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Empirical studies have shown that high levels of neuronal activity can cause neurites to retract, whereas
lower levels allow further outgrowth. Using simulation studies, we have explored the possible implications of such activity-dependent neurite outgrowth
for network development and neuronal morphology.
These implications include a transient phase of high
connectivity during development, the presence of
multiple stable end states of development at di¤erent
connectivity levels, and the emergence of size di¤erences between the neuritic ﬁelds of excitatory and
inhibitory cells. These phenomena, which are also
observed in developing cultures of cerebral cortex
cells, emerge in the model without assuming predetermined, time-scheduled mechanisms.
6.1

Introduction

Electrical activity, in the form of action potentials and
synaptically driven ﬂuctuations in membrane potential, plays an important role in the development
of neurons into functional neural networks. This
activity-dependent maturation begins even before the
onset of sensory responses, and is driven by intrinsically generated patterns of electrical discharges. Most
studies, theoretical as well as empirical, have largely
focused on activity-dependent changes in synaptic
strength, but many other processes that determine
network connectivity and neuronal function are, on a
variety of time scales, also modulated by electrical
activity. These include naturally occurring cell death
(see chapter 9), neurite outgrowth and branching,

synaptogenesis, elimination of synapses, changes in
the number and e¤ectiveness of ion channels and
neurotransmitter receptors (see chapter 8), and even
gene expression (for reviews, see Van Ooyen, 1994;
Corner et al., 2002).
As a result of these activity-dependent processes, a
reciprocal inﬂuence exists between the development
of neuronal form, function, and connectivity on the
one hand (‘‘slow dynamics’’; di¤erent time scales are
involved, but they are all slow relative to the time
scale of the dynamics of electrical activity) and neuronal and network activity on the other hand (‘‘fast
dynamics’’). Thus, the activity patterns generated by a
developing network can modify the organization of
the network and the functional characteristics of the
neurons, leading to altered activity patterns, which in
turn can further modify structural and functional
characteristics.
Electrical activity exerts its e¤ects on multiple time
scales (hours, e.g., number and e¤ectiveness of neurotransmitter receptors; days or weeks, e.g., neurite
outgrowth and synapse formation) as well as on multiple levels of organization [individual synapses, e.g.,
long-term potentiation (LTP) and depression (LTD);
whole cell, e.g., neuronal excitability and neurite
outgrowth; population of cells, e.g., balance of excitation and inhibition]. In many cases, the way in
which activity modiﬁes network connectivity and
neuronal function contributes to the homeostasis of
neuronal activity (for reviews, see Van Ooyen, 1994;
Turrigiano, 1999; Abbott and Nelson, 2000; Corner
et al., 2002). When the activity of a neuron is high,
neuronal connectivity and excitability are modiﬁed
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by activity-dependent processes such as neurite
outgrowth (see section 6.2), changes in ionic conductances (Turrigiano et al., 1994, 1995) and neurotransmitter receptors (Turrigiano et al., 1998; see also
chapter 8), and changes in the balance of excitation
and inhibition (Corner and Ramakers, 1992; Turrigiano, 1999) so as to decrease activity. When the
activity of a neuron is low, on the other hand, neuronal connectivity and excitability will be modiﬁed so
as to increase activity.
In this chapter we focus on activity-dependent
neurite outgrowth and explore its implications for
network development and neuronal form. Section
6.2 describes the empirical studies, which have established that high levels of neuronal activity often cause
neurites to retract (mediated by changes in intracellular calcium levels), whereas lower levels allow
further outgrowth. Section 6.3 brieﬂy reviews modeling studies of activity-dependent neurite outgrowth
and some other activity-dependent processes. In section 6.4 we describe in detail a model of activitydependent neurite outgrowth.
6.2 Activity-Dependent Neurite Outgrowth—
Neurobiological Background
Neurite elongation, branching, and steering are under
the control of the growth cone, a specialized structure
at the tip of a growing neurite (Letourneau et al.,
1991). Growth cones consist of a central zone containing organelles and microtubules (long polymers of
tubulin that form a continuous core within the neurite) and surrounded by spikelike protrusions (ﬁlopodia) and fan-shaped sheets (lamellipodia), both of
which are ﬁlled with actin ﬁlaments. Polymerization
of tubulin into microtubules—which for the most
part takes place at the growth cone—provides the
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driving force for neurite elongation. The actin cytoskeleton mainly serves to control branching and steering (Acebes and Ferrús, 2000), but also participates in
elongation. The tension generated by the rearward
ﬂow of ﬁbrillar actin (F-actin) in the growth cone
slows down elongation, probably by a¤ecting the rate
of microtubule polymerization (Buxbaum and Heidemann, 1992; Lin and Forscher, 1995).
Neurite outgrowth is sensitive to the calcium concentration within the growth cone, ½Ca 2þ in . Calcium a¤ects the polymerization and depolymerization
of microtubules, both directly (e.g., Schilstra et al.,
1991) and via its inﬂuence on microtubule-associated
proteins (MAPs). By interacting with microtubules,
MAPs regulate many aspects of microtubule dynamics, not only polymerization and depolymerization,
but also bundling, spacing, and interactions with actin
ﬁlaments (Maccioni and Cambiazo, 1995). Calcium
modulates MAP function by regulating the phosphorylation state of MAPs (Sánchez et al., 2000).
The dynamics of the actin cytoskeleton are also
inﬂuenced by calcium. The (de)polymerization of
F-actin and the formation of cross-linked meshworks
and bundles of actin ﬁlaments are controlled by actinbinding proteins, many of which are modulated by
calcium (Forscher, 1989). The Rho proteins are particularly important for growth cone morphology and
neurite branching (Aspenstrom, 1999; Cline, 1999; Li
et al., 2000). These are involved in the organization of
the actin cytoskeleton and are essential for the formation of lamellipodia and ﬁlopodia (Tapon and Hall,
1997; Aspenstrom, 1999; see also chapters 3 and 4).
Rho proteins, too, may be modulated by calcium
(Ramakers et al., 1998; Chen et al., 1998).
Because of the strong dependence of neurite outgrowth on calcium, any factor that can change
½Ca 2þ in —such as depolarization, neurotransmitters
(Cohan et al., 1987; Berridge, 1998), neurotrophins
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(Stoop and Poo, 1996), and cell adhesion molecules
(Bixby et al., 1994), which a¤ect calcium inﬂux
through voltage- and ligand-gated calcium channels
—will be able to a¤ect neurite outgrowth (for
reviews, see Goldberg and Grabham, 1999; McAllister, 2000).
Large increases in ½Ca 2þ in —caused, for example,
by high levels of neuronal electrical activity (action
potentials) or by depolarization induced by neurotransmitters or depolarizing media—arrest neurite
outgrowth and can even cause retraction (e.g., Cohan
and Kater, 1986; Fields et al., 1990; Mattson and
Kater, 1989; Mattson et al., 1988; Torreano and
Cohan, 1997). Growth cones can generate transient
elevations of ½Ca 2þ in as they migrate (Gomez and
Spitzer, 1999), and, consistent with the results mentioned earlier, the rate of axon elongation is inversely
proportional to the frequency of these spontaneous
calcium transients (Gu and Spitzer, 1995; Gomez and
Spitzer, 1999). However, decreases in ½Ca 2þ in (e.g.,
as a result of lowered neuronal electrical activity) can
also suppress neurite elongation (e.g., Mattson and
Kater, 1987; Mattson, 1988; Lankford and Letourneau, 1991; Al-Mohanna et al., 1992; Ramakers et
al., 2001), while in some cases neurite elongation can
be promoted by elevations of ½Ca 2þ in above the resting level (e.g., Kuhn et al., 1998).
These seemingly contradictory results are accommodated by Kater’s calcium hypothesis for neurite
outgrowth, which states that deviations in either direction from an optimal ½Ca 2þ in slow down neurite
elongation (Kater et al., 1988; Kater and Mills, 1991).
Deviations within the physiological range are already
e¤ective, so that calcium signaling in the growth cone
is indeed physiologically relevant (reviewed in Goldberg and Grabham, 1999).
The bell-shaped dependence of neurite elongation
on ½Ca 2þ in implies that one cannot predict a priori
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whether a given change in ½Ca 2þ in has a growthpromoting or growth-inhibiting e¤ect (Kater and
Mills, 1991). This will depend on the magnitude of
the change as well as on the existing resting calcium
levels. Moreover, the optimal ½Ca 2þ in for outgrowth
may be di¤erent for di¤erent neurons (Kater et al.,
1988; Kater and Mills, 1991). Furthermore, it is
worthwhile to distinguish between the e¤ects of calcium on the morphology of the growth cone (number and extent of its protrusions—ﬁlopodia and
lamellipodia) and the e¤ects of calcium on neurite
elongation. For example, focal increases in ½Ca 2þ in
can induce the formation of protrusions (Davenport
and Kater, 1992), which may slow the forward
movement of the growth cone, and thus neurite
elongation, through lateral interactions with the environment (Goldberg and Grabham, 1999).
In addition to a¤ecting neurite elongation, calcium
levels and depolarization inﬂuence neurite branching
(Schilling et al., 1991; Sanes and Takács, 1993; Ramakers et al., 1998, 2001). Both increased and reduced
branching have been observed following depolarization (for reviews, see Cline, 1999; Acebes and Ferrús,
2000; McAllister, 2000). So, as for elongation, there
may be an optimal calcium level for branching, which
could be di¤erent for di¤erent cell types.
The stimuli that change ½Ca 2þ in in the growth
cone can act on the level of a single neurite or on the
level of the whole cell. For example, local application
of glutamate to a single dendrite results in regression
of that dendrite (Mattson et al., 1988), whereas somatic action potentials may simultaneously regulate
the behavior of all the growth cones and neurites of a
given neuron (Cohan and Kater, 1986; Kater and
Guthrie, 1990), for example, by propagation of action
potentials into the dendrites (Stuart and Sakmann,
1994) or by other mechanisms (electrotonic spread,
calcium dynamics).
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6.3
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Review of Models

Hentschel and Fine (1996) used Kater’s calcium hypothesis for neurite outgrowth to study the emergence of dendritic forms from initially spherical cells
(see chapter 3). In their model, local outgrowth of the
cell membrane is taken to depend on the local concentration of calcium close to the internal surface of
the membrane.
Whereas Hentschel and Fine (1996) used Kater’s
hypothesis to study the development of dendritic
forms in single, isolated cells, we used Kater’s hypothesis to study the development of synaptically
connected networks from initially unconnected cells
(see section 6.4).
Abbott and Jensen (1997) studied calciumdependent neurite outgrowth in combination with
calcium-regulated conductances (see chapter 8). As in
our model, they used the concept of a circular neuritic
ﬁeld to model outgrowth and connectivity, but instead of modeling ﬁring frequency (see section 6.4.1),
they used spiking neurons and also explicitly modeled
the dynamics of intracellular calcium. Starting from
random initial conditions, the model cells develop
spontaneously into a coupled network displaying a
complex pattern of activity. Although the cells are
governed by identical equations, they di¤erentiate
within these networks and show a wide variety of intrinsic characteristics.
Raijmakers and Molenaar (1999) applied activitydependent neurite outgrowth to the maturation of
connections in an ART (adaptive resonance theory)
neural network model of memory, and Eglen et al.
(2000) studied the role of neurite outgrowth in the
formation of retinal mosaics (see chapter 7).
Activity-dependent neurite outgrowth contributes
to the homeostasis of neuronal activity (see section

6.1). Other forms of homeostatic plasticity include
mechanisms for regulating the intrinsic excitability
of neurons (ionic conductances, neurotransmitter
receptors; for a review, see Corner et al., 2002) and
mechanisms for stabilizing total synaptic strength
(Turrigiano, 1999). Modeling studies have begun to
explore the implications of these forms of plasticity for
network development and function (e.g., LeMasson
et al., 1993; Marder et al., 1996; Horn et al., 1998;
Golowasch et al., 1999; see also chapter 8). In contrast
to Hebbian mechanisms, where changes in synaptic
strength occur in a synapse-speciﬁc manner, homeostatic plasticity acts on the neuronal level. Neurite
outgrowth, too, operates on a higher level than that of
a single synapse. A change in a cell’s axonal or dendritic extent means that the connectivity with many
other cells is changed simultaneously. During development, homeostatic plasticity ensures that neurons
remain responsive to their inputs and allows Hebbian
plasticity to modify synaptic strengths selectively
(Turrigiano, 1999). During aging, homeostatic plasticity can account for maintenance of memory systems that undergo synaptic turnover and degradation
(Horn et al., 1998).
6.4 Detailed Description of a Model of
Activity-Dependent Neurite Outgrowth
The goal of the model that we present in this section
(see Van Ooyen and Van Pelt, 1994; Van Ooyen et
al., 1995) is not to reproduce any particular system in
detail, but rather to explore the range of phenomena
that could result from activity-dependent neurite
outgrowth. In the model, the growth of both excitatory and inhibitory neurons is activity dependent, and
all the cells are initially unconnected. Development
into a connected network (slow dynamics) takes place
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only under the inﬂuence of the activity (fast dynamics) that is generated by the network itself (no external
input). Growing neurons are modeled as expanding
neuritic ﬁelds, and neurons become connected when
their neuritic ﬁelds overlap. The outgrowth of each
neuron depends upon its own level of electrical activity, according to Kater’s theory for the control of
neurite outgrowth (thus we do not model calcium
explicitly, assuming that ½Ca 2þ in is proportional to
the level of neuronal electrical activity). The dependence of outgrowth on activity in an individual neuron is such that when activity is higher
than a critical value, its neuritic ﬁelds retract (reducing its connectivity with other cells and thus, in general, its activity), and when it is lower, its neuritic
ﬁelds expand (increasing its connectivity and activity). Thus, by adapting the size of its neuritic ﬁeld,
a neuron attempts to maintain a certain level of
activity (homeostasis), the aforementioned critical
value, at which the neuron’s neuritic ﬁeld remains
stationary.
The model is inspired in part by cultures of dissociated cerebral cortex cells (e.g., Van Huizen et al.,
1985; for a review, see Marom and Shahaf, 2002),
whose development into a network (without external
input) by neurite outgrowth and synaptogenesis
shows many similarities with that in vivo. The phases
through which the cultured networks pass during
development—with respect to electrical activity and
connectivity—as well the e¤ects of various treatments, such as chronically blocking activity, have
been described extensively (see section 6.4.4). In section 6.4.4, the phenomena observed in the model are
compared with those observed in culture.

neuronal activity. In this model, excitatory inputs
drive the membrane potential toward a maximum
(the excitatory saturation potential), while inhibitory
inputs drive the membrane potential toward a minimum (the inhibitory saturation potential):

6.4.1

where a determines the steepness of the function and
y represents the ﬁring threshold. The low ﬁring rate
when the membrane potential is subthreshold represents spontaneous activity.

Neuron Model

The shunting model (Grossberg, 1988), transformed
into dimensionless equations, is used to describe

N
X
dX i
¼ X i þ ð1  X i Þ
Wik FðXk Þ
dT
k¼1

 ðH þ X i Þ

M
X

Wil FðYl Þ

ð6:1Þ

l¼1
N
X
dYj
¼ Yj þ ð1  Yj Þ
Wjk FðXk Þ
dT
k¼1

 ðH þ Yj Þ

M
X

Wjl FðYl Þ;

ð6:2Þ

l¼1

where X i and Yj are the membrane potentials of, respectively, the excitatory cell i and the inhibitory cell
j, expressed in units of excitatory saturation potential;
N and M are the total number of excitatory and inhibitory cells, respectively; H is the ratio of inhibitory
to excitatory saturation potential; T is time expressed
in units of membrane time constant; the Ws denote
the connection strengths (all W b 0; k and l are the
indices of the excitatory and inhibitory driver cells,
respectively; i and j are the indices of the excitatory
and inhibitory target cells, respectively); and FðXÞ is
the mean ﬁring rate, which is taken to be a sigmoidal
function of the membrane potential:
FðXÞ ¼

1
;
1 þ eðyXÞ=a

ð6:3Þ
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Outgrowth and Connectivity

Neurons are randomly placed on a two-dimensional
surface. Each neuron is given a circular ‘‘neuritic
ﬁeld,’’ the radius of which is variable. When two such
ﬁelds overlap, both neurons become connected with a
strength proportional to the area of overlap:
Wij ¼ Aij S;

ð6:4Þ

where Aij ¼ Aji is the amount of overlap, representing
the total number of synapses formed reciprocally between neurons i and j (Aii ¼ 0); and S is a constant
of proportionality, representing the average synaptic
strength. Strength may depend on the type of connection. We distinguish S ee , S ei , S ie , and S ii , where,
for example, S ei is the inhibitory-to-excitatory synaptic strength.
In this abstraction, no distinction has been made
between axons and dendrites, so the connections
among excitatory cells and among inhibitory cells are
symmetrical. The main ﬁndings of the model do not
change, however, if separate axonal and dendritic
ﬁelds are implemented (see the section on di¤erences
among cells and section 6.5).
In the model, the outgrowth of each neuron,
whether excitatory or inhibitory, depends in an identical way upon electrical activity:
dRi
¼ rG½FðX i Þ;
dT

ð6:5Þ

where Ri is the radius of the neuritic ﬁeld of neuron i,
FðX i Þ is the ﬁring frequency of neuron i, and r determines the rate of outgrowth. The outgrowth function
G is deﬁned as
G½FðX i Þ ¼ 1 

2
;
1 þ e½eFðX i Þ=b

ð6:6Þ

where e is the value of FðX i Þ for which G ¼ 0, and b
determines the steepness of the function. Depending

on FðX i Þ, a neuritic ﬁeld will grow out [G > 0 when
FðX i Þ < e], retract [G < 0 when FðX i Þ > e], or remain constant [G ¼ 0 when FðX i Þ ¼ e] (see ﬁgure
6.1A). All cells will thus attempt to get a neuritic ﬁeld
size for which the input from overlapping cells is such
that FðX i Þ ¼ e; in other words, e is a ‘‘homeostatic
setpoint.’’ Equation (6.6) is a phenomenological description of the theory of Kater et al. (see section 6.2).
It is not a complete bell-shaped curve, but the precise
rates of outgrowth are not essential for the results as
long as with high activity, neuritic ﬁelds retract and
with low activity, they expand. What could produce
new results is if a growth function is used for which
cells also retract when neuronal activity is below a
certain level (ﬁgure 6.1B). However, using such a
function yields similar results, provided that the initial
activity is high enough (see the section on an alternative growth function).
6.4.3

Parameters

The fraction of inhibitory cells, M =ðN þ M Þ, is taken
in the range of 0.1–0.2 (e.g., Meinecke and Peters,
1987). For the rest, all the parameter values are the
same for excitatory and inhibitory cells. The outgrowth of neurons is on a time scale of days or weeks
(Van Huizen et al., 1985; Schilling et al., 1991), so
connectivity is quasi-stationary on the time scale of
membrane potential dynamics. To avoid unnecessarily slowing down the simulations, r is chosen as
large as possible under the quasi-stationary approximation. In most simulations, we use r ¼ 0:0001. As
nominal values for the other parameters, we chose
H ¼ 0:1, y ¼ 0:5, a ¼ 0:1, b ¼ 0:1, and e ¼ 0:6.
6.4.4

Results of the Model

In most of the following subsections, the results of
the model are given ﬁrst, followed by the empirical

Activity-Dependent Neurite Outgrowth

117

data from cultures of dissociated cells that can be
accounted for by the model.
Overshoot in Excitatory Networks
Model
Simulation shows that one of the implications of
activity-dependent outgrowth, together with a hysteresis relationship between network connectivity and
activity (see the following discussion), is that a developing network goes through a phase in which the
connectivity, or number of synapses, is considerably
higher than in the ﬁnal, stable situation; i.e., the network exhibits overshoot in connectivity (ﬁgure 6.2A).
For a purely excitatory network (M ¼ 0), this result
can be predicted directly from Eq. (6.1). For a given
connectivity matrix W, the equilibrium points are
solutions of
0 ¼ X i þ ð1  X i Þ

N
X

Wik FðXk Þ

Ei:

ð6:7Þ

k¼1

Figure 6.1
Growth functions relating the rate of neurite outgrowth (G)
with ﬁring rate ½FðXÞ. (A) The growth function [see Eq.
(6.6)] as used in most of the simulations. The neuritic ﬁeld
of a neuron retracts when the neuronal ﬁring rate is above e.
(B) A growth function for which the neuritic ﬁeld of a neuron also retracts when the ﬁring rate falls below some critical
value.

If all cells have the same e and the variations in X i are
small relative to X, the average membrane potential of
the network, we ﬁnd (Van Ooyen and Van Pelt,
1994):
0 G X þ ð1  XÞW FðXÞ;

ð6:8Þ

where W is the average connection strength. Based
on this approximation,
W ¼

X
ð1  XÞFðXÞ

0 a X < 1:

ð6:9Þ

Thus, this equation, which deﬁnes a manifold
(plotted in ﬁgure 6.2B), gives the equilibrium value(s)
of X for a given value of W . Equilibrium states
on branch CD of the manifold are unstable with respect to X; equilibrium states on the other branches
are stable. Because changes in W —arising from
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Figure 6.2
P NþM
Overshoot in connectivity during development. (A) Total connectivity C ¼ p¼1;
q¼1 Apq in (1) a network without inhibition
and (2) a network with inhibition. The arrow indicates the onset of network activity in the network with
P N inhibition. (From
Van Ooyen et al., 1995.) (B) Hysteresis relationship between average membrane
potential
X
¼
ð1=N
Þ
i¼1 Xi at steady state
PN
for a given value of W , and average connection strength W ¼ ð1=N Þ i¼1;
k¼1 Wik in a purely excitatory network [see Eq.
(6.9)]. The intersection point with the line X ¼ F 1 ðeÞ is the equilibrium point of the system, at which W remains constant.
(From Van Ooyen and Val Pelt, 1994.) See section 6.4.4. (C ) To arrive at the equilibrium point in (B), a developing network,
starting at point A in (B), has to go through a phase in which W is higher than in equilibrium. (D) The average membrane
potential during development.
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outgrowth and retraction of neuritic ﬁelds—are very
much slower than changes in X, W can be considered
as quasi-stationary on the time scale of the membrane
potential dynamics. In other words, in the time that X
relaxes to its equilibrium value (for a given W ), W
hardly changes. The slow evolution of X, determined
by changes in W , therefore takes place along the
equilibrium manifold deﬁned by Eq. (6.9); this manifold is sometimes referred to as the slow manifold.
At the intersection point with the line X ¼ F 1 ðeÞ
(F 1 is the inverse of F), W remains constant; above
and below that line, it decreases and increases, respectively [see Eq. (6.6)]. Consider the case in which the
intersection point is on the branch DE (ﬁgure 6.2B).
In a developing network, connectivity and activity are
initially low, and W increases; X follows the branch
ABC until it reaches W2 , at which point X jumps to
the upper branch, thus exhibiting a transition from a
quiescent to an activated state. But the activity in the
network is then so high that the neuritic ﬁelds begin
to retract and W to decrease, and so X moves along
the upper branch from E to the intersection point.
Thus, in order to arrive at an equilibrium point on the
branch DE, a developing network has to go through a
phase in which the average connectivity is higher than
in the ﬁnal situation. In other words, a higher connectivity is needed to trigger activity in a quiescent
network than to sustain it once the network has been
activated (hysteresis). The existence of such hysteresis
(i.e., the S-shaped curve of ﬁgure 6.2B) hinges upon
the ﬁring rate function F having a ﬁring threshold and
low but nonzero values for subthreshold membrane
potentials.
Empirical
A general feature of nervous system development, in
vivo and in vitro, is that many structural elements
show an initial overproduction followed by an elimination during further development. These so-called

119

Figure 6.3
Cultures of dissociated cerebral cortex cells show a transient
overproduction of synapse numbers (Control). Chronic
blockade of activity (by tetrodotoxin, TTX) largely prevents
synapse elimination, whereas intensiﬁcation of activity (by
picrotoxin, PTX, which blocks inhibition) accelerates the
process. (After Van Huizen et al., 1985, 1987a.)

overshoot phenomena occur, for example, with respect to total dendritic length (Uylings et al., 1990),
number of dendrites and axons (e.g., Gorgels et al.,
1989), and synapse numbers (e.g., O’Kusky, 1985).
The mechanism underlying the generation of overshoot in the model may provide part of the explanation for overshoot phenomena, at least for those that
have been observed in vitro. For example, cultures of
dissociated cerebral cortex cells show a transient overproduction of synapses during development (Van
Huizen et al., 1985, 1987a), with a phase of neurite
outgrowth and synapse formation during the ﬁrst 3
weeks in vitro being followed by a substantial elimination of synapses during the week thereafter (ﬁgure
6.3). The development of electrical activity in these
cultures also shows a good correspondence with the
model. With increasing synaptic density, singleneuron ﬁring and network activity abruptly appear
within a window of a few days (Habets et al., 1987).
Electrical activity appears to control both neurite outgrowth and synapse elimination. Chronic blockade of
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electrical activity enhances neurite outgrowth (Van
Huizen and Romijn, 1987) and prevents subsequent
synapse elimination (Van Huizen et al., 1985). Developing cerebellar cultures have also been shown to exhibit a sequence of events similar to that in the model
(Schilling et al., 1991).
Periodic Behavior in Excitatory Networks
Model
The level of electrical activity (or ½Ca 2þ in ) above
which neurites retract may be di¤erent for di¤erent
classes of neurons (Guthrie et al., 1988; Kater et al.,
1988). In terms of the model, this means that there
can be variation among cells in e, the level of electrical
activity above which the neuritic ﬁeld retracts. Under
these conditions, complex periodic behavior can occur, with individual cells displaying oscillations that
di¤er in frequency and amplitude (ﬁgure 6.4C,D)
(Van Ooyen and Van Pelt, 1996). The precise behavior depends on the spatial distribution of the cells and
the distribution of e values over the cells. Note that
the oscillations in activity are caused by retraction and
outgrowth of the cells’ neuritic ﬁelds and thus occur
on a time scale of days. The network as a whole
still shows overshoot in connectivity, but instead of
going to a stable connectivity level, the network
connectivity (and activity) keeps oscillating to some
degree.
Empirical
Using a multielectrode setup to record activity patterns in developing cultures of dissociated cortex cells,
Van Pelt et al. (2003) have observed ﬂuctuations in
the level of electrical activity of individual cells, with
periods of increased activity sometimes lasting as long
as several days. Whether these are correlated with periodic changes in neurite outgrowth and connectivity,
as the model suggests, is now being investigated.
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Overshoot in Mixed Networks
Model
We now consider networks that contain both excitatory and inhibitory cells. Simulation shows that overshoot still takes place in the presence of inhibition,
and can even be enhanced (ﬁgure 6.2A). To counterbalance inhibition, a higher excitatory connectivity is
necessary to reach the level of electrical activity at
which the average connectivity starts declining.
Whereas in purely excitatory networks the decline
in connectivity begins shortly after the onset of network activity, in mixed networks the decline in overall connectivity can be considerably delayed relative
to the onset of network activity (ﬁgure 6.2A). In parts
of the network with many inhibitory cells, excitatory
cells can still be growing out, while in parts with
fewer inhibitory cells they are already retracting. For
the overshoot curve this implies that average connectivity can still increase markedly after the onset of
network activity. Blocking inhibition will thus advance the process of overshoot.
Empirical observations show that the development
of inhibition tends to lag behind that of excitation
(reviewed in Corner et al., 2002). Modeling the
delayed development of inhibition by giving the inhibitory cells a lower outgrowth rate results in a less
pronounced excitatory overshoot and a growth curve
of the number of inhibitory connections that no
longer exhibits any overshoot. The inhibitory cells
develop into a network that is already approaching a
more or less stable level of electrical activity, and will
therefore simply grow out until their overlap is such
that FðX i Þ ¼ e.
Empirical
The observation in the model that the decline in
connectivity can occur earlier in purely excitatory
networks than in mixed networks (ﬁgure 6.2A) is
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Figure 6.4
Oscillations in electrical activity as a result of periodic changes in neurite outgrowth. (A) See also ﬁgure 6.2B. If the value of e is
such that the intersection point of the line X ¼ F 1 ðeÞ and the hysteresis curve is on the branch CD, regular oscillations occur,
in both average connectivity and average membrane potential, that follow the path ABCEDBCED. . . . The period of these
oscillations is determined by the value of r [see Eq. (6.5)]. (B) The oscillations in the average membrane potential. (C, D) If the
value of e is not approximately equal for all cells in the network [so that the approximation on which (A) is based cannot be
made], complex periodic behavior can occur. Here are shown the oscillations in membrane potential for two di¤erent cells in a
network in which there is variation in e values. The cell in (C ) has e ¼ 0:15; the cell in (D) has e ¼ 0:68. (From Van Ooyen and
Van Pelt, 1996.)
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Figure 6.5
If the connection strength in a network with excitatory and inhibitory cells is larger than a critical value, connectivity will not
be reduced to the normal equilibrium value. (A) Normal development in a mixed network. C ¼ total connectivity ¼
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in agreement with the observation in culture that
chronic blockade of GABAergic (i.e., g-aminobutyric
acid) transmission advances the process of synapse
elimination (Van Huizen et al., 1987a) (ﬁgure 6.3).
The presence of inhibition can account for the observation in culture that the decline in connectivity is
delayed relative to the onset of network activity (Van
Huizen et al., 1985).
Delayed development of inhibition, which in the
model causes the number of inhibitory connections
to fail to exhibit overshoot, o¤ers a putative explanation for the observation in culture that the synapses
on dendritic shafts (presumably inhibitory; Shepherd, 1990) show no overshoot during development,
whereas the synapses on dendritic spines, which are
mostly excitatory, account for the overshoot phenomenon (Van Huizen et al., 1985).
Multistability, Critical Period, and Periodic
Behavior in Mixed Networks
Model
Under all initial conditions, purely excitatory networks go to the same global end state with respect to
electrical activity and average connection strength.
P NþM
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Mixed networks, however, do not necessarily do so.
In a network with a moderate level of inhibition and
an initial average connection strength (of both excitatory and inhibitory connections) that is larger than a
critical value, connectivity will not be reduced to the
normal equilibrium value but instead will continue to
increase (ﬁgure 6.5C; Van Ooyen et al., 1995). Basically, this is because the increased inhibitory connection strength stimulates further outgrowth. Van Oss
and Van Ooyen (1997) studied this e¤ect in a simpliﬁed model consisting of one excitatory and one inhibitory unit. These units can be interpreted as single
cells or as representing populations of cells. The excitatory unit (with membrane potential X ) is connected
to itself and to the inhibitory unit, while the inhibitory unit (with membrane potential Y ) is connected
only to the excitatory unit and not to itself. Furthermore, it is assumed that the connection between the
excitatory and the inhibitory unit is symmetrical (this
assumption is not essential for the results) and that
the connection strength between the excitatory and
the inhibitory unit is a fraction p of the connection
strength W of the excitatory unit to itself. The latter
assumption is reasonable because when a cell’s neuritic
ﬁeld increases, its connection strength with both

p¼1; q¼1 Apq . (B, C) Electrical activity is blocked until the time indicated by the arrow. In this period, connectivity can only
increase. If the level of connectivity thus reached is higher than the level indicated by the horizontal line, connectivity is not
reduced, but continues to increase when activity is allowed to return. (D) Activity is blocked in a normally developed network
at the time indicated by the arrow. (E ) The slow manifold of X, where both dX=dT ¼ 0 and dY =dT ¼ 0, and the W-nullcline
(the thin, nearly horizontal line), where dW =dT ¼ 0, in the simpliﬁed model (see the section on multistability in mixed networks). The bold lines indicate stable equilibrium points with respect to X and Y (when W is regarded as a parameter), and the
thin lines indicate the unstable ones. The intersections of the manifold and the W-nullcline are the equilibrium points of the
system. (F ) The slow manifold (without showing stability) and the W-nullcline. The bold lines are trajectories: one, starting at
W ¼ 0 and X ¼ 0, approaches the normal point attractor at low W; the other one, starting at W ¼ 15 and X ¼ 0, approaches
the limit cycle attractor at high W (see arrow). Starting at W ¼ 15, X and Y oscillate while W slowly increases until the oscillations ‘‘touch’’ the fold of the slow manifold, at which point there is no further net increase in W. Note that since the changes in
W are much slower than in X and Y, no separate oscillations are visible. (G) Time plot of the limit cycle attractor in (F ) showing X (bold line) and Y. (H ) Time plot of the limit cycle attractor in (F ) showing W. (From Van Ooyen et al., 1995, and Van
Oss and Van Ooyen, 1997.)
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excitatory and inhibitory cells increases. The simpliﬁed model in di¤erential equations is
dX
¼ X þ ð1  XÞWFðXÞ  ðH þ XÞpWFðY Þ
dT
ð6:10Þ
dY
¼ Y þ ð1  Y ÞpWFðXÞ
dT

ð6:11Þ

dW
¼ qðe  bW 2  XÞ;
dT

ð6:12Þ

where H is the inhibitory saturation potential and q
determines the rate at which the connection strength
increases. Because the rate of neurite outgrowth [r in
Eq. (6.5)]—and thus the rate at which the connection
strength changes—is low compared with the dynamics of the membrane potential, q is small. Compared
with Eq. (6.6), the growth function [Eq. (6.12)] is
simpliﬁed to ðe  XÞ, which has the same qualitative
behavior as Eq. (6.6). To prevent connectivity from
increasing indeﬁnitely, a saturation term bW 2 is
added, where b is small. Without this term, however,
the model gives essentially the same results. The
model is simple enough to be studied by bifurcation
analysis and elaborate enough to show the same phenomena as in the full network model [Eqs. (6.1), (6.2),
and (6.5)].
Bifurcation analysis shows that in most cases there is
a point attractor (attractor A) at a low connectivity
level and a limit cycle attractor at a high connectivity
level (attractor B) (ﬁgure 6.5E,F). Attractor B is interpretable as a ‘‘pathological’’ state; the limit cycle
has fast, epileptiform oscillations in electrical activity
(ﬁgure 6.5G). Under the normal initial conditions for
a developing network (namely, a low level of connectivity), the system develops normally and ends
up, via an overshoot in connectivity, in attractor A,
whereas a high initial connectivity will cause the system to end up in attractor B (a high initial con-

nectivity can be brought about by, for example,
blocking electrical activity for a certain time during
network formation). Furthermore, the model shows
that the higher the level of inhibition during development (e.g., number of inhibitory cells, strength of
inhibitory synapses), the more likely the system is to
end up in attractor B.
Empirical
The presence of two stable attractors at di¤erent connectivity levels can explain the observation in culture
that following chronic blockade of electrical activity
(thus causing enhanced neurite outgrowth and a high
density of synapses, i.e., a high level of connectivity),
there is no subsequent elimination of the excess synapses when the block is ﬁnally removed and activity
returns to control levels (Van Huizen et al., 1987b,
Van Huizen and Romijn, 1987).
In the model, the higher the level of inhibition
during development, the more likely the system is to
end up in pathological attractor B with strong oscillatory activity (epileptiform activity). This is in line with
the following observation: Hypoxic-ischemic encephalopathy (HIE, i.e., brain damage as result of lack of
oxygen) induced in rat pups can lead to permanent
epileptiform activity later on in adulthood (Romijn et
al., 1994), but this epileptiform activity is not the result of a preferential loss of inhibitory elements such as
GABAergic nerve endings; indeed, there is a preferential survival of inhibitory elements in the damaged
areas (Romijn et al., 1993).
Di¤erences among Cells and Di¤erentiation
between Excitatory and Inhibitory Cells
Model
The neuritic ﬁeld size adapts to the local cell density,
resulting in small ﬁelds in dense areas and larger ones
in sparse areas. Cell death in a mature network will
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Figure 6.6
The average neuritic ﬁeld area (NA) of excitatory cells
(thick lines) becomes smaller than that of inhibitory cells
(thin lines). The network has torus boundary conditions. In
(A), the inhibitory cells have the same outgrowth rate as the
excitatory cells; in (B), the inhibitory cells have a lower
outgrowth rate than the excitatory cells. (From Van Ooyen
et al., 1995.)

result in a compensatory increase in the neuritic ﬁelds
of the surviving neurons. After excitatory cell loss,
electrical activity decreases, and cells will begin to
grow out until they all have the same activity level as
before [FðX i Þ ¼ e]. To compensate for the lost cells, a
larger neuritic ﬁeld is necessary.
Although in the model there are no intrinsic di¤erences in growth properties between excitatory and
inhibitory cells, their neuritic ﬁelds will nevertheless
become di¤erent. The neuritic ﬁelds of inhibitory
cells tend to become smaller than those of excitatory
cells (ﬁgures 6.6 and 6.7), and the mechanism accounting for this is as follows: Each cell will attain a
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neuritic ﬁeld size for which the input from overlapping cells is such that FðX i Þ ¼ e. An excitatory cell
that receives inhibition therefore needs more excitatory input than a cell that is not inhibited, and thus
grows a larger neuritic ﬁeld. As a consequence, each
inhibitory cell will become surrounded by large,
strongly connected excitatory cells, whereas, since
the same growth rules apply to inhibitory cells, the
inhibitory cell itself can remain small because a small
neuritic ﬁeld yields su‰cient overlap with its large
surrounding cells. In other words, an inhibitory cell
becomes small by increasing the size of its direct
neighbors. These neighbors, in turn, will become surrounded by relatively small cells, and so on (ﬁgure
6.7).
When separate axonal and dendritic ﬁelds are used
in the model, di¤erentiation between excitatory and
inhibitory cells still occurs (the other results are also
robust to modeling axonal and dendritic ﬁelds separately; see section 6.5). Let Rid be the radius of the
dendritic ﬁeld of cell i, and Ria that of its axonal ﬁeld.
As a dendritic ﬁeld receives input from axonal ﬁelds,
Eq. (6.4) becomes
Wij ¼ OðRid ; Rja ÞS

ð6:13Þ

Wji ¼ OðRjd ; Ria ÞS,
where Oð Þ gives the area of overlap and S represents
synaptic strength. The growth of both types of ﬁelds is
governed by Eq. (6.6) in which, in order to have axonal ﬁelds larger than dendritic ﬁelds, the growth rate
of the latter is given a smaller value ( r d < r a ). With
this procedure, inhibitory cells still become smaller
than excitatory cells. Even if the axonal ﬁeld of an inhibitory cell is kept at a constant size, its dendritic ﬁeld
becomes smaller than the ﬁelds of the excitatory cells.
Excitatory cells receiving input via the (constant) axonal ﬁeld of a neighboring inhibitory cell will get
large dendritic and axonal ﬁelds, so that the dendritic

126

Arjen van Ooyen and colleagues

Figure 6.7
Patterns of neuritic ﬁeld sizes imposed by inhibitory cells. All networks have torus boundary conditions. (A) Mature network
with excitatory and inhibitory cells. A dotted line indicates an inhibitory cell. (B) Graph showing the connections in the network of (A). The line width is proportional to the connection strength. A dashed line indicates a connection between an inhibitory and an excitatory cell. Connections that cross boundaries are not shown. (C ) Same placing of cells as in (A), but all
former inhibitory cells are now excitatory. (D) Graph showing connections in network of (C ). (E ) Cells on grid positions. The
diameter of a square is proportional to the area of the neuritic ﬁeld. Scaled to maximum area. The cell with a white dot in the
middle is inhibitory. (F ) Same as in (E ), but with two inhibitory cells. (From Van Ooyen et al., 1995.)
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ﬁeld of the inhibitory cell can remain small to get sufﬁcient input.
Empirical
The model shows that excitatory cell loss will be
accompanied by an increased neuritic (dendritic) ﬁeld
of the surviving neurons. In the human cortex, the
dendritic extent per neuron increases steadily through
old age (Coleman and Flood, 1986), which has been
interpreted as a compensatory response to neuronal
death (Coleman and Flood, 1986). This is consistent
with the model and with the observation that no increase in dendritic extent occurs in brain regions that
do not lose neurons with age (Coleman et al., 1986).
In the model, the neuritic ﬁelds of inhibitory cells
tend to become smaller than those of excitatory cells.
In the cerebral cortex, the dendritic (and axonal) ﬁelds
of inhibitory neurons are indeed smaller, on the
whole, than those of excitatory neurons. Pyramidal
cells, which are excitatory, have large apical dendrites
(which often cross several layers) and long axons. The
nonpyramidal cells, most of which are inhibitory,
usually have dendritic and axonal branches that extend only locally (e.g., Abeles, 1991).
Alternative Growth Function
In the growth function [Eq. (6.6)] used in the model,
neurite retraction takes place only when neuronal
activity is too high. If a growth function is used in
which neurite retraction can also take place when
neuronal activity is too low (see ﬁgure 6.1B), all the
main results still hold, provided that the initial activity
(as a result of initial connectivity and/or spontaneous
activity) is high enough to stimulate outgrowth (Van
Ooyen et al., 1996). A di¤erence with this growth
function is that not all cells will necessarily become
part of the network; cells that receive too little excitation from their surrounding cells will completely retract their neuritic ﬁelds.
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6.5

Discussion

It has previously been realized that activity-dependent
neurite outgrowth could have considerable potential for controlling neuronal form and circuitry (e.g.,
Mattson, 1988). The model studies described in this
chapter have begun to make this potential explicit.
The way in which activity inﬂuences neurite outgrowth contributes to the homeostasis of neuronal
activity, and our model studies have shown that
this striving for homeostasis may underlie many of
the seemingly unrelated phenomena observed in
developing cultures of dissociated neurons. The phenomena that may be the consequence of activitydependent neurite outgrowth, and that are observed
both in culture and in the model, include (1) a transient phase of high connectivity during development,
(2) the presence of stable end states of development at
di¤erent connectivity levels, and (3) size di¤erences in
neurite length between excitatory and inhibitory cells.
Without modeling studies, it would have been impossible to surmise that these three e¤ects could be
di¤erent aspects of the same underlying process.
With respect to e¤ect (2), the model has shown
that the state of the network (e.g., the average connectivity level) and the balance between excitatory
and inhibitory elements can determine whether normal development will take place. Thus, too much inhibition prevents the normal pruning of exuberant
connections and results in a network with highly oscillatory electrical activity (epileptiform activity).
With respect to e¤ect (3), one must not draw the
conclusion that intrinsic di¤erences are unimportant
in the development of size di¤erences, but some
aspects of di¤erentiation can take place without
them.
The results of the model do not depend critically
on the neuritic ﬁelds being described as circles. Other
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approaches for modeling neurite outgrowth and connectivity give essentially the same results as described
here (Van Ooyen and Van Pelt, 1994). Also, modeling axonal and dendritic ﬁelds separately, so that connectivity is no longer necessarily symmetrical, does
not alter the main ﬁndings (see the section on alternative growth function and Van Ooyen et al., 1995).
Activity-dependent neurite outgrowth could play
a role not only during development but also in the
adult nervous system. Many studies have shown
structural changes in axons and dendrites in response
to lesions, aberrant activity, changes in environmental
conditions, and behavioral training (for a review, see
Woolley, 1999).
Future Modeling Studies
Our modeling studies have dealt with the implications
of activity-dependent neurite outgrowth for neuronal
morphology and gross network development. Possible roles of activity-dependent neurite outgrowth in
learning and memory have not been studied (but see
Raijmakers and Molenaar, 1999; see also section 6.3).
A form of memory could occur when, after the application of external input, the network is pushed into a
di¤erent stationary state with respect to neuritic ﬁeld
sizes and connectivity.
A ﬁrst step toward a more detailed description of
growing neurons will be to use, instead of circular
neuritic ﬁelds, spatial functions describing the density
of the neuron’s axonal and dendritic branches. Connectivity between neurons can then be described as a
convolution of the overlapping dendritic and axonal
spatial density functions.
A second step toward a more detailed description
could be to model the growing neurites themselves
(for example, using a compartmental modeling approach; see chapter 4). The outgrowth of each neurite
can then be made dependent on the (time-averaged)
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local membrane potential at the tip of the neurite (the
growth cone). This membrane potential will be inﬂuenced by both the ﬁring rate at the soma and the local
synaptic potentials at the neurite. In this approach, the
e¤ects of neuronal activity on neurite branching can
also be incorporated.
Besides making the description of the growing
neurites more detailed, the neuron model can be improved upon. Spiking neurons can be used, and the
dynamics of intracellular calcium can be modeled
explicitly (as in Abbott and Jensen, 1997). This has the
advantages that outgrowth can be made directly dependent on intracellular calcium, the major mediator
of activity-dependent neurite outgrowth (see section
6.2), and that the e¤ects of di¤erent ﬁring patterns on
neurite outgrowth can be included. For example,
Fields et al. (1990) found that phasic stimulation is
more e¤ective in inhibiting neurite outgrowth than
stimulation with the same number of impulses at a
constant frequency, an e¤ect for which the calcium
dynamics could be responsible.
Finally, activity-dependent neurite outgrowth
can be studied in combination with other activitydependent processes, such as changes in conductances
of membrane currents (see chapter 8 and Abbott and
Jensen, 1997).
Future Experimental Studies
Experiments are necessary for studying the extent to
which activity-dependent neurite outgrowth indeed
underlies the phenomena listed in section 6.4.4. Ideally, one would like to simultaneously record the
morphological development and neuronal activity of
individual cells in a developing network. Using a
multielectrode setup, Van Pelt et al. (2003) can continuously record the electrical activity of up to sixty
cells in a developing network for a period of at least 6
weeks in culture. In order to correlate activity history
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with morphology, steps are being undertaken to
determine the morphology of the cells from which
activity has been recorded.
Examples of the many speciﬁc questions that can
now be investigated include the following:
Do neurites retract or change their morphology
when they become electrically active?
0

Does synaptic input from inhibitory cells indeed inﬂuence the size of the dendrites of excitatory cells?
0

Do excitatory cells in purely excitatory networks
have less variation in the size of their neuritic extent
than excitatory cells in a mixed network (as the model
predicts; compare ﬁgures 6.7A and 6.7C)?
0

Does the failure of synapse elimination to occur
after chronically blocking electrical activity depend
upon the length of the blockade? The model predicts
that as long as the blockade does not exceed a critical
time, and the connectivity level is therefore below a
critical value, elimination of surplus synapses will still
occur.
0

Do the slow ﬂuctuations observed in the level of
electrical activity of individual cells correlate with periodic changes in neurite outgrowth?
0

It would be useful for further modeling studies if
the relationship between intracellular calcium concentration and rate of outgrowth could be determined
more quantitatively.
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