l 50 1000 1500 2000 200 3600 3500 4000
methods were also unable to identify a consistent structure. 2 10p

Shown below in Table 2 are the interdependencies between the R T
genes identified using the linear, linear-log, and linear + ‘ ‘ ‘ ‘ : : ‘
sguashing methods for the 12 and 120 point data sets only in . SR ‘ ‘
terms of the sign of the identified coefficient. If the methods 50 2500 3000 3500 4000
identified a consistent structure, it would be expected that the
signs of the interactions would be the same. Asis seen, there is - o

MC
o
@
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S}
o
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S
S}
.
@
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S
N
S =
S}
3

g 0 560 10‘00 1500 2000 2500 3000 3500 4000
no consistent structure. The genetic networks identified from T T ey L
cDNA aray data aone, for this simple model system, are » ;’é
dependent on both sampling frequency and the method chosen. £ 0™ %0 2000 2500 o0 as0 4000
The linear model therefore seems primarily useful as a data fitting M“\&
method, rather than a network identification method. R S O Y
20 500 1000 1500 2000 2500 3000 3500 4000

Given that the genetic regulatory network for the model ol |
system is already known, it was of interest to seeif it is possible to . M,AL%
determine it without the prior knowledge of which transcription Do R0 00 L0 20D 200 300 300 000
factor influences the transcription rate of which gene. A study
similar to that performed with the identification methods that only IO o e a0 7o a0 w400
used cDNA data, with application of the linear, linear-log, and
linear plus squashing approaches, was performed using to both . ‘
cDNA and regulatory activity data. The resulting interaction ® 075000 1000 1500 20002500 3000 3500 4000
matrices that were derived were directly compared to the known
network structure (Table 1). The results are shown below in

Table 3. Figure 8: Fit of linear cDNA array model to 120 point data

MG/MK
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Table 2: Signs of coefficients of interaction between genes for

cDNA array alone, for linear, linear—log, and linear+squashing
methods for 12 and 120 point data sets
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structure. Matches with actual structure are shaded, percentages
of maximum coefficient are shown for two best methods. While
the linear and linear —log methods correctly identified % of the
actual interactions, it must be noted that the methods also
identified a large number of false positives. The coefficients for
many of the false positives were often large, near 100% of the

Table 3: Signs of coefficients of interaction between
transcription factor and gene expression. Shaded boxes
indicate matches with actual network. Percentages of
maximum coefficient are shown for methods with best match.
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W . e . S factors that bound to the regulatory regions, were known. The
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M - + o+ -+ + + 0 .
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vy - S Table4: Parametersto be determined given cDNA array data,
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The parameters were determined using simple linear
regression with the linear, linear—log, and linear+squashing
techniques for both data sets. The results are shown in Table 5.
The coefficients with the correct sign are in bold.

From Table 5 it can be seen that the linear-log method most
successfully identified the signs of the interaction coefficients,
incorrectly identifying only one for the 12 sample data set, and
correctly identifying all for the 120 point data set.

6. CONCLUSIONS

Through use of the model genetic regulatory network,
several conclusions can be drawn regarding the genetic regulatory
network identification methods considered. It was observed that
for this system, the networks derived from only cDNA array data
constitute little more than curve fitting. This is because the
structure identified varies considerably with the sampling rate and
the method of identification. Similar conclusions can be drawn
from the study where cDNA array and regulatory activity data
were used without knowledge of which cis regulatory site
influences the transcription which gene. While two methods
could identify correctly the majority of the signs of the
interactions, there were a significant number of false positives.

As can be seen in Table 3, the linear and linear—log methodsror the case that did use knowledge of whithregulatory site
performed about equally well, with the networks determined from jxfiuences the transcription of which gene as well as the combined

the 120 point data set coming closest to the actual networkcpNA array and regulatory activity data, it was possible to
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needs also to be investigated. This will be accomplished by

performing stochastic simulations of the model network, to

introduce noise that may be fundamental to gene expression. ThA PPENDI X

effect of including potential errors that may result from Al GENETIC NETWORK MODEL

experimental methods needs also to be considered. The fact that
cDNA array and genetic regulatory data is often obtained from A .2 TIME COURSE IN mRNA

populations of cells, rather than single cells, must be investigated.

Since different cells may be in different phases of their EXPRESSION LEVELSAND
endogenous oscillations, the effects of treating a population of ACTIVE TRANSCRIPTION
asynchronous cells with ligand at the same time needs to be FACTORS

considered. The averaging over an asynchronous population that
occurs during real experiments may significantly alter the
information that may be obtained from the data. These directions
for future work will be built upon the model genetic network
presented here.
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A.1 GENETIC NETWORK MODEL
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