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Abstract
Virtual neurons are essential in computational neuroscience to study the relation between neuronal form and function. One way of obtaining virtual neurons is by algorithmic generation
from scratch. However, a main disadvantage of current available generation methods is that
they impose a priori limitations on the outcomes of the algorithms. We present a new tool,
EvOL-Neuron, that overcomes this problem by putting a posteriori constraints on generated
virtual neurons. We present a proof of principle and show that our method is particularly suited
to investigate the neuronal form-function relation.
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1. Introduction
Virtual neurons are digitized descriptions of biological neurons, with an emphasis on
their morphology. In computational neuroscience their use is at least twofold. First, they
compensate for the lack of vast amounts of morphometric data and are used for extensive
modelling studies (1; 2; 3). Second, their synthesized nature enables the experimenter
to have full control over morphometric parameters (4), which is required in the study of
morphological effects on the neuronal function. In this article we present a new tool for
the generation of virtual neurons: EvOL-Neuron.
An adequate description of neuronal morphology is required for studies investigating
the influence of morphology on information processing capabilities of neurons. Up to
date, three main methods exist to obtain realistic virtual neurons: tracing, algorithmic
reconstruction, and generation from scratch (for a review see (1)). We argue that most of
these methods suffer from the fact that they are biased by current biological knowledge
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about neuronal morphology in the generation phase: the algorithms are devised in such a
way that only 3D structures (i.e., virtual neurons) can be generated that reflect current
insights and opinions. Intuitively, this seems to be a virtue but it seriously restricts the
adaptivity of the generation algorithm to new biological detail (or evidence). Furthermore, current knowledge of neuronal morphology is too limited to claim that we know
all data (i.e., properties or measurements) from which realistic virtual neurons can be
generated. While several groups succeeded in reconstructing specific characteristics of
neuronal morphology (e.g., dendritic branching patterns (5; 6)), it remains difficult to
generate complete virtual neurons with both adequate topological (i.e., order and degree) and metrical (i.e., length and size) properties. More precisely, all variations on the
morphometric properties make up a large parameter space. Existing generation methods
specify the generation of virtual neurons in terms of these morphological properties. Consequently, the generated virtual neuron is always limited to combinations of known values
of these properties, or to put it differently, limited to a small subset of the parameter
space.
We propose a new methodology for generating virtual neurons that explores the immense parameter space for morphologies, that conform to current knowledge (rather than
exploring specific parts of this space only). Our aim is to find an algorithmic description
to generate virtual neurons that share the same morphological properties with a single
(experimentally reconstructed) prototype neuron. L-Systems are used to generate candidate morphologies and Evolutionary Computation to guide the exploration in search
for accurate morphologies. As mentioned before, existing methods for the generation of
virtual neurons are limited to the generation of virtual neurons from a small part of
the parameter space. We call this the a priori limitation strategy as the specification of
virtual neurons is limited to combinations of statistically determined values of morphological properties. Thus, only a particular part of the parameter space is reached due to
the limitation or bias inherent to the generation algorithm. Contrastingly, our method
adopts a so-called a posteriori constraining strategy in which we consider all structures
in the parameter space as a candidate virtual neuron, and explore this parameter space
until a structure is found that complies with specific morphological properties.
Two main advantages of our method stand out. First, the exploratory capabilities of
our method allow us to search the whole parameter space for structures that conform
to current biological knowledge. This means that all possible outcomes are considered,
and that the potential outcome is not limited in advance. It can be argued that a large
potential parameter space is not advantageous as most of this space consists of biologically
unrealistic morphologies. However, generally the exploration algorithm moves quickly to
subsets of the parameter space where neuron-like structures can be found. This subset
is not necessarily equal to the solution space of existing methods as EvOL-Neuron can
find all subspaces of the parameter space where structures obey specific criteria. Second,
our method is highly adaptive to new biological insights and evidence since we only need
to update the exploration criteria. We do not need to redesign and implement a new
algorithm to be in accordance to biological data 1 .
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A drastic example would be the existence of trifurcations in neuronal morphologies. Despite the fact
that in the current opinion about neuroanatomy trifurcations do not occur, several studies do report
there existence (e.g., (7; 8)). As most generation algorithms are based on branching probability (9) the
revelation of new biological detail might require a complete new design of most algorithms.
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The remainder of this paper is outlined as follows. The next Section presents a brief
overview of relevant techniques that are related to our method. Section 3 provides a
detailed description of our method, and Section 4 is dedicated to how we select and
validate generated virtual neurons. Results are presented in Section 5 and we conclude
with a discussion in Section 6.

2. Related methods
The generation of morphologically accurate virtual (or synthetic) neurons has been
studied for the past three decades. Advances in computational power in the last decade
have boosted the power of these generation techniques.
A first step toward the generation of virtual neurons was taken by Hillman in 1979 who
experimentally described fundamental parameters of neuronal morphology (10). Hillman
concluded that seven morphometric properties were sufficient to describe (and classify)
all types of neuronal morphologies, and, that realistic neuronal morphologies could be
generated algorithmically by obeying these seven properties. More recently, a range of
tools or methods based on Lindemayer systems (L-Systems) were introduced. The first
applications of L-Systems for generation of neuronal morphologies can be traced back to
Hamilton (11) and McCormick and Mulchandani (12). Both used an extended version of
L-Systems; Hamilton used a dedicated grammar to support neuronal structures while McCormick and Mulchandani introduced stochastic L-Systems to generate neuronal structures. Despite the promising initial results with L-Systems it was not until the release
of L-Neuron that the idea of L-Systems modelling to generate virtual neurons became
popular. L-Neuron, a highly successful tool, was created by Ascoli and Krichmar (13).
It relies on taking samples from density distributions (the so-called parameter-sampling)
describing neuronal morphology as arguments for L-Systems to generate highly accurate
and realistic virtual neurons. Several tools followed the same principle as L-Neuron and
combined L-Systems with parameter sampling, i.e., Neuron PRM (14) and NeuGen (15).
Both programs are designed to generate networks of morphologically realistic virtual
neurons. All these methods rely on the a priori limitation strategy in which the specification of virtual neurons is limited to combinations of statistically determined values
of morphological properties. As a consequence they are biased by the sparse data on
neuronal morphology.
Our review of morphology generation tools is mainly restricted to those based on LSystems. However, it is important to note that this is by no means an exhaustive review
of generation techniques. Contrary to the use of L-Systems to describe (and generate
from scratch) neuronal morphology, techniques exist that use a stochastic description
generated by Monte Carlo models (16) or hidden Markov models (17). And contrary to
generating morphologies from scratch, some techniques perform an algorithmic tracing
of microscopic images (18) or raw anatomical preparations (19) to reconstruct neuronal
morphology in a digitized way. A final type of generation method builds only particular
branching patterns and are non-descriptive but include underlying mechanism in their
modelling studies, e.g., (20; 5).
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3. Methodology: EvOL-Neuron
We propose a new methodology to generate virtual neurons from scratch without
putting a priori limitations on the candidate virtual neurons. The methodology is implemented in a computer program called EvOL-Neuron. The name of our method,
EvOL-Neuron refers to our two-step methodology to generate virtual neurons: Evolutionary Optimization of L-Systems (EvOL). L-Systems are used to generate candidate
3D tree structures while Evolutionary Computation is used to optimize the accuracy
of candidate virtual neurons by exploring the parameter space. The remainder of this
Section explains the methodology and its implementation 2 .
3.1. Generation
The generation part of EvOL-Neuron relies on a Lindenmayer system (L-System). LSystem is a mathematical formalism of rule rewriting named after its inventor Aristid
Lindenmayer (21; 22). Originally designed for describing the branched structures of plant
morphology, it is highly suitable for describing virtual neuron morphology. The idea of
L-Systems is simple yet powerful: an axiom defines the initial starting point, and the
production rules define how to rewrite the axiom. In a cyclic fashion, all the symbols
currently stored in the L-System are recursively rewritten according to the production
rules. An illustration of the mechanism and its operation is given below.
axiom:

F[X]

rules:

F → YF
X → BX

1st cycle YF[BX]
2nd cycle YYF[BBX]
In this example, the L-System consists of the alphabet {B, F, X, Y }; a single axiom
containing the symbols F [X], and two production rules F → Y F and X → BX, respectively. During the initialization phase, the L-System contains any string but the axiom,
i.e., F [X]. The first rewrite cycle then substitutes all the symbols in the string with the
corresponding production rule, i.e., F is substituted by Y F and X by BX. As a result
of the substitution, the L-System contains the string Y F [BX]. The rewrite process is
repeated a fixed number of times, resulting in a long string built iteratively.
A L-System in itself is nothing more than a way of generating a long string from a
parsimonious description. In essence, L-Systems have no semantics. A meaning is given by
the interpretation scheme. The interpretation scheme defines an alphabet of symbols and
how they are interpreted to built a structure. Table 1 lists the alphabet used by EvOLNeuron. This alphabet is a subset of the standard turtle geometry (23) interpretation
scheme, and adapted to use with the Rotation-Elevation scheme; no special symbols are
introduced for usage in neuroscience. In this scheme only two parameters are required to
define every direction in 3D: the rotation angle on a plane, and the elevation angle on the
2 A prototype of EvOL-Neuron can be downloaded at
http://www.cs.unimaas.nl/b.torben-nielsen/evol-neuron/main.php?page=evol.
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Fig. 1. Rotation-Elevation interpretation scheme. A point in 3D space is defined by the rotation, and
the elevation on the plane orthogonally intersecting with the rotation plane.
Table 1
Alphabet used in the L-System used for generating neuronal morphologies
Symbol

Purpose 3D

F (x)

Move forward for x times the unit length, x ∈ ℜ+

R(x)

Adjust the rotation-angle with x degrees, x ∈ [0, 360].

E(x)

Adjust the elevation-angle with x degrees, x ∈ [0, 360].

[

Start a new branch. Put current position on the stack

]

End current branch. Pop position from stack

plane orthogonally intersecting the rotation plane (see Figure 1). Figure 2 illustrates the
use of L-Systems for the generation of tree structures and how a structures develops with
rewriting. It shows the structure generated by the L-System description presented in the
inlay after 1 to 4 cycles. The illustrated L-system description has one axiom, axiom 0,
and one production rule, A.
soma = 0,0,0
axiom_0=[A]
A=F(1)[R(45) F(1)][R(315) F(1)]A

Fig. 2. Illustration of the geometric interpretation. The figures illustrate the development of an structure
after rewriting cycle 1 to 4. The inlay lists the L-System description of the structures. In the description,
soma defines the position of he soma; axiom 0 is the first (and only) axiom; A is the first (and only)
production rule. All symbols are explained in Table 1.

In theory, all rooted tree structures can be built in 3D using L-Systems equipped
with the alphabet as listed in Table 1, if only arbitrary axioms and rules were allowed.
Luckily, neuronal structures are bounded by a finite number of branching points and
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thus have a limited order. In EvOL-Neuron we allow all 3D tree structures with an
almost unlimited order as we do not put constraints on the length of axioms and rules.
The output of EvOL-Neuron is an L-System description which is then interpreted to a
SWC morphology file. SWC is a standard format to describe neuronal morphology (24).
The interoperability with dedicated simulation software like NEURON (25) and Genesis
(26) is assured by the publicly available tool CVAPP which can read SWC morphology
files and convert them into the specific formats used by NEURON and Genesis.
3.2. Optimization
The optimization process is performed by Evolutionary Computation (EC). EC is a
pragmatic programming method inspired by biological evolution (27; 28; 29) to explore
large solution spaces. Different variations of the basic EC method exist; we employ genetic
programming which is specifically tailored for tree-like structures as genomes (30) (cf.
later).
EC exploits the principle of survival of the fittest. Candidate solutions to a certain
problem (the so-called individuals) are encoded in individual genomes. A population is
initialized with random individuals and every individual is then tested. The performance
(fitness) of the individual for the task is assessed by means of a fitness function. Once the
performances are assessed, the best individuals of a population are used for reproduction.
Consequently, the new population will consist of descendants of the best performing individuals of the previous generation. This methodology proved to be powerful in problems
with a considerable solution space (31; 32).
In this study, the subject of optimization is the matched accuracy of a generated 3D
tree structure compared to a prototype (experimentally reconstructed) neuron. EC is
defined by four essential characteristics: (i) genome encoding, (ii) evolutionary operators, (iii) fitness function, and (iv) the evolutionary parameter configuration. These four
characteristics are addressed below.
3.2.1. Genome encoding
The genome encoding is an essential part of EC: it encodes the candidate solution
for a specific problem that you want to optimize. In our case, L-Systems are used to
describe neuronal morphology so the L-System description needs to be encoded. L-System
descriptions can be highly complex (i.e., contain lots of symbols), and are hierarchical
as a rule can be composed of branches, which are composed of symbols and symbols
have arguments. These two properties make tree-encoding an efficient structure to use
with the evolutionary operators (see below). Figure 3 illustrates the encoding, and the
hierarchical relation in L-System descriptions.
3.2.2. Evolutionary operators
The evolutionary operators define how the breeding process creates a new population
from the previous one. Three steps are associated with the creation of a new population: (i) selection, (ii) crossover, and, (iii) mutation. In biological terminology, selection
ensures that the fittest individual is allowed to reproduce. Reproduction is the sexual
reproduction where genes from both parents are transferred to the descendant. Mutation
is the failure to make a perfect copy of a genome and ensures diversity.
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Fig. 3. Encoding of a L-System description by means of a tree.

A selection mechanism is used to pick individuals for inclusion in the breeding process.
We use (µ, λ)-selection (33). λ represents the number of individuals in a population and
µ is the number of individuals selected for the breeding process. Every generation, µ
individuals are selected and λ descendants are generated from the selected individuals.
The new λ descendants replace the old individuals, and a constant population size is
maintained.
Crossover creates a descendant from two parents. We employ single-point crossover in
which the descendant recombines exactly one part from both parents.
Mutation is the pseudo-random modification of an individual’s genome before it is
included in the new population. We employ four different mutation strategies. First,
“argument mutation” alters the numerical argument of a symbol from the alphabet.
Second, “symbol mutation” replaces a specific symbol in the genome by a different symbol
while the argument remains the same. Third and fourth, “deletion” and “introduction”
modify the genome by deleting or introducing a pseudo-random sub tree from/in the
genome, respectively. when introduction is invoked, a sub tree of variable size is composed
of symbols of the alphabet.
After invocation of the evolutionary operators the genome is checked for syntactic and
semantic inconsistencies. For example, duplication of an axiom requires that the newly
produced axiom receives a unique name.
3.2.3. Fitness function
The fitness function evaluates the comparison between the prototype and the generated
neurons (see Figure 4) by assigning a so-called fitness value to the particular virtual
neurons. The fitness value reflects the biological accuracy of the generated virtual neuron
with respect to the prototype neuron. We define the accuracy by the accumulated distance
in parameter space between real and virtual neurons. A good fitness value assignment is
essentially the core of EvOL-Neuron and is described in detail in Section 4.
3.2.4. Evolutionary parameter configuration
The evolutionary configuration defines the exact implementation of an evolutionary
optimization process. Values presented here are empirically chosen and proved to be
advantageous in dummy experiments in which, for instance, only the size of the virtual
neuron is optimized. We used a population size of 200 individuals. As an upper bound,
the evolution was allowed to run for 1000 generations. In the selection procedure, µ
represented the top 65% individuals. Crossover was invoked with a probability of 0.5,
new individuals resulting from cross-over were not subject to any further mutation. The
remainder of the new population was filled by individuals from the previous generation
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and were subject to mutation: duplication probability of 0.12; deletion probability of
0.10; symbol-mutation probability of 0.05; and argument-mutation probability of 0.1.
A schematic overview of the methodology underlying EvOL-Neuron is illustrated in
Figure 4. In summary, a real neuron is used as prototype. Virtual neurons are encoded as
L-Systems, compared to the prototype and assigned a fitness. On the basis of the fitness
value a new population of virtual neurons is made until they match with the biological
neuron with respect to predefined properties.
Populationn
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Fig. 4. Evolutionary Computation applied to the generation of virtual neurons. A population of L-Systems
representing virtual neurons is generated and compared with (traced) real neurons. The comparison leads
to a specific fitness assignment for each virtual neuron. Then, driven by a survival of the fittest mechanism
a new population of L-Systems is created. This evolutionary cycle is repeated until the virtual-neuron
data is indistinguishable from the real-neuron data with respect to predefined properties.

4. Validation of morphologies
The optimization process is guided by a correct assessment of the generated neuron.
If a generated neuron is assessed to be a more accurate approximation of the prototype
neuron, it will reproduce and gradually increase the overall accuracy of the whole population. The assessment is based on a quantitative comparison between morphological
properties measured from the generated virtual neuron and the prototype. In this study
we try to find good approximations of cat spinal cord α-motor neurons which we retrieved from the online archive NeuroMorpho (3). The original data originates from (34)
and (35).
In a set of preliminary experiment we used morphological data from the literature to
perform an assessment. Hillman’s fundamental parameters (10) were used for this purpose. In these preliminary experiments we were able to optimize 3D tree structure so
that their properties were in accordance to the fundamental parameters. Unfortunately,
the fundamental properties proved to be insufficient to generate accurate virtual neurons
(36): non biological structures that nevertheless agreed with Hillman’s data were found.
Therefore, we devised a custom fitness function. In this study we use 11 deliberately
chosen properties to perform the assessment. With EC, there is a trade-off between the
number of properties to optimize and the convergence of the fitness to a desired value.
In other words, the more properties in the fitness function, the more difficult to find
a solution. For this reason we tried to minimize the number of optimization criteria:
number of stems (N o stem), percentage of bifurcations, stem rotation (T rot) and elevation angle (T elev), fractal dimension (F D, implemented as box-counting algorithm
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on XY projection), number of bifurcations (N o bif ), order, total length (L tot), branch
rotation (B rot) and elevation (B elev) angle and finally tropism (T ropsimF ). These
properties are similar (but not equal) to the basic parameters used in L-Neuron (13).
We need to include a measurement of the relative amount of bifurcations (“percentage of
bifurcations”) as we can also generate structures with n-furcations. However, currently
n-furcations do not comply with current knowledge so we have to explore neurons that
only have bifurcations. Next to these 11 properties we use the heuristic that structures
must consist of at least 300 segments before they are considered candidates. This heuristic
ensures a minimal level of complexity of the resulting virtual neuron. Structures without
the required number of segment are assigned a negative fitness equal to (−R + S), where
R is the required and S the actual number of segments, respectively. Once a structure
meets this first requirement it is assigned a real fitness value. The fitness function gradually increases the desired complexity of the generated virtual neuron by adding the next
constraint to the fitness function only when the previous constraints are met. According
to this scheme we optimize N o stem, percentage of bifurcations, T rot, elev and F D.
The remaining properties are optimized in parallel once a structure complies with all
previously set criteria.
Values for the listed properties were computed and collected by dedicated computer
programs written for this purpose. In total we implemented 43 morphological properties
3
. The properties can be roughly divided in two classes: single-variate and multivariate
properties. Single-variate properties have a single value for a single neuron (e.g., total
length), while multi-variate properties have multiple values for a single neuron (e.g., terminal lengths). We record all values for multi-variate properties which can then serve to
compute distributional information. The properties which are not used in the optimization process can be seen as emergent properties of neuronal morphology and can be used
to perform an adequate validation of the generated virtual neuron. As prototype we took
the alphaMN3 cell, which had the following values: N o stem = 16, T rot = 27 ± 104,
T elev = −9 ± 118, F D = 1.36, N o bif = 35, order = 1.7 ± 1.4 (measured at every
branching point and minimum and maximum 0 and 5, respectively), L tot = 15765,
B rot = −3 ± 20, B elev = −4 ± 31 and T ropismF = 0.75 ± 0.2. In the optimization
process we consider a property of the generated neuron in accordance to similar property
of the prototype neuron when it falls in a small interval around the measured value of the
prototype. The actual size of the interval is defined by the variance of the data measured
from all prototype α-motor neurons.
5. Results
A series of ten evolutionary experiments is performed with a population size of 200
individuals. Eight runs obtained a best fitness of more than 80%, only two runs did not
find anything more than the desired number of stems. A fitness of +80% means that
most of the properties are optimized, but not all which implies that some features of
thse generated neurons are not accurate. Three runs obtained a fitness of +99% which
implies that these generated virtual neurons are in accordance with all the predefined
properties. The three neurons that were in accordance with all 11 predefined properties
3

A complete list can be found on:
http://www.cs.unimaas.nl/b.torben-nielsen/evol-neuron/main.php?page=evol
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Fig. 5. α-motor neuron. Three generated neurons with +300 segments. All generated neurons obtained
a fitness of > 99%.
800

600

600

400

400
200
200
y

0
0
−200
−200
−400

−400

−600
−600

−400

−200

0

200

400

600

−600
−600

800

−400

−200

0

200

400

600

x

Fig. 6. α-motor neuron. Left: original experimentally reconstructed neuron. Right: generated neuron
consisting of +600 segments.

are illustrated in Figure 5. The exact values of the optimized properties of the left-most
neuron are: N o stem = 15, T rot = 19 ± 106, T elev = 16 ± 127, F D = 1.37, N o bif =
40, order = 2.3 ± 1.1 (minimum and maximum order 0 and 4, respectively), L tot =
15138, B rot = −1.4 ± 16, B elev = 1 ± 13 and T ropismF = 0.81 ± 0.2. Especially
the left-most neuron looks unnatural due to its “algorithmic appearance”: structures
repeating itself and a tendency to turn in one direction is clear. This is caused by the
relative simplicity of the underlying L-System description. Therefore, we also did three
evolutionary experiments in which the minimum number of segments was increased from
300 to 600. Out of these three runs, one run produced a > 99% fitness value. This neuron
is illustrated in Figure 6 (right) together with the prototype neuron (left). The generated
neuron has a strong similarity with the prototype neuron and has all quantitative and
qualitive (i.e., visual) properties of a biological neuron.
The generated neurons are the product of an evolutionary optimization process. Figure
7 shows the development of the fitness during a complete evolutionary run of three. Both
the best and average fitness of a generation are depicted. Note that in this figure the values
below 0 are absolute values, and above 100 the values are scaled to a percentage. Both
fitness values start at -300 due to the heuristic and grow rapidly to 0 which means they
have reached the minimal required number of segments. The optimization process then
tries to find 3D structures that match best with the predefined morphological properties.
In the three illustrated cases, EC finds structures that are in accordance to the set criteria.
To illustrate that there is no specification about how virtual neurons should look like
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Fig. 8. Illustration of the mechanism underlying EvOL-Neuron. The top row illustrates the best structures after the first generation with fitness value > 0 (of the three successful runs). Clearly, these
structures do not resemble neurons and hence reflect the unbiased nature of our method. Bottom row:
best individual after 100, 400 and 600 generations taken from the second run (middle illustration in
Figure 5 and this figure (top row)). Further explanation in the text.

in our program, we illustrate the best individuals in the first generation with a positive
fitness taken from the three successful evolutionary runs. These structures are illustrated
in Figure 8 (top line). It can be observed that these figures are all very different, and by
no means resemble neurons. Nevertheless, starting from these structures EC can explore
the parameter space and find successful structures. Figure 8 (bottom line) illustrates how
the middle structure of the top line evolves to the successful structure illustrated in Figure 5 (middle). These structures are taken at intermediate steps in the evolutionary run,
namely after generation 100, 400 and 600. It is clear that slowly biological features emerge
in the evolving structures. This figure shows the process underlying EvOL-Neuron and
how 3D structures gradually evolve to a desired morphology.
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6. Discussion and conclusion
As mentioned in the Introduction, our method has two main advantages over other
virtual generation methods and techniques. First, the implementation of the a posteriori
constraining strategy. This strategy allows us the search the complete parameter space for
virtual neurons that conform to current biological knowledge. In other words, we do not
specify in advance what virtual neuron must look like; we only specify which properties
it should obey. Existing methods implement the a priori limitation strategy in which
the specification of virtual neurons is limited to a combination of specific values for the
morphological properties. Second, the generation part of our method does not directly
implement current biological knowledge into an algorithm which makes EvOL-Neuron
highly adaptive with respect to new biological detail or evidence. Upon revealing new
biological detail we need to include this data into the fitness function which guides the
search process. On the contrary, existing methods might require a complete new algorithm
to generate virtual neurons after the discovery of new biological details.
We identified two limitations of our method: realistic variability and the lack of guarantee to find “good” structures. At this moment we only approximate a single prototype
neuron. Realistic variability of neurons within a specific class is not included yet. The
other limitation is that the fitness function does not ensure a good result. A good match
with the predefined set of properties of the prototype neuron is ensured, but a good
match does not imply a realistic virtual neuron (see Figure 5(left)). In the future we
want to investigate which properties are required to create a fitness that always correctly
assesses generated structures.
One of the reasons to develop EvOL-Neuron was to investigate the neuronal form-

Fig. 9. Implemented experimental setup to perform an assessment based on functionality instead of
morphological accuracy. This example illustrates a random setup and generated neuron.
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function relation: what is the influence of neuronal morphology on the information processing capabilities of a neuron? Currently, we have no built-in functionality, i.e., to perform electro physiological experiments an external simulator like Genesis (26) or Neuron
(25) needs to be used. However, we argue that EvOL-Neuron will prove very useful for
the investigation of the form-function relationship. As outlined in Section 3 we generate
virtual neurons and validate them with respect to a prespecified goal. At this moment
this goal is morphological accuracy. In the future, we can also generate virtual neurons
and validate them with respect to a specific phenomenological functionality of neurons.
An example of such functionality can be a coincidence detector, and the required goal
would be a specific activation pattern. Figure 9 illustrates a possible setup for this type of
modelling. In this figure straight lines at the bottom and top indicate potential areas for
synaptic connections: when a neuron has a certain proximity to such area a synaptic connection can be established. Dedicated simulators can then perform a detailed simulation
and results from this simulation can be used to assess the fitness of a particular generated
neuron. With this type of experiment we could investigate the neuronal form-function
relationship in both directions. We can optimize a known morphology, and investigate
the achieved functionality with this morphology. Alternatively, we can optimize a known
functionality and analyse the morphology that supports this functionality.
Future enhancement of EvOL-Neuron can be achieved by constructing different fitness functions to increase the probability of successful evolution and decrease the chance
of evolved but not natural structures. Also, the diameter of dendritic branches should
be included in our model. This can be done either as a post processing step (i.e., algorithmically assign diameters to the evolved skeletons), or, as part of the evolutionary
optimization.
To conclude, we can state that we succeeded in devising a new method for the generation of virtual neurons. We showed that EvOL-Neuron with its exploratory capabilities
has several advantages over similar methods. Moreover, there is a strong indication that
EvOL-Neuron is particularly suited for investigating the form-function relation in neurons.
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