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Abstract The geometry of dendritic trees plays an important role in determining 
the connectivity. However, the extent to which environmental factors shape den-
dritic geometry remains largely unknown. Recent development of computational 
models can help us to better understand it. This chapter provides a description of 
one such model (Luczak, J Neurosci Methods 157:132–41, 2006). It demonstrates 
that assuming only that neurons grow in the direction of a local gradient of a neuro-
trophic substance, and that dendrites compete for the same resources, it is possible 
to reproduce the spatial embedding of major types of cortical neurons. In addition, 
this model can be used to estimate environmental conditions which shape actual 
neurons, as proposed in Luczak, Front Comput Neurosci 4:135, 2010. In summary, 
the presented model suggests that basic environmental factors, and the simple rules 
of diffusive growth can adequately account for different types of axonal and 
 dendritic shapes.

1  Introduction

Saying that shape determines function is especially true for neurons. The shape of 
dendritic trees to a large degree determines electrophysiological properties of neu-
rons (Migliore et al. 1995; Mainen and Sejnowski 1996; Krichmar et al. 2002) and 
neuronal connectivity (Amirikian 2005; Stepanyants and Chklovskii 2005; Cuntz 
et al. 2010; Perin et al. 2011). Experimental data suggests that both intrinsic and 
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extrinsic factors influence dendritic geometry, but the relative importance of those 
factors is not well understood (Scott and Luo 2001). The complexity of interactions 
between different intrinsic and extrinsic factors during the development of neuronal 
arborization can make it very difficult to separate their contributions experimen-
tally. One of the approaches to address this question is to use computational model-
ing. Nevertheless, even with advances in computational neuroscience, it is not a 
simple task, and it has taken decades to develop realistic models of neuronal growth. 
For example, in its earliest works, only dendrograms were modeled (i.e., connectiv-
ity among branches and their length and diameter) yet spatial embedding or envi-
ronmental factors were not considered (Nowakowski et al. 1992; Van Pelt et al. 
1997). In the later models of dendritic trees, 3D structures were included but with-
out considering environment. In these models, several parameters measured from 
real neurons (e.g., the probability distribution of branching points as a function of 
the distance from a soma) were used and stochastic procedures were applied to 
recreate dendrites while disregarding influence of the environment (Ascoli 1999; 
Burke and Marks 2002; Samsonovich and Ascoli 2003; Samsonovich and Ascoli 
2005; Lindsay et al. 2007; Torben-Nielsen et al. 2008; Koene et al. 2009; for review 
see Ascoli 2002).

In contrast to the above models based on statistical reconstruction of dendrites, 
the most recent models can simulate 3D neuronal growth with incorporating exter-
nal factors. In these approaches, dendrite geometry parameters (e.g., number of 
segments, branching probability, orientation) are not built into the model, but rather 
geometry parameters emerge as a result of environmental factors such as the con-
centration of neurotropic factors, competition between neurons, and space limita-
tions (Luczak 2006; Zubler and Douglas 2009). External cues are well known to 
play a significant role in shaping dendritic geometry (Horch and Katz 2002), and 
hence these models account for the important biological processes underlying neu-
ronal geometry.

In this chapter, we focus on the model developed by Luczak (2006) which exam-
ines the effect of environmental factors on spatial embedding of neuronal trees. This 
model is based on diffusion-limited aggregation (DLA), which is a well-established 
physical model for the formation of structures controlled by diffusion processes 
(Witten and Sander 1981). Prior research has demonstrated that DLA can provide a 
good description of a variety of natural processes, such as electrical discharge in gas 
(lightning) (Niemeyer et al. 1984), electrochemical deposition (Halsey 1990; Brady 
and Ball 1984), or the growth of snowflakes (Family et al. 1987). The form of a typi-
cal DLA structure is illustrated in the insert of Fig. 1.

Previously, diffusive processes were invoked to explain the origin of dendritic 
arbors by Hentschel and Fine (1996), who proposed a two-dimensional diffusion- 
regulated model of dendritic morphogenesis in which cell growth depended upon 
the local concentration of calcium. However, their model was restricted to only the 
early stage of neuronal growth, and was based on in vitro dissociated cultures.  
In order to generate a 3D embedding of fully developed dendritic trees, the present 
model operates at a coarser level. It takes into account the local concentrations of 
neurotrophic factors, but without including such details as changes in the concentra-
tions of ions along the dendrite membrane.
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2  Model Description

As described in details in (Luczak 2006), the growth rule for DLA can be defined 
inductively as follows: introduce a randomly moving particle at a large distance 
from an n-particle aggregate, which sticks irreversibly at its first point of contact 
with the aggregate, thereby forming an n+1-particle aggregate. Figure 1a illustrates 
a sample trajectory of particles that stick to an aggregate composed of five particles 
(each particle is numbered in the order in which it contacts the aggregate; the seed 
particle is numbered 0). Stated differently, the aggregate grows by one step at the 
point of contact with a particle, thus prominent branches screen internal regions of 
the aggregate, preventing them from growing further (Halsey 1997). For computa-
tional efficiency, instead of one moving particle, m simultaneously moving particles 
were introduced (Voss 1984). For computational convenience, particles leaving box 
on one side, enter the box on the opposite side. In the presented model, the initial 
distribution of particles is a model parameter and thus particles are not always 

Fig. 1 Illustration of the DLA algorithm. (a) Randomly moving particles (black) stick irreversibly 
at their point of first contact with the aggregate (composed of particles 0–5). To each newly jointed 
particle, a parent particle is assigned and both become connected by a line segment. (b) While the 
aggregate grows, the particles at the terminals are randomly deleted from the aggregate (pruning) 
during a specified time window. Insert: Example of a two-dimensional DLA comprising 6,000 
particles. The color intensity decreases in the order in which particles connected to the aggregate 
(reproduced from Luczak 2006 with permission from Elsevier)
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 uniformly distributed, which is a significant difference from the classical DLA.  
As a result, there is a higher probability that the aggregate will have more branches 
in areas with a higher concentration of particles.

A particle in the aggregate to which the new particle connects is called a parent 
particle. When a new particle is connected to more than one particle in the aggre-
gate, the parent particle is selected at random. For example, in Fig. 1a, for particle 
number 4, either particle number 1 or particle number 2 could be assigned as a par-
ent particle, and in this case, particle 1 was selected at random. Thus, the aggregate 
is converted to a directed, acyclic graph (tree), where each particle becomes a node 
connected by a segment to an assigned parent node.

Without additional restrictions, the aggregate would form a heavily branched 
structure similar to the DLA in the insert of Fig. 1. Therefore, a pruning procedure 
was implemented, which removes terminal particles from the aggregate. At each 
iteration there is a probability p that any terminal particle of the aggregate can be 
deleted if that particle was connected within the last s iterations, but later than five 
iterations ago, where s is a pruning span parameter. As a result of the deletion, the 
parent particle of the removed particle becomes again a terminal particle (eligible 
for the deletion) unless it is a branching node. Thus, increasing pruning span 
increases the number of deleted particles. Five iterations were chosen before apply-
ing pruning, primarily to allow for the initial growth of the aggregate. Nevertheless, 
this parameter has a very minor effect on the geometry of a dendrite as compared to 
pruning span. The removed particles do not return to the pool of particles, and the 
seed particle cannot be removed by definition. The algorithm stops when no new 
particle is connected for 100 iterations.

Illustration of the initial spatial distribution of particles for the granule cells is 
presented in Fig. 2a. To eliminate tree variability due to seed position, the seed is 
always located in the center at the bottom of the box, or when generating multiple 
trees simultaneously, seeds are uniformly distributed at the bottom of the box. The 
number of seed particles placed inside a box determined the number of aggregates.

The MATLAB code used to produce the described simulations is available upon 
request, or it can be downloaded from: http://lethbridgebraindynamics.com/
artur_luczak.

3  Generating Different Neuronal Tree Types

The above description of how branching structures grow could be seen as an “innate” 
set of rules which is the same for all neuronal types generated with this model. What 
differentiates between growing a granule cell and a pyramidal cell in our model are 
mostly differences in parameters defining environment. Interestingly, only two 
environment factors were enough to define and reproduce diverse types of neuronal 
trees. These factors were: the distribution of “neurotrophic particles” (NPs), and 
space available to grow. Below we will describe in more detail the effect of both 
factors on neuronal shape, beginning with the space constraints.
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In our model, the shape of generated dendrites directly depends on the size of the 
rectangular box in which the neuron is growing (Fig. 2). For example, increasing the 
height–width ratio of the box changes the dendrite shape from that of a basal den-
drite to a granule cell and, ultimately, to an apical dendrite. Decreasing relative 
width only in the Z-coordinate direction changes it from a basal dendrite to a 
Purkinje cell.

The use of a rectangular box to limit neuron growth may, at first sight, appear to 
impose an artificial constraint, whereas this actually simulates the space limitations 
imposed by the thickness of the cortical layers (height of the box), and by neighbor-
ing neurons growing simultaneously and competing for space and neurotrophic sub-
stances (length and width of the box) (Devries and Baylor 1997). For example, 
generating a neuron surrounded by other simultaneously growing cells resulted in a 
shape almost identical to growing this neuron in an isolated box with appropriately 
reduced size (Fig. 2). This is because the neighboring aggregates competed for avail-
able space and access to NPs, which limited the sideways growth of the neuron. Thus, 
sideways space limitation imposed in the model could also be viewed as another 
manifestation of constrains imposed by the spatial distribution of neurotrophic fac-
tors, where a neuron has a higher chance of getting access to NPs by extending its 
processes up rather than to the sides due to competition from other cells.

We found that it was also important to vary the distribution of NPs along the 
vertical direction to accurately reflect branching patterns of reproduced neurons. 

Fig. 2 Generating neurons in ensemble. (a) Illustration of the initial condition for generating nine 
aggregates. Small black dots denote initial location of NP particles. For illustration clarity only 
centers of NPs are marked, as the full size of NP used in this simulation (~10 μm) would obstruct 
view of particles in the back. (b) Generated granule cells (cells in corners are not shown for visu-
alization clarity). Rectangular box represents a space limitation imposed on the growth of aggre-
gates (reproduced from Luczak 2006 with permission from Elsevier)
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This at first was a surprise, but after examining the required patterns of NPs 
 distribution, we found a striking similarity to the laminar structure of cortical layers. 
Thus, the difference in NPs concentration at different heights in the box could be a 
reflection of a different concentration of actual neurotrophic factors across different 
cortical layers. A direct consequence of “innate” properties of the DLA-based 
model is that increasing the concentration of NPs increases the density of branches. 
For example, increasing the concentration of NPs in the upper 30 % section of the 
box, while reducing it to almost zero elsewhere, produces an aggregate with the 
appearance of an interneuron (Fig. 3a) rather than of a granule cell or basal dendrite 
(Fig. 3b, d). As mentioned before, such changes in particle density along the vertical 
axis may be biologically justified as reflecting different cortical layers. In the model, 
the initial distribution of particle densities along the vertical axis exhibits a sharp 
transition between two regions with different concentrations. However, after a few 
iterations, the diffusive motion of NPs creates a smooth concentration gradient 
between the layers which is closer to real biological conditions. Due to much faster 
growth of the aggregate than diffusion of NPs between layers, the difference in 
concentration between layers is maintained throughout simulation. Thus, by chang-
ing only the space available for growth, the spatial distribution of NPs (and the 
pruning span to a smaller degree, Luczak 2006), the DLA-based model makes it 
possible to generate 3D structures similar to different types of dendritic and axonal 

Fig. 3 Examples of real and generated neurons. (a) Examples of real and generated axonal trees 
of interneurons. (b) Examples of real and generated granule cells. (c) Examples of real and gener-
ated apical dendrites of pyramidal cells. (d) Examples of real and generated basal dendrites. For all 
neurons, the cell bodies are depicted by spheres (modified from Luczak 2006)
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trees (Fig. 3; Table 2 in Luczak 2006 provides detailed comparison of dendrite 
geometry parameters for generated and actual neurons which were obtained from 
http://neuromorpho.org, Ascoli et al. 2001).

4  Estimating the Effect of Environmental Variables  
on Neuronal Shape

Modeling neuronal grow can provide information on which environmental factors 
may be influencing neuronal shape. Moreover, it was proposed in (Luczak 2010), 
that modeling can also be used to infer what environmental conditions for any actual 
reconstructed neuron were. By measuring “how easy” it is to reproduce the shape of 
the actual neuron with the appropriate model, it can be estimated how “typical” the 
neuron is, and which environmental variables have to be adjusted to better repro-
duce it. For example, if increasing the concentration of NPs in the upper part of the 
box results in a model that can “easier” or “better” reproduce a given neuronal tree, 
then it may indicate that this neuron experienced more neurotrophic factors in upper 
cortical layers.

As an example of how to measure “how easy” it is to reproduce a neuron with a 
DLA-based model, let’s use the DLA algorithm with uniform distribution of NPs as 
described in details in (Luczak 2010). The “reproduction” rules are similar to rules 
generating DLA. The algorithm starts by placing the seed particle at the location of 
the cell body of the reproduced neuron (Fig. 4a). Randomly moving particles (NPs) 
stick irreversibly at the first point of contact with the aggregate only if the point of 
that contact overlaps with a reproduced object (Fig. 4b). By definition, every parti-
cle at the time of connecting to the aggregate has a hit value equal to 1. Moving 
particles which contact the aggregate at the point not overlapping with the object are 
not connected (Fig. 1c, particle on the right side). If such a moving particle in the 
next step moves to a place already occupied by the aggregate, then that particle is 
deleted, and the aggregate at that point registers a new hit (Fig. 4d). In summary, the 
aggregate grows at the points of contact with randomly moving particles, covering 
the reproduced neuron particle-by-particle.

Thus, a randomly moving particle after hitting the aggregate will either become 
a new particle of the aggregate, or it will be deleted depending on whether or not the 
place of contact overlaps with the reproduced shape. To illustrate how many times a 
particle of the reproduced neuron was hit by moving particles during the growth 
process, a sample pyramidal neuron and Purkinje cell are color-coded for the total 
number of hits (Fig. 4e, f). As can be seen just by visual inspection, the distribution 
of hits will be different for both cell types. For pyramidal cell most branches were 
hit a similar number of times. In contrast, for Purkinje cell the number of hits 
decreased gradually with distance from the soma. One could measure distance 
between hit distributions for analyzed objects to evaluate similarity between them. 
For example, comparing the hit distribution of an analyzed structure to the 
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distribution of hits for a structure generated with a DLA algorithm, it could provide 
a reliable measure for how similar to a typical DLA structure (“DLA-like” or 
 “tree-like”) is a given shape (Luczak 2010). Likewise, using a DLA-based model 
optimized to generate specific type of neurons (as described in Sect. 3) could be [AU1]

Fig. 4 Reproduction of neuronal shape with the DLA algorithm. (a) To reproduce the given shape, 
first the initial particle (seed) is placed as the origin of the aggregate. (b) Randomly moving par-
ticles (grey) stick to the aggregate at the place of contact, forming new particles of the aggregate 
(blue). (c) Particles which contact the aggregate at places which do not overlap with the reproduced 
shape are not connected to the aggregate (right side particle). (d) If the particle moves at the place 
already occupied by the aggregate, this particle is deleted (red cross). Numbers illustrate how 
many particles moved over (hit) that place of the aggregate—this number is called the number of 
hits. (e) Examples of pyramidal cell reproduced in 3D. Color denotes the number of “hits” each 
part of the dendrite received. (f) Reproduced Purkinje cell (modified from Luczak 2010)
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used to measure, for example, how similar to typical Purkinje cell is an analyzed 
neuron, and it can be further used to infer what parameters reflecting environmental 
conditions have to be adjusted to improve the reproduction.

5  Discussion

The main significance of the presented model is that it illustrates that the creation of 
complex dendritic trees does not require precise guidance or an intrinsic plan of the 
neuron geometry, but rather, that external factors can account for the spatial embed-
ding of the major types of dendrites observed in the cortex. In this model, the num-
ber of terminal branches, the mean and maximum branch orders, the fractal 
dimension, and other parameters of dendrite geometry are all controlled by a few 
basic environmental factors (Luczak 2006). The most important factor in determin-
ing the shape of generated neurons is the space available for growth and the spatial 
distribution of NPs. Thus, the presented DLA-based model reveals that a simple, 
diffusive growth mechanism is capable of creating complex and diverse 3D trees 
strictly similar to observed neuronal shapes.

The main criticism of this model is that although it is able to generate diverse 
neuronal shapes, a direct translation to biological processes is difficult, as real den-
drites do not grow directly by aggregating particles from their environment (van 
Ooyen 2011). This is a very important point, but with a closer examination it can be 
found that the presented model is much less artificial than it would appear. This is 
because in the DLA model, connecting a new particle to the aggregate is computa-
tionally equivalent to the growth in the direction of that particle. DLA is an approxi-
mation of Laplacian growth where the probability of growth at any point on the 
boundary of the growing object is determined by Laplace’s equation, which 
describes the “attraction” field around the object (Hastings and Levitov 1998). 
Therefore, the growth in the direction of a local gradient is computationally equiva-
lent to the DLA model which connects particles to the aggregate with higher prob-
ability in places which have higher local concentration of NPs. Thus, DLA is used 
as a computationally convenient tool to model (1) the growth of a dendrite toward a 
higher concentration of NPs, (2) diffusive motion of NPs, and (3) competition 
between dendrites for access to NPs.

The real dendrites grow by elongation and can branch either via bifurcation of 
growth cone-like tips or through interstitial sprouting of new branches from an 
existing dendritic branch. These new branches extend and retract to undergo 
 constant remodeling. Only a subset is eventually stabilized (Jan and Jan 2003).  
This phenomenon of constant pruning of dendritic branches during neuron develop-
ment is modeled here by probabilistic deleting the terminals. Parts of the neuron, 
which were not deleted during a specified number of iteration (pruning span), 
become “stabilized” by being excluded from any further pruning. The growth and 
pruning of real cortical neurons is strongly influenced by the excess or deficit of 
extrinsic factors, which includes for example: neurotrophin 3, brain-derived 
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 neurotrophic factor (BDNF), and nerve growth factor (McAlister et al. 1997).  
For instance, BDNF released from an individual cell alters the structure of nearby 
dendrites on an exquisitely local scale (Horch and Katz 2002). The intrinsic factors 
have an effect on stability rather than the directionality of the dendrite by affecting 
the dynamics of the structural components of dendrites (Scott and Luo 2001). The 
NPs in the presented model do not refer to any concrete neurotrophic substance. We 
chose to call these particles “neurotrophic” to suggest a biological interpretation of 
the model, which is that a new dendrite branch sprouts at the point of contact with 
neurotrophic particles. Stated differently, connecting NP to the aggregate can be 
seen as equivalent to the process where a new part of a dendrite comes from the cell 
itself at the location where the NP was detected. Also, a decrease in the number of 
freely moving NPs after contacting the aggregate has a biological justification, 
namely, that the neurotrophic molecules are commonly uptaken by neurons and 
transported to the cell body (Purves 1988; von Bartheld et al. 1996). As mentioned 
above, the neuron development is a very complicated process and the model pre-
sented here cannot account for all possible phenomena affecting neuron shape. For 
example, the morphology of axons and dendrites can be affected by mechanical 
tensions during brain development (Van Essen 1997). Additional model parameters 
could improve the model’s accuracy, but would also increase its complexity. Thus, 
in light of the fact that the existing model performs well, at the goal of keeping the 
model simple, we believe the model’s current level of complexity and accuracy are 
appropriately balanced.

The presented DLA-based model can also be used to infer parameters describ-
ing environmental factors for a given actual neuron. It is a conceptually new 
approach based on measuring “how easy” it is to reproduce neuronal shape by 
using a tree- generating algorithm. Thus, by finding what values of environmental 
variables allow the model to “best” reproduce of the analyzed neuron, it could 
provide information about conditions shaping this neuron. Performance of DLA 
algorithms could be measured in a variety of ways: for example, how quickly it 
can cover shape, how completely it covers, how broad the distribution of hits is. 
From all of the different measures tried, the distance to the hit distribution of DLA 
provided the most reliable measure of similarity to modeled shape. In addition, 
taking for example the model optimized for generating Purkinje cells, and mea-
suring how well this model can reproduce given shape, this can provide a new 
measure of shape, i.e., how “Purkinje-like” is that object. There is still no single 
measure which quantifies our intuitive perception of how much this cell resembles 
a Purkinje neuron. This type of question is easily answered by humans, but it is 
very difficult to quantify using computers. The reason is that perception of a tree-
like shape requires simultaneously combining a multitude of global and local 
measures like spatial distribution of segments, relative lengths and direction, con-
nectivity, symmetry, space filling, etc. For example, we would consider as a tree 
only shapes with a particular type of connectivity pattern, and with a particular 
spatial distribution of segments, branching angles, relative lengths, orientation, 
etc. By using the DLA model to reproduce analyzed objects, we can quantify the 
tree-like resemblance of an object by simply measuring performance of the DLA 
algorithm. Thus, this approach presents a new conceptual advancement where the 
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use of a computational model allows one to assess complex properties of an object, 
which otherwise would be very difficult to quantify with any other existing 
measures.

In conclusion, this chapter describes a realistic model of the formation of diverse 
neuron shapes. The results demonstrate that simultaneously grown diffusion- 
limited aggregates competing for available resources create reproducible, self-
organized structures that are strikingly similar to real neurons (Fig. 3). This is the 
first model to simulate 3D neuronal growth accounting for external factors such as 
the NP concentration, competition between neurons, and space limitations. 
Moreover, it advances DLA-based models by incorporating pruning and space 
limitations. Analysis of the discrepancies between generated and real neurons may 
also elucidate the relative contribution of different environmental factors on neuro-
nal outgrowth.
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