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Preface
About four years ago, I completed my M.Sc. thesis with the quote “the work is done, now let the
author play”. at is exactly what I did during the past four years. e result of playing all over the
world and with some of the best players in the world is described in this thesis.

During my M.Sc. research performed in Barbara Webb’s laboratory of the University of Edinburgh,
I became fascinated by biology and neuroscience. In particular, I found myself looking in awe at
the cunning tricks that crickets displayed in order to perform successful sound-directed behaviour
(phonotaxis). e artful neurobiological changes occurring in the auditory brain after injuries in
the sensory system provided the inspiration for the work described in this Ph.D. thesis: crickets
modify the shape of certain neurons in order to perform phonotaxis after partial loss of sensory in-
formation. Although it is not the best example of a neuronalmorphology-function relationship ( for
it concerns connectivity more than function), it was the rst time that I understood that neuronal
morphology and function are two sides of the same coin.

In  I was appointed as Ph.D.student in the - project, a challenging project on the en-
hanced situation awareness of situated agents. My part of the project was executed at -
of theMaastricht University. During the rst year, I was fortunate to receive funding from the -
 project to visit the N-IT summer school and the  and  conferences. ese
events contributed to the ideas of this thesis about linking neuronal remodelling in biological sys-
tems with adaptive behaviour in robotics. Neuronal morphology proved crucial in the emergence
of computational functions and adaptation in the brain. Because this morphology was not taken
seriously in existing neuron models (used in computer science) I started with the development
of neuron models that did take morphology into account. Such models allow future robots to en-
hance their situation awareness.

roughout the whole process of performing research and reporting about it, I received scienti c
support from many people. First and foremost, I mention my two supervisors Jaap van den Herik
and Eric Postma. I am greatly indebted to both of them for the opportunities given to me and for
guiding me in writing. I would like to recognize Jaap in particular for his encouragement at crucial
points ofmy research.Mydiscussionswith Ericwere indispensable for a proper development of the
research. I amgrateful for his energetic guidance. After the rst year, Karl Tuyls joined the teamand
acted from then on as my daily advisor. He supported me when writing my rst papers. Moreover,
I greatly appreciated the discussions with Jaap van Pelt (Vrije Universiteit Amsterdam) about the
function and morphology of dendrites.

During my participation at the Okinawa Computational Neuroscience Course ( ), I met
Klaus Stiefel whowas about to set up a laboratory inOkinawa, Japan.Wewere surprised to nd out
that we both studied the neuronal morphology-function relationship by optimisingmorphologies.
He was interested in the tools we had developed in Maastricht, therefore he invited me for a visit
to Okinawa. I accepted gratefully and I would like to expressmy gratitude towards Klaus that I was
able to complete the thesis at his laboratory.

For the accomplishment of this scienti c work I received support from many colleagues and
friends. ese include my room mates: Steven de Jong, Marc Ponsen, Joyca Lacroix, Michel van
Dartel, Sjoerd Bakker, and Maxence le Vasseur. Life at ‘the institute’ (whether in the Netherlands
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or Japan) was a pleasure owing to the presence of: Guido de Croon, Stijn Vanderlooy, Robert Sin-
clair, Sander Spek, Jahn Takeshi-Saito (and Silja), Laurens van der Maaten, Judith te Brake, Cathy
Vickers, Tomas Pluskal, andOtsukaMakoto. Additionally, I alsowish to acknowledge gratefully the
excellent help by the supporting staff: Joke Hellemons, Uchida Ryoko, Nagano Izumi, and Teruya
Tomomi. Many of these are nowadays also good friends next to being good colleagues.

Finally, I wish to express my sincere gratitude to my family. I am thankful to my parents for the
education and guidance that resulted in the person I am today. Here I would like to thank them
for teaching me the value of everything and believing in me at all times (even at times I was in the
opposition). My sister and brother providedmuch treasured unconditional support. I am indebted
to Katelijne Noens for sharing the times of adolescents going to university. Lastly, I wish to express
my love and gratitude to Maria Grazia Sanna for keeping me in pace with life outside science.
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Glossary
AGO Algorithmic Generation and Optimisation.e name of the general approach to generate

algorithmically neuronal morphologies. e approach adopts the concept we call ‘recon-
struction through generation and optimisation’.

ANN Arti cial Neural Network

CNS Computational Neuroscience

CS Computer Science

EC Evolutionary Computation. Optimization technique based on the biological principle of
survival of the ttest.

EPSP Excitatory Post-Synaptic Potential

ESA Enhanced Situation Awareness. e research conducted in this thesis is part of the
/ research effort.

GA Genetic Algorithm. A particular optimisation technique part of the more general evolu-
tionary computation. In GAs, the genome is encoded by a string containing the values of
the parameters to optimise.

ICIS Interactive Collaborative Information Systems.

KDE Kernel Density Estimator. A non-parametric density estimator.

LPTC Lobular Plate Tangential Cell; a neuronal type in which input signals coming from the
small- eld motion detection circuit are spatio-temporally integrated.

MCSA Monte-Carlo Sensitivity Analysis

VN Virtual neuron

Basic parameters A set of parameters used to generate virtual neurons in sampling algorithms.
ese parameters are closely related to the set of fundamental parameters as described
by Hillman (). When used in the actual generation of neurons, they are referred to as
‘parameters’, when used to describe a morphology they are referred to as ‘properties’.

Emergent properties Set of properties that emerge from interactions between the basic parame-
ters. us, these properties are not used as parameters in virtual neuron generation algo-
rithm.

Ion channel A gate in a membrane that allows the passage of certain types of molecules, from
http://en.wiktionary.org/wiki/ion_channel. Some ion-channels are only acti-
vated when the membrane potential reaches a certain threshold; these are called the
voltage-gated ion channels.

Virtual Neuron A digital representation of a neuron with emphasis on the morphology. Often ab-
breviated by VN.
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Neurons and neuron models

Morphology is crucial for complex neuronal computations. e
essence of neuronal morphology resides in the dendrites from
which the computational functions arise. As such, the morphol-
ogy facilitates many computational functions in neurons. e in-
terplay between the structure and the computational function a
neuron has to perform is still an open question. Hence, the main
topic of this thesis is: how does function shapes dendritic struc-
ture?

contents At the beginning of the thesis, we explicitly state the link between the
/ project and the neuron models that dominate the thesis (sec-
tion .). Section . brie y introduces biological neurons. Neuron models
in computer science and neuroscience are described in section .. Sec-
tion . introduces the eld of computational neuroanatomy and elabo-
rates on the usage of neuroanatomical models. e problem statement
and four research questions are formulated in section .. Our research
methodology is given in section ..e thesis structure is provided in sec-
tion ..
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Neurons and neuron models

. Motivation and connection to the ICIS project

e research performed in this thesis is part of the Interactive Collaborative Information Systems
() project, and more speci cally of the Enhanced Situation Awareness cluster (). Central to
the project is crisis-management at different operational levels which are brought together in a
tunnel-disaster scenario. Our university is a partner in this project and responsible for enhancing
the participation of autonomous intelligent agents in the disaster setting.

e aim of this work in the light of the broad project is to address a major problem in robotics,
namely to increase the level of autonomy in autonomous agents. e level of autonomy is deter-
mined by the level of (i) adaptive behaviour and (ii) robust behaviour. Adaptivity and robustness
both refer to the ability of an autonomous agent to survive in unknown environments. Current
robotic systems exhibit a modest level of autonomy and are mostly con ned to work in a special-
ized environment.

Nature offers convenient examples of highly adaptive systems, with the animal brain as a prime
example. In the brain, adaptive- and robust behaviour arise from networks of neurons and their
connections (Segev and London, ). As such, the brain and its building blocks –neurons– can
be used as a source of inspiration for engineers to increase adaptivity in arti cial systems. e
ICIS/ESA project is a valuable opportunity to investigate the requirements for functionally ad-
vanced neuron models in computer science. For realising our part of the project, we focus on a
range of principles underlying computational functions in neurons.

e focus of this thesis is on the morphological properties of single neurons and their contribu-
tion to computational functionalities. e goal is to model and understand the close relationship
between neuronal structure and function.

e research is performed in two steps. First, we aim at identifying core mechanisms that enable
real neurons to exhibit a level of computational functionality that is far greater than the functional-
ity exhibited by current arti cial neurons. Second, from these identi ed mechanisms we advance
towards behaviour generation in robots. We note that the second step moves from studying sin-
gle neuron functionality to behaviour generation via generation of appropriate morphologies. e
second step addresses the enhancement of situated awareness in arti cial agents.

. Biological neurons

To appreciate the inspiration for adaptivity offered by the brain, we brie y introduce biological
neurons and the way computational functions arise from the structure of neurons.

Neurons are found in every nervous system. ey are essential for realising computational func-
tions (Wittenberg and Wang, ). Since the formulation of the neuron doctrine in the late s
neurons are considered separate entities that are both the main structural and main functional
units of the brain (Shepherd, ; Swanson, ; Fiala and Harris, ). A schematic illustration
of a typical neuron is provided in gure .. Despite a huge variety, most neurons consist of (i) a
soma, (ii) the dendrites, and (iii) one axon.e soma is also referred to as the cell body but we pre-
fer to use ‘soma’ throughout the thesis.e branched extensions of the soma are the dendrites.e
single, long, and thin extension of the soma is the axon. Dendrites collect and process inputs while
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Biological neurons

the axon sends the result of the processing of inputs to other neurons. e soma also contributes
to the processing of inputs but primarily performs amultitude of additional tasks to ‘maintain’ the
cell (Alberts et al., ). e schematic illustration represents most neurons because there are
neurons that do not have an axon, for instance the cerebellar granule cells (Fiala andHarris, ).

Figure .: Schematic illustration of the structure of a typical neuron.

Approximately at the same time of the neuron doctrine, the law of dynamic polarization was for-
mulated (Shepherd, ). is law states that the information ow in neurons goes from the den-
drites through the soma to the axon. us, the law of dynamic polarization considers (i) the den-
drites as input collectors, (ii) the soma as ‘processing unit’, and (iii) the axon as communication
channel to other neurons. Recent ndings, however, indicate that the dendrites are the main con-
tributors to the realisation of computational functionalities in neurons (cf. Mel, ; London and
Häusser, ; Donohue and Ascoli, , and section .). Below we explain how computations
are performed in dendrites by means of the membrane potential.

Cells are fenced in by amembrane that protects the inside of the cell from the outside.e compu-
tational capabilities of neurons result from changes in the electrical potential that stands over the
neuronal membrane. is so-called membrane potential originates from the difference in charge
on the inside and outside of the neuron. In biological neurons, the membrane potential is said to
de ne the state of the neuron . e state of a neuron can vary because charged ions can move
through so-called ion-channels in the membrane and change the internal and external electric
elds.

Because of the often highly elaborated morphology of dendrites, the largest amount of neuronal
membrane is found in the dendrites. Since we stated earlier that the computational capabilities
of neurons arise from changes in the membrane potential, we may now state that the dendrites
are in fact the main contributors to computational functionalities of neurons. Moreover, we may
establish that the membrane potential is (i) distributed and (ii) not isopotential, i.e., the mem-
brane potential differs from location to location in the dendrites at any given moment. Due to the

In the arti cial counterpart, the state of the neuron is commonly referred to as the activation of the (arti cial) neuron.
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dendritic morphology, electric pulses are processed differently in a way that suits the particular
computations performed by the neuron. In the next section we examine to what extent neuron
models do justice to the contribution of morphology to neuronal functionality.

. Neuronmodels

Computer science and computational neuroscience are two research elds in which models of
neurons are used, albeit for different purposes.

In computer science (CS), neuronmodels are used inArti cial Neural Networks (ANNs) to perform
a wide range of tasks, from classi cation (e.g., Engin et al., ) and learning (e.g., Floreano and
Urzelai, b; Torben-Nielsen et al., ) to time series prediction (e.g., Fu et al., ). In other
words, neuronmodels are used to solve difficult tasks.e current opinion of the computer science
eld (with respect to ANNs) is that complex behaviour emerges from the interaction of straightfor-

ward computational entities, namely interactions between simpli ed neuron models. erefore,
research efforts are focussed on network topologies rather than on increasing behavioural com-
plexity through more complex neuron models.

In computational neuroscience (CNS), neuron models are used to investigate the brain and how
neurons process information. As a consequence of this point of view, the neuron models used in
this domain generally contain a great deal of biological detail.

Below we describe the three main classes of neuron models used in computer science (§ ..). We
describe the level of abstraction and the type of computations they canperform.en, three classes
of neuronmodels used in computational neuroscience are described (§ ..). For thesemodels we
describe the level of biological detail and the computations they can account for. ereafter, we
show that a trend can be observed in the development of neuronmodels in computer science: the
computations they can perform increase with a decreasing level of abstraction.

.. Neuron models in computer science

In computer science, neural models emphasise on computational functions, rather than biologi-
cal realism. Because the focus is not on the biological accuracy, the neuron models in CS are also
referred to as formal neuron models. ree distinct classes of neuron models are in use, namely: ()
McCulloch-Pitts neuron model, () extended McCulloch-Pitts neuron model, and () spiking neu-
ronmodel.e development of themodels was in this sequence and therefore they are sometimes
referred to as: rst-generation, second-generation, and third-generation neuron models (Maass,
).

Ad() McCulloch-Pitts neuron model

e rst-generation arti cial neuron model emerged from the pioneering work by McCulloch and
Pitts (); hence the name. is arti cial neuron sums all inputs it receives before passing it

roughout this thesis we occasionally abbreviate the term ’computational neuroscience’ to ’neuroscience’ to improve
readability.
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through a transfer function, which generates an output. In other words, input is summed and sub-
jected to thresholding. As a result, the activation of thismodel is binary: a switch that can be either
on or off depending on the inputs. Figure . illustrates theMcCulloch-Pitts neuronmodel.e cir-
cle represents the summation operation and the square represents the non-linear transformation.
e computational functionality is quite simple, but when used in networks all binary operations
(e.g., logical operations) can be performed with this neuron model (Koch et al., ).

Figure .: First-generation neuron model: the McCulloch-Pitts neuron.

Ad() Extended McCulloch-Pitts neuron model

e second-generationneuronmodels consists of extensions of theMcCulloch-Pitts neuronmodel
that are inspired by biological detail. e extensions include the usage of real-valued inputs and
outputs, and a continuous transfer function that allowed for gradual responses (Rosenblatt, ;
Koch et al., ). us, the activation of the neuron model is not limited anymore to a binary
all-or-nothing operation, and the activation can take a continuous real-valued state. A different
extension, the polynomial neuron model (Neville and Eldridge, ), consists of multiplying the
inputs instead of summing them. By multiplying the output this neuron model is able to correlate
input patterns as in real neurons (Neville and Eldridge, ).

Ad() Spiking neuron model

e third-generation neuron models are called spiking neuron models. Spiking neuron models in-
troduced the biologically realistic concept of spikes andmembrane potential to the formal neuron
models. Spikes are the brief and steep changes in themembrane potential that are used to commu-
nicate between different neurons in the brain. e advantage of spikes in a neuron model is that
exact timing can be exploited. Exploitation of exact timing patterns is a computational function-
ality that spiking neurons share with biological neurons (e.g., VanRullen et al., ). e rst two
generations of neuron models are not capable of exploiting exact timing because the activation is
inherently an average of inputs over time (e.g., Koch et al., ).

Common to the three neuronmodels, wemaymake two observations. First, the three neuronmod-
els are so-called point neurons (Koch et al., ) as they are shapeless computational units. Since
there is no morphological component in the formalism underlying the models, morphology can-
not participate in the computational functionality. Second, the computational functionality is in-
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creasing with increasing biological detail. We go into more details about these two observation in
subsection ...

.. Neuron models in neuroscience

In computational neuroscience, neuron models are used as means to study the workings of neu-
rons.erefore, they often have a high level of biological detail. Because the focus is on the underly-
ingmechanism, they are also referred to as the biophysical neuronmodels . For the purpose of this
work, we distinguish three different neuron models used in computational neuroscience, namely
() conductance-based models, () linear cable models, and () (non-linear) compartmental mod-
els. Below we describe them in this order, which re ects the inclusion of biological detail related
to the morphology.

Ad() Conductance-based models

Conductance-basedmodels aremeant tomodel a small piece of neuronalmembrane inhighdetail.
Figure . illustrates a schematic version of this type of neuron model. Such a schematic version
is also referred to as the ‘equivalent circuit’ of a neuronal membrane because it expresses a mem-
brane in terms of equivalent electrical components. It is common in neuroscience to describe a
membrane in terms of electrical components. In gure ., the current owing through the mem-
brane is denoted as Im.

e Im current encounters someparticular resistancewhich ismodelled as an electrical resistance
in series with a battery. Some of the current is absorbed by the membrane and is called the ca-
pacitive current Ic. is description corresponds to the most basic interpretation of a membrane.
e resistance/battery combination can be seen as the reciprocal of the resistance and is called
the conductance. e neuron models that describe the currents owing through a membrane as
owing through the resistance/battery combination are called conductance-based models. In re-

ality, the membrane contains special ion-channels (through which the current ows) that let ions
pass under special environmental conditions, e.g., when the voltage over the membrane reaches a
threshold. Consequently, the activation of this neuronmodel is complex, and allows for specialised
computational functionalities. For this brief description it important to see that despite the high
level of detail (i.e., different parts of the membrane are modelled with equivalent electrical com-
ponents), the neuron model has no morphological component because only a small piece of the
membrane is modelled.

Ad() Linear cable models

Linear cable models bridge the gap between the shapeless and isopotential conductance-based
models and the compartmental models (presented next). In the linear cable model, the dendritic
branches are interpreted as electric cables having a conducting core with a leaky isolator shield
around them. By explicitly modelling dendrites as electrical cables, the state of the neuron is dis-
tributed and the activation depends on (i) the location in the cable and (ii) the time that passed

e term ‘biophysical’ is used here to denote the different underlying processes.
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Figure .: Conductance-based model.

since the last input. is complex state contributes to sophisticated computational functionali-
ties. e cable theory makes one major abstraction: it is assumed that the relationship between
membrane potential and membrane current is linear (Mel, ). A linear relationship between
the electrical potential and current means that the current is proportional to the membrane po-
tential. However, in neurons this is not always the case: particular ion channels activate quickly
and boost the currents irregardless of the membrane potential. In the light of this thesis, the lin-
ear cable model is an important model because it includes morphology and the computational
functionality performed by this model relies on a distributed activation (see section .).

Ad() Compartmental models

e compartmental models are the biologically most detailed models that we describe here. A
compartmental model combines elaborate morphologies with the detailed conductance-based
models. In a compartmentalmodel, a dendrite is again considered as a electrical cable. However, in
contrast to the linear cablemodel, the electrical cable is not a continuous cable but it is divided into
small parts. e small parts are then linked by means of resistors in between of them. ese parts
represent a small piece of membrane and each one may consist of individual conductance-based
models. Consequently, the neuronmodel is essentially a group of conductance-basedmodels with
preservation of morphological relations: adjacent conductance-based models will be in uenced
by the state of the models next to them. e complete model is called a compartmental model as
it discretises a continuous piece of dendrite into small compartments. e computational func-
tionality of the compartmental model is most detailed, i.e., it can exhibit (i) distributed activations
depending on time and location, and (ii) at each compartment the state can follow a linear and
non-linear activation.

.. A trend in neuron models

e brief introduction of the main classes of neuron models in both computer science and com-
putational neuroscience reveals a stagnating trend: neuron models in computer science gained in-
creasing computational functionality by incorporating more biological detail.

We can ground this trend by four observations. First, in the computer-science neuron model the
computational functionality increases with the development over time, i.e., the third-generation
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neuron model can perform the most advanced computations. Second, the increase of function-
ality in computer-science neuron models parallels the incorporation of more biological detail in
the formalism.ird, in computer-science neuronmodels, morphology is not considered as a con-
tributor to computational functionality. In contrast, in the computational neuroscience neuron
models, morphology is recognized as a contributor to the computational functionality. Fourth, the
development of neuronmodels in computer science stagnates after the spiking neuronmodels. So
far, we have not seen a ‘fourth-generation’ neuron model that includes more biological detail, and
the functionality is not increased anymore.

For the sake of completeness, we summarize the described classes of neuron models in table ..
e order in this table is from the most abstract and least computationally functional (in CS), to
the most biologically detailed and most computationally functional model (in CNS). e table il-
lustrates the observed trend that the neuronmodels in computer science have less biological detail
and less computational functionality.

Domain Name Computational complexity Morphology
CS McCulloch-Pitts model Binary on-off switch No
CS Extended McCulloch-Pitts model Real valued activation No
CS/CNS Spiking neuron model Spikes that exploit exact timing No
CNS Conductance-based model Operates different regimes: linear and non-linear No
CNS Linear cable model Only linear regime but with distributed activations Yes
CNS Compartmental models Linear and non-linear and distributed activations Yes

Table .: Summary of single neuron models used in computer science (CS) and computational neuro-
science (CNS) in the order of increasing complexity in computational functionality ( from top to bottom).

After the development of the third-generation neuron model, the trend stagnates for two reasons.
First, because of the problem-solving incentive in computer science there is a further abstraction
away from ANNs and towards probabilistic models (e.g., Bishop, ; Hinton, ). ere is no
incentive for complicated models with a large amount of biological details at the time that statis-
tical methods could solve some problems more straightforwardly.

Second, the a cionados of ANNs and the ‘brain-inspired’-way of problem solving focussed on the
computational functions that arise from biologically detailed network topologies (e.g., Koch et al.,
). us, the focus in the ANN research itself shifted from single neuron models to network
models. Examples of such biologically inspired networks or topologies are theGasNets (Smith et al.,
), the Liquid state machines or ‘echo-state’ machines (Jaeger, ; Maass et al., ), and
plastic neural networks (Floreano and Urzelai, a).

Despite the observed stagnation, it should not be excluded that a further enhancement of neu-
ron models in computer science is possible. Moreover, recent developments in the eld of neuro-
science attribute increasingly more computational functions to the dendrites; particularly due to
the distributed activation in dendrites (Segev, ; Koch and Segev, ; London and Häusser,
).Many of the new insights into the dendritic computations are of amore recent date than the
latest development of single neuron models in computer science. erefore, it is even reasonable
that these new insights into the in uence of dendritic morphology will contribute to the future
development of functionally more complex single neuron models in computer science.
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In this thesis, we address the feasibility of using neuron models incorporating morphology to per-
form tasks normally performed by the formal neuronmodels. A research eld called computational
neuroanatomy emerged to study the effects of morphology on computational functionality by ex-
tensive use of biophysical neuron models. is eld is described next.

. Computational neuroanatomy

Computational neuroanatomy is a research eld which focusses on neuronal morphology and the
effects of morphology on computational functions. Compartmental models with either existing
morphologies (experimentally obtained through microscopes) (De Schutter and Bower, ) or
hypothetical morphologies are used (Prinz et al., ). From a theoretical point of view, it is not
hard too see that morphology and its resulting distributed processing contributes to neuronal
computations. However, by studies performed in the eld of computational neuroanatomy it is ex-
perimentally demonstrated that morphologies actually do contribute to the computational func-
tionalities that take place in neurons (see Segev, ; Mel, ; Jaffe and Carnevale, ; Euler
and Denk, ; Segev and London, ; Koch et al., ; London and Häusser, ; Acker and
White, , and chapter ).

us, in neuroscience the pivotal role of dendritic morphology in neuronal computation is recog-
nised. Moreover, it is recognised that the computational functionality of neuron models increases
with the incorporation of morphology. e domain in which the compartmental models are em-
ployed is con ned to neuroscience. is leads to the idea of enhancing the computational func-
tionality of ANNs by including amorphological component to the formalism. Two approaches can
be followed to pursue this goal. e rst approach is to use more complex neuronal dynamics in
ANNs as proposed by Polsky et al. (). ey reduce a neuroanatomical model to a compart-
mental model with as few compartments as possible while still obtaining the desired behaviour.
e second approach is based on actually identifying core mechanisms that allow for complex neu-
ronal dynamics. In other words, we want to nd rules that describe themapping between function
andmorphology and use these rules to enhance the function of more abstract neuronmodels.e
second approach is what we do in the thesis.

. Problem statement and research questions

In the previous sections we showed that in computer science the formal neuron models do not
incorporate morphology as part of the computational mechanism. In contrast, in the eld of neu-
roscience, dendritic morphology and the distributed activation are recognized as main contribu-
tors to computational functionality. e link between morphology and function is coined as the
neuronal morphology-function relationship⁴ (London and Häusser, ; Grueber et al., ; Cuntz
et al., ). However, recognition of the morphology-function relationship does not imply that it
is well understood. Indeed, it remains unclear (i) to what extent and (ii) in which way morphol-
ogy contributes to the emerging computational functions in neurons. is leads to the following
problem statement (PS).

⁴e relation is sometimes referred to as the ‘function-structure relationship’ (e.g, Stiefel and Sejnowski, ) or
‘activity-morphology’ relationship (e.g., Grueber et al., ). Being a relationship, the order of the term is of minor im-
portance.
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PS: Can biological insights into the neuronal morphology-function relationship enhance the
functionality of arti cial neurons?

For our investigations we divide the PS into two different parts leading to PS1 and PS2.

PS1: To what extent can we gain biological insights into the neuronal morphology-function
relationship?

PS2: To what extent can these insights be used to enhance the functionality of arti cial neu-
rons?

Four research questions are formulated to investigate PS1 and PS2; three research questions target
PS1 while one research question targets PS2.

With respect to PS1, we observe that gaining insights into a relationship implies that this relation-
ship should be investigated in both directions. In the case of the neuronal morphology-function
relationship this observation prescribes two lines of research. First, existing morphologies should
be xed and the emerging function investigated. Second, a function should be xed and the mor-
phology that allows for that function should be investigated. However, there is a main problem
here: for most neurons the exact ‘function’ is unknown (Stiefel and Sejnowski, ).

erefore, we propose a theoretical and inverse approach: neuron models with elaborated mor-
phologies have to be generated in a way that allows us to have full control over the morphology
or the desired function, or both. An approach should be devised so that it conforms to the follow-
ing two global requirements: () neuronal morphologies can be generated algorithmically and ()
generated morphologies should be optimised so that they can meet biologically motivated con-
straints.

PS1 leads to three research questions of which two are related to the deployment of the proposed
approach. ese two read as follows.

RQ1: How to generate single-neuron morphologies?

RQ2: How to optimise single-neuron morphologies given morphological or functional
constraints?

Insights into themorphology-function relationship should ultimately lead to a deeper understand-
ing of a neuron’s computational function by observing its morphology. However, most biological
neurons aremorphologically elaborate and perform amultitude of computations in different parts
of the dendritic tree (Sheperd and Koch, ; Polsky et al., ). Consequently, in reality it is un-
known which particular (subset of a) morphology allows for which function. is problem can be
alleviated by decomposing an elaborate morphology into smaller parts, that perform only a single
computational function. We refer to the small parts of a dendritic tree as morphological building
blocks. e third research question operationalizes the search for biological insights according to
these lines and reads as follows.

RQ3: How can we understand the morphology-function relationship in quantitative
terms?
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PS2 states that these insights should be employed in an arti cial agent (robot). erefore, the gap
between single-neuron functionality and high-level behaviour exhibited by an arti cial agent has
to be bridged. e fourth research question addresses this issue.

RQ4: Howcan a complex single-neuronmorphology be used to performhigher-level com-
putational functions?

. Researchmethodology

In order to answer our research questions, we employ the following empirical research methodol-
ogy that is composed of three main steps.

e rst main step is a literature study to identify existing approaches that could help to answer
our research questions. We analyse the ndings and aim to make an inventory of the techniques
and approaches that are currently used to perform research related to ours.

e secondmain step is the analysis of the current techniques and approaches.is step will lead
to the formulation of requirements for developing an approach that will allow us to perform the
research required to answer the research questions. So, we develop a novel approach that complies
with the requirements.

e third main step consist of performing four experiments that serve two goals. For the different
experiments we (i) implement the approach, (ii) perform the experiments, and (iii) analyse the
obtained result. is research methodology is summarised in gure ..

1. Literature review and analysis

2. Develop an approach for algorithmic generation of morphologies

3. For four experiments
     - Implement approach
     - Perform experiment
     - Analysis of obtained results

Figure .: Overview of the research methodology.

.. Two goals, four experiments

For the execution of the research according to themethodology given above, we outlined two goals
and four experiments. Below, we list the goal, the experiment, the RQ, and the chapter in which the
experiment is covered.

Goal Experiment RQ Chapter

Morphology
. Generation of a single morphology 1,2 4
. Generation of a set of morphologies 1 5

Function
3. Allow for input-order detection 3 6
. Allow for motion-detection 4 7
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e experiments are set up so that they should answer the research questions. e research ques-
tions aim at nding answers for two objectives, namely the () generation of accurate neuronal
morphologies, and () generation of morphologies that allow for a particular computational func-
tion. For each of the two goals we perform two experiments.

With respect to the generation of accurate neuronal morphologies, we rst generate a single neu-
ron that resembles a single biological neuron by generation and optimisation of the morphology
(RQ1, RQ2). is experiment is performed to validate the developed approach. In a second exper-
iment, we try to generate a complete set of virtual morphologies that share statistical properties
with a set of prototype neurons (RQ1). For both experiments, we implement a different realisation
of our approach to generate virtual morphologies and therefore they both contribute to RQ1.

With respect to the generation of morphologies that allow for a computational functionality, we
rst optimise virtual neurons that perform as input-order detectors. We answer RQ3 by analysing

(i) the resultingmorphology, and (ii) the link between themorphology and the function the neuron
performs. We also perform a second experiment to show that we can also optimise for higher-
level computational functionality, namely motion-detection. By optimising a virtual neuron for
this function, we answer RQ4.

. Structure of the thesis

e remainder of this thesis is structured as follows. In chapter  we describe the results of the
literature study (RQ1). e result is a description of (i) a demarcation of the scope of the investi-
gations, (ii) real neurons and their properties of interest, (iii) virtual neurons and how they can be
obtained and represented in a computer, and (iv) how to simulate neuronal computations on a vir-
tual neuron. In chapter  we formulate the approach for generation of virtual morphologies which
we call the AGO approach. Subsequently, in chapter  we present the rst implementation of
AGO, namely EOL-N, and the results of experiments performed with the rst implemen-
tation. In chapter  we present the results of the second experiment. To execute the experiments
we developedKDE-N, the second implementation of the AGO approach. After the rst two
experiments, our focus shifts to the computational functions in neurons.e third implementation
of the AGO approach -S- is developed to perform the next two experiments. In chapter ,
we describe S and the results of the third experiment. e last experiment performed in
this study is presented together with the results obtained by these experiments in chapter .ere-
after, in chapter , we discuss the ndings of the thesis on a general level. In chapter  we provide
our conclusion and give recommendations for future research.
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selected background

Computational neuroscience is a highly multi-disciplinary re-
search eld. It is performed at different levels ranging from the
microscopic level of molecules to the macroscopic level of be-
haviour. We demarcate the scope and describe four carefully se-
lected topics. Understanding of the underlying ideas of the dis-
cussed topics is required for later chapters.

contents We start this chapter with a demarcation of the scope in section .. Sub-
sequently, in section . we present real neurons and describe (i) the den-
dritic structural properties, (ii) the dendritic electrical properties, (iii) the
dendritic dynamics, and (iv) the dendritic computational functionalities.
en, in section .we explainhowneurons canbe stored in a computer as
virtual neurons and how these virtual neurons can be obtained by means
of an experimental tracing method, or by an algorithmic reconstruction
method. Since we plan to use algorithmic reconstruction approaches to
obtain virtual neurons, we also present a modelling cycle to reconstruct
neurons algorithmically ( § ..). ereafter, in section ., the formulas
to simulate dendritic dynamics are introduced. A note on the terminology
is given in section ..

13



Computational neuroscience: selected background

. Demarcation of the scope

A fundamental step in all research is the demarcation of the scope of the investigations, i.e., de n-
ing the scope and providing a motivation for a certain de nition of the scope. In this section, we
demarcate the scope of the thesis by describing andmotivating the level of abstraction atwhichwe
perform our analyses. Such a demarcation is necessary, because there are always (open) relations
between different levels of abstraction. However, these relations are not always relevant for under-
standing a phenomenon at a particular level. For instance, moving molecules modify the mem-
brane potential, but for the explanation of a speci c membrane potential, the molecular details
may be ignored. Moreover, ignoring some details may lead to an increase in understandability. In
accordance with our problem statement and research questions, we investigate the effect of neu-
ronal morphology on computational functions. As stated in section . the dendrites are the main
computational entities of neurons. Moreover, as we will see soon (§ ..), prominent researchers
coined the dendrites the “computating workhorses of the brain” Mel (); this is themain reason
that we only consider the dendrites in the remainder of the thesis . erefore, we de ne the scope
of computational functions and dendritic morphology (instead neuronal morphology).

To demarcate the scope for the computational functionality of neurons, we distinguish between
short-time-scale neuronal dynamics and long-time-scale neuronal dynamics.e short-time-scale
dynamics are the feed-forward electrical processing of inputs. e long-time-scale dynamics are
de ned as the dynamics that occur long after the direct effect of an incoming pulse has been van-
ished. Such dynamics are, for instance, involved in long-term depression and long-term ponte-
tiation (see e.g., Vickers and Wyllie, ). Other examples of long-time-scale dynamics are the
activity-dependent protein synthesis in neurons (e.g., Lacman et al., ), and adultmodi cations
of neuronal morphology (Hoy et al., ; Huber, ; Libersat and Duch, ). In this thesis, we
con ne ourselves to the functions at the short-time scales because at this time-scale, inputs are
directly integrated and the largest in uence ofmorphology on processing is expected.e compu-
tations at this time scale involve electrical signalling and therefore we demarcate these neuronal
computations as the short-time scale computations caused by electrical signals.

To demarcate the scope for dendritic morphology, we consider dendrites as electrical cables that
consist of linked cylindrical compartments. us, dendrites are seen as if they are composed of
small cylinders with appropriate diameters that are linked together. is representation of den-
drites is widely spread, and consistent with dedicated neuronal simulation packages as N
(Carnevale and Hines, ) and  (Bower and Beeman, ). e chosen demarcation
neglects the small protrusions that occur in some dendrites, the so-called spines (Masanori et al.,
; Timofeeva et al., ). It is reasonable to neglect the spines because their physical and elec-
trical properties can be compensated for bymodifying the properties of the cable representing the
dendrite (see Shepherd, ). Spines are also involved in intra-cellular chemical signalling (e.g.,
Crook et al., ). However, chemical signalling takes place at the long-time scale and is therefore
discarded on the ground of our earlier demarcation of computational functionality.

In summary, we con ne ourselves to short-time scale, electrical dynamics in dendrites. Further-
more, the dendrites are considered as sets of linked cylinders. ese demarcations allow us to ad-
dress the RQs.

For the sake of readability, we use ‘neuronal morphology’ as a synonym for ‘dendritic morphology’.
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. Real neurons

We start this section by listing several ndings about dendrites to justify our decision to consider
dendriticmorphologyonly. Fromthese nding itwill becomeclear that aneuron’s identity ismainly
de ned by its dendrites (§ ..).

Subsequently, we present a range of properties by which a dendrite can be described. We con-
sider two classes of properties to describe dendritic morphology, namely () structural properties
(§ ..), and () electrical properties (§ ..). e structural properties are divided into the basic
properties and emergent properties. Electrical properties are divided into the passive properties
and the active properties. ese distinctive properties are summarized in table .. We note that
this division is not complete, but rather complies with the demarcation of the scope of the thesis.
For instance, the biophysical properties only contain the electrical properties but not the chemical
properties. en we describe our progress to the integration of inputs (or the neuronal dynam-
ics) in § ... Lastly, we show a rare example of an understood morphology-function relationship
in § ...

Describing dendrites
Structural properties Electrical properties

Basic properties Emergent properties Passive properties Active properties
Minimal set of structural
properties to categorise
dendritic morphology.

Properties that emerge
from interactions be-
tween basic properties.

Constant electrical prop-
erties of an electrical ca-
ble.

Voltage-dependent and
time-dependent electrical
properties related to ion
channels.

Table .: Overview of the different properties involved in the description of dendrites.

.. A neuron’s identity: dendrites

We start with an important fact. In humans the brain only accounts for 2 of the total body mass,
but consumes 20 of the total human energy consumption. More speci cally, of the energy con-
sumed by the brain, dendrites alone use the majority of this energy, namely 70. is high energy
consumption by dendrites is primarily caused by maintaining an arti cial voltage potential over
the cell membrane by means of ion pumps (cf. Trappenberg, ). By reasoning along the Dar-
winian line, this huge energy consumption is only warranted by seeing it as a strong contribution
to the survival probability of the species (including humans). Hence, dendrites can be regarded as
crucial elements.

From a neuroanatomical perspective, dendrites collect inputs through synaptic connections with
other neurons. So they can be thought of an extension of the soma to increase the cell surface
without sacri cing the little available brain volume (Fiala and Harris, ). Moreover, dendrites
are the largest structure in the mammalian brain (Segev and London, ). In case of a particular
type of neuron (i.e., motor neuron), the total dendritic surface area (excluding the axon) accounts
for 97 of the total cell surface (Fiala and Harris, ). ese ndings give an intuitive account
of why prominent researchers are to state that “[dendrites] are the computing workhorses of the
brain” (Mel, ) and “dendritic trees give neurons their personality” (Häusser and Mel, ) .
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From the moment that the technology allowed researchers to look at neurons, neurons were de-
scribed by their physical appearance (approximately around ). One of the rst ‘views’ of such
a neuronal morphology is illustrated in gure . (left). e gure is a drawing made by Ramon y
Cajal who drew the gure of a Golgi stained neuron. Since the outline (or contour) of the dendrites
was the sole level of distinction, the dendritic morphology was described in terms of its structural
properties only. However, since the relation between dendritic morphology and computational
functionalities became more evident, the electrical properties were also considered to be a part
of a dendrite’s morphology. e right part of gure . illustrates the more recent opinion of den-
dritic morphology: not only the structure is visualised, but also speci c electrical properties of the
neuron are chemically lit up so they become visible.

In accordance with the demarcations outlined before, we describe dendritic morphology in terms
of structural properties and electrical properties. Both types of properties are explained in the next
two sub sections.

Figure .: Left: drawing of a brain section with its different neuron types (Creative commons licensed,
Santiago Ramon y Cajal, circa ). Right: stained interneuron from the cortex with soma and den-
drites (Creative commons licensed, from Lee et al. ()).

.. Dendritic structural properties

When trying to describe neuronal structure in a quantitative way the question arises: which prop-
erties are required? Because there is no clear quantitative insight into how a complete neuron
grows within the extra-cellular substrate, a neuron’s structure needs to be described by structural
properties that can bemeasured directly from the neuron.We note that only a few structural prop-
erties are observed directly from an image or drawing, e.g., the number of dendritic branches or
the overall morphology such as ‘spherical’ or ‘ at’ (Fiala and Harris, ). erefore, the quanti -
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cation of a dendritic morphology starts with a digital representation of a neuron’s morphology, a
so-called virtual neuron (VN). VNs allow for better measurements because themeasurements can
be performed by a computer.

ere is an abundant literature on the classi cation of neuronal types into correct classes on the
basis of their structural properties (e.g., Hillman, ; Burke et al., ; Caserta et al., ; Fer-
nández and Jelinek, ; da Fontoura Costa et al., ; van Pelt and Schierwagen, ; Barbosa
et al., ; Samsonovich and Ascoli, b). A straightforward and efficient classi cation can be
performed on the basis of the arrangement of the individual dendrites in a dendritic tree, e.g., aden-
dritic, uni- and bipolar, spherical radiation, and so forth (Fiala and Harris, ). When dendrites
are considered as input collectors (along processors of inputs), classi cations can be done on the
basis of their surface area, their volume in space, and their fractal dimension (Caserta et al., ;
Fernández and Jelinek, ). When the dendritic tree is regarded as an electrical component –a
conductor with resistances and a capacitance– the path length from the soma to the terminal tips,
the number of bifurcations, and the order of a dendritic tree are important (da FontouraCosta et al.,
; Uylings and van Pelt, ; Fiala and Harris, ). In some cases the structural classi ca-
tion is based on the exhibited computational functionality as well (Barbosa et al., ; Migliore
and Shepherd, ), i.e., bursting or fast-spiking.

In addition to the properties used in such ‘ad-hoc’ classi cations, there is a historical search for the
minimal set of properties that is sufficient to describe any dendritic morphology. A rst attempt
was reportedbyHillman ().He outlined a set of ‘fundamental properties’ thatwas (according to
him) sufficient and complete to describe any neuronal morphology (and thus also dendritic mor-
phology). However, he failed to quantify important properties such as branching angles. With the
advent of computer algorithms to generate dendritic morphologies, the minimal set of structural
properties gained importance. e reason is that a dendritic morphology can be reconstructed -
in principle- from quantitative descriptions of the set of minimal properties (Hillman, ; Ascoli
et al., a). e common name for the minimal set of properties is nowadays the set of basic
properties (Ascoli et al., a; van Pelt et al., ). An alternative formulation of the set of basic
properties is ‘the set of properties required to reconstruct algorithmically a dendriticmorphology’ .
e formulation of the set of basic properties led to the formulation of a different set of properties,
namely the set of emergent properties. is set denotes all the structural properties that emerge
from the interactions between basic properties. For instance, the average length of a dendritic seg-
ment can be a basic property while the overall length of a dendrite is an emergent property.

Table . provides an overview of frequently used basic and emergent properties. An exhaustive
list of structural properties can be found in the appendix A. Both types of properties are often used
throughout the thesis.

.. Dendritic electrical properties

e electrical properties can be subdivided into the passive properties and active properties. e
passive properties are the properties of the electrical cable (representing a dendrite) that have a
constant in uence on the membrane potential. In contrast, the active properties summarize the
effect of the ion channels that require activation (often by voltage changes). Active properties have

Wenote that according to this de nition the set of basic properties is not constant. Indeed, different algorithms require
sets of properties of different sizes.
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Fundamental Emergent
Individual stem diameter Total length
All stem diameter Total surface
Diameter of terminal tips Asymmetry
Length of terminal tips Total number of bifurcations
Length of all segments Maximum order
Branch power Average path to tips
Daughter-branch ratio Average distance to tips
Stem orientation
Branch orientation
Number of stems
Numbers of fragments per segments

Table .: List of frequently used basic and emergent structural properties. ere is no relation between
entries in the different columns on the same row.

a variable in uence on themembrane potential depending on the voltage of themembrane poten-
tial and the time. For instance, if the membrane potential is below a particular threshold, the ion
channels (which constitute the active properties) are in rest and do not contribute to the mem-
brane potential. When only passive properties contribute to the current membrane potential, a
neuron is said to behave in a linear regime (also called a sub-threshold regime) because the cur-
rent that ows through themembrane is proportional to themembrane potential.When the active
properties contribute to the membrane potential (i.e., when the membrane potential is above the
threshold for a particular ion channel) the neuron is said to behave in a non-linear regime (also
called a supra-threshold regime) because the activation of certain ion channels perturbs the lin-
earity between electrical charge and electrical current.

Passive properties consist of themembrane capacitance andmembrane resistance in combination
with the dimensions of a cylindrical segment representing the dendrite. Here, the membrane ca-
pacitance and resistance are a quantitative description of the in uence of passive ion channels on
the membrane potential. In a supra-threshold regime the behaviour is de ned by both the passive
and active properties. e passive properties are always contributing to the membrane potential.
e effect of the active properties ‘adds up’ to the passive behaviour (Segev and London, ;
Steuber et al., ; London and Häusser, ).

Active properties modify the membrane potential at speci c potential ranges by allowing addi-
tional charged ions to ow inward or outward. e active properties relate to a particular ion
channel. Due to the demarcations in section . we only consider ion channels that are activated
by an electrical cue. is type of ion channel is called voltage-dependent (Magee, ). Each of
these voltage-dependent ion channels differ in (i) the ion-type that they allow to move through
the membrane, (ii) the activation threshold, and (iii) a number of other kinetic properties such
as the deactivation (Johnston, ; Magee, ). In chapter  we introduce two such active ion
channels.

In relation to the ion channels some additional terminology needs to be introduced to understand
later chapters. Different ions have different charges which can be positive or negative. As a result,
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the effect of a particular ion channel can be inhibitory or excitatory. If the effect is inhibitory, the
membrane potential becomes lower (i.e., hyperpolarized ). If the effect is excitatory, themembrane
potential becomes higher (i.e., depolarized). e effect of an input on the membrane potential is
referred to as the Post-Synaptic Potential (PSP), which can be either excitatory (EPSP) or inhibitory
(IPSP).

.. Dendritic dynamics

In the thesis, we distinguish between the dendritic dynamics and the computational functionality
of dendrites. We de ne the dendritic dynamics as the low-level processing of inputs signals due to
the passive and active properties of the cable that represents a dendrite. Dendritic dynamics are
also referred to as the integration of inputs. We de ne computational functionality as the higher
level functionality emerging from dendritic dynamics. An example clari es the difference.

Assume an electric pulse being injected to a speci c location on a dendrite. Due to the passive
properties of the dendrite, the pulse decreases in amplitude and broadens its shape the further
away from the site of injection. is phenomenon is an example of dendritic dynamic. e fact
that the input broadens (i.e., the peak is delayed with respect to the peak at the site of injection)
contributes to a delay of the signal.e computational functionality that emerges from this type of
dendritic dynamics is a ‘delay line’. Inmost cases, it remains unknownwhat the true computational
functionality is (according to our de nition). Below, we rst explain the passive dynamics and the
resulting passive computations. en, we brie y touch the dynamics caused by active properties.

e passive dynamics are primarily governed by voltage attenuation and the localization of inputs
(London and Häusser, ). Voltage attenuation is the effect that an input signal travelling along
an electric cable (i.e., passive dendrite) has a decreasing amplitude and a broader shape than the
original input. e effect increases with (i) the distance to the site of inputs, and (ii) the time that
passed since the last input. Localization is the effect that the exact input site has a large impact
on the neuronal dynamics. For instance, the effect of the neuronal dynamics in one part of the
dendritic tree can be cancelled completely by a particular input on a speci c location (i.e., shunt-
ing inhibition London and Häusser, ). Figure . illustrates this effect. e top panels show
the EPSP measured at different locations in an identical model after one pulse was injected⁴. e
bottom panels schematically illustrate the model that consists of one dendrite with ve dendritic
compartments (d1, d2, …, d5) and a soma (s), where d1 is most proximal to the soma and d5 most
distally. e dendrite is long and has a uniform tapering. e gauges denote the sites where the
membrane potential is recorded. In sub gure (a) the input is located at the very end of the den-
drite (i.e., in d5). Due to voltage attenuation the amplitude of the voltage in the soma is weakened,
and the peak is shifted by some  simulation steps. At the input site, the peak is instantaneous
and has a maximal amplitude. One compartment closer to the soma, the peak is shifted a little bit
in time but its amplitude almost halved. In sub gure (b) the input is located at the soma. It can be
observed that the voltage traces are entirely different; the peak of the voltage amplitude shifts less
with respect to the time dimension (e.g., only some  simulation steps), and the amplitude itself
is not decreased as drastically as in the other model setup.

e membrane potential in rest is always negative; typically around−70 mV .
⁴e model is a dummy model with structural and electrical properties that straightforwardly illustrate the dynamics

mentioned in the text.
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Figure .: Voltage attenuation as passive dendritic dynamics. e top panels represent the EPSPs ob-
tained from an illustrative neuroanatomical model. e bottom panels illustrate the schematic model
and the location of the input.

Using the voltage attenuation and the localization of inputs, a single passive dendrite can perform
three distinct computational functions, namely, () perform spike-order detection, () act as a de-
lay line, and () perform logical operations. First, spike-order detection is the function in which the
order in which two input pulses arrive can be distinguished. In the case illustrated in gure .,
the neuron is able to detect two distinct spikes when they are located in different parts of the den-
drite because they would trigger different voltage responses at the soma. Second, a dendrite can
function as a delay line because the peak of the voltage response is shifted when measured at dif-
ferent locations in the dendrite and hereby introducing a delay. ird, logical operations can be
performed in single dendrites. Figure . illustrates the underlying dynamics in a logical operation
performed on a piece of dendrite.e circled S represents the soma, the vertical upward line repre-
sents the dendrite, the full circles excitatory inputs (e and e), and the open circle inhibitory input
(i and i). In gure . a few possible operations on an unbranched dendrite are shown. On the il-
lustrated piece of dendrite, there are two excitatory inputs (e1, e2) and two inhibitory inputs (i1,
i2). In this dendritic ‘con guration’, the [ANDNOT] logical operation can be performed as follows.
If there is an excitatory input e1 and not an inhibitory input i1, the input e1 will reach the soma
and trigger some response. If however, inhibitory i1 is also present, the signal coming from input
e1 will not reach the soma (Shepherd, ; Liu, ). In addition of the three mentioned types of
dynamics, several additional complex interactions between the three give rise to additional pro-
cessing. For instance, gain control (Rall, ) or local veto inhibition or shunting inhibition (Rall,
; Koch et al., ) can occur between spatially distributed inputs. However, these dynamics
require greater technical detail and will -when required- be explained in the following chapter.

We now brie y mention active dynamics. In the chapters  and , we give more information about
the precise mechanisms used in active dynamics. e active dynamics work on top of the passive
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Figure .: Dendrites can act as electrical gates ( from Shepherd ()).

dynamics and depending on the properties (e.g., voltage-dependence, kinetics, and distribution
on a dendrite) they can amplify, dampen, and shape the responses after synaptic inputs are re-
ceived and processed on a dendrite (Gulledge et al., ). Response ampli cation is used to rein-
force distal inputs to the extent that the amplitude does not decrease along the dendrite (Migliore
and Shepherd, ; Chen and Johnston, ; London and Häusser, ). Dampening of inputs
serves as an additional mechanism for gain control bymembrane-potential-induced conductance
changes (Koch et al., ), i.e., massive exertion of in uence from active properties can decrease
the effect of more inputs or high amplitude inputs. Modifying the shape of an EPSP can lead to
either sharpening or widening of an EPSP.

.. Morphology-function relationship

It is well known and established that the aforementioned dendritic dynamics – both passive and
active– can be implemented by a special arrangement of dendritic segments (e.g., Häusser and
Mel, ; London and Häusser, ). However, there are only a few examples of how an ex-
isting morphology and the resulting dynamics implement a speci c computational functionality
(Agmon-Snir et al., ; Segev, ; Stiefel and Sejnowski, ). e best known example of a
systemwhere the neuronal morphology-function relationship is understood is the coincidence de-
tection in avians. We discuss this example below by stating (i) the computational functionality, (ii)
the dendritic morphology, and (iii) the effect of the particular morphology on the function.

Coincidence detection is the computational functionality in which a neuron responds strongly to
the simultaneous arrival of two inputs, and respondsweakly to non-simultaneous arrival of two in-
puts. is functionality is known to be performed by particular auditory neurons in avians. ese
neurons are bipolar so they can receive inputs from two different sources. Auditory inputs are
grouped according to the direction (and ear) from which they are coming. en, coincidence de-
tection is the ability to respond differently to the simultaneous or non-simultaneous arrival of the
inputs from both ears.

Exhaustive physiological investigations (see, for instance, Grau-Serrat et al., ; Carr and Köppl,
; Hyson, ; Kuba et al., ) revealed the dendritic dynamics that underlie this compu-
tational function. e main principle is an identical propagation on both dendrites: simultaneous
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arrival of inputs on the dendrites will arrive simultaneously at the soma. e result is that the in-
puts are summed more than linear when they arrive at the soma. Whenever the inputs are not
arriving simultaneously, the inputs sum sub-linearly at the soma. e difference in activation at
the soma results in coincidence detection. e principle was shown to be highly robust because
the dimensions of the dendrites (that de ne how a signal propagates) changed systematically with
different input frequencies (Soares et al., ; Hyson, ; Kuba et al., ). Knowledge of the
dendritic dynamics, the dendritic morphology, and their interactions led to the understanding of
the morphology-function relationship for this neuron type and the resulting computational func-
tion.

ere are over , neuronal types and at the time of writing there are only a handful of examples
of neuronal types for which the morphology-function relationship is understood. Nevertheless, in
the scienti c community there is a fairly good understanding of the passive and active dynamics in
neurons. However, in our opinion, the fact that (i) we do not understand the morphology-function
relationship inmost neuronal types, and (ii) we do understand the neuronal dynamics in fair detail,
strongly indicates that knowing the passive and active dynamics is not sufficient to understand the
morphology-function relationship. In chapter  we address this issue and propose an approach to
gain a better understanding of the morphology-function relationship.

. Virtual neurons

Virtual neurons are digitized representations of neurons with an emphasis on their morphology.
VNs are crucial to this study as they can be used in the synthetic experiments we perform in chap-
ters  to . Because of their importance for this studywe provide somemore detail on the represen-
tation of VNs (§ ..), and on howVNs can be obtained (§ ..).e content of the two subsections
is highly intertwined. Lastly, we focus on one of the ways to obtain virtual neurons (algorithmic re-
construction) and present the modelling cycle involved in algorithmic reconstruction (§ ..).

.. Representation of virtual neurons

ere are at least four common ways to represent VNs digitally on a computer, namely () a pic-
ture of a neuron, () in a 3D description, () by means of statistical descriptors, or () by means
of an algorithm that can generate a VN. e rst option is the ‘conventional’ way while the three
remaining options are computational representations. Below, we discuss the four representations.

First, we describe the picture representation. For a neuroanatomist, a picture of a neuron taken
through amicroscope and digitally captured has probably the highest value of the four representa-
tions. Humans are good in recognising patterns (e.g., Lacroix et al., ) and therefore the picture
representation is of value. However, only few structural properties can be observed from a picture
directly (Fiala andHarris, ). Hence, a picture does not allow for precise quanti cation. In order
to describe (or quantify) the dendrites, one of the three computational representations is required.

Second, the 3D representation is a description of the dendritic morphology in some kind of struc-
tured format. In such a format, the dendrites are considered to be a set of linked cylindrical or
conical elements. After breaking down a dendrite into a set of small so-called morphological com-
partments, a dendrite can be described by providing (i) a unique identi er for each compartment,
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(ii) the identi er of the parent compartment, and (iii) the 3D coordinates of the endpoint of the
compartment. Because a compartment contains a link to its parent, there is no need to store two
coordinates and so, only the endpoint needs to be stored. e advantage of this representation is
that it lends itselfwell for further quanti cation. Byusing straightforwardprocedures the structural
properties can be measured from a 3D description. For instance, the length of a dendritic branch
is computed by summing the compartment lengths on the path between the soma and a termi-
nal tip. Several formats are in use, but the most widely spread are the formats used by dedicated
simulators as  and , and the SWC format (Cannon et al., ). e SWC format
has become the de facto standard and is independent of the simulators. We observe that the 3D
description represents single neurons individually. e next two computational representations
describe sets of VNs rather than single VNs.

ird, the statistical representation by means of statistical descriptors. Such statistical descriptors
are density distributions of a particular property that can measured from individual 3D descrip-
tions. Subsequently, a set of such descriptors can give faithful insights into the distribution of par-
ticular properties over a group of neurons. Consequently, the representation by means of statis-
tical descriptors has greater explanatory capability than the 3D description because it takes into
account multiple neurons. e drawback is that the 3D description is less detailed than the 3D
representation because it averages over multiple neurons, and does not represent a single one.

Fourth, the algorithmic representation is an algorithmic procedure to generate⁵ the individual neu-
rons from a set of prototype neurons. is type of representation brings together the 3D represen-
tation and the statistical representation because it generally uses a set of statistical descriptors to
reconstruct single neurons that are in turn represented by a 3D description. Again, the explana-
tory capabilities are greater than the individual 3D descriptions because the algorithm is designed
as a blueprint to reconstruct a set of neurons. e drawback is here, too, the lack of precision be-
cause the blueprint averages over multiple neurons and does not contain a description for a single
neuron.

.. Obtaining virtual neurons

ere are roughly three ways to obtain VNs, viz. () by taking a picture, () bymanual experimental
reconstruction, and () by algorithmic generation. Below, we discuss these three different ways,
and show how they relate to the different representations of VNs.

e rst way to obtain a VN is by means of taking a picture of a neuron viewed through a micro-
scope. is procedure leads to a picture-representation of a neuron. However, the picture repre-
sentation is of no further interest because it does not allow precise quanti cation and will not be
discussed further. However, it is important to note that the two other ways to obtain VNs (directly
or indirectly) start with a picture of a neuron.

e second way to obtain a VN is by experimental reconstruction (i.e., performed in a wet-lab) by
means of the so-called tracing method. In this method a picture or a set of pictures is taken from
a neuron that is stained with some contrast-increasing substance. en, the neuron is traced by

⁵In the thesis we use ‘reconstruction’ fomorphologies and ‘generation’ of morphologies as synonyms. Aminor technical
difference is that reconstruction implies the generation of a neuron after an example, while a generated neuron is not
necessarily modelled after an example.

23



Computational neuroscience: selected background

hand: an operator draws the shape of every dendrite of a neuron. e movement of the operator’s
pointing device (when tracing is performed with the aid of a computer) is then directly translated
into a 3D description. Tracing of neurons is the most accurate way to obtain VNs. However, it may
be remarked that this method has its challenges. Notably, the resolution of the images is relatively
low in contrast to the size of dendrites, and, the 3D structure is derived from an inherently 2D
picture. To resolve some of these challenges, it is proposed to use (i) a stack of images to resolve
the ‘depth’ from picture (because from a stack of subsequent images the depth can be seen), and
(ii) resolution increasing enhancements such as confocal microscopy (Evers et al., ) and laser
microscopy (Rodriguez et al., ). Because the tracing-method is time-consuming, there exist
(semi-)automatic tracing methods that take a set of images and automatically trace the dendrites
and convert them into 3D descriptions (Glaser and Glaser, ; Scorcioni and Ascoli, ; Myatt
et al., ). It is important to realise that despite the enhancements, tracing of neurons is still an
error prone process (Kaspirzhny et al., ; Scorcioni et al., ),and that experimentally recon-
structed neurons are used as the basis for the third way of obtaining VNs.

e third way to obtain a VN is the algorithmic generation of a neuron from a blueprint. ere
are two main algorithmic generation methods: () growth algorithms, and () reconstruction al-
gorithms (Ascoli et al., b; van Pelt et al., ). Growth algorithms try to mimic basic growth
principles of neurons and generate a VN by following speci c growth rules (van Pelt et al., ;
van Ooyen et al., ; Uylings and van Pelt, ; van Pelt and Schierwagen, ). Currently,
growth models are not generating full dendritic morphologies and are limited to the generation
of dendrograms: tree-like structures that include dimensions such as lengths and diameters, but
do not include geometry such as branching angles. In contrast, reconstruction algorithms do not
focus on the mechanism underlying a particular morphology, but rather on the nal morphology
itself. Reconstruction algorithms typically generate full 3D descriptions. We note that reconstruc-
tion algorithms bring together the different representations of VNs: reconstruction algorithms take
statistical distributions that are obtained from 3D descriptions, and generate new 3D descriptions
of VNs. e generic algorithmic approach is to sample values from the statistical distributions
and combine these sampled values to reconstruct a neuron. erefore, reconstruction algorithms
can be said to start from traced neurons that provide the 3D descriptions, rather than working
on real neurons. is has important implications for the natural variability and the quality of the
reconstructed neurons as we will describe in later chapters. In chapter  we will review different
reconstruction algorithms.

In summary, wemay state that traced neurons provide (i) the highest level of detail, and (ii) 3D de-
scriptions that serve as input formost reconstruction algorithms. About reconstruction algorithms
wemay state that they (i) provide a compact description of VNs, (ii) are highly explanatory because
they encode neuroanatomical rules which can be either growth rules ormere reconstruction rules.
ese observations play an important role in the following chapters, and will be elaborated more
in the next chapters where appropriate.

.. Algorithmic generation modelling cycle

In the thesis, we use algorithmic generation to obtain VNs. For the validation of a generation al-
gorithm it is important to know the different steps that are required to generate a neuron algo-
rithmically. Here, we present a generic modelling cycle that loops through three steps in order to

24



Virtual neurons

start from a real neuron, and ends up with a VN. e three steps are () quanti cation of neurons,
() reconstruction of neurons, and () validation of the reconstructed neurons with respect to the
original neurons.

Figure . illustrates a generic modelling cycle. e square boxes represent objects while the ovals
represent the three steps taken in the algorithm. In themodelling cycle, a real neuron is the starting
point, and the end point is a VN that passes the validation, i.e., comparison with the real neuron.

QuantificationReal neurons

Parametrized data

Virtual neurons Generation

Validation

Figure .: Generic modelling cycle with three steps: () quanti cation of neurons, () generation of
neurons, and () validation of the VNs with respect to the original neurons.

e rst step is the quanti cation step. Quanti cation ideally involves specifying a minimal set
of parameters which is both sufficient and complete to describe all properties of interest of a real
neuron.equanti cation step leads to a representation of the real neuron in the parameter space,
the parametrized data in gure .. In the neuron case, the dimension of the real neuron is equal
to the number of dendritic segments.e dimension of the parametrized neuron is the number of
properties used to quantify the neuron⁶.

e second step is the actual generation of VNs. is step projects the representation in the pa-
rameter space back to the object space. Several algorithms can be used to perform this step as
we will describe in chapter . e result of the generation step is a newly created object, i.e., an
algorithmically generated neuron.

e third step is the validation step, which essentially makes a comparison between the original
neuronand the reconstructedneuron.Of course, the goal is to reconstruct theproperties of interest
as faithful as possible. If both the previous steps are successful, then the reconstructed neuron will
share all properties of interest with the real neuron.us, themodel is valid and the reconstruction
is successful.We note that success depends on the criteria set by the experimenter and can only be
expressed in terms of a limited set of properties of interest. Consequently, properties that are not
included during the quanti cation or validation are not necessarily reconstructed. In subsequent
chapters, an important part of our investigations is exactly this type of validation of the generated
VN. In case that the reconstructed neuron does not pass the validation, the loop can be continued
in two ways (indicated by the arrow leaving from the validation in gure .). Evidently, the quality
of the generated VNhas to be improved in order to pass the validation. First, the quanti cation can

⁶Note that the quanti cation process quanti es all properties of interested.ese properties of interested then become
a surrogate for the real neuron itself because these properties will be used in further steps, rather than the real neuron itself.
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be improved by, for instance, including additional properties. Second, the reconstruction process
itself can be improved. In appendix B, a more detailed version of this modelling cycle is given.

e modelling cycle itself can be designed as an iterative process, the so-called incremental mod-
elling paradigm (Webb, ; Webb and Consi, ). Within this paradigm one starts with a
(over)simpli ed model that can account for some real data. Validation then becomes a steering
process since it analyses how to enhance the quanti cation or reconstruction process to account
for more biological realism. e cycle is iterated for a number of times until the experimenter is
satis ed with the generated VNs.

For this thesis, the incremental modelling paradigm is of great interest and relates to RQ2 in which
optimisation is required. If the validation process is set tomatch the optimisation constraints, and,
a goal-directed manner is found to increase the score on the objective function, then the iterative
cycle can be automated.is implies that automated optimisation could be established using this
modelling cycle.

. Simulation of neural dynamics

In order to answerRQ3andRQ4, the electrophysiology that underlies dendritic dynamics and com-
putational functions should also be incorporated into the VNs. is section explains how to per-
form a detailed electrophysiological simulation of anatomically elaborate neuron models.

We start by elaborating where the membrane potential comes from (§ ..) and how electric cur-
rents in a small, shapeless piece (i.e., a ‘patch’) of membrane can be simulated (§ ..). en we
turn to the simulation of neuronal dynamics in morphologically complex neuron models in sub-
section ... e concepts introduced in this section are required to understand the analysis of
the results in chapters  and .

.. Origin of membrane potential

e main information-processing capabilities in neurons arise from changes in the electrical po-
tential of neurons, the so-called membrane potential (Vm). e membrane potential is de ned as
the difference in electric potential inside and outside the neuron (Trappenberg, ). It originates
from differences in ion concentrations inside and outside the cell. Since themembrane is a porous
lipid bilayer, some ions can move through the membrane via the ion channels and change the
concentrations of positively charged and negatively charged ions. In turn, the change in ion con-
centration will change the membrane potential. Movement of ions is caused by two in uences: ()
electrical drift from high to low electrical potential, and () chemical diffusion from high to low
concentration. e movement of ions is described by the Nernst-Planck equation:

J = −µz[C]
∂V

∂x
− D

∂[C]
∂x

, (.)

where J is the total drift, z is the valence of an ion, µ the electric mobility, V the electric eld
potential, D the diffusion coefficient, and [C] the concentration of a particular ion in a substrate.
Instructively, the rst term denotes the electrical drift while the second term denotes the chemical
diffusion along the concentration gradient of a particular ion. ere is an important concept in
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physiology related to the ionic drift: the reversal potentialEr .e reversal potential is the potential
at which the two ionic drifts are balanced. erefore, when the membrane potential reaches the
reversal potential, no more ions will move through the membrane.

We do not go into more detail about the origin of the membrane potential. With the help of math-
ematics, the ion drifts can be translated into more intuitive currents by using the Nernst equation
(not shown, but see Johnston, ). From here on, we focus on the currents that ow through a
membrane as a consequence of the two drifts.

.. A shapeless patch of membrane

e cell membrane exhibits properties that are analogous to electrical components, and in physi-
ology the membrane is usually represented by an electrical circuit, the so-called equivalent circuit.
Figure . illustrates the equivalent circuit of a cell membrane.emembrane itself is represented
by a uniform capacitance (Cm) that is independent of local perturbations via ion channels. e
membrane resistance de nes the difficulty by which an ion canmove through themembrane.e
resistance’s reciprocal (the conductance) is usedmore often in physiology and denotes the ease by
which ions move through the membrane. is conductance is strongly in uenced by voltage and
time. Moreover, the changing conductance over voltage and time is the main controller of neu-
ronal signal processing (Johnston, ). Neuron models that simulate a patch of the membrane
as the consequence of conductance changes, are the so-called conductance-based models.

+

-

In

Out

Er

Rm

Cm

Im

IcIi

Vm

Figure .: Equivalent circuit of a cell membrane (repeated from gure .).

By using the laws of Kirchoff and Ohm⁷, we can write the total amount of current owing through
the membrane as the sum of the capacitive current (Ic) and the ionic current (Ii).

I = Ic + Ii = Cm
dVm

dt + (Vm−Er)
Rm

= Cm
dVm

dt + gm(Vm − Er).
(.)

Vm is the membrane caused by the total current I owing through the membrane. e above
formula provides a generic way to compute themembrane potential.e amount of ions that ow

⁷Kirchoff ’s current law: “At any point in an electrical circuit where charge density is not changing in time, the sum of
currents owing towards that point is equal to the sum of currents owing away from that point” (Wikipedia on Kirchoff ’s
laws). Ohm’s law: I = V

R
.
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through themembrane depends on the driving force (Vm −Er). e driving force is the difference
between the instantaneousmembrane potential and the reversal potential. We observe that when
the driving force becomes 0, there is no current owing through the membrane. In formula .,
only a single conductance gm is used. gm denotes the ‘leak’ of a membrane: the continuous ow
of ions due to ion pumps, diffusion, and drift. Hence, the gm is passive.

In simulations with more biological detail, the ionic currents also include the currents that arise
from active electrical properties. To achieve this, the ionic current is broken down into several
currents that are associated with particular ion channels. In the famous Hodgkin-Huxley model
(see later and Hodgkin and Huxley, ) the ionic currents were broken down into three currents,
namely () the passive leak current, () the potassium current, and () the sodium current. e
official abbreviations are K for potassium and Na for sodium. e ionic current would thus be
described as Ii = Il + IK + INa. ere are many more types of currents, but for the sake of
simplicity we bear to the currents used in the Hodgkin-Huxley model. e decomposition of the
ionic currents into multiple currents leads to the parallel conductance model (Johnston, ):

I = C
dV

dt
+ gl(V − El) + gK(V − EK) + gNa(V − ENa). (.)

e above equation gives an explicit description of the totalmembrane current in terms of the spe-
ci c conductances associated with the corresponding ions. To obtain a description of the mem-
brane potential, one has to use a steady state solution of the above equation by setting the current
ow and change in membrane potential to zero (Itotal = 0 and dV

dt = 0):

V =
glEl + gKEK + gNaENa

glgKgNa
. (.)

e speci cation of individual ionic currents is necessary because there is a large difference in the
kinetics of the individual active channels which can now be described individually. At certain volt-
age thresholds, speci c voltage-gated channels become active andmight initiate a spike (see later).
e rst biophysically realisticmodel to describe sub-threshold and supra-threshold dynamicswas
formulated by Hodgkin and Huxley (). eir model paved the way for all later biophysically
realistic simulation studies. Because of its importance, the complete model is reproduced here.
Hodgkin and Huxley started with a parallel conductance model with three conductances: passive
leak conductance, active potassium current, and active sodium current.

Im = C
dV

dt
+ gl(V − El) + gK(V, t)(V − EK) + gNa(V, t)(V − ENa) (.)

e leak conductance (gl) describes the ever-present ow of ions, either from diffusion, drift, or
ion pumps. e leak is passive and is therefore independent of the instantaneous charge over the
membrane.e two other conductances gK and gNa are associated with K+ ions and Na+ ions,
respectively. In turn, the K+ ions and Na+ ions are related to the K channels and Na channels,
respectively. Hodgkin and Huxley chose these two ion types because they have a big stake in the
active dendritic dynamics. e voltage dependence and time dependence of the K and Na chan-
nels are captured empirically by the dynamic variables n, m, and h in relation to the maximum
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Figure .: Schematic illustration of an action potential.

conductance:
gK = gKn4,

gNa = gNam3h.
(.)

Here, n describes the voltage activation of the K channel, m the activation of the Na channel, and
h the inactivation of the Na channel. Hodgkin and Huxley () then came up with three cou-
pled differential equations to describe the voltage-dependent and time-dependent kinetics that
provided a good approximation of experimental data:

dx

dt
= − 1

τx (V )
[x − x0 (V )] , (.)

where x should be substituted by n, m, and h. e complete Hodgkin-Huxley model can now be
summarized as follows.

C
dV

dt
= gl(V − El) − gKn4(V − EK) + gNam3h(V − ENa) (.)

τn
dn

dt
= − [n − n0 (V0)] (.)

τm
dm

dt
= − [m − m0 (V0)] (.)

τh
dh

dt
= − [h − h0 (V0)] (.)

Having seen the equations describing the electrical behaviour of a small piece of membrane, it is
insightful to explain how the presented mechanisms contribute to inter-neuron communication.
e language used betweenneurons is expressed in the spikes (also called action potentials). Spikes
are brief electric pulses arising after changes in conductance ( gure .). When there is no input
from other neurons and the membrane is not under in uence of previous inputs, the membrane
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is at the resting potential; typically around −70mV in mammals. When excitatory inputs arrive,
themembrane potential is increased andmay reach to a speci c threshold for active channels. It is
also possible that inputs are not sufficient to elevate themembrane potential to the threshold, and
in absence of more inputs the membrane potential will return to the resting potential. Once the
threshold is reached, voltage-gated Na+ channels are activated and cause a steep depolarization
of the membrane potential. e steep depolarization is the rising phase in gure .. e rising
phase is followed by an overshoot due to inertia of the channel kinetics. en, the Na+ channel
becomes inactivated causing a stop to the in ux of sodium. Subsequently, a potassium channel
is activated by the change in membrane potential. is causes an efflux of K+ ions and steeply
reduces the membrane potential to drop even below the resting potential. is is the falling phase
in gure .. An undershoot follows the falling phase; again due to slow channel kinetics. At this
point, the potassium channel is inactivated as well and the cell can return to its resting potential
again. In the period of falling and undershooting (which is also coined the refraction period) the
cell cannot respond to any other inputs.

.. Models including morphology

So far it is shown how tomodel ionic currents and the membrane potential in a small patch of cell
membrane. However, the equations did not include any element of neuronalmorphology. Here, we
describe how morphology is introduced in the simulation of dendritic dynamics in (i) the linear
cable model and (ii) the compartmental model.

Due to their physical structure, dendrites can be seen as electric cables: long and thin segments of
an electrical conductor surrounded by an isolator or membrane withmuch higher resistance than
the conductor. Using the cable metaphor, the linear dynamics of a dendrite can be modelled. It is
important to understand that the linear cable model can only model passive dynamics because it
models electric currents related to the electrical drift that are inherently linear with respect to the
membrane potential. Active channels can counteract the physical laws (underlying themovement
of ions) by reinforcement or compensation of passive spread. So, the linear cablemodel is only valid
under the assumption that the modelled dynamics are linear and therefore sub-threshold.

χoutside of the membrane

inside
axial

current, Ia
entering

axial
current, Ia

leaving

resistive
current, Ir

capacitive
current, Ic

Figure .: Abstraction performed for the cable equation.
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Figure . illustrates the mechanism of the cable model. A dendrite is chopped into sufficiently
small parts that are considered isopotential and linear in their behaviour.en, in this small chunk
of cable, three currents occur: () axial current Ia owing into and out of the small patch, () ca-
pacitive current Ic owing out of the small patch of membrane, and () resistive current Ir that
leaks out through themembrane.e three currentsmust be balanced at all times, thus obtaining:
−Ia = Ic +Ir .e signs can be arbitrary as long as the right hand side balances the left hand side.
Assume now that the cable is at resting potential without any ow of currents, and that an input
is injected. en, the membrane potential decays with the distance Δx from the site of injection:
ΔVm = −Ia × Rl × Δx. When Δx goes to zero, the axial current can be written as:

1
Ra

∂Vm

∂x
= −Ia. (.)

In the case that the cable would have perfect insulation, the above formula would be the cable
equation. However, there are also the capacitive current and the resistive current that both ow
through the membrane from the inside to the outside. At the steady-state, there cannot be more
current owing into a in nitesimal small piece of dendrite than there is owing out, the three
currents must be in balance, i.e.,

∂Ia

∂x
= − (Ic + Ir) . (.)

We now determine how to express the capacitive current and the axial current. e capacitive
current Ic ows as long as themaximal storage capacity of themembranehasnot yet been reached.
erefore, the change of this current depends on the time elapsed from the moment of injection:

Ic = Cm
∂Vm

∂t
. (.)

e resistive current Ir represents the current owing through passive ion channels. erefore,
this current does not directly depend on either location or time (but, of course, on the amount of
the axial current, Ia, which in turn determines Vm):

Ir =
Vm

Rm
(.)

Now, the different currents expressed in equations . and . can be substituted into equa-
tion . and we obtain the passive cable model:

1
Ra

∂Vm

∂x2
= Cm

∂Vm

∂t
+

Vm

Rm
. (.)

In the cable model, the Vm stands for Vm(x, t) and thereby morphology is introduced. e cable
equation is used extensively in studies modelling the propagation of injected current through a
passive tree.

e cablemodel can be used to describe the linear andpassive dynamics of neurons.However, neu-
ronal membranes are excitable and exhibit non-linear dynamics. For this reason the cable theory
is extended to allow elaborate dendritic morphologies with active, non-linear currents. is ex-
tension is called compartmental models because the continuous cable is compartmentalized into
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Figure .: Equivalent circuit of a compartmental model. A dendrite is divided into small patches of
isopotential membrane that are linked. e non-linearities are considered to take place in between
the patches (after Figure . from Segev et al. ()).

small electrical compartments. Moreover, due to the compartmentalization, active properties can
be used as well. A schematic illustration of the compartmental model is shown in gure .. e
compartmental model can be straightforwardly derived from the passive cable model by discretis-
ing the continuous cable into small but discrete pieces: j , j − 1, and j + 1.

∂2V (x, t)
∂x2

→ Vj+1 − 2Vj−1(t) + Vj+1(t)
(xj−1 − xj)2

. (.)

If this discretization is substituted into equation . and additional active ionic currents Iionj are
included, the continuous differential equation becomes a set of ordinary equations of the form:

cmj

dVj

dt
+ Iionj = gj−1,j (Vj−1 − Vj) − gj,j+1 (Vj − Vj+1) . (.)

Equation . has been used in simulation studies in which the dynamics are simulated on model
neurons endowedwithmorphologies. Furthermore, this equation proves very useful to analyse the
simulated behaviour.

In the eld of computational neuroscience, there exist dedicated simulators that implement stan-
dard conductance based models, cable models, and compartmental models. ese simulators of-
ten provide additional tools to display simulation results and to setup quickly large models.e de
facto standard simulators are  and. In chapters  and we use  to simulate
the neuronal dynamics.

. A note on the terminology

An important issue in computational neuroanatomy is that the eld is relatively young. As a result,
there is no clear consensus on the terminology (Burns, ) and on the experimental procedures
(Kaspirzhny et al., ; Scorcioni et al., ). For this reason we summarize below the main ter-
minology used when describing dendritic morphologies.

Figure . illustrates a schematic dendritic tree. e piece of dendrite extending from the soma
until the rst branching point is the dendritic stem, between two branching points are the (den-
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dritic) segments, and between the last branching point and the end of a dendrite (in a depth- rst
perspective) is the terminal segment. e end of the terminal segment is referred to as the terminal.

When a 3D description of neuronal morphology is given, each entry (i.e., a line in the le) is a de-
scription of the endpoint of a compartment that runs from the parent compartment to the Carte-
sian coordinate of that particular entry. en, a compartment can be seen as a conical cylinder
starting with the diameter of its parent and as ending diameter, the diameter speci ed in the as-
sociated entry. A segment is thus decomposed into smaller pieces to allow more morphological
complexities. We note that  has an exceptional convention in which a section runs in be-
tween of branch points, and a segment is what we call the compartment.Wewill keep the common
notations and do not adopt the  conventions.

Soma

Terminals

Branch points

Segments

Stem

Figure .: Morphological naming convention used in this thesis.

Morphological observations that can bemeasured from a 3D description are also subject to differ-
ences in implementation. Appendix A provides a list of the morphological measurements that we
can compute using in-house developed programs. To avoid misinterpretations, the list also pro-
vides a brief description of how a particular measurement is implemented.

Furthermore, we use some conventions in this thesis to improve clarity and readability. We refer
to a virtual neuron to denote a digital neuronal morphology, while a model neuron is used in the
context of functional dynamics.erefore, in addition to a description of the morphology, a model
neuron contains details about the electrical properties of that particular virtual neuron.

33



Computational neuroscience: selected background

34




AGO: a new approach for the
algorithmic generation of neurons

In order to answer the RQs we should generate algorithmically
virtual neurons. In this chapter, we present a new approach for
the algorithmic generation of virtual neurons, namely AGO. e
proposed approach integrates generation and optimisation of
virtual neurons. Different realisations of this approach are used
in the remaining chapters.

contents In section ., we start by formulating four requirements for any algo-
rithmic generation approach that allows us to investigate the RQs. en,
in section . we review existing algorithmic generation approaches and
conclude that they all fail on at least one of the requirements. Subse-
quently in section ., we describe the new approach, AGO. AGO stands
for ‘Algorithmic Generation and optimisation’ andmeets the four require-
ments.
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. Four requirements

Keeping the RQs and the planned experiments in mind, we formulate four requirements for any
algorithmic-generation approach that allows us to perform the envisioned experiments. e four
requirements are as follows.

Requirement 1: e dendritic morphology should be described in a compact way.

Requirement 2: e description of dendritic morphologies should be exible.

Requirement 3: e dendritic morphology can be three-dimensional.

Requirement 4: e morphology should be optimised to satisfy prede ned constraints.

We motivate these four requirement below and describe the criteria for ful lling them.

e rst requirement orders a compact description of dendritic morphology. By de nition, the
most compact class of description is an algorithmic representation. An algorithmic representation
contains the blueprint to generate amorphology, but not the complete account of themorphology
itself (§ ..). erefore, the rst requirement is met by using an algorithmic representation.

e second requirement deals with the morphological complexity of dendrites. Neurons come in
a wide variety of shapes and sizes. e description should allow for capturing all natural occur-
ring variations in dendritic morphological complexity. Despite the large variations, dendrites can
be seen as trees in a graph-theoretical setting, i.e., the dendrites are non-cyclic connected graphs.
erefore, the description should at least allow for the generation of tree-like structures. Moreover,
a description with less assumptions about dendritic morphology is considered better than a de-
scription with more strict assumptions on the morphology.

e third requirement focusses on a particular characteristic ofmorphological complexity, namely
embedding in 3D. e full 3D characteristics of neuronal morphologies (viz. branching angles and
orientation) are often excluded in computational neuroscience because they do not have an in u-
ence on dendritic processing of inputs. Dendrograms are sufficient to perform single-cell electro-
physiology experiments. However, for the anticipated experiments, the full 3D characteristics of
morphologies are important as we investigate how particular morphologies embedded in an ab-
stract environment can perform a desired function.erefore, the descriptionmust at least be able
to specify branching angles and orientation of the dendritic segments.

e fourth requirement calls for optimisation of dendritic morphology. By means of optimisation,
the resultingmorphologies canmeet the desired constraints.e level of optimisation is limited to
a global level rather than a local level. We can clarify the distinction between the global level and
the local level with an example. A global constraint can impose that the average dendritic segment
should have length l1. In contrast, a local constraint can impose that a speci c dendritic segment
should have length l2. e criteria for ful lling the fourth requirement are de ned as optimisation
of morphometric properties at the global level.
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. Failure of existing approaches

Below we discuss the existing approaches for the algorithmic generation of VNs. We discuss the
main features of the relevant existing approaches with respect to our four requirements.

e rst requirement orders that we have to use some type of algorithmic reconstruction. ere-
fore, we restrict the discussion of existing approaches to those that use algorithmic reconstruction.
ese approaches are reviewed in terms of the remaining three requirements (-).

e second requirement orders a exible speci cation of the VNs.emost frequently used speci-
cation for the algorithmic generation ofmorphologies is the the Lindenmayer systemor shortly L-

system (Lindenmayer, ; Prusinkiewicz and Lindenmayer, ). An L-system is amathematical
formalism of rule rewriting that uses a small number of production rules to de ne a complex struc-
ture. More speci cally, an L-system consist of an axiom that de nes the initial state, and several
production rules that de ne how to rewrite the axiom. In cycles, the axiom is rewritten accord-
ing to the production rules. By using an L-system in combination with a interpretation scheme
every rooted tree structure in three dimensions can be generated (see § ..). e symbols of the
grammar de ne the topology of the generated structure while exact dimensions are de ned by the
parameters of the symbols. Different versions of L-systems are in use and are employed by differ-
ent neuron reconstruction approaches. Here, we present ve different avours and check whether
they meet the criteria set for the second requirement.

. Basic neuroanatomical rules denote the implicit use of L-systems.eneuroanatomical rules
are a formalism used to generate dendritic morphologies from scratch. Basic neuroanatom-
ical rules are used by L-N (Ascoli and Krichmar, ) and related approaches such
as NPRM (Lien et al., ) and NG (Eberhard et al., ).ey are restricted to
the generation of (i) binary treeswith (ii) relatively uniformdendritic segment lengths.ese
restrictions are caused because only two neuroanatomical rules are considered, namely ()
add a segment and bifurcate, and () add a segment and terminate the current dendritic
branch. e use of binary trees to model dendrites is in accordance with the current opin-
ion in neuroanatomy that only bifurcations occur, and that trifurcations (Edds-Walton and
Popper, ) are in fact two bifurcations that occur close to each other. According to the
criterion for the second requirement, this type of speci cationmeets the requirement. How-
ever, we have to note that the speci cationmakes a strict assumption about themorphology
(e.g., relatively uniform segment lengths) and is therefore not desired.

. Extended neuroanatomical rules denote the implicit use of L-system but with more neu-
roanatomical rules. Burke et al. () suggest three rules, namely () add a dendritic seg-
ment andprolongate, () add a dendritic segment and terminate, and () add a dendritic seg-
ment and bifurcate. Because of the extra rst rule (with respect to the basic neuroanatom-
ical rules), the dendritic segments can exhibit a lesser degree of uniformity; which causes a
higher degree of exibility. e extended neuroanatomical rules meet the criterion for the
second requirement, and are more exible than the basic neuroanatomical rules.

. True L-systems use L-system in an explicit way (i.e., standard L-systems). Hamilton ()
used a standard L-system grammar extended with special constructions for dendritic mod-
elling. Because of the explicit use of L-systems, the dendriticmorphologies are not limited to
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binary trees anymore and offer more exibility. Moreover, an abundance of neuroanatom-
ical rules can -in principle- be implemented by a standard L-system. erefore, they meet
the criteria for the second requirement and offer a highly exible speci cation.

. Stochastic L-systems are an extension of the standard L-systems and allow stochastic exe-
cution of production rules. As a consequence, they can mimic some characteristics of nat-
ural occurring variations. McCormick and Mulchandani () used stochastic L-systems
to model different classes of dendritic morphologies. Being an extension of the standard L-
systems, stochastic L-systems meet the criteria for the second requirement.

. Context-dependent L-systems are an extension of the standard L-systems in which the exe-
cution of production depend on the environment in which they grow. In the neuronal case,
it is known that chemical gradients in the brain in uence the nal shape of morphologies
(e.g., Scott and Luo, ). is kind of high-level interactions can be modelled using the
context-dependent L-systems, and cannot be modelled explicitly by the other L-systems
which are considered to be context-independent (Prusinkiewicz and Lindenmayer, ).
Feng et al. () used this type of L-system to model the growth of axons. Evidently, the
context-dependent L-systems also meet the criteria for the second requirement.

e third requirement orders the generation of full morphologies. e class of growth algorithms
(recall from § ..) generally produce nothing but dendrograms (Nowakowski et al., ; van Pelt
and Uylings, ; Uylings and van Pelt, ) and are not suitable for the purpose guided by the
four requirements. In contrast, most of the approaches from the class of reconstruction algorithms
generate full 3Dmorphologies. We name ve that generate full morphologies: Hamilton’s tech-
nique (Hamilton, ), McCormick and Mulchandani () technique, L-N (Ascoli et al.,
b), NPRM (Lien et al., ), and NG (Eberhard et al., ).

e fourth requirement orders that dendritic morphologies should be optimized so that morpho-
metric constraints can be imposed. No existing approach has been designedwith this requirement
in mind. e reason for this negligence is that current approaches are designed to generate accu-
rate neuronal morphologies, i.e., faithful reconstructions of existing dendritic morphologies. ey
all obtain this goal by constructing statistical models of morphometric properties of existing mor-
phologies. Subsequently, the models are fed into the neuroanatomical rules that generate a mor-
phology. So there is no feedback loop at which stage the optimisation can take place. To the best of
our knowledge, there has been published only a single suggestion to automate the reconstruction
process so that morphologies could meet imposed constraints, namely the ‘Neuron Morphology
Modeller’ suggested by McCormick and Mulchandani (). However, this suggestion has never
seen a follow up. So, we may state that there is no existing approach that ful ls the criteria of the
fourth requirements.

To summarize, most existing algorithmic-generation approaches use a type of L-system to spec-
ify dendritic morphology. All algorithmic approaches satisfy the rst requirement. e L-systems
(except for the basic neuroanatomical rules) satisfy the second and third requirements. However,
all existing approaches fail for the fourth requirement. erefore, we propose a new approach, the
AGO approach, to generate algorithmically dendritic morphologies.
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. AGO: new algorithmic generation approach

We propose AGO (Algorithmic Generation and optimisation) as a new approach for algorithmic
generation of dendritic morphologies. is approach is tailored to satisfy the four requirements
mentioned above. As such, it is the rst approach for the algorithmic generation of dendritic mor-
phologies that allows for optimisation of the generated morphologies.

.. ree steps of AGO

e approach consists of three main steps, namely () generation of a dendritic morphology, ()
validation of the morphology, and () an optimisation loop. Figure . schematically shows the ap-
proach. e three steps are outlined below.

Generation of
morphology Validation Match?

Constraints

Optimization loop

Yes

No

Dendritic morphologySpecification

Figure .: Schematic notation of AGO, our new algorithmic reconstruction approach. e three main
steps in our approach are () generation of a morphology, () validation of the generated morphology,
and () an optimisation loop.

. e rst step is the algorithmic generation of a dendritic morphology. e algorithm takes
an algorithmic representation and a morphology is generated.

. e second step is the validation of the generated dendritic morphology. e validation is
performed on the basis of a comparison between the generated morphology and the im-
posed constraints. In the case that the generatedmorphology complies with the constraints,
the generated morphology is suitable. Otherwise, the third step is performed.

. e third step is performed by the optimisation loop. In the case that the generated mor-
phology failed the validation, the speci cation underlying the morphology is updated. e
update has to result in a morphology that has a better correspondence to the imposed con-
straints.

.. Ful lment of the four requirements

e AGO approach ful ls the four criteria associated with the four requirements outlined above.
e new approach is obviously an algorithmic approach and therefore it succeeds in the rst re-
quirement. Second, no speci c speci cation is prescribed by the AGO approach but four out of
ve different avours of L-systems (i.e., all except the basic neuroanatomical rules) can be used
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in our approach. erefore, the second requirement is ful lled as well. e different avours of L-
systems also result in full 3D morphologies. Consequently, the third requirement is also achieved.
e (sequential) incorporation of (i) a validation of the generated morphology and (ii) the optimi-
sation loop, result in the fact that we can optimize generated morphologies with respect to im-
posed constraints. Because, after a morphology is generated it is validated with respect to the op-
timisation constraints.When required, the optimisation loop updates the speci cation underlying
the generated morphology such that the compliance with the optimisation constraints increases.
erefore, the fourth requirement is met, too.

.. Allowing different implementations

We note that AGO does not prescribe (i) which speci cation should be used to generate a VN, (ii)
the constraints for the validation, and (iii) how to perform the optimisation loop. By not specify-
ing these three components, we leave room for different implementations that suit the different
experiments in later chapters.

What concerns the speci cation, we allow speci cations with sufficient exibility and that gen-
erate full 3D morphologies. In the later chapters we use the standard L-systems (chapter ) and
extended neuroanatomical rules (chapters  and ).

What concerns the constraints for the validation, AGO only requires that the validation leads to a
‘performance-indicator’ expressed in a single value.We do not specify the nature of the constraints.
For instance, in chapters  and , we optimize for particular neuronal morphologies. Hence, in
those chapters the constraints re ect morphological properties. In chapters  and , we optimize
for particular dendritic dynamics. Hence, the constraints re ect the dynamics that are simulated
on elaborate morphologies.

What the optimisation concerns, we do not prescribe a particular optimisation method. In prin-
ciple, most iterative optimisation methods (e.g., particle swarm optimisation, evolutionary strate-
gies, simulated annealing) could be used. Our choice will be on evolutionary computation as it ts
well with the AGO approach (see later).
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EOL-N: generation and
optimisation of virtual neurons

Existing approaches that generate virtual neurons algorithmi-
cally are often tuned to generate speci c neuronal morphologies
and therefore, they include a great deal of knowledge. A problem
is that this knowledge introduces a bias in the virtual neurons to
be generated. We aim at overcoming this problem by proposing a
less biased algorithm to generate virtual neurons, namely EOL-
N. EOL-N is the rst implementation of theAGO
approach; it uses L-systems to generate morphologies and evolu-
tionary computation for optimisation of the resulting morpholo-
gies. rough a set of experiments we validate the AGO ap-
proach and our rst implementation. is implementation and
the obtained results contribute to answering both RQ1 and RQ2.

based on . Torben-Nielsen, B., (). Evolving Virtual Neuronal Morphologies: a
case study in Genetic L-Systems Programming. In European Conference
on Arti cial Life (ECAL), Lisbon, Portugal (eds. Fernando Almeida e
Costa et al.), pp. -.
. Torben-Nielsen, B., Tuyls, K., and Postma, E.O. (). Evol-neuron:
virtual neuron generation. Neurocomputing, (-):–.

contents Section . starts by introducing a challenge for the generation of neu-
ronalmorphologies that can be solved by an implementation of the AGO
approach. In section ., we describe the general methodology of EOL-
N. Subsequently, in . we present a detailed account of implemen-
tation of EOL-N. e experimental setup is given in section ..
e experiments and the results are given in section .. e results are
discussed in section ..
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. ‘Unbiased’ reconstruction of neurons

e focus of this chapter is on the generation of plausible neuronal morphologies. For this reason,
we describe a rst implementation of our general AGO approach, namely EOL-N which
stands for ‘Evolutionary optimisation of L-systems’. In short, morphologies are generated using L-
systems and optimised using evolutionary computation. Below, we motivate the reason for this
investigation.

We argue that existing approaches for the algorithmic generation of VNs suffer from the fact that
they are biased by the current biological knowledge about neuronal morphology in the generation
phase: these approaches are devised in such a way that the 3D structures to be generated re ect
solely prevailing insights and opinions.We refer to this phenomenon as the a priori limitation strat-
egy for the algorithmic generation of morphologies. At a rst glance, this seems to be a virtue but
it severely restricts the exibility of the generation algorithm to incorporate new biological detail
or evidence. Below we describe the a priori limitation strategy and its implications for algorithmic
approaches to generate morphologies.

To explain the a priori limitation strategy, we need to introduce the concept of a parameter space:
an N-dimensional space spanned over N structural properties. Most algorithmic generation ap-
proaches are so-called sampling approaches that (i) construct statistical models of selected struc-
tural properties measured on prototype neurons, (ii) sample from these statistical models, and (iii)
reconstruct morphologies with a combination of these samples (Ascoli and Krichmar, ; Sam-
sonovich and Ascoli, ; Lindsay et al., ). us, all generated morphologies can be thought
of as being in a space spanned by combinations of the selected structural properties. It is clear that
all morphologies that can be generated by a particular algorithm are to be found in the parameter
space (i) spanned by the used structural properties and (ii) bounded by the observed values for a
particular property. e strategy to generate morphologies that come from this limited parame-
ter space only, is the a priori limitation strategy. However, neuronal morphologies can, in theory,
be every 3D tree structure that satis es some spatial constraints. Evidently, the parameters space
with reasonable 3D trees is larger than the parameter space of an existing morphology generation
algorithm. us, in theory, the reasonable morphologies that are not part the parameter space of
the algorithm are never going to be generated by existing algorithms. is phenomenon is due to
the a priori limitation strategy.

We may state that the a priori limitation strategy causes a bias in the generation process of ex-
isting approaches. From the explanation given above, two negative implications for the genera-
tion of morphologies can be identi ed. First, the idea of the parameter space shows that there is
a discrepancy between themorphologies that can be generated and the reasonable morphologies.
us, some reasonable morphologies can not be generated by existing algorithms. Second, the a
priori limitation strategy affects the adaptivity of the generation algorithms when new biological
insight into morphology is revealed. Existing algorithms have a fairly xed parameter space from
which they can generatemorphologies. Assumenow that newbiological insight intomorphologies
reveals that there are aremorphologies outside the parameter space of the algorithm.en, the al-
gorithmhas to be revised in such away that the parameter space also spans themorphologies that

e reasonable morphologies represent all neuronal morphologies that can (and probably do) occur in nature.
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comply with the new biological insights . Both implications can be seen as challenges that have to
be overcome.

erefore,weproposeEOL-N toovercome these challenges by adopting a so-calleda poste-
riori selection strategy.Within this strategy, all structures in the large parameter space of reasonable
morphologies are considered as a possible outcome of the algorithm. We explore this parameter
space until a structure is found that complies with the prede ned constraints based on speci c
morphological properties. In this sense, our approach is less biased by current opinions on how a
morphology should look like: all morphologies that satisfy the constraints can be found.

Twomain advantages of EOL-N stand out. First, the optimisation capabilities of our AGO
approach allow us to search the whole parameter space for morphologies that conform to current
biological knowledge. is means that almost all morphologies are considered, and that the po-
tential outcome is not limited a priori. Second, our approach is highly adaptive to new biological
evidence since we only need to update the optimisation constraints. We do not need to redesign
and implement a new algorithm to be in accordance with biological data.

. EOL-Nmethodology

EOL-N is the rst implementation of our AGO approach. e aim is to generate a VN
that is similar to a prototype in terms of some prede ned properties.e prototype neuron is from
the class of motor neurons; a neuronal type with a straightforward morphology. e optimisation
constraints are de ned by the structural properties of the prototype neuron.

In short, the methodology adopted in this chapter is composed of three steps. EOL-N is a
direct implementation of the general AGO approach and the three steps coincide with the three
steps of the AGO approach.

Step . Generation. An L-system description is used to generate a neuronal morphology.

Step . Validation. e generated morphology is assessed on the basis of the a comparison with
the imposed constraints.

Step . Optimisation. e L-system description is adjusted. Consequently, the neuron that will be
generated from the adjusted L-system description will be slightly different.

ese steps are performed iteratively and with a large group of L-system descriptions (see § ..).
e idea is that bymaking small adjustments to the individual L-system descriptions, the group of
generatedmorphologies gradually showmore correspondence to the imposed constraints.e cy-
cle is nished when (i) a prede ned number of cycles is obtained, or (ii) a morphology is generated
that satis es the imposed constraints.

Adrastic examplewould be the existence of trifurcations in neuronalmorphologies. Despite the fact that in the current
opinion about neuroanatomy trifurcations do not occur, several studies do report their existence (e.g., Kelly et al. ();
Edds-Walton and Popper ()). As most generation algorithms are based on branching probability (cf. Donohue and
Ascoli, ) the revelation of new biological detail might require a complete new design of most algorithms.
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. Implementation details of EOL-N

Below, we explain the three steps in more detail and how the three steps are brought together in
the particular implementation of the optimisation step.We rst describe howneuronalmorpholo-
gies are generated by applying the L-system formalism (§ ..). Subsequently, we explain how the
morphologies are iteratively optimised by means of evolutionary computation. Since the validation
step is part of the optimisation technique that we adopt in this work, we present the validation
step as part of the optimisation step (§ ..).

.. Generation of morphologies: L-systems

In EOL-N, the generation of dendritic morphologies relies on a Lindenmayer system, or
shortly L-system. L-system is a mathematical formalism of rule rewriting named after its inven-
tor Aristid Lindenmayer (Lindenmayer, ; Prusinkiewicz and Lindenmayer, ). Originally
designed for describing algorithmically the branched structures of plant morphology, it is highly
suitable for describing VN morphology. e idea of L-systems is straightforward, yet powerful: an
axiom de nes the initial starting point, and the production rules de ne how to rewrite the axiom.
In a cyclic fashion, all the symbols currently stored in the L-system are recursively rewritten ac-
cording to the production rules. An illustration of the mechanism and its operation is given below.

axiom: FX
production rules: F→ YF

X→ BX
1st cycle: YFBX
2nd cycle: YYFBBX

In this example, the L-system consists of (i) the alphabet {B,F,X, Y }, (ii) a single axiom con-
taining the symbols FX , and (iii) two production rules, viz. F → Y F and X → BX . Before the
rst rewriting cycle, the L-system contains a string with the axiom only (e.g. ‘FX ’). During the rst

rewriting cycle, all symbols in this string are substituted by the symbols from 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 FBX ’. e rewrite process is repeated a xed number of times,
resulting in a long string built iteratively.

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.

Table .: Alphabet used in the L-system used for generating neuronal morphologies.

An L-system in itself is nothing more than a way of generating a long string from a parsimonious
description, i.e., the L-system is an algorithm to generate long strings. However, a long string in
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itself has no semantics. Ameaning is given to an L-system by the interpretation scheme.e inter-
pretation scheme de nes an alphabet of symbols and how they are interpreted to build a spatially
oriented structure.e combination of an alphabet and interpretation scheme de nes how a neu-
ronal morphology is generated from an L-system description. e de facto interpretation scheme
for L-systems is the turtle geometry (Abelson and di Sessa, ). However, we use a subset of this
turtle geometry to obtain a truly parsimonious description. In the turtle geometry, three symbols
are used to construct 3D structures: turn, pitch and roll. Our interpretation scheme –the Rotation-
Elevation scheme– uses only two symbols to de ne a direction in three dimensions (i.e., a rotation
and elevation angle).e roll symbol is left out because dendrites are considered to be linked cylin-
ders, and ‘rolling’ a cylinder has no effect. Table . lists the alphabet used by EOL-N, and
gure . illustrates the Rotation-Elevation scheme.

X

Z

Y Rotation

Elevation

Figure .: Rotation-Elevation interpretation scheme. A point in 3D space is de ned by the rotation
over a reference plane, and the elevation over the plane orthogonally intersecting with the reference
plane.

In gure .we illustratehowamorphology is generated fromaL-systemdescription.eL-system
description is shown in the inlay of gure .. e description has a single axiom [A], and one
production rule A = F (1)[R(45)F (1)][R(315)F (1)]A. In this gure, the tree-like morphologies
represent the generated morphology after rewriting and interpreting the L-system for  to  times
( from left to right).We observe that the rightmorphology is fairly complex despite being generated
from a small L-system description.

By using L-system descriptions with the alphabet listed in table . and the interpretation scheme
illustrated in gure ., we can generate almost every neuronal morphology. e only limitations
on the morphology originating from the use of L-systems are caused by (i) the allowed number
of axioms, (ii) the allowed number of production rules, and (iii) the length of the production rules
(i.e., the number of symbols a production rule can contain). However, these limitations still allow
for the generation of all neuronal morphologies because neuronal morphologies are more strictly
limited by the space constraints in the brain than by the L-system formalism. erefore, we may
say that we can generate all neuronal morphologies by means of the presented L-system.

.. Optimisation of morphologies: evolutionary computation

eoptimisation part is performed by evolutionary computation (EC). EC is a pragmatic program-
mingmethod inspired by biological evolution to explore solution spaces and proved to be powerful

45



EOL-N: generation and optimisation of virtual neurons

axiom_0=[A]
A=F(1)[R(45)F(1)][R(315)F(1)]A

Figure .: Illustration of the mechanism to generate a morphology from a L-system description. e
rightmost morphology is the nal true morphology generated by the L-system description displayed in
the inlay.

in problemswith a considerable solution space (Holland, ; Koza, ;Mitchell, ; Boers and
Sprinkhuizen-Kuyper, ; Coello Coello et al., ) . Different variations of the basic ECmethod
exist; we employ genetic programming (Janikow, ; Langdon and Poli, ).

We now brie y describe the methodology behind EC and introduce the terminology used to de-
scribe ECs. EC exploits the principle of survival of the ttest. Potentially desired outcomes of the
optimisation are called the individuals and are encoded in so-called genomes. A population (group)
is initialized with random individuals and every individual is then validated. Validation is done
by means of a tness function that assigns a tness (performance). e tness is assigned to the
individual by assessing the success of an individual to correspond with the desired optimisation
constraints. Once the tness of every individual is assigned, the best individuals of a population are
used for reproduction. Reproduction is the process in which (the population of) a new generation
is created from the previous generation. Consequently, the new population will consist of descen-
dants of the best performing individuals of the previous population. In accordance to the biological
terminology, the populations are considered to make up generations. e individuals of the new
population are validated again, and thereafter a new population is created. As a result, the average
tness in a population increases with an increasing number of iterations.

In this chapter, the subject of optimisation is a neuronal morphology, and the constraint is the
accuracy to match with particular structural properties. EC is de ned by four essential character-
istics: (i) genome encoding, (ii) evolutionary operators, (iii) evolutionary parameter con guration,
and (iv) tness function. ese four characteristics are addressed below.

Ad(i) Genome encoding

e genome encoding is an essential part of EC: it encodes the candidate solution for a speci c
desired outcome that we want to optimise. In our case, L-systems are used to describe neuronal
morphology, so the L-system description needs to be encoded. We observe two properties of L-
system descriptions that are involved in the choice for a particular genome encoding, namely () L-

We remark that despite the seeming similarity with biological system caused by the name, EC is a optimisation tech-
nique that works fundamentally different from true biological evolution.
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systems are hierarchically organized as production rules and composed of symbols while symbols
again have arguments, and, () L-system descriptions are fairly complex with a growing number of
production rules.ese two propertiesmake tree encoding an efficient way to encode an L-system
description. In gure . we show how an L-system description is encoded in a tree-structured
genome. e text in the left box shows the L-system description that is encoded in the box on the
right side. e root of the encoded genome represents the position of the soma (here the origin
in 3D, (0, 0, 0)). e two daughter branches indicate the difference between the axioms and the
production rules. e rightmost tree-structure in gure . shows how the axiom E(2)F (5)[A]
is encoded in a tree-structure in a depth- rst manner. It is important to understand that the L-
system description is encoded into a tree-structure genome; the dendritic tree structure is not
encoded directly and only results from interpreting the L-system description.

AXIOMS

0,0,0

0 1 A B

RULES

0

E F [

2 5 A ]

0,0,0
axiom_0=E(2)F(5)[A]
axiom_1=AB[B]
A=R(20)F(5)E(1)A[B]
B=R(1)F(3)E(10)F(20)BB

Figure .: Encoding of a L-system description by means of a tree-structure.

Ad(ii) Evolutionary operators

e so-called evolutionary operators de ne howanewpopulation is created fromaprevious popu-
lation. Different evolutionary operators exist (Langdon and Poli, ) and here we use three steps
to create a newpopulation, namely () selection, () crossover, and ()mutation. Belowwedescribe
how these three steps are used in EOL-N.

A selection mechanism is used to select a sub-population of the current population from which
the new population is created. We use the (µ, λ)-selection (Bäck, ). µ is the number of indi-
viduals in a generation and λ the number of best individuals that are used to create the next gen-
eration.us, every generation λ individuals are selected and bymeans of the two other operators
(crossover andmutation) a new population consisting of µ descendants from λ selected individu-
als is created. e new µ 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-randommodi cation 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 speci c
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symbol in the genome by a different symbol while the argument remains the same. ird, deletion
modi es the genome by (randomly) deleting a subtree. A subtree can be a single symbol with its
argument, or even a complete production rule. It is selected as a pseudo-random node in the tree
structure. Fourth, introduction modi es the genome by introducing a subtree. When introduction
is invoked, a subtree 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.

Ad(iii) Fitness function

In this work, the tness function performs a comparison between the prototype and the generated
neurons (see gure .) by assigning a so-called tness value to the particular VN.e tness value
expresses the correspondence between the generatedmorphology and the prototype neuron with
respect to the imposed optimisation constraint.

e imposed optimisation constraint (expressed in the tness value) is de ned as the accuracy
with which particular structural properties are obtained. is indicates that we optimise VNs to
yield a speci c morphology that matches with themorphology of a prototype neuron.We decided
to optimise the match between a generated morphology and a prototype motor neuron. Motor
neurons are neurons with a relatively straightforward morphology, i.e., the morphology consist of
several dendritic branches that grow away from the soma to form a sphere-like shape. To obtain
a good match we selected  structural properties. en, the optimisation constraint is the accu-
racy of the properties measured from the generated morphology with respect to the properties
measured on the prototype neuron. e properties are listed in table .. e  properties, which
consist of commonly used basic parameters added with some speci c structural properties re-
quired by the adopted methodology, are selected because they proved to work well in preliminary
experiments.Moreover, we tried to limit the number of properties to include in the tness function
because more properties (i) put more assumptions on the morphology to be generated and (ii) are
more difficult to optimise.

e tness function is a gradual tness function. is means that we gradually add more terms
to the tness function that are associated with a particular structural property. As a result, the
constraints imposedon themorphologies increase gradually. Tobemoreprecise,we adda constant
value to the tness value if a particular tested property of the generated morphology lies in the
range of observed values for the prototype neuron. us, the tness function has a discrete value
that represents the number of correct properties in a morphology. Afterwards, this value is scaled
to 100 to denote a percentage. A successfully generated morphology will receive a tness value
that is close to 100. A morphology that complies with all criteria will always be higher than 95
while lower tness values indicate that not all constraints are met.

Ad(iv) Evolutionary parameter con guration

e evolutionary con guration de nes the exact implementation of an evolutionary optimisation
process. Values presented here are empirically chosen and proved to be advantageous in dummy
experiments in which, for instance, only the size of the VN is optimised.We used a population size

48



Experimental setup and procedure

Property/Constraint Prototype Generated VN
No_stem 16 15
T_rot 27 ± 104 19 ± 106
T_elev −9 ± 118 16 ± 127
Bif_perc 100 100
FD 1.36 1.37
No_bif 35 40
Order 1.7 ± 1.4 2.3 ± 1.1
L_tot 15765 15138
B_rot −3 ± 20 −1.4 ± 16
B_elev −4 ± 31 1 ± 13
TropismF 0.75 ± 0.2 0.81 ± 0.2

Table .: Eleven morphological properties that serve as optimisation constraints in our experiments.
e values of these properties for the single prototype neuron are given in the middle column. e right
column lists the values for the same properties but measured from a VN generated by EOL-N.
e values are given as mean and standard deviation. e high correspondence between the values of
a prototype neuron and a generated VN indicate the optimisation success (see the section .).

of  individuals. As an upper bound, the evolutionwas allowed to run for  generations. In the
selection procedure, λ represented the top 65 individuals. Crossover was invoked with a proba-
bility of 0.5, new individuals resulting from crossoverwere not subject to any furthermutation.e
remainder of the new population was lled by individuals from the previous generation 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 EOL-N and how it implements the AGO approach is given in g-
ure .. In summary, a real neuron is used as prototype.Morphologies are generated by an L-system
which is encoded in a genome. e generated morphology is compared to the optimisation con-
straints that are based on propertiesmeasured from the prototype; the comparison is quanti ed in
a tness value. A new population consisting of descendants of the best performing morphologies
of the previous generation is created. e performance of the generated morphologies increases
gradually until a morphology is found that satis es the optimisation constraints.

. Experimental setup and procedure

ecomparison between real neurons and the generated VNs is done on the basis structural prop-
erties. e properties of both the real neurons and the VNs are measured by means of a custom-
built Java program. e L-system formalism and the optimisation by means of EC are also imple-
mented in custom-built Java programs. We performed several preliminary experiments to deter-
mine empirically the successful settings for the evolutionary parameter con guration.

e tness function alonedidnot rule out the generationof trivialmorphologies that corresponded
to the optimisation constraints. erefore, we implemented a heuristic to avoid optimizing trivial
morphologies. e implemented heuristic ensured a minimal level of complexity of the resulting
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Figure .: EOL-N implementation of the AGO approach.

VN, because an increased morphological complexity would rule out trivial morphologies. Mor-
phologies without the required number of segments were assigned a negative tness equal to
(−R+S), whereR was theminimal required number of compartments andS the actual number
of compartments, respectively. us, the heuristic optimised morphologies so as to be composed
of a minimal number of compartments. From the moment this minimal number is obtained, and
the true tness function takes over the tness assignment.

We performed two series of experiments (with  and  experiments, respectively), each with dif-
ferent initial random seed to test the approach. All experiments are run on a desktop computer
with a single AMD_X64 2.8 Ghz processor. A single experiment ran for approximately  hours.

. Experiments and results

We performed (i)  experiments with a heuristic imposing aminimum of  compartments, and
(ii)  experiments with a heuristic imposing at least  compartments. Below, we present the
results obtained by the -compartments experiment (§ ..) followed by the results from the
-compartments experiment (§ ..). Subsequently, we present a brief analysis of the obtained
results (§ ..).

.. Exp. : -compartment experiment

Eight out of ten runs obtained a best tness of more than 80, only two runs did not nd anything
more than the desired number of stems. A tness of +80 means that most of the properties are
optimised, but not all.is implies that some features of these generated neurons are not accurate.
ree runs obtained a tness of +95 which implies that these generated VNs are in accordance
with all the prede ned properties. e three neurons that were in accordance with all  prede-
ned properties are illustrated in Figure .. e exact values of the optimised properties of the

right-most neuron are listed in table .. ere is no quantitative difference between the three
morphologies shown in gure . because they obtain a similar tness value. Moreover, the fact
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that we managed to generate  morphologies of which the  structural properties correspond to
the imposed optimisation constraints, indicates that the EOL-N implementation works
and that the AGO approach is valid.

−400 −300 −200 −100 0 100 200 300 400 500
−500

−400

−300

−200

−100

0

100

200

300

400

500

x

y

−500 0 500
−800

−600

−400

−200

0

200

400

600

x

y

−600 −400 −200 0 200 400 600
−400

−200

0

200

400

600

800

Figure .: e three generated motor neurons from the -compartment experiment that received a
tness > 95.

.. Exp. : -compartment experiment

We increased the complexity of the VNs to be generated by imposing that the morphology should
consists of minimally  compartments. We took this measure because the three successfully
optimised neurons from the -compartments experiment appear highly algorithmic: there is a
high degree of self-similarity which causes the occurrence of repeated patterns. We attributed this
phenomenon to the relative simplicity of the optimised morphologies.

ree experiments with minimally  compartments were performed⁴. One experiment yielded
a morphology with a tness of more than 95. e resulting morphology is shown in gure .
(right). Because of the strict tness function, there is no quantitative difference between this mor-
phology and the three successful morphologies from the -compartment experiment. How-
ever, there is a strong visual (i.e., qualitative) difference between the three optimised morpholo-
gies obtained by in the -compartment experiment and the morphology obtained in the -
compartment experiment. e most prominent visual difference is the non-algorithmic appear-
ance of the neuron yielded by the -compartment experiment. Moreover, the morphology op-
timised in the -compartment experiment has a good visual resemblence with the prototype
morphology shown in gure . (left).

.. Brief analysis of the results

e results from both experiments outlined above con rm that (i) the EOL-N implemen-
tation works, and (ii) thereby the validity of our AGO approach is demonstrated. Here, we show
how the EOL-N works without bias in the generation step.

e generated neurons are the product of an optimisation process performed by EC. Figure .
shows the development of the tness during a complete evolutionary run of the three generated

⁴In this chapter, we only want that the AGO approach and its implementation EOL-N work in principle. us,
the optimisation of a single good morphology is enough for the purpose the investigations. erefore, we initially started
with only  experiments and these experiments already yielded a successful optimised morphology.
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Figure .: e prototype motor neuron (left), and the best optimised virtual motor neuron of the -
compartment experiment (right).
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Figure .: Development of the tness value of three optimisation runs producing the neurons illus-
trated in gure .. e best tness (top line) and the average tness (bottom line) are displayed for
each generation.

virtual motor neurons illustrated in gure .. Both the best and average tness of a generation
are depicted by means of two traces; the top trace is always the best individual tness while the
bottom trace is the average tness. We note that in this gure the values below 0 are absolute val-
ues, and above 100 the values are scaled to a percentage. Both traces representing the best tness
and average tness start at −300 due to the heuristic and grow rapidly to 0 which means they
have reached the minimal required number of segments. Fitness values larger than 0 are assigned
by the true tness function. e optimisation process then tries to nd morphologies that match
bestwith the prede ned structural properties. In the three illustrated cases, EC ndsmorphologies
that are quantitatively in accordance to the imposed constraints.

A second way to illustrate the nature of the optimisation process is by showing intermediate mor-
phologies. For this purpose we selected the left-most neuron from gure . and present the inter-
mediate structures that were generated in order to arrive at its nal morphology. Figure . con-
tains the intermediate structures. e order in the ‘development’ is from top left to right bottom.
e rst panel is taken from the generation (i.e., optimisation round) in which the generated mor-
phology obtained theminimum required number of compartments.emorphologies in the three
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Figure .: Illustration of the optimisation mechanism in EOL-N. ese four structures are
intermediates of the nal gure shown in gure . (right). e intermediates are taken after the mini-
mum number of compartments was reached (top left), after  generations (top right),  generations
(bottom left), and  generations (bottom right).

remaining panels are the intermediates after 100, 400 and 600 generations. It can be observed that
the starting structure does not resemble a neuronal morphology at all.is phenomenon is caused
because we consider all 3D trees that can be generated from an L-system description as possible
outcomes of our approach; no bias is introduced during the generation of morphologies.

. Discussion

emain observation is that our AGO approach, here implemented in EOL-Nworks cor-
rectly.Wemay con rm this statement sincewe succeeded in generating VNs that satisfy particular
structural constraints borrowed from real neurons.

We have three points of discussion to be described below. In § .., we discuss to what extent the
four requirements outlined in section . are met in the EOL-N implementation. In § ..,
we elaborate on the strength and weaknesses of the AGO approach and the EOL-N im-
plementation. Lastly, in § .., we formulate several recommendations for future enhancements.

.. Realization of requirements

e rst requirement imposes a compact description. is requirement is obviously met by us-
ing an algorithmic description from which VNs are generated. Algorithmic descriptions provide a
blueprint of how to construct a neuron and not the neuron itself.erefore it is, in our opinion, the
most compact possible representation.
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e second requirement concerns the exibility of the speci cation. In the last two decades some
highly complex avours of L-systems were proposed to specify neuronal morphologies algorith-
mically. e complexity was created by using stochasticity, special operators for speci c neuronal
constructions, and interaction with the environment. However, for the purpose of our thesis we
candemarcate the level of dendriticmodelling as (i)modelling of dendrites as cylindrical segments,
(ii) modelling without any interaction with the environments. en, a neuronal morphology can
be abstracted as a tree consisting of linked cylindrical segments. By opting for modelling at this
level of abstraction, standard L-systems by which every rooted 3D structure can be made are suf-
cient. More exibility in the speci cation is not desired. Moreover, neuronal morphologies are

generally considered -at our level of abstraction- to be binary trees.erefore, one could argue that
the speci cation is even too exible for our purpose.

e third requirement deals with the ability to generate full 3D neuronal morphologies. We may
brie y state that L-systems in combination with an appropriate interpretation scheme can ac-
count for generating full 3D morphologies. e Rotation-Elevation interpretation scheme which
is used in EOL-N accounts for 3D morphologies. Hence, EOL-N also satis es the
third requirement.

e fourth requirement concerns the optimisation of morphologies. Backed by the experimental
results, wemay state that iterative optimisation as we proposed in the AGO approachworks well.
EC was used to implement the iterative optimisation procedure and worked directly on changing
the speci cation rather than the modi cation of the generated neuron itself. By doing so, the opti-
misation procedure swiftly converged to a desired solution (after approximately  generations;
see gure .).

.. Strength and limitations

e main strength is the fact that the optimisation process spans a larger parameter space, and
therefore, introduces less bias in the morphologies to be generated. All algorithmic approaches
encounter the problem raised by the mapping between the description on the one hand, and the
generated neuron on the other hand. is mapping is inherently a complex one because it is a
one-to-many mapping. With one description one morphology can be generated, while, one mor-
phology can be generated frommany descriptions. Consequently, it is a hard process to adjust the
algorithmic description in such a way that the desired change emerges in the morphology. Most
existing algorithms tend to overcome this problem by limiting the morphologies to be generated.
As veri ed in section ., EOL-N does not impose these a priori limitations, but rather a
posteriori selects the generated neurons that correspond best with the optimisation constraints. It
can be argued that a large potential parameter space is not advantageous asmost of this space con-
sists of biologically unrealistic morphologies. However, in general, the optimisation moves quickly
to subsets of the parameter space where reasonable morphologies can be found.is subset is not
necessarily equal to the solution space of existing approaches and EOL-N can nd all sub-
spaces of the parameter space where structures obey speci c constraints. In later chapters, we use
the AGO approach not only for optimizing desiredmorphologies, but also for optimisation of VNs
that perform a certain computational function.

We identi ed two limitations of ourmethod: () the realistic variability, and () the lack of guarantee
to nd ‘good’ structures.
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Chapter summary and conclusion

e rst limitation results from the decision to use only a single prototype. Because we do not
use multiple prototypes, the measured properties of the prototype do not say anything about the
class of neurons from which the prototypes come. Moreover, in accordance with the goals of the
investigations reported here, we only generated single neuronal morphologies that satis ed the
imposed constraints. Nevertheless, in computational neuroanatomy, the success of an algorithm
to generate VNs is often assessed by its ability to generate a set of unique morphologies that all
meet the constraints. In the next chapter, we investigate how we can use the AGO approach to
generate VNs that also re ect natural occurring variance.

e second limitation is that the tness function does not ensure a good result. A goodmatchwith
the prede ned set of properties of the prototype neuron is ensured, but a good match does not
imply a realisticVN (see gure . (left)).We argue that, currently, wedonot have a computationally
feasible solution for this limitation.

.. Future enhancements

We propose two future enhancements that are related to the two identi ed limitations of EOL-
N.

First, EOL-N assesses single VNs as opposed to a group of VNs. erefore it neglects vari-
ability in the generated outcome. In the current experimental setup, a single neuron is compared
to a single prototype neurons. Consequentially, a description is not validated on its success of gen-
erating a set of realistic neurons but rather on a particular generated instance. is problem can
be alleviated by using a new validationmethod inwhich a single description is responsible for gen-
eration a set of VNs and comparing this set to a set of prototype neurons. is is exactly what we
will examine in chapter .

Second, there is the limitation that a good tness value does not always indicate a desired neuronal
morphology. One cause is identi ed as the fact that the exible speci cation requires additional
constraints next to the conceptual constraints we want to impose on neuronal morphology. We
refer to the additional constraints as speci cation-speci c constraints and to the conceptual con-
straints as domain-speci c constraints. An example to clarify the difference is the following. Assume
an experimenter wishes a neuron with  bifurcations.is desire is a domain-speci c constraint
because the experimenter knows  bifurcations is a realistic number. However, with our stan-
dard L-system we can generate bifurcations, but also trifurcations or even n-furcations. Conse-
quently, the experimenter should constraint the generated neurons to contain only bifurcations.
e latter constraints is a speci cation-speci c constraint and lacks a connection to the concep-
tual level where an experimenter wishes to work. So, a less exible speci cation that can only pro-
duce bifurcations is conceptually closer to the desired outcome than a exible speci cation. is
is also something we will address in chapter .

. Chapter summary and conclusion

In this chapter we described EOL-N, the rst implementation of the AGO approach. e
two series of experiments performed, con rmed that we can generate VNs that satisfy particu-
lar imposed constraints. Moreover, we discussed that the four requirements related to the AGO
approach are met in the implementation of EOL-N.
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Based on by the experimental results, wemay conclude that we devised a new approach for gener-
ation of morphologies. Hence, a partial answer for RQ1 is provided by the EOL-N because
it can generate morphologies. Moreover, EOL-N also provides an answer to RQ2 because
we directly incorporated a mechanism to optimise morphologies to meet particular constraints.
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KDE-N: non-parametric
reconstruction of morphologies

Accurate reconstruction by means of a sampling method might
appear as a simple task. However, there a many pitfalls in the
reconstruction process. One such pitfall is the quanti cation of
morphological properties. In this chapter, we present an imple-
mentation of our AGO approach that overcomes this pitfall by
using a non-parametric description of morphological properties.
e implementation contributes to answering RQ1. Kernel den-
sity estimates (KDEs) are used as non-parametric descriptions
and therefore the new implementation is called KDE-N.

based on . Torben-Nielsen, B., Vanderlooy, S., and Postma, E.O. ().
KDE-N: non-parametric generation of morphologies.
Neuroinformatics, (online rst:
http://dx.doi.org/./s---x)

contents Section . starts by explainingwhy accurate reconstructions are required,
and how sampling methods work. In section . the general methodology
of KDE-N is presented. Subsequently, the different components
of this algorithm are described in detail in section .. e experimental
setup is given in section .. In section ., the experiments and the results
of the experiments are presented. e actual results are discussed in sec-
tion .. e chapter is completed by a chapter summary and a chapter
conclusion in section ..
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. Accurate reconstruction by sampling methods

emain aim of this chapter is to generate accurate neuronal morphologies, and by doing so gain-
ing insights into themorphology of neurons. An implementation of our general reconstruction ap-
proach –KDE-N– is designed to t this purpose. In short, KDE-N uses kernel density
estimates (KDEs) to generate non-parametric models of available morphological data, and recon-
structsVNs by sampling values from theKDEs. Belowwemotivate the reason for this investigation.

As in the previous chapter, our focus is onmorphology-generation algorithms, in particular on the
class of so-called sampling methods that sample from distributions of morphological measure-
ments to construct instantiations of VNs. VNs are then generated by iteratively sampling values
for basic parameters that correspond to a particular element of the VN (Ascoli et al., b; van
Pelt et al., ). Generally, the distributions of morphological properties are modelled using para-
metric models (as in Ascoli and Krichmar, ; Lien et al., ; Eberhard et al., ).

An obstacle arises because a straightforward parametric model is often too simple to capture
the distributions of morphological measurements of real neurons (Burke et al., ; van Pelt and
Schierwagen, ; Lindsay et al., ).eobstacles that arise fromusing aparametricmodel can
be alleviated in three ways.e rst way is by assuming that themorphological data are generated
by a mixture of probability distributions of a known form. However, tting a nite mixture model
to the data requires a priori knowledge of the number and types of distributions. Such knowledge
is available for speci c cell types only and may not even be valid. Consequently, mixture-model-
based algorithms can be applied to a limited number of cell types at best (i.e., pyramidal cells
(Samsonovich and Ascoli, b; Donohue and Ascoli, ; Eberhard et al., ), granule cells
(Samsonovich and Ascoli, a), motor neurons (Burke et al., )). e second way to alleviate
the simplicity caused by using a parametric models is to use a cell-to-cell reconstruction strategy
in which a single neuronal prototype is used instead of a set of neuronal prototypes (as in Sam-
sonovich and Ascoli, ). e third way is a recently developed solution proposed by Lindsay
et al. (). ey use non-parametric models of the underlying data in the reconstruction algo-
rithm. Non-parametric models are statistical models that do not require any a priori information
about the data it models. eir results show that non-parametric models are powerful in mod-
elling morphological data. However, in their study the focus is on reconstruction of a single cell
type only. Our objective is to develop a successful approach in which several neuronal types can
be reconstructed automatically from a set of prototypical real neurons.

In this chapter we develop KDE-N, a generic non-parametric reconstruction algorithm that
could serve the aforementioned goal. Our approach is based on KDEs to model the distribution of
morphological properties. e algorithm is generic in the sense that it is not speci cally tailored
to t a single cell type only. Instead it offers the possibility to generate automatically any cell type,
provided that sufficient morphological data are available. Additionally, the user can con gure the
algorithm to provide a better t with prototype data by setting several intuitive options. So, KDE-
N is the rst reconstruction algorithm capable of reconstructing different cell types without
requiring modi cation of the algorithm itself. e KDE-N algorithm has three advantages
over other reconstruction algorithms: () no presumptions (or bias) introduced in estimating the
distributions, () peculiarities in the biological data will be re ected in the VNs, and () the ap-
proach can reconstruct different cell types automatically.
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We perform two sets of experiments in which we reconstruct (i) motor neurons and (ii) granule
cells. We assess the quality of the prototype data and show that the quality of certain properties is
insufficient to construct reliable statistical models. Nevertheless, by application of a post-selection
lter we successfully generate VNs that are statistically indistinguishable from the set of prototype

neurons with respect to the assessed properties. Moreover, we will show that the goodness-of-
t between generated neurons and prototype neurons is highly dependent on the quality of the

prototype data.

. Methodology of KDE-N

Our proposed algorithm, KDE-N, uses raw morphological descriptions in the SWC format
(Cannon et al., ) as input. Subsequently, non-parametric statistical models of particular mor-
phological properties contained in the raw data are obtained in the form of KDEs. By recursively
sampling values from these KDEs and by combining the sampled values, we reconstruct a virtual
neuronal morphology. More speci cally, such a combination of sampled values makes up a single
dendritic segment.us, in each recursive step of KDE-N, a dendritic segment is added and
the algorithm has to decide whether to bifurcate, prolongate, or terminate the current segment.
edecision ismade by inference from theKDEmodels. KDE-N is an adaptation of the algo-
rithm developed by Burke et al. () and accommodates for non-parametric models and exible
inferences.

Figure . provides a schematic overview of the KDE-N algorithm. e main steps are in-
dicated with a numbered box. Below, we brie y go through all the main steps, while in the next
section we explain all components required to perform these steps. We remark that the steps are
not performed sequentially, but as shown in gure ..

Step . Before the actual reconstruction algorithm starts, univariate andmultivariate KDEmodels
of eight morphological properties and combinations of these properties are constructed,
respectively. e eight properties are listed in table . (Type B).

Step . A sample is drawn from the appropriate KDE model in order to determine the number of
stems in the reconstructed neuron.

Step . ree KDE models are used to sample the initial diameter (Dp) and two angles (rotation
(R) and elevation (E), see Torben-Nielsen et al., ).

Step . A particular dendritic segment is constructed and added to the VN. For this purpose, a
length (L) and a new diameter (Dn) are sampled from two appropriate KDE models.

Step . An inference is made on the basis of the current segment and appropriate KDE models
whether to bifurcate, prolongate, or terminate the segment. If not terminating, one or two
triplets containing the starting diameter of the next segment (Dp) and angles (R,E) are
sampled in either Step  or .

Step . If in Step it is decided tobifurcate, two triplets are sampled for the twodaughter segments.

Step . If in Step  it is decided to terminate, it is checked whether there are still un nished seg-
ments to complete. If all branches are completed, a singleVN is nalized in the SWC format.
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Step . After reconstruction of a set of VNs, particular instances are selected that have biologically
plausible properties. e ltered set of VNs is the nal outcome of KDE-N.

Add segment routine
(Dp,R,E)

Sample:
initial

Dp,R,E

Sample: Dn, L

Terminate
branch?

Build segment
Start: Dp,E,R

End: Dn,L

Bifurcate?

Sample:
Dp1,Dp2

R1,E1
R2,E2

Dp=Dn
Sample: R,E

For all dendrites

Yes No

Build soma
Sample: no_stems

Finished

2

3

4

5

No Yes

6 7

Post-selection

KDE models of
morphological data

1

8

Figure .: Schematic illustration of the KDE-N algorithm.e general ow is elaborated on in
section ..

. Implementation details of KDE-N

e main steps outlined above are accommodated by six components: () the morphological prop-
erties of real neurons, () the KDE models of these properties, () the sampling algorithm for ex-
tracting VN properties from the KDE models, () the dendritic-segment generation algorithm, ()
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Step Component
 
 , 
 , 
 , , 
 
 , 
 , 
 

Table .: Correspondence between the eight steps and the six components of KDE-N.

the inference algorithm that decides to bifurcate, prolongate, or terminate a branch, and () the
post-selection lter. We note that these components are not equal to the main steps in the algo-
rithm. Rather, eachmain step uses several of these components.e correspondence between the
eight steps and the six components is listed in table .. e next six subsections describe the six
components in detail. Additionally, a seventh subsection elaborates on the user-de ned options
by which KDE-N can be con gured.

.. Morphological properties of real neurons

A quantitative description of neuronal morphologies can be given by a wide variety of morpholog-
ical properties that can be measured directly from a neuron description in the SWC format. Ex-
amples of such measured properties are the sets of basic and emergent properties (Hillman, ;
Ascoli et al., b), excluded volume (da F. Costa et al., ), fractal dimensions (Fernández and
Jelinek, ) and so forth. In this chapter we use a set of basic properties and emergent properties.

We consider eight basic properties as listed in the top part of table . (Type B). Despite the ratio-
nale behind the basic properties, moremeasurements are required to describe quantitatively a full
dendritic morphology. erefore, we use an additional set of emergent properties to quantify den-
dritic morphologies more meticulously. A list of eleven emergent properties is given in the bottom
part of table . (Type E).

To collect measurements for the KDE-N algorithm we use a set of prototype neurons. e
measured values for each property form a distribution over an interval of plausible values.e na-
ture of the distribution depends on the property and, more importantly, the neuronal type under
consideration. Hence, as stated in section ., the use of a xed parametrized distribution (or mix-
ture of distributions) to model the unknown distribution of measurement values severely limits
the applicability of the resulting reconstruction algorithms.

To overcome this problem, we model the measurements using KDEs (Parzen, ). KDEs con-
stitute a non-parametric technique that does not make any assumptions about the shape of the
distribution.
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Name Description Type
No_stems Number of stems B
T_elev (initial E) Stem elevation angle B
T_rot (initial R) Stem rotation angle B
Stem_diam (initial Dp) Stem diameter B
B_elev (E) Elevation angle at bifurcations B
B_rot (R) Rotation angle at bifurcations B
St_l_so (L) Stem length B
L_biff (L) Inter-bifurcation length B
L_term Terminal segment length E
L_tot Total dendritic length E
L_Segments Average all segment length E
No_bif Number of bifurcations E
Part_assym Partition asymmetry E
L_dist_avg_term Euclidean distance from the soma to the terminal

tips
E

L_path_avg_term Path length from the soma to the terminal tips E
Height_x Size in X-dimension E
Width_y Size in Y-dimension E
Depth_z Size in Z-dimension E
Order Order of every dendritic compartment E

Table .: List of the basic morphological properties (Type B) and the emergent morphological proper-
ties (Type E). In the text we use the names in the rst column. e names between brackets refer to the
names used in gure ..

.. Modelling data with KDEs

At the core of KDE-N are the non-parametric models that estimate the distributions of the
morphological values used in the algorithm. Here, we explain how a distribution of morphological
measurements is modelled by means of a KDE .

Weassume thatwehavenmorphologicalmeasurements fromoneof themorphological properties
X , all measurements are independently drawn from an unknown underlying distribution (the iid
assumption Bishop, ). In order to obtain the density of a speci c measurement value x, we
sum all other measurements xi with weights that are decreasing with the distance between x and
xi (i = 1, . . . , n). A so-called kernel functionK establishes this weighting (smoothing) effect.e
kernel density estimate f̂(x) is then de ned as (Parzen, ):

f̂(x) =
1

nh

n∑
i=1

K

(
x − xi

h

)
, (.)

where h is the bandwidth of the kernel. e value of the bandwidth determines the degree of
smoothing. A popular choice of the kernel is the Gaussian distribution. e estimator then mod-
els a distribution by centring a Gaussian distribution at each of the n measurements and taking

Mathematical details related to this section can be found in the appendix C.
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Figure .: Illustration of the kernel density estimator in which a synthetical data set of  measure-
ments is sampled from the distribution shown by the solid curve. Kernel density estimates are shown
for various values of h by the dotted curve. If h is set too small (top panel) the result is too spiky, and if it
is set too large (bottom panel) the result is too smooth. Only with the correct value of h, the underlying
distribution is estimated properly (centre panel).

the average of the resulting densities at each point. More formally, the kernel density estimate be-
comes:

f̂(x) =
1

nh
√

2π

n∑
i=1

exp
[
− (x − xi)2

2h2

]
, (.)

where the bandwidth h corresponds to the standard deviation of the Gaussian distribution. If h is
set too small, then the estimate is too spiky and consequently contains a large amount of structure
that is not present in the real distribution (oversmoothing). Ifh is set too large, then the estimate is
too smooth and again fails to capture the shape of the distribution underlying the measurements
(undersmoothing). ese effects are illustrated in gure .. e proper con guration of the band-
width depends on the morphological property and the type of neuron.

e KDE f̂(x) can only cope with univariate data. KDE-N also features KDEs for multivari-
ate model estimation, i.e., estimating the joint distribution of two or more morphological proper-
ties. For instance, in the bivariate case, such a distribution enables for determining the probability
of a bifurcation point given the current ‘point’ in a dendritic tree characterised by a path length
and an order from the soma. Alternatively, one can use the marginal distribution that computes a
distribution for one property independent of the value of the other property in the joint distribu-
tion. An example is the computation of the possible diameters for a segment independent of the
path length from the soma.

.. Sampling from kernel density estimates

Once the KDE models are created, random samples taken from these models de ne the instan-
tiations of VNs. Drawing random samples from a distribution is straightforward and exact when
the distribution is parametrized, e.g., a widely spreadmethod is the inverse sampling from a corre-
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Figure .: Illustration of the rejection sampling procedure. e KDE model f̂(x) is represented by the
dotted curve. For an appropriate choice of k, the less complex distribution kq(x) encloses the KDE
model and is here represented by the solid curve. A pair of numbers (x0, u0) is generated and x0 is
said to be a sample from f̂(x) if the pair is not in the shaded area between the two distributions.

sponding cumulative probability distribution (CDF) (Devroye, ). However, because KDEs are
a non-parametric estimation technique, the question arises how to efficiently sample from it since
the parametrized CDF is unknown.

Many sampling procedures have been proposed when parametric knowledge of the distribution is
lacking (Bishop, ). KDE-N employs a universally applicable procedure called rejection
sampling . We brie y explain the procedure. For the sake of simplicity, assume a univariate KDE
f̂(x). Also, assume -without restriction- a parametrized distribution q(x) such that, when multi-
plied by a positive constant k, it encloses the KDE model. Formally stated, kq(x) ≥ f̂(x) for all
values ofx. An illustration of such a distribution is given in Figure ..e area under the solid curve
de nes the parametrized distribution.Within this area, the area under the dotted curve represents
the KDE model.

Rejection sampling involves two steps. In the rst step a numberx0 is drawn from q(x). In the sec-
ond step a randomnumberu0 is drawn from the uniformdistribution over the interval [0, kq(x0)].
If the condition u0 ≤ f̂(x0) holds, then x0 is accepted as a sample; otherwise it is rejected. Evi-
dently, the procedure becomes computationally more efficient with increasing similarity between
the distributions kq(x) and f̂(x). For simplicity, in KDE-N, q(x) is de ned as the uniform
distribution. e value of k is set to the maximum density as evaluated by the KDE from the set of
prototype properties.

e multivariate extension of rejection sampling is straightforward and requires a multivariate
distribution q that encloses the multivariate KDE model f̂ . Conditional sampling corresponds to
sampling from a ‘slice’ through the higher dimensional models. An example is sampling a proper
segment diameter given the path length from the soma. In this case, the slice is taken at a particular
value for the path length and results in a univariate distribution of the diameter conditioned on
the path length.

More advanced methods (in efficiency and effectivity) are possible but this is not the focus in the current work. We
refer the interested reader to Ch.  of Bishop ().

64



Implementation details of KDE-N

.. e dendritic-segment generation algorithm

e segment-generation algorithm ismotivated by the dendriticmeandering observed in real neu-
rons. Experimentally reconstructed neurons often display strong contraction, a measure of den-
dritic meandering (Scorcioni et al., ). Having a strong contraction means that individual seg-
ments are jagged. As a result, the ratio of path length over the Euclideandistance from the dendritic
terminal to the soma is signi cantly larger than unity. Clearly, the overall morphology of a neuron
is affected by the contraction. It might be that contraction as observed in traced neurons is an
artefact of the tracing-process due to tissue shrinkage. However, the traced data is the only data
we have access to and is considered to be the ‘real’ data in this study. us, if the data exhibits
contraction than we have to mimic the contraction. Moreover, if the prototype data would not be
considered to be the true data, every data-driven method and the following statistical analysis of
the results would be in vain. Indeed, once the prototype data is not considered to be the true data,
it is of no importance to show statistical similarity.

erefore, contraction is a prominent feature of our segment-generation algorithm, and it is built
in KDE-N through morphological compartmentalisation: the division of a segment into a pre-
speci ed number of compartments (conditioned on the segment length). e position and orien-
tation of each segment is de ned by its start-point and end-point (both in three dimensions). To
simulate contraction, we sample the start-points of all but the rst compartments fromaGaussian
distribution centred on the end-point of the previous compartments. So, the start-point and the
end-point of the segment itself remain xed, while the other points are altered. In these points the
degree of contraction depends on (i) the variances of the Gaussian distribution for displacing the
three-dimensional coordinates, and (ii) the number of compartments in the segment. Figure .
illustrates the simulated contraction of a segment.

It should be noted that our morphological compartmentalisation differs from the compartmen-
talisation used in physiological simulations (e.g., lambda_d compartmentalisation in 
(Carnevale and Hines, )) which has an electrophysiological rather than a morphological sig-
ni cance.

Figure .: Illustration of morphological compartmentalisation of a segment in the segment-generation
algorithm. Contraction arises by adding Gaussian noise to all intermediate segment points.

.. e inference algorithm

e inference algorithm decides on (i) bifurcation, (ii) prolongation, and (iii) termination of a par-
ticular branch of a VN.We consider three decision procedures: () Bayesian decision procedure, ()
noisy Bayes decision procedure, and () typicalness decision procedure.We begin by describing the
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two Bayesian procedures. Subsequently, we outline the typicalness decision procedure.e choice
of the decision procedure depends on the type of neuron and the location within the dendritic
branch. All procedures take KDE models of the three distributions for bifurcating, prolongating,
and terminating compartments that are obtained from measurements in the prototype set. We
describe the three decision procedures below.

Ad() Bayesian decision procedure

e prior probabilities of bifurcation, prolongation, and termination are denoted by f(Sbifur),
f(Sprolong), and f(Stermi), respectively. e KDE models provide the type likelihoods f̂(x|Sbifur),
f̂(x|Sprolong), and f̂(x|Stermi) where x is a particular compartment. Given these probabilities our
interest is to decide for eachx to which type of compartment it belongs.We compute the posterior
probabilities using Bayes’ rule:

f(Si|x) =
f(Si)f̂(x|Si)

f̂(x)
, (.)

with i ∈ {bifur, prolong, termi} and f̂(x) the probability of observing x.

e Bayes inference procedure is to make the decision associated with the largest posterior. It is
known to be optimal in the sense that the number of incorrect decisions are minimized, assuming
valid priors and correct class likelihoods (Bishop, ; Robert, ). It should be noted that for
our purposes the calculation of f̂(x) can be omitted since it is a constant term in equation ..
Nevertheless, themarginal probability is useful since it is the normalization constant ensuring that
all f(Si|x) sum to one and are therefore valid probabilities. e disadvantage of this procedure is
that in casewhere –given a particular point in a dendritic tree– two events are almost equally likely,
the decision will always favour the most likely event. In other words, the reconstruction algorithm
introduces an artefact (bias) in the reconstructed data (i.e., two events have different probability
while in the original data the two events have similar probability).

Ad() Noisy Bayes decision procedure

e noisy Bayes procedure proposed by Lindsay et al. () may overcome the aforementioned
disadvantage of the Bayes decision rule. In this procedure the posterior probabilities are used to
subdivide the unit interval into three parts: [0, f(Sbifur|x)], [f(Sbifur|x), f(Sbifur|x)+f(Sprolong|x)],
and [f(Sbifur|x) + f(Sprolong|x), 1]. Subsequently, a random number is drawn uniformly from the
unit interval and the part associated with this number determines whether the segment bifur-
cates, prolongates, or terminates.e noisy Bayes inference procedure effectively prevents the oc-
currence of the aforementioned artefacts.

Ad() Typicalness decision procedure

KDE-N mainly employs the typicalness decision procedure. is procedure treats the bi-
furcating, prolongating, and terminating compartments separately and assumes that bifurcating

To avoid a pre-processing step, we directly work with compartments that are speci ed in the SWC format, rather than
with segments.
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and termination are the most important decisions (because of their effects on the resulting mor-
phology). Moreover, due to the fact that we use prototype compartments rather than segments,
the bifurcating and terminating compartments are always outnumbered by the prolongating com-
partments.erefore sufficiently large samples for both compartments are difficult to obtain⁴. For
a given compartment x, the typicalness procedure assesses the likelihood that it belongs to one of
the three compartment types, i.e., how ‘typical’ the compartment is for each of the three types.e
assessment proceeds as follows.

Assuming that the type is ‘bifurcation’, we take a subset T = {t1, . . . , tm} of the bifurcation com-
partment set Sbifur. e typicalness of x for the bifurcation type is expressed as follows:

typ =

∣∣∣ {
i = 1, . . . ,m : f̂(ti | T ) ≤ f̂(x | T )

}∣∣∣
|T |

, (.)

where f̂(· | T ) is the outcome of the KDE-model of T . Similarly, we compute the typicalness of
x being of the terminating type. e highest typicalness determines the decision to bifurcate or
terminate, provided that the typicalness is equal or larger than a threshold value. Otherwise, the
typicalness ofx belonging to the prolongation type is computed. If the resulting typicalness is again
falling below the threshold, the compartment becomes a terminating one; otherwise it becomes a
prolonging one.

At rst, this procedure might appear cumbersome, but it follows the intuitive idea that the most
typical decision is taken for a given point in the dendritic tree. Trying out each possible type in iso-
lation fromeach other has been applied successfully in the eld ofmachine learning (Bishop, ).
e advantage of this procedure is that the decision to bifurcate or terminate is not outnumbered
anymore by the decision to prolongate. e typicalness procedure has no clear disadvantages for
application in KDE-N.

.. Post-selection of VNs

e previous ve components are utilized to generate a VN. e post-selection lter is used only
after a set of VNs has been generated⁵.

ere are three reasons why a post-selection procedure is required. First, high variance in the pro-
totype data in combination with a low number of prototypes leads to the fact that sometimes
non-representative samples are drawn.ese samples may result in an impossible combination of
parameters and may provoke another cascade of non-representative samples. is cascade is due
because the samples to be drawn next are conditioned on conditions that are unknown the algo-
rithm. Second, there is a big difference between the statistics associated with the set of generated
VNs as a whole and the individual VNs in that set. It is possible (due to the reason outlined be-
fore) that individual VNs are non-representative but that as a group they still lead to a good result.
For instance, different VNs can have a property that is incorrect, but the average of the individual
incorrect properties can be perfectly consistent with the property as measured in the set. us, it

⁴Outnumbering occurs because every bifurcation compartment is surrounded by prolongating compartments, and
terminating compartments are always preluded by prolongating compartments. Hence, the number of prolongation com-
partments is much larget than the number of prolongating compartments and terminating compartments.

⁵As such, KDE-N also follows the a posteriori selection strategy(cf. section .).
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is important to lter the individual VNs to assure that all individuals are at least plausible. ird,
there is a conceptual difference between a local algorithm (that samples on local conditions) and a
global algorithm (that samples on conditions set by the complete neuron). Indeed, a single gener-
ated branch can correspond statistically to a single branch from the prototype data, but this is not
a guarantee that a complete generated neuron which is composed of several branches ts with a
complete prototype neuron.

To overcome these issues we take the measure of ltering the generated VNs so that only plausi-
ble individuals remain. e lter itself is straightforward: properties of the generated neurons are
checked whether they lie in an interval of biologically plausible values. e plausible values are
de ned as the range from the minimum to the maximum observed values for a speci c property.
Hence, ltering imposes relaxed constraints. A number of properties are tested in this way, and
VNs that pass all tests are considered to be a valid outcome of KDE-N.e exact properties
used for the post-selection are listed in the section .. Here, we remark that ltering of properties
does not indicate that the algorithm in itself does not work.

.. User-de ned options

KDE-N has a number of user-de ned options that offer the user some control over the na-
ture of the VNs to be generated. Table . lists the six options.

e rst option determines the sampling of diameter values (i.e.,Dn, Dp1, and Dp2) conditioned
on the location within the dendritic tree.is option has ve possible values, which are condition-
ing on the: () order, () degree, () path length from the soma, () Euclidean distance from the
soma, or () diameter of the current point, i.e., the parent diameter. Combinations of the afore-
mentioned values are also allowed. e second option de nes the inference procedure. e third
option de nes the conditioning of the KDE used in the chosen inference procedure; the values are
identical to the values for the rst option.e fourth option de nes the threshold in the typicalness
inference procedure. e fth option de nes the number of compartments and the sixth option
de nes the amount of Gaussian noise used to construct a segment.

It is important to note that these user-de ned options do notmodify the KDE-N algorithm.
e algorithm consist of three so-called neuroanatomical rules (Ascoli, ) and these rules are
unchangeable⁶. e rules, however, do not prescribe which information they use and this is con-
guredby theuser-de nedoptions. For instance, oneof the rules uses theprobability of bifurcating,

but does not de ne on the basis of which data this probability is computed.us, the user-de ned
optionsdonot alter the algorithm itself and therefore the algorithmcanbe called general.is strat-
egy is in contrast to most existing approaches where new neuroanatomical rules were required to
cope with different neuronal types (e.g., Ascoli et al., b).

e exact settings for these options are made on heuristic basis. A quick glance at themorphology
of the prototypes reveals whether the bifurcations seem to occur in concentric regions around the
soma (i.e., choose ‘Euclidean distance’ for conditioning) or that bifurcations occur in a topological
order (i.e., choose ‘order’ for conditioning). e threshold factor should be set so it re ects the ob-

⁶We use the three neuroanatomical rules as proposed by Burke et al. (), namely a dendritic segment can () grow
and bifurcate, () grow and prolongate, and () grow and terminate.
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served variation in the prototypes. In section . we elaborate more on the setting of these options
in our experiments.

 Option Description
 Diameter conditioning Conditioning on either () order, () degree, () path

length from soma, () Euclidean distance from soma,
() parent diameter.

 Inference procedure Can be either () Bayes, () noisy Bayes, or () typical-
ness procedure.

 Inference conditioning Conditioning on either () order, () degree, () path
length from soma, () Euclidean distance from soma,
() parent diameter, or () all.

 reshold factor e typicalness threshold value.
 Contraction Number of compartments within a segment.
 Gaussian noise e variance of the Gaussian distribution for selecting

end-point coordinates.

Table .: Overview of user-de ned options of KDE-N that can be con gured to obtain a good
t for speci c cell types.

In the light of the light of our AGO approach, we note that the user-de nable options allow for
optimisation of the outcome. us, despite of the dedicated L-System description and stochasti-
cally determined arguments, there is ample room for optimisation. Because of the optimisation
loop, KDE-N is an implementation of the AGO approach. A schematic overview of KDE-
N and how it implements AGO is illustrated in gure ..

In summary, a neuron is modelled by a set of KDEmodels that describe basic morphological prop-
erties, and are in accordance with the user-de ned options.With the aid of a stochastic and recur-
sive algorithm, a set of VNs is generated. en, a post-selection procedure lters out the VNs that
comply with certain properties that are derived from the prototype data. Generally, a substantial
number of generated VNswill be quali ed to be selected by the selection procedure.ese VNs are
the outcome of the algorithm. If however, no VNs complied with the selection criteria, the options
can be manually updated and KDE-N may be rerun.

. Experimental setup

eaim of the experiments performedwith the KDE-N algorithm is to evaluate its ability to
create faithfully a set of VNs that are statistically indistinguishable from a set of prototype neurons.
e experiments were performed with custom-built Java programs to extract morphological data,
and with Matlab programs to construct the KDE models and generate VNs. In this section, we
outline the experimental procedure (§ ..) and we explain the validation procedure (§ ..).

.. Experimental procedure

We algorithmically reconstructed two types of neurons, namely motor neurons and granule cells.
For these two neuronal types we describe (i) the data on which the reconstruction is based and (ii)
the values for the user-de ned options in the experiments.
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Figure .: KDE-N implementation of the AGO approach.

First, we outline the experimental setup for themotor-neuron experiments. Data for the prototype
set were taken from the NeuroMorpho archive (Ascoli, , and http://www.neuromorpho.org)
and were originally published by Cameron et al. (). e prototype set contains  alpha motor
neurons. ree typical motor neurons from the archive are illustrated in gure . (top row). e
user-de ned options were as follows. e KDE model for the diameter is conditioned on the path
length fromthe soma.As inferenceprocedure ahybrid of thenoisyBayes and typicalness procedure
is used; only at orders less than two, the typicalness procedure is applied. We opt for this hybrid
procedure as the noisy Bayeswasworking best but failed tomake a correct decision at lower orders
in preliminary experiments. e remaining options were con gured as follows. e KDE models
used for the inference procedure were conditioned on the order and path-length. e threshold
factor (used in the typicalness procedure) was set to . for bifurcating and . for terminating.
e segments were built with an odd number ((L/20) × 2) + 1 compartments⁷ where L is the
sampled value for the segment length.e variances of the Gaussian used for the contractionwere
σ2

x = 2, σ2
y = 0.5 and σ2

z = 0.5. Twelve properties were used for the post-selection lter, namely:
No_stems, St_l_so, T_elev, T_rot, Fractal_dim_xy, No_bif , Order, L_tot, L_Segments,
L_dist_avg_term, L_path_avg_term, and Tropism_F . ese values are selected heuristically
as they proved to be appropriate in earlier work (Torben-Nielsen et al., ).

Second, the granule-cell experiments were performed as follows. e data for the prototype set
is also taken from the NeuroMorpho archive, and was originally published by Rihn and Claiborne
(). is set contains  neurons. ree typical neurons from this archive are illustrated in g-
ure . (bottom row).e user-de ned options were identical to those of the motor neuron exper-
iments with the following exceptions. e used inference procedure is the typicalness procedure,
and the KDEmodels were based on the path length only.e post-selection lter was based on ten
properties: except for the stem angles, T_elev and T_rot, the lter was similar to the lter used
for motor neurons.We removed the stem angles as they displayed toomuch variation.We address
this issue in the discussion (section .).

⁷Electrophysiological simulations aremore precise with an odd number of compartments (Carnevale andHines, ).
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Figure .: Illustration of prototype neurons taken from the NeuroMorpho archive. e neurons are
displayed in an X,Y projection. Top: motor neurons. Bottom: granule cell. All illustrations are scaled to

t the page.

.. Data quality and validation of experimental results

KDE-N generates VNs from statistical models while making only a few assumptions about
the data and about the desired neuronal morphology. Essentially, we let the data speak for them-
selves. It follows that the results generated by KDE-N can at best be as good as the data
itself. Two facts can decrease the quality of the prototype data⁸. First, the large variation in real
morphologies of the same neuronal type gives rise to a complex distribution of its properties. Sec-
ond, the small number of prototype neurons may lead to a non-representative sample from the
true distribution. e combination of a complex distribution and small number of samples (i.e.,
prototype neurons) may hamper the quality of the statistical model because the observed samples
can be a bad representation of the true distribution.erefore, we need to assess the quality of the
prototype data and validate the results obtained by KDE-N with respect to the measured
data quality.

Assessing the data quality and the validation of the results can be done both in the same manner,
namely bymeasuring the similarity between two sets of samples for a single property. In case of the
data quality assessment, the properties to be tested both originate from the prototype data. In case
of the validation of the results, one set of samples is taken from the prototype data while the other
set is taken from the generated VNs. Independent of which data they are taken from, we note that
each of the two sets represents a distribution of a speci c property.

Similarity of the two distributions is tested by a hypothesis test, namely the Wilcoxon rank-sum
test (Lehmann and Romano, ); a non-parametric alternative to the standard two-sample t-
test. e null-hypothesis is that the two samples are generated from an identical distribution. An

⁸In the context of this chapter, the data quality can be thought of as the coherence between different values measured
from the same property.
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outcome of 0 or 1 indicates that the test is accepted or rejected (with 5 signi cance level). Apply-
ing only a single test is often inconclusive, and therefore a scheme of repeatedly performing such
a test is used by applying bootstrapping (Witten and Frank, ; Alpaydin, ). In this scheme,
the two samples used for testing the null-hypothesis are repeatedly selected at random (with sub-
stitution) from the complete data set. Afterwards, the signi cance of the number of acceptances
and rejections is determined with a sign test.

A distribution of good data quality can now be formally de ned as a distribution that has a non-
signi cant number of rejections in the bootstrap scheme in combination with theWilcoxon rank-
sum test. If the number of rejections is signi cant, then the data quality is de ned to be poor. We
perform  bootstrap tests with  and  prototype neurons in the sample for motor neurons and
granule cells, respectively. With  tests and the 5 signi cance level, a number of at least  re-
jections implies that the two samples differ signi cantly and, therefore the data is of poor quality.
Fewer than  rejections implies that the data is of good quality.With respect to the quality assess-
ment, we note that a good data quality indicates that the distribution is suitable for constructing a
model. Inversely, from poor quality data it is impossible to construct a reliablemodel.With respect
to the validation of the results, a non-signi cant number of rejections indicates a high similarity
between the prototype data set and the generated data set. erefore, the VNs can be considered
to be representative for the prototype neurons.

By using the bootstrapping scheme in combination with the Wilcoxon rank-sum test and a nal
conclusive sign test, we assess both the quality of the data and validate the experimental results.
In addition to this type of quantitative validation, a visual inspection (or qualitative validation) of
the generated results is performed.

. Experiments and results

Below we describe the experiments and present the results obtained by generating two types of
neurons.We remark that the presented results are all biologically plausiblewith respect to the tested
properties because of the post-selection lter. Here, we de ne plausible as within the range of ob-
served values in the prototype data. e results and subsequent analysis of the results are mainly
intended to show that the VNs are not only biologically plausible, but are statistically similar to
the set of prototype neurons. us, the involved properties of the sets of prototype neurons and
generated neurons are distributed similarly.

.. Exp. : Motor neurons

As a rst step, we assessed the quality of the aforementioned archive ofmotor neuron data.e as-
sessment is summarized and visualized in gure . (left). Bootstrapping was performed with two
pools containing ve randomly selected neurons, and was repeated for  times. e X-axis rep-
resents the tested properties which are all listed in table ..ese tested properties correspond to
the  properties of the post-selection lter supplemented with  properties which are commonly
used in the validation of results (see, for instance, Ascoli et al., b; Samsonovich and Ascoli,
b). e bars in gure . represent the total number of rejections of the Wilcoxon rank-sum
test; the line at y = 62 indicates the signi cant number of rejections at the 5 signi cance level. It
is observed that three properties (viz.L_dist_avg_term,L_path_avg_term, andOrder) have a
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Figure .: Bootstrapping applied to different samples of motor neuron data. Left: Quality assessment
of the motor neuron prototype data. Middle: similarity test between prototype neurons and generated
VNs. Right: quality assessment of the generated data. e bars represent the total number of rejections
of the Wilcoxon rank-sum test for each tested property. e solid line at  indicates the signi cant
number of rejections; the boundary of poor data quality. e X-axis represents the tested properties
from table .

signi cant number of rejections indicating the poor data quality. Based on this observation we can
already predict that the algorithm will have difficultites to obtain these properties. e remaining
properties have less rejections and can be considered to be of good quality.

Properties used for validation
() B_elev () St_l_so () L_dist_avg_term () Height_x
() B_rot () L_tot () L_path_avg_term () L_Segments
() No_stems () No_bif () Depth_z () L_term
() L_bif () Part_assym () Width_y () Order

Table .: e sixteen morphometric properties used in the validation.

We generated 1000 motor neurons with KDE-N, of which  were selected by the post-
selection lter. e generated motor neurons rejected by the lter were mainly rejected due to an
erroneous fractal dimension (87 of rejections), and to a lesser extent by the number of bifurca-
tions (6) and total dendritic length (4.5). e few remaining rejection were caused by different
tested parameters. Six examples are illustrated in gure .. ese visualisations allow for a quali-
tative validation of the KDE-N algorithm. All six examples show that the VNs exhibit three
main visual characteristics of motor neurons: () several dendritic branches growing away from
the soma and branching extensively in a sphere-like manner, () bifurcations close to the soma,
and () dendrites without bifurcations.

A quantitative validation of the results is performed using the bootstrap procedure of which the
outcomes are illustrated in gure . (middle and right). e bar chart on the right quanti es the
data quality of the generated data set. We observe that the properties in the generated data seem
to be of good quality because generally the bars are much smaller than the threshold value of .
is is explained as follows. We generate a large amount of neurons from statistical models and
repeatedly sample from the same model (regardless of its quality). Consequently, the model will
be faithfully reproduced by the many samples drawn from it. erefore, the variance is generally
going down and the quality of the generated data, as expressed in the rank-sum test, improves.
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Figure .: Illustration of six generated virtual motor neurons projected on the X,Y plane. ese neurons
are representative for the  successfully reconstructed motor neurons.

Two properties have a signi cant number of rejections and are thus based on poor quality data,
viz. B_rot and Order. e Order has a similar level of quality in the original data so this makes
a good comparison with the prototype data. e B_rot however, is of good quality distributed in
the prototype data which indicates a potential mismatch between prototype data and generated
data.

Potential mismatches can be investigated by checking the results of the bootstrap scheme with
two samples from both prototype and generated neurons.is measurement indicates the coher-
ence between the prototype data and the generated data and is illustrated in gure . (middle). If
the number of rejections for a speci c property is not signi cant, we may conclude that the data
exhibits similarity between prototype and generated data. Because, the Wilcoxon test is negative
when it assesses that the two data sources are not drawn from the same distribution. Afterwards,
the signi cance test computes the signi cance of the number of rejections. So, if that number is
not signi cant, it implies that in a signi cant number of cases the Wilcoxon test could not reject
the hypothesis that two data sources are different. B_rot also has an insigni cant number of re-
jections and thus there is no mismatch; only the quality of the generated data set is higher for
this particular feature. Continuing, it can be seen in the gure (middle) that there are a few cases
where the hypothesis test is rejected. However, only two properties have a signi cant number of
rejections, namely for L_dist_avg_term and Order. ese two are part of the list of properties
that were predicted to be impossible to model because of the poor quality of the prototype data.
All the other tested properties have a signi cant number of acceptances, which indicates a strong
similarity between the prototype neurons and generated VNs.

As a nal visual veri cation, we also show a box-plot in gure . illustrating the tested properties
of both the prototype neurons and the generated VNs. e X-axis denotes the properties and the
Y-axis the scaled value of each property. Properties are coupled with the observation from the pro-
totype set (‘P’ in the label) and generated set (‘G’ in the label). e boxes have lines at the lower
quartile, the median, and the upper quartile. Whiskers extend to the most extreme value within
1.5 times the interquartile distance from the end of the box. It is clear that the range for each post-
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Figure .: Box-plots illustrating the distribution of the tested properties for the prototype data (‘P’)
and generated data (‘G’); the numbers correspond with the property numbers in ..

selection property of the generated data lies inside the range of the prototype data. In addition, it
can be seen that although the exact number of valuesmight be different, the range and shape of the
distributions is largely similar, even for properties based on poor-quality data. In some cases, the
prototype data displays a large number of outliers while the generated data has larger interquartile
distances and therefore less outliers. See, e.g., the bifurcation angles (labelled ‘_R’ and ‘_F’). is
visual discrepancy is caused by a different number of values in the prototype set and generated set.

e different validation strategies indicate that the motor neurons generated by KDE-N t
well with the prototype neurons.

.. Exp. : Granule cells

e granule-cell experiments were conducted in a similar fashion as those of the motor neurons.
We start again by assessing the data quality. Figure . (left) illustrates the outcome of the boot-
strap scheme performed with two pools of 20 neurons (both from the prototype data) and 100
repetitions. e quality is highly similar to the quality of the motor neuron data. e same three
properties as in themotor neurondata have a signi cant number of rejections:L_dist_avg_term,
L_path_avg_term, and Order. We can predict again that these three properties are difficult to
reconstruct. In addition to the quality assessment, preliminary experiments showed that recon-
structing the bifurcation angles was problematic: the statistical models of the stem angles and
bifurcation angles show a substantial amount of variation. Figure . (right) and gure . (prop-
erty  and ) illustrate this observation. However, upon inspection of the real neurons it was found
that granule cells have a strong tendency to grow in a single direction. Consequently, theremust be
a higher-order relation between the bifurcation angles to correct for pronounced stem angles. For
instance, the environment could provide clues to the developing neuron which we cannot include
into our algorithm due to limited prototypes. erefore, we had to xate the models of the B_rot
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Figure .:Histograms indicating the strong variation in the stem and bifurcation angles. e columns
indicate elevation and rotation angles, respectively. Rows indicate stem and branching angles, respec-
tively. e x-axis represents the angle in degrees while the y-axis represents the number of occurrences.
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Figure .: Bootstrapping applied to different samples of granule cell data. Illustration is analogous
to gure ..

and B_elev. Without the xation of the bifurcation angles, none of the generate VNs passed the
post-selection lter.

We generated 1000 virtual granule cells with KDE-N, and after post-selection  VNs re-
mained. e generated granule cells that were removed from the results were rejected due similar
reasons as in the case of the rejection of generatedmotor neurons, i.e., mainly due to an erroneous
fractal dimension (78 of rejections) and the number of bifurcations (15). e remaing rejec-
tions are due to an inappropriate total dednritic length and number of stems⁹. Six of these granule
cells are displayed in gure ..e fact that we had to x the branch-angle distributions is clearly
visible from gure .: the quality of the generated data is good ( gure ., C) but the coherence
between the generated data and prototype data is low ( gure ., B). Contrary tomost real granule

⁹e low number of ltered neurons can be attributed to the xed distribution of branching angles because, in order
to pass the lter, a particular sequence of branch angles and segments lengths is required. For instance, the lter tests the
Euclidean distance between soma and terminal tips, which is entirely de ned by the angles and lengths of a branch.
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Figure .: Illustration of six generated virtual granule cells projected on the X,Y plane. ese neurons
are representative for the  successfully reconstructed granule cells.

cells, there is no difference between the branching angles close to the soma and the branching an-
gles that are locatedmore distally. However, due to the post-selection lter, the Euclidean distance
and the path length between the soma and the terminals remains plausible. With the exception of
some branching angles, the generated VNs exhibit typical characteristics of granule cells, viz. one
or two stems that quickly branch and prolongatewithout further branching. Lastly, the contraction
of dendritic segments also appears highly realistic.

A quantitative validation of the results is again performed with the bootstrap scheme ( gure .,
middle and right). When looking at the generated data set ( gure ., right), we observe that only
data for the Order is of poor quality, which is in con rmation with the predictions based on the
quality assessment. Concerning the similarity between the generated data and the prototype data
( gure ., middle), we observe that the data of the same three properties as in the prototype data
are of poor quality. Since the prototype data of these particular properties was of poor quality as
well, this outcome is the best one that we may obtain. A real mismatch is indicated by the signi -
cant number of rejections for the bifurcation angles (B_rot andB_elev).ismismatch is caused
by xing the bifurcation angles ( for the aforementioned reasons), rather than using a statistical
model. e bootstrap scheme applied to the prototype data and the generated data ( gure .)
provides similar results as the motor-neuron results: properties that were of poor data quality in
the prototype data provide the worst t. However, this t is the best possible t given the data
quality.

As a nal visual veri cation, in gure . we show the dendrograms of three prototype granule
cells (top row) and three generated virtual granule cells (bottom row). Clearly, there is a consider-
able resemblance between the prototype dendrograms and the dendrograms from generated VNs.
is observation is veri ed by comparing the number of stems, bifurcations, and the fact that the
bifurcations occur at different path lengths from the soma (and sometimes fairly close to the ter-
minals).
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Figure .:Dendrograms of prototype granule cells (top) and generated virtual granule cells (bottom).
e dendrograms have a high resemblance.

From the qualitative and quantitative validation of the virtual granule cells generated by KDE-
N, we may state that the generated VNs t well with the prototype data. A point of concern
is the bifurcation angle, which is further elaborated on in the discussion.

. Discussion

e reconstruction results obtained by KDE-N show its viability to generate VNs with re-
alistic morphologies. We have ve discussion points. In § .., we discuss whether we have met
the goal outlined in section .. In § .., we discuss the link between L-systems and dedicated
L-systems explicit. en, in § .. we compare KDE-N to other reconstruction algorithms.
We interpret the results in § .. and argue that KDE-N obtains the most out of the data,
and that the performance is restricted by the availability of good quality data. Lastly, we discuss
possible future lines of research in § ...

.. Realization of accurate generation of morphologies

Most existing sampling methods to reconstruct algorithmically neuronal morphologies use para-
metric models of the underlying distributions of basic properties. In order to construct good para-
metric models, a great amount of information is required about the neuronal type that is being
generated. If this information is available, it is highly speci c for a particular cell type. As a con-
sequence, most existing approaches are limited to the generation of speci c neuronal types. e
goal of this work was to overcome this limitation and to reconstruct a set of VNs automatically on
the basis of a set of prototype neurons.

We developed KDE-N which has three features to overcome the limitations of existing ap-
proaches. First, it uses non-parametric statistical models of the distributions of the basic proper-
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ties. By doing so, our algorithm does not require any a priori information about the data distribu-
tions, and the necessity for knowledge about the neuron type to be reconstructed drops. Second,
the generation algorithm itself is highly generic and uses the three neuroanatomical rules pro-
posed by Burke et al. (); these rules seem sufficient for representative classes of neurons. As
a result of the genericalness of the algorithm, we can also reconstruct several classes of neurons.
ird, the statistical models are (to a certain extent) conditional, i.e., they have the potential to
model relationships between different basic properties that are often speci c for particular classes
of neurons.e combination of conditional sampling and non-parametric models leads to the fact
that by using KDE-N we can reconstruct neuronal morphologies by letting the data speak
for themselves.

e results of the experiments con rm the three features described above. In the experiments we
reconstructed two representative neuronal types, namely motor neurons and granule cells. We
compared statistically  morphometric properties that were measured from the prototype neu-
rons and the VN. From the observations made we may conclude that they have a high statistical
similarity. erefore, we may state that we succeeded in our goal of reconstructing different neu-
ronal types automatically.

.. From L-systems to dedicated L-systems

In chapter , we presented the principle of our AGO approach. Standard L-systems showed their
suitability in terms of exibility and compactness. Nevertheless, optimisation of the L-Systems
proved hard because of the the immense search space which resulted from the allowed exibility
and recursive nature of L-systems. e exibility of standard L-Systems has two implications for
our generation algorithm. First, it implies that the optimisation algorithm has to nd (i) a topol-
ogy which is de ned by the sequence of symbols in an L-system description, and (ii) a geometry
which is mainly de ned by the arguments of the symbols. Second, L-system descriptions are not
necessarily in their most compact form.Without exhaustive checks there is no way to truncate an
L-system to its most compact form. Both implications suggest that different speci cations might
bemore suitable and applicable for our purpose.erefore, we used so-called dedicated L-systems
in this chapter. Dedicated L-systems are L-systems that are implicitly coded in the algorithm and
dedicated for making bifurcating tree structures. e exact relation between standard L-systems
as used in the previous chapter, and the dedicated L-systems used in this chapter is illustrated in
gure .. In this gure, the rules A and B use symbols from EOL-N. e structure that is

generated by these two rules is shown below the appropriate rule. e two structures in the gure
illustrate the dedicated L-system (here, the so-called neuroanatomical rules) that are implemented
in KDE-N. Since they are hard-coded in the algorithm, there is no need to use the symbols
anymore, and only the parameters (denoted by lower case characters in the gure) are required.
e exact values for the parameters are drawn from the KDEs.

.. Comparison with other approaches

In this subsection, we compare our algorithm to related sampling reconstruction algorithms. e
comparison is guided by the three advantages of KDE-, viz. () faithful non-parametric
modelling of morphological parameters, () independent of cell type, and () generation of full D
reconstruction.
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A=F(f1 )[R(r1 )E(e1)F(f2 )][R(r2 )E(e2)F(f3 )] B=F(f1 )R(r1 )E(e1)F(f2 )

Figure .: Two neuroanatomical rules (A and B) that implicitly use L-systems. e rule expressed
in symbols represents the way we use L-systems in EOL-N. In KDE-N these structures
are hard-coded and no arrangement of symbols is required anymore. Only the parameters (denoted by
lower case and between brackets) need to be sampled from KDEs.

First, non-parametric models allow for accurate modelling of an arbitrarily complex distribution
provided that representative prototype data is available. ese models have the advantage over
parametric models that they do not require any assumptions about the data to be modelled. In-
deed, they can capture the full sample of observed data without requiring a priori knowledge of the
number and types of distributions (Wand and Jones, ).Moreover, assumptions about the distri-
bution underlying the samples (as required for parametricmodels) can obscure rare data points, or
even recurring peculiarities in the data. In contrast, non-parametric techniques let the data speak
for themselves and therefore take each data point into account with a priori equal in uence on the
model to be learned. Because VNs are instantiations formed by combinations of samples from the
statistical models, it is of great importance to have an appropriate model. us, we may state that
non-parametric models are the best choice. Currently, the approach developed by Lindsay et al.
() is the only other approach using KDE models. However, their approach does not comply
with the two other advantages of our algorithm (listed below).

Second, KDE-N provides a generic algorithm that is able to reconstructmorphologies of dif-
ferent neuronal cell types. e results of both the reconstructed motor neurons and granule cells
are obtained by the same algorithm.is is in contract to existing approaches.enon-parametric
algorithm from Lindsay et al. () requires particular preprocessing steps which results to a de-
crease in exibility and thus specialisation for one cell type. In L-N (Ascoli et al., b) ⁰,
new anatomical rules or correction factors need to be introduced to generate VNs that t well with
a range of different cell types. Consequently, L-Neuron is not generic because the algorithm needs
to be updated toworkwith different cell types. In KDE-N all required neuroanatomical rules
are implemented, and can be con gured by specifying a few options. Some other proposed algo-
rithms are also highly speci c for particular cell types. For instance, an algorithm by Samsonovich
and Ascoli (b) takes the soma and stems of a traced neuron and only afterwards the algorithm
reconstruct the remainder of the granule cell.

ird, KDE-N aims at the generation of full D morphologies. e VNs generated by KDE-
N are all unique and t well with the morphological properties as observed in a prototype
set. Several other algorithms including L-N (and related methods) generate full morpholo-
gies. However, these algorithms do not have the advantage of using non-parametric models.

⁰We consider L-N and related algorithms such as NPRM (Lien et al., ) and NG (Eberhard et al.,
) as one in our discussion.
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From these comparisons, we may conclude that we succeeded in our objective to generate sets of
VNs that are statistically similar to a set of prototype neuronswith respect to the tested properties.
We may conclude that we obtain similar, good results as obtained by other approaches. Further-
more, no other existing approach combines the three advantages we identi ed in KDE-N.

.. Limitations of data-driven reconstruction algorithms

KDE-N is a purely data-driven and descriptive algorithm. e algorithm is data-driven be-
cause it implements only a few assumptions about the resulting structure, and extracts all the
information for generating a VN from KDEs generated from real data.e algorithm is descriptive
in the sense that it reconstructs the nal morphologies and disregards growth processes or inter-
actions with the environment. As such, we may use our ndings to make statements about the
opportunities and limitations of data-driven and descriptive algorithms for neuronal reconstruc-
tion. e opportunities were already outlined in the previous subsection. Despite the important
opportunities created by using a data-driven algorithm, there are three limitations of descriptive
and data-driven algorithms, namely () the lack of environmental interactions, () the lack of ex-
plicit knowledge about neuronal morphologies, and () the quality and size of the morphological
data corpus.

e rst two limitations are interwoven and we discuss them together. To illustrate these two lim-
itations we start by listing and discussing two observations. Only afterwards we link these obser-
vations to the rst two limitations. e rst observation is that KDE-N failed to reproduce
the bifurcation angles in the granule cells. e second observation is that the post-selection pro-
cedure lters neurons with particular combinations of morphological properties, and, as a result,
reshapes the distributions of the generated data for some properties. Figure . provides an illus-
tration of such a reshaping. In the left graph we plotted the histogram and KDEmodel constructed
for the B_elev property of the prototype data. In the right graph we see similar plots constructed
with generated data. It is clear that the right KDE is a reshaped version of the original KDE and
therefore indicates a mismatch between prototype neurons and generated VNs. e reshaping is
caused by the post-selection lter. Due to the ltering, the distribution of bifurcation angles ob-
tained from the prototype data does not match with the distribution obtained from the generated
data. So, a paradoxal situation arises in which ltering has a bad effect on the generated distribu-
tion of bifurcation angles yielding a bad match with the prototype distribution, whereas ltering
is necessary for obtaining plausible VNs.

e paradox can be explained in two ways. e rst explanation is that the statistical model was
unable to reproduce the underlying characteristics in the data. An example of such a characteristic
is that granule cells tend to grow into a single direction regardless their starting angle. Indeed, it can
be observed that if the stem angle is far from the desired growing direction, the bifurcation angle
at the rst bifurcation will ‘correct’ the direction of the dendrite. us, the rst bifurcation angle
seems to complement or correct the stem angle. It is widely believed that chemical gradients can
have such an in uence on a developing neuron (Feng et al., ; Samsonovich and Ascoli, a;
Luczak, ). However, chemical gradients and their effects on a nal morphology are neglected
by descriptive models. e second (and related) way of explaining the paradox is that all neurons
ltered by the post-selection lter are plausible to the extent that the tested properties are within

biologically observed ranges.us, at the local level the properties are correct. However, the global
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level is not checked or assured to be correct after applying the post-selection lter. For instance,
if all branches are close to the maximum observed plausible path length (local level), then the
total length of all these branches together will be too long (global level). is kind of intra-class
correlations between properties are currently not taken into account. Consequently, a generated
neuron can have ‘impossible’ combinations of properties.

Both explanations are based on the two limitations of descriptive models (such as KDE-N)
that there is a lack of (i) environmental interactions, and (ii) explicit knowledge about (intra-class
correlations between properties in) neuronal morphologies.ere is an abundance of literature on
the neuronal growth in an environment and how cell growth (Scott and Luo, ) is supported
fromwithin the cell, i.e., the principles underlying intra-neuronal relations (Horch and Katz, ).
However, there appears to be a lack of quantitative descriptions of both (i) interactions with the
environment (i.e., limitation ), and () the intra-neuronal relations (i.e., limitation ). When these
effects are modelled, the models rather try to indicate that there is indeed an in uence of the en-
vironment on growth. For instance, in Samsonovich and Ascoli (, b) it is shown that with
a straightforward mechanism of somatocentric tropism pyramidal neurons can take their shape.
Moreover, in Luczak () it is shown that the neuronal morphologies of different cells can be
‘aggregated’ (instead of reconstructed) solely by expressing environmental cues. With respect to
the intra-neuronal relations, in Nowakowski et al. () it is shown that bifurcation angles can be
determined by competition between different branches of the same neuron. Without any quanti-
tative theory, no such information can be used by a data-driven method.

e third limitation concerns the quality and size of the morphological data corpus. e size of
the data has a direct effect on the quality of the statistical models and therefore directly affects the
generated VNs. Without a sufficient number of prototypes and derived data samples, it is hard to
induce a statistical model that includes all the peculiarities present in the prototype data. e ne-
cessity of sufficiently large data sets is generally appreciated and recognised in the eld ofmachine
learning (Alpaydin, ). e quality of the data sets itself also affects the quality of the induced
models. Because of a lack of standards and conventions in tracing neurons (Kaspirzhny et al., ;
Scorcioni et al., ), tracedneurons originating fromdifferent researchers and laboratoriesmight
be incompatible (Burns, ). Next to the incompatibility between different traced neurons, trac-
ing individual neurons remains hard. For instance, the diameter of a dendritic segment is hard to
determine anddifferent researchers have different reasons to choose the diameter that they assign.
As a result, prototype neurons that are ‘digitized’ by different researchers from different laborato-
ries show a wide variation regardless the true variation observed in neurons (Kaspirzhny et al.,
; Steuber et al., ). Non-parametric models are known to be highly efficient in modelling
peculiarities in data, but it is still impossible to determine whether a particular peculiarity is just
‘noise or signal’. Here, ‘noise’ would be variance induced by tracing while the ‘signal’ is the true nat-
urally occurring variation of neurons. Because a data-driven model depend on the available data,
this imposes a major limitation on any data-driven algorithm.

.. Future enhancements

Future enhancements of KDE-Naddress the three aforementioned limitations. For instance,
(Feng et al., ; Samsonovich and Ascoli, b; Luczak, ) show that it is possible to include
environmental in uences into a reconstruction algorithm. e main issues that remain are the
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Figure .:Distribution of the B_elev for the prototype data (left) and generated data (right). In both
gures the KDE model of the data is illustrated by the solid line.

formulation of quantitative theories about environmental in uence, and once available, their in-
tegration into algorithms like KDE-N. For future research it would be interesting to start
investigating how to integrate environmental in uences while still maintaining full control over
all morphological properties (as required by AGO). At the same time, the quality and availability
of morphology data should be improved.

ere is one particular line of research thatmay enhance our algorithm in the future, namely estab-
lishing a truly conditional sampling procedure. In KDE-Neuron, the values for the basic properties
are sampled independently and only the inference about bifurcation, prolongation, and termina-
tion is conditional. However, as outlined before, intra-class correlations between morphological
properties itself should be taken into account. Two enhancements are proposed. First, conditional
sampling of all values for basic properties is envisaged. Second and more substantial, sampling
should be conditioned not only on morphological properties, but also on previously taken sam-
ples. In case of the granule cell, this type of conditional samplingmight solve the limitation caused
by environmental cues: the algorithm knows the stem angle of a branch and can sample a good
subsequent angle so that the dendrite grows in the correct direction. A good starting point to in-
vestigate the truly conditional samples might be by employing Bayesian networks (Neapolitan,
), Gaussian lters, or particle lters (run et al., ).

. Chapter summary and conclusion

In this chapter we introduced KDE-N to generate accurate neuronal morphologies. For this
purpose, we changed the morphological speci cation and the optimisation strategy used in chap-
ter .epresented implementation is designed to generate sets of VNs that are statistically undis-
tinguishable from the set of the prototype.

Based on the results and our analysis, we may conclude that (i) the KDE-N algorithm is ca-
pable of generating VNs that are statistically indistinguishable from a set of prototypes on the basis
of usedmorphological descriptors, and, (ii) our claims are con rmed by experimentally generating
VNs for representative classes of prototype neurons. Provided that a sufficiently large prototype set
can be compiled, KDE-N offers biologically realistic VNs that can be used for the analysis
and modelling of neurons and neural networks. us, KDE-N is the second partial answer
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to RQ1 as it provides a second way to model single-neuron morphologies. Future work will ad-
dress the validation of KDE-N on a wider variety of neuron types and further optimizing the
efficiencies and performances of its constituent algorithms.
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S: Systematic mapping of
function onto morphology

e neuronal morphology-function relationship remains un-
clear because the true computational function of a single neuron
is often unknown. In this chapter, we try to gain insights into the
morphology-function relationship in order to answer RQ3. For
this purpose, we employ an inverse approach: we optimise model
neurons endowed with elaborate morphologies to perform the
function of input-order detection. Due to the optimisation, the
performed function is known. Input-order detection has a sin-
gle degree of freedom, namely the time lag between the arrival of
the two inputs. By systematically changing the time lag, and, by
analysing the obtained morphologies that allow for the function,
we (i) map function onto morphology and (ii) obtain insights
into the relationship between function and morphology in quan-
titative terms. A new implementation of the AGO approach is
used to perform the work, namely S.

based on . Torben-Nielsen, B., Tuyls, K., and Postma, E. O. (). On the neuronal
morphology-function relationship: a synthetic approach. Knowledge
Discovery and Emergent Complexity in Bioinformatics, LNBI :–
. Torben-Nielsen, B., Sinclair, R. and Stiefel, K.M. (). Systematic
mapping of function onto morphology. Submitted.

contents e need for an inverse approach to study the morphology-function rela-
tionship is explained in section .. In section ., the generalmethodology
of S is presented. Subsequently, the implementation details are
described in section ..e experimental setup is given in section ..e
experiments and the results are presented in section . and discussed in
section .. Section . provides a chapter summary and conclusion.

note ework reported in this chapter is performed at theOkinawa Institute of
Science and Technology in the laboratory directed by dr. Klaus M. Stiefel.
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. Inverse approach to study the morphology-function relation

Neurons come in many sizes and shapes. ere is a wide variety of different neuronal morpholo-
gies in the brains of different animal species (Bullock andHorridge, ; Niewenhuys et al., ), in
different brain regions of one species (Shepherd, ), or even in the same brain region (Markram
et al., ). e diversity of neural cell types becomes larger in animals with more complex be-
haviour (Bullock and Horridge, ). ese observations suggest that different neural morpholo-
gies give rise to the different computational functions of neurons. Indeed, the relationships be-
tweendendriticmorphology and the conjectured relevant computationsperformedbyneurons are
known for some classes of neurons. For instance, themorphology-function relationship of the audi-
tory coincidence-detector neurons in the avian auditory brainstem is well understood (cf. Agmon-
Snir et al., ; Carr et al., , and see section .). However, in other classes of neurons, for
example the pyramidal neurons and the interneurons of the mammalian cortex, the morphology-
function relationships are much less understood. Even though a wealth of knowledge is available
about the physiology andmorphology of some of these neurons, the computational functions (i.e.,
input-output transformations) which they potentially and actually perform are not known in full
detail .

e morphology-function relationship also deals with the distribution of active electrical proper-
ties and their in uence on neuronal functions. e heterogeneous distributions of a number of
conductances are known and their effect on computational functions is established. Examples are
the normalization of EPSPwaveforms by spatial gradients of Ih (Stuart and Spruston, ; Magee,
) and the boosting of EPSPs by distally located ICaT (Schiller et al., ). But to date there
is no general rule explaining the emergence of every computational function from (i) dendritic
morphology, (ii) active electrical properties properties (or active conductances), and (iii) the in-
teraction of the two. is chapter aims at contributing to the understanding of this emergence in
quantitative and qualitative terms.

e standard approach to investigate this emergence is to use a model neuron possessing a mor-
phology which is traced from an existing neuron and investigate the emerging neuronal dynamics
upon various stimulations (see, e.g., Mainen and Sejnowski, ). By observing the propagation
of an input injected in different locations in the dendrites, it is possible to show the existence of
the morphology-function relationship. However, the problem with this standard approach is that
the actual function of the neuron is unknown. erefore, it seems nearly impossible to generate
adequate insights into the morphology-function relationship.

e third research question reads “How can we understand the morphology-function relationship
in quantitative terms?”. Hence, in order to answer RQ3, we have to overcome the obstacle of not
knowing the exact computational function performed by a neuron. We attempt to do so by adopt-
ing an inverse approach which is previously employed by Stiefel and Sejnowski () and Torben-
Nielsen et al. (). e inverse approach consists of three steps. In the rst step, the researcher
speci es an anticipated computational function X to be computed by a neuron model. e func-
tionX describes the desired neuronal input-output relationship in an equation. In the second step,
a population of model neurons with elaborate morphologies is optimised for performing X . en,

In the remainder of the chapter, we use ‘computational function’, ‘function’ and ‘computation’ as synonyms to improve
readability.
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in the third step, the structural properties and active electrical properties of the optimised model
neurons are analysed in terms of how they contribute to X .

e advantage of the inverse approach lies in the fact that the performed function is known with
certainty due to the optimisation, while generally unknown in the standard approach. erefore,
the analysis of the structural properties and active properties of the optimised model neuron con-
tributes signi cantly to the understanding of morphology-function relationships in neurons.

Because model neurons are optimised according to a constraint, the inverse approach is a special
instance of our AGO approach. In this case, the constraint stipulates the performance of a com-
putational function.e inverse approach is implemented in a third implementation of the AGO
approach, namely S. is implementation can be seen as the synthesis of the two preced-
ing implementations described in chapters  and . S takes (i) the dedicated L-system from
KDE-N to generate the morphologies, and (ii) the iterative optimisation by means of evolu-
tionary computation proposed in EOL-N to yield model neurons that perform the desired
computation functionX . In the next section, we describe andmotivate themethodology followed
in this chapter.

. Smethodology and the inverse approach

As computational functionX , we take the input-order detector. Input-order detection is the func-
tion of a neuron in which it reacts strongly to the arrival of two inputs in a particular temporal
order, but weakly in the reverse order. is function has one degree of freedom, viz. the time lag
between the arrival of the two stimuli which is denoted by Δt. A more detailed account of input-
order detection is provided in section ..

e methodology in this investigation is similar to the methodology followed in chapter . ere
are ve steps.

Step . Morphology generation. In this step, the morphology is generated by dedicated L-systems.

Step . Model construction. e generated morphology is converted into a model neurons by (i)
inserting passive electrical properties, (ii) distributing the active conductances over the
morphology, and (iii) inserting the synapses (to receive inputs) at designated locations in
the dendrites of the model neuron.

Step . Validation. e generated morphology is assessed on the basis of a comparison with the
imposed constraints. In order to perform this step, the dynamics on themodel neurons are
simulated.

Step . Optimisation. e parameter set underlying the dedicated L-system is updated. Conse-
quently, a model neuron generated from the adjusted dedicated L-system will be slightly
different.

Steps  to  are performed iteratively and with a group of model neurons. ese four steps are
repeated in a cyclic fashion until a prede ned number of cycles is reached. Subsequently, the best
model neuron is subjected to the nal step.
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Step . Analysis. We analyse how the function dictates a model neuron to have a particular mor-
phology and a particular distribution of active properties. We perform (i) a functional
analysis, (ii) a morphological analysis, and (iii) a comparison with an analytic solution of
the input-order detection.

. Implementation details of S

e generation of neuronal morphologies is performed by dedicated L-systems. e optimisation
is performed automatically by employing EC. is is motivated by the fact that the inverse ap-
proach requires a exible search through the parameter space for model neurons. Moreover, opti-
mising standard L-systems (as in EOL-N, see chapter ) proved to be difficult. Dedicated
L-systems (as in KDE-N, see chapter ) have the advantage that they can be described by
a few parameters, rather than the large number of symbols and arguments required in standard
L-systems.e name S refers to the fact that it is a slim version of our two previous imple-
mentations.

In the remainder of this section, we explain the desired computational function, namely input-
order detection (§ ..). en, we present four components required to follow the proposed
methodology, namely () the generation of amorphology in S (§ ..), () the construction
of a model neuron endowed with the generated morphology (§ ..), () the electro-physiological
simulation required to assess the performance (§ ..), and () the optimisation of neuronmodels
by means of evolutionary computation (§ ..).

.. e input-order detection function

Input-order detection is the capability of a neuron to react differently to the arrival of two inputs
depending on the order of their arrival. us, the neuron should react as strongly as possible to
the activation of two groups of synapses when they arrive in the preferred order, and as weakly
as possible in the reverse order. More speci cally, the synaptic inputs arrive at two different sets
of synapses (here termed ‘left’ and ‘right’) and are separated by a time span Δt. Δt is the sole
degree of freedom in this computational function. In our work, an ideal input-order detector will
react as strongly as possible to the activation of the synapses in the temporal order ‘left→ Δt →
right’, but as weakly as possible to the temporal order ‘right → Δt → left’. is computational
function is functionally similar to an elementary motion detector or Reichardt lter, a neuronal
device capable of determining the direction of amoving percept (e.g., Egelhaaf et al., ; Douglass
and Strausfeld, ; Borst, ; Farrow et al., , and, see chapter ). We took the function
of input-order detection because it is straightforward and interesting for two reasons. First, the
exactly timedprocessing of inputs is important in the cortex (VanRullen et al., ). Second, input-
order detection is a time-critical function, which makes it attractive as an object of study because
there is a continuous experimental and theoretical interest in time-critical processing capabilities
of nervous systems (Singer, ; Gerstner and Kistler, ; Nemenman et al., ).

.. Generation of morphologies: dedicated L-systems

Neuronal morphologies are generated by means of a stochastic and recursive algorithm, similar
to the algorithm in chapter  (KDE-N). Figure . schematically illustrates the morphology-
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generation algorithm. is algorithm uses statistical information about morphological properties
in the form of parametric density distributions. By recursively sampling values from these density
distributions and by combining the sampled values, we can generate a virtual neuronal morphol-
ogy. More speci cally, one set of sampled values gives rise to a single dendritic segment. So, in
each recursive step of the algorithm, a dendritic segment might be added and the algorithm de-
cides whether to bifurcate, prolongate, or terminate the current segment.is decision is made by
sampling from additional parametric density distributions. In contrast to the algorithm outlined
in chapter , the diameters are not sampled but rather assigned in a post-processing step (as in
Hillman, ; Ascoli et al., b).
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Figure .: Generation of neuronal morphologies S.

Below we provide a more detailed account of the morphology generation algorithm. We do not
elaborate on sampling and inference since these operations are straightforwardwhenworkingwith
parametric distributions (as reviewed in Law and Kelton, ).

Step . A spherical soma with constant diameter (φ = 25 µm) is created.
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Step . Values for the initial stemdiameter (‘Dp’), stem rotation angle (‘R’) and stemelevation angle
(‘E’) are sampled from the corresponding parametric distributions.

Step . eExpand_tree routine is called and samples a segment length (‘L’). A candidate dendritic
segment is built but not yet added to the tree.

Step . Based on the end point of the this candidate segment, it is assessed whether to terminate
or not.When it is decided to terminate, the candidate segment is not added to the existing
morphology. When it is decided to continue, the algorithm continues in step .

Step . e candidate segment is added to the tree. Afterwards, the algorithm assesses whether to
bifurcate or to prolongate after the current segment.

Step . When it is decided to bifurcate, two triplets (one for each daughter) consisting of a start
diameter (‘Dp’), rotation angle (‘R’) and elevation angle (‘E’) are sampled. en, for both
daughter branches the algorithm continues at step  (illustrated by  arrows going back to
Step  in gure .).

Step . When it is decided to prolongate (i.e., not bifurcate), one pair consisting of a rotation angle
(‘R’), and an elevation angle (‘E’) is sampled. e new starting diameter is set to the end
diameter of the current segment. en the algorithm continues at step .

As a post-processing step, the diameters are assigned to the segments of the newly generatedmor-
phology. e diameters can be computed recursively as follows: di = di−1 × taper_rate. Where
di is the diameter of the current segment, and di−1 the diameter of the parent segment. e ta-
per_rate is subject to optimisation.

e number of dendritic branches is restricted to , , or . Wemotivate this decision as follows. In
preliminary experiments,  dendritic branches proved sufficient to perform the desired function.
For increased exibility we allow  or  dendrites as well. In the literature, it is reported that a
single dendrite can -in theory- perform input-order detection (Rall et al., ; Rall, ). However,
in combination with the spatial arrangement of the experimental setup, a single dendrite resulted
in a trivial solution that mimicked the -dendrite solution (not shown).erefore, we opted not to
allow  dendrite, and to restrict the the maximum number of dendrites to .

 Parameter Initial value Drawn from
 Stem elevation µ = U(−80, 80), σ = 10 Gaussian (µ, σ)
 Stem rotation µ = U(−80, 80), σ = 10 Gaussian (µ, σ)
 Stem diameter U(0.2, 10) Constant after initial sample (C)
 Length U(5, 30) Uniform (min, max)
 Branch rotation µ = U(0, 8), σ = 10 Gaussian (µ, σ)
 Branch elevation µ = U(0, 8), σ = 10 Gaussian (µ, σ)
 Taper rate −0.125 Constant (C)
 Bifurcation probability α = U(0, 4) + 1,β = U(90, 170) Scaled gamma (α, β)
 Termination probability α = U(0, 4) + 1,β = U(5, 50) Cumulative gamma (α, β)

Table .:Nine basic parameters used to generate a morphology. Each -tuple generates one dendritic
branch. e initial values de nes the initialization values for the genomes in EC (§ ..). e right-most
column indicates the type of distribution from which a sample for a speci c parameter is drawn.
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Morphologies are generated by by sampling from parametric distributions. us, a set of parame-
ters underlies the generation and constitutes an -tuple; the nine parameters of which the tuple is
comprised are listed in table . (‘Parameter’). In our generation algorithm, one -tuple is used for
the generation of a single dendritic branch; different branches in oneVNcanhave different -tuples
on which their generation is based, and can therefore give rise to morphological differentiation.

.. Model neuron construction

A morphology alone cannot be used in an electro-physiological simulation. erefore, we have to
construct a model neuron comprising the generated morphology. ree steps are involved in the
construction of a model neuron from a generatedmorphology: () the passive electrical properties
are inserted, () the active conductances are inserted, and () the synapses are inserted. ese
steps are illustrated in gure . and explained below.

Figure .:Construction of a model neuron in S. e model neuron endows the generated mor-
phology and includes (i) passive electrical properties (not shown), (ii) a distribution of conductances
(colour-gradient), and (iii) synapses in a designated area (dots in the box).

First, the passive electrical properties are inserted.e passive properties of a neuron are assumed
to be uniformly distributed over the dendritic tree (e.g., Johnston, ). Additionally, they are fairly
constant across different neurons and therefore they are not part of the optimisation procedure.
Table . lists the passive properties and their con guration as inserted into the model neurons.
A model neuron with only passive electrical properties is (in this chapter) referred to as a passive
model neuron. Note that the passive properties are always inserted, i.e., also in the model neurons
containing active conductances.

Second, the active conductances are inserted. e active conductances in a neuron’s membrane
vary with location in the dendrites. Hence, they are distributed non-uniformly.ey are inserted in
amanner analogous to the dendritic diameter. An initial density is assigned to the stem of the den-
dritic tree, and the density of the next segment is computed bymultiplying the density of the previ-
ous segment with a variable. Depending on the relationship of this constant to the segment length,
the resulting distribution of active conductances can be linear or quadratic along the dendrite. Ev-
ery dendritic branch has such a variable factor for each included conductance. Hence, different
dendritic branches in a single model neuron can express different distributions of conductances.
Moreover, the variable factor is part of the optimisation procedure. In our model neurons, we can
include potassium A-type conductance and calcium T-type conductance (see later).

ird, the synapses are inserted. We insert the synapses in every dendritic segment that crosses
through a region between 170 and 190 µm below or above the soma; these regions correspond
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 Passive electrical property Description Value
 Ra Axial resistance 100 MΩ
 Cm Membrane capacitance 0.8 µFcm2

 gpas Passive conductance 0.00002 pSµm−2

 Epas Reversal potential −70mV
 Vm initial Initial membrane potential −70 mV
 τ1, τ2 Synaptic time constant τ1 = 0.2 ms, τ2 = 1 ms
 gsyn Synaptic conductance 0.5 nS per synapse
 Esyn Synaptic reversal potential 0 mV

Table .:Passive electrical properties in the constructed model neurons. Additional information about
these properties can be found in section .. e last three properties (i.e.,  to ) are constants in the
synapses.

 Parameter Initial value Drawn from
 I-A init U(0; 0.08) Constant (C)
 I-A rate U(0.85; 1.15) Constant, limited to [0; 0.2] (C)
 I-CaT U(0; 0.0001) Constant (C)
 I-CaT rate U(0.85; 1.15) Constant, limited to [0; 0.02] (C)

Table .: Four parameters required to construct an active model. ese parameters are used in addi-
tion to the properties of table .. e setup of this table is similar to the setup of ..

to the right and left synaptic groups in the input-order detection task. For every 5 µm of the den-
dritic segment, one synapse is inserted. By convention, we call the top layer where synapses are
inserted the right, and synapses in the bottom layer the left. e location of the target zones itself
are constant and not part of the optimisation.

.. Simulation of neuronal dynamics

e generated model neurons can be simulated by the compartmental models described in sec-
tion .. e dendrites are divided into small compartments assumed to be isopotential for the
sake of simulation.ese compartments are then simulated by a set of linked ordinary differential
equations:

cm
dVn

dt
= gn−1,n (Vn−1 − Vn) − gn,n+1 (Vn − Vn+1) − gl(Vn − El). (.)

Here, cm is the membrane capacitance, Vn the membrane potential of the compartment n, gl the
leak conductance, El the leak reversal potential, and ga the reciprocal of the axial resistance. e
number of compartments is set to an odd number (i.e., (L/5)×2+1) to perform amore accurate
simulation (Carnevale and Hines, ). In compartments with a synapse, the following term is
added to the right-hand side of equation .: (e−t/−τ2 − e−t/−τ1)gsyn(Vn −Esyn), where τ1 and
τ2 are the time constants for the onset and offset of the synapse, gsyn is the maximum conduc-
tance, and Esyn the reversal potential of the synapse. Because we only use excitatory synapses,
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Esyn = 0 mV so that inputs depolarize the membrane potential. When the active conductances
are included, an additional term is used: gxmh(Vn−Ex). In this equation x should be substituted
by the appropriate type of conductance; for each conductance this formula should be included.
em and h are the time-dependent and space-dependent factors which are similar to the factors
explained for the Hodgkin-Huxley model (cf. section .).

e exact settings of the aforementioned parameters are listed in table . (‘Value’). All equations
are simulated using the software package . In this program, the equations are solved nu-
merically with the xed time-step Crank-Nicholson algorithm, or the adaptive time-step CVode
algorithm (with error < 10−5) (Carnevale and Hines, ).

.. Optimisation of model neurons: genetic algorithms

S employs EC to optimise the model neurons.e avour of EC used in this chapter is the
genetic algorithm (GA). e difference with genetic programming (which was used in chapter )
lies in the genome encoding. In the case of genetic programming, the genome is encoded in a tree-
like structure. In the case of GAs, the genome is encoded as an array of (real) values. As in chapter ,
the optimisation using EC is de ned by four characteristics: () genome encoding, () evolution-
ary operators, () tness function, and () the evolutionary parameter con guration. ese four
characteristics are addressed below.

Ad() Genome encoding

In S, amodel neuron is generated according to the basic parameterswhichdescribe (i) how
to generate a morphology, and (ii) how the conductances are to be inserted.ese parameters are
listed in tables . and . and need to be encoded. We recall that the passive electrical properties
and the position of the synapses are constant and therefore not included in the genome.

So, each dendritic branch is described by an n-tuple containing the basic parameters. For passive
model neurons, a -tuple is used, while for active model neurons an -tuple or -tuple is used .
e last column of tables . and . list the distribution type where a sample is taken from, and
which parameters are required for this type of distributions.epossible distributions are: uniform
distribution (denoted by ‘U’ andwith parametersminimumandmaximum), Gaussian distribution
(denoted by ‘Gaussian’ and with parametersµ and σ), Gamma distribution (denoted ‘gamma’ with
parameters α, β), or simply constant (with parameter C). For instance, the rst row (in table .)
is the basic parameter ‘Stem elevation’ which is drawn from a Gaussian that is parametrized (rep-
resented) by µ and σ. us, two values are required. A purely passive model neuron is generated
from  basic parameters represented by  real-valued numbers (sum of all ‘Drawn from’ values in
table .). An active model neuron containing both conductances is generated from  basic pa-
rameters represented by  real-valued numbers (sum of all ‘Drawn from’ values in tables . and
.). Since we allow either two, three, or four dendritic branches, a genome thus consists of a mini-
mum of  values to amaximum of  values.With this encoding scheme, the number of branches

To distribute an active conductance two parameters are used, the initialisation value (‘init’) and the rate. Hence, for
a single conductance only two parameters are added, while for inclusion of both conductance types, four parameters are
required.
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is free within the prede ned range, and every branch can be distinct from other branches because
every branch can have a distinct set of parameters.

Ad() Evolutionary operators

e evolutionary operators de ne how a new population is created from the previous one. ree
steps are associated with the creation of a new population: () selection, () crossover, and () mu-
tation. e evolutionary operators presented here are conceptually similar to the operators pre-
sented in chapter .

e selection scheme used here is the same (µ, λ)-selection scheme as in chapter . Crossover
is again single-point crossover. A descendant’s genome will consist of exactly one part from both
parents.When the size of the parent genomes is unequal, the genome of the descendantwill have a
length equal to the longer one of the two. e crossover point is chosen randomly. Mutation is the
pseudo-randommodi cation of an individual’s genome before it is included in the newpopulation.
We employ three different mutation operators. First, argument mutation modi es a parameter by
subtracting or adding a small number. e small number is found by drawing a random sample
from a Gaussian with µ = current value and σ = 0.05 (truncated by two standard deviations on
both sides). e second mutation operator is deletion and straightforwardly removes one n-tuple
from the genome. us, removing a single branch from the morphology. e third mutation oper-
ator is introduction and adds one n-tuple to the genome and consequently an extra branch comes
into existence. When introducing new parameters, a new n-tuple is generated pseudo-randomly
from the initial values as listed in tables . and .. Syntactic checks are performed to maintain
valid tuple-lengths and a valid number of dendritic branches.

Ad() Fitness function

e tness function assesses how well an individual performs as an input-order detector. To de-
termine the performance, the evoked EPSP (i.e., response of the membrane potential Vm after an
excitatory input as measured at the soma) denoted by M has to be collected from four simula-
tions: () with input only on the left side (Ml), () with input only on the right side (Mr), () with
two inputs in the order ‘left then right’ (Mlr), and () with two inputs in the order ‘right then left’
(Mrl). Ml and Mr are only used in heuristics that rule out trivial solutions (see later). e actual
tness function is as follows:

F =

{
−1 × Mlr

Mrl
ifMlr

Mrl
> 0.9

100 − 10 × Mlr

Mrl
− α(total_length/base_length) otherwise

(.)

In the tness function, the total_length is the sum of all dendritic lengths and the base_length

is the minimum required dendritic length for two dendritic branches to reach the target zone on
either side; α is a scalar. e base_length is de ned as two times the minimum distance to the
target zone, namely 2 × 170 = 340.
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e rationale behind splitting the optimisation into two stages is that rst a reasonably well-
performing solution has to be found before optimising the size of the neuron as well. We opt for
this strategy because the term related to the performance and the term related to the size can have
opposing in uences on the tness: a very small neuron that performs fairly bad can have the same
tness value as a slightly larger neuron with a much better performance. Since we opt for the best

performance, we rst ensure the model neurons to obtain a good performance before trying to
optimise the size as well.

Additionally, several heuristics are included in order to avoid trivial and biologically implausible
solutions. Biological plausibility is ensured by three heuristics that demand optimised structures
to consist of () at least fteen segments, () one bifurcation (in total), and () two synapses (one
on either side). A proportional penalty is given to structures that fail to meet these requirements.
Trivial solutions are avoided by two heuristics that require (i) Ml and Mr to be at least 2mV at
the soma and (ii) within a factor of  of each other.

In the optimisation runswith active conductances twoadditional conditions are imposed toobtain
plausible results: () soma membrane potentials higher than 25mV (i.e., Vm ≤ −45 mV ) are not
allowed to avoid spikes, and, () the membrane potential has to be non-increasing during the last
ve time steps of the simulation. is is done to make sure that the tness function was assessing

only EPSPs, and neither oscillatory potentials nor intrinsically excitatory potentials. If a structure
does not satisfy the two conditions, the true tness function is not invoked and the inverse of the
penalty becomes the tness value.

Ad() Evolutionary parameter con guration

e evolutionary con guration de nes the speci c implementation of an evolutionary optimisa-
tion process. e con guration presented below is similar to the con guration described in chap-
ter . We repeat the settings for completeness. A population size of  individuals is used, and
the optimisation runs for  generations. e best λ = 80 of the individuals are selected for
reproduction, and the best 2 are directly copied to the next generation without furthermodi ca-
tion. Crossover is invoked with a probability of 0.25, new individuals resulting from crossover are
not subject to any further mutation. e remainder of the new population is lled by individuals
from the previous generation and are subject to mutation; with an argument mutation probability
of 0.65, and deletion and introduction probability of 0.15.

A schematic overviewof Sandhow it implements theAGOapproach is given in gure ..
In this gure, the speci cation is an n-tuple consisting of the required number of basic parameters.
en a morphology is generated. Subsequently, a model neuron is constructed that endows the
generatedmorphology.e tness assessment is based on the outcomeof the electro-physiological
simulationof themodel neuron (illustratedby the voltage traces).en, a newgeneration is created
by means of slightly modifying the genomes underlying the best model neurons. By iterating this
process, the algorithm slowly converges to desired solutions.

For the sake of readability, we use ‘model neuron’ and ‘neuron’ as synonyms in the remainder of this chapter. In the
cases where ‘neuron’ is used to denote a biological neuron, it will be clear from the context.
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Figure .: S implementation of the AGO approach.

. Experimental setup

Below, we rst explain the setup of the four series of experiments to be performed (§ ..). Subse-
quently, we explain how the results will be analysed bymeans of amorphological analysis (§ ..),
a functional analysis (§ ..), and by comparing the obtained results to the optimal results found
by using a simpli ed, analytical model (§ ..).

.. Experimental procedure

We perform four series of experiments, namely a series with () passive model neurons, () model
neurons containing potassium A-type conductance (giving rise to IKA⁴), () model neurons con-
taining calcium T-type conductance (giving rise to ICaT ), and () model neurons containing
both potassium A-type conductance and calcium T-type conductance. In each series, we optimise
model neurons for six different time lags between the activation of the two groups of synaptic in-
puts (Δt = 5, 10, 15, 20, 25, 30 ms). For each Δt, we run four optimisations with GAs. us, each
series consists of  optimisation runs.

⁴Recall that a conductance is the reciprocal of the resistance (see § ..). To clarify the terminology: an active channel
leads to a change in conductance, and this conductance in turn leads to a particular current. For instance, a potassium
A-type channel leads to a change in the potassium conductance (K-A conductance), and this conductance gives rise to a
potassium current (IKA). It is commonpractice to denote a conductance by the current it evokes.More information about
these conductances is given in § .. and § ..
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e analysis is always conducted on the best optimised model neuron from a particular series
for a speci c Δt, if not noted otherwise. All electro-physiological simulations are carried out in
 . (Carnevale and Hines, ), all GA routines and the generation algorithms are im-
plemented in Java. Depending on the experiment (with or without active properties, and with or
without adaptive integration step) it takes approximately  to  days to run a single optimisation
on a workstation with four AMD X86_64 2.8 GHz processors and the Ubuntu (Linux) operating
system.

.. Morphological analysis

Below, we describe how to analyse the morphology of the optimised neuronmodels for (i) proper-
ties constant across all neurons (i.e., task-speci c), and (ii) properties varyingwith theΔt forwhich
the neuronwas optimised (i.e., time-speci c). In order to perform the analysis, wemeasure  struc-
tural properties for the complete dendritic tree, and for the dendritic trees having synaptic inputs
on either side. us, we record 3 × 17 properties. In addition, we log another  global properties;
thus, summing to a total of  morphological properties describing each optimised neuron. Table
. lists all the properties used in the analysis.ese properties are then analysed using two statisti-
cal techniques: Pearson product-moment correlation coefficient (hereafter referred to as Pearson
correlation), and Monte-Carlo Sensitivity Analysis (hereafter referred to as MCSA). e Pearson
correlation is used to identify correlations between properties (task-speci c), while MSCA is used
to identify the systematic variation of properties with varied Δt (time-speci c). Both methods are
explained below.

Ad() Pearson correlation

e Pearson correlation is the linear correlation between pairs of properties. Using this type of
correlation coefficient, it canbe investigatedwhether twoproperties have the tendency todecrease
or increase together; or contrastingly, whether the two properties behave in opposite direction
where one is increasing while the other is decreasing. Formally, the Pearson correlation is de ned
as follows.

r(X,Y ) =
∑nS

i=1 (xi − x)(yi − y)[∑nS
i=1 (xi − x)

] 1
2

[∑nS
i=1 (yi − y)

] 1
2

(.)

Here, r(X,Y ) falls within the range [−1, 1]. Positive values indicate that X and Y increase or de-
crease together (and are correlated). Negative values indicate that X and Y move away from each
other (and are anti-correlated, i.e., one increases while the other decreases and vice versa). In ad-
dition to using single properties, it is also possible to investigate combinations of properties. We
restrict the analysis to correlations between single properties ( from table .) and correlations be-
tween the Δt and all possible ratios of two other properties. is method thus shows whether (i)
any correlations of morphological properties and (ii) correlations of ratios formed by these prop-
erties are preferentially found in model neurons optimised for input-order detection, i.e., which
correlations of morphological properties are necessary for performing this computational task.

Figure . A illustrates how the results can be analysed by using the Pearson correlation. All the
 measured properties are tested against each other. Hence, a 60× 60 grid is formed. In the grid,
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 Name Description
Structural properties
 FD-x Fractal dimension of tree x
 No_stems-x Number of stems of tree x
 No_terms-x Number of terminals of tree x
 L_tot Total dendritic length of tree x
 No_Bifs-x Number of bifurcations of tree x
 L_Biff-x Average inter-bifurcation length of tree x
 Cnt-btn-x Average contraction ratio of tree x
 Path-vs-Distance Contraction reformulated from tree x
 Frg-x Average fragmentation of tree x
 D_term-x Average diameter of the terminals of tree x
 D_all-x Average diameter of all segments of tree x
 L_term-x Average length of the terminals of tree x
 Order-x Average order of the bifurcations of tree x
 TropismF-x Average soma-tropism factor of tree x
 L_segments-x Average segment length of tree x
 L_path_avg_term-x Average path length from the soma to the

terminals of tree x
 L_dist_avg_term-x Average Euclidean distance from the soma

to the terminals of tree x
Global properties
 Δt Time interval between two pulses
 Ratio Indicates the performance as de ned in the

tness function
 totSyn Total number of synapses in the complete

dendritic tree
 synLeft Number of synapses in the left subtree
 synRight Number of synapses in the left subtree
 psL Average path length to the synapses in the

left subtree
 psL Average path length to the synapses in the

right subtree
 diamL Average stem diameter of the left subtree
 diamR Average stem diameter of the right subtree

Table .:Properties used in the morphological analysis. e structural properties are a relevant subset
of all structural properties. e global properties are (mostly) structural properties that are chosen to
quantify properties emerging in the input-order task.

each square represents the Pearson correlation between the two properties associated with the
square. e actual results to be observed from this gure are described in section ..
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Ad() Monte-Carlo sensitivity analysis

MCSA is used to investigate whether speci c properties of the optimised neurons vary as a func-
tion of Δt. Generally, such a tendency can be discovered by tting a curve to the values (i.e., data
points) of the property of interest against Δt. However, the small number of data points ( for
eachΔt) does not allow for straightforward curve- tting techniques.erefore, we use a sampling-
based method, MCSA, to compensate for the small number of data points (Helton et al., ). In
this method, it is assumed that the obtained results are normally distributed and ‘surrogate’ data
points are generated by sampling from the observed distributions.us, for eachΔt, a new point is
sampled from these distributions and a curve is tted to the surrogate data. A large number (100)
of such curves are generated.e goodness-of- t (i.e., ‘signal-to-noise ratio’) of all generated curves
compared to the original curve determines the con dence in the original t. When the t is good,
the slope of the curve may be used to identify morphological tendencies as a function of Δt. We
use standard polynomial curve tting, in particular the rst (linear) and the second (quadratic)
polynomial. Higher order polynomials would give rise to better ts, but the results would be unre-
liable due to the small sample size. Goodness-of- t is determined by taking (i) the signal-to-noise
ratio of the slope, or (ii) the signal-to-noise ratio computed from the actual data points and the
surrogate data.

Figure . B illustrates themechanism of aMCSA performed on a single property (shown: the ratio
Mlr/Mrl) with a linear t.e original data is plotted by blue+ signs, and the original linear curve
is represented by the red line. e yellow lines are  curves tted to surrogate data drawn from
the normal distribution that best described the original data. Actual results that can be observed
from this gure are described in section ..
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Figure .: Morphological analysis performed on the optimised neuron models. is illustration is
made from results obtained by passive model neurons. A: illustration of the Pearson correlations. Every
recorded property from table . is tested against each other. B: illustration of a Monte-Carlo sensitivity
analysis. e ratio indicates the performance by dividing Mlr/Mlr .
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.. Functional analysis

e functional analysis is guided by the tness value assigned to a model neuron and an analysis
of the underlying neuronal dynamics.

First, the tness value gives an idea of the performance of a model neuron in the input-order de-
tection. However, there is no clear tness value that determines successful performance, because
there is neither a biological motivation of what aminimal difference in activation is, nor an insight
in themaximum difference. Moreover, there no hard upper limit to the best performance.e only
theoretical consideration is the spike-time duration which is normally around 1 to 2 ms.e spike
is followed by an absolute refractory period in which the neuron is unable to respond to incom-
ing inputs. us, neurons will not detect the difference between successive incoming spikes when
they arrive faster than the normal spike duration and refractory period; this would be around4ms.
Moreover, it is known that in a purely passive neuron, coincidence cannot be detected when the
time lag is shorter than 15 ms (König et al., ). On a heuristic basis, we de ne a 10 difference
in EPSP amplitude between preferred order and non-preferred order as sufficient to perform the
task.

Second, we also analyse the resulting neuronal dynamics by investigating the electro-physiological
mechanismused to perform the targeted computational function.e electro-physiologicalmech-
anism is analysed (i) by looking at the voltage curves recorded at the soma and the synaptic inputs
sites, and (ii) by looking for regularities or trends in the transfer and input impedance.

.. Analytical solution

Due to the nite number of generations and the numerical nature of the GA-based optimisation,
we cannot state with absolute certainty that the resulting model neurons are at, or close to, the
global optimum. erefore, we use the linear cable theory (cf. section .) to nd an analytical
formulation for the morphology of a simpli ed neuron optimally performing input-order detec-
tion. We restrict ourselves to models involving two dendrites, with synaptic input at their ends
only. A model composed of two standard lumped soma models is considered. We assume that the
depolarization measured at the soma is a linear sum of contributions from the two dendrites. e
derivation of themodel is largely based on equations byTuckwell () and is given inAppendixD.
Despite being simpli ed mathematical models, they can give an adequate indication whether our
optimised model neurons are actually optimised for the desired computational function of input-
order detection.

. Experiments and results

In this section, we present the results from four series of experiments, each performed using a dis-
tinct type of model neuron optimised for the input-order detection function. We recall that these
types are passive model neurons (§ ..), model neurons containing IKA (§ ..), model neu-
rons containing ICaT (§ ..), and model neurons containing both IKA and ICaT (§ ..). For
each type of model neuron, we perform a morphological and functional analysis. Afterwards, we
describe the results of the analytical solution and compare this solution to our optimised model
neurons (§ ..).
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.. Exp. : Passive model neurons

Our rst series of experiment is conducted to optimise passive model neurons for the input-order
functions. In this subsectionwe give an exhaustive display of the different steps undertaken as part
of the full analysis. In the subsections § .., § .., and § .. the presented analysis is shorter
because of the high similarity with the analysis perform in this subsection.

e morphologies of the best passive model neuron for each Δt are illustrated in gure . (left
column⁵). e rows correspond to the Δt for which they are optimised, while the four columns
represent the four different types of model neuron. From this gure, a common property can be
observed that all of the optimised passive model neurons have two groups of synapses on distinct
branches. A quarter of all evolved passivemodel neurons have two dendritic branches. In all cases,
there is only a single dendritic branch receiving input from the left group of synapses; just16of all
evolved neuronmodels hadmore than one dendritic branch receiving inputs from the synapses on
the right. Surpisingly, almost half of the neurons (41) have an additional short dendritic tree de-
void of synapses ( gure ., left-most column). We note that this gure is used to give an overview
of the optimised morphologies; more detailed illustrations of some model neuron are provided
later.

In order to quantify the morphological properties present in all passive model neurons, and the
morphological tendencies emerging when passive model neurons are optimised for increasing
Δt, we use the Pearson correlations and MCSA on all morphological properties and all ratios of
two properties. Afterwards, the potentially interesting correlations having a correlation of either
(i) larger than 0.5, or (ii) smaller than −0.5 are manually investigated⁶. Figure . A shows the
Pearson correlations of each measured property against each other property. Figure . B shows
an example of the MCSA testing the tendency between the performance (i.e., ratio Mlr/Mrl) and
the changing Δt.

By performing these two types of morphological analyses, we observe that the ratio of
length/diameter strongly decreases with increasing Δt ( gure . A). Furthermore, we nd that
in all model neurons the ratio of the number of synapses between the two right and left group
is relatively constant around 0.5 indicating that the left side (thin dendrite) required double the
number of synapses as the right side (thick dendrite) to perform the desired function successfully
( gure . B).eMSCAanalysis indicates a correlation between the performance and the increas-
ing Δt. us, indicating that the performance increases with larger Δt.

⁵Note that gure . is rotated over 90◦ to t on the page.
⁶We chose 0.5 on a heuristic basis: with the small number of data-points, the correlations should rather strong, and

hence we decided for 0.5.

101



S: Systematic mapping of function onto morphology

102



Experiments and results

0 5 10 15 20 25 30
300

400

500

600

700

800

900

1000

rete
maid gva/sespan ys ot htgnel

optimized ∆t (ms)

5

10

15

20

25

30

35

40

sespanys fo r eb
mun

# Left
# Right

0 5 10 15 20 25 30
optimized ∆t (ms)

A B

Figure .: Two observed, persistent trends found in all passive model neurons. A: observed time spe-
ci c correlation between the length to the synapses divided by the diameter as a function of Δt. B:
observed task-speci c correlation between the number of synapses from the left and right group.
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Figure .:Electro-physiological mechanism underlying input order detection (in a passive model neu-
ron). e top row illustrates voltage-traces after stimulation with inputs in the preferred direction; the
bottom row denotes the non-preferred direction. e mechanism is twofold. () In the preferred direc-
tion, the second input causes an EPSP that adds up to the EPSP evoked by the rst input. () In the
non-preferred direction, the second EPSP does not add up to a value that exceeds the amplitude caused
by the rst input.

Figure . (preceding page): Summary of the different model neurons optimised for the input-order
detection task. the rows represent the size different Δt; columns indicate the type of neuron model
( from left to right: passive, containing IA, containing ICaT , and containing both IA and ICaT .
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e correlations shown in gure . are only a fraction of the total correlations or tendencies we
found. e large number of trivial correlations is caused by the relative simplicity of the resulting
morphologies. e overall evolved morphological blue-print imposes the model neuron to consist
of (i) one thick and short dendrite, (ii) one thin and longdendrite, and (iii) one extra dendrite devoid
of synaptic inputs functioning as extra current sink. As a result of this observed simplicity, many
correlations were trivial for two reasons. First, a substantial part of the morphological properties
( out of ) remained fairly constant, and evidently, constants have a high correlation. For exam-
ple, the dendrites always direct away from the soma.erefore, the soma-tropism (TropismF ) is
always high, and the contraction (Cnt_btn) is always low. Consequently, the correlation between
the TropismF and Cnt_btn was strong. Second, due to the simplicity of the resulting morpholo-
gies, some observed properties become conceptually similar despite the fact that they measure a
different property. For example, the TropismF often differs substantially from the Cnt_btn and
thePath_vs_distance properties. However, if all branches straightforwardlymove away from the
soma, these properties become similar and therefore they have a high correlation among them. A
description of all the trivial correlations is omitted for obvious reasons. It is important to observe
that the non-trivial correlations hold for the active model neurons as well.

How do the morphological properties found in the optimised model neurons contribute to the
computation of input-order detection? e functional analysis revealed a common pattern of
electro-physiological activity that is observed in all the passivemodel neurons. Figure . illustrates
the neuronal dynamics underlying successful input-order detection optimized for Δt = 15ms.
e top row illustrates the voltage-traces when the inputs arrive in the preferential order; the bot-
tom row illustrates the same voltage-traceswhen the inputs arrive in the other order.e common
pattern can now be explained as follows. In the preferred temporal order, the left synapses on the
thin dendrite are activated rst. Due to the length and low diameter of the left dendrite, the EPSP
evoked by its synapses is signi cantly low-pass ltered on its path to the soma.erefore, the peak
voltage of this EPSP (at the soma) is delayed for an interval close to the Δt for which the neu-
ron was optimised. So, the nd EPSP, evoked by the right synapses, starts close to the peak of the
st EPSP, thus maximizing the compound EPSP’s amplitude, i.e., the rst EPSP is still at its peak
amplitude when the second EPSP adds up to the rst one. If the the inputs arrive in the inverse
order (right before left), the right EPSP is weakly low-pass ltered, and, the left EPSP, evoked Δt

later, starts below (i.e., after) the peak caused by the right EPSP. From there, the left EPSP rises to
a voltage just under the peak of the right EPSP. As a result, the second EPSP arrives at the soma
when the peak of the rst EPSP is already over, and consequently, the second EPSP will not evoke
a compound EPSP that is higher than the peak of the rst EPSP alone. Hence, the response at the
soma is different for both temporal orders. So, the actual input-order is detected.

e actual performance of the optimised model neurons as input-order detectors is illustrated in
gure . A. In this gure, the blue line with the ‘x’ labels represents the performance of the best

passivemodel neurons for each distinctΔt. e performance for the desired function is measured
by the ratio Mlr/Mrl. us, the illustrated value is not equal to the tness value which also in-
cludes additional properties, such as the size of the model neuron. It can be observed that the
best performance is obtained for Δt = 20 ms where the ratio reaches 1.45, and that the worst
performance is for the fastest Δt = 15 ms where the ratio drops to 1.2.

Related to the performance, an unexpected observation in the morphological analysis is the den-
drite devoid of synapses. However, when removing the seemingly redundant dendrite, the perfor-
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mance decreases. is nding contributes to the fact that our model neurons appear to be tuned
precisely, and that there is an important interplay between passive electrical properties and mor-
phology.We investigate this tuning of the optimisedmodel neurons by testing the best performing
neurons for a particular time lag Δt at the different time lags. Each model neuron for input-order
detection is tested for several Δt ranging from 0.1 to 45 ms (in steps of 0.1 ms). We observe that
all optimised passive model neurons performed best at a Δt that was within 2.5ms from the Δt

forwhich it was optimised. Figure . illustrates this result. In this gure, the six lines correspond to
a particular optimised model neuron as found by our optimisation process. e Δt axis indicates
the time interval for which they are tested, and it can be observed that all model neurons obtain
the best performance very close to the Δt for which they are initially optimised. is observation
indicates that the optimised model neurons are strongly tuned and precise.
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Figure .: Tuning of the optimised model neurons. e best performing model neurons optimised for
a particular time lag are tested for a wide range of time lags, from 0 to 45 ms (step size 0.1 ms). It can
be seen that in this test, the model neurons perform best for time lags close to the time lag for which
they were initially optimised.

In summary, the performed input-order detection is based on two characteristics of the dendritic
dynamics: () the Δt dependent difference in low-pass ltering by the dendrites carrying the left
and right synapses, and () the difference in the amplitudes of the EPSPs, adjusted so that the left
EPSP does not rise higher than the right EPSP when the stimuli are presented in the dispreferred
temporal order. ese two characteristics of dendritic dynamics are based on two corresponding
properties of the neural morphology, namely () the Δt-dependent length/diameter ratios of the
dendrites carrying the left synapses, and () the relation between the numbers of left and right
synapses. Since we managed to relate the dendritic dynamics to the dendritic morphology, we
generated new insights into the morphology-function relationship in passive model neurons.

In the next section, we continue to investigate the morphology-function relationship. More spe-
ci c, we investigate the role of active conductances in the emergence of function from structure.
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Figure .: Input-order detection as a function of Δt and active currents. A: summary of all achieved
performance levels. B: model neuron containing IKA optimised for input-order detection at Δt =
5 ms and tested at Δts, from 0 to 45 ms (step size 0.1 ms). e achieved ratio is plotted as a function
of the Δt tested. Gray line: achieved ratio in a neuron with the same morphology, but devoid of IKA.
C, D: equivalent plots for optimised model neurons containing ICaT , and ICaT and IKA.

.. Exp. : Model neurons with K-A conductances

In addition to the optimisation of passive model neurons, our second series of experiments is per-
formed to optimisemodel neuronswith active conductances to investigate how their presence and
distribution would affect behaviour. A rst active conductance that we introduce into our model
neurons is the potassiumA-type conductance.is conductance gives rise to theA-type potassium
current, IKA, which is an inactivating, hyperpolarizing current (Hille, ). is means that the
current is inactivated without external in uences: once the appropriate potassium channels are
activated, the same channels deactivate by themselves after some time. Hyperpolarizing means
that the effect on themembrane potential is such that themembrane potential is mademore neg-
atively. is current has been suggested to be involved in the dendritic integration of EPSPs and
has been termed a dendritic shock absorber (Hoffman et al., ), i.e., a mechanism of gain con-
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trol for fast and high amplitude inputs. We decided for this conductance as it is representative
conductance with a fast activation that shortens the EPSPs.
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Figure .: Functional analysis of the active model neurons containing IKA (panel A), and ICaT

(panel B). Panels A and B illustrate the voltage traces measured in the soma after arrival of inputs in
preferred direction (top row) or non-preferred direction (bottom row).

e best optimised model neurons containing IKA are illustrated in gure . (second column
from left).ese illustrations depict the optimisedmodel neurons in terms of theirmorphology (in
grey), and the distribution of K-A conductance in temperature colour-coding next to it; lighter val-
ues indicate higher conductance values while darker colours indicate lower conductances values.
Amore detailed account of the amodel neuron containing IKA is given in gure . B. From these
illustrations it can be observed that the optimised model neurons containing IKA have a qual-
itatively similar morphology as the passive model neurons. However, there are also some quan-
titative differences. While only 25 of the passive neurons have more than two branches, most
neurons containing IKA (75) had more than two branches including an extra dendrite devoid
of synaptic inputs. As in the passive neurons, the dendrites devoid of synapses act as an effective
extension of the soma and become current sinks. Additionally, inmost cases themembranes of the
dendrites devoid of synapses contained a signi cant amount of IKA conductance. As in the opti-
mised passive model neurons, removing these dendrites devoid of synapses reduces the neuronal
performance in input-order detection.

e most important observation is that while passive neurons performed poorly for small values
ofΔt (5 and 10 ms) the introduction of IKA signi cantly increases the performance for theseΔts
while the results for larger Δts remain unchanged. Figure . A illustrates the performance of the
model neurons containing IKA by a red line with pentagrams as markers.

e optimised neurons for small values of Δts contain the highest conductance allowed by the
morphogenetic algorithm almost uniformly distributed over the thick dendrite.is way, the EPSP
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resulting from the rst pulse in the dispreferred order will be narrower, as the decaying phase will
be accelerated by IKA. erefore, when the synapses are activated in the non-preferred order, (i)
the second EPSP starts at a lower initial voltage as compared to the same neuron without IKA,
and (ii) the compound EPSP in dispreferred order will sum to a lower maximum. is mechanism
is illustrated in gure . A. e setup of this gure is similar to the setup of gure .. For larger
values of Δts (> 15 ms), the rst EPSP will decay sufficiently due to its passive properties and no
active shortening of the EPSP is required. As a result, the optimised neurons for larger Δt hardly
contain any IKA conductance. ese results demonstrate a qualitative difference in the conduc-
tance distributions of neurons optimised for quantitatively different variants of one computational
function.

Related to the tuning, these neurons perform input-order detection best close to theΔts for which
they were optimised. However, the discrepancy is somewhat larger and always negative (mean:
−6.4 ms). e removal of IKA leads to a shift of the optimal performance to larger values of Δts,
(+13.4 ms relative to the optimised Δt), consistent with the role of this current in speeding up
the decay of the EPSP evoked nd in the preferred order. e last observation is illustrated in .
B. In this gure, the performance of the best model neuron optimised forΔt = 5 ms is illustrated,
as well as the performance of the model neuron after removal of the active conductance. It can be
observed that after removal of the IKA the performance shifts to a much slower Δt.

In summary, we optimised model neurons containing IKA to perform input-order detection. We
observed that the resulting morphologies are largely similar to the morphologies of the passive
model neurons. In all optimisation runs, we observed that the A-type potassium channels were
distributed similarly in the model neurons optimised for short Δt; in these neurons the thick den-
drite contained the maximally allowed amount of conductance. is observation parallels the in-
creased performance for short Δt obtained by these model neurons (in comparison to the passive
model neurons). Hence, we demonstrated the in uence of an active conductance on function.e
relation is that a particular distribution of IKA compensates for the passive electrical properties
by ‘shaving off ’ the rst EPSP in the dispreferred order.

.. Exp. : Model neurons with Ca-T conductances

e third series of experiments is on optimising model neurons containing a second active con-
ductance, namely the T-Type calcium conductance CaT . e associated current ICaT is an inac-
tivating, depolarizing current. Again, the inactivation means that without any external in uence,
this current will be inactivated some period of time after it became activated. Depolarizingmeans
that it actually increases themembrane potential. ICaT is involved in neural dynamics such as the
dendritic integration of EPSPs (Schiller et al., ) and oscillatory activity (Huguenard and Prince,
).We selected this conductance as it is a conductance known to prolong EPSPs for longer time
scales.

ebestmodel neurons containing ICaT are displayed in gure . (second column from the right).
A more detailed account is given in gire . (C). As observed in the previous simulations, the
model neurons have a thin and a thick dendrite carrying the left and right synapses, respectively.
In a few cases, the neuron models have an extra dendrite devoid of synapses, carrying additional
ICaT and acting as a current sink.
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Compared to the performance of the passive model neurons and the model neurons containing
IKA, the model neurons containing ICaT optimised for slower Δts perform better (see gure .
A). For slower Δts, the thin and long dendrite contains a large amount of conductance strongly
localized around the sites of the synaptic inputs.

We observed that the neurons optimised for larger Δt had a high amount of conductance close
to the site of synaptic input in the long and thin dendrite (see gure ., B). e localized ICaT

conductance is activated by the rst EPSP in the preferred order and the resulting depolarization
ampli es and temporally extends the EPSPs. Consequently, the second EPSP will start almost ex-
actly at the peak of the rst EPSP which results in a high-amplitude compound EPSP. is electro-
physiological mechanism is illustrated in gure . C. For faster Δts, a sustained rst pulse will
have less of a functional advantage, as passive ltering alone can sufficiently delay the EPSP. e
clustering of ICaT conductances in the left dendrite is therefore observed to a lower degree in neu-
rons optimised for faster Δts. is tendency is, however, not as strong as the lack of IKA in the
opposite set of dendrites in the previous simulations. In most cases, a smaller amount of ICaT is
present in the dendrite carrying the synapses preferentially activated rst in neurons optimised
for faster Δts. Also, the best neuron optimised for Δt = 10 ms contains a high amount of con-
ductance in the thick dendrite (carrying the synapses preferentially activated second) acting as a
booster of EPSP amplitude.is discontinuity in function-morphologymapping indicates that sev-
eral neural solutions are possible for the computational task under investigation, especially when
the inclusion of an active current leads tomore degrees of freedom (Goldman et al., ; Golowash
et al., ).

e tuning of the model neuron containing ICaT is tested in a similar fashion as performed for
the two previous types of model neurons ( gure .). e Δt of optimal performance was not as
tightly coupled to theΔts forwhich themodel neuronswere optimised, but typically slower (mean:
+16.9ms). Even though themodel neuronswere the best ones foundby theGA for their respective
Δts, ICaT nevertheless improves the performance at slower Δts even more. is divergence was
more pronounced for fasterΔts (< 15ms), while it was only−0.1ms forΔt = 25ms. In contrast
to the observations in optimised neurons containing IKA, the removal of ICaT after successful
optimisation with this current leads to an optimal performance at faster Δts (−7.3 ms relative
to the optimised Δt, gure . C). is observation is consistent with the role of this current in
slowing down the decay of the EPSP activated rst in the preferred order.

In summary, we optimised model neurons containing ICaT conductances to perform as input-
order detectors. e morphology was again highly similar to the morphologies obtained in the
two previous experiments. We observed that model neurons optimized for larger Δts had a high
amount of ICaT strongly localised around the site of synaptic input in the thin and long dendrite.
is observation parallels with the observation that the performance increases for large Δts (in
comparison to the passive model neurons). Hence, we found a second relationship between the
distribution of active conductances and the execution of a function on dendrites.

.. Exp. : Model neurons with K-A and Ca-T conductances

In the fourth series of experiments we optimisemodel neurons containing both IKA and ICaT for
the function of input-order detection. In many real neurons, a multitude of conductances interact
in the dendritic integration of EPSPs (Migliore and Shepherd, , ). To investigate these
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C

Figure .: e best model neurons. A: passive model neuron optimised for Δt = 15 ms. B: model
neuron containing IKA optimised for Δt = 5 ms. e morphology is given in grey while the conduc-
tances distribution is given in colour coding; dark colours indicate less conductance and light colours
indicate high conductance. C: model neuron containing ICaT optimised for Δt = 30 ms. (For clarity
and similarity to the shown models, we omit the model neuron containing both types of conductance.)

interactions, we optimise model neurons for input-order detection that contain both IKA and
ICaT in their dendrites. e best model neurons for each Δt are illustrated in gure . (right-
most column).

Based on our the results obtained in the rst three experiments, we expected that the IKA would
be involved in improving the neurons optimised for faster Δts, while ICaT would be involved in
improving the neurons optimised for slower Δts. To our surprise, the performance of the opti-
mised neurons for every Δt is higher than in the experiments with only a single active conduc-
tance, which indicates a strong synergetic effect between the IKA and ICaT . is increase in per-
formance is the highest for Δts of more than 10 ms. In these cases, the performance is increased
by both having IKA conductances in the thick dendrite to decrease the compound EPSP in the
non-preferred order, and, ICaT in the dendrite to boost the compound EPSP in the preferred or-
der.

e best optimised model neurons containing both active conductances display a wider variety
of branching patterns. e tness function mainly evaluates the performance in terms of order
detection and the factor to minimize the size of the morphology has only a small impact on the
overall tness. Possibly, an elaborated morphology is required to allow for the necessary electro-
physiological complexities to perform the input-order detection task.
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Wemake four observations related to the performance, and the resultingmorphology and conduc-
tance distributions inmodel neurons contain both active conductances. First, contrary to the case
of the neurons optimised for ICaT alone, theΔtwith the optimumperformance is again locked to
the Δt for which these neurons were optimised (± 4.2 ms). Second, consistent with the result of
the optimisations with only individual active currents, we observe that the removal of IKA shifts
the optimal Δt to slower values, while the removal of ICaT leads to faster values ( gure . D).
ird, from gure . D we can observe that removal of one of the active conductances not only
leads to a shift in the best performing Δt, but also leads to a drastically lower performance. A last
interesting observation is that in most cases, the peak of the compound EPSP occurred earlier in
the preferred order than in the non-preferred order, up until close to the Δt for which the neuron
was optimised. At Δts slower than that, the peak of the compound EPSP occurs earlier when the
synapses are activated in the inverse, non-preferred, order.is temporal relationship between the
output of the optimised neurons and the response to the preferred and non-preferred input con-
gurations is found in all four series of experiments. It could thus provide an alternative read-out

of the discrimination performed by the neurons.

In summary, we observe a strong increase in the performance of the model neurons containing
both IKA and ICaT in comparison to the model neurons from the previous series of experiments.
We argue that the strong increase is caused by a synergetic effect emerging from the interaction
of the two currents. Depending on the Δt for which the model neuron is optimised, the included
conductances can reinforce and compensate for (i) the passive electrical properties, (ii) the mor-
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mised neuron models in these landscapes are also depicted: dots, crosses, upward triangles, and down-
ward triangles represent the passive models, models withIKA, models with ICaT and models with both
conductances, respectively. e axis of the landscapes are de ned in the main text.
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phology, and (iii) for the other included conductance. Moreover, the role of ‘reinforcer’ and ‘com-
pensator’ exhibited by a single conductance changes with the changing Δt.

.. Analytic model outcomes

So far, we have used numerical methods combined with GAs to nd model neurons optimised for
performing input-order detection.emethodology methodology can, however, not guarantee to
nd model neurons at, or close to the global optimum for this task. To determine the value and

location of this global optimum, we used an approach based on analytically calculating EPSP am-
plitudes in a simpli edmodel neuron.esystematically calculatedperformances (i.e., ratios of the
compound EPSP amplitudes) constitute the tness landscapes for input-order detection. Such a
tness landscape depicts the performance for a large amount of plausible parameter combinations

of the analytic model.

e simulation of themodel as described in appendix D results in the tness landscapes illustrated
in gure .. ese landscapes constitute the outcome of the analytical model. e axis of these
plots are e1 and e2; thus projecting different dimensions onto a single dimension and neglecting
the axis de ned by w. e different symbols on the landscape represent the performances of all
optimised model neurons. In all of these landscapes, there is a single ridge with the best perfor-
mances that goes upright from bottom left. e amplitude of the ridge increased for longer Δt,
and the peak is always found for higher e1 coupled with lower e2. In terms of structural proper-
ties this means that the left dendrite should have a high ratio between the dendritic length up to
the synapses and the average dendritic diameter up to the same location (i.e., ll/

√
dl) in combina-

tion with a low ratio of similar structural properties in the right dendritic tree (i.e., lr/
√

dr). is
is exactly what the optimised neuron models suggest (see gure ., A). e performances of the
optimised neuron models are all close to the optimal solution computed by the analytic model.

A difference is observed in the exact location of (i) the performance of the model neurons and
(ii) the optimal performance computed by an analytical model. is difference is caused by two
reasons. First, the analytical model is purely passive. us, a difference with the active model neu-
rons is inevitable. Second, the projection of the triplet e1, e2 and w (see appendix D) onto a the 2D
plane causes some information (e.g., exact location) to be lost. Nevertheless, the model indicates
that themorphologies found by theGA are likely to be close to the single global optimum for neural
morphologies performing input-order detection.

. Discussion

We succeeded in generating model neurons that were able to perform an imposed computational
function. We have three points of discussion. First, in § .., we discuss to what extent the objec-
tives of this chapter are achieved. Second, we compare our inverse approach with the standard
approach to discuss the contribution of the inverse approach in understanding the morphology-
function relationship (§ ..). Lastly, in § .., we assess the optimality of our results and speculate
on the implications for neuroscience research.
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.. Realization of goals: a look-up table

e goal of this chapter was to gain insight into themorphology-function in quantitative terms. To
achieve this goal, we followed an inverse approach by which we optimised neurons for a particular
computational function.us, in contrast to starting with an existing morphology in the standard
approach we started with a function. As a result of this inverse approach we were able to identify
and quantify the required morphological building blocks to perform a particular function.

We optimised model neurons endowed with dendritic trees for the function of input-order de-
tection. We obtained model neurons that had (i) similar morphologies and (ii) similar electro-
physiological mechanisms for performing the task. ese model neurons allowed us to perform
ameticulous analysis of the morphology and of the emergence of the function.emorphological
analysis resulted in the nding of two morphological building blocks for performing this function,
viz. () a long thin dendrite receiving the rst input (in the preferred order) and () a short thick
dendrite receiving the second input (in the preferred order). e functional analysis revealed that
two electro-physiological mechanisms underlie successful input-order detection, viz. () low-pass
ltering in the thin dendrite causes, in the preferred direction, the second EPSP arriving at the

soma to start at the peak of the rst EPSP, and () in the dispreferred direction, the second peak
of the EPSP. We demonstrated that these two morphological building blocks are associated with
the two necessary electro-physiological patterns for performing input-order detection. Moreover,
we quanti ed themorphological changes upon stimulation with different time lagsΔt. Hence, we
mapped function onto morphology in quantitative terms.

Since active conductances are also involved in the execution of a function, we also investigated
the role of active conductances and their spatial distribution along the dendrites in performing a
computational function.We found qualitatively similar distributions of IKA in themodel neurons
optimised for smallΔt. Analogously, we found qualitatively similar distributions in themodel neu-
rons optimised for large Δt. e particular distribution of both IKA and ICaT could be related to
an electro-physiological pattern required for successful performance of the input-detection func-
tion.

On the basis of these obtained results and their analysis wemay state that wemade amapping be-
tween one axis of a computational function (Δt) and the space of possible neuronalmorphologies.
emapping results in (i) a look-up table ofmorphological building blocks: an optimal input-order
detector has to possess the determinedmorphological properties, and (ii) a particular distribution
of active conductances.ismapping and the associated look-up table provide an implicit answer
to RQ3.

.. Comparison with other approaches

Our inverse approach is fundamentally different from the standard approach to investigate the
morphology-function relationship.

In the standard approach, an existing morphology is used for electro-physiological simulations.
Subsequently, the resulting dendritic dynamics are observed and analysed. By using this standard
approach, the existence of a morphology-function relationship in neurons is demonstrated (see,
e.g., Mainen and Sejnowski, ; Gulledge et al., ). However, it is not possible to show how a
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complete morphology is involved or required to perform a function. is is only due to the lack of
knowledge about the computational function that a neuron performs. Here, an additional compli-
cation is that, in most cases, a single neuron is involved inmultiple computational functions. Con-
sequently, even if one of the computational functions is known, it would be hard to tell (i) which
part of the dendritic tree is used to perform that function, and (ii) whether the dendritic tree is
optimal for performing that single function, or for optimal performance of the whole complex of
functions.

In contrast, the inverse approach does not start with a morphology but rather with a computa-
tional function of interest. Model neurons are then optimised to perform this function. As a result,
the function is known with certainty. Moreover, in a our purely passive model neuron, the mor-
phology is the only contributor to dendritic dynamics. erefore, the morphology itself is also op-
timised for allowing the computation to take place (under the constraints of the passive electrical
properties). Consequently, with the inverse approach we are able investigate the correlations be-
tween an optimised morphology and a known computational function. is ability is supported
by the results obtained from the analytical model, which showed strong resemblance to our op-
timised model neurons. us, our inverse approach is likely to be better suited to investigate the
morphology-function relationship because the function is always known with certainty.

.. Speculations on optimality

In the case of the passive neurons, we have shown that the morphologies found by the GA are
in the vicinity of the theoretically obtainable global optimum. We speculate that we obtained an
optimisation of similar quality in the case of the model neurons with active membrane properties.
In addition, the input-order detection in all model neurons is optimal for a Δt very close ( out of
 model neurons < 1 ms, and, the median of all models is 3.7 ms) of the Δt the optimisation
procedure aimed at. is indicates that the computational specialization of these model neurons
is quite narrow. Even though they are capable of performing input-order detection for different
Δts, they are by far at their best at the Δt for which they were optimised. We further speculate
that this will also hold across different computational functions: the model neurons we optimised
for input-order detection can presumably also perform other computations, but not optimally or
close to optimally.

We believe it is a proper assumption that real biological neurons are (as a result of a long evolu-
tionary optimisation process) optimised for the computations which they actually perform in a
functioning brain.is insight has interesting consequences for neural modelling, namely: the fact
alone that a model of a neuron can perform a function is not sufficient evidence to conclude that
this neuron actually performs the particular function in the awake animal’s brain. We believe that
it has to be shown that the neuron is optimal at performing that function. Amodelling studywhich
merely shows that a neuron can perform a proposed computation is insufficient in this regard; if
the neuron is not optimal, or close to it, for this computation, this is not what the neuron is likely
to do in vivo.
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. Chapter summary and conclusion

In this chapter we started by proposing an inverse approach to study the neuronal morphology-
function relationship. In this approach the computational functionality is de ned in advance, and
model neurons endowed with an elaborate morphology and conductance distributions are opti-
mised to perform the desired functionality. We de ned the desired function as input-order detec-
tion.

We found quantitative rules about how to construct dendritic morphologies and qualitative rules
for conductance distributions that are optimised for input-order detection with different Δts.
erefore, we may conclude that we established a systematic mapping from an axis of function
space to neuronal morphology space. e axis runs along an increasing Δt of the input-order de-
tection function and maps onto four subspaces of neural morphology-space, which are (i) passive
neurons, (ii) neurons containing IKA, (iii) neurons containing ICaT , and (iv) neurons containing
both IKA and ICaT .

e function-morphology mapping we found is present in two forms. One form is a lookup-table
composed of the optimised neural morphologies that the GA found. e other form is a set of
(quanti able) regularities derived from the analysis of these neurons, which can also be under-
stood as rules for the construction of input-order detectors with a given optimalΔt. As we cannot
exclude that a number of complexities and interdependencies between themorphological param-
eters escaped our analysis, the lookup-table is an inherently more precise function-morphology
mapping. e insight into the morphology-function relationship in the two forms formulated
above contribute to answering RQ3.
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Case study: robotic wide- eld
motion detection
In this chapter, we focus on the high-level computational func-
tion of wide- eld motion detection. is function is successfully
performed by invertebrates. Moreover, it is proposed to gener-
ate behaviour in arti cial agents. By investigating whether a
morphologically elaborate model neuron can perform this func-
tion, we assess the feasibility of such model neurons to perform
high-level computational functions in general. For the /
project, such a performance is of importance to demonstrate
that detailed model neurons can -in principle- facilitate the ex-
ecution of high-level functions. e investigations of this chapter
contribute to answering RQ4.

based on B. Torben-Nielsen, R. Sinclair, K.M. Stiefel. Morphological model neurons
make robust robot controllers. In preparation

contents In section . we describe motion detection in invertebrates; the descrip-
tion covers the (i) Reichardt model of motion detection, (ii) the neu-
ronal implementation, and (iii) the function of wide- eld motion detec-
tion. ereafter, in section . we present the methodology followed in
the investigations. Subsequently, in section . we give the implementa-
tion details. e experimental setup is given in section .. In section .
we present the experiments, and the results as well as an analysis of the
obtained results. In section . the results are discussed.

note ework reported in this chapter is performed at theOkinawa Institute of
Science and Technology in the laboratory directed by dr. Klaus M. Stiefel.
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. Motion detection in invertebrates

Motion detection is a crucial function in many visually guided behaviours performed by inver-
tebrates. For instance, motion detection is known to be involved in opto-motor following, visual
course control, landing, and estimation of travelled distance ( for a review, see Clifford and Ibbot-
son, ; Egelhaaf, ). In computer science, motion detection plays a crucial role in the visual
capabilities of robots. Insects are often used as a source of inspiration to address behaviourally
critical issues in robots (e.g., Franceschini et al., ; Arkin, ;Webb and Consi, ; Kortmann
et al., ; Srinivasan, ; Okuno and Yagi, ). Typically, the complexity of the motion de-
tection models employed in robotics is constrained by purely computational considerations and
therefore themodels are often deliberately kept straightforward. Our approach is computationally
more expensive, but the exhibited functional capabilities are more robust.

While in computer science there is only a single model, the Reichardt model, in nature there are
two steps involved in motion detection, namely () small- eld motion detection and () wide- eld
motion detection. In this chapter, we focus on wide- eld motion detection for two reasons. e
rst reason is that motion detection is closely related to high-level behaviours in invertebrates. To

address RQ4wewant to show that -in principle- single neurons with elaboratemorphology can be
used to generate the fairly high-level behaviour ofwide- eldmotion detectionwhich can be used in
robotics.e second reason is thatwewant to test our inverse approachwithmore complex inputs
as to investigate to what extent morphologically elaborate model neurons can be embedded in an
arti cial agent.

Next we describe the computationally efficient Reichardt detector (§ ..). ereafter, we focus on
the two-step neuronal implementations in animals, namely on small- eld motion detection and
wide- eld motion detection (§ ..).

.. Reichardt detector

In the s an in uential model was de ned to account for behavioural observations related to
motion detection (Hassenstein and Reichardt, ; Reichardt, ). e proposed model now
bears the name of its inventor, the Reichardt model of motion detection or shortly the Reichardt
detector. In themodel, two adjacent photoreceptors (that provide the visual inputs) are connected
to a multiplier (see gure .). One of the inputs is low-pass ltered (i.e., delayed) and subsequently
multiplied by the other input. As a result, when a moving stimulus is exciting the two receptors in
sequence, one receptor will be excited slightly before the second receptor. In the preferred direc-
tion , the signal coming from the rst receptor is low-pass ltered and the two signals will arrive
simultaneously at the multiplier. Consequently, an output is obtained from the multiplier; the sig-
nal is higher when the latency between the two signals is smaller. However, if the visual stimulus
is moving in the opposite direction (hereafter termed the null direction), the two signals are sep-
arated in time and the output at the multiplier will be low. Figure . shows the mechanism of a
Reichardt detector. e two boxes represent a moving grating in either the preferred direction or
the null direction. An object moving from left to right is said to move in the preferred direction;

In the context of motion detection, the ‘preferred direction’ refers to the direction of the moving object that triggers a
response. e ‘null direction’ indicates the opposite or non-preferred direction and can either cause (i) no response at all,
or (ii) a response that is also opposite to the response triggered by the preferred direction.
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the null direction is the opposite direction.e left photoreceptor is low-pass ltered (’LP’) so that
both inputs arrive at the same moment at the multiplication stage (’M’). We note that the output
of Reichardt detector depends on the velocity and the direction of the moving stimulus .

LP

M

Preferred

Photoreceptor

Directional signal

Null

Figure .: Schematic illustration of the Reichardt motion detector. ‘LP’ denote a low-pass lter, and ’M’
denotes a multiplier.

.. Neuronal implementations: small- eld and wide- eld

As a model, the Reichardt detector is elegant and simple. It has been widely applied in models
of invertebrate vision (see, e.g., Kortmann et al., ; Egelhaaf, ). is raises the interesting
question: how is this motion detector implemented in the brain of invertebrates? Recently, this
question is partly answered in two respects (Single and Borst, ; Higgins et al., ; Strausfeld
et al., ; Egelhaaf, ), namely with a circuit for small- eldmotion detection, and a circuit for
wide- eld motion detection.

First, small- eld motion detection is the detection of motion between two adjacent photorecep-
tors . It is realised early in the processing of visual information (i.e., close to the eye). e neuronal
implementation of small- eld motion detection is still largely unknown but is appropriately mod-
elled by the Reichardt detector that correlates the signals from two adjacent photoreceptors in the
eye. More details about the underlying neural circuitry can be found in Borst and Haag () and
Strausfeld et al. ().

Second, wide- eld motion detection is the detection of motion over the complete visual eld. It
is realised in a single neuronal type, namely the lobular plate tangential cell (LPTC). e LPTC
receives input from the small- eld motion detection circuit and integrates these signals spatially
and temporally.e output signal is a signal with less variance and higher frequency than the input

e low-pass lter has a characteristic delay which is associated to the velocity of the moving stimulus.e rst input
needs to be shifted in time precisely the amount of time required by the second input to arrive at the multiplication stage.

We remark that the smallest visual receptor in a y compound eye is the ommatidia. However,for simplicity we refer
to the ommatidia as as a photoreceptor.
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signal.Wide- eldmotion detection is of great behavioural importance because the output signal is
directly connected to motor neurons and to other regions for further processing (Egelhaaf, ).
Despite the fact that the small- eld motion detection circuit already outputs a directional signal,
wide- eldmotion detection is required because (i) there is little behavioural importance in detect-
ing motion between two (and only two) adjacent motion detectors, and (ii) the small- eld signals
are noisy and require smoothing by the wide- eld motion circuit.

In this chapter we focus on the wide- eld motion detection and we aim at demonstrating the
plausibility/feasibility of a single (morphologically elaborate) neuron to be directly involved in
behaviour-generation of a robotic system (RQ4).

. Methodology

It is widely acknowledged that the neurons involved in wide- eld motion detection perform spa-
tial and temporal integration. We assume that the neuronal morphology plays a crucial role in the
the execution of the spatio-temporal integration. ese assumptions allow us to investigate the
computational function of spatio-temporal integration by means of our inverse approach. Subse-
quently, in order to assess the performance of our results, we compare them with experimentally
obtained data from Borst and Haag (); Haag et al. (, ).

We employ amulti-scalemodel consisting of two stages: the small- eldmotion detection stage and
the wide- eld motion detection stage. It is a multi-scale model because the two stages are mod-
elled at a different level of detail. On the one hand, the circuit responsible for small- eld motion is
modelled with little biological detail. On the other hand, the model neuron responsible for spatio-
temporal integration ismodelled accurately. In thismodel, themorphology of the neuron perform-
ing the spatio-temporal integration is optimized. A multi-scale model is required because (i) it is
still not exactly known how the small- eld direction sensitive signal is generated in the cascade
of neurons and synapses, and (ii) it is not feasible to simulate all neurons involved in small- eld
motion detection in detail within a time that also allows optimisation.

We selected a particular LPTC as model for this study, namely the VS cell⁴. We choose this par-
ticular neuron for two reasons. First, the VS cell is the only integrating neuron in the lobular plate
without contralateral connections to enhance its functionality (Haag et al., ).us, the compu-
tational functionality is fully de ned by the morphology (and electrical properties) of the neuron
itself. Second, the VS cell exhibits interesting neuronal dynamics: it receives graded input through
ribbon synapses and also produces a graded shift in itsmembrane potential upon stimulation (Sin-
gle and Borst, ). In this respect, the VS cell’s dynamics contrast with those of more common
spiking neurons. As such, the neuron directly encodes the velocity of themoving object it perceives
(Haag and Borst, ).

We optimize the morphology of a model neuron so that it can perform the function of wide- eld
motion detection. Furthermore, we provide the model neuron with realistic inputs at biologically
accurate locations. By doing so, we investigate what a goodmorphology should be for the compu-
tational function, given realistic biologically-imposed constraints.

⁴Other LPTCs are the CH neuron and the HS cell.
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. Implementation details

In this section, we start describing the simulated visual inputs (§ ..). Subsequently, we explain
how we implemented the small- eld motion detection (§ ..). en, we present the multi-scale
model of which we are optimizing the integrator neuron (§ ..). e generation of neuronal mor-
phologies and the optimisation procedures are identical to the procedures outlined in chapter ;
we brie y repeat these procedures here (§ ..).

.. Visual stimulation

In this study, we aim at the computational function of a particular LPTC, namely the VS cell. e
VS cell receives inputs in a visual eld that extends over approximately 80◦ (Borst and Haag, ;
Haag et al., ). In the experiments we use a moving sinusoidal grating as visual stimulus. e
exact setup of the stimulation is in accordancewith experimental studies (such asHaag et al., ):
the grating has a visual extent of 14◦ and moves with a velocity of 28◦/s, thus effectively realizing
a frequency of 2 Hz.
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Figure .: Signal processing in a single Reichardt detector which is used to mimic small- eld motion
detection in our multi-scale model. Left panel: block diagram of a Reichardt detector. Right panel: the
rows show the () input, () input for the separate photoreceptors, () low-pass ltered signals (LPF), ()
high-pass ltered signal (HPF), () multiplied signal (‘L- × H-’), and () the summed output (SUM).
e blue and red traces are associated with the signals coming from one photoreceptor, while the green
trace is the summed output.
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.. Small- eld motion detection: Reichardt detectors

Visual stimuli are perceivedbyphotoreceptors in the eye and later processedbyneurons in the lam-
ina and medulla before they arrive at the lobula⁵. It is within the cascade of neurons and synapses
from eye to medulla that the direction sensitive small- eld motion detection signal is generated
(Strausfeld et al., ). is signal is then projected into the lobula where the LPTCs collect and
integrate the signals in order tomake a smooth signal that re ects the direction and velocity of the
moving object (Egelhaaf, ).

e output of themedulla can be approximated bymeans of a Reichardt lter which is sometimes
also referred to as an Elementary Motion Detector (EMD, see Higgins et al., ; Strausfeld et al.,
). We opt for a widely used version of the Reichardt detector as EMD. is EMD is illustrated
in gure . (left). It processes the signals coming from two adjacent photoreceptors represented
by two open circles at the top. e signals from the photoreceptors are low-pass and high-pass
ltered before being multiplied with each other: the low-pass ltered signal from one receptor is

multiplied by the high-pass ltered signal originating from the adjacent photoreceptor. e prop-
erties of the band-pass lters are identical and result in a mirror-symmetric EMDwith two output
signals, namely one excitatory and one inhibitory signal. Depending on the direction of the per-
ceived motion, the excitatory signal (preferred direction) or the inhibitory signal (null direction) is
stronger.

Figure . (right) illustrates the signal transformation that takes place in the EMD by showing an
example of how the inputs are processed and transformed. e traces in this gure are colour
coded as follows: the blue trace and the red trace are each associated with the signal from the left
and right photoreceptor, respectively. e green trace is the summed output signal. In the exam-
ple one grating moves across the visual eld and is rst observed by the left photoreceptor (blue
trace) and observed slightly later by the right photoreceptor (red trace) due to the spatial location
of the photoreceptors.e top and bottom row of the right panel show the input and output of the
EMD. e intermediate illustrations depict the transformations of the signal coming from either
photoreceptors; the columns are associated to one photoreceptor and therefore we use the dif-
ferent colours. e LPF and HPF are the low-pass and high-pass ltered signals, respectively. We
note that the signals are ‘clipped’ onto positive values after multiplication as there is no natural
equivalent for negative conductances (Haag et al., ). e excitatory and inhibitory signals are
conveyed to the LPTC by means of graded synapses.

.. Wide- eld motion detection: embedded in a multi-scale model

emulti-scale model consists of three components: (i) an array of EMDs providing inputs, (ii) the
synapses that convey the input to the integrator cell, and (ii) the integrator cell that performs the
wide- eld motion detection. ese three components are described below.

e rst component is the visual input that is provided by means of an array of EMDs which all
produce a small- eldmotion direction sensitive signal.eVS cell receives input over an angle that
corresponds with approximately 80◦ on the eye. e photoreceptors of a single EMD are located
approximately 2◦ from each other (Strausfeld et al., ; Egelhaaf, ). e distance between

⁵We only present the names for the sake of completeness. Knowledge about the speci c brain regions is not required to
follow the explanations.
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two adjacent EMDs is then 4◦ and  EMDs are required for a realistic input.e afferents that pro-
vide the inputs to the lobula are known to preserve the spatial relations between photoreceptors.
us, if a photoreceptor was at the periphery of the eye, then its associated afferent also connects
to the periphery of the receiving LPTC. From anatomical studies, it is known that the dendritic ar-
borization of a VS cell is approximately 400 µm in width. As a consequence, a single EMD projects
to the dendrites of the LPTC in a region of 20 µm width. is setup is schematically illustrated
in gure .. Instead of using  EMDs in the simulations we use  EMDs which all provide an
excitatory input and an inhibitory input to the dendrite, i.e., 20 × 20 µm to cover the complete
visual eld). e low-pass lters have a time constant of 20 ms and the high-pass lters have a
time constant of 50 ms.

e movement of a sinusoidal grating is detected by a photoreceptor and computed in our simu-
lations as follows:

d (t) = sin
(

2π
(v · t − α + φ)

λ

)
. (.)

In this formula, t is the time, v is the velocity of the grating, α is the offset of the second photore-
ceptor with respect to the rst photoreceptor (i.e., 2◦), φ the offset of the EMD (i.e., the rst EMD
is at offset 0◦), and λ is the length of the grating. e low pass-pass lter is described by

yt = βxt + (1 − β) yt−1

β = Δt
τ1+Δt ,

(.)

and the high-pass lter is described by

yt = β (yt−1 + xt − xt−1)
β = τ2

τ2+Δt .
(.)

In these formulas τ1 and τ2 are the time constants of the lters, xt is the input signal coming from
the photoreceptor, and yt is the lter output at time t

e second component is a group of synapses that convey the signal produced by the array of
EMD to the correct location in the integrator cell. e synapses are so-called ‘ribbon synapses’
which allow for graded transmission (De Camillo et al., ). is is contrary to the working of
normal synapses that change the post-synaptic conductance (i.e., the conductance of the integra-
tor cell) proportionally to the activation of the pre-synaptic neurons. In our model, the conduc-
tance changes are proportional to the output of the EMDs. e output signals for each EMD are
computed before running the actual simulation, and played into the synapses during model sim-
ulation. Each EMD has an excitatory output and an inhibitory output. e difference lies in the
reversal potential which is either Er = −10 mV or Er = −70 mV for excitatory and inhibitory
synapses, respectively⁶.e synapses (one excitatory and one inhibitory) are inserted into the den-
dritic compartment of the integrator cell that grows in the target zone associated with a particular
EMD.

e third component is the actual integrator cell that performs the wide- eld motion detection.
is neuron is simulated as a purely passive neuron to stress the in uence of morphology on func-
tion. e state of the membrane potential is simulated by a compartmental model (see § ..)

⁶e resting potential is−50 mV .
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Figure .: Schematic illustration of the multi-scale model used to investigate the wide- eld motion
detection.

which computes the membrane potential of every single compartment as follows.

cm
dVn

dt
= gl(V − El) + gaΔVn−1 + gaΔVn+1 + gsi(V − Esi) + gse(V − Ese) (.)

In this formula, cm is the membrane capacitance, V the membrane potential, gl is the leak con-
ductance, ga is the reciprocal of the axial resistance. e last two terms express the effect of the
synapses, where gsi and gse are the inhibitory and excitatory conductances, and Esi and Ese the
reversal potentials associated with the two types of synapses.

e complete multi-scale model is schematically shown in gure .. e top row illustrates the
visual stimulus. e second row represents the EMDs that are used to generate realistic small-
eld motion sensitive signals.e output from the EMDs is then collected by the integrator cell by

means of graded synapses at a designated location that re ect neuroanatomical insights.e third
row illustrates the integrator cell that produces a smooth signal out of the noisy inputs from the
EMDs. e output of the integrator cell is sent to other locations through a single axon (depicted
by a thick arrow).

.. Generation and optimisation

e experiments are performedwith Swhichwas introduced in the previous chapter (sec-
tion .). erefore, the generation and optimisation of the morphologies are similar as described
in chapter . What concerns the generation of morphologies, the only difference is the localisation
of the inputs. With respect to the optimisation of morphologies, there the only difference is the
tness function that re ects the computational function of wide- eldmotion detection. Belowwe

discuss the localisation of the inputs and the tness function.
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Ad() Localisation of the inputs

From the anatomical data the dimensions of standardVS cellswere determined. Based on anatom-
ical evidence we know that a typical VS cell is approximately 400 µmwidth, and that the synapses
form a narrow band approximately 150 µm away from the soma (in one direction, thus not cen-
trifugally). Now,  EMDs has to span 400 µm so that each synaptic target zones is 20 µm width
and can be formally described as−200 + (i × 20) < X < −200 + (i + 1 × 20), where i is the
ith target zone (starting with 0 until 19).

Ad() Fitness function

e tness function determines the performance of individual model neurons in the wide- eld
motion detection function. is function can be stated explicitly as the ability of the neuron to
smooth and elevate the frequency of the incoming signals. Smoothing can be seen as reducing the
variance of the signal. Elevation of the frequency can be seen as transforming the input signal to
a higher frequency (i.e., to a higher harmonic). Reducing the variance is a trivial requirement and
can be quanti ed by themean squared error around the average value of themembrane potential.
Elevating the frequency, or equivalently, lowering the wavelength, allows for faster responses be-
cause signals at a higher frequency rise and fall faster. As a consequence, the mean amplitude of
the response to motion can be detected quicker. In terms of Fourier components, frequency ele-
vation corresponds to having a small (or zero) component at the frequency of the input signal and
large (non-zero) components at the higher harmonics of the input frequency.We realize frequency
elevation by minimizing the Fourier component at the input frequency. Combining frequency ele-
vation with variance reduction we de ne the tness function (F ) as:

F =
1

FC
+

1
MSE

+
1
L

.

In the formula FC stands for the Fourier component at the input frequency andMSE stands for the
mean squared error with respect to the average membrane potential during the last quarter of the
simulated time⁷. e third right-hand side term is included to minimize the total length L of the
morphology. In addition to the tness function we impose a condition that the morphology has to
receive synaptic input from all EMDs, thus each EMD is connected to themodel neuron by at least
one synapse. If a model neuron does not meet the imposed condition, the tness value is de ned
as the smallest distance to the nearest region of synaptic input; effectively pulling the dendrites
towards the synaptic input zones. Once the model neuron does ful l the imposed condition, the
true tness function presented above is used.

. Experimental setup

Below, we explain the setup of the three series of experiments we performed (§ ..). en, we
describe how to analyse the results (§ ..).

⁷It takes the membrane potential some small time before it reaches some pseudo-equilibrium potential.
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.. Experimental procedure

According to the literature, the activation of VS cells is proportional to the velocity of the observed
movement as long as the movement is within a fairly narrow band between 0.5 Hz and 10 Hz
(Single andBorst, ; Haag et al., ). In order to test different velocities, we perform three series
of experiments in which the stimulus is moving either at 2 Hz, 4 Hz, or 8 Hz. Each series consisted
of four repetitions to assess the effect of different random initializations. A moving grating with
velocity 2 Hz is the standard stimulation in physiological experiments and allows for comparison
with biologically obtained data.

.. Morphological and functional analysis

e complexity of the task, the environment in which the model neuron is embedded, and the
obtained morphologies do not allow for a meticulous morphological analysis as performed in the
previous chapter. In this chapter, we restrict ourselves to a proof of principle rather than providing
a complete account on how the morphology allows for the function under consideration. In order
to answer RQ4 it is sufficient to show a possibility to nd a model neuron to perform a desired
high-level function.

e functional analysis involves analysis of the strategies that are employed by the neuronal mor-
phology to perform the desired function. e main indicator of functional success is the tness
function in combination with an analysis of which component of the tness function has the
largest effect, or the dominant effect. We also investigate the coherence between the velocity of
the movement and the associated changes in the membrane potential.

. Experiments and results

In this sectionwe present the resultingmodel neurons optimized to perform thewide- eldmotion
detection function upon different stimulations. First we present the results from the three series of
experiments (§ .. - § ..).ereafter, we describe a brief analysis of the obtained results (§ ..).

.. Exp. :  Hz motion

When optimizing with amoving object at a velocity of 2 Hz, all four optimizedmodel neurons had
a Fourier component⁸ that was higher for the rst harmonic than for signal produced by the EMD
(i.e., a harmonic at 4 Hz for a grating moving with velocity 2 Hz). is observation shows that the
obtained model neurons effectively transform the input coming from the EMDs to a signal with
a higher frequency. e best performing model neuron is illustrated in gure . (left). is model
neuron shows remarkable similarity with the biological VS cells: it has one slightly bended thick
stem, and long thin dendrites stretching to cover the complete area in which synaptic inputs are
received. It is important to note that it is by no means trivial that a model neuron is produced
by our algorithm that actually resembles the biological counterpart. Because, we only optimized
for the performance and not for properties as optimal dendritic wiring Cuntz et al. (), and

⁸For clarity, we refer to the amplitude of the Fourier transformed signal at a particular frequency as the ‘Fourier com-
ponent’.
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still, a model neuron was generated that bears resemblance to the biological neuron. e arrows
in gure . (left) correspond to the location where the membrane potential is recorded in the
dendritic tree; these sites coincide with the traces shown in the right panel of the same gure. In
addition to the frequency-elevation, theMSE of the membrane potential with respect to the mean
membrane potential is low (but not the lowest of the  experiments). e last term in the tness
function is also high because of the small size of the model neuron. erefore a high tness value
is assigned to this model neuron. Furthermore, it is noteworthy that the number of bifurcations is
considerable less than in the three other optimized model neurons. e total length is 2414 µm

while the average length of the three other model neurons is 5548 µm. e best model neuron has
only  bifurcations while the average of the other three models is  bifurcations. e traces in
gure . (right) are measured from the site of input injection (top trace), after a rst bifurcation

(middle trace), and at the axon (bottom trace).

From a functional point of view, we observe that the membrane potential shows a depolariza-
tion of approximately 5 mv averaged over the four optimized model neurons. is number cor-
responds perfectly with the reported shifts in the membrane potential when presented identical
visual stimulation (see Haag et al., ). Without constraining the membrane potential, we still
obtain a membrane that is close to the biological measurements (Haag et al., ). is observa-
tion implies that our optimizedmodel neuron is at least capable of reproducing the basic neuronal
responses measured in nature, despite the solely passive nature of our model neurons.

.. Exp. :  Hz motion

e fourmodel neurons optimized forwide- eldmotiondetectionwith a grating a4Hzall perform
well. However, it is not straightforward to identify the ‘best’ model neuron.is is due to the tness
which consist of two main terms, namely (i) the MSE of the membrane potential with respect to
the mean membrane potential, and (ii) the Fourier component at the frequency of the inputs to
the model neuron. We included both terms because they bothmeasure the capabilities of a model
neuron to integrate inputs and to produce a smooth output signal. In the optimized neurons, it
seems that either one comes at the cost of the other. If one of the terms becomes increasingly
smaller, it becomes more dominant in the tness function. Evidently, the dominant term has the
largest in uence from that moment on, and biases the evolving model neurons towards that par-
ticular term. Figure . illustrates the two best models with respect to either the MSE (left) or the
Fourier component (right).e bottom row shows themembrane potential measured at the axon.
e top trace shows the membrane potential in a distal compartment and essentially mimics the
input from the EMD. e middle trace is the membrane potential in the same branch but one bi-
furcation closer to the soma. e difference between the membrane potentials of the two ‘middle
traces’ suggests that both neuron have evolved to a different strategy to perform the desired func-
tion; i.e., in one model neuron the signal is already very smooth after one bifurcation, while in the
other model neuron the signal only smooths at the beginning of the axon.

emorphology of the optimizedmodel neurons is highly similar to the morphology of the model
neurons optimized for a slower velocity. On average, the length L is larger, but not signi cantly. No
other signi cant differences in morphometric properties were observed.

Concerning the performance of the desired function, we observe that the average shift in mem-
brane potential is approximately 7 mV . is value is in correspondence with the experimental
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Figure .: Best model neuron with one stem optimized for smoothing of a grating moving with velocity
2 Hz. Left: the evolved morphology with the synapses. Arrows indicate the location where the membrane
potential is recorded. Right: voltage trace as measured in the axon. e labels of the traces correspond
to the distinct recording locations.

data. Moreover, it shows that the shift in membrane potential is slightly higher for a faster moving
object. is observation is also in line with experimental data.

.. Exp. :  Hz motion

e four model neurons optimized for a movement of 8 Hz performed well; all are able to produce
a smooth output signal. Figure . (left) illustrates one of the optimized model neurons for inte-
grating small- eld directional signals when the gratingmoves at 8 Hz. From this gure we observe
that the morphology is highly similar to the morphologies optimized for slower movements but
signi cantly larger than the best model neurons optimized for the slower movements.e voltage
trace ( gure ., right) shows that the signal considerably smoothed, an observation that is con-
rmed by a low Fourier component at the input frequency and at the rst harmonic, and by a low

MSE.

e morphology remains similar to those found in the model neurons optimized for both slower
velocities. e average shift in the membrane potential upon presentation of the moving grating
was 5.5 mV . Although this shift is slightly higher than the shift observed in the model neurons
optimized for 2 Hz, the shift was lower than the shift in model neurons optimized for 4 Hz. is
observation is not in linewith biological evidence because the faster themovement of the stimulus,
the higher the shift in the membrane potential (up to a certain upper-limit). However, we have to
remark thatwe do not optimize for a shift inmembrane potential, but only optimize for integration
of inputs and the generation of a smooth output signal.

.. Brief analysis of the results

e optimized morphologies all appear highly similar. To assess the precision (or speci city) of
the optimized model neurons, we test the model neurons optimized for detecting motion at a
particular velocity, in experimentswith the two remaining velocities. Table . lists the tness values
of the three best performing model neurons (one for each each tested velocity) when tested for
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Figure .: Two model neurons optimized for smoothing of a grating moving with velocity 4 Hz. e top
row illustrates the two morphologies, and the columns show the associated voltage traces.
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Figure .: Best model neuron with one stem optimized for smoothing of a grating moving with velocity
8 Hz. Left: the evolved morphology with the synapses. Right: voltage trace as measured in the axon.
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 Hz  Hz  Hz
 Hz   
 Hz   
 Hz   

Table .: Assessment of the velocity tuning of the best neurons obtained in the three series of exper-
iments. Optimized model neurons are also tested at the two other frequencies. e rows indicate an
experiment with the optimized neuron as indicated in the rst column. e columns indicate the tested
frequency. e given values are the tness values.

all three velocities. is test shows that the model neurons optimized for 2 Hz and 4 Hz actually
perform best at the velocity they are optimized for. A surprising result is that the model neuron
optimized for 8Hz outperforms the other models, even for the velocity they were optimized for.
Moreover, it shows that the best model neuron optimized for 8 Hz, performs better in response to
a 2 Hz movement. However, this difference in performance is small compared to the difference to
the other model neurons.

e complexity of the evolved morphologies, and the redundancy in the presentation of visual in-
puts,makes the systemhard to analyse.e redundancy of visual inputs follows from the fact that 
EMDs suffice to sample the grating frequency. Ourmodel has  EMDs, which is biologically accu-
rate, but redundant. It can be claimed that the biological system actually exploits this redundancy
by tuning different parts of the dendritic tree to different incoming frequencies. For the required
size of the visual eld is inverse-proportional to the input frequency: higher frequencies require less
‘space’ because the wavelength drops. Hence, under the condition of a constant visual eld (e.g.,
80◦ in our study), the number of copies of the same stimulus increases when the frequency of the
input increases. One implication of the reasoning along this line is that one dendritic tree can be
tuned for several different input frequencies.

emodel neuron optimized for 8Hz obtains the best result for the three different tested frequen-
cies and can have ‘redundant branches’. e size of this model neuron is considerably larger than
the other best model neurons for other velocities; an observation that can support the claim that
the model neuron effectively implements motion detection for different velocities⁹.

. Discussion

We optimizedmodel neurons to perform spatio-temporal integration as part of the wide- eldmo-
tion detection. For the three tested velocities we could optimize model neurons that performed
the desired computational function well. Due to the high complexity of the resulting dendritic
morphologies, it is not possible to read out how the function is implemented on the morphology.
erefore, we discuss three plausible candidate strategies of how the function is be implemented
(§ ..). e discussion of the three candidate strategies contributes to the understanding of the
morphology-function relationship for this particular neuronal type.ereafter, we discuss the suc-

⁹With GAs this phenomenon can occur by accident or can be caused by severe mutation. For instance, if the algorithm
is optimizing a single branch to perform a function but all of the sudden another combination of branches perform better,
than the optimisation of that branch terminates but can still be a reasonable solution for the desired function.
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cess in the realization of a high-level computational function by amorphologically elaboratemodel
neuron (§ ..). is discussion contributes to answering RQ4.

.. eoretical considerations

e optimized model neurons indicate that morphologically elaborate arti cial neurons can per-
form the function of wide- eldmotion detection.Moreover, the resulting neurons closely resemble
their biological counterparts. Nevertheless, the obtainedmodel neurons also exhibit a high degree
of variation, especially with what concerns the connectivity of the neuron to the inputs from the
EMDs. We explore the theoretically possible strategies (i.e., candidate strategies) for performing
the function that are supported by the obtained results.

From a close observation of the morphologies and from theoretical considerations, we identi ed
three candidate strategies. e rst candidate strategy is that the inputs from two locations are
phase shifted in such a way that the modulation around the mean elevation cancels their signals.
e second candidate strategy is to propagate all inputs in an identical way before summing them.
Because all inputs are offset with respect to each other (due to the preserved spatial relations be-
tween EMDs), summing them all together would result in a smooth signal with an amplitude equal
to the amplitude of the individual components. In addition, low-pass ltering would broaden the
EPSP such that the voltage would not drop so steep in between of the peaks. e third candidate
strategy is to saturate the dendrites around the synaptic locations so that a plateau potential is
reached in the dendrites. Due to low-pass ltering properties of the dendrites the plateau could be
scaled to a behaviourally relevant membrane potential in the axon.

e obtained results enabled us to test the third candidate strategy. Inspection of the membrane
potential in the dendrites close to the sites of input injection showed that there is no saturation.
Hence, the third candidate strategy can be ruled out. Concerning the two other candidates we can
not decide for either of the strategies, because there is supporting evidence for both candidate
strategies. e supporting evidence for the rst candidate can be seen in the illustrated model
neurons: there is always a long stretch of dendrite running horizontally. As a result, that stretch of
dendrite receives inputs from multiple EMDs which are all slightly phase shifted due to the topo-
logical order. erefore, the inputs are phase shifted and contribute to a smooth signal running
down the dendrite. e support for the second strategy can be seen in the pieces of dendrite that
run horizontally but in parallel with other dendrites (see the left part of the dendritic tree in both
gure . and .). It can be argued that at the nearest bifurcation, the different phase shifts of the

inputs become superimposed and cancel each other out. us, supporting the second candidate
strategy.

.. Realization of a high-level function

For the / project it is important that model neurons could be optimized to perform the
high-level function of wide- eld motion detection. In relation to the realization of high-level func-
tions, we discuss (i) the in uence of the tness function, (ii) the robustness of the optimized solu-
tion, and (iii) the use of multi-scale models.

First, we discuss the in uence of the tness function on the optimization of high-level functions.
Two different behaviours appear to have evolved that are associated with one functional compo-
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nent of the tness function ⁰. When the MSE is the dominant component in the tness function,
the model neuron exhibited a smooth potential in the axon with little variance. When the Fourier
component is the dominant component of the tness function, the output signal shows a larger
MSE but at a higher frequency. Depending on the desired behaviour in a robotic system the tness
function can be adjusted and single neurons can be evolved to perform the function in a biologi-
cally plausible manner.

Second, we discuss the robustness of the realized high-level functions. e result from the model
neuron optimized for the fast moving object at 8 Hz indicates that the evolved strategy is highly
robust: when tested at slower frequencies the tness did hardly drop, and becomes higher than the
tnesses obtained by the other model neurons optimized for the two different velocities (table .).

We observe that the best model neuron actually optimized the MSE component and the Fourier
component equally well in the tness function. us, the obtained strategy to perform wide- eld
motion detection is highly robust. A second observation related to this fact is that at different fre-
quencies, oneout of the two termsof the tness functionbecomesbiased. A strategy that optimizes
both terms in a similar fashion might result in a highly robust strategy. As mentioned in the rst
chapter, robustness and adaptivity are the main challenges for autonomous agents and the use of
biologically realistic neurons can provide a solution.

ird, we discuss the use of multi-scale models as part of the realization of high-level functions.
In this work, we used a multi-scale model in which (i) the small- eld motion detection was per-
formed by the abstract Reichardt detector, and (ii) the spatio-temporal integration was done by a
detailed model. e detailed model had the result that the obtained functionality was robust. For
use in robotics, this setup might be interesting because an elaborate model neuron can be used
where robustness is needed themost. While less critical parts of the function can be performed by
computationally more efficient models. Additionally, the multi-scale model provides an efficient
way to embed a morphologically elaborate model neuron in an arti cial system. e inputs can
be pre-processed in such a way that the real-world is transformed to match the scales of a biolog-
ically plausible neuron. Similarly, the output can be post-processed to match with the real world
(e.g., think about scaling the output to represent a motor command for driving a wheel). A last
remark related to the use of multi-scale model is the fact that biologically plausible model neu-
rons work well with very short time scales in the range of milliseconds. Standard neural networks
used in AI do not posses this capability, and timing is often dictated by an internal clock perform-
ing ‘sensing-processing-acting’ loops. However, most sensory signals in the real world are timed
highly accurate at short-time scales. Hence, a plausible model neuron embedded in a multi-scale
model may be used in future applications of robotics where timing is crucial.

.. Future investigations

We discuss two future lines of research related to the study conducted in this chapter.

e rst line of research is to increase the understanding (the scienti c community) of what is
really going on in the dendrites of the biological system. In our optimisations we employed two
measurements that are related to the smoothness of the signal: MSE and the Fourier component.
At a super cial level both measurements express the smoothness of the signal. However, from a

⁰e size is only of minor importance in the tness function and therefore we only consider the Fourier component and
the MSE.
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behavioural point of view there is a big difference. If the signal from the LPTC is always used in
an instantaneous fashion, it is important that the output signal of the LPTC has a small MSE. If
however a rate-coding (despite the absence of real spikes) is used, the Fourier component is more
important.

A second line of future research is to perform the same experiments but with a smaller visual eld
that does not introduce redundancy of the inputs. As long as the visual eld is larger than the
angular extend of the moving grating, there is redundancy in the inputs. By removing this source
of redundancy, it would be more feasible to perform a detailed analysis of the dendritic dynamics
which reveals the underlying strategy.

. Chapter summary and conclusion

In this chapter we continued our work on optimizingmodel neurons to perform a particular com-
putational function. For this purpose, we optimized a high-level function instead of an abstract
function.e experiments served two goals. First, by testing our inverse approach as an hypothesis
tester and these results contribute to RQ3. Second, by using a multi-scale model we could investi-
gate the opportunities for elaborate morphologies in robotic systems, thus answering (RQ4).

e obtained results and the discussion showed that model neurons with elaborate morpholo-
gies are capable of performing a desired behaviour robustly. We also discussed that themulti-scale
model provides a good solution for embedding morphologically elaborated neuron models into
robotic systems.

From a biological point of view, this study suggests that the priority of investigating the
morphology-function relationship should be focussed on straight-forward functions in an abstract
environment.is is due to the fact that the complexity of the evolvedmorphologies and thenature
and amount of inputs put an upper-bound on the level of morphological analysis to be performed.
Moreover, the redundancy of the visual inputs that occurs due to biological realism of the exper-
imental setup makes a meticulous analysis and the following construction of quantitative rules
nearly impossible. However, this study raised some important issues to be dealt with in future
work. Particularly, reducing the redundancy of the inputs to perform a meticulous analysis, and
provide better answers with respect to the hypothesis testing capabilities of our inverse approach.

With respect toRQ4,wemay conclude that by using amulti-scalemodelmorphologically elaborate
model neurons can be used to perform robustly desired computational functions. Moreover, we
may state that the multi-scale model can be used on robotic platforms to perform functions in
which timely processing of sensory inputs is crucial.
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8
General discussion and implications

In the thesis we developed a new approach for the generation
of virtual neurons, and demonstrated how different realisations
of this approach can be used to (i) generate virtual neurons,
and (ii) investigate the morphology-function relationship. In this
chapter, we discuss the obtained results and the implications of
our approach on the accurate generation of morphologies and
on understanding of the morphology-function relationship.

contents We discuss ve topics. First, we discuss the generation of accurate neu-
ronalmorphologies in section 8.1. Second, in section 8.2wediscuss the op-
timisation part of our approach because in neuroscience there is a grow-
ing interest in the optimisation of several neuronal properties. ird, we
discuss the inverse approach we adopted and its implications for under-
standing the morphology-function relationship (section 8.3). Finally, we
discuss the future of model neurons containig elaborate morphologies in
biology (section 8.4) and AI (section 8.5)
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. Accurate generation of morphologies

In chapters  and  we presented two algorithms to generate VNs based on our AGO approach,
namely EOL-N andKDE-N. EOL-N is a strict implementation of the general
approach whereas KDE-N employs optimal statistical models. Both algorithms can be used
for the generation of morphologies with different levels of accuracy. In what follows, we discuss
(i) the difference between the a priori constraining strategy and the a posteriori selection strategy,
(ii) the quality of the source data, (iii) an alternative approach, and (iv) limits to a comparative
evaluation of morphologies.

e three morphology-generation algorithms follow the a posteriori selection strategy (cf. sec-
tions . and .). is strategy prescribes that a group of plausible candidate solutions is gener-
ated, and afterwards the best are selected. By doing so, we can minimize the a priori constraints
imposed on the VNs, and the generated neurons are -in principle- unbiased. A proper scienti c
model should be de ned ‘without adding in advance the function I want’ (Bower and Beeman,
).e a priori selection strategy has the risk of putting the desired function in advance into the
model. Admittedly, the strategy is highly successful in exactly reproducing neuronal morpholo-
gies. However, to capture (and investigate) the natural variation of morphologies, the a posteriori
selection strategy is to be preferred.

e best results (with respect to the generation of morphologies) are obtained with KDE-N.
emain differencewith other algorithms is that wemodel basic parameters underlying each gen-
erated VN with non-parametric distributions. Non-parametric distributions have the advantage
that no a priori knowledge is required about the (parameters of) the underlying distribution(s).
Hence, the use of non-parametric models t well in our a posteriori selection strategy.

In chapter  we already mentioned some problems related to the neuroanatomical corpus. e
main challenge is that there is a signi cant source of noise in the prototype data due to (i) the
lack of conventions in tracing and (ii) difficulties related to the actual tracing itself. For instance,
some laboratories apply a shrinkage factor after tracing the morphologies, and some laboratories
don’t.is may give rise to inconsistencies in the data collected by different laboratories. For a hu-
man observer it is straightforward to keep this information inmindwhen observing amorphology.
For a computer algorithm, however, this is very hard. erefore, we had to include contraction in
our generation algorithm to model the contraction observable in the data. Whenever observing
contraction in the data, there may be two plausible reasons for this. Either the data is the result
of true tissue shrinkage or the data results from tracing errors (e.g., Kaspirzhny et al., ). is
implies that the amount of contraction observed in the data is an overestimate of the true biolog-
ical phenomena such as the shrinkage. When generating a statistical model from these data, the
overestimated contraction will introduce a bias in the model. Similar biases are likely to exist in
the data for factors other than shrinkage. Taken together they impair the quality of the statistical
model. Hence, increasing the quality of the data is an important challenge for the neuroscienti c
community in the near future.

In the appropriate chapter discussions (sections . and .) we con ned ourselves to discuss re-
lated algorithms for the generation ofmorphologies. However, there exist a radically different algo-
rithm proposed by Luczak (). He used diffusion-limited aggregation for growing VNs without
explicit rules: the environment and availability of basic building blocks determine the complete
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shape. By de ning the bounding box in which the neuron grows and the gradient in the availability
of building blocks, a neuron can be generated to resemble different types.e resulting morpholo-
gies are not accurate but illustrate the principle that neurons can be generated on the basis of
environmental in uences only. An interesting issue is to investigate the trade-off between geneti-
cally programmed rules and the in uence of the environment.

We remark that an objective comparison between the different existing algorithms is difficult be-
cause each algorithm is motivated by a different research question. For instance, when the goal of
a study is to build an algorithm that reproduces most structural properties of interest while main-
taining the smallest set of basic parameters, some minor structural properties may be sacri ced
to achieve a small set of basic parameters. Similarly, when a researcher desires a large number of
non-unique VNs based on a single cell type, it is no problem that only a single cell type can be
generated with that algorithm. Clearly, when comparing different algorithms, the objectives and
underlying mechanisms have to be taken into account.

VNs are generally used in accurate single-neuron simulations and in simulations of small networks
of such accuratemodel neurons.erefore, in addition to a correct morphology it is of importance
that the generated VNs are capable of producing appropriate electro-physiological responses. To
our best knowledge, there is no algorithm that generates complete model neurons with the appro-
priate morphology and the representative responses as observed experimentally. Samsonovich
and Ascoli (b) recognised this negligence and manually tuned the electrical properties of
a model neuron with a generated morphology to achieve similarity in electro-physiological re-
sponses. With EOL-N and S we demonstrated that we can perform optimisation
of bothmorphology and electrical responses; albeit separately: KDE-N generatesmorpholo-
gies and S can optimize distributions of electrical properties so that a model neuron ob-
tains certain electro-physiological responses. For future research it would be interesting to employ
both algorithms to generate a set of model neurons that have both representative morphologies
and electro-physiological responses given a set of prototype neurons. Recently, there is a growing
interest in optimisation techniques to tune the distribution of electrical properties so that amodel
neurons produces similar responses as existing neurons. ese will be discussed in the next sub
section.

. Optimisation of morphologies and functions

Optimisation techniques are widely used in neuroscience for various tasks such as the optimi-
sation of conductance distributions (e.g., Achard and De Schutter, ; Druckmann et al., ;
Van Geit et al., ), and pruning of large compartmental models (e.g., Hendrikson et al., ).
e advantage of optimisation techniques is that they follow the a posteriori selection strategy: a
minor bias can be introduced in the model by imposing restrictions on certain parameters to be
optimized.

Generally, optimisation techniques are used to nd a distribution of electrical properties by which
amodel neuron can reproduce experimentally observed electro-physiological responses.While for
some research questions optimisation canbeuseful, itmust be usedwith caution.Oftenunrealistic
constraints are imposed, such as having active conductances in the soma only (Druckmann et al.,
), or having a step-wise distribution of active conductances along a dendrite (Achard and De
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Schutter, ). Consequently, themodel neuronwith arti cially distributed conductances (under
non-realistic constraints) might be used to reproduce neuronal responses, but the model neuron
cannot be used to generate new insights into plausible computationalmechanisms that arise from
the distribution of active conductances. Nevertheless, depending on the research question this
observation must not be a drawback.

Recently, optimisation is applied tomorphologies. Because largemulti-compartmentalmodels are
hard to simulate due to their excessive demand on computational resources, some researchers at-
tempt to reduce the complexity of multi-compartmental models while retaining their functional-
ity. Hendrikson et al. () employ this strategy using an optimisation technique.ey truncate a
multi-compartmental model to a model with as few compartments as possible while maintaining
the original responses. Again, as a tool this application of optimisation can be useful, but it can not
be used for gaining new insights into the emergence of computational function in dendrites. For
instance, propagation of input signals in the dendrites (which essentially shape the responses at
the soma) are altered, and it is unlikely that they follow the conversions required to make a equiv-
alent cable out of a branched structure. So, these truncated models can only be used when inputs
arrive at the soma, and the response is measured from the soma as well.

To our best knowledge, we are the rst to use optimisation techniques to generate accurate mor-
phologies. Optimisation of morphologies is useful in ful lling several different goals. For instance,
when generating accurate morphologies optimisation follows the a posteriori selection strategy.
When investigating the morphology-function relationship, it allows the researcher to systemati-
cally (in contrast to adhoc)manipulate themorphology; the reverse of systematicallymanipulating
the function is also possible and described in chapter . Related to the morphology-function rela-
tionship is neuronal homeostasis (e.g., Prinz et al., ). Neuronal homeostasis is the phenomenon
that neurons of a speci c type tend to have the same electro-physiological responses despite dif-
ferences in morphology and distribution of electric properties. us, homeostasis is based on an
intrinsic relation between morphology and electric properties to maintain a stable function. Cur-
rently, studies investigating homeostasis focus on the role of electrical properties and neglect the
morphological contribution to the function to be performed. A common result of these studies is
the construction of disjoint and exclusive parameters sets (corresponding to the electrical proper-
ties) that allow for the performance of a function (Prinz et al., ; Achard and De Schutter, ;
Marder and Goaillard, ). By optimizing the morphologies as well, parameter sets related to
homeostasis can include the importantmorphological parameters in addition to the electrical pa-
rameters.

. Insights into the morphology-function relationship

e term ‘synaptic-integration’ is often used to denote the overall function of neurons. It can be
seen as a term similar to the morphology-function relationship: a neuron has a shape enabling
it to make connections with other neurons, and subsequently integrates the inputs. When inves-
tigating ‘synaptic-integration’ the focus is generally on the ‘synaptic’ part, i.e., the morphology of
neurons is explained in terms of optimal wiring and graph-theoretical statements. (Stepanyants
and Chklovskii, ; Chen et al., ; Cuntz et al., ). e ‘integration’ part (e.g., the other
side of the coin) is often neglected. Contrastingly to studies that focus on the ‘synaptic’ part, our
work and the developed tools focus on the ‘integration’ part. We start from the assumption that a
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neuron has to perform a computational function, rather than solely collecting inputs.e results
described in chapter  indicate that the ‘synaptic’ part is (at least) as important as the ‘integration’
part. As a case in point, when optimising a neuron for wide- eld motion detection (i.e., spatio-
temporal integration) under realistic spatial constraints, the optimisedmorphology resembles the
morphologies found in nature. Hence, we explained a morphology in terms of its function, rather
than explaining it in terms of which inputs it has to collect.

Furthermore, we described how the inverse approach can be used to obtain new insight into the
morphology-function relationship (chapter ). In neuroscience, the relationship is acknowledged,
but hard to study. Morphologies are highly elaborate and the true computational function is gen-
erally not known. Because of the difficulties that arise from analysing (and manipulating) a large
morphology, themajority of the investigations focus on the in uence of the electrical properties on
the signal propagation. Especially, when homeostasis is addressed, most researchers focus on the
electrical properties, rather than on themorphological properties. A notable exception is the work
reported by Weaver and Wearne () in which the mutual in uence on homeostasis between
the morphology and conductances are quanti ed by a sensitivity analysis. In other cases where
the morphology is investigated, the investigation focuses on either (i) theoretical possibilities on
a special arrangements of dendrites, or on (ii) electro-physiological propagation of inputs, but not
on computational functions. Our work represents the rst attempt to de ne quantitative rules of
how a morphology is shaped by the function is has to perform. It is remarkable that our inverse
approach is not used before as it follows the standard reverse engineering approach in science.
Indeed, by means of small functional andmorphological building blocks we aim at reconstructing
a complete existing morphology. Once, we have a catalogue of sufficient morphological building
blocks, such a reconstructionwill become feasible and the function of that neuronwill be a readout
of a combination of different catalogued building blocks.

We focussed on a single function only (i.e., input-order detection). Nevertheless, we illustrated in
chapter  that our approach is also able to optimizemodel neurons for a high-level computational
function. Experimental evidence suggests that mammalian neurons are involved inmultiple func-
tions. erefore, for future investigations, it would be interesting to optimize neuron to perform
multiple functions, and to investigate how different functions can be integrated on a single mor-
phology.

. Next step for biology research

A neuron is not working in isolation but rather in an substrate densely packed with other neurons.
Communication between neurons proceeds not only by means of synapses, but also by means of
extracellular signalling. erefore, the substrate in which a neuron operates can be considered of
great important to both function and morphology of any particular neuron. In chapters  and 
we generated single neuronal morphologies from scratch and without any information about the
substrate in which they grow. Particularly, in chapter  we tried to generate highly accurate neu-
ronal morphologies. From the results of the experiments, it was revealed that details did matter: if
a VN was constructed with a bad (or non-representative) sample, the algorithm fails to correct for
the bad sample because the the condition of the next sample is unknown to the algorithm. And, if
the sampling algorithm does not have a correct example, it fails to draw a good sample (cf. .). We
clarify this mechanism with an example. For instance, the path length and the euclidean length
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proved to be highly sensitive and we had to include the notion of ‘contraction’ in KDE-N.
However, neurons grow in a densely packed substrate in which the precision that is required to
make algorithmically a successful reconstruction is missing due to physical laws. is observa-
tion indicates that our insights into neuronal morphologies themselves are limited, and that our
knowledge is not sufficient to describe (parametrize) neuronalmorphologies.en, the important
question becomes: what is the signal and what is the noise in terms of morphometric properties
and parameters. Despite the difficulties, it might turn out to be crucial for better understanding of
morphologies to establish which parameter in the model corresponds to what biological develop-
mental in uence. Up to date, there are no rules at the level of a complete single neuron that specify
how it exactly takes its shape (e.g., Scott and Luo, ; Grueber et al., ), nor is there a clear-
cut mapping between model parameters and the biological counterpart. It is likely that synthetic
(theoretical) studies such as ours can help nding the required insights by proposing hypotheses
suggested by a model that can be tested by experimentalists. For instance, by systematically test-
ing which basic parameter can account for which morphological features, the mapping between
model parameters and biology can be found. A recent study by Donohue and Ascoli () tried
to establish this link between certain model parameters and biological phenomena. However,it is
difficult to take into account all necessary details, as it is difficult as well to generalise from an
abstract model.

In chapter  and , we did show that a single neuron in isolation can perform computational func-
tions. Inputswere arranged as tomimic synaptic transmission, either as normal chemical synapses
that trigger a post synaptic potential (De Camillo et al., ), or as ribbon synapses that provide a
graded signal as input (De Camillo et al., ). Additionally, we showed the importance of active
properties within the neuron to compensate or reinforce the passive processing due to morphol-
ogy. Extracellular signals can also contribute to the function as they (in the end) have a similar
effect on neurons as the activemembrane properties: theymodulate the conductance in themem-
brane.

A possible next step for biology is to optimize neurons that operate within the substrate. In the
same way as outlined in chapter  this optimisation could serve as a ‘hypothesis pump’; the fu-
ture hypothesis would deal with the necessity (or lack thereof) of chemical cues surrounding real
neurons for (i) obtaining accurate morphologies, or (ii) performance of complex computational
functions.

. Next step for AI and robotics research

In the rst chapter of this thesis, we described the trend in computer science that over time the
functional complexity of neuron models increases. e increase in the function’s complexity is ac-
companied by a greater level of biological detail and computational functionality.e experiments
performed in chapter  and  illustrate that (i) single neurons canbe generated to performadesired
high-level computational function, (ii) the resulting behaviour is non-trivial, and (iii) the inclusion
of active properties can reinforce or compensate for functionality emerging from the morphology
alone. What are the implications of these experiments for AI and robotics?

First, extrapolating from our obtained results it appears that many computational functions can
be performed on single neurons with elaborate morphology, and the neurons can be optimized
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for a particular complex function. For robotics this means that so-called neuro-controllers can
be constructed to perform complex functions. For instance, we already showed that we are able
to construct a model neuron that operates in a straightforward environment consisting of two
input zones and two spiking inputs and in a complex environment consisting of  inhibitory and
excitatory graded inputs injected in  different locations.e experimental results (cf. sections .
and .) endorse our claim that any reasonable computational function required in robotics can be
approximated by a single morphologically elaborate model neuron embedded in an appropriate
environment.

Second, our approach can be further extended to increase the potential of neural computation in
arti cial intelligence. Two enhancements would take the functionality of our approach to the next
level. As a rst enhancement activity-dependent computational functions could be implemented
by modelling the external substrate in which the neuron operates. ese extracellular substances
can then perform the same role as the active conductances in the membrane. e difference is
that where active conductances are triggered by the state of the neuron itself, the extracellular
substances are determined by the state of other neurons in which the modelled neuron is em-
bedded. In the brain, several of these substances are known such as dopamine which affects risk
in decision making (e.g., Schultz, ; Kalenscher and Pennartz, ). A second enhancement
could be the the ability to ‘reshape’ the morphology of a neuron on the y whenever execution
of the desired behaviour requires it. In real brains of invertebrates this phenomenon is known to
occur either as a result of genetic factors (e.g., metamorphosis in moths and butter ies (Duch and
Levine, )) or as a consequence of environmental pressure such as loss of sensory input (e.g.,
in some crickets after damaging one ear (Huber et al., ; Kleindienst et al., )). Several stud-
ies reported abstract implementations of this idea, such as rewiring of synaptic connections by
Elliott and Shadbolt (), and GasNets by Smith et al. () in which abstract neuron models
are extended by a topological coordinate to use extracellular signalling as a complement to mere
synaptic connections. ese two examples illustrate that the idea of using morphologically elab-
orate model neurons as outlined in Torben-Nielsen et al. () might become reality in the near
future.

e computational functions addressed here are basic functions in the sense that a complete behaviour can be de-
composed into smaller computational functions, which can be approximated with our approach
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Conclusions

In this thesis, we studied the neuronal morphology-function rela-
tionship. We started by studying neuronal morphologies and by
implementing different approaches to generate virtual neurons.
We used these virtual neurons to investigate whether a computa-
tional function could be performed by a single, morphologically
detailed, model neuron. In this chapter, we answer the research
questions and formulate a conclusion to the problem statement.
Finally, we indicate directions for future research.

contents In section . we present the answers to the research questions.ereafter,
in section .we give a conclusion to the problem statement. In section .
we indicate directions for future research.
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. Answer to research questions

In the rst chapter of this thesis a problem statement was formulated and four research questions
were presented to investigate the problem statement. Here, we aim at answering the four research
questions by means of the obtained results. We explicitly note that in different chapters we found
partial answers to theRQs;we therefore state the contributionof the distinct chapters in answering
the RQs.

.. RQ1: on generating neuronal morphologies

Below, we repeat our rst research question.

RQ1: How to generate single-neuron morphologies?

Chapters  and  addressed the rst research question by presenting an algorithmic approach to
generate neuronal morphologies.

In chapter ,wedevelopedEOL-N to generate single-neuronmorphologies. EOL-N
employs the standard L-system formalism to generate neuronalmorphologies.We showed thatwe
could generate a few virtualmorphologies that show resemblance to selected structural properties
of a prototype motor neuron.

In chapter , we presented KDE-N in which morphologies were generated by implicitly ap-
plying L-systems in awaywe referred to as ‘dedicated L-systems’.We successfully generated a large
number ofmorphologies thatwere statistically indistinguishable from real prototype neuronswith
respect to selected structural properties.

On the basis of these two results, wemay conclude thatwe succeeded in devising two distinctways
to generate single-neuron morphologies, viz. () from standard L-systems and () from dedicated
L-systems.

.. RQ2: on automatic optimisation of morphologies

Below, we repeat our second research question.

RQ2: How to optimise single-neuron morphologies given morphological or functional
constraints?

Chapters , , and  address the issue of optimisation of morphologies.

In chapter , we described the AGO approach which provides a conceptual guideline consist-
ing of three steps to generate and optimise morphologies so that the morphologies correspond
to prede ned optimisation constraints. e three steps are the () generation of morphologies, ()
validation of the generated morphologies, and () optimisation loop.

In chapter , a rst implementation of the AGO approach, EOL-N, was presented. In this
implementation, (i) the morphologies were generated by using standard L-systems, (ii) the vali-
dation was based on structural properties, and (iii) the optimisation loop was performed by ge-
netic programming, i.e., an instance of the evolutionary computation technique. We showed that
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morphologies could be optimised so that their structural properties correspondedwith prede ned
structural properties.

In chapter , a different implementation of the general approach, S, was presented and
validated in chapter . In this implementation, (i) the morphologies were generated by using dedi-
cated L-systems, (ii) the validation was based on the ability of a model neuron (with the generated
morphology) to perform a computation function, and (iii) the optimisation loop was performed
by genetic algorithms which is an instance of evolutionary computation. We succeeded in opti-
mising model neurons to perform two computation functions, namely input-order detection and
wide- eld motion detection.

From the results obtained by using EOL-N and S, we may conclude that we suc-
ceeded in optimising neuronal morphologies givenmorphological and functional constraints.e
optimisation of morphologies was achieved by a combination of L-systems and evolutionary com-
putation.

.. RQ3: on morphology-function relationship

Below, we repeat our third research question.

RQ3: How can we understand the morphology-function relationship in quantitative
terms?

Chapter  addressed the third research question. We described an inverse approach to study the
morphology-function relationship. e inverse approach suits well with our AGO approach in
the sense that model neurons are optimised to perform a prede ned computational function.e
function of interest was input-order detection, a non-trivial function with one degree of freedom,
namely the time lag between the arrival of two inputs. By systematically optimisingmodel neurons
for different time lags, we could analyse the correspondingmorphological changes.e analysis of
the changes led to the construction of a quantitative look-up table for the function of input-order
detection.

Basedupon this resultwemay conclude that, on the limited scale of a single function,we succeeded
in understanding into the morphology-function relationship in quantitative terms. Furthermore,
we argue that the proposed inverse approach can be used to build a larger catalogue in the future,
and therefore to continue to generate new insights into the morphology-function relationship.

.. RQ4: on adequate neuronal functions

Below, we repeat our fourth research question.

RQ4: Howcanacomplex single-neuronmorphologybeused to generatehigher-level com-
putational function?

Chapter  addressed the fourth research question. We used S to optimise model neurons
to perform the high-level computation function of wide- eld motion detection. We constructed
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a multi-scale model in which sensory input was preprocessed and synapses conveyed gradual ac-
tivation to realistic locations on the model neuron to be optimised. e optimised model neuron
was shown to perform the function of wide- eld motion detection robustly.

So, we may conclude that a multi-scale model in which a model neuron is embedded provides a
suitable way to perform high-level computational functions.

. Conclusion on the problem statement

In chapter  we divided the problem statement into two parts.We provide an answer for both parts
before formulating a nal conclusion.

PS1: To what extent can we gain biological insights into the neuronal morphology-function
relationship?

e general algorithmic reconstruction approach presented in chapter , its implementations,
EOL-N in chapter , KDE-N in chapter , and S in chapter , and the ex-
periments performed with the different implementations provide an implicit answer to the prob-
lem statement. e general reconstruction approach and the rst two implementations provided
the insights into neuronal morphology and offered tools to investigate the morphology-function
relationship in detail. e inverse approach we adopted can be considered as an alternative for-
mulation of the general reconstruction approach.With the inverse approach, we could analyse the
systematic changes in morphology while the model neuron was performing a function optimally.
In contrast to ‘the standard approach’ the function was known, and therefore the effects of chang-
ing a single parameter in the prede ned task could be quanti ed, and the required morphology
determined. is systematic investigation resulted in a quantitative mapping and its associated
lookup-table for the targeted function. More complex functions and combinations of functions
should be analysed in a same way to create a lookup table of elementary morphological buildings
blocks required to perform a function.

PS2: To what extent can these insights be used to enhance the functionality of arti cial neu-
rons?

In chapter  we demonstrated thatmodel neuronswith elaboratemorphology can perform a high-
level computational function. Moreover, we showed that the elaborate morphology enabled the
model neuron to perform the function in different ways (i.e., that it could employ different strate-
gies) and that the resulting behaviour was robust. Our multi-scale model can be used in time-
critical domains because elaborate morphologies allow for real-time (in the order of millisecond)
integration.

In the light of the / project, we may conclude that the inverse approach and the resulting
model neurons can be used for the processing of time-critical sensory inputs.

Below, we repeat the complete problem statement and formulate our nal conclusion.

PS: Can biological insights into the neuronal morphology-function relationship enhance
the functionality of arti cial neurons?
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Conclusion: We may conclude that we have developed useful tools to quantify the
morphology-function relationship. We showed that the inverse approach can be realised
with our general AGO approach, and that implementations of this approach can be used
to acquire insights into the morphology-function relationship in quantitative terms. Addi-
tionally, we showed that morphologically elaborate model neurons allow for enhancing the
functionality of neuron models in computer science.

. Future research

We consider three directions for future research.

e rst direction for future research is the development of apurely conditional sampling algorithm.
is targets the generation of accurate morphologies. In chapter , we presented KDE-N. In
this algorithm, only the inference algorithm that decided the fate of a dendritic branch was condi-
tioned on the current state of that dendritic branch. e samples drawn for the basic parameters
were independent. e results demonstrates the success of this type of conditional sampling. e
next logical step is to create a fully conditional generation algorithm in which all basic parameters
are sampled conditionally, and in which the inference algorithm can use conditions based on all
available basic properties. We argue that, provided that sufficient prototype data is available, not
only the quality of the generatedmorphologies will increase, but that we can also gain insights into
morphologies. Furthermore, new research questions can be addressed, viz. what is the signal and
what is the noise? And, what is the natural variation of morphologies?

e second direction for future research is the inclusion of environmental cues in the generation
phase of morphologies. is direction aims at both the generation of accurate morphologies and
the investigation of themorphology-function relationship. In all implementations (EOL-N,
KDE-N, and S) the morphologies are generated in a so-called context-free way,
i.e., independent of the environment in which they grow. e accurately generated morphologies
shown in chapters  and  demonstrated the strength of our implementations. However, there re-
mained some minor discrepancies between the prototype data and the generated data. We argue
that this discrepancy might be caused by (i) the lack of sufficient amount of prototype, and (ii) the
fact that real neurons do not grow in isolation, nor do they grow in a sterile environment. ere-
fore, as an extension of the EOL-N and KDE-N approach, it would be interesting to
introduce other neurons surrounding the neuron to be optimised, as well as chemical gradients in
the environment. en, it can be investigated what proportion of a morphology can be accounted
for by its genetic make-up, and to what extent the environment plays a role in the development.
For the performance of computational functions, it is interesting to investigate the dependence on
activity (i.e., the chemical gradients) and how chemical cues present in the vicinity of the neuron
can be used to perform a function, and how exploitation of extracellular communication affects
the morphology.

e third direction for future research is the optimisation of multiple computational functions. is
direction focusses on the morphology-function relationship. In chapters  and , we optimised
model neurons to perform a single computational function. However, due to their electrical prop-
erties and due to a plethora of different stimulations, someneurons are known to function in differ-
ent regimes (e.g., Marder and Goaillard, ). is phenomenon suggests that the same neuron
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can perform a multitude of different computations. erefore, as an extension of the results ob-
tained by S, it would be interesting to optimise model neurons to perform more than one
task simultaneously.en it could be investigated whether there a rules to combine different func-
tions on single morphologies, and, how active electrical properties might be involved in switching
between execution of different functions. A related issue is the role of redundancy in the inputs in
the performance of different (instances of the same) functions. e results presented in chapter 
suggest that different parts of a single dendritic tree perform wide- eld motion detection at dif-
ferent velocities. erefore, it is interesting if different electrical pathways in the dendrites can be
used to perform different functions.
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A
Morphological properties

is appendix contains a list of ‘mainstream’ morphological properties that can be measured with
our custom-built program.Allmeasurements listedhere canbemeasured fromastandardSWC le
(Cannon et al., ). Two types of morphological properties are used: basic and emergent prop-
erties. e basic properties are the properties that, in the context of algorithmic generation, are
used as parameters underlying a virtual neuron. e emergent properties are all the morphologi-
cal properties that are not used actively in a reconstruction algorithm. We also list in which paper
a property is presented. e options of this eld correspond to (‘’) Hillman (), (‘’) Ascoli et al.
(b), (‘’) van Pelt and Schierwagen () (or earlier paper from the same authors), (‘’) Sam-
sonovich and Ascoli (), (‘’) Fernández and Jelinek (). Additionally, the list contains some
properties that we proposed in this thesis to quantify better the correspondence between real neu-
rons and generated neurons.ese properties can be recognised by an ‘A’ in the ‘In’ eld.e order
in the table is by type.

Property Description Type In
All_stem_su e total stem cross-sectional surface as de ned in . Sur-

face computed after the rst compartmentwhich is treated
as a cylinder.

B 

B_elev Elevation angle between a daughter branch and the parent
branch; the parent direction is the reference direction.

B 

B_rot Similar to B_elev, but concerning the rotation angle. B 
Bif_perc Percentage of dendritic branch points that are bifurcations.

e percentage of branch points that are bifurcations. e
root is not considered to be a branching point.

B(E) A

Br_pow Branch power: Dn =
∑
j

dn
j . D is the parent diameter and

di are the daughter diameters. Implemented as a binary
search. (Only realistic outcome with bifurcations)

B(E) ()

Da_br_rat Daughter-branch ratio: ratio between two daughter of a bi-
furcation.e rst twodaughters of a branchpoint are con-
sidered for this measurement (Only realistic outcome with
bifurcations).

B(E) ()

Ind_stem_su e individual stem cross-sectional surface. e surface of
a cylinder measured over all stems, thickness is measured
after the rst compartment of the stem.

B 

No_stems Number of stems in a single neuron. B 

Continued on next page
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Continued from previous page
Property Description Type In
No_trees Number of dendritic trees in a neuron. Computed as the

number of terminals subtracted by the number of bifurca-
tions. (In binary trees always: no_bifs − 1)

B(E) 

T_elev Elevation angle of the stem; measured with respect to a
single-point soma at the origin.

B 

T_rot Rotation angle of the stem; measured with respect to a
single-point soma at the origin.

B 

Taper_perc Percentage of tapering compartments in a neuron. B 
Cnt_asc Contraction of a dendrite de ned as the euclidean distance

divided by the path length. e distances are computed
from the rst to the last branching point.

E 

Cnt_btn Contraction of a dendrite. Computed similar to Cnt_asc
but the distance is computed from the soma-center to the
end of a terminal tip.

E A

D_all ickness computed over all segments; the thickness of the
rst compartment of each segment is used.

E 

D_term ickness of the dendritic terminal tips. Measured at the
nal compartment of a dendrite.

E 

Degree e number of terminal tips in a sub tree. e soma has a
value equal to the total number of terminal tips in a tree.
Computed for every branch point.

E 

Depth Depth of a neuron, i.e., the size in the Z-dimension. Com-
putes the distance as the crow ies between the highest
and lowest Z value of any dendritic compartment.

E 

Depth_ratio e position of the soma with respect to the Z-dimension.
0 ≤ X ≤ 1, 0 means the soma lies on a speci c side,  says
that the soma is centred with respect to the dimension.

E A

DR Ratio between parent and daughter thickness. e par-
ent thickness is taken directly before the branch point,
the daughter directly after. Values < 0 indicates that the
daughter is thicker and vice versa.

E 

Fractal_dim e fractal dimension of a single neuron computed with
the box-counting algorithm of the neuron projected on the
X,Y plane. Returns a single value between  (a line) and  (a
plane).

E 

Frg Fragmentation of a dendritic segment. Counts the number
of compartments in a segment. However, note that ‘prolon-
gating’ segments cannot be determined from the data.

E 

Height Height of a neuron, i.e., the size in Y-dimensions measured
similar as the depth.

E 

Height_ratio e position of the soma with respect to the Y-dimension
computed similar as the depth_ratios.

E A

Continued on next page
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Continued from previous page
Property Description Type In
L_dist_term Euclidean distance between the soma and the the terminal

tips. Computed from the soma-center to the the terminal
tip.

E 

L_path_term Path length to the terminal tips. Computed from the soma-
center to the the terminal tip.

E 

L_segments Length of the segments. Measured over all segments (in-
cluding stem segments).

E 

L_so_biff Path distance between the soma and the branching points.
Measured from the soma-center to each branch point.

E 

L_term Length of the terminal dendritic segments. Path distance
from last branching point to terminal tip.

E 

L_total Total length of all dendrites in a neuron. Sums all the seg-
ments lengths, thus calculating path distances from the
soma-center, to the end of the tips (without duplicates).

E ,

No_bifs Number of dendritic branch points in a single neuron. e
root is not considered to be a branching point.

E(B) ,

No_terms Number of dendritic terminals in a single neuron. E 
L_bif e inter-bifurcation path length. E 
Order Centrifugal order (tree depth) or topological distance from

some;  is the order of the stem.Computed for every branch
point.

E 

Part_assym e partition asymmetry of a tree. De ned by A =
1

n−1

∑
Ap(ri, si), AP = |r−s|

r+s−2 for r + s >

2 and AP (1, 1) = 0.

E 

ST_L_So Stem length from the soma to the rst branch point. E(B) 
TropismF Measurement of dendritic meandering in a neuron’s den-

drites. Ratio of dendritic segment length over de distance
travelled away from the soma (in that segment).

E A

Width Width of a neuron, i.e., the size in X-dimension measured
similar as the depth.

E 

Width_ratio e position of the soma with respect to the X-dimension
computed similar as the depth_ratios.

E A
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B
Modelling cycle applied to
algorithmic reconstruction

In chapter , we presented a generic modelling cycle and applied the cycle to the process of neu-
ronal reconstruction. In the gure below, we show a more detailed illustration of the modelling
cycle applied to reconstruction of VNs.

Class
1

Class
2

P2

P1

Class 1

Class
2

Object space

Parameter space

Quantification
(Parameters of interest)

Modelling
(Reconstruction)

Observed morphologies Reconstructed morphologies

≈ Class
1

Class
2

ecycle starts and nisheswith ‘real’ objects in theobjects space.edifferent neuronal types one
wants to reconstruct are divided in distinct classes on the basis of some classi cation.e neurons
in such a class are called the prototype neurons, and are generally traced neurons. A quanti cation
process, quanti es or parametrizes the prototype neurons and the combination of the quanti ed
parameters of a single prototype neuron represent a single real neuron.
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For the sake of simplicity, we illustrate the parametric representation of a neuron by two parame-
ters only.e parametrised neurons are part of the ‘parameter space’ and the classes that represent
different classes of real neurons should not overlap; if the classes of parametrized neurons overlap
too few parameters of interest are used.

Subsequently, amodelling or reconstructionprocess generates neurons on the basis of the parame-
ters.e reconstructed neurons are again in the object space. If the cycle is performed successfully,
the reconstructed neurons cannot be distinguished from the prototype neurons in terms of their
parameters.

If however, a distinction can be made between the reconstructed neurons and the prototype neu-
ron, the cycle is not successful and should be updated. Updating can be done by reconsidering the
properties of interest that serve as parameters for the parametric representation, or, by modifying
the reconstruction process itself.
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C
Kernel density estimators

In chapter  we used kernel density estimators to model observed morphological data. Here, we
derive the KDE and a Gaussian variant for both univariate KDEs and bivariate KDEs. en, we
show the automatic selection of the bandwidth parameter, h, which is an important issue that we
did not address so far. ese mathematical techniques are used in KDE-N

Univariate KDEs

An intuitive, non-parametric way to model observed data is by means of a histogram estimator,
which is formally de ned by:

f̂(x) =
| {xi ∈ N(x), i = 1, . . . , n} |

nh
, (C.)

where N(x) is the bin centred at x and of width h. A KDE is a smooth version of the histogram
estimator where a kernel functionK is used that counts observations close tox, with weights that
are decreasing with the distance from x (Parzen, ):

f̂(x) =
1

nh

n∑
i=1

K

(
x − xi

h

)
. (C.)

A popular choice of kernel function is the Gaussian distribution with zeromean and unit variance.
e KDE with Gaussian kernel function becomes:

f̂(x) =
1

nh
√

2π

n∑
i=1

exp
[
− (x − xi)2

2h2

]
, (C.)

with h the bandwidth (standard deviation) of the Gaussian components. e kernel density esti-
mator is a legitimate probability density function when the kernel function is non-negative every-
where and integrates to one. It is easily veri ed that this holds for the Gaussian. e parameter h

acts as the smoothing parameter.

Multivariate KDEs

Assumewe have a sample consisting ofn bivariate observations of the form (x1, y1), . . . , (xn, yn)
that are independently drawn from an unknown probability distribution f over the random vari-

169



able (X,Y ). e KDE for the joint distribution is then:

f̂(x, y) =
1

nhxhy

n∑
i=1

K

(
x − xi

hx

)
K

(
y − yi

hy

)
, (C.)

with hx and hy the bandwidths for the random variablesX and Y , respectively. Since we are using
the Gaussian as kernel function, the estimator for the joint distribution becomes:

f̂(x, y) =
1

nhxhy

√
(2π)2

n∑
i=1

exp
[
− (x − xi)2

2h2
x

− (y − yi)2

2h2
y

]
. (C.)

In the rest of this appendix we write equations explicitly for the Gaussian kernel although they can
be written in terms of any other kernel function.

e kernel density estimate of a marginal distribution can be calculated from an application of
the sum rule of probability. For example, the estimator for the marginal distribution fX(x) of X
(assuming Y to be a real-valued random variable) is:

f̂X(x) =
∫ +∞

−∞
f̂(x, y)dy =

1
nhx

√
2π

n∑
i=1

exp
[
− (x − xi)2

2h2
x

]
, (C.)

since the Gaussian integrates to one over the real line. e kernel density estimator for fY (y) can
bede nedanalogously. Akernel density estimator for a conditional density, e.g., the estimator of the
density function of X given that Y is some value y, is computed by a straightforward application
of the product rule of probability:

f̂(x|y) =
f̂(x, y)

f̂Y (y)
=

1
hx

√
2π

∑n
i=1 exp

[
− (x−xi)

2

2h2
x

− (y−yi)
2

2h2
y

]
∑n

i=1 exp
[
− (y−yi)2

2h2
y

] . (C.)

e above equations for density estimation with respect to bivariate observations can be general-
ized in a straightforward manner to observations with more than two dimensions.

Automatic bandwidth selection

e bandwidth is the single parameter for kernel density estimation using Gaussian kernel. It acts
as a smoothing factor and consequently determines the quality of the estimator. e best band-
width has to be learned from the data since the data, besides prior knowledge if available, are the
only objective basis to decide when the estimator is oversmoothing or undersmoothing. Various
methods have been proposed for the task of automatic bandwidth selection. A brief survey is found
in Wand and Jones (); Jones et al. ().

It is natural to de ne the best bandwidth as the one resulting in the best KDE.e quality of a KDE
f̂(x)with respect to the true density f(x) is oftenmeasured by the integrated squared error (ISE):

ISE(f̂ , f) =
∫ +∞

−∞
(f̂(x) − f(x))2dx . (C.)
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e ISE depends on a particular sample of n observations since the sample is used as information
for the KDE. e mean integrated squared error averages the integrated squared error over all
samples:

MISE(f̂ , f) =
∫ +∞

−∞
E

[
(f̂(x) − f(x))2

]
dx , (C.)

where we have used E [·] to denote expected value. Clearly, the bandwidth with minimum MISE
gives us an estimator that on average has lowest ISE for a particular sample of n observations.
Given that n is sufficiently large, an approximation to MISE can be shown to be (Scott, ):

AMISE(f̂ , f) =
R(K)
nh

+
h4µ2(K)2R(f ′′)

4
, (C.)

where K is the kernel and the following de nitions are used:

R(g) =
∫ +∞

−∞
g(x)2dx, and µ2(g) =

∫ +∞

−∞
x2g(x)dx . (C.)

Setting the derivative of equation C. with respect to the bandwidth to zero gives the optimal
solution for the bandwidth:

h =
[

R(K)
µ2(K)2R(f ′′)n

]1/5

. (C.)

However, this solution depends on the second order derivative of the true densityf(x)which is un-
known.Moreover, estimating the derivative is amore difficult problem than estimating the density
itself (Raykar and Duraiswami, ).

ere are several approaches to approximate the best bandwidth in terms of AMISE. e basic
approach is called rules of thumb and assumes that the data is generated by aGaussian distribution
(Wand and Jones, ). Given data of dimensionalityd, the optimal bandwidth for the i-th variable
is then given by:

hi =
(

4
d + 2

)1/(d+4)

n−1/(d+4)σ̂i , (C.)

with σ̂i the estimator for the standard deviation of the i-th variable. For univariate data (d = 1), a
more speci c estimate of the bandwidth is:

hi = 0.9 S n−1/5 , (C.)

withS theminimumof the standard deviation and three-quarters of its interquartile range (Silver-
man, ). In our experiments we found that the rules of thumb bandwidths for multivariate data
are often better than the bandwidths found by somemore advanced approaches, even though the
assumption of Gaussian distributions is not satis ed. is is in line with the ndings reported by
Loader ().
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D
Analytic solution for the input-order
detector

In chapter , we mentioned an analytic model to compute the theoretically optimal solution for
the input-order detection in dendrites. Here, we present the two-step mathematical construction
of the analytical model. First, we show the ‘two semi-in nite cables’ model, and then the ‘ball and
stick’ model. Subsequently, it is shown how to evaluate numerically the model to nd the optimal
values.e descriptions here are largely based on the treatment of cable theory presented in Tuck-
well (), and performed by R. Sinclair. We use dimensionless time T = t

τm
, and length X = x

λ ,

normalized by the time and space constants: τm = rmcmandλ =
√

rm

ra
.

Ad() Two semi-in nite cables model

Recall from section . that, in terms of the dimensionless quantities X and T, the cable equation
for an in nite cable with no applied current is:

∂V (X,T )
∂T

=
∂2V (X,T )

∂X2
− V (X,T ) (D.)

We make use of the Green’s function for a semi-in nite cable, sealed at X =  (equation . in
Tuckwell ()):

G(X,Y, T ) = H(T )
e−T

√
4πT

[
e−(X−Y )2

4T
− e−(X+Y )2

4T

]
, (D.)

whereH() is a step function (orHeaviside function) andY thenormalizeddistance to the site of the
current injection. Instantaneously injecting a nite charge into the end results in a depolarization
proportional toG(X, 0, T ). If we now approximate the depolarizationmeasured at a hypothetical
soma located at electrotonic distance L from the sealed end of a dendrite by G(l, 0, T ), then the
total depolarization measured at the hypothetical soma resulting from synaptic inputs (current
injections) induced at dimensionless times T1 and T2 at the ends of two dendrites of electrotonic
lengths l1 and l2 with strengths in the ratio  : w can be written as:

Vs(l1, T1, l2, T2, w, T ) ∝ G(l1, 0, T − T1) + wG(l2, T − T2). (D.)

e ratio of maximum soma depolarization for the cases of T1 = T2−ΔT (synaptic input is rst
induced at the end of dendrite  and then, after a dimensionless timeΔT , at the end of dendrite )

Dimensionless quantities are denoted by a capital.
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and T1 = T2 + ΔT (the reverse) is:

Rs(l1, l2, ΔT,w, T ) =
max
t>0

Vs(l1, 0, l2, ΔT,w, T )

max
t>0

Vs(l1, ΔT, l2, 0, w, T )
. (D.)

Note that this ratio depends only upon the electrotonic lengths of the dendrites, and not on length
or diameter separately. If we denote the lengths of the dendrites by l1 and l2 (in metres) and the
respective diameters by d1 and d2 (also in meters), then we have:

lz =
Lz

λz
= 2

√
GmRi

(
Lz√
dz

)
, (D.)

where Ri is the intracellular resistance, and z is either  or . is model suffers from the fact that
the synaptic input is modelled by a delta function in time. e induced voltages have no limit. If
the dendrites are sufficiently long and thin, then the ltering properties of the cables will rescue
the model. emodel is therefore useful, but restricted to cases with long, thin dendrites (or, to be
more precise, large electrotonic lengths). From this observation, we may conclude that the ratio
of maximum depolarizations Rs is a function of L1/

√
d1, and L2/

√
d2 only, not of L1, d1, L2

and d2 separately. is is an exact solution for this very simple model. We expect that it will be
approximately correct for more realistic models. For this reason, we will present our optimization
results on two-dimensional plots with axes L1/

√
d1 and L2/

√
d2.

We may draw two conclusions from the derivations pertaining to the semi-in nite cables. First,
the ratio of the maximum depolarizations (i.e., voltage amplitudes), RS , is a function of l1/

√
d1

and l2/
√

d2 only and particularly not of L1, d1, L2 or d2 separately. erefore we will present the
results of the numerical evaluations on two-dimensional plots having axis: l1/

√
d1 and l2/

√
d2.

Second, a more complex model is required to approximate performance as input-order detection
of model neurons. We thus progress to a more complex ball and stick model to model to input-
order detection function.

Ad() Ball-and-stick model

?

Figure D.: Schematic illustration of the ball-and-stick model and how it is used to predict the optimal
performance in the input-order detection function.

e response at a lumped soma, at one end of a nite cable of electrotonic length and with sealed
other end, to a current proportional to H (T )Te(−aT ) is (equation (.) in Tuckwell ()):
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Vls(l, d, T ) ∝ H(T )
∞∑

n=0

An(l, d)
1 + λn(l, d)2 − a

×

[
Te(−aT ) − e(−aT )

1 + λn(l, d)2 − a
+

e(−T (1+λn(l,d)2))

1 + λn(l, d)2 − a

]
,

(D.)
where A0 (l, d) = γ (d) /(1+ g (d) l), γ(d) = d3/2

2D2
s

√
GmRi

, DS is the soma (assumed to be spher-
ical) diameter,

An(l, d) =
2γ(d)

sin [λn(l, d)l] ( γ(d)
λn(l,d) − λn(l, d)l) + cos [λn(l, d)l] (2 + γ(d)l)

for n > 0, γ0 (l, d) = 0 and γn (l, d) = xn(l, d)/l for n > 0 where the xn (l, d) are subsequent
positive roots of the equation tan (x) = −x/(γ (d) l) (see Table . of Tuckwell ()).

Once again, we compute the weighted sum:

Vl(l1, d1, T1, l2, d2, T2, w, T ) ∝ Vls(l1, d1, T − T1) + wVls(l2, d2, T − T2),

and the ratio

Rl(l1, d1, l2, d2, ΔT,w, T ) =
max
t>0

Vl(l1, d1, 0, l2, d2,ΔT,w, T )

max
t>0

Vl(l1, d1, ΔT, l2, d2, 0, w, T )
,

but this time there is an explicit dependence on d1 and d2 due to the presence of a soma in the
model. us, we can use the ball-and-stick model to derive the performance, and the appropriate
dendritic segment lengths and diameters. A schematic illustration of the ball-and-stick model is
shown in gure D.

Ad() Numerical evaluation

e passive electrical properties (Cm, Gm, and Ri) are kept identical to those used for the electro-
physiological simulations in chapter . Also, the diameter of the soma is xed at 25µm. a = 80 so
that we have τm = 40ms and τ(d) = 1118

√
dµm1/2. e synaptic input current of the ball-and-

stick model is proportional to Te−1 for positive dimensionless time (T > 0) and the peak of the
input current is reached after 0.5 ms. e dimensionless γ appearing in the ball-and-stick model
has the approximate value of 1.789d3/2 µm−3/2 for a dendrite of diameter d. For a xed Δt, and
with e1 = γ1l1/

√
d1 and e2 = γ2l2/

√
d2 we have computed all the values of

RΔT (e1, e2) = max
T,d1,d2,w

[
Rl

(
e1

√
d1

λ1
, d1,

e2

√
d2

λ2
, d2, ΔT,w, T

)]
,

for given values of e1 and e2 in the interval [65; 2062] µm−1/2. e maximum was taken over
values of T with constant step size of ts = (100 ms/τm)/2000 which corresponds to a step
size ts = 0.2 ms to t = (2000 − 1) × ts = 100 ms. Values for d1 and d2 were both within
the biologically plausible interval [0.15; 10] µm. e lengths l1 = e1

√
d1 and l2 = e2

√
d2 were

also kept in a biological plausible interval [200, 800] µm. e diameters were sought by applying
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geometric regression with common ratio close to unity. is procedure ensured that the coverage
was ner for small diameters.w was restricted to [0.5; 2] becausemore weights proved to saturate
the dendritic membrane close to the synapses in control runs in  . Once an approximate
global optimum for T, d1, d2, , andw was found, we progressed to perform a local optimization
over d1, d2, and w while still remaining within the boundaries outlined before. As a result, our
optimizations of RΔT (e1, e2) and the according tness landscapes (as illustrated in gure .)
can be considered (i) to be accurate, and (ii) to represent the optimal performance of this simpli ed
model of a input-order detector.

Saturation occurs when (Vm − E) = 0 and more inputs simply do not contribute anymore.
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Summary
e investigations presented in this thesis are part of the ‘Integrated Collaborative Information
Systems’ (ICIS) project, focussing on the ‘Enhanced Situation Awareness’ (ESA). As a partner in
this project, we investigated the feasibility of using morphologically elaborate model neurons to
enhance robustness and adaptivity in robotic systems.

Arti cial neural networks are used in computer science to enhance the adaptivity and robustness
of a wide range of applications. Evidently, the inspiration for arti cial neural networks is obtained
from the brains of animals. Brains are composed of a very large number of neurons, that are as-
sumed to constitute the basic processing units. Biological neurons are characterized by a highly
complex morphology that relfects their functionality. However, the computational functionality
of the neuron models used in computer science is leaping behind the computational functional-
ity of real neurons. In computer science, this discrepancy in functionality is compensated by ei-
ther using large networks composed of straightforward neuronmodels, or by turning to statistical
methods that form as abstract representation of neuron models. A different path to enhancing
the functionality of formal neurons is suggested by recent evidence from neuroscience stating that
the complex morphology of a neuron is directly related to its computational function, i.e., the so-
called neuronal morphology-function relationship. As no current neuronmodel used in computer
science incorporates morphology as a contributor to computational functionality, we may state
that the negligence of morphology in these formal neuron models imposes a major limitation on
their computational functions. In this thesis, we focus on the neuronal morphology-function rela-
tionships and investigatewhether insights into these relationships can improve the computational
functionality of arti cial neurons used in computer science.Wedonot intend to propose a new for-
mal neuron model that includes morphology in some way, but rather investigate -in quantitative
terms- how function and morphology are intertwined in real neurons. ese insights may prove
useful for later developments of new arti cial neuron models.

Chapter  starts with a brief description of biological neurons, and how computational function-
alities emerge in neurons. Subsequently, a historical overview is presented that describes three
different neuronmodels used in computer science. From the overview, wemake two observations.
First, neuronmodels in computer science do not incorporate neuronalmorphology as contributor
to computational functionalities. Second, subsequent types of neuronmodels in computer science
increase in computational complexity, which is paralleled by an increase in biological plausibility.
We identify the lack of morphology in neuron models as posing a major constraint on the compu-
tational functionality.We suggest the incorporation ofmorphology as a possible next step towards
a new neuron-model formalism in computer science. However, despite the fact that the existence
of the morphology-function relationships is established, the nature of these relationships remains
an open question. A related research challenge is that the lack of quantitative insights makes it
seemingly impossible to predict how the mechanism that underlies dendritic processing can be
employed in themore formal neuronmodels used in computer science. In order to deal with these
questions we phrase the following problem statement: “Can biological insights into the neuronal
morphology-function relationship enhance the functionality of arti cial neurons?”. To address this
problem statement, we propose to study the morphology-function relationship by adopting an in-
verse approach inwhichwe try to optimise arti cialmodel neuronswith an elaboratemorphology

177



to perform a prede ned computational function. Using the inverse approach we aim at nding in-
sights into the relationship in quantitative terms. To assess the applicability of the elaborate mor-
phologies for enhancing the more formal neuron models, we reproduce a particular behaviour in
invertebrates that is known to be produced by single neurons.e proposed investigations can be
performed by nding answers to four research questions : (RQ1)How to generate single-neuron mor-
phologies? (RQ2) How to optimise single-neuron morphologies given morphological or functional con-
straints? (RQ3) How can we understand the morphology-function relationship in quantitative terms?
(RQ4) How can a complex single-neuron morphology be used to perform higher-level computational
functions? Wepresent a three-step researchmethodology.e rst two steps are a literature review
and an analysis of the literature, respectively. e third step is repeated for four experiments, and
consist of (i) implementation of the approach, (ii) performing the experiment, and (iii) analysis of
the obtained results.

Chapter  provides background information on selected topics in computational neuroscience.
e presented topics are closely related to the focus of the thesis and are required for understand-
ing chapters  to . We start the chapter with a demarcation of the scope of the thesis. e de-
marcation de nes the level of abstraction at which we perform the investigations. Subsequently,
we turn to biological neurons and review evidence showing that the computational capabilities
of neurons mainly arise from the morphologically elaborate dendrites of a neuron. We outline the
structural properties andelectrical properties of neurons and subsequently demonstratehow these
properties affect the computational functionality. ereafter, we de ne virtual neurons as digital
representations of neurons with an emphasis on their morphology. We describe the experimental
way of reconstructing neuronal morphologies, and an algorithmic way to generate morphologies.
Our focus is on algorithmic generation and we present an incremental modelling cycle that allows
to generate neurons faithfully. Sincewe are interested in bothmorphology and function, we specify
how to simulate the neuronal dynamics and computational functions on a virtual neuron.

In chapter , we assess whether there exists approaches that allow us to perform the experiments
we plan to perform in order to answer the research questions.e assessment indicates that there
is no such existing approach. erefore, we propose a new general approach to generate algorith-
mically morphologies, namely the AGO approach.is approach addresses the rst two research
questions by achieving the construction of morphologies through generation and optimisation:
candidate neuronal morphologies are generated and incrementally optimised until a pre-de ned
criterium is met. In the next three chapters, three implementations of the AGO approach are re-
alised, presented and evaluated.

Chapter  presents the rst realisation of the AGO approach, namely EOL-N. is reali-
sation generates neuronal morphologies by using L-systems which is a mathematical formalism
of rule rewriting.e optimisation is performed by evolutionary computation, andmore precisely,
by genetic programming. Using EOL-N, we generated motor neurons algorithmically and
demonstrated its correct functioning. us, a partial answer to RQ1 is that single-neuron mor-
phologies can be constructed by a combination of L-systems and evolutionary computation. Be-
cause we integrated generation and optimisation, the mechanism underlying EOL-N also
provides a partial answer to RQ2. Moreover, the results in this chapter also illustrate the validity of
our the AGO approach.
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Chapter  presents the second implementation of the AGO approach, namely KDE-N.e
focus in this chapter is on the generation of a set of accurate virtual morphologies by using a
lightweight version of the L-system formalism, the so-called dedicated L-systems. Instead of incre-
mental optimisation, we use rigorous statistical descriptors of existing morphological data. e
statistical descriptors are non-parametric kernel density estimates, which provide a probabilistic
faithful model of the morphological data. By using KDE-N, we succeeded in generating sets
of virtual granules cells and virtual motor neurons. e virtual neurons so obtained prove to be
highly accurate and faithful reconstructions of actual biological neurons. us, a second partial
answer to RQ1 is that single-neuronmorphologies can also be generated by a combination of ded-
icated L-systems and rigorous statistical models of existing morphological data. e advantage of
dedicated L-systems is that they require only a fraction of the parameters required by standard
L-systems to generate a neuronal morphology; a property that makes dedicated L-systems highly
suitable for optimisation.

In chapter  our focus shifts from the generation of accurate neuronal morphologies to the gener-
ation of model neurons with an elaborate morphology that can perform a speci c computational
function. e third realisation of the AGO approach is built for this purpose, namely S.
is realisation combines the lightweight dedicated L-systems with evolutionary computation to
generate model neurons including dendritic morphologies. e computational function of inter-
est is the input-order detector; the function inwhich a neuron responds differently to the temporal
order of two inputs.is function has one degree of freedom -the time lag between the two inputs-
which we changed systematically. We optimised model neurons to perform input-order detection
for a range of time lags. By careful analysis of the resulting model neurons, we were able to map
the function onto the morphology. Moreover, we also optimised model neurons with selected ac-
tive electrical properties to perform the same task.We nd that the active electrical properties can
compensate or reinforce the passive properties inherent to the dendritic tree. ese insights con-
tribute to the construction of a catalogue or look-up table for morphological building blocks that
perform a computational function. e inverse approach and the S implementation can
be used to obtain such look-up tables and are therefore the answer to RQ3.

In chapter , we focussed on the high-level function of wide- eld motion detection, i.e., detection
of movement in the whole visual eld. More precisely, wide- eld motion detection is the function
in which a single neuron spatio-temporally integrates noisy motion sensitive signals to transform
these inputs into a smooth output signal.e inputs are coming froma circuit that performs small-
eld motion detection, i.e., detection of motion between two adjacent photoreceptors. We use a

multi-scalemodel in which small- eldmotion detection is performed by abstract Reichardt detec-
tor, and the wide- eld motion detection is performed by a detailed model neuron with dendritic
trees; the latter is subject of optimisation by S. e Reichardt detectors pre-processed the
moving visual stimuli into a signal that is appropriate for further processing by the neuron that
integrates the inputs. Furthermore, the inputs to the neuron performing wide- eld motion detec-
tion are arranged in a biologically realistic way. We succeeded in generating model neurons that
perform robust wide- eld motion detection. Hence, the answer to RQ4 is that single-neuron mor-
phologies can be used to perform high-level functions by embedding them in a multi-scale model
which pre-processes sensory inputs and passes these signals to the detailed model neuron in a
biologically plausible way.
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Chapter  provides a discussion of the obtained result, and their implications for computational
neuroscience. First, the relation with other algorithms to generate neurons is discussed, where we
focus primarily on the difference between the traditional a priori constraining strategy and the a
posteriori selection strategy that we employ. Second, the relation to different uses of optimisation in
computational neuroscience are discussed.We state thatwepioneer in optimising bothmorpholo-
gies and conductances. Earlier work focused solely on the optimisation of conductances.ird, the
implications of our inverse approach on the study of themorphology-function relationship is given.
Finally, we discuss in what way, and to which extent the work performed and the tools developed
in this thesis can contribute to future studies in both biological research and robotics research.

Chapter  answers the four research questions and the problem statement formulated in chap-
ter . For the rst research question, the answer is that single-neuron morphologies can be gen-
erated by means of standard L-systems and dedicated L-systems. e answer to the second re-
search question is that evolutionary computation can be used as a technique to optimise neu-
ronal morphologies so that these morphologies satisfy particular constraints. e answer to the
third research question is that the morphology-function relationship can be quantitatively and
qualitatively represented by a look-up table. e lookup-table speci es the optimal morphologi-
cal building blocks required to perform a speci c computational function. For the fourth research
question, the answer is that by using the tools we developed in this thesis, the essential insights
into the morphology-function relationship can be used to generate neurons that perform high-
level functions. Finally, the chapter elaborates on the conclusion that we developed useful tools
to investigate the morphology-function relationship, and, that by using these tools new insights
into the morphology-function relationship can be generated. Furthermore, we demonstrated that
morphologically elaborate model neurons allow for enhancing the functionality of neuron models
in computer science.
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Samenvatting
Het werk gepresenteerd in deze thesis maakt deel uit van het ‘Interactive Collaborative Informa-
tion Systems’ (ICIS) project, enmeer speci ek van de ‘Enhanced Situation Awareness’ (ESA) groep.
Als onderdeel van dit project hebben we het gebruik van morfologisch gedetailleerde model neu-
ronen in autonome agenten bestudeerd. Het doel is om na te gaan of dit type neuronmodel de
robuustheid en adaptiviteit van autonome agenten kan vergroten.

In de computerweteschappen (en arti ciële intelligentie) worden arti ciële neurale netwerken ge-
bruikt om de robuustheid en adaptiviteit van een groot aantal toepassingen te verbeteren. Als
vanzelfsprekend vormt het brein de inspiratie voor deze neurale netwerken. Het brein is opge-
bouwd uit heel veel kleine, functionele bouwstenen: de neuronen. Biologische neuronen ken-
merken zich door hun uitgebreide morfologie (vorm) die verandert naar gelang de functie die een
bepaald neuron moet uitvoeren. In de computerweteschappen zijn verschillende types van neu-
ronmodellen in gebruik maar geen van deze neuronmodellen hebben een morfologie. In vergelijk-
ing met de computationele functie van biologische neuronen stellen we dat arti ciële neuronen
ver achter blijven. De computerwetenschappen compenseren deze discrepantie in functie door
het gebruik van neurale netwerken, of door statistische modellen die de functie van neuronen na-
bootsen. Dit terwijl recente inzichten uit de neurowetenschappen aantonen dat de zogenaamde
morfologie-functie relatie erg belangrijk is voor het uitvoeren van complexe functies: de functie die
een neuron uitvoert is sterk gerelateerd aan de vorm van dat neuron. Het feit dat neuronmodellen
in de computerwetenschappen geen vorm hebben identi ceren we als een limitatie op de functies
die uitgevoerd kunnen worden. In deze thesis bestuderen we hoe de vorm van neuronen een in-
vloed uitoefent op de functie die het kan uitvoeren. Het doel is omna te gaan ofmorfologie gebruikt
kan worden om de huidige neuronmodellen in de computerwetenschappen complexere functies
te laten uitvoeren.

In het eerste hoofdstuk geven we een beschrijving van biologische neuronen en hoe computa-
tionele functies tot uiting komen in neuronen. Vervolgens presenteren we een historisch overzicht
van drie types van neuronmodellen in de computerwetenschappen. Daaruit blijkt enerzijds dat
deze neuronmodellen geen morfologie hebben, en anderzijds dat de behaalde functionele com-
plexiteit hoger wordt in de meer biologisch plausibele modellen. We identi ceren het ontbreken
van morfologie als een belangrijke beperking van de huidige neuronmodellen in de computer-
wetenschappen. Daarom stellen we het opnemen van morfologie dan ook voor als een mogelijke
stap naar een nieuw neuron model in de computerwetenschappen. Hoewel het bestaan van de
morfologie-functie relaties in neuronen duidelijk is, is de aard van deze relaties dat niet. Hierdoor
is het moeilijk te voorspellen op welke manier de neuronmodellen in de computerwetenschappen
baat kunnenhebben vandemorfologie. Omdit probleemaan te pakken formulerenwede volgende
probleemstelling: “Kunnen biologische inzichten in de neuronale morfologie-function relatie de functie
van neuronmodellen in de computerwetenschappen uitbreiden?” Omdemorfologie-functie relatie te
bestuderen steunen we op de ‘omgekeerde’ (‘inverse’) aanpak, waarbij we neuronale morfologieën
genereren en optimaliseren zodat een vooraf bepaalde functie uitgevoerd kan worden. Het doel
hiervan is om de morfologie-functie relatie in kwantitatieve termen te beschrijven. De toepas-
baarheid van de morfologieën ter verbetering van de bestaande neuronmodellen wordt bepaald
door de reproductie van een bestaand dierlijk gedrag, waarvan bekend is dat één speci ek neuron
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het uitvoert. De studie wordt gevoerd aan de hand van volgende onderzoeksvragen: () Hoe kun-
nen we de morfologie van een neuron genereren? () Hoe kunnen we de morfologie van een neuron
optimaliseren om te voldoen aan optimalisatie-eisen? () Hoe kunnen we de morfologie-functie re-
latie in neuronen kwantitatief beschrijven? () Hoe kunnen we een morfologisch model neuron worden
gebruiken om een functie van hoog niveau uit te voeren? Daarbij volgen we een onderzoeksmethod-
ologie bestaande uit drie stappen. De eerste twee stappen zijn respectievelijk een onderzoek en
een analyse van de literatuur in gerelateerde onderzoeksgebieden. De derde stap bestaat uit (i)
het opzetten van een experiment, (ii) het uitvoeren van het experiment, en (iii) de analyse van de
behaalde resultaten; en wordt herhaald voor vier experimenten.

Hoofdstuk twee presenteert achtergrondinformatie over onderwerpen in (computationele) neu-
rowetenschappen die gerelateerd zijn aan het onderzoek van deze thesis. We vangen dit hoofd-
stuk aanmet een afbakening van het thesisonderwerp. Daarna gaanwe dieper in op demorfologie
en functie van biologische neuronen. Uit de beschrijving daarvan kunnen we a eiden dat de den-
drietmorfologie van cruciaal belang is voor de computationele functie van neuronen. Vervolgens
concentreren we ons op ‘virtuele neuronen’, of met andere woorden de digitale representaties van
neuronen. Deze virtuele neuronen kunnen, in vergelijking met biologische neuronen, eenvoudig
geraadpleegd en gemanipuleerd worden. We beschrijven de experimentele manier om neuronale
morfologieën te reconstrueren, en een algoritmische manier om morfologieën te genereren. Het
zwaartepunt ligt bij het algoritmisch genereren en we presenteren een stapsgewijze modelleercy-
clus die toelaat om neuronen waarheidsgetrouw te genereren. Aangezien we zowel in morfologie
als functie geïnteresseerd zijn, speci cerenweookhoewedeneurale dynamieken en computionele
functies kunnen simuleren op virtuele neuronen.

In hoofdstuk drie onderzoeken we of er technieken gekend zijn die toelaten om de voorgestelde
experimenten uit te voeren. Uit de literatuurstudie blijkt echter dat er geen techniek bestaat die
voldoet aan onze eisen. Daarompresenterenwe een algemene aanpak ommorfologieën te generen
en te optimalisering: deAGOaanpak.Omdat deze aanpakdeneuronalemorfologieën construeert
door ze te genereren en te optimaliseren tot ze voldoen aan de optimalisatie-eisen, gaat hij recht-
streeks in op de twee eerste onderzoeksvragen. In de volgende drie hoofdstukken presenteren we
verschillende realisaties van deze aanpak.

In hoofdstuk vier stellenwe de eerste realisatie van deAGOaanpak voor: EOL-N, diemor-
fologieën genereert met behulp van L-systemen, een wiskundig formalisme. Een evolutionair algo-
ritme, dit is een optimaliseringsalgoritme gebaseerd op natuurlijke selectie, voert de optimalisatie
uit. We zijn geslaagd in het algoritmisch genereren van een virtueel neuron dat sterke gelijknis-
sen vertoont met een biologisch neuron (type: motor neuron). Het behaalde resultaat toont dat
EOL-N correct werkt, en draagt bij tot het gedeeltelijk beantwoorden van de eerste twee
onderzoeksvragen. Tegelijk illustreert het resultaat de geldigheid van de generieke AGO aanpak.

In hoofdstuk vijf focussen we op het algoritmisch genereren van accurate morfologieën en presen-
teren we de tweede verwezelijking van de AGO aanpak: KDE-N. Voor deze taak steunen
we op een afgeslankte versie van L-systemen. Daarnaast is er geen directe optimalisatiestap, maar
gebruikenwe rigoreuze statistische beschrijvingen vanbiologischeneuronen: de ‘kernel density es-
timates’ (KDEs). Met KDE-N zijn we erin geslaagd een verzameling van virtuele neuronen
voor twee types van neuronen (namelijk motorneuronen en granule cellen) te genereren. Deze
gegenereerde neuronen zijn statistisch vergelijkbaar met een verzameling van biologische voor-
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beeldneuronen. Het tweede (en daarmee laatste) deel van het antwoord op onderzoeksvraag één
luidt dus dat we morfologieën met de afgeslankte L-systemen in combinatie met KDEs kunnen
genereren. Het grootste voordeel van de afgeslankte L-systemen is dat er slechts enkele param-
eters nodig zijn voor het genereren van een morfologie. Hierdoor kan het optimalisatieprocess
vereenvoudigt worden zoals we in het volgende hoofdstuk zullen zien.

In hoofdstuk zes gaanwe dieper in op de computationele functie die kanworden uitgevoerd op een
model neuron met morfologie. We bestuderen of we een morfologie kunnen vinden waarop een
vooraf bepaalde functie uitvoerbaar is. Daarvoor gebruiken we een derde realisatie van de AGO
aanpak: S, die de afgeslankte L-systemen met evolutionaire algoritmes combineert om zo
model neuronen met morfologie te genereren. De bestudeerde functie is de ‘input order detector’
waarbij het neuron een verschillende activatie heeft voor de verschillende aankomstvolgorde van
twee inputs. Deze functie heeft één vrije parameter: de tijd tussen de aankomst van de twee inputs.
Door deze parameter systematisch te variëren en door demorfologie van de geoptimaliseerde neu-
ronen te analyseren, kunnen we de functie op de morfologie projecteren. Verder optimaliseren we
ook de actieve, elektrische eigenschappen van het model neuron, die de dynamiek die voortvloeit
uit demorfologie zowel kunnen tegenwerken als versterken. De geoptimaliseerdemorfologieën en
elektrische eigenschappen resulteren in het opstellen van een catalogus van morfologische bouw-
stenen die nodig zijn voor het uitvoeren van een bepaalde functie. De S realisatie en de
begeleidende catalogus beantwoorden op die manier onderzoeksvraag drie.

De aandacht gaat in hoofdstuk zeven naar het uitvoeren van een functie op hoog niveau, namelijk
‘wide- eld’ bewegingsdetectie. Wide- eld bewegingsdetectie wordt door één neuron uitgevoerd.
Het is de computationele functie waarin de beweging van een stimulus door het hele gezichtveld
wordt opgemerkt, door de invoer naar dit neuron spatiëel en temporeel te integreren. Deze inte-
gratie leidt tot een egale output die aangeeft of de beweging in de voorkeursrichting gaat, of in-
tegendeel in de tegengestelde richting. De invoer komt van neuronen die de beweging detecteren
tussen verschillende fotoreceptoren, of de zogenaamde ‘small- eld’ bewegingsdetectie. Om deze
functie uit te voeren op één neuron gebruiken we een multi-scale model waarin we de small- eld
beweginsdetectie abstract modelleren aan de hand van Reichardt detectoren. Deze detectoren
staanbekendomhun realistische simulatie vandedesbetreffende inputs. Dewide- eld bewegings-
detectie simuleren we gedetailleerd met het morfologisch model neuron, waarvan de morfologie
wordt geoptimaliseerd met S. Met deze opzet zijn we erin geslaagd om model neuronen
te genereren die de gevraagde functie robuust uitvoeren. Door dit resultaat kunnen we stellen dat
één model neuron een functie van hoog niveau kan uitvoeren als we het in een multi-scale model
plaatsen, waarbij de invoer naar het neuron realistisch wordt gesimuleerd en gepresenteerd. Deze
bevinding beantwoord de vierde onderzoeksvraag.

In hoofdstuk acht bediscussieren we behaalde resultaten en hun implicaties voor computationele
neurowetenschappen. Ten eerste besprekenwehoedeAGOaanpak endedrie realisaties zich ver-
houden tot de bestaande technieken. Het zwaartepunt in deze beschouwing ligt voornamelijk op
het verschil tussen de traditionele ‘a priori limitatie strategie’ en de ‘a posteriori selectie strategie’
die wij toepassen. Ten tweede behandelen we de relatie met andere methodes in computational
neuroscience die ook optimalisatie toepassen. Hier merken we op dat wij een voortrekker zijn in
het optimaliseren van neuronale morfologieën, want bestaand werk in neurowetenschappen op-
timaliseert enkel functie. Ten derde bespreken we de implicaties van onze ‘inverse’ aanpak op de
studie van de morfologie-functie relatie. Het laatste discussiepunt gaat in op de manier waarop,

183



en de mate waarin ons onderzoek kan bijdragen aan toekomstige studies in zowel biologisch als
robotica onderzoek.

In hoofdstuk negen presenteren we zowel de antwoorden op de vier onderzoeksvragen als een
conclusie ten aanzien van de probleemstelling. Het antwoord op de eerste onderzoeksvraag lu-
idt dat de morfoloie van één enkel neuron realistisch kan worden gegenereerd met L-systemen
en afgeslankte L-systemen. Het antwoord op de tweede onderzoeksvraag is dat genetische al-
goritmes gebruikt kunnen worden om de gegenereerde morfologieën te optimaliseren, zodat de
vooropgestelde eisen worden behaald. Op de derde onderzoeksvraag kunnen we antwoorden dat
inzicht in de morfologie-functie relatie kwantitatief kan worden weergegeven door een catalogus
van morfologische bouwstenen. Deze catalogus speci ceert de optimale morfologische bouwste-
nen voor het uitvoeren van een bepaalde computationele functie. Het antwoord op de vierde on-
derzoeksvraag luidt dat de programma’s die we in deze thesis hebben ontwikkeld, ingezet kun-
nen worden om inzichten in de morfologie-functie relatie te gebruiken voor het verkrijgen van
gedrag van hoog niveau. De conclusie van de thesis is dat we geschikte programma’s hebben on-
twikkeld om de neuronale morfologie-functie relatie te bestuderen. Deze programma’s kunnen ge-
bruikt worden om nieuwe inzichten te genereren en te kwanti ceren. Daarnaast hebben we ook
gedemonstreerd dat een model neuron met morfologie gebruikt kan worden om de complexiteit
van de functies van neuronmodellen in de computerwetenschappen te verbeteren.
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