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Abstract Brain function depends on the specialisation of
brain areas. In the murine cerebral cortex, the development of
these areas depends on the coordinated expression of several
genes in precise spatial patterns in the telencephalon during
embryogenesis. Manipulating the expression of these genes
during development alters the positions and sizes of corti-
cal areas in the adult. Qualitative data also show that these
genes regulate each other’s expression during development
so that they form a regulatory network with many feedback
loops. However, it is currently unknown which regulatory
interactions are critical to generating the correct expression
patterns to lead to normal cortical development. Here, we for-
malise the relationships inferred from genetic manipulations
into computational models. We simulate many different net-
works potentially consistent with the experimental data and
show that a surprising diversity of networks produce similar
results. This demonstrates that existing data cannot uniquely
specify the network. We conclude by suggesting experiments
necessary to constrain the model and help identify and under-
stand the true structure of this regulatory network.
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1 Introduction

The cerebral cortex is divided into functionally specialised
areas defined by their cytoarchitecture, connections and gene
expression. Whether genes or activity is the principal driver
of the development of these specialised areas, a process
referred to as arealisation, has been the subject of much
debate for many years (Rakic 1988; O’Leary 1989). Evi-
dence has now accumulated that early cortical development
is genetically regulated, since altering the expression of some
spatially non-uniform genes before innervation from the
thalamus alters the positions of cortical areas that emerge
postnatally (for reviews, see Sur and Leamey 2001; Grove
and Fukuchi-Shimogori 2003; Job and Tan 2003; Sur and
Rubenstein 2005; Mallamaci and Stoykova 2006; O’Leary
et al. 2007; O’Leary and Sahara 2008; Hébert and Fishell
2008; Rakic et al. 2009; Mallamaci 2011). However, later
patterned neuronal activity via thalamocortical inputs also
has a role in the refinement of cortical areas, because alter-
ing thalamocortical inputs can change area size or respecify
area identity (Sur and Leamey 2001; Sur and Rubenstein
2005; Rakic et al. 2009; Mallamaci 2011). Here, we focus
on a question concerning the earliest stages of cortical area
development: how the spatial patterns of gene expression are
created before thalamocortical innervation.

Over the past decade, experiments have identified a ‘parts
list’ of several genes regulating area development that are
expressed in gradients across the embryonic mouse brain
(O’Leary et al. 2007; Rakic et al. 2009). Manipulating the
expression levels of these genes during development alters
the emergent anterior-posterior positions of the cortical areas.
Moreover, these genes regulate each other’s expression dur-
ing development. However, the vast majority of the data
concerning interactions between these genes has come from
characterising gene expression patterns by in situ hybridisa-
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tion in loss-of-function and gain-of-function mice. Accord-
ingly, all data are qualitative, all reasoning verbal rather than
mathematical, and which interactions are direct or indirect is
largely unknown. The majority of experimental data on the
genes involved in arealisation relate five genes that encoding
the secreted signalling protein FGF8 and four transcription
factors: EMX2, PAX6, COUP-TFI (NR2F1) and SP8. Hence,
we focus on these five molecules and use the term gene misex-
pression experiments to collectively describe observations of
the loss-of-function and gain-of-function mice for these five
genes.

To date, there has been little computational work directed
towards understanding the arealisation regulatory network.
Karbowski and Ermentrout (2004) created a broad phenom-
enological model that incorporated expression gradients of
Fgf8, Emx2 and Pax6, maintained by assumed interactions.
However, they focussed on expression of theoretical down-
stream guidance cues and a detailed simulation of thala-
mocortical innervation. Their study was mostly specula-
tive as there are few data available to connect the gradi-
ents to guidance cues or constrain models of thalamocortical
innervation. In contrast, Giacomantonio and Goodhill (2010)
focussed on the early arealisation regulatory network exclu-
sively where experimental data are currently concentrated.
Using a Boolean model in which genes can only be active or
inactive, they simulated many possible networks potentially
consistent with experimental data. This allowed predictions
to be made about likely and unlikely interactions in the net-
work based on the probability that a network reached a steady
state corresponding to the expression pattern seen in wild-
type (WT) mice. However, restriction to only binary levels
of gene expression meant that the Boolean model could not
make use of the shifted gradient data from gene misexpres-
sion mice to provide further constraints.

In contrast, the interplay between experiments and com-
putational modelling of regulatory networks in other systems
has been rich and productive. Different types of models have
been used according to the quality and type of data avail-
able, and the question the model is seeking to answer (Jong
2002). In developmental biology, studies of the regulatory
networks controlling segmentation in the Drosophila embryo
provide an instructive example of how computational and
‘wet’ experiments can synergise to improve our understand-
ing of a process (Thieffry and Sanchez 2003; Tomlin and
Axelrod 2007). Recently, several papers have drawn on ear-
lier work connecting Boolean and continuous representations
(Glass and Kauffman 1973) to examine regulatory networks;
they use both Boolean models and their transformations into
ordinary differential equation (ODE) models, to investigate a
richer set of expression dynamics (Wittmann et al. 2009a,b;
Nakajima et al. 2010).

In this paper, we formalise the verbal reasoning resulting
from experimental data from loss-of-function and gain-of-

function mice into a set of ODEs that describe the epista-
tic relationships between genes. We use the ODE formalism
to simulate the dynamics of the five genes and proteins of
interest with continuous expression levels. The use of con-
tinuous variables allows us to simulate expression patterns
under both WT and misexpression conditions and thus use
more experimental data to constrain the model than in the
Boolean formalism used by Giacomantonio and Goodhill
(2010). There have been many misexpression mice created
with abnormal cortical area development, but they have been
characterised using different methods at different develop-
mental time points. Since we aimed to simulate the dynam-
ics of the gene regulatory network comprised of Fgf8, Emx2,
Pax, Coup-tfi and Sp8, we identified those misexpression
mice with published data on the abundance relative to WT
of at least one of these transcripts, or the associated proteins,
along the anterior-posterior axis. In total, we found eleven
misexpression experiments in the literature satisfying these
constraints (Fig. 1).

We simulated the dynamics of the many possible networks
identified as consistent with WT results by Giacomantonio
and Goodhill (2010). In this way, we could still analyse the
dynamics of many different possible networks, but eliminate
many possibilities. In effect, we used the Boolean model
as a heuristic filter to narrow the space of possible networks
for further, more computationally intensive investigation. We
evaluated the ability of each network to reproduce each of the
misexpression experiments in the ODE model using both ran-
dom sampling and simulated annealing to explore parameter
space. We demonstrate that, surprisingly, the performance
of networks is not strongly related to their structure. Conse-
quently, we conclude that current experimental data cannot
uniquely specify, or even tightly constrain, the true structure
of the arealisation regulatory network.

2 Methods

2.1 Networks simulated

In earlier work, Giacomantonio and Goodhill (2010) screened
224 networks potentially consistent with experimental data in
a Boolean model. Briefly, each possible network was trans-
lated into a set of Boolean logic functions. Repressive inter-
actions became a negation, and the action of multiple regu-
lators on a single gene was combined with a logical conjunc-
tion. Functional networks had steady states corresponding
to binary versions of the states observed at the anterior and
posterior poles of the WT mouse telencephalon at around
embryonic day 10.5 (E10.5). Furthermore, when simulated
using asynchronous updating, they had a greater than 50 %
probability of reaching these steady states when started from
the binary versions of the states observed at the anterior
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Fig. 1 Schematic of WT expression patterns and the changes in the
eleven misexpression experiments simulated in this paper. More detail
on each of the misexpression mice is given in the methods, along with
how each experiment was translated into model parameters and the cri-
teria we used to classify each simulation steady state as reproducing
or not reproducing the experimental data. Arrows indicate the direction
in which expression gradients or domains shifted. These results were

all reported as qualitative descriptions of changes in sections analysed
with in situ hybridisation. Hence, there is no clear interpretation of how
these gradient profiles changed quantitatively. An ‘x’ indicates that the
expression pattern was indistinguishable from WT. An ‘x∗’ indicates
that the minimal interpretation of conflicting or ambiguous results is
the presence of a gradient, with no changes relative to WT specified

123



206 Biol Cybern (2014) 108:203–221

and posterior poles at around E8. Some additional networks
that marginally met these conditions were considered non-
functional because they contained combinations of interac-
tions that generally caused networks to have a less than 50 %
probability of proceeding reliably from either the anterior
starting state to steady state, or the posterior starting state to
steady state. In total, the Boolean screen classified 5,849 net-
works as functional based on WT expression patterns. These
are the networks we examined in more detail in this paper.
However, for some purposes, we also simulated 5,000 net-
works randomly chosen from the large pool of non-functional
networks in the Boolean model.

2.2 The differential equation model

We examined the dynamics of the networks of interest using
a differential equation model. Most of the experimental data
on interactions between the genes that regulate cortical area
development come from analysis of expression patterns in
misexpression mice. Many of these mice exhibit expression
gradients that are shifted towards the anterior or posterior
poles. These results cannot be reproduced in a two compart-
ment, two level model such as the Boolean model published
previously (Giacomantonio and Goodhill 2010). Here, we
use a continuous formalism based on ODEs, which is more
suited to simulating these experimental data.

We transformed the Boolean models of the networks of
interest into ODE models using the procedure outlined by
Wittmann et al. (2009a), Wittmann et al. (2009b). There is
a normalised continuous variable for each of our species
forming the array X = [x1, x2, . . . x5, X1, X2, . . . , X5].
Here, [x1, x2, . . . , x5] are variables representing the nor-
malised abundances of the five mRNAs, Fgf8, Emx2, Pax6,
Coup-tfi and Sp8, later denoted [ f, e, p, c, s]. Similarly,
[X1, X2, . . . , X5] are variables representing the normalised
abundances of the five proteins translated from the corre-
sponding mRNAs, later denoted [F, E, P, C, S].

The ODE describing the dynamics of each mRNA, xi is

d
dt

xi (t)= 1
τ

(
αi Bi (X1(t), X2(t), . . . , X5(t))+xib−xi (t)

)
.

(1)

The right-hand side of this equation consists of several
parts: the first two terms describe production of the species xi ,
and the final term describes linear decay. The meanings of
key variables and parameters are summarised in Table 1.

As the abundances are normalised, we have a single
rate for production and decay, described by the lifetime τ

(Wittmann et al. 2009b). This could vary between species,
but here we fix it to one for all simulations as done previously
(Wittmann et al. 2009a).

Bi is a continuous homologue of the corresponding
Boolean function, Bi . In the transformation, inductive (pos-
itive) Boolean step functions were replaced by positive sig-
moidal Hill functions, and repressive (negative) Boolean step
functions were replaced by negative sigmoidal Hill functions
(Dassow et al. 2000; Meir et al. 2002; Wittmann et al. 2009a;
Nakajima et al. 2010):

inductive h+(x j ) =
xn

j

xn
j + kn (2)

repressive h−(x j ) = kn

xn
j + kn (3)

with free parameters n and k. The actions of multiple regu-
lators were combined with a product

BAND(xi , x j ) = h±(xi ) · h±(x j ). (4)

Two parameters were introduced to Eq. 1 to enable us
to simulate misexpression mice. The first is the normalisa-
tion constant αi , which modulates the production term. It
normally takes the value one, but is reduced in simulations
modelling hypomorphs or knockouts (see section Simulat-
ing misexpression mice). The second parameter is the basal

Table 1 Model notation

[x1, x2, x3, x4, x5] = [ f, e, p, c, s] Variables representing the normalised abundances of mRNAs Fgf8, Emx2, Pax6,
Coup-tfi and Sp8

[X1, X2, X3, X4, X5] = [F, E, P, C, S] Variables representing the normalised abundances of proteins FGF8, EMX2,
PAX6, COUP-TFI and SP8

τ The lifetime of species, set to 1

αi Normalisation constant for production of mRNA xi , usually 1 but <1 for some misexpression
simulations

βi Normalisation constant for production of protein Xi , usually 1 but <1 for some misexpression
simulations

xib Basal production constant for mRNA xi , usually 0 but >0 for some misexpression simulations

Xib Basal production constant for protein Xi , usually 0 but >0 for some misexpression simulations

n Hill function steepness

k Hill function threshold
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production level xib. It usually takes the value zero, but is
increased in some misexpression simulations to model an
additional source of mRNA (again see section Simulating
misexpression mice).

The ODE describing the dynamics of each protein Xi is

d
dt

Xi (t) = 1
τ

(
βi xi (t) + Xib − Xi

)
. (5)

Here, similar to αi , βi is normally one but is reduced when
the production rate of protein decreases, while Xib is nor-
mally zero but is increased when there is an additional pro-
tein source (see section Simulating misexpression mice). The
linear protein production term (translation) is similar to that
used elsewhere (Dassow et al. 2000; Meir et al. 2002; Naka-
jima et al. 2010).

2.3 Spatial compartments

Since we were interested in anterior-posterior patterning of
our genes of interest, the model needed a spatial dimension.
This was achieved by introducing two compartments, one
anterior and one posterior.

There was no signalling between the compartments. FGF8
is a secreted protein, and there is evidence that it is transported
away from its anterior source to form a gradient (Toyoda et
al. 2010). Despite this, we did not create more compartments
and include FGF8 transport between them because this would
offer no additional information. The resulting steady states
in the interior compartments would be intermediate between
those found at the two poles, and we could not have com-
pared expression profiles to experimental observations using
stronger conditions than inequalities since the experimental
observations are qualitative.

Since the regulatory network in each compartment was
the same, the set of ODEs operating in each compartment
was identical. The difference between the two compartments
lays in the initial values of the elements of X , denoted X (0).
In the WT simulations, all species in the posterior compart-
ment started with zero expression, while in the anterior com-
partment x1(0) = X1(0) = 1, but all other species started
with zero expression. This was motivated by experimental
evidence that Fgf8 expression at the anterior neural ridge is
initiated by genes external to this network, but maintained
by this network (O’Leary et al. 2007; Sahara et al. 2007;
Zembrzycki et al. 2007). These values were varied in the
misexpression simulations as detailed in the next section.

2.4 Simulating misexpression mice

We simulated mRNA and protein dynamics in WT mice, as
well as eleven misexpression mice. To simulate each mouse,
we varied one or a combination of parameters αi , βi , xib or
Xib. This sometimes necessitated a change in Xi (0). In the

list below, we summarise each misexpression experiment,
the parameter values used to simulate it and the reported
expression patterns (see also Fig. 1). There were no additional
misexpression datasets that we considered but then discarded
because the data were not of sufficient quality.

2.4.1 Reduced FGF8 at anterior pole (ant sFgfr3)

Experiment: Reduce amount of FGF8 at the anterior pole by
in utero electroporation of a soluble form of one if its recep-
tors, Fgfr3 at E11.5 (Fukuchi-Shimogori and Grove 2003).

Parameter modifications: βant
F = 0.7, Fant(0) = 0.7.

Result: The Emx2 and Coup-tfi gradients were expanded
anteriorly (Fukuchi-Shimogori and Grove 2003).

2.4.2 Ectopic (posterior) expression of Fgf8 (pos Fgf8)

Experiment: Express Fgf8 ectopically, away from the ante-
rior neural ridge by in utero electroporation at E11.5 (Sahara
et al. 2007). We simulated this by putting some Fgf8 in the
posterior compartment.

Parameter modifications: f pos
b = 0.3, f pos(0) = 0.3.

Result: Higher than normal expression of Sp8 in the area
of ectopic Fgf8 (Sahara et al. 2007).

2.4.3 Broad over-expression of Fgf8 (Fgf8 over)

Experiment: Overexpress Fgf8 broadly by electroporation at
E10.5 into telencephalic explants (Storm et al. 2003).

Parameter modifications: f ant
b = 0.3, f pos

b = 0.3,
f ant(0) = 1.3, f pos(0) = 0.3. Although the initial anterior
abundance of Fgf8 mRNA is greater than unity, this does not
cause runaway production or decay of species regulated by
the protein product because the production rates of all targets
are limited by the Hill functions to fall in the range (0, 1).

Result: The Emx2 gradient was compressed posteriorly
(Storm et al. 2003).

2.4.4 Fgf8 hypomorph (Fgf8 hyp)

Experiment: This transgenic mouse has been analysed in sev-
eral papers. They all used a mouse line originally reported
in Meyers et al. (1998). In this mouse, the neo cassette inter-
feres with Fgf8 expression, causing aberrant splicing of tran-
scripts. Meyers et al. (1998) reported that Fgf8 mRNA occurs
at less than 45 % of the WT level. We used arealisation data
from the homozygous Fgf8neo/neo mouse reported in Garel
et al. (2003) and Cholfin and Rubenstein (2008). We also
used data from the heterozygous Fgf8neo/− mouse created by
crossing the heterozygous Fgf8neo/+ mouse with the telen-
cephalic conditional null heterozygote Fgf8+/− (Storm et al.
2003, 2006).
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Parameter modifications: αant
f = 0.5, α

pos
f = 0.5,

f ant(0) = 0.5, Fant(0) = 0.5.
Result: Both the Emx2 and Coup-tfi gradients expanded

anteriorly (Garel et al. 2003; Storm et al. 2003, 2006;
Cholfin and Rubenstein 2008). There are conflicting reports
on changes to the Pax6 and Sp8 gradients. Garel et al. (2003)
reported no change in expression of Pax6 at E14.5 in the
Fgf8neo/neo mouse. Meanwhile, Storm et al. (2006) reported
reduced anterior expression at E12.5 in the Fgf8neo/− mouse.
The minimal common result is the presence of a Pax6 gra-
dient in the same direction as WT. Concerning Sp8, Cholfin
and Rubenstein (2008) reported no appreciable difference
from WT expression at E12.5 in the Fgf8neo/neo mouse while
Storm et al. (2006) reported almost absent expression at E9–
9.5 in the Fgf8neo/− mouse. The minimal common result is
higher anterior expression of Sp8 than posterior.

2.4.5 Fgf8 telencephalic conditional knockout (Fgf8 cKO)

Experiment: Delete Fgf8 in cells that normally express Foxg1
by Cre-lox recombination (Storm et al. 2003, 2006). These
are cells of the anterior neural ridge at around E8 and cells
of the whole telencephalic ventricular zone by E9.5 (Hébert
and McConnell 2000). In these mice, there is quite a large
residual expression of Fgf8 at E10.5 but it remains confined to
the anterior neural ridge (Storm et al. 2003). The level of Fgf8
mRNA in this mouse is higher than in the Fgf8 hypomorphs
(Storm et al. 2003).

Parameter modifications: αant
f = 0.7, α

pos
f = 0.7,

f ant(0) = 0.7, Fant(0) = 0.7.
Result: The Emx2 gradient was expanded anteriorly

(Storm et al. 2003, 2006) while Pax6 is reported as hav-
ing reduced anterior expression (Storm et al. 2006). There
appears to be little effect on the Coup-tfi gradient although
decreased brain size makes changes difficult to detect (Storm
et al. 2006). The Sp8 expression domain changed shape
slightly, extending expression to encompass the midline, but
remained high anteriorly and low posteriorly (Storm et al.
2006).

2.4.6 Over-express Emx2 in a Nestin–Emx2 transgenic
(Nestin–Emx2)

Experiment: The Emx2 gene is placed between the Nestin
promoter and a Nestin enhancer to express additional Emx2
in cells that usually express Nestin; these are the progeni-
tors of the cortical ventricular zone from E9.5 (Hamasaki et
al. 2004). Northern blot analysis of the homozygote showed
transgene levels in the forebrain were 42 ± 2 % (mean ±
standard error of the mean) at E11.5, 39 ± 3 % at E13.5 and
48 ± 2 % at E15.5.

Parameter modifications: eant
b = 0.3, epos

b = 0.3,
eant(0) = 0.3, epos(0) = 0.3, Eant(0) = 0.3, Epos(0) = 0.3.

Result: Expression of Fgf8 and Coup-tfi was unchanged
(Hamasaki et al. 2004). Expression of Emx2 increased
relative to WT from E9.5–E12.5, while Pax6 expression
decreased (Hamasaki et al. 2004).

2.4.7 Anterior over-expression of Emx2 (ant Emx2)

Experiment: Over-express Emx2 at the anterior pole of
whole dorsal forebrain explants at E10.5 by electroporation
(Fukuchi-Shimogori and Grove 2003).

Parameter modifications: eant
b = 0.3, eant(0) = 0.3.

Result: Decreased Fgf8 expression at anterior neural ridge
(Fukuchi-Shimogori and Grove 2003).

2.4.8 Emx2−/−

Experiment: The Emx2−/− mouse produces non-functional
EMX2 protein (Pellegrini et al. 1996). We used arealisa-
tion data from this mouse reported in Muzio et al. (2002),
Fukuchi-Shimogori and Grove (2003), Zembrzycki et al.
(2007) and Cholfin and Rubenstein (2008).

Parameter modifications: βant
E = 0, β

pos
E = 0.

Result: The Fgf8 domain was expanded
(Fukuchi-Shimogori and Grove 2003; Cholfin and Ruben-
stein 2008) and more intense (Cholfin and Rubenstein 2008).
Muzio et al. (2002) report that the Emx2 gradient was com-
pressed while the Pax6 gradient was expanded along the
medial-lateral axis, based on coronal sections. Since they
did not report expression along the anterior-posterior axis,
we only assumed the presence of an anterior-posterior gradi-
ent in the same direction as WT. The Coup-tfi gradient was
compressed (Cholfin and Rubenstein 2008). Sp8 expression
is variously reported as expanded posteriorly (Cholfin and
Rubenstein 2008) and unchanged or reduced (Zembrzycki et
al. 2007). The minimal common result is the presence of a
Sp8 gradient in the same direction as WT.

2.4.9 Coup–t f i telencephalic conditional knockout
(Coup–tfi cKO)

Experiment: Delete Coup-tfi in cells that normally express
Emx1 by Cre-lox recombination (Armentano et al. 2007).
These are cells of the cortical ventricular zone from around
E10.5 (Gorski et al. 2002), coincident with when Coup-tfi
expression commences (Armentano et al. 2007).

Parameter modifications: αant
c = 0, α

pos
c = 0.

Result: Expression of Fgf8 was unchanged, while the
Emx2 gradient was compressed posteriorly and the Pax6 gra-
dient was expanded posteriorly (Armentano et al. 2007).
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2.4.10 Ectopic (posterior) expression of Sp8 (pos Sp8)

Experiment: Express Sp8 ectopically by in utero electropo-
ration at E11.5 (Sahara et al. 2007). We simulated this by
putting some Sp8 in the posterior compartment.

Parameter modifications: spos
b = 0.3, spos(0) = 0.3.

Result: Ectopic expression of Fgf8 in the area of ectopic
Sp8 (Sahara et al. 2007).

2.4.11 Sp8 telencephalic conditional knockout (Sp8 cKO)

Experiment: Delete Sp8 in cells that normally expression
Foxg1 by Cre-lox recombination (Zembrzycki et al. 2007).
These are cells of the anterior neural ridge at around E8, and
cells of the whole telencephalic ventricular zone by E9.5
(Hébert and McConnell 2000), coincident with the usual
spatio-temporal expression of Sp8 (Zembrzycki et al. 2007).

Parameter modifications: αant
s = 0, α

pos
s = 0.

Result: Zembrzycki et al. (2007) report that Fgf8 expres-
sion at the anterior neural ridge was unchanged at E9.5,
but lost at the midline at E12.5. We interpret these obser-
vations into a requirement that Fgf8 expression is minimally
expressed at steady state. Meanwhile, the Emx2 and Coup-
tfi gradients were expanded anteriorly and the Pax6 gradient
compressed anteriorly (Zembrzycki et al. 2007).

2.5 Parameter search

The ODE formalism introduced several free parameters but
we were primarily interested in the effect of the Hill steepness
n and threshold k, which are critical to the dynamics of the
ODEs describing mRNA abundance (Eq. 1).

2.5.1 Random sampling

In our first set of simulations, we sampled n and k values
randomly and independently for each interaction, as done
previously (Dassow et al. 2000). In an effort to adequately
sample different regions of parameter space but still examine
the dynamics of the 5,849 networks of interest in reasonable
computational time, we drew n from a limited set of three pos-
sible values {1, 2, 8} and k from the limited set {0.2, 0.5, 0.8}.
We performed 105 random samples from these sets for each
network.

2.5.2 Simulated annealing

In the simulated annealing optimisations, the objective func-
tion was the number of experiments reproduced, N (n, k)

where n and k are vectors of the Hill parameters for each
interaction. We used this function even though it is discon-
tinuous because it is simple and intuitively meaningful. The
Hill coefficients n were restricted to the range [1, 8] while

the Hill thresholds k were restricted to the range [0, 1]. Each
search was started at a random point in parameter space. At
each iteration, a step was taken from the current point in
parameter space (n, k) to a point nearby (n′, k′). The size
and sign of the step were chosen randomly with a maxi-
mum size of 5 % of the width of the range of that vari-
able. If the performance of the network increased, then the
new parameter values were accepted. If the performance
decreased, then the parameter values were accepted with
probability P(T ) = exp(−(N (n′, k′)− N (n, k))/T ) where
T is the temperature. The temperature started at 1 and was
decreased after either 1,000 moves were attempted or 100
moves accepted. Temperature was decreased at a rate of 0.99,
and the search was terminated when T < 0.1.

2.5.3 Genetic algorithm

In the genetic algorithm optimisations, we used the same
objective function as for simulated annealing. We chose a
real-valued encoding to represent each chromosome so that
the Hill coefficients we were optimising formed a vector of
real numbers. Each parameter was restricted to the same
bounds as for simulated annealing, and the initial popu-
lation was chosen randomly. At each generation, we car-
ried the two best parents through to the next generation
unchanged. 80 % of the next generation was formed via
crossover and the remainder by pure mutation. The chro-
mosome of each of the children formed by crossover was
mutated by resetting parameters from a uniform random dis-
tribution within the relevant bounds at the mutation rate. Each
optimisation was continued for 100 generations. Different
combinations of population size, fitness scaling, crossover
method and mutation rate were trialled for the best per-
forming network from simulated annealing (that shown in
Fig. 3a).

2.6 Simulations

The set of ODEs for each network at each point in para-
meter space was solved numerically using Matlab (www.
mathworks.com). Simulations were terminated when the
maximum difference between levels of all species at suc-
cessive specified time points was less than 0.1 %.

The simulations performed in the study were extensive.
We used a computational cluster of approximately 400
2.93GHz processors. The simulations of the 5,849 func-
tional networks from the Boolean model with 105 randomly
sampled values of n and k took approximately 7 days for
WT and a further 35 days for the eleven misexpression
experiments. Similar simulations of 5,000 non-functional
networks from the Boolean model took approximately 12
days in total. Finally, the single sweep of parameter space
using simulated annealing for the 5,849 functional networks
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took approximately 120 days, and this lengthy simulation
time is the reason why we did not do multiple runs for each
network.

2.7 Evaluating whether steady states reproduced
experimental data

As stated previously, the experimental data we were attempt-
ing to reproduce with this model were anterior-posterior
expression gradients. Most misexpression mice exhibit ante-
rior or posterior shifts in these gradients, as shown by in
situ hybridisation. There are almost no quantitative data on
expression levels available for any of these experiments.
Hence, the criteria we used to score simulations as match-
ing experiments were inequalities of anterior levels relative
to posterior levels (to evaluate gradient direction) and levels
relative to WT (to evaluate a shift in gradient).

We could not infer from published data whether shifts
in expression gradients corresponded to shallower (steeper)
gradients with levels at one end fixed, as could occur if
expression at one pole was already at its minimal (maximal)
level, or decreased (increased) expression over the whole
telencephalon. For example, the Emx2 gradient is normally
low anteriorly and high posteriorly (Fig. 2a, blue line). The
posterior shift in this gradient described in the Coup-tfi cKO
(Armentano et al. 2007) could correspond to a shallower gra-
dient (Fig. 2a, red line), or a constant absolute decrease in
Emx2 across the whole telencephalon (Fig. 2a, green line).
If the minimum possible expression of Emx2 was ‘2’, then
instead a uniform absolute decrease, the lower limit would
be thresholded (Fig. 2a, yellow line). Given the uncertainty
in the shape of gradients, we used the minimal interpreta-
tion that when a gradient is compressed, expression in the
high concentration compartment must decrease relative to
WT, while expression in the low concentration compartment
could be less than or equal to the WT level. Similarly, for
gradient expansion, expression in the low concentration com-
partment had to increase relative to WT, while expression in
the high concentration compartment could be greater than or
equal to WT.

The inequalities used to evaluate matches to each experi-
ment can be found in Table 2. These are derived from the
experimental results summarised after our description of
each misexpression mouse in Sect. 2.4 and in Fig. 1.

As they appear in Table 2, the inequalities could be sat-
isfied by very small differences in abundance between the
two compartments or between WT and a misexpression sim-
ulation. Since we know that the changes in vivo are large
enough to be detected with non-quantitative methods, we
investigated the effect of minimum thresholds for change
detection. We investigated the imposition of a spatial gradi-
ent detection threshold and an abundance change detection
threshold separately, but we present the results of changing

them simultaneously since this illustrates our findings ade-
quately. We ultimately settled on using a value of 0.1 for both
thresholds.

2.8 Structural metrics

We calculated in the undirected degree, indegree, outde-
gree, total degree (indegree + outdegree) and directed clus-
tering coefficient of each node, considering a gene and its
associated protein as a single entity. A description of the
undirected degree, indegree, outdegree and total degree and
undirected degree is given with the results. The directed
clustering coefficient of each gene/protein pair was cal-
culated using the algorithm from Fagiolo (2007), imple-
mented by Gleich (2009). We then calculated the Pearson’s
and Spearman’s correlation coefficient between the mean,
minimum and maximum of each metric for each network
and the maximum number of experiments reproduced by
that network by any method. We also calculated the cor-
relation between performance and the number of repres-
sive interactions and reciprocal repressive loops in each net-
work.

3 Results

3.1 Networks simulated using differential equation models

We aimed to reproduce the gene expression patterns in WT
as well as eleven misexpression mice. Most of the constraints
for the model came from the misexpression experiments, but
we began by examining WT dynamics because changes in
the misexpression experiments are defined relative to WT,
so a simulation was only scored as fulfilling the criteria for
reproducing a misexpression experiment if it also fulfilled
the WT matching criteria.

We began by simulating 5,849 different networks com-
prised of the genes and proteins of interest. These were the
functional networks identified by simulations of WT dynam-
ics in Boolean models (Giacomantonio and Goodhill 2010
and see methods for further detail). We transformed the
Boolean model of each network into an ODE model using the
procedure outlined by Wittmann et al. (2009a), Wittmann et
al. (2009b). The action of each protein regulator on a target
gene took the form of a sigmoidal Hill function (see meth-
ods). This introduced two free parameters for each interac-
tion, a steepness n and threshold k. All steady states in the
Boolean models are also steady states in the ODE models,
for appropriate values of n and k (Wittmann et al. 2009b),
but for other values of n and k, there may be additional
steady states in the ODE models. Hence, we examined net-
work dynamics for different values of n and k. We explored
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Fig. 2 The representation of gradients and their misexpression in the
model. a The wild-type gradient is represented by a blue line (the
expression levels 1–4 are arbitrary and for illustration purposes only).
The description of this gradient as being shifted posteriorly or down-
regulated in a misexpression mouse (e.g. the Emx2 gradient in the Coup-
tfi cKO Armentano et al. 2007) could correspond to a number of possi-
bilities in the real data, shown by the red, yellow and green lines. Red
shows a uniformly shallower gradient, while green shows a uniform
absolute decrease. If the minimum possible expression of this particu-
lar species is ‘2’, then there is a minimum threshold and the posterior

shift might take the form of the yellow line. b In our model, we have
two compartments, one corresponding to the anterior pole and the other
to the posterior pole. This panel depicts the levels in these two com-
partments corresponding to the different cases in A. As we do not know
which case occurs in real misexpression experiment, we evaluate model
output using the criteria that the misexpressed anterior level should be
less than or equal to the WT anterior level, and that the misexpressed
posterior level should be less than the WT posterior level (color figure
online)

A

B

C

Fig. 3 Two example networks and an example WT simulation. a The
network which was able to reproduce the most experimental data. b A
network with a quite different structure to the best performing network,
but a similar level of performance. In these networks, each gene gen-
erates its associated protein, and the lines between genes indicate how
the protein products influence other genes. Arrows indicate inductive

interactions while flat-headed lines indicate repressive interactions. c
Example WT simulation of the network in a for n = 2 and k = 0.5
for all interactions. Note that the system reaches a steady state that
matches the relative expression levels observed at the anterior and pos-
terior poles. The dashed lines are mRNA abundance, and solid lines are
protein abundance
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n and k parameter space using two different methods, of
increasing computational complexity: random sampling and
then simulated annealing to re-examine the best performing
networks.

3.2 WT dynamics

Initially, we sampled n and k randomly for each interac-
tion from a limited set of nine possible combinations. Our
5,849 networks of interest have between 5 and 15 interac-
tions each, with a mean of 9.7, giving between 95 and 915

(mean 99.7 ≈ 109) possible simulations if the n and k combi-
nations were sampled exhaustively. We performed only 105

random samples due to computational limitations (see meth-
ods), giving limited coverage of parameter space in most
cases.

Our initial simulations of WT networks with this simple
sampling method showed that these networks can robustly
reproduce the WT expression patterns observed experimen-
tally, while networks previously excluded by the Boolean
analysis cannot. An example time course of mRNA and pro-
tein abundance for a particular set of n and k values is shown
in Fig. 3c for the network in Fig. 3a. When evaluating the
steady states, we scored matches to WT using the criteria in
Table 2 with a 10 % detection threshold (see methods for
further detail). Imposing a threshold reduced the number of
simulations that scored as matching WT, but as the threshold
increased, the reduction quickly plateaued (Fig. 4a). Even
with limited sampling of the Hill steepness and threshold,
22.7 % of all simulations reached the WT steady state with a
detection threshold of 10 %. For each network, between 4.9
and 47.2 % of combinations were scored as matching WT
(Figs. 4a and 5, WT). Thus, for these networks, it was easy to
find regions of parameter space, which reproduced the WT
expression gradients.

In contrast, similar simulations of 5,000 networks drawn
randomly from the large pool of non-functional networks
identified in the Boolean model did not robustly reproduce
the WT expression patterns observed experimentally. Only
0.2 % of all simulations were scored as matching WT with a
10 % steepness threshold (Fig. 4b). At this threshold, 97.9 %
of networks did not reach WT steady state for any combi-
nation of n and k, and the mean number of combinations
scored as matching WT was 204 out of 105 (0.2 %) (Fig. 5,
WT). Thus, most non-functional networks from the Boolean
analysis did not reproduce the WT gradients in the ODE
model either, and the few that did reproduce the WT gradi-
ents generally did so in a small region of parameter space.
Hence, while the Boolean analysis is not a perfect filter, it is
a reasonable and therefore useful heuristic for narrowing the
space of networks for further analysis in the more realistic,
ODE model.

3.3 Simulations of misexpression experiments for possible
arealisation networks

For each combination of n and k that was scored as a WT
match in each network, we modified model parameters as
described in methods to simulate the eleven misexpression
experiments summarised in Fig. 1. Using random sampling,
we found that some simulation steady states reproduced the
changes in expression patterns seen in each of the misex-
pression experiments (Fig. 5, solid lines). Similar simula-
tions of misexpression experiments for the non-functional
networks from the Boolean analysis produced many times
fewer matches to each of the misexpression mice for all com-
binations of Hill parameters trialled (Fig. 5, dashed lines).

We were interested to see whether it was possible to iden-
tify networks that were consistent with both WT gradients
and the changes seen in the eleven misexpression experi-
ments, in a single region of Hill steepness and threshold
parameter space. None of the networks we simulated could
do this for the combinations of Hill steepness and threshold
we trialled (Fig. 6a). At best, two networks reproduced the
WT expression gradients as well as the changes in eight out of
eleven misexpression mice. Of the 5,000 non-functional net-
work from the Boolean model, at best twelve networks repro-
duce WT and the changes in seven out of eleven misexpres-
sion mice (Fig. 6b). Although this performance is not much
worse than the functional Boolean networks, these few net-
works were atypical of the performance of the non-functional
networks (Fig. 6b). To explore parameter space further for
the functional networks, we used simulated annealing (Kirk-
patrick et al. 1983) and genetic algorithms (Holland 1975),
which have both been shown to be effective at finding regions
of parameter space that display a desired behaviour in mod-
els with large numbers of free parameters (Vanier and Bower
1999).

A single sweep of parameter space with simulated anneal-
ing improved the best performance of many networks. For
71 % of these networks, performance improved with sim-
ulated annealing relative to random sampling. Now, at best,
one network reproduced the WT expression gradients as well
as the changes in ten out of eleven misexpression experi-
ments (all except Coup-tfi cKO) (Fig. 6c). This is the network
shown in Fig. 3a. We performed ten additional parameter
space searches with simulated annealing for this network, but
did not find any region of parameter space with better per-
formance. A further 72 networks reproduced WT and nine
misexpression experiments, but notably not the same nine.
Hence, different sets of misexpression experiments are repro-
duced by different networks, and it is not the case that this
group of networks as a whole consistently reproduces a spe-
cific subset of experiments to the mutual exclusion of other
experiments.
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BA

Fig. 4 Effect of thresholding. Percentage of all simulations with ran-
dom parameter sampling that reproduce WT at various thresholds for
detecting a gradient. a Simulations of the 5,849 functional networks
from the Boolean model. Each network was simulated with 105 ran-
domly sampled combinations of n and k. The solid black line shows
the mean proportion of simulations that reproduced the WT gradients
at each threshold across all networks. The dashed lines indicate ± one

standard deviation, and the dotted lines indicate the minimum and max-
imum over networks. The vertical grey line indicates the 10 % steep-
ness threshold that was used for the remaining analysis. b Simulations
of 5,000 randomly chosen non-functional networks in Boolean model.
Note that the solid black line indicating the mean proportion of simu-
lations that reproduced the WT gradients lies almost along 0 %

Fig. 5 The cumulative distributions of the proportion of randomly
sampled n and k combinations for which simulation steady states
matched experiments. Each network was simulated with 105 randomly
sampled combinations of n and k. Note that the scaling of the x-axis
changes between panels. The blue, solid lines show the cumulative dis-
tributions over the 5,849 functional networks from the Boolean model.
The changes seen in each misexpression experiment were reproduced
by at least one functional network for one combination of n and k. For
many networks, there were many combinations of n- and k-values where

steady states matched experimental observations. The red, dashed lines
show the cumulative distributions over 5,000 randomly chosen non-
functional Boolean networks. In contrast to the functional networks, in
general, the simulation steady states for these networks did not repro-
duce experimental observations for many of the combinations of n and
k investigated indicating that in general, the non-functional networks
from the Boolean analysis were also non-functional in the ODE model
(colour figure online)

Although we did not identify any networks that could
reproduce WT and all eleven misexpression experiments in
a single region of parameter space, we suggest that such a
region is nevertheless likely to exist for many of the networks

we examined. With between 10 and 30 free Hill parameters
in each network, our sampling of the vast parameter space is
necessarily limited. Given this fact, the performance achieved
by many networks is remarkable, and hence, it seems likely
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Fig. 6 Performance of
networks under random Hill
parameter sampling and
simulated annealing.
Performance is measured as the
highest number of experiments
that could be reproduced for a
single set of Hill parameters, for
that Hill parameter sampling
method. a With random
sampling, the 5,849 functional
networks reproduce a maximum
of 9 experiments and a mean of
6.4 experiments. b With random
sampling, the 5,000 randomly
chosen non-functional networks
reproduce a maximum of 8
experiments and a mean of 0.1.
c Under simulated annealing,
71 % of networks (4,124
networks out of 5,849) have
improved performance
compared to random sampling,
while 6 % (377) have poorer
performance and 23 % (1,348)
have equal performance

A

B

C

that a region or regions of parameter space exist where WT
and all eleven misexpression experiments can be reproduced.

The ‘valid’ volume of parameter space in which a par-
ticular network can reproduce a particular experiment and
the valid range of each parameter can be estimated from the
simulations with random sampling. For example, for the net-
work in Fig. 3a, 32.9 % of parameter combinations gener-
ated expression patterns that matched WT from 105 random
choices of n and k. The valid volumes for the misexpression
experiments were between 0.05 and 24.3 %. From these vol-
umes, we can calculate the chance that a random choice of
n and k for an individual interaction lies in a valid volume
(Dassow et al. 2000). The network has Fig. 3a has 12 interac-
tions, giving a 24-dimensional Hill parameter space to search.
This gives an estimated 95.5 % chance that a random choice
of n and k for any individual interaction will be compatible
with the WT expression patterns (0.95524 ≈ 32.9 %). Sim-
ilar calculations for reproducing each of the misexpression
experiments for this network indicate chances of an individ-
ual Hill parameter being valid between 72.8 and 94.3 %.
These valid ranges are large enough that it is reasonable to
expect that there is some region of parameter space where all
valid ranges overlap for all parameters across experiments
(as long as particular sets of experiments are not mutually

exclusive). However, the vastness of parameter space makes
these regions difficult to find.

The valid volumes for each of the misexpression exper-
iments are not independent, but we found no obvious sets
of experiments that are mutually exclusive. In the simu-
lations of the network in Fig. 3a with random sampling,
several combinations of experiments were never simultane-
ously reproduced, but with simulated annealing, we found
a region of parameter space where these same experiments
were all simultaneously reproduced, and a different exper-
iment excluded. Hence, sets of experiments do not appear
to be mutually exclusive for this network, and our failure to
find a region of parameter space where the valid volumes for
all experiments overlap is likely primarily due to the size of
parameter space. However, we cannot exclude the possibility
that the data we have modelled are itself not self-consistent.
An additional difficulty could be created by the shape of para-
meter space (Meir et al. 2002; Chaves et al. 2008; Dayarian
et al. 2009); if the valid volumes are not continuous, this
would make identifying overlapping volumes by simulated
annealing particularly difficult.

We therefore also examined the performance of a genetic
algorithm in searching this parameter space by performing
several optimisations for the network in Fig. 3a. We explored
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a few different algorithm choices, as described in the meth-
ods. At best, the genetic algorithm found a region of parame-
ter space where the network reproduced the WT expression
patterns as well as changes in five out of eleven misexpres-
sion mice (data not shown). This is a worse performance than
that achieved with simulated annealing (WT and ten misex-
pression mice) or even large-scale random sampling (WT
and six misexpression mice). (Note though that we expect
the performance using the genetic algorithm to be as good
or better than that of random sampling as the number of runs
or the population increases.) Since simulated annealing gave
better performance, we did not explore the use of genetic
algorithms further on other networks.

3.4 Network performance is only weakly related to
structure

Since many networks reproduced most of the existing exper-
imental data, we looked for relationships between vari-
ous network structure metrics and performance. For each
gene/protein pair in each network, we calculated the undi-
rected degree (total number of connections going in or out
of the gene or protein, ignoring the direction of the connec-
tions), indegree (number of regulators of the gene), outde-
gree (number of targets of the protein), total degree (total
number of regulators of the gene plus targets of the pro-
tein) and directed graph clustering coefficient (Fagiolo 2007).
Since these metrics are calculated for each gene/protein
pair, there was a distribution of each metric for each net-
work. We determined the linear (Pearson’s) and rank (Spear-
man’s) correlation between the mean (Fig. 7a), minimum
(Fig. 7b) and maximum (Fig. 7c) of these distributions and
network performance. In addition, we examined the corre-
lation between performance and the number of repressive
interactions, as well as the number of reciprocal repres-
sive loops (Fig. 7d, e), since these are prominent in the
structure of the best performing network (Fig. 3a) and
have been emphasised in the literature (Mallamaci and
Stoykova 2006; O’Leary et al. 2007; Hébert and Fishell
2008).

Many metrics have weak but significant positive cor-
relation with performance (Fig. 7). In general, networks
with higher connectivity reproduced more experimental data;
however, the correlation is weak. The strongest correlation
with network performance occurs for the number of repres-
sive interactions and reciprocal repressive loops in a network,
but knowledge of these metrics for any individual network is
still a poor predictor of performance. Hence, we conclude that
the number of misexpression experiments that each network
can reproduce is not strongly determined by these structural
statistics, and that a diversity of networks performs similarly.

To illustrate this point further, we present in more detail
the performance of the network shown in Fig. 3b, which has

quite a different structure to the best performing network in
Fig. 3a, but a similar performance. This network includes four
interactions not present in the best performing network and
is missing four interactions that are present in the best per-
forming network. Figure 3a contains eleven repressive inter-
actions and five reciprocal repressive loops while Fig. 3b con-
tains eight repressive interactions and two reciprocal repres-
sive loops. To enable a fair comparison of performance, we
executed ten additional searches of parameter space for net-
work 3B with simulated annealing, as we already did for the
best performing network. Despite the structural differences,
this network reproduced WT as well as nine out of the eleven
misexpression experiments, only one experiment short of the
performance of the best network, illustrating that networks
with diverse structures perform similarly.

4 Discussion

We have presented a differential equation model of the con-
trol of gene expression in WT and several gene misexpression
mice by a gene regulatory network. After evaluating the plau-
sibility of different networks by matching the model outputs
with current qualitative experimental data, we conclude that
many simple networks of five genes can reproduce most of
these data, with few requirements on connectivity.

The most important conclusion to draw from these results
is that the structure of this network is currently far from
being understood, and is likely to be under constrained by
current experimental data. Thus, while it is tempting to
summarise experimental data in network diagrams similar
to those seen in Fig. 3a, b, there are, in fact, many such
diagrams consistent with the data. While useful as a sum-
mary, our analysis demonstrates that these diagrams have
limited utility as conceptual models, and the data princi-
pally provide a parts list, not a network structure. Our find-
ing that a diversity of network structures reproduces almost
all current data equally well demonstrates that current data
are insufficient to uniquely specify the true arealisation
network.

Future research on this network may reveal that the areal-
isation network in WT mice is in fact robust to large pertur-
bations in interaction strengths and even structure, and this
property could be of biological relevance. Given the limita-
tions of our modelling to date, and the paucity of data, it is
difficult to speculate too much in this direction. However,
using a regulatory network to pattern the developing telen-
cephalon with gradients could give a balance between robust-
ness and adaptability that could be an important mechanism
in the evolutionary divergence in the relative sizes of cor-
tical areas across mammals. The intriguing possibility that
variation in kinetic parameters and initial conditions could
be a mechanism for evolution is supported by evidence from
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A

B

C

D E

Fig. 7 Performance of networks is not strongly related to their struc-
ture. a–c The five columns are connectivity metrics that are calculated
per gene, giving a distribution for each network. The correlation of per-
formance with the mean (a), minimum (b) and maximum (c) of these
distributions is shown in first three rows. d The correlation between
the number of repressive interactions in a network and performance. e
The correlation between the number of reciprocal repressive loops and
performance. A description of the metrics is given in the main text. In

all cases, performance is measured as the highest number of experi-
ments (WT and misexpression) that can be reproduced at a single point
in parameter space. The numbers in white are the Pearson’s correlation
(rp) and Spearman’s correlation (rs) of each metric with performance.
The associated p values are computed using a two-tailed Student’s t
test for the Pearson’s correlation and a permutation test for the Spear-
man’s correlation. Many structure metrics have a significant but weak
correlation with performance

the patterning of the forebrain of cichlid fish (Sylvester et al.
2010).

4.1 Free parameters

Although the differential equation model introduces several
new parameters not present in the Boolean model, most of

these were set to specific values intended to capture biologi-
cal measurements. The only parameters that were free in the
sense of being varied in order to optimise the fit between the
model and the data were n and k. These were specific for each
interaction, and generally, the networks we investigated (i.e.
those identified as functional from the Boolean screen) had
about 10 interactions (Giacomantonio and Goodhill, 2010).
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Thus, there were about 20 free parameters we varied in each
case. These parameters were varied to fit 12 experimental
conditions (see Fig. 1), each of which required specific out-
comes for all of the 5 genes and proteins. There were thus
substantially more constraints than free parameters. Further-
more, unlike for instance adding higher-order terms to a poly-
nomial curve fit, varying the precise form of each interaction
via n and k does not necessarily improve the ability of the
network to fit the data, since the primary constraint is the
network structure itself.

4.2 Limitations of the model

Although we have presented the best performing network, we
caution against interpreting this network as the most likely
true network, since the model has a number of limitations.
Firstly, as we have already discussed, the number of free
parameters meant that our sampling of parameter space was
limited, and there are likely many networks from the set we
examined that can reproduce all current experimental data.
It would be useful to show how our approach performs on
synthetic data generated by a known network. As well as test-
ing the robustness of the search functions, and pre-filtering,
a synthetic data set would also help to address the question
of what happens when only a subset of proteins are ‘visible’
to be fitted (see also below). Furthermore, there are likely
additional networks that we did not examine that can also
reproduce all current experimental data. Since ODE models
can have additional steady states not found in the Boolean
representation (Glass and Kauffman 1973; Wittmann et al.
2009b), there are some networks that we excluded based on
the Boolean analysis that perform reasonably in the ODE
model, as shown in our simulations of a random selection of
these excluded networks (Fig. 6b). In addition, we only used
sigmoidal Hill functions to describe transcriptional regula-
tion and only combined the action of multiple regulators on a
target mRNA multiplicatively, when other functions are pos-
sible (Schilstra and Nehaniv 2008). We also only explored
a single choice of parameter changes to simulate the mis-
expression mice and did not explore whether it is necessary
to explicitly model proteins. It is quite likely that this is not
actually required. Nevertheless, the existence of functional
networks additional to those we considered does not under-
mine our conclusion that many different configurations of
networks of five genes are capable of reproducing the exist-
ing experimental data.

Our two compartment model cannot capture gradient for-
mation or other more complex dynamics (such as those
between Fgf8, Emx2 and Sp8 (Fukuchi-Shimogori and Grove
2003; Sahara et al. 2007; Zembrzycki et al. 2007)). However,
at present, there are almost no data regarding mechanisms of
communication between ends of the developing cortex, and
a model that included molecular transport would necessarily

be based on many additional assumptions. Exploring these
issues in a model will become computationally feasible as
additional spatial data becomes available to constrain para-
meter choices, or at least give a smaller space of possible
networks. Due to the limitations inherent in representing gra-
dients in ODE models, it may be advantageous in the future to
move to a model that allows a more realistic representation,
such as a partial differential equation model.

How can we be sure that there is not a missing protein that
when included ‘completes’ the network? To address this, we
performed a preliminary investigation of the effect on per-
formance of adding a currently unidentified molecule to the
network (data not shown). However, to do this investigation,
we had to make so many choices unconstrained by data—
Which base network should we start with? How does the
latent factor regulate the base network? Is it regulated by
the network? If not, what is its expression pattern?—that the
results were not informative. Hence, explorations of this type,
which have been performed for other networks (Albert and
Othmer 2003; Dayarian et al. 2009; Nakajima et al. 2010),
are not yet possible for the arealisation regulatory network
until the true structure of the network is better understood.
Regardless, the analysis in this paper shows that multiple net-
works formed by Fgf8 and the four transcription factors are
likely sufficient to generate the observed expression patterns
in WT and misexpression mice.

4.3 The role of feedback

Experimental data indicate that the arealisation network con-
tains many feedback loops, and our simulations confirm that
many feedback-rich networks can reproduce the experimen-
tal data. This has several consequences on the types of ques-
tions about this network that can be answered. In such a
highly connected network, most components cannot sensibly
be considered to be upstream or downstream of each other.
It may also be tautological to debate whether particular tran-
scription factors induce posterior identity or suppress anterior
identity (or vice versa) since, in a highly connected network,
they can each perform both roles simultaneously. Instead, we
suggest that a productive direction for the field could be to
focus on determining what is downstream of the network as
a whole, and understanding why the network is so highly
connected. Experimental and theoretical work has demon-
strated that different feedback motifs have specific purposes
(Bolouri and Davidson 2002; Brandman and Meyer 2008;
Davidson 2010), and once we elucidate the true structure of
the arealisation network, we will be able to understand why
various feedback motifs occur.

Having a feedback-rich network emphasises the fact that
Fgf8 cannot be said to be a morphogen in the strict sense of
being a master pattern generator for a passive target tissue,
which only interprets the gradient (Wolpert 1969). Instead,
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in the telencephalon, the genes expressed in the target tissue
appear to play an integral role, regulating Fgf8 and shaping
its expression pattern. Our modelling shows that a diversity
of actions of the transcription factors on Fgf8 could exist,
and if this is true, a view of Fgf8 as a master differentiating
signal would hold only approximately. It is worth noting that
the strictest definition of a morphogen has also been found
to be too simplistic to be applied even to the archetypal mor-
phogen, Bicoid, where the active role of the tissue it patterns
has been demonstrated and emphasised (Jaeger et al. 2004;
Jaeger and Reinitz 2006).

4.4 Suggested experiments to constrain the structure of the
arealisation network

To date, research in this field has been largely driven by a
debate on whether cortical arealisation was principally driven
by genes or activity (Rakic 1988; O’Leary 1989). In accumu-
lating evidence to answer this general question, experiments
identified some of the key genes involved and established
that the relevant gene regulatory network is rich in feedback
(Mallamaci and Stoykova 2006; O’Leary et al. 2007; Rakic et
al. 2009; Mallamaci 2011). Our work moves beyond a parts
list and attempts to understand the true structure of this net-
work using computational modelling. In other systems, an
iterative cycle of modelling and wet laboratory experiments
over many years has been useful in answering these types
of questions (Thieffry and Sanchez 2003; Jaeger et al. 2004;
Tomlin and Axelrod 2007), and our work represents one of
the first attempts to initiate the use of this approach to under-
stand cortical arealisation. Our analysis suggests that, pre-
cisely because the system appears to have so much feedback,
the qualitative description of novel misexpression mice, and
even the identification of new genes important to the network,
will not allow us to uncover the true structure. Although our
analysis did not allow us to make strong predictions about
specific network structures, we suggest that this conclusion
is an important point of consideration for future experiments
in this field that aim to understand this regulatory network.

To continue to progress our understanding of cortical are-
alisation using a complementary modelling and experimen-
tal approach, we need some new directions in experiments.
Any assays that confirm direct interactions or definitively
eliminate possible interactions would be very useful from a
modelling perspective because each additional possible inter-
action greatly increases the number of degrees of freedom in
the model. To prioritise experiments, researchers could, for
instance, use the predictions of more and less likely interac-
tions listed in Giacomantonio and Goodhill (2010). As con-
straints are added, models can be refined, increasing their
power to make specific predictions. By performing experi-
ments and refining models in an iterative manner, there is

potential for the true arealisation regulatory network to be
uncovered efficiently.

Another avenue for experiments that could provide addi-
tional constraints is to fully characterise the expression of
each of the genes of interest in each of the existing misex-
pression mice. To date, the expression of only a few of our
five genes of interest has been described in each mouse, often
in different sections. A description of each of these genes
relative to WT levels in sagittal or serial coronal sections
would be useful, more useful than incomplete descriptions
of novel misexpression mice. Quantitative time courses of
expression would be even more useful. Since numerical sim-
ulations produce complete time courses of expression (like
Fig. 3c), comparison of these model outputs with similar
quantitative data from mice could help distinguish between
competing models. Alternatively, quantitative time courses
of expression could enable attempts to reverse engineer the
network (Yeung et al. 2002; Laubenbacher and Stigler 2004).

The Allen Institute’s Developing Mouse Brain Atlas
(2009) has characterised expression of many genes at sev-
eral embryonic and early postnatal time points in WT mice,
starting at E11.5. At present, this data set commences too
late and is too coarse temporally to inform modelling of the
arealisation regulatory network, but as the dataset grows it
may become useful, particularly as it becomes more quanti-
tative. While the decreasing cost of microarrays and RNAseq
makes obtaining quantitative time series more achievable, the
tissue samples would have to be on the order of 106 cubic
microns to characterise spatial patterns, which presents chal-
lenges in dissection and analysis. To collect enough RNA to
do a microarray analysis, Sansom et al. (2005) had to pool
samples from multiple animals. Unfortunately, pooling sam-
ples are not ideal for the many arealisation misexpression
mice created by in utero electroporation, as the level of gene
expression cannot be calculated or repeated precisely.

5 Conclusions

Uncovering the true structure of this network may help us
to answer the next question of how the gradients generated
by this network dictate discrete area fates. A complemen-
tary programme of modelling and experiments may be the
most efficient path to answering this question, as has occurred
in the study of Drosophila embryonic development. Long
before we have definitive answers though, modelling can be
used to guide experiments by ranking alternative hypothe-
ses and making predictions that distinguish between compet-
ing models (Kitano 2002; Fisher and Henzinger 2007). This
paper introduces some of the methods used successfully in
other systems to the field of arealisation. By showing that a
diversity of networks can reproduce almost all the experimen-
tal data, we have demonstrated the need for new experiments
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that identify direct interactions or quantify gene expression
levels in order to continue to improve understanding of the
genetic control of early arealisation.
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