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Preface

The importance of computational modeling as a research approach in neuroscience
is recognized today by most researchers in the field. Computational neuroscience is
generally associated with simulations in electrophysiology and neural dynamics.
Recently, an increasing number of neuroscientists have begun to use computer models
to study and describe neuroanatomy, its subcellular bases, and its relationship with
neuronal activity and function. Other researchers began importing accurate and quanti-
tative descriptions of neuronal structure and connectivity into computer simulations of
neuronal and network physiology. Perhaps owing to the broad range of scales spanned
by these studies, from subcellular structures to very large assemblies of interconnected
neurons, computational neuroanatomy literature is sparse and distributed among the
many technical journals in neuroscience. Nevertheless, a common theme is easily rec-
ognized in all these research projects: the use of computer models, simulations, and
visualizations to gain a deeper understanding of the complexity of nervous system struc-
tures. Neuroanatomy constitutes a central aspect of neuroscience, and the continuous
growth of affordable computer power makes it possible to model and integrate the
enormous complexity of neuroanatomy. It is not surprising that computational neu-
roanatomy research projects are stirring considerable interest in the scientific commu-
nity. Computational Neuroanatomy: Principles and Methods is the first comprehensive
volume discussing the principles and describing the methods of computational
approaches to neuroanatomy.

Computational neuroanatomy is potentially as vast and diverse a field as neuro-
anatomy itself. In an attempt to capture this diversity, each chapter of this book is
contributed by different authors. Each subject is presented and discussed by the experts
who first defined the problems, implemented the methods to solve them, and formu-
lated the principles underlying the solutions (brief biographies of the book’s authors
are provided at the end of the book). Principles and methods of computational neu-
roanatomy are explained through direct examples of recent or ongoing research. All
chapters were peer-reviewed by the editor, by contributors of other chapters, and by
“external” reviewers (who are acknowledged at the end of this Preface).

Most chapters are enhanced by electronic material included in the companion CD-
ROM. Such material includes software packages used in computational neuroanatomy,
step-by-step explanation of the algorithms implemented in such programs, and
examples of data files. In addition, given the important contribution of computer graph-
ics to neuroanatomical models, results reported in the book are further illustrated by
animations and movies in the CD-ROM. While only black and white figures are repro-
duced in print, high-resolution color images are contained in the disk. Finally, the CD
provides links to web sites containing updates and additional information.

Computational Neuroanatomy: Principles and Methods may be used as a back-to-
back text by readers interested in learning the basic strategies, results, and language of
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computational neuroanatomy, or as a unique reference to consult for key material (both
conceptual and technical) in these new areas of investigation. Active researchers and
graduate students should be able to read the chapters as if they were published in a
high-quality scientific journal. Advanced undergraduate students and interested non-
academic thinkers with a background in neuroscience or computer science will also
find this volume highly accessible.

The book was edited with particular attention to the expected diversity in back-
ground of the readership. A natural audience for this publication consists of all neu-
roanatomists interested in novel technology. The use of computers can aid
neuroanatomical investigation and understanding, and the material of this book can be
an inspiring source of research ideas as well as a basic guide to keep up to date with
computational developments. As a rapidly growing field, computational neuroanatomy
is of interest for the neuroscience community in general, and this book provides a
review of many leading research paths. On the other hand, computer scientists and
engineers are turning with ever deeper interest to biological architectures. Nervous
systems are still remarkably superior to digital computers and artificial neural networks
in a variety of computational and cognitive tasks, and a crucial reason is their structure.
This book constitutes an intellectual bridge between information technology and neu-
roanatomy. Finally, the tremendous impact that computer graphics has had and will
continue to have in education makes this material also useful for academic instructors
involved with brain science, including neurologists, psychologists, biologists, and
physicists.

Structural and functional human brain imaging and mapping is contributing enor-
mously to the advancement of neuroscience. Neuroimaging is obviously anatomical in
nature, and it involves a great deal of computational analysis and processing. However,
most of the aspects of computational neuroanatomy described in this book revolve
around the neuron as a fundamental brick of brain structure and function. Readers
interested in the issues of computational neuroanatomy related to brain mapping should
refer to the excellent recent publications specifically dedicated to neuroimaging.

Naturally, different research groups focus on different scales. Consequently, this
book is organized in three main parts. Part One deals with single neurons and their
internal structures, particularly dendritic morphology and its interaction with single-
cell electrophysiology. Part Two discusses neuronal assemblies, axonal connectivity,
and large-scale, anatomically accurate networks. Finally, Part Three tackles the major
issues of integration of the massive knowledge necessary to describe (and generate)
completely accurate neuroanatomical models at the system level. A detailed descrip-
tion of each chapter is beyond the scope of this preface. However, the first introductory
chapter provides a review of several recent developments in computational neu-
roanatomy and introduces the subsequent chapters in this context. In addition, a sum-
mary of the contents is provided by the abstracts of each chapter.
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Computing the Brain and the Computing Brain

Giorgio A. Ascoli
ABSTRACT

Computational neuroanatomy is a new emerging field in neuroscience, combining
the vast, data-rich field of neuroanatomy with the computational power of novel hard-
ware, software, and computer graphics. Many research groups are developing scien-
tific strategies to simulate the structure of the nervous system at different scales. This
first chapter reviews several of these strategies and briefly introduces those that are
expanded in the subsequent chapters of the book. The long-term end result of the col-
lective effort by researchers in computational neuroanatomy and neuroscience at large
will be a comprehensive structural and functional model of the brain. Such a model
might have deep implications for scientific understanding as well as technological
development.

1.1. INTRODUCTION

The modern scientific investigation of nervous systems started just over a century
ago with the work of Santiago Ramon y Cajal (/). Cajal’s “neuron doctrine” was revo-
lutionary for two main reasons. On the one hand, it showed that, like all the other
organs in the body, the brain is constituted by cells. On the other hand, it began to
reveal the incredible complexity of the shape of brain cells (glia and, in particular,
neurons) and their potential interconnectivity. These findings inspired the principal
axiom of modern neuroscience: the key substrate for all the functions performed by
nervous systems, from regulation of vital states, reflexes, and motor control, to the
storage and retrieval of memories and appreciation of artistic beauty, lies not in some
“magic” ingredient, but rather in the structure and assembly of neurons. Over the past
hundred years, a series of fundamental discoveries about synaptic transmission, pas-
sive and active electric conductance, neurotrophic factors, structural and functional
plasticity, development, and topographical representations (2) shaped the neurosciences
into a highly interdisciplinary field, overlapping with chemistry, biology, physics,
informatics, pharmacology, neurology, and psychology. Yet, anatomy remains the chief
aspect in the investigation of the brain, embodying and framing the contributions of all
other disciplines to our understanding of nervous systems. The ultimate, and arguably
the hardest, challenge to human knowledge consists of understanding how organic

From: Computational Neuroanatomy: Principles and Methods
Edited by: G. A. Ascoli © Humana Press Inc., Totowa, NJ

3



4 Ascoli

matter gives rise to feelings, emotions, and logical thinking. The solution resides in
those millions of millions of neurons and millions of billions of connections.

Understanding how cognition arises from the brain may seem like a hopeless goal, if
by “understanding” a process we mean creating a mental model of its mechanism. In
fact, the incredible complexity of neuroanatomy has so far prevented us from synthe-
sizing the huge amount of collected experimental data into a complete and organic
functional scheme. This grand task, however, might be achieved if we employ power-
ful computers to aid our mental model. In the last decade of the twentieth century,
while the price of home computers has remained approximately constant (between
$1000 and $2000), available personal computers have increased their speed by 100-
fold (from 10 MHz to 1 GHz), their fast memory by 1000-fold (from 1 MB to 1 GB),
their local storage capacity by 400-fold (from 100 MB to 40 GB), and their portable
storage capacity by 1000-fold (from 720 kB to 650 MB) (3). In other words, the evolu-
tion of microprocessors outperformed the 1965 “visionary” prediction by then-Intel
chairman Gordon Moore that computational power would approximately double every
18 mo (3).

It is unlikely that “Moore’s Law” will hold indefinitely, due to chemical and physi-
cal limits of computing matter. However, progress has also been achieved through
novel concepts and applications in computational technology (such as the Internet over
the past 15 yr), and new such innovations are expected in the future. Critics of Moore’s
law predicted that a “plateau” in the development of computer hardware should have
been already visible now (and it is not). On the opposite spectrum of opinions, several
experts hold that the progress of computational power grows with a dual exponential
rate. In other words, its speed of evolution would double at fixed intervals of time (4).
If this is the case, we should face an information “singularity” within a few decades: at
that point, the rhythm of increase of computational speed and capacity will outpace the
time scale of human reasoning (seconds to milliseconds), and the time of progress of
information technology will “collapse”. Whether we reach a plateau or a singularity, in
the next few decades we will witness a historical transition in the evolution of science
and computation.

Whatever the future holds, the present spectacular growing power of computers
appears to be suitable to meet the challenge of a comprehensive description of the
nervous system. The combination of neuroscience and computers has already produced
dramatic results. In experimental research, computers have fostered progress by allow-
ing quicker and more reliable setups and results. We have seen the emergence of a new
field, computational neuroscience, which studies and develops computer-assisted mod-
els of neurobiological processes. Simulations of different neural structures at various
scales, along with quantitative comparisons of model performance to biological data,
have contributed extensively to our understanding of the functional connections
between the system level (accessible by the study of behavior) and the microscopic
level (accessible by molecular and cellular techniques). Examples of recent successful
computational studies include a variety of subjects, such as visual cognition (figure—
ground segregation /5], object recognition /6], attention /7], but also stereopsis [8]),
eye saccadic control (9), memory encoding at the neuron (/0) and network (/1) levels,
the role of inhibitory interneurons in the relationship among neuronal oscillations (/2),
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synchrony, physiological rhythms and pathological states (e.g., epileptic seizures [13]),
and even the mechanism of pain and neurological rehabilitation (/4). In all cases, com-
putational modeling plays an integrating role in the study of the structure—function
relationship by combining cellular and subcellular physiology, psychophysics, and
mathematical analysis.

While computational neuroscience has a relatively long history in electrophysiologi-
cal simulations (such as passive and active conductances implemented in “compart-
mental” models of neurons and networks [15,16]), its potential for neuroanatomy has
only recently gained enthusiastic appreciation in the scientific community. Together
with this enthusiasm, the availability of neuroanatomical databases and the most recent
development of computer graphics have resulted in a plethora of high-level research
projects focusing on computational modeling of neuroanatomy. These studies range
from the description of dendritic morphology and the characterization of its relation-
ship with electrophysiology to the analysis of the structural determinants of higher
brain functions via the detailed mechanism of neuronal assembly into functional net-
works. Despite this wide range of scopes and scales, a considerable number of recent
excellent scientific publications shared the common approach of using computational
simulations to investigate neuroanatomy and its influence on neuroscience at large,
thus virtually defining the new field of computational neuroanatomy.

1.2. COMPUTING THE BRAIN

Cajal’s theory put the neuron center stage. Today, we know that neurons are them-
selves complex computational machines. Theories of dendritic, somatic, and axonal
functions have matured well beyond the traditional scheme of “input-integration—out-
put”. Single neurons and their arbors are now considered sophisticated time filters (/7),
coincidence detectors (/8), internally distributed devices of local memory storage
(10,19), and dynamic metabolic assemblies with high internal spatial specificity
(20,21), just to mention but a few examples (see also [22]). Not surprisingly, neuronal
structure has been characterized as increasingly complex with each major discovery.

If neurons are not the elementary or “atomic” computational units of the brain, which
substructures play this role? For a while, neuroscientists hoped that synapses would be
the key to the mystery of nervous system computation. Further studies indicated that
presynaptic and postsynaptic processes (mostly in the axons and in the dendrites,
respectively) could independently modulate synaptic activity. Moreover, the simple
early distinction between excitatory and inhibitory synapses has been put in a much
broader and more complex perspective by the discovery of a large number of
neuromodulatory neurotransmitters. More recently, much attention has been paid to
the mutual influence between genetic expression in the soma and activity in axons and
dendrites, involving issues of intracellular trafficking and communication. It is doubt-
ful that any single piece of the puzzle will provide a complete answer.

An example of the issues raised by the ultrastructural investigation of neurons is
provided by the characterization of spines, little mushrooms covering the dendritic
surfaces of many neuronal classes in the central nervous system. Hypotheses on the
function of dendritic spines have ranged from plastic loci of synaptic input (for a re-
view, see [23]) to neuroprotection (24). Recently, electron microscopy has allowed an
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in-depth study of spine anatomy, revealing a great variability in size, shape, location,
and clustering (25,26). Further functional clues may derive from the quantitative de-
scription of other related subcellular structures, including actin cytoskeleton (27) and
spine-specific protein complexes (28). The quest for a complete structural (and func-
tional) characterization of neurons must ultimately focus on proteins, their metabo-
lism, regulation, and dynamics. For the time being, however, much still needs to be
discovered about neuronal morphology, and computational studies have, so far, mainly
considered dendrites as the “elementary” structural objects for modeling purposes. For
the scope of this book, dendrites will constitute the first step in the bottom-up path
towards an integrated structural model of the brain.

Neurons can be classified according to a variety of criteria, including location within
the nervous system, main neurotransmitter(s) released, presence of specific protein
markers, dendritic and axonal structure, and interconnectivity with neurons of other
classes. Dendritic morphology is traditionally a fundamental criterion in neuronal clas-
sification, partly because it is immediately captured by optical microscopy under stain-
ing conditions discovered and optimized over a century ago (/). Neurons in different
morphological classes range widely in dendritic size (from a few micrometers to sev-
eral millimeters of spatial extent) and complexity (from a handful to thousands of
bifurcations per tree). This complex variability makes a large number of morphologi-
cal classes easily recognizable by few peculiar characteristics, and the same neuronal
class can be often recognized across species that are philogenetically very distant. Yet
even within a given species and morphological class, no two neurons are ever exactly
alike, and individual cells are remarkably different. This is analogous to different
classes of botanical trees: a person can walk for miles and miles in an oak forest, seeing
thousands of oak trees. These trees vary greatly in size, number of branches, bifurca-
tion angles, etc. Yet each tree is clearly an oak tree and can be immediately recognized
as different from a pine tree or a palm tree.

From a mathematical point of view, the interclass and intraclass variability of den-
dritic (and botanical) morphology can be captured statistically. Let us suppose to char-
acterize trees by three geometrical parameters: the total surface area, the average
amplitude angle at bifurcations, and the average diameter ratio of the two branches
(thicker over thinner) in all bifurcations. In this scheme, every tree can be represented
as a point in 3D, with each Cartesian axis quantifying one of three above measure-
ments. If we analyze various neurons and plot them according to this classification, we
obtain various clouds of points. It is very unlikely that two neurons will have identical
measurements in these three parameters. However, neurons belonging to the same
morphological classes will be closer to each other than to neurons belonging to differ-
ent classes (Fig. 1).

Thus, it appears that neurons can be classified morphologically based on how they
cluster together upon quantitative analysis (29). In general, a much larger number of
parameters is measured for morphological classification (in the example above, we
have used only three parameters for convenience of graphical representation). Cluster
analysis can be carried out precisely and quantitatively (30) and can help define major
morphological classes as well as subclasses (317): in the example above, one can imag-
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Fig. 1. 3D scatter plot of morphological parameters measured from neurons belonging to
various morphological classes. Measured parameters are the average diameter ratio between
the larger and the smaller branches at bifurcations (height), total surface area (width), and aver-
age amplitude angle at bifurcations (depth). Three examples of each neuronal class are illus-
trated: (clockwise) motoneurons (stars, 4 neurons measured), Purkinje cells (filled circles, 3
neurons measured), CAl pyramidal cells (empty squares, 5 neurons measured), and Dentate
granule cells (crosses, 6 neurons measured). Surface area of motoneurons has been reduced 10-
fold in the 3D scatterplot. Scale bar: Granule cells and Purkinje cells, 200 wm; motoneurons, 1
mm; pyramidal cells, 300 pm.

ine analyzing many more neurons such that, “zooming in” on each cloud, several
smaller clusters would become apparent.

Starting from the late 1970s, Dean Hillman published a series of influential papers
proposing that a great deal of the intraclass and interclass variability of dendritic mor-
phology could be captured by a restricted number of fundamental parameters of shape
(32,33). Hillman’s description reflected important known or novel biophysical prin-
ciples, and most of his parameters had important subcellular correlates, such as mem-
brane metabolism and microtubules dynamics. Hillman’s most important insight was
that many morphological properties, which so peculiarly characterize different neu-
rons, can in fact emerge from the complex interactions among the fundamental or basic
parameters. Thus, different morphological classes could be characterized by different
sets of statistical distributions describing the basic parameters, as measured from the
experimental data. Within a given morphological class, the diversity of individual neu-
rons would be reflected by the natural variability of the measured basic parameters.
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Although we now know that Hillman’s original formulation fails to capture all
aspects of dendritic morphology quantitatively (34—36) (see also Chapter 3), these pio-
neering studies inspired many researchers to further explore, elaborate and refine simi-
lar ideas and principles (35-39). With the advent of personal computers and the
increasing availability of digital morphological data collected by semiautomatic trac-
ing, many of these anatomical descriptions were “translated” into algorithms. The sta-
tistical characterization of neurons was then implemented as stochastic sampling
(Monte Carlo method). Fundamental or basic (and now, algorithmic) parameters could
be measured quantitatively and automatically from digital data. Algorithms would then
sample random numbers within the appropriate statistical distributions describing the data.

Hillman’s description aimed at capturing the statistical morphological properties of
adult neurons and was almost exclusively based on local and intrinsic parameters, such
as branch diameter. Other models focused on the growth process and incorporated envi-
ronmental or global influences (40—44). Most data on dendritic morphology available
in the literature focus on the “dendrogram” properties, i.e., topology (pattern of branch-
ing) and internal geometry (length, diameters, and their combinations). Most of the
models mentioned above aim at reproducing dendrograms. The 3D arrangement of
dendrites in space, however, constitutes a difficult and important problem in the quan-
titative description of dendritic morphology. Few studies even define appropriate
parameters for such a complex characterization (45—47). Only recently have computa-
tional models attempted to incorporate 3D dendritic orientation in simulation designs
(48-50).

The study and parsimonious description of motoneuron morphology by Burke and
coworkers in the early 1990s (36) constituted one of the first successful attempts to
implement an algorithmic representation of dendrograms in a computer simulation.
The same laboratory (which also contributed many important investigations in experi-
mental, computational, and theoretical electrophysiology) was also among the first to
attempt a quantitative description of the 3D architecture of dendrites (45). In Chapter 2
of this book, Burke and Marks review these earlier studies and describe their ongoing
efforts to integrate the description of dendrograms with those of the spatial orientation
of dendritic branches and of packing density in a coherent stochastic formulation.

Recently, the editor’s laboratory implemented several variations of Hillman’s algo-
rithm, as well as Burke’s model, in a software package called L-Neuron (39). L-Neu-
ron “reads” statistical distributions of basic parameters measured from digitized
experimental data and generates “virtual neurons”. These virtual neurons can be quan-
titatively compared to the original real cells by measuring any parameter not used by
the algorithm (“emergent parameters”). Any discrepancies between real and virtual
cells may provide feedback on the anatomical rules underlying the algorithms. Further
rules can be elaborated, implemented, and tested, until a better description is achieved
(Fig. 2). Some of the algorithms implemented in L-Neuron proved satisfactory in the
description of Purkinje cells and motoneuron morphology (35). Chapter 3 presents a
case study in which the first implemented algorithms fall short of an accurate descrip-
tion and shows the strategy illustrated in Figure 2 “in action”. A beta version of L-
Neuron (running under Unix and DOS) is released in the companion CD-ROM. The
program to extract quantitative measurements from digital data (e.g., both basic and
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Fig. 2. Summary of the research strategy to simulate dendritic morphology (neurons are
retinal ganglion cells).

emergent parameters), called L-Measure (57), is also described in chapter 3 and is
available in the CD-ROM.

Chapter 3 shows how the computer generation of dendritic morphology constitutes
an exercise towards a complete and accurate anatomical description of single neurons.
Although remarkable progress has been achieved since Hillman’s seminal studies, the
problem is still open, and different principles need to be “tried out”. Numerous
examples in the literature suggest that specific biophysical rules could be appropriate
to describe neuritic branching (52-55). In Chapter 4, Cherniak and colleagues review
their studies indicating that some of the fundamental correlations underlying the “opti-
mization” of dendritic structure reflect physical principles, such as energy minimiza-
tion.

Although attempts to model dendritic growth and adult neuronal morphology have
given encouraging results, in nature, anatomy and physiology can never be completely
separated from each other. Neuronal structure and development are affected by the
electrical activity of the growing cell as well as of neighboring neurons. While experi-
mental neuroanatomy is the oldest branch of neuroscience, and computational neu-
roanatomy the newest, the field of electrophysiology has thrived with the parallel
advancements of experiments and computer models. Experimental electrophysiologi-
cal findings are framed within a quantitative model whenever possible, and computer
simulations are most often based on experimentally measured data. Until recently, com-
putational studies in electrophysiology almost entirely disregarded neuroanatomy,
reducing neuronal structures to balls and sticks and concentrating on the biochemical
and biophysical phenomenological aspects. In the last decade, however, investigators
have started paying more attention to the real structures in their electrophysiological
simulations. This has been made possible, in part, by the increasing availability of
digital morphological data. Most importantly, this trend has been facilitated by the
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realization that, in order to study the relationship between structure and activity, and
between structure and function, structure, indeed, needs to be taken into consideration.

The leading software packages for electrophysiological simulations, such as Gen-
esis (16), Neuron (56), and, for large-scale parallel simulations, Neosim (57), are nowa-
days fully compatible with a compartmental representation corresponding to real or
realistic anatomy. Even more importantly, anatomy is becoming the representation of
choice in the modeling community for integrating knowledge about compartmental
properties including distribution of active ionic channels, synaptic receptors or meta-
bolic networks, intracellular recording patterns, and calcium dynamics (58). In Chap-
ter 5, the developers of Genesis describe their workspace environment to integrate and
represent information relevant to electrophysiological models.

If the biochemical machinery underlying electrical activity in neurons is selectively
compartmentalized in specific subcellular locations, it should be apparent that anatomy
must be considered when building biologically accurate computational models of neu-
ronal activity. However, how can one study the specific influence of structural differ-
ences among neurons on their firing patterns and their function? Neurons are diverse
both in their morphology and in their biochemical contents, and both sources of vari-
ability affect electrical activity. From the experimental standpoint, studying the struc-
ture—activity relationship in neurons directly is extremely difficult, but computer
simulations constitute a powerful alternative. In classical computational models,
anatomy is simplified or kept “constant”, and the influence of various distributions of
active and passive properties on neuronal firing is assessed. With a complementary
approach, one can keep the biophysical model constant and implement it on different
dendritic structures. In this way, investigators characterized the effect of morphologi-
cal differences among different neuronal classes on their firing patterns (59) and on the
dendritic back- and forward-propagation of action potentials (60). These findings were
recently extended by an analysis of topological influences of firing properties (6/) and
by studies of the electrophysiological effect of dendritic variability within the same
morphological class (62,63). In Chapter 6, Krichmar and Nasuto illustrate this strategy
and review the experimental and computational evidence on the relationship between
structure and activity in single neurons.

While an accurate anatomical representation of dendritic structure makes electro-
physiological simulations more biologically plausible, it increases the complexity of
the models. Single neurons can be represented by many thousands of compartments,
and the choice of representation becomes both somewhat arbitrary and crucial for the
outcome of the simulation. A few excellent publications have recently appeared that
discuss technical aspects of compartmental modeling at length (/5,716,64). However,
for research projects with a specific focus on neuronal anatomy, several practical issues
should be considered when preparing electrophysiological simulations. Chapter 7 in
this book is specifically dedicated to these aspects. This chapter also describes a series
of software tools for spike train analysis (65) and morphological format conversion for
electrophysiological simulations, several of which are included in the companion
CD-ROM.
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1.3. FROM NEURONS TO NETWORKS

Although individual neurons are extremely complex structures, it is important to
maintain the perspective that the functions and computations carried out in nervous
systems are generally supported by assemblies of neurons rather than by individual
cells. How can we connect the levels of single neurons (and their substructures) with
the level of networks of many neurons? While most aspects of single neuron morphol-
ogy described above are being actively investigated in computational neuroanatomy,
several researchers have started employing computer simulation and visualization tools
to explore the even more complex systems of neuronal assemblies. Part II of this book
is a collection of chapters representing a variety of these approaches.

The spatial location of a neuron in the nervous tissue strongly affects its connectiv-
ity in the network and, thus, the role it plays in the overall function of the system. This
relationship between space and activity underlies the broad concept of brain functional
maps, typically exemplified by the visual receptive fields characterized by Hubel and
Wiesel (66). In the primary visual cortex, neurons appear to be spatially arranged in
columnar structures that are not separated from each other by any physical boundary,
but rather are segregated functionally. Neurons in each column respond to the presence
of lines or bars of a specific orientation and in a specific location of the visual field.
Thus, the information represented in the cortex (“function”) corresponds to (or “is
mapped on”) a specific location in the cortex. Starting from Hubel and Wiesel’s dis-
covery, much work has been focused on elucidating the functional mapping of the
cerebral cortex in rodents and primates alike, using both electrophysiological tech-
niques (as in the original work by Hubel and Wiesel) as well as modern imaging (67).

In trying to connect the level of analysis and explanation considered in the first part
of this book (dendritic morphology) with functional mapping, the question naturally
arises of the relationship between dendritic structure and activity not just in single
cells, but rather within a cell assembly. How do dendritic morphology and the spatial
location of neurons interact in contributing to the system level activity of the nervous
system? Unfortunately, the spatial resolution of functional imaging is far too limited to
allow detailed investigation of dendritic activation in nervous tissues. Even in electro-
physiological investigations, extracellular or somatic recording techniques can provide
only indirect information on dendritic activity, while intradendritic recording is not yet
practical enough to allow coverage of substantial space within the tissue. In any case,
the experimental techniques currently available for the structural investigation accom-
panying electrophysiological studies (typically, staining and reconstruction) fall short
of providing integrated information on both dendritic morphology and multiple neu-
ronal locations.

Recently, Gwen Jacobs’ laboratory used the cricket sensory system as the structure
of choice to investigate the multiple interrelationships among dendritic morphology,
relative spatial location of neurons, electrophysiological activity, and information en-
coding (function) (68,69). The use of an invertebrate model system provided the neces-
sary simplification to analyze in detail and integrate the many aspects underlying the
interplay between structure, activity, and function. Chapter 8 reviews the mixed
experimental and computational approach that allowed Jacobs and collaborators to
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reconstruct the morphology, electrophysiological activity, and spatial relationship of
several cricket sensory neurons. The result is a system of detailed 3D probability maps
representing (and predicting) the multicell patterns of dendritic activation and connec-
tivity that correlate with a given sensory input (“information’).

Vertebrate central nervous systems are too complex to isolate regions in which single
neurons can be precisely mapped in terms of their detailed spatial location, relative
orientation, dendritic morphology, connectivity, and activity. Even probabilistic char-
acterizations usually focus on specific aspects (cell density, regional connectivity, etc.)
without connecting the subcellular and multicellular levels. This is particularly true for
subcortical areas of mammalian brains, where the functional organization of the maps
(if any) is largely unknown. A typical example is provided by the basal forebrain, a
region believed to be involved in a variety of crucial cognitive, emotional, and auto-
nomic functions. The basal forebrain is characterized by an extreme chemical and ana-
tomical heterogeneity at the neuronal level and by a remarkable complexity in the
pattern of projections to the rest of the brain. For several years, the laboratory of Laszlo
Zaborszky has used computational methods to assemble, analyze, and synthesize large
amounts of sparse data on the basal forebrain (70,71). In Chapter 9, they review their
recent efforts, from the reconstruction of electrophysiologically identified neurons to
the assembly of a cell population model.

Another example of the role of computational neuroanatomy in facilitating our
understanding of brain areas whose fundamental organizational principles escape tra-
ditional anatomical approaches is provided by the studies of the brain stem in Jan
Bjaalie’s laboratory (72,73). In parallel investigations of the cat auditory system and
the rat cerebro-cerebellar pathways, Bjaalie and colleagues have adopted a variety of
experimental and computational techniques, including axonal tracing and the use of
specialized computer software to map, reconstruct, and visualize networks at the sys-
tem level, with the goal to render massive anatomical data in 3D space. In Chapter 10,
they describe both the methods and the principles of the analysis that led them to estab-
lish novel principles of sensory map transformation.

The research efforts of Zaborszky and Bjaalie show the great potential of computa-
tional neuroanatomy in the integration of the experimental data in highly complex sys-
tems. This approach is complementary to the attempt to simulate neuronal structure
and activity with computer models constructed bottom-up, described in Part I of this
book. The incompleteness of the data and the complexity of most brain regions makes
a bottom-up approach to the system level not feasible at this stage. However, the fast
(and increasing) rate of data acquisition and sharing in the neuroscience community,
and the ability to integrate and efficiently interpret these data, could soon allow a neu-
roanatomical computer model of an entire brain region at the detailed level of single-
cell morphology. In order to make such a future model functional in terms of
electrophysiological activity, it will be essential to include the generation of suitable
network connectivity and the description of the underlying axonal navigation.

Dendritic morphology and axonal navigation are naturally related to each other, and
the attempts to model them separately are but coarse simplifications. Among the first
researchers to employ computational methods to study neuronal anatomy, van Pelt and
van Ooyen, have developed sophisticated models to simulate both dendritic geometry
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and axonal navigation and connectivity (42,74). One of the main tenets of van Pelt and
van Ooyen’s approach is competition among growing neurites. In their models, den-
drites compete for growth within trees or neurons, and axons compete for dendritic or
somatic targets. This principle reflects the limited resources naturally available and
also allows a population-based implementation, which constitutes an ideal computa-
tional tool to bridge single-neuron and network level neuroanatomical models. In Chap-
ter 11, van Pelt and van Ooyen demonstrate how their simulations accurately capture a
great amount of anatomically properties of real neurons, such as the topology of their
branching patterns and the kinetics of neuritic elongation.

The regulation of dendritic and axonal growth by competition at the level of neu-
ronal populations is implemented in Stephen Senft’s software program ArborVitae
(43,48). In ArborVitae, cell bodies, spatially distributed in nuclei or layers, give rise to
dendrites and axons that can grow according to internal rules as well as to distance-
dependent repulsion or attraction from other structures. The program is flexible and
complex and has been used to generate a variety of anatomically plausible neuronal
networks. Given a specific algorithm for axonal navigation, the exact spatial location
of the source and targets, shape of the tissue, and presence of barriers can drastically
affect the connectivity of the network. For this reason, it is important to integrate the
simulation algorithms with brain atlas data in order to use ArborVitae to develop neu-
roanatomical knowledge, novel hypotheses, and intuitions. In Chapter 12, Senft dis-
cusses the use of experimental 3D maps of the mouse brain gray and white matter as a
substrate to model axonal navigation in a realistic environment, in the context of the
ArborVitae implementation.

Computer simulations of single neuron morphology can be based on parameters
extracted directly from the experimental data, and the generated virtual neurons can be
quantitatively compared with their real counterparts. In future attempts to create ana-
tomically accurate simulations of complete networks, where can the experimental data
on axonal navigation be obtained? General information available from atlases does not
contain enough detail to allow the construction of a single neuron-based bottom-up
model. Single-cell axonal tracing experiments are time consuming, rarely complete,
and usually lack the necessary “panoramic” view of the surrounding tissue regions. A
possible approach is to utilize the maps developed and described by Bjaalie’s group
(Chapter 10). An alternative is provided by a relatively novel imaging technique, diffu-
sion tensor imaging (DTI). In DTI, a magnetic resonance signal is used to track the
diffusion of water molecules in the living tissue. Given the high anisotropy of fiber
tracts in nervous systems, DTI can actually map axonal pathways at a remarkably
detailed level (75,76). In addition, DTI is noninvasive, thus allowing data collection
from living humans under a variety of physiological and pathological conditions. In
Chapter 13, Susumo Mori presents the principles of DTI and its potential applications
to neuroscience and computational neuroanatomy.

1.4. THE COMPUTING BRAIN

The chapters in Part II of this book show the tremendous cellular complexity of
nervous systems at the network-to-regional level. While computer simulations can be
applied directly to investigate the structure—activity relationship at the single-neuron
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level, the same approach at the system level encounters difficult problems of detail and
resolution that require the development of dedicated technical solutions. Biologically
plausible models based on real data are now being developed and implemented for
dendritic morphology, yet the assembly of multineuron networks with the same level
of detail faces the challenge of data acquisition and organization. Current progress
supports the hope that enough information will be collected “top-down” to allow the
generation of a comprehensive bottom-up model of the brain. This model will be an
exceptional tool for the investigation of the real brain and also a potential source of
inspiration for the development of new machines. Will anatomy be an essential part of
such a model? Absolutely. It might be present in a highly abstract form, where “ana-
tomically realistic” shapes and connections are substituted by more compactly
described functionally equivalent units. But the principles of anatomy will have to be
part of a comprehensive model of the brain as long as we hold that structure underlies
activity (and thus function).

The issue of knowledge integration and representation is thus encountered in system
level computational neuroanatomy in at least two related strategic stages. First, a usable
form of knowledge must be made available to the neuroscientist to make sense of the
incredibly complex structural data of the brain and to allow the creation of data-based
computer models at the network level. Second, the functional principles of the ana-
tomical structure must be extracted, quantitatively formulated, and implemented in or-
der to simulate the brain computational processes in a software model. In Part III of
this book, knowledge integration and representation constitute the central focus in the
characterization of the brain and its computing abilities.

If the internal structure of neurons were “modeled away” completely, the brain could
be functionally represented as a gigantic connectivity network. The neuroscience lit-
erature and textbooks are full of examples of coarse connectivity knowledge. Typical
examples are the statements that “retinal ganglion cells project the optic nerve fibers to
the lateral geniculate nucleus of the thalamus,” or that “dentate gyrus granule cells
project the mossy fibers to the CA3 region of the hippocampus proper”. This knowl-
edge is coarse, because it represents a gross oversimplification of reality. The real situ-
ation is more complex, because almost every brain region is anatomically and
functionally divided in a large number of subregions (lateral geniculate nucleus of the
thalamus and the CA3 region of the hippocampus proper being no exceptions). Each of
these subregions is typically heterogeneous with respect to morphological and chemi-
cal classes of the constituting neurons (see e.g., Chapter 9). In any case, even at the
coarse level exemplified above, knowledge about major connectivity projections in the
brain is still incomplete.

Let us assume that, after decades of progress, the knowledge about brain connectiv-
ity is “out there” in the neuroscience literature at whatever level of detail may be needed
to construct a comprehensive functional model. Even in this hypothetical situation, the
complexity of the system would prevent an intuitive understanding or representation.
This fundamental problem in neuroanatomy has been recently approached by several
groups with a computational perspective (77-80). Typically, network connectivity
among and within brain regions can be described and analyzed statistically as a graph
model. Although many brain areas have been recently investigated at this level, the
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primate cortical visual system has become a “test model” for these techniques. In Chap-
ter 14, Hilgetag and colleagues describe the basic mathematical concepts of cluster and
graph analyses and review the main results recently obtained with these approaches. It
is important to note that knowledge about brain connectivity is generally not absolute
and uncontroversial. On the contrary, many hypotheses of brain connectivity are
derived indirectly or are extrapolated from experimental results and may be controver-
sial. A recent knowledge-based computational neuroanatomy project, called
Neuroscholar, is addressing this issue at a variety of scales (87). In Neuroscholar, neu-
roanatomical data is computationally represented to allow the explicit differentiation
among alternative interpretations of the same data, while maintaining the source data-
base of the original literature report and, where possible, links to available raw data.
The relationship between brain connectivity, activity, and functional mapping is still
not well understood, but computational approaches have produced several interesting
results where basic experimental data are available. As mentioned above, the primary
visual cortex is organized in columns with respect to the represented object location
and orientation in the visual field, as well as ocular dominance. These complex maps
are formed during development based on the incoming electrophysiological activity
from the retina via the thalamus. In Chapter 15, Perpinan and Goodhill present some of
the computational principles underlying the formation of these maps. Their model suc-
cessfully explains many of the emergent properties of visual columnar structure and is
well suited to interface region level analysis with lower level principles of axonal navi-
gation (82) (see e.g., Chapter 12). The columnar organization of the cerebral cortex
allowed neuroanatomists to develop a surface-based mapping representation (83,84).
Under the assumption that the “canonical microcircuit” in the column is basically the
same throughout the neocortex, the relationship between function and structure can be
sought with a unique emphasis on location on the surface. In reality, the structure and
function within the canonical column, and their variability throughout the cerebral cor-
tex, are not yet fully understood, although recent experimental and computational
progress have advanced this field rapidly (85,86). The creation of a large-scale ana-
tomically realistic model of the neocortex is, as of yet, premature. However, multiscale
models with at least a plausible anatomical foundation are starting to appear in the
neuroscience literature. The use of data-based knowledge allows, in certain cases,
the connection between neuron level compartmental simulations (see Chapters 5-7)
and function emerging from connectivity schemes and higher level models (87). In
Chapter 16 Rolf Kotter and colleagues present an original working example of a
multiscale simulation of activity propagation in the primate visual cortex, using simpli-
fied compartmental models of neurons within a canonical microcircuit as the building
units to provide network level insights into the functional anatomy of the visual system.
What are the necessary components of a complete neuronal level anatomical model
of a brain region that can be used to simulate network connectivity and (with adequate
computational power and parallel processing [57, 88]) electrophysiological activity?
A first step could be the deployment of a very large number of detailed neuronal mor-
phologies throughout virtual space representing tissue regions and their connectivity
with intrinsic and extrinsic axonal pathways. Recently, a pilot study of this approach
has been attempted for the hippocampus (43). However, for the model to be accurate, it
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Fig. 3. A system level anatomical model of the rat dentate gyrus. The granular layer surface
is reconstructed in 3D from experimental atlas sections. One million granule cells (20,000 rep-
licas of 50 reconstructed neurons) are stochastically distributed within the layer, with primary
axis oriented perpendicular to the surface. (A) A saggital view of the whole dentate gyrus, from
the medial plane. Only one in a thousand cells is virtually stained (“pseudo-Golgi”). The
canonical “C-shaped” slice of the dentate gyrus is perpendicular to the plane of the page. (B-D)
Progressive zoom-in on the model. A color version of these images, as well as several anima-
tions, are included in the CD-ROM. Based on simulations by Ruggero Scorcioni.

is necessary to model or reconstruct the spatial boundaries of the given brain region
from the experimental data (see also Chapter 10). One possibility is to assemble 2D
images from a section atlas into a 3D virtual reality reconstruction. The editor’s labora-
tory has produced such a surface for the granular layer of the dentate gyrus in the
hippocampus (89). Since granule cells are roughly perpendicularly oriented with
respect to this surface, it is possible to computationally distribute reconstructed or simu-
lated neurons in the virtual dentate gyrus in an anatomically accurate fashion (Fig. 3).
The next step is to use reconstructed data of incoming axons from the entorhinal cor-
tex, also digitally available (90), to model the main extrinsic synaptic inputs from the
perforant pathway. Although the sheer mass of data in such a realistic model makes
progress extremely time-consuming, it would appear that this ambitious project can be,
at least in principle, completed.

Surface reconstruction from histological sections is limited by tissue distortion or
loss and by the lack of a systematic and accurate method to align sections (see also
Chapter 12). An alternative is to use microscopic imaging such as ex vivo magnetic
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resonance imaging (microscopic MRI). In this technique, the whole brain of an animal
(typically mouse or rat) is excised and, while maintained alive with perfusion of physi-
ological solutions, extensively recorded for nuclear magnetic resonance signals. The
very long possible exposure (12-24 h) allows resolutions comparable to those avail-
able in stained atlas sections (97,92). This technique can thus be used to obtain “al-
ready reconstructed” 3D surfaces of brain regions whose boundaries are well delineated
by water content contrast. The optical sectioning performed in the MRI scan avoids the
problems of distortion and alignment typical of physically sectioned histological prepa-
rations. Microscopic MRI also has a great potential in the applied field of toxicology
(93): on the one hand, altered water content is a good marker for neuropathological
states, while on the other hand, several drugs contain atoms such as '°F that are not
naturally present in the tissue and can be detected by nuclear magnetic resonance. In
Chapter 17, Lester and colleagues review the computational principles and applica-
tions of microscopic MRI and other related imaging techniques to quantitative
neurotoxicology.

If a comprehensive model of brain anatomy and physiology is to be used for the
investigation of activity underlying information processing and ultimately cognitive
functions, it is legitimate to consider the limitation of any investigation based on
the brain of species other than human. High resolution ex vivo microscopic MRI is
performed on small animals, and it requires their sacrifice. The resolution of
noninvasive imaging techniques typically used on humans, such as positron emission
tomography (PET) and functional or structural MRI, is still far from the neuron-based
level considered in this book (for a recent quantitative comparison among imaging
techniques, see [94]). The resolution of noninvasive imaging might eventually allow
the collection of surface-based data that can be used in the construction of a bottom-up
model of the brain (see also Chapter 13). In such a model, cellular data will most likely
be a hybrid collection from different species. For the time being, neuroscientists are
imaging human and nonhuman brains in parallel in search of a complete explanatory
bridge between cellular structure, function, animal models, and human-level cognition
(67,95). It should be noted here that the human brain imaging community is very active
in computational neuroanatomy research. The emphasis of this book is on bottom-up
models with a strong cellular basis. For an extensive description of imaging-specific
computational neuroanatomy principles and methods, the reader is referred to other
recent publications (e.g., [67]).

An alternative to noninvasive human brain imaging in the structural investigation of
the human brain is provided by the high resolution histological examination of post-
mortem tissue. Nowadays, it is extremely difficult to obtain and destructively analyze
enough human brains to allow for a meaningful statistical analysis of the anatomical
inter-individual variability. However, large human post-mortem histological data sets
collected in the past are available for reanalysis and mining. Using one such database,
Shankle and colleagues have found evidence of continuous increase of the number of
neocortical neurons throughout the first 72 mo of postnatal development (96,97). In
Chapter 18, they review their research results and present strategies to use the available
human neuroanatomical data for computational modeling. Shankle’s approach is
particularly interesting because it involves developmental research. Classical
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neuroanatomical studies generally describe static structures, and computational neu-
roanatomical models fare no better. However, a large part (if not all) of the cognitive
abilities of the human brain are linked to its plasticity. Thus, a truly realistic anatomical
model should be 4D rather than 3D, describing the temporal evolution of the spatial
structure. Multiple time scales should be included to describe and model developmen-
tal changes, as well as the fast morphological adaptation at the dendritic, axonal, and
synaptic level underlying learning and memory.

Half a century ago, based on a novel yet limited understanding of neuronal function,
many scientists and thinkers believed that artificial neural networks constituted an
appropriate model of the brain and could reproduce its computational ability. From the
original McCulloch-Pitts formulation, the “neurons” of neural networks became pro-
gressively more complex (98), but still far less complex than our understanding of real
neurons. Artificial neural networks are still today an active area of research, and they
have provided many solutions for real world applications. However, most neuroscien-
tists do not view artificial neural networks as a plausible model of brain function. There
is something missing in all attempts conducted so far to model the human mind. Many
cognitive modelers hold that neuroanatomical details are not important in the genera-
tion of a brain-based computer model capable of human-level intelligence. We claim
that neuroanatomical details will be the most important aspects of such a model (99).
Certainly, there are elements of the computational ability of a human brain that are
absolutely unmatched by present machines. We largely do not understand how these
abilities arise from the neuronal structures in the brain. By reproducing the relevant
structures in a computer model, we may obtain important insights in the computational
process of the brain and, at the same time, inspire the next generation of artificial intel-
ligence research projects.

A complete and detailed neuroanatomical model of the brain could potentially
incorporate physiological features, thus allowing neuroscientists to test a large number
of hypotheses with “virtual experiments”, which are impossible to perform in real life
(for technical limitations or in principle). In the extreme hypothetical case, if a com-
puter model could reproduce all the aspect of the structure, biochemistry, and connec-
tivity of the brain, down to the neuronal and subneuronal level, that model would also
display brain-like behavior. Such a prospect would certainly boost scientific intuition
and foster education, as well as raise ethical and epistemological issues quite different
from those discussed today in the scientific community. The nineteenth and last chap-
ter of this book discusses the prospect to build such a model and its potential impact on
science.

1.5. CONCLUSIONS

Computational neuroanatomy promises to stir a long-term interest. Like no other
field in neuroscience, neuroanatomy is extremely data rich and theory poor. One hun-
dred years of experiments await interpretation in an organic mental model, and the
computational resources to help build and analyze such a model have just become avail-
able. Computer tools and simulations are now used both to reproduce the structural and
functional properties observed experimentally in nervous systems and to summarize,
integrate, and represent the acquired knowledge. Still in its infancy, computational
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neuroanatomy research has already produced solutions to several outstanding prob-
lems in neuroscience and has also raised new questions in the study of the brain. Our
hope and belief is that these are but the first conceptual and technical steps towards a
comprehensive understanding of the most complex structure in the known universe.
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Some Approaches to Quantitative
Dendritic Morphology

Robert E. Burke and William B. Marks

“If ye canna mak a model, then ye dinna understand it.”
(Attributed to Lord Kelvin)

ABSTRACT

The availability of powerful desktop computers and of a large amount of detailed
data about the morphology of a wide variety of neurons has led to the development of
computational approaches that are designed to synthesize such data into biologically
meaningful patterns. The hope is, of course, that the emerging patterns will provide
clues to the factors that control the formation of neuronal dendrites during develop-
ment, as well as their maintenance in the adult animal. One class of approaches to this
problem is to develop quantitative computational models that can reproduce as many
aspects of the original data as possible. The development of such simulations requires
analysis of the original data that is directed by the model requirements, and their rela-
tive success depends on detailed comparisons between model outputs and the original
data sets. Refinement of the models may require not only new experiments, as in other
scientific disciplines, but also new ways of looking at the data already in hand. This
chapter discusses some examples of this process, with emphasis on spinal motoneu-
rons.

2.1. INTRODUCTION

Dendrites are critical to the processing of synaptic information in central nervous
system neurons. Accordingly, there is considerable interest in their structure and func-
tion (/). Striking differences in neuron morphologies have been known for over a cen-
tury (2,3). Such differences must be related to factors that govern the development and
maintenance of their dendritic architectures. Over the past two decades, the develop-
ment of intracellular labeling techniques using horseradish peroxidase (HRP) and bio-
cytin (4,5), combined with computer-assisted methods for quantitative reconstruction
of labeled neurons (6,7), have led to a large output of quantitative data about the mor-
phology of dendrites. We now face the problem of how to reduce the mass of informa-
tion, usually contained in multiple graphs and tables, into patterns that reveal their
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underlying meaning, without losing essential information. Hillman (8) called these
patterns ‘“fundamental parameters of form”, but the underlying factors that produce
them are not obvious upon inspection of the raw data. This chapter considers some
approaches to this problem.

Two issues require some comment before proceeding. First, it has become clear in
recent years that neuronal dendrites are not static structures; rather they can exhibit
dynamic changes that presumably reflect functional changes in the nervous system (9).
Thus, the data about dendritic structure that are obtained by conventional neuroana-
tomical methods represent snapshots that may not be entirely representative. Second,
there are a large number of practical difficulties inherent in gathering quantitative mea-
surements of neuronal dendrites using conventional light microscopy (see [/0]). These
include factors such as tissue shrinkage, operator error, and the limited resolution of
the light microscope, which is the only practical approach to reconstructing large neu-
rons from serial sections. These sources of potential error must be kept firmly in mind
when evaluating existing data, particularly when data from different sources are com-
bined. Other options such as confocal microscopy of neurons filled with fluorescent
tracers could, in principle, be more accurate and might even contribute an element of
automation to the reconstruction process. However, technical problems, such as tracer
bleaching, have confined most reconstruction efforts to more permanent forms of trac-
ers, like HRP or biocytin, to be examined with conventional light microscopy.

With regard to data analysis, it is also important to remember that the process of
quantitative reconstruction splits the continuous structure of the dendrite into discrete
pieces, here referred to as “segments”, each with a specified diameter and length. These
discrete cylinders, plus information that identifies their positions within the dendritic
tree, make up the usual computer data files. The position coding systems often vary
between data sources, as does the presence or absence of information about the 3D
location of each cylinder.

2.2. TWO-DIMENSIONAL ANALYSIS OF DENDRITES IN ISOLATED
NEURONS

Quantitative analysis of neuronal dendrites began before the age of computers with
the work of Sholl (/7), who plotted dendritic branching patterns of Golgi-stained cor-
tical neurons in terms of distance from the soma. This straightforward approach guided
many subsequent studies that used improved methods for intracellular staining of iden-
tified neurons, resulting in ever larger volumes of quantitative data about branch diam-
eters and lengths, branching orders, and the locations of branching points and
terminations, all considered as functions of distance from the soma (e.g., Fig. 1; see
also [12,13]). An alternative approach, focused on dendritic branching patterns per se,
concentrates on the topological complexity of trees from different types of neurons
(14-16) (see Chapter 11). Neither approach takes account of the 3D tree structures.

Hillman (8, 17) proposed that dendritic architecture can provide clues to the biologi-
cal factors that control the multiplicity of neuronal shapes. Hillman’s seven fundamen-
tal parameters that describe the morphology of a dendritic tree are: (i) stem diameter;
(ii) terminal branch diameters; (ii7) branch taper; (iv) branch lengths; (v) branch power
(the relation between diameters of the parent branch with those of its two daughters);
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Fig. 1. Some features of cat oi-motoneuron dendrites plotted as functions of the somatofugal
distance along dendritic paths (abscissa). The solid and dashed lines show the locations of
branching points and terminations, respectively, as cumulative fractions. The symbols indicate
the average diameters (+ one SD) of all branches that end in branching points (parent branches;
solid squares) or terminations (solid triangles) within 100 um bins of path distance. Data from
6 cat lumbosacral motoneurons reported in (72).

(vi) the ratio of the two daughter branch diameters at each branch point; and (vii) the
spatial orientation of branches. Hillman suggested that the cytoskeleton, particularly
microtubule arrays, is critical to the control of dendritic architecture (/7) (but cf [18]).
The interrelations that he described implied that some combination of intrinsic factors
could be used to simulate virtual dendrites that could be compared with real ones. It
seemed possible that some correlation, which may be found among the descriptors,
may arise as epiphenomena that depend on underlying mechanisms (see also [19]).

Building on this idea, we proposed an approach to this problem that began by ana-
lyzing correlations in quantitative data about completely reconstructed dendritic trees
of a sample of cat o--motoneurons, in order to develop algorithms and appropriate data
sets that might be used to construct virtual dendrite simulations (20). We reasoned that
a computational machine (algorithms plus parameters), which can construct virtual
dendrites that reproduce not only the averages but also the variances of data from actual
neurons, must contain all of the essential information inherent in that data set (see also
[21]). There are a large number of correlations to choose from, and several different
approaches were explored. All used a Monte Carlo simulation in order to generate the
stochastic variations found in the observations.

The most successful algorithm was based on the relationship between the starting
diameter and the length of dendritic branches, which are defined as beginning with the
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Fig. 2. Scatter plots of the lengths (ordinates) of terminating (A) and parent branches (B) in

relation to their starting diameters (abscissae). The correlation between branch length and start-
ing diameter was positive for terminating branches and negative for parents. The inset in panel
A shows a histogram of branch taper, which had a mean of —0.0007 + 0.0027 um/um. Adapted
with permission from Figure 1 in (20).

soma or a branch point and ending either at another branch point or at a termination
(Fig. 2; see also Fig. 5 in [8]). As in most reconstructed neurons, the branches con-
sisted of a sequence of segments, often with different diameters due to dendritic taper.
Despite a great deal of scatter, the lengths of branches that ended at a branching point
(called “parent” branches) varied inversely with their starting diameters, while the
relation was direct in the case of terminating branches. It was also clear that the diam-
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Fig. 3. Calculation of the probabilities of branching or termination as functions of local
branch diameter [p,,(d) and p,,,(d), respectively]. (A) Log-log plot of the total length of den-
dritic material [2./(d); solid line, referred to the right ordinate] and the numbers of branch seg-
ments giving rise to branching points [Ny (d)] or terminations [N,,,(d)], as functions of local
diameter (d), binned by 0.25 um for d < 2.0 um, 0.5 pum for d > 2.0 to £ 4.0 um, and 1.0 for d >
4.0 um. Segments with diameters between 0. 8 and 2.2 um (overlap region) could either branch
or terminate. (B) Semilog plot of the ratios of the numbers of branch points or termination,
divided by XI(d), to give p,,(d) and p,,,,(d), respectively. In this graph, p,,(d) and p,,,(d) are
multiplied by Al of 25 um, which was the value of Al used for simulations. Adapted with
permission from Figure 2 in (20).

eters of most individual branches became smaller in the somatofugal direction (i.e.,
they exhibited negative taper).

In order to simulate the wide scatter in branch lengths, which was as large for indi-
vidual motoneurons as for the pooled data (Fig. 2), we used a stochastic (Monte Carlo)
growth algorithm in which each increment in branch length, A/, was controlled by the
probability that it ended in a branching point or in a termination (py, Or pn, respec-
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tively). If neither was true, the branch continued to lengthen by Al. The observations
suggested that both p,, and p,.,, depend in some way on branch diameter. In order to
explore this possibility, we binned all of the branch segments by increments of diam-
eter, d, and summed the total length Y./(d) in each diameter bin (Fig. 3A). The numbers
of segments in each diameter bin that ended in either a branch point, Ny (d) or a termi-
nation, N(d), were then divided by X/(d) to give p,,(d) and p,,,(d) per unit length as
functions of local segment diameter bins:

Ny (d) _ Nuw(d)
Zl(d) and ptrm(d)— Zl(d)

As shown in Fig. 3B, the resulting probabilities [p,(d) Al and p,,,,,(d) Al with Al =25
um] were well fitted by exponential functions of local diameter, d, with positive expo-
nents for p,,(d) and negative for p,,,,(d). Within the range of d where branches either
branched again or terminated (overlap region; d = 0.7 to 2), the slope for p,,(d) was
much steeper and approx the inverse of the slope for p,,,,,(d) (2.2 vs =2.9, respectively;
see Table 1 in /30]).

To start the simulation process, the diameter of the first segment in the branch and a
step length (Al) are specified, and the computer compared py,, Or p,, (multiplied by Al
and randomized as to which was tested first in order to eliminate bias) with a uniformly
distributed random number, rnd between zero and 1. If this p, < rnd, the branch ended
appropriately. If neither event occurred, the branch extended by A/, d,,; changed by a
selected value for taper (Ad/Al), and the process was iterated until the branch either
terminated or produced a branching point. The value of taper used was the only free
parameter in the system, because it was difficult to specify a single value from the wide
observed distribution (Fig. 2, inset). The algorithm produced parent and terminating
branches with the observed length distributions (Fig. 2) with reasonable fidelity, given
that a single value of taper was used for all branches. The value of taper that produced
the least error in this simulation was —0.00125 um/um (Fig. 5 in [20]), which was
comparable with the observed value (Fig. 2A, inset), given that taper is extremely dif-
ficult to measure with any accuracy.

Of course, this was only half of the process required to produce virtual trees; one
must also specify the diameters for the daughter branches that are generated when a
parent branch gives rise to a branching point. In real motoneurons, the average ratio
between the sum of the daughter branch diameters (d; and d,), raised to the 3/2 power,
divided by the 3/2 power of the parent diameter (d,,,), is slightly larger than 1.0 (actu-
ally 1.1), but shows wide variations (see Fig. 7 in [/2]). Like most neurons, branch
points in motoneuron dendrites give rise to only two daughter branches, and their
diameters are negatively correlated (Fig. 4A). This relation was independent of both
position in the tree and the end diameter, d,,,,, of the parent branch.

The distributions of d; and d, were Gaussian and exhibited similar means and stan-
dard deviations (SD). One of us (W.B.M.) devised a way to combine their values, using
their observed correlation coefficient f = —0.4, into a single distribution, r, which was
well approximated by a Gaussian with the same mean and SD (Fig. 4B). Drawing two
numbers independently from r, multiplying this pair by the matrix {{1, —.2087},
{-2087, 1}}, and then by d,,,, produced a pair of daughter branch diameters that,

pbr(d) =
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Fig. 4. Database for choosing diameters of daughter branches at simulated branch points.
(A) Scatter plot showing the negative correlation between the diameters, d; and d,, of the two
daughter branches at 955 branching points, each normalized by the end diameter of the parent
branch. The slope of the linear correlation, 3 = 0.40, was used to construct a distribution, r, that
preserved the statistical relations between d; and d, (see [20]). The value of B was the same
whether or not the data were shuffled. (B) The calculated r distribution (bars) were fit to a
Gaussian function (solid curve) with the same mean and SD. The continuous function was used
for generating virtual dendrites (see [20]). Adapted with permission from Figure 6 in (20).

when repeated, had the same means, SDs, and correlation coefficient as the observed
daughter branch diameters.

A program was written that combined the branch growth algorithm discussed above
with the algorithm for determining daughter branch diameters in order to construct
virtual dendrites with a selected starting diameter, d.,,, that matched diameters of
observed dendrites. The experimental database included 64 fully reconstructed den-
drites from 6 o-motoneurons, with d,,, ranging from 2 to 18 um. Each run of the
program generated 64 virtual dendrites, using parameters based on the probabilities
shown in Figure 3B and the algorithm for selecting daughter branch diameters (Fig.
4B). The program automatically calculated a wide variety of statistics about virtual
dendrites that could be compared to their actual counterparts (e.g., Figs. 5 and 6).

Twenty simulations were run for several values of taper and each produced dendrite
sets with different total numbers of terminations, indicative of the overall size of the
simulated trees. There was a direct relation between taper and total termination num-
bers, in that more negative values of taper produced smaller trees. The value of taper
used was adjusted empirically to produce dendrite sets with total termination numbers
near that observed for the real motoneurons (n = 1974). A taper value of —0.0015 pro-
duced the closest approach to this number but individual runs varied rather widely.

This model system, referred to as “Model 17, produced virtual dendrites that matched
many of the relations found in the actual database, including the distributions of total
surface area and numbers of terminations in relation to d,,,, for individual trees (see
Fig. 71in [20]) and the distributions of branch orders and diameters of parent and termi-
nating branches as functions of distance from the soma (Fig. 5A, B, and D). None of
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Fig. 5. Comparison of averaged data extracted from 64 simulated (symbols) and actual (lines)
dendrites with the same set of stem diameters, using Model 1 simulations (see text). Note
branches of order >10 in the simulations (A and B) and major discrepancies in the path distance
locations of branch points and dendritic terminations (C). Adapted with permission from Fig-
ure 8 in (20).

these relations were built into the simulation algorithm; rather they are emergent prop-
erties that can serve as features for determination of goodness of fit. Although the path
distance distributions of branch points and terminations were less satisfactory (Fig.
5C), this might be deemed good enough given the relative simplicity of the model.
This model result must be interpreted with caution. Although a growth model was
used for these simulations in order to simulate the statistical variances in real dendrites,
the results are a simulation of existing dendritic structures rather than of the dynamic
processes that may have formed them. The computational machine and the parameters
shown in Figures 3 and 4 should be thought of as a parsimonious description of the
complex morphology of cat motoneuron dendrites that eliminates redundant informa-
tion, rather than a model of how dendrites actually grow. Given this important distinc-
tion, the Model 1 results suggests that local branch diameter is a key factor that
determines whether a given branch can or cannot maintain a branching point rather
than terminating. This is consistent with the idea that the cytoskeleton, specifically the
number of available microtubules (/7), controls whether or not a given branch can give
rise to a branching point, as well as how long parent and terminating branches can be.
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Fig. 6. As in Figure 5 but using Model 2 for simulations. Note lack of simulated dendrites
with branch orders >11 (A and B) and much closer agreement between simulated and observed
locations of branching points and terminations as functions of path distance from the soma (C).
Adapted with permission from Figure 12 in (20).

An alternative model, in which py,. and p,,,,, were functions of branch order alone rather
than local diameter, produced poor fits to the actual data. Thus, observed correlations
between branch order and dendritic architecture are probably epiphenomena.

2.3. HOW GOOD IS GOOD ENOUGH?

One of the more difficult questions in any computational model study is when to
quit. The failure of Model 1 to completely reproduce the spatial distributions of branch
points and terminations (Fig. 5C) suggested that it lacked some important factor. In
addition, some runs of this model produced trees that were either much smaller or
much larger than expected for the selected value of d,,. The existence of “runaway”
dendrites is evident in Figure 5B, which shows diameters of parent and terminating
branches with branch orders >10 that are not found in real motoneurons. The richness
of the database prompted us to explore other factors that might have accounted for
these discrepancies.

The problem of trees that were too small or too large appeared to be caused by
sequences of daughter branch diameters that, in rare instances, were either very small
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Fig. 7. Two simple approaches to quantitate the 3D morphology of a motoneuron. (A) Ste-
reoscopic pair representation of the vectors of eight dendrites (labeled A through H) in terms of
the centers of mass (open circles) of the membrane area in each dendrite, illustrating the projec-
tion of each dendrite away from the soma (small filled circles). The large filled circle repre-
sents the membrane area center of mass for the entire neuron. This was the most asymmetrical
motoneuron of six similarly studied cells (26). (B) 2D projection of the locations at which
dendritic branches of the same cell as in panel A penetrate a spherical shell with radius 750 pwm,
centered on the soma, Individual branches of the different dendrites are labeled with the den-
drite identification letter. The lines indicate the boundaries of six directional hexants, with the
caudal hexant split in two. The mapping projection assigns approximately equal areas to each
hexant region. Both panels adapted from Figure 6 in (26).
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or very large at successive branch points. This could occur by chance because the model
had no memory of the preceding selections of d; and d,. When we reexamined the
experimental data, we found a small but significant dependence between the sum of d,
and d, at a given branch point, normalized by the parent end diameter, d,,,,, and the
starting diameter of the parent branch, normalized by the end diameter of its parent
branch (i.e., the “grandparent” branch). This suggested the existence of a cytoskeletal
or metabolic constraint on the size of the downstream subtrees. We implemented a
“grandparent correction” based on the observed dependence, and this greatly reduced
the occurrence of runaway trees, but neither this nor several other manipulations
improved the discrepancy noted in Figure 5C (see [20] for details).

Another reexamination of the original data suggested that the values of p,,(d) and/or
Pm(d) might not be constant throughout the tree. Indeed, we found that both probabili-
ties depended on the path distance, D, from the soma as well as on local diameter. Such
a dependence could represent the metabolic cost of maintaining cytoskeleton at
increasing distances away from the soma where the constituent proteins are generated.
Estimation of this dependence was complicated by the problem of fitting smooth func-
tions to the 3D surface described by the data points, now binned by both local diameter
and path distance (see Fig. 10 in [20]). However, when equations for p,.(d,D) and
Pm(d, D) that fit the data were incorporated into the model, it produced trees that fit the
observed data very well indeed (Fig. 6). It was necessary to analyze the data for depen-
dence on d and D separately, because local diameters in individual branches were not
strongly correlated with path distance, especially in the more distal parts of the trees
(Fig. 1). These virtual dendrites also had branch topologies that fit those of actual
motoneuron (Burke, Marks, and Ulfhake, unpublished). In this instance, all of the
required parameters were intrinsic to the neuron itself. This may not always be true; in
some cases external factors could be required in order to generate acceptable simula-
tions (e.g., [22]).

The lesson for us in this work was that it is sometimes useful to extend a model that
is reasonably good to one that is better, provided that the additions accurately reflect
features that are in fact present in the original data. Each elaboration of the present
model revealed factors that appear to be biologically relevant. The additional features
were not at all obvious and emerged only after specifically tailored data extraction
methods were employed. Indeed, the utility of quantitative biological models lies pre-
cisely in the fact that they force the investigator to search for relations that are hidden
within the existing data or to guide the experiments that can generate the necessary
new information.

2.4. NEURONS IN THREE DIMENSIONS

2D morphological data are relatively tractable for computational modeling, as exem-
plified by the discussion so far. However, it is considerably more difficult to extend
such approaches to neurons as 3D entities (/7). The overall shape of neuronal dendritic
trees have been analyzed by statistical methods, such as principle components (23,24),
and by a Fourier transform technique that can give concise information about the den-
sity of branches distributed in 3D space (25). Cullheim and colleagues (26) introduced
a simpler approach that tabulated the spatial distribution of the dendritic membrane
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area or branch volume within six “hexants”, or subdivisions thereof, within an external
coordinate system centered on the neuron soma and oriented by anatomical axes. These
authors also used a variation of principle component approach to calculate the spatial
locations of the centers of mass (COM) for membrane area or branch volume for indi-
vidual dendrites, as well as for the neuron as a whole (Fig. 7A). On average, cat triceps
surae motoneurons were found to be more or less radially symmetrical, although the
dendrites projecting dorsally and ventrally tended to be slightly smaller than those that
projected in the other directions. All of these methods provide ways to document the
degree to which neuronal trees are polarized, either because of proximity to natural
boundaries or, perhaps, to concentrated sources of synaptic input.

Another approach to the problem of analyzing the 3D spatial organization of den-
drites is to map the spatial positions of their branches as they penetrate 2D spherical
surfaces (“shells™) located at different distances from the soma (Fig. 7B; [26]).
Although such shell maps are on spherical surfaces, they are tractable for quantitation
by spherical trigonometry. Questions such as the size of dendritic territories and how
much they overlap can be approached by conventional nearest-neighbor or tessellation
analyses to examine spatial clustering. Convex hulls (polygons with no internal angle
<180° that encloses the target set of points) are computationally convenient, although
they often include empty regions that properly belong to other dendrites. The disadvan-
tage of such maps is that they do not lead to simplification of the data set or to identifi-
cation of general principles that might be at work.

2.4.1. Building Three-Dimensional Dendrites

Renewed interest in computational neuroanatomy (21/), as well as the appearance of
relevant software tools (27,28), has stimulated the development of new approaches to
quantitate neuronal morphology in 3D space that involve simulation. In an earlier sec-
tion, we adopted the view that the simplest computational machine that can accurately
reproduce a set of complex objects constitutes the most concise description of those
objects. This philosophy predicts that new information may emerge if we can construct
algorithms that can convert 2D dendrograms into statistically accurate 3D trees. At
minimum, such a simulation requires extraction of two sets of data from the original
morphological files: (i) the distributions of angles at which daughter branches emerge
from branching points; and (if) measurement of the degree to which individual branches
meander (i.e., change in vectorial orientation) in space (8). In principle, these data can
be estimated from cells that have been digitized with sufficient spatial resolution.

As an example, we will consider here some possible approaches to measurement of
daughter branch angles. The first decision is how to define the vectorial directions of
daughter branches away a given branching point. There are at least three possibilities:
(i) use the coordinates of the first digitized segment of each daughter branch (initial
branch direction); (ii) use the coordinates of the point at which the branch ends (final
branch direction); or (iii) use the least-squares fit to each meandering branch, perhaps
weighted by local membrane area or segment volume (average branch direction).
Because we were interested in the global shape of trees, we initially used the final
branch directions.

The next issue is to define the frame of reference for measuring branch angles. An
obvious choice is to calculate angular deviations from the parent branch direction.
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Fig. 8. Diagram to illustrate possible methods to calculate dendritic branching angles. (A) A
motoneuron dendrite is shown after rotation into a Cartesian coordinate space, aligned in the Z
(vertical) axis by the vector from the soma center to the COM for dendritic membrane area
(filled circle). The direction of each branch point with respect to the COM axis can be specified
by its dBPax away from the COM axis. Its horizontal position is described by an azimuth angle
in the XY plane with respect to a reference direction (e.g., rostral). (B) The orientation of
daughter branches at each branch point can be described by the angle between them
(Interdaughter angle) and the vector midway between them (Sib direction). The Sib vector can
be viewed as the axis of a cone around which the daughter branches can rotate in the perpen-
dicular (azimuth) plane. (C) The direction of the individual daughter branches can be defined
as the angle of deviation away from the branch point direction (dBP) or the direction of the
parent branch (dPar). The most successful 3D simulations were obtained when daughter branch
deviation angles (dV*) were referenced to a vector representing a linear combination of the
branch point and parent directions (Hybrid V*; see text).

However, a 3D simulation algorithm, based on parent branch vectors, produced simu-
lated trees that often had much larger lateral spread than natural cat motoneuron den-
drites (Burke and Marks, unpublished), because such data has no relation to the shape
of the tree as a whole. In fact, it can be shown that using only the parent branch direc-
tion leads to a 3D random walk. As discussed in the chapter by Ascoli (see also [27,28)]),
this can be overcome by introducing a spatial bias, or “tropism”, to constrain tree
growth in specified directions, but the underlying factors that produce such effects are
unclear. We attempted to determine whether such biases are inherent in the statistics of
the spatial disposition of branch points and path terminations in relation to a global
frame of reference for a given tree.

In order to define a central axis for each individual dendrite, we chose to use the
vector from the center of the soma to the COM for membrane area (Fig. 8A; [26]).
The somatofugal COM axis was aligned with vertical (Z) axis of a Cartesian coordinate
system, just as botanical trees are oriented with respect to gravity (29,30). The location
of each branch point (BP) in the tree was then specified by its angular deviation (dBPax)
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away from the COM axis and its azimuth angle in the XY plane (Fig. 8A). The distribu-
tion of dBPax angles provides a concise measure of the lateral dispersion of the
dendrite’s territory (see Fig. 9B).

We then needed a scheme for specifying the angular deviations of daughter branches
at BPs that could serve as the basis for a simulation algorithm for 3D trees. Such a
system should make maximum use of local frames of reference, as in the 2D models
described above. We found it initially useful to define the direction of branching by
calculating a “Sib” vector midway between the two daughter branches that represents
the axis of a cone around which daughter branches, with any given interdaughter angle,
can rotate into any azimuthal orientation (Fig. 8B). As with the azimuth angles of BPs,
these orientations showed no rotational bias in motoneuron dendrites, so they can be
evenly distributed in simulations. Still open is the question of what vector to use in
measuring the Sib deviation. Using the parent branch direction alone again leads to a
spatial random walk. However, using the direction of the branch point vector (vBP)
defined in relation to the COM axis (Fig. 8A) preserves information about global tree
structure. The azimuth of the Sib about this direction also turned out to be unbiassed.
Thus, two distributions, one for the Sib deviation and the other for interdaughter angle,
provided the basis for a 3D simulation algorithm. Both distributions were well fitted by
A functions, each specified by two parameters, that are easily adapted for Monte Carlo
simulations. Of course, the eventual COM axis of a simulated tree is unknown at the
outset of 3D simulation, so we used the Z axis of the Cartesian frame as the reference
vector.

We also explored a simpler algorithm that used only the distribution of deviations of
the individual daughter branch directions (vDau) at each branching point as the basis
for building complete trees. This approach was complicated by the fact that vDau was
correlated with both vBP as well as with the direction of the parent branch (vPar) (Fig.
8C). The distributions of angular deviation between vDau and either vBP or vPar (dBP
and dPar, respectively, in Fig. 8C) were both well-fitted by A distributions. As ex-
pected from the Sib data discussed above, neither vector exhibited any bias in azimuth
orientation. Complete trees for 60 individual dendrites were simulated using either the
dBP or the dPar distributions, based on length and diameter data from 60 real motoneu-
rons. The total root mean square (RMS) error between a variety of angular measures

Fig. 9. (facing page) Results of simulating the 3D structure of 60 motoneuron dendrites. (A)
Plot of RMS errors in 3D simulations based on using different proportions (P) of the branch
point and parent directions [V* = (1 — P) vBP + P vPar] to calculate dV*. Simulations based
entirely on the observed distribution of dBP (P = 0) produced less error than those based en-
tirely on dPar (P = 1), but minimum error was found with P ~ 0.4. See text for details. (B)
Comparison of the distributions of the angular deviation of branch points away from the COM
axis (dBPax; see Fig. 8A) in 60 actual dendrites (filled circles) and averaged values from 10
repetitions of 3D simulation of the same 60 trees (open squares). Simulations used the distribu-
tion of daughter branch deviations, dV*, from the Hybrid vector, V¥, with P = 0.4. The fit
between the two distributions of the emergent property dBPax indicates that the real and simu-
lated dendrites have the same (statistical) lateral spread. (C) As in panel B, but showing the
comparison of real and simulated interdaughter angles. Interdaughter angle is also an emergent
property, because the daughter branch directions are simulated separately and independently.
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for simulated and real trees was smaller in the set of trees constructed using the dBP
distribution (Fig. 9A; error = 3.4% with P = 0) as compared to the set simulated using
the dPar distribution (Fig. 9A; error = 9.9% with P = 1). We then explored using a
hybrid vector (V*) calculated as a linear combination of the branch point and parent
directions (vBP and vPar, respectively)

V#*=(1-P) vBP + P vPar

as the reference vector to calculate the deviation (dV*) for each daughter branch (Fig.
8C.). As with the Sib vector approach above, V* can be viewed as the axis of a cone
that describes the locus of the distribution of daughter branch directions.

With simulations based on the dV* distribution, the overall RMS error for the 3D
tree statistics were minimal with P ~ 0.4 (Fig. 9A). Furthermore, the distribution of
angular deviations of branch points away from the COM axis (dBPax; Fig. 8A), as well
as the interdaughter angles, for the simulated trees matched the observed data quite
well (Fig. 9B and C). The azimuthal angles for daughter branch directions in the XY
plane also matched those of real trees (not shown). These 3D statistical measures are
emergent properties that are not specified by the simulation algorithm, so that the fits
indicate that the simulation accurately reproduced the overall 3D structure of motoneu-
ron dendrites with straight branches. The simulated trees exhibited the same range of
constraint in lateral spread as real dendrites (estimated by dBP; Fig. 9B), and their
overall shapes appeared appropriate to visual inspection. The final 3D algorithm used
only three parameters, two to specify the A function that fits the daughter deviations
from V*, plus the minimum error value of P = 0.4. This result suggests that the spatial
distribution of daughter branches in motoneuron dendrites can be described by factors
related to the central axis of the tree, which could reflect environmental constraints,
and, to a lesser extent, on purely local factors related to the direction of the parent
branch. We are investigating an analogous approach to simulation of the natural mean-
der of individual branches.

A more difficult problem for simulation of dendritic trees in 3D is that multiple
objects cannot occupy the same point in space. There may even be some active avoid-
ance among branches from the same neuron (3/). Adjustment of the 3D positions of
simulated dendrite branches would probably best be accomplished after the complete
structure has been constructed. Ideally, such adjustments should be based on data from
real dendrites that give information on the spacing between their components. To our
knowledge, such analyses have not been made with in situ neuronal dendrite data,
although some basic theoretical solutions to the problem have been suggested (32).

In the same vein, simulation of the complete dendritic tree of a single multipolar
neuron will require regional analysis of the positions of all elements, beginning near
the soma. Although it is simple to arrange the COM vectors of simulated trees to project
away from each other, the possibility of unnatural collisions exists after the first branch
points. Any spatial adjustments to a given element made near the soma would propa-
gate outward, presenting a potentially massive computational problem. It is tempting
to sidestep this problem by simply accepting 3D virtual neuron simulations that subjec-
tively appear “natural.” However, it seems important for the field to develop objective
assessments that could reveal important constraints that remain unresolved at present.
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Fig. 10. Photomontage from three serial sagittal sections showing the somata and portions
of the proximal dendritic trees of 5 filled o-motoneurons from a cat spinal cord. Note the com-
plex interweaving of the trees from different cells. The somata are about 50 um in diameter.
Adapted from Figure 18 in (41).

2.4.2. The Problem of Neuronal Packing

Clearly, accurate simulation of the 3D structure of individual neurons is a formi-
dable problem. It is at least as difficult to devise quantitative approaches that can be
used to measure how multiple neurons with overlapping dendritic territories are packed
into the neuropil. The neuropil must provide space not only for somata, dendrites, and
the synaptic boutons associated with them, but also for axons with and without myelin
sheaths, glia, blood vessels, and extracellular space. Stereological methods can provide
estimates of numbers of neurons (33) and the volume fraction occupied by these ele-
ments (34). However, such data do not provide a clear picture of how individual neu-
rons with extensive dendritic trees can share a given volume of neuropil. The
complexity of this problem is illustrated in Figure 10, which shows the intermingled
dendritic trees of just 5 HRP-labeled oi-motoneurons that undoubtedly share this vol-
ume with many unlabeled cells.

We have looked at one approach to this problem using existing data to get estimates
of the 3D volume fractions occupied by the dendritic trees of cat motoneurons, plus the
synaptic boutons on them, as functions of radial distance from the soma. These esti-
mates were used to explore the consequences of motoneuron packing density on the
composition of the neuropil between the cells. Lumbosacral motoneurons in the central
part of the ventral horn are, on average, radially symmetrical (3,26), so that the same
volume fraction function can be used for all directions. The average surface area and
volume (expressed as percent) of the dendrites of 7 - and 11 y-motoneurons (/2,26,35)
were calculated within successive 100-um-thick spherical shells centered on the soma
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Fig. 11. 2D drawing of a completely reconstructed cat oi-motoneuron superimposed on two
spheres that represent different radial distances from the center of the soma. The volume
between the spheres (“shell volume”) contains elements of the dendritic tree, permitting calcu-
lation of the volume fraction occupied by elements of the neuron. The direction arrows are 500
um long.

(Fig. 11). Similarly, we estimated the volume of the associated synaptic boutons in
each shell, based on postsynaptic surface area distributions plus data about synaptic
covering and bouton size data for cat o- (36) and y-motoneurons (37). The sum of
dendritic and bouton volume, when divided by the total volume in each concentric
shell, gave estimates of the average volume fraction within each radial shell that is
occupied by each type of neuron plus its synaptic boutons (expressed as percent; sym-
bols in Fig. 12A). The solid lines are fits to these data using the following equation:

o]

where a, 3, and vy are fitting parameters and d is radial distance from the center of the
soma.

Assuming that a motor nucleus in the ventral horn includes 65% o- and 35%
y-motoneurons (38), the fitted functions in Figure 12A were combined in those propor-
tions to give the average volume fraction occupied by both types of motoneuron in the
cat ventral horn. Because motoneuron dendrites are so extensive (up to 2000 pm from
the soma), cells located at considerable distances from any given motoneuron can con-
tribute to the neuropil in the center of the ventral horn. In order to evaluate the total
volume fraction contributed by such overlapping dendrites and synaptic boutons, we
assumed (for computational simplicity) that motoneurons are arranged in a cubic matrix
with the separation (S) between somata as a free variable. A program was written in
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Fig. 12. Estimation of volume fraction occupied by motoneurons and associated synaptic
boutons in the cat ventral horn. (A) Semilog graph of the estimated volume fractions (symbols)
occupied by the dendrites and associated synaptic boutons of average o~ (filled squares) and
Y-motoneurons (open diamonds), calculated as described in the text. The calculated data were
fitted with the equation given in the text. (B) Log-log graph showing the total volume fraction
(ordinate, in percent) occupied by dendrites and boutons within the open central cube of a cubic
array of ventral horn neurons with a uniform separation distance, S (abscissa), when calculated
with different numbers of cells along each matrix edge (Dim). See text for further explanation.

MatLab® to calculate the average local volume fraction (Vj) of dendrites plus boutons
within the open cube at the center of the cell matrix. This was done by randomly sam-
pling 100 locations within the central cube for various values of S. The log-log graph in
Figure 12B illustrates how V. depends on S, as well as on the size (Dim) of the cell
matrix, where Dim is the number of somata along each side of the cubic matrix.
When Dim was large enough so that the dendrites of cells along the edges could
reach the central cube even with relatively small S (Dim = 26), V. (in percent) varied as
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$3. With smaller matrix dimensions (Dim = 10), V}, departed from this power relation
as S decreased, because the array limits were smaller than the dendrite extensions from
the most peripheral cells. Although estimates of V. occupied by dendrites and boutons
are not available for the cat ventral horn, such estimates from medial lamina VI in the
rat spinal cord (34) suggest that dendrites and synaptic boutons occupy about 16 — 20%
of the neuropil volume in lamina VI. The dimensions in the actual cat ventral horn are
compatible with Dim between 10 and 26 , so that this analysis suggests that V. would
be between 11 and 18% for S = 125 um (Fig. 12B). From the numbers and positions of
motoneuron somata found in the lumbosacral ventral horn of the cat (Fig. 2 in [38]),
we estimate that their average separation is about 125 um (see also [39]). The fairly
good agreement from these independent estimates suggests that this approach may be a
valid way to get quantitative estimates of neuropil sharing when the required data are
available. Of course, this calculation assumed an isotropic neuropil and other geom-
etries would require more complex algorithms.

2.5. CONCLUDING COMMENTS

This chapter has dealt with some approaches to the problem of quantifying the mor-
phology of individual neurons and of ensembles of neurons, using data from cat ventral
horn motoneurons. The ability to mimic the statistical properties of cat motoneuron
dendrites, viewed in terms of their 2D dendrograms, using a relatively simple growth
model based on data extracted from the same data set, provides a parsimonious descrip-
tion of the original data, which separates factors that are determinative from those that
are epiphenomena. The result suggests that local branch diameter, which in large mea-
sure depends on cytoskeleton (8,17), is a key factor that maintains the architecture of
mature dendrites. On the other hand, it is much more difficult to design computational
engines that can reproduce the morphology of neuronal dendrites as 3D entities in
ways that can be quantitatively verified. This is largely due to the difficulty of design-
ing analytical tools that can adequately measure how these complex structures occupy
space. One future direction for computational neuroanatomy is to solve this problem
for individual neurons and then to apply the solution to multiple neurons that occupy
the same region. This quest is more than an intellectual exercise, because the ability to
simulate complex systems and to check the results of such simulation against the real
thing has always led to deeper understanding of the biological world (40).
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Generation and Description
of Neuronal Morphology Using L-Neuron

A Case Study

Duncan E. Donohue, Ruggero Scorcioni,
and Giorgio A. Ascoli

ABSTRACT

L-Neuron is a software package that implements simple local anatomical rules to
“egrow” dendrites stochastically in virtual reality. This program can be used to obtain a
compact description of dendritic morphology, to provide the substrates for physiologi-
cal simulations, to aid neuroscience education, and to develop novel hypotheses about
dendritic structure and development. Here, we explore the use of L-Neuron to model
CA1 pyramidal cell morphology based on an archive of 24 real reconstructed rat hip-
pocampal neurons. This chapter also describes the extraction of L-Neuron parameter
distributions from digitized neurons by means of the companion program L-Measure.
The quantitative comparison of virtual and real pyramidal cell dendrograms provides
specific insights into neuronal structure and suggests possible avenues to improve the
algorithm. Finally, we show how a remarkably accurate and complete spatial descrip-
tion of CA1 pyramidal cell dendritic morphology can be obtained from dendrograms
by the addition of a very restricted number of model parameters.

3.1. INTRODUCTION

Historically, computational neuroscience has largely consisted of mathematical mod-
eling of neuronal activity and electrophysiology. In multineuron simulations (or, in the
extreme case, in artificial neural networks), neuroanatomy is typically disregarded
altogether. Even in single-cell studies seeking to characterize and reproduce the natural
physiology of neurons, cellular structure is rarely the focus of the investigation. From
early theoretical studies, modelers have simplified anatomy away, attempting to reduce
neuronal structure to one or few stylized spheres and cylinders representing the soma
and the dendritic processes (for reviews, see [/,2]). However, neuronal shape is
extremely important for neuronal function and activity. Dendritic and axonal structures
underlie network connectivity and determine synapse numbers and positions. Even
considering single neurons, the presence, variety, and complexity of dendritic active
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conductances and ionic dynamics make the reduction of dendritic structure to lumped
equivalent cylinders a very rough, and often incorrect, approximation. The specific
branching patterns of dendrites heavily affect signal integration and firing patterns (3—
6) (see also Chapter 6 in this book). While it is the nature (and often the goal) of mod-
eling to simplify a biological problem, neuronal models that do not take structure into
account are severely limited in their ability to accurately represent biologically plau-
sible neuronal behavior. Starting from the mid-1990s, computational neuroscientists
have increasingly used real neuronal morphologies as the bases for their electrophysi-
ological models (4,7,8).

Anatomically accurate electrophysiological simulations are typically based on digi-
tal reconstructions of intracellularly injected neurons (see also Chapters 6 and 7 in this
text). However, tissue preparation and neuronal tracing are extremely time-consuming
processes: digitizing a single neurons can take several weeks of a skilled operator (for
a discussion on morphological data acquisition, see [9]). Thus, the amount of time
needed to trace enough neurons to build a large-scale anatomically realistic network
model representing even a small brain region is staggering. Even for single-cell mod-
els, neuronal reconstructions only constitute raw experimental data. If the simulation
results are to be correlated to the structural properties of the cells, many neurons must
be used to constitute a representative sample, due to the typically large anatomical
variability even within a given morphological class. Therefore, neuronal morphology
needs to be characterized statistically.

What constitutes an appropriate characterization of dendritic morphology? Typical
reports in the neuroscience literature quantify the geometry and topology of dendritic
trees with a variety of scalar measurements, including the number of bifurcations or
termination, dendritic surface or length, topological asymmetry (/0), and maximum
distance from soma to tips. In addition, many of these parameters can be used for cor-
relation measurements, such as the number of bifurcations vs distance from the soma
(Sholl analysis). The number of different geometrical parameters that can be measured
from neuritic trees is infinite, and of course, many such parameters are interdependent.
The situation is further complicated by a lack of standard and by the intrinsic structural
and functional complexity of dendrites. Even for a simple shape, for parameters such
as “dendritic length”, there are many possible measurements. Do we refer to the total
length of the dendrites, or to the average length of a tree, or to the length of an indi-
vidual branch of the tree? If we measure “by the tree”, should we separate trees in
different classes (e.g., apical and basal)? If we measure length by the branch, should
stem, interbifurcation, and terminal branches be considered separately? Where exactly
does the soma end and the stem branches begin? And length is relatively straightfor-
ward when compared with other typical measurements such as branch angles, fractal
dimension, or tree spread.

Both problems of the difficulty to acquire experimental data and of the lack of its
parsimonious characterization can be solved by computational modeling. Let us sup-
pose to find a stochastic algorithm that generates digital dendrites (of a given class),
whose morphology is statistically indistinguishable from that of real neurons (of the
same class). By definition, the set of algorithmic parameters would constitute a com-
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plete characterization of this morphological class. In addition, this algorithm could
generate any number of virtual neurons, thus allowing the creation of large-scale ana-
tomical models. Computational neuroanatomy has achieved considerable progress
towards the creation of such an algorithm (/7). Recently, we introduced a software
package called L-Neuron (/2). L-Neuron (which is included in the CD-ROM) imple-
ments several existing algorithms for the generation of virtual dendrites, including
variations of the description proposed by Hillman (9,/2—-15), and the algorithm pro-
posed by Burke and colleagues (see Chapter 2 in this text). The algorithms imple-
mented in L-Neuron are mostly local in nature, i.e., each branch “grows” only based on
its local properties (e.g., its diameter and the diameter and orientation of its parent),
and independent of all others branches. Other algorithms have been proposed that take
into consideration interbranch competition and other global factors based on topologi-
cal or geometrical parameters. Examples of these algorithms are ArborVitae (16,17)
(see also Chapter 11 in this text) and van Pelt’s model, which is reviewed in Chapter 9
in this text.

Perhaps the greatest advantage of creating virtual neurons is in the knowledge and
understanding of real dendritic morphology that is gained from the simulation process
itself. Most of the parameters used in the L-Neuron algorithms (called basic param-
eters) can be measured directly from the real cells and correspond to subcellular struc-
tures and mechanisms (e.g., microtubule dynamics [/3]). Virtual cells generated by
L-Neuron can be compared to the real cells from which the basic parameters were
extracted. This comparison is carried out by the statistical analysis of parameter not
used directly in the algorithm (emergent parameters). If an algorithm lacks essential
constraints (i.e., it is too simple), or imposes excessive constraints (it is too restrictive),
or else is based on incorrect hypotheses, some of the emergent parameters measured
from the virtual cells will have different average or variance compared to the real neu-
rons. In this case, the analysis of the differences between real and virtual neurons can
reveal novel biophysical principles or developmental insights (see Discussion and Fig.
2 in Chapter 1 of this book).

L-Neuron has been previously used to generate a variety of neuronal morphologies,
including virtual Purkinje cells and motoneurons (/8). Here, we present a “case study”
using L-Neuron to model the dendritic processes of CA1 pyramidal cells. We only
consider one simple algorithm as a working example, but we discuss each step of the
research strategy in depth. This chapter also describes the use of the computer program
L-Measure (/9) (also included in the CD-ROM) to extract basic parameters from the
experimental morphology and to measure emergent parameters from both real and vir-
tual neurons. L-Measure can be also used to carry out morphological analyses in stud-
ies correlating neuronal structure and activity (see Chapter 6 in this text). Together,
L-Measure and L-Neuron constitute a powerful tool set for the computational neu-
roanatomist. L.-Measure allows the fast and reliable quantitation of a large number of
morphological properties of traced and virtual neurons. L-Neuron uses some of those
measurements to generate an arbitrary number of nonidentical virtual neurons.
Although the final goal of L-Neuron is to create cells that are anatomically indistin-
guishable from the real ones, the most useful outcome at this stage is the intellectual
feedback from the simulation process.
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Fig. 1. Cell n421 from the Duke-Southampton archive and its dendrograms. Dendrogram to
the left is the single apical tree, the other three are the basal trees. Scale bars are 100 um. In the
dendrograms, length is shown along the Y axis. The thickness of the lines denotes diameter.

3.2. METHODS
3.2.1. Experimental Data

Experimentally traced hippocampal neurons were obtained from the Duke-
Southampton cell archive (20). In particular, all of the currently available 24 CAl
pyramidal cells reconstructed in vivo from young rats were used (cells n400 to n423).
Figure 1 shows an example of one such neuron and its dendrograms. Each neuron
consisted of a morphological ASCII file in Duke-Southampton format (.swc) (9,20).
The reconstruction was represented by a series of points, or cylinders. Each cylinder
was encoded as a line in the file. The line contained seven numerical fields correspond-
ing to an identity (sequential integer), a type tag (1 for soma, 2 for axon, 3 for basal
dendrites, 4 for apical dendrites), the X, Y, and Z positions of the cylinder ending point
(in wm), the radius (also in wm), and the identity of the adjacent cylinders in the path to
the soma (the “parent”). Examples of .swc morphological files are included in the
CD-ROM. Several neurons had minor inconsistencies in the representation of one or
more cylinders. Most of these “errors” consisted of an incorrect assignment of the type
tag (for example, a few dendritic cylinders were assigned “basal” tag when they were
located in the apical field, having apical parents and daughters). These problems possi-
bly reflected human error in the semimanual reconstruction process. The appropriate
assignment was generally obvious upon color-coded visualization of the structure, and
files were thus corrected by manual editing. Seventeen of the 24 cells had at least one
such inconsistency. Details about the changes and links to the edited files are available
in the CD-ROM.
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3.2.2. L-Neuron and the Modified Hillman Algorithm

The L-Neuron program is written in C++ and runs both under DOS and Unix sys-
tems. The CD-ROM contains the DOS executable of L-Neuron 1.07, as well as a link
to the L-Neuron download page (http://www.krasnow.gmu.edu/L-Neuron/index.html),
where Irix and Linux L-Neuron versions can be obtained. Since the program is under
continuous development, the executables will be upgraded frequently. The executable
included in the CD-ROM should be only considered as an example still in B-release.
Up to date versions should be downloaded from the L-Neuron Web page. The Delphi
graphical user interface previously developed for L-Neuron (/2) is no longer supported.
A new Java-based interface is currently under development. The current version of
L-Neuron can be executed with command lines both under Unix and DOS. Examples
of executable DOS batch files (as well as of input and output files) are also included in
the CD-ROM.

Several algorithms to generate virtual neurons are implemented in L-Neuron. These
include Lyndenmayer rewrite rules (/1,12,21), several variations based on the original
description by Hillman (/2-15), as well as the model by Burke and colleagues (see
Chapter 2 in this text and references therein). The L-Neuron algorithms have been
previously described in detail (/8). In this case study, we will only use a single Hillman-
like algorithm, which is briefly described below (Fig. 2). The algorithm uses a set of
basic parameters that are generally expressed as statistical distributions. Currently
implemented distributions are Gaussian, gamma (22), uniform, and delta (constant).
Gaussian and gamma distributions can be further modified by a minimum and maxi-
mum constraint. In addition, linear mixtures of any number of distributions can be used
in L-Neuron. When the algorithm uses a basic parameter, it samples a stochastic value
from the appropriate distribution. The random seed is linked to the processor clock or
set by the user as a simulation option.

Each dendritic tree is generated independently (the number of trees per neuron being
the first basic parameter) and is attached to a spherical soma of given diameter. The
simulation starts with sampling an initial stem diameter, taper rate, and branch length
for each tree. Dendritic growth consists of an iterative process that crucially depends
on branch diameter. Each branch (starting from the stem) bifurcates or terminates
depending on whether or not its ending diameter (which is calculated from its initial
diameter and the taper rate) is greater than a sampled diameter threshold. If the branch
bifurcates, it stems two daughters whose initial diameters are calculated from a daugh-
ter diameter ratio and from the ending diameter of the parent using a modification of
Rall’s equation (2,13): PK x d,'* = d,'? + d,'?, where PK is a sampled numerical
param-eter (usually of value between 1 and 2). For each daughter, new values of branch
length and taper rate are sampled, and the algorithm is repeated (twice). If the ending
diameter of a branch is smaller than the sampled threshold, the branch grows by an
additional “terminal” length and stops. The iterative algorithm is, therefore, active until
all trees end in terminal tips, and it stochastically samples new values of branch length,
taper rate, diameter threshold, and daughter diameter ratio and PK (or terminal length)
for every branch. A precise definition of all these basic parameters (and how they are
measured from the experimental data) is provided as additional electronic information
in the CD-ROM.
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Fig. 2. The L-Neuron “Hillman/PK” algorithm flow chart.

The above algorithm actually only determines the topology and internal geometry
(branch lengths, diameter, and connectivity) of the virtual neuron, and it thus generates
adendrogram rather than a complete neuron. L-Neuron can stochastically specify bifur-
cation angles and dendritic orientation along appropriately fragmented branches. The
case study presented in this chapter, however, is limited to the dendrogram properties
of neuronal morphology, which constitute the necessary and sufficient information used
in anatomically accurate single-cell electrophysiological simulations (see Chapter 7 in
this text). All aspects of the L-Neuron implementation concerning 3D geometry and
dendritic orientation are described elsewhere (9,/2,18). The definition of the appropri-
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ate parameters is included in the companion electronic material. A further discussion
of dendritic orientation is provided at the end of this chapter.

L-Neuron can output simulated morphology in a variety of formats, depending on
simulation options set by the user. Available formats include the Duke-Southampton
format (.swc), identical to the format of the real (reconstructed) neurons, a binary for-
mat (.vol) that can be interactively visualized and explored under DOS with a compan-
ion freeware program called L-Viewer (see Subheading 3.2.5), and various other
graphical formats such as virtual reality markup language (.wrl), AutoCad (.dxf), and
RayDream “persistency of vision” (.pov). A description of these formats is beyond the
scope of the present chapter. The CD-ROM includes a complete list of the available
output formats and appropriate command line instructions.

3.2.3. Extraction of Basic and Emergent Parameters with L-Measure

L-Measure is a software package specifically designed for the automatic extraction
of morphological parameters from neuroanatomical files (/9). The current version of
L-Measure (v1.6) runs under Windows and can be executed both from DOS command
line and through a graphical user interface. The program is written in C++ and Java and
is continuously upgraded. As for L-Neuron, the L-Measure executable included in the
CD-ROM should only be considered a 3-release, and updated versions should be down-
loaded through the appropriate Web links.

L-Measure can read input files in a variety of formats (for a discussion of common
morphological formats, see [9]), including Duke-Southampton (.swc), Neurolucida
(.asc; http://www.microbrightfield.com), Eutectic (.txt; http://www.Is.huji.ac.il/~rapp/
labpage.html), Nevins/Claiborne (.dat; http://cascade.utsa.edu/bjclab/), and ArborVitae
(.seg; http://www .krasnow.gmu.edu/L-Neuron/index.html). L-Measure can convert any
of these formats in the Duke-Southampton “standard”. L-Measure recursively visits
every cylinder in the neuron and uses the information (position, diameter, connectiv-
ity) to return a large variety of measurements. These include data regarding the whole
neuron (e.g., total length) or each given branches (interbifurcation length) or individual
point (cylinder length). Measurements can be returned as raw data (list of numbers), or
as statistical summaries consisting of minimum, maximum, mean, and standard devia-
tion calculated on a cell-by-cell basis or for groups of input cells. These options can all
be set through the graphical user interface, as detailed in the electronic documentation.

One of the most useful features of L-Measure is the possibility to precisely specify
dendritic subsets for which the information is required. For example, measurements
could be selectivley taken from terminal apical segments of less than 0.4 um in diam-
eter. In addition, L-Measure can calculate any parameter distribution with respect to a
second parameter (e.g., Sholl analysis of number of bifurcations vs distance from
soma). In the present version, there are 38 functions that can be arbitrarily combined to
return any measurement commonly used in the neuroanatomical literature, including
lengths, diameters, topological asymmetry, angles, number and patterns of bifurca-
tions, etc.

L-Measure was used to extract all basic parameters that appear in Figure 2 from the
24 real CA1 pyramidal cells taken from the Duke-Southampton archive. Apical and
basal trees were analyzed separately, and axonal information (only available for a few
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neurons) was discarded. All measurements were extracted as raw data and further ana-
lyzed (see Subheading 3.2.4) to determine the appropriate statistical distributions. As
an example of the basic parameter extraction process using L-Measure, we briefly il-
lustrate here the case of interbifurcation path distance. The function branch-pathlength
is chosen from the Function tab. To separate apical and basal dendrites, type is selected
from the Specificity tab, the “=" button is selected, and either 3 or 4 is entered in the
value field (in .swc files, type 3 and 4 correspond to apical and basal dendrites, respec-
tively). In order to limit the measurements to interbifurcation branches, excluding ter-
minal branches, N-tips is also selected from the Specificity tab, the “>” and the “and”
buttons are selected, and 1 is entered in the data field. This will instruct the program to
only return values for branches leading to more than 1 tip, therefore excluding terminal
branches. In the Output tab, the raw data button is selected, and an output file name is
entered. To start the extraction, the go button on the Go tab is selected. Similarly de-
tailed procedures and definitions for all basic parameters are enclosed in the additional
CD-ROM material.

L-Measure was also used to extract emergent parameters from both real and gener-
ated cells. For this case study, emergent parameters included the total number of bifur-
cations, total surface area, and total dendritic length. Finally, L-Measure was used to
explore further morphological correlations in the real neurons (see Discussion).

3.2.4. Data Analysis

The raw measurements of basic parameters extracted from the real cells with
L-Measure were imported in Microsoft Excel to determine the statistical function, or
combination of functions, that best fit each distribution. The mean and standard devia-
tion of the best Gaussian fit to the experimental distributions were calculated using the
Excels solver function (23). Gamma distributions are characterized by three parameters,
o, B, and y. Parameters o and 3 determine the shape of the distribution and are related
to the mean () and standard deviation (o) of the data [a0 = 6%/B%; B = 6%/(u — V)].
Parameter 7 determines the offset of the gamma distribution and was usually zero.
These parameters were also optimized using the Excel solver function. The range of
uniform distribution fitting was simply taken from the minimum and maximum values
of the raw data. A few (two in basal and one in apical) very large PK values of dubious
biological plausibility were not included in the parameter distributions.

In order to quantify the quality of the fit (and to chose among different statistical
functions or their mixtures when the “best fit” was not obvious by visual inspection),
the following method was adopted (24). For each statistical function, a number of points
corresponding to the raw data was generated using the best fitting values of the func-
tion parameters (i.e., mean and standard deviation for Gaussian, o. and  for gamma,
minimum and maximum for uniform). Both the raw data and the generated distribution
were then sorted by increasing order. The two ordered distributions were linearly cor-
related, and the corresponding Pearson’s coefficient was taken as a measure of the fit
quality.
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3.2.5. Visualization of Neuronal Morphology and Dendrograms

Neuronal morphologies in Duke-Southampton formats (.swc) can be visualized with
the freeware Java applet Cvapp (20) (www.compneuro.org). L-Neuron virtual cells
can be generated in the same format (and thus visualized with Cvapp), or in a (more
compact) binary format that can be visualized by L-Viewer (/2) (download links
included in the CD-ROM). Both Cvapp and L-Viewer allow users to move, rotate, and
zoom neurons in a pseudo-3D environment. An additional software tool, called
Dendrol, was used to convert morphological files in their dendrograms. Dendrol,
which is also included in the CD-ROM, is written in Java and runs under Dos. Both
input and output files are in .swc format. For all individual trees, Dendro1 reduces each
branch to a single segment while conserving its total length, beginning, and ending
diameter values. These segments are then vertically oriented (branch with greater num-
ber of daughters to the left) and connected with horizontal lines of arbitrary length
(default 10 um, but can be set by user) to conserve the original topology. The result is
a 2D representation of each tree in the neuron, with all angle information removed (see
Figs. 1 and 5 as examples). Usage documentation is included in the electronic material.

3.3. RESULTS

Basic parameters for the variation of the Hillman’s algorithm described in Figure 2
were measured from the 24 CA1 pyramidal cells, keeping basal and apical dendrites
separate. The number of data points varied greatly, from N = 24 for the cell-dependent
parameters (such as the number of trees), to N =755 and N = 1172, respectively, for the
basal and apical parameters dependent on branches or bifurcations (such as
interbifurcation length and daughter diameter ratio). Most of the measured parameters
were fitted best by gamma curves. For instance, interbifurcation length, initial diam-
eter, and diameter threshold, for both apical and basal dendrites, were all fitted by
gamma curves with correlation of 0.9 or higher. As an example, Figure 3 shows the
gamma fitting of the initial diameter for apical (Fig. 3A) and basal dendrites (Fig. 3B),
together with the plots of the linear correlations between real data and data generated
according to the fitting function.

A few parameters, such as basal and apical taper rate, and the number of basal trees,
were best fitted by a Gaussian rather than gamma curve. Several of the parameters
dealing with diameters showed around half of their measured data points at a single
value. Specifically, many basal and apical bifurcations were symmetric as far as the
diameters of the two daughter branches are concerned (i.e., d; = d,, and the daughter
diameter ratio equals one). Similarly, many branches were perfectly cylindrical from
bifurcation to bifurcation (or termination), i.e., their initial and ending diameters were
equal (taper rate of zero). Finally, when thin branches bifurcate (especially at high
branching order), it was not uncommon that daughters had the same diameter of the
parent, yielding a value of the constant PK of two. Instead of trying to fit these values
into a gamma or Gaussian curve, these repeated values were treated as a separate con-
stant (delta) distribution and were sampled according to their proportion of occurrence
in the real cells. For example, the daughter diameter ratio had 65% of its basal points
and 43% of its apical points of value 1. Only the remaining points were thus fitted to a
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Table 1

Basic Parameters (Basal and Apical)

L-Neuron Basal Apical

Parameter Dist %  Mean Stdev Min Max Dist %  Mean Stdev Min Max

Rall_Power k 1.50 k 1.50

Daughter_Ratio y 0.35 2.30 1.07 1.00 8.70 y 0.57 3.18 2.01 1.00 16.75
k 0.65 1.00 k 0.43 1.00

Ibf_Branch_pahtlength

(Um) y 66.32 7734 0.00 546.83 y 73.51 86.20 0.00 890.09
Stem_Diameter (um) y 1.56 0.88 0.48 4.61 y 3.10 1.11 0.48 5.74
Term_Branch_pathlength
(Lm) k 61.42 k 50.73
Diam_threshold (um) y 0.51 0.26 0.18 1.55 y 0.47 0.29 0.16 2.59
Taper_2 g 051 0.50 0.20 0.02 0.95 g 0.44 0.53 0.21 0.08 0.95
k 049 0.00 k 0.56 0.00

PK y 045 1.53 1.57 0.10 9.88 y 0.62 1.35 0.95 0.17 6.49
k 0.55 2.00 k 0.38 2.00
N_stems g 3.00 1.32  6.00 k 0.92 1.00
k 0.08 2.00

Distribution type key: k, constant; g, Gaussian; y, gamma.
While means and standard deviations are given for clarity, distributions marked in y (gamma) were represented in the L-Neuron parameter input file in terms
of o and B. Means and standard deviation are calculated in this table as u = o8 and ¢ = Ba!/2.
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gamma distribution. The graphs of these gamma curves and corresponding real points
(all points that were not of value 1) are shown in Figure 4. The graphs and the linear
correlations both indicate the high quality of the gamma fit for these basic parameter data.

The measured number of apical trees corresponded to a simple bimodal distribution:
22 out of the 24 cells had a single apical tree, while the remaining 2 cells had two apical
trees. The corresponding parameter was thus set as a mixture of two constants, one at 1
and one at 2, with the appropriate relative proportions. Terminal path distance (used in
the algorithm as an additional growth on top of the regular interbifurcation length) was
also set at a constant determined by subtracting the mean interbifurcation path distance
from the mean path distance, from bifurcation to termination, measured in terminal
branches. Table 1 summarizes the results of the basic parameter extraction and curve
fitting. The corresponding L-Neuron input files (.prm) are enclosed in the electronic
material. Those files also contain several parameters concerning the spatial orientation
of dendrites, which, though necessary to run L-Neuron, are not discussed here. The
electronic documentation includes the definitions of these additional parameters and
how they were extracted with L-Measure.

Fifty neurons were generated with seeds 1 to 50. Using the unedited data extracted
from the 24 real cells (Table 1), only 3 of those seeds resulted in finished virtual cells.
The remaining 47 simulations created neurons that kept growing beyond the bounds of
the program (in this case set to approximately 3000 bifurcations). In order to limit
infinite growth, the taper distributions used in the algorithm were recomputed disre-
garding the few (4% apical and 6% basal) negative values found in the real data. After
excluding negative taper values from the basic parameter distributions, approximately
10% of the virtual cells still grew over the limit of 3000 bifurcations. In analogy with
previous simulation studies (/8), we thus imposed a maximum value of 2 for the PK
distributions. This prevents daughters from being excessively larger than parents at
bifurcation points. With this modified set of parameter distributions, all random seeds
(1-50) resulted in 50 finished virtual cells. Of these, one had an apical tree with 2,735
bifurcations, over 36 standard deviations above the average of 45.14 bifurcations
calculated over the remaining 49 cells. Figure 5 shows the dendrogram of one of these
49 cells.

Several basic and emergent parameters were measured from the basal and apical
trees of real cells as well as of virtual cells generated using the raw parameter distribu-
tions, the distributions excluding negative taper values and PK values over 2, and this
last set without the one extremely large outlier. Measured basic parameter included
interbifurcation and terminal branch length and daughter ratio. Emergent parameters
included bifurcation number, total length, and total surface area. Table 2 summarizes
the data for these cell groups and parameters.

3.4. DISCUSSION

Table 2 indicates that the basic parameters extracted from the real neurons and used
in the simulation are very close to those measured from the virtual neurons, in terms of
both mean and variance. The emergent parameter measurements, however, show sig-
nificant differences between real and generated neurons. When the raw basic param-
eters were used as extracted, most virtual neurons grew indefinitely. The few instances
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Basal Trees

Apical Tree
100um

Fig. 5. Dendrogram of a virtual cell created from distributions disregarding negative tapers
and having a maximum PK of 2 (random seed 34). Dendrogram to the left is the single apical
tree, the two to the right are the basal trees. Scale bar is 100 um. Virtual cells are included in the
CD-ROM.

of finite growth were clearly biased towards excessively small size. When the statisti-
cal distributions of taper rate and PK were set limited maximum values (of O and 2,
respectively), virtual neurons grew to much more plausible sizes. Emergent parameters
measured from basal trees had means very close to those of the real neurons. A similar
match was observed in apical trees once a single “hypertrophic” outlier was removed.
However, even in these cases, the standard deviations of the emergent parameters are
much higher in the simulated dendrites than in the real data. The problem of excessive
variability in the emergent parameters of virtual neurons emphasizes the need for
more constraints in the algorithms. Nevertheless, Figure 5 shows that this algorithm
can produce instances of fairly realistic virtual CA1 dendrograms.

As most algorithms implemented in L-Neuron, the anatomical rules used in this
study to model dendritic morphology are entirely local. This means that the growth of
a branch at any point in the tree does not depend on any other event throughout the rest
of the cell. The use of local rules has the advantage of simplicity, both in the extraction
of parameter (that are measured directly from reconstructed neurons) and in the algo-
rithm design: as the elongation of a branch is being processed, no information is
required from any other structure. By and large, this assumption is also biologically
plausible: there is no evidence that growth cones have detailed information about the
branching of the rest of the cell. However, in nature, the overall size of the growing
neuron is likely to have at least a coarse feedback effect on local branch elongation. In
L-Neuron, such effect is not modeled, occasionally resulting in virtual neurons that are
significantly larger or smaller than generally found in nature.



Table 2

Summary of Emergent Parameters

Tree Type Apical Tree Type Basal

Parameter Real Cal  Unedited Edited No Outlier Parameter Real Cal Unedited  Edited No Outlier
n= 24 3 50 49 n= 24 3 50 49

Basic Basic

Ibf Branch_ mean 73.51 74.52 78.48 80.71 Ibf_Branch_ mean 66.32 80.99 73.84 73.89

pathlength (um) stdev 86.20 50.47 74.94 77.22  pathlength (um) stdev 77.34 59.75 67.61 67.65

Term_Branch_ mean 124.24 108.40 108.50 110.98 Term_Branch_ mean 127.88 79.62 108.54 108.57

pathlength (um) stdev ~ 104.84 59.29 77.10 79.99 pahtlength (um) stdev 90.83 43.48 70.75 70.80

Daughter_Ratio mean 2.25 1.94 2.29 2.29 Daughter_Ratio mean 1.46 1.54 1.50 1.50
stdev 1.87 1.42 1.62 1.60 stdev 0.89 0.67 0.87 0.87

Emergent Emergent

N_Bifs mean 48.42 11.00 98.94 45.14 N_Bifs mean 31.67 7.67 27.16 27.67
stdev 15.61 9.54 387.25 73.24 stdev 9.53 5.51 47.83 48.19

Surface (um?) mean 18770.62 4318.46 43436.05 18561.08 Surface (um?) mean 11282.86 3648.81 9850.03 10039.35
stdev 11032.09 4175.34 178516.43 30810.07 stdev  8051.04 2047.92 17026.20 17149.38

Length (um) mean 10451.52  2427.75 19667.44 9146.38 Length (um) mean 6866.79 1391.62 5465.35 5568.01
stdev 3898.52 2102.72 75795.59 14653.52 stdev  2804.43 693.44 9082.06 9146.82

Column labeled Real CAI refers to the 24 traced hippocampal cells obtained from the Duke-Southampton archive. Column labeled Unedited refers to cells
created using the raw extracted data. The Edited column refers to cells created when negative tapers were not included in the data analysis, and maximum PK
value was set at 2. One of these 50 cells was several orders of magnitude larger than the others, and the No Outlier column summarizes the data on the remainder
cells. See Glossary in the online material for descriptions of parameters.
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The results of this case study confirm previous observations that virtual neurons
generated with purely local algorithm tend to excessively vary in size compared to the
real cells (18). However, this study also exposed a potential “instability” of the algo-
rithm that causes cells to grow indefinitely. This happens when the combination of
sampled values for the parameters that control diameter (specifically, taper rate and
PK) causes an initial “explosion” in the number of bifurcations, before the diameter
drops below the threshold causing terminations. Once an excessive number of “grow-
ing” branches is present, it is likely that at least some of these will generate even larger
daughters, causing a practically infinite loop. Our results demonstrate that limiting
taper rate to nonnegative values and PK to values not larger than 2 (thus preventing the
creation of daughters with much larger diameter than their parents) eliminates this
instability. Other authors have also considered taper rate too sensitive a parameter,
making it an (optimized) constant in their models (see e.g., Chapter 2 in this text).
Similarly, previous implementations of the L-Neuron algorithms also limited possible
PK values to 2 or less (/8). Why are these constraints necessary, given that basic
parameters are directly measured from the real neurons?

In the current implementation of the algorithm, the values of many parameters are
assumed to be uniformly distributed throughout the cell, but in reality they are not.
This discrepancy between model and reality is, we believe, largely responsible for the
instability of the algorithm that can lead to excessively large cells. Several parameters
tend to depend on either diameter or distance from the soma. Taper rate, for example, is
very large near the soma, where diameter falls off quickly. Distally in the dendrites,
where diameters are small and generally almost constant, taper is mostly 0. If the
statistical distribution of taper fitted from data extracted from the entire cell is used to
sample taper values near the soma (e.g., at the beginning of neuronal growth), the prob-
ability to obtain a rapid initial shrinkage in the simulated dendrite will be significantly
smaller than in real neurons. The top two graphs in Figure 6 demonstrate that a similar
situation occurs for both the major parameters controlling diameter changes (taper rate
and PK). In other words, in real neurons, the conditions (parameter values) leading to a
branch diameters increase (negative taper and PK values greater than 2) are less fre-
quent near the soma that distally. A corresponding tendency can be inferred from the
plots of the average values of these parameters at different branching orders, in both
basal and apical trees (Figs. 6C and D).

In order to address this issue, taper rate and PK could be made explicitly dependent
on branch order or path distance from the soma in the algorithm. Alternatively, since
diameter is generally monotonically decreasing with branch order and path distance
from the soma, taper and PK could be made dependent on diameter itself, which would
provide a useful feedback mechanism while maintaining the purely local approach.
Whether these dependencies and mechanisms are in turn due to specific underlying
developmental or cytoarchitecture properties of this cell class remains an open ques-
tion. Implementation of these variations of the algorithm is currently underway.

The results of the present study can be compared to those obtained with the morpho-
logical simulation of motoneurons and Purkinje cells by using similar algorithms (/8).
While the variability of emergent parameters was larger in virtual cells than in real
cells for all the morphological cells, in the motoneuron models, such a difference in the
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data variability was modest, and averages of all tested emergent parameters in virtual
cells were remarkably accurate as compared to the real neurons. In Purkinje cells, the
difference in data variability between real and virtual neurons was greater. Most emer-
gent parameters were well reproduced, with the exception of the maximum branching
order in Purkinje cells. Morphological analysis had connected that discrepancy with
topological asymmetry, and, ultimately, with the daughter diameter ratio. The issue in
the Purkinje cell case was that the daughter diameter ratio, which is assumed in these
simple algorithms not to depend on the position of the bifurcation in the dendritic tree,
had in fact a somewhat bimodal distribution, with great asymmetry (high daughter
diameter ratio) close to the soma, and almost total symmetry (daughter diameter ratio
close to one) distally (/8). A similar situation was encountered in the present case
study with CA1 pyramidal cells. However, in this case, other parameters that crucially
affect local diameter also heavily depended on distance from the soma (or diameter).
Since all L-Neuron algorithms critically depend on local diameter in determining
branching and terminating probabilities, and thus the size of the neuron, this observa-
tion explains the occurrence of “infinite growth” described in the Results section.

A further issue that emerged from this case study is that of stem diameter. The over-
all size of the generated neurons is highly dependent on the starting diameter, but in the
traced neurons, the point where the soma stops and the dendrite starts is largely set
arbitrarily. Since the decrease of taper rate with the distance from the soma is generally
extremely steep in the very proximity of the soma, a possibly robust definition of den-
dritic stem would be linked to discontinuity in the taper rate.

3.5. SPATIAL ORIENTATION

A final item of discussion concerns the issue of the spatial orientation of dendrites.
While dendrograms capture a great deal of morphological properties and are sufficient
to run single-cell electrophysiological simulations, an important component of den-
dritic morphology is the occupation of space in three dimensions. In fact, this is one of
the most important shape characteristics that neuroanatomists intuitively use in mor-
phological classifications. L-Neuron tackles the problem of dendritic orientation at four
levels (12). First, trees stem out of the soma with a given orientation, typically deter-
mined in polar coordinates as elevation and azimuth. Second, each branch (between
two consecutive bifurcations, between a stem and a bifurcation, or between a bifurca-
tion and a termination) is fragmented in smaller segments, and each of these are also
oriented, in polar coordinates, relative to their parent segment. Third, bifurcations are
further characterized by an amplitude angle and a torque angle. As for the other basic
parameters, these angles can be extracted (e.g., with L-Measure) from experimental
morphology (the parameters, with their definitions and measurement procedures, are
included in the L-Neuron files in the CD-ROM). Finally, all dendritic segments in the
neuron can be pushed in one or more particular directions (tropism /9]), such as away
from the soma, towards a plane, or along a fixed axis.

Recently, we introduced a simple model of dendritic orientation for hippocampal
cells, including CA1 pyramidal cells (25). In this model, only two tropic components
were included: (i) a push away from the soma; and (ii) a push along the apparent pref-
erential direction of growth (measured as the average orientation of all dendritic seg-
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Fig. 7. Remodeling of a hippocampal pyramidal cell (cell c12866 from Amaral’s collec-
tion). Scale bar is 200 microns for neurons and 400 microns for dendrograms. All angle infor-
mation was eliminated from the experimental morphological file. Dendrograms were then
reoriented according to a simple model that only includes stem direction, tendency to grow
straight, repulsion from the soma, and noise (25).

ments). Bayesian analysis demonstrated that the tendency to grow away from the soma
is the dominant factor in hippocampal cells. In a further approximation, the two daugh-
ters of each bifurcation were treated as independent segments, so that no additional
constraints were needed to describe bifurcations. Thus, remarkably accurate dendritic
shapes were obtained with just four parameters characterizing spatial orientation: the
azimuth and elevation of the tree stems, the “repulsion” from the soma (expressed
relative to a tendency to grow straight, i.e., in the same direction as the parent seg-
ment), and a “noise” factor, accounting for random deviations (isotropic) in three
dimensions. A complete discussion of this model is beyond the scope of the present
chapter (see [25] for more details). However, it should be mentioned that the model
could be used to “recreate” full neuronal geometry starting from the experimental “den-
drograms” (Fig. 7). Thus, the same model of spatial orientation could be applied to the
dendrograms generated with L-Neuron, such as those shown in Figure 5.

3.6. CONCLUSION

This chapter presented a “case study” of morphological simulation. We limited our
analysis to one morphological class and, most importantly, to one simple entirely local
algorithm. The goal of this study was not to find the perfect algorithm to reproduce all
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aspects of dendritic morphology. Such an algorithm will undoubtedly be fairly com-
plex, as quantitative explanations of neuroscientific phenomena typically are. In con-
trast, the goal of this chapter was to illustrate the key steps of the research strategy
underlying the search of such an algorithm. These include (i) the definition of the
hypotheses (expressed algorithmically, as in Fig. 2); (ii) the measurement of the basic
parameters from the experimental data; (ii7) their fitting and representation as combi-
nations of statistical distributions; (iv) the stochastic generation of virtual neurons; (v)
the quantitative comparison of these simulated cells with the real ones by means of
emergent parameters; and (vi) the morphological analysis to quantify the possible
causes of the discrepancies (see examples in Fig. 6). This process can be iterated to
improve the initial set of hypotheses by progressively implementing more refined algo-
rithms (see also Fig. 2 in Chapter 1 of this text).
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Optimal-Wiring Models of Neuroanatomy
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and Uri Nodelman

ABSTRACT

Combinatorial network optimization appears to fit well as a model of brain struc-
ture: connections in the brain are a critically constrained resource, hence their deploy-
ment in a wide range of cases is finely optimized to “save wire”. This review focuses
on minimization of large-scale costs, such as total volume for mammal dendrite and
axon arbors and total wirelength for positioning of connected neural components such
as roundworm ganglia (and also mammal cortex areas). Phenomena of good optimiza-
tion raise questions about mechanisms for their achievement: the examples of opti-
mized neuroanatomy here turn out to include candidates for some of the most complex
biological structures known to be derivable purely from simple physical energy mini-
mization processes. Part of the functional role of such fine-tuned wiring optimization
may be as a compact strategy for generating self-organizing complex neuroanatomical
systems.

4.1. INTRODUCTION

How well can combinatorial network optimization theory predict structure of inver-
tebrate and vertebrate nervous systems? The working hypothesis explored here is that
brain connections are singularly limited, both in volume and in signal-propagation
times; therefore, minimizing costs of required connections strongly drives nervous sys-
tem anatomy. Network optimization theory is the field in computer science that has
developed formalisms of scarcity for expressing and solving problems of “saving wire.”
The question then is, how well do such concepts in fact apply to the brain? The main
technique of these studies is computational experiments, the main hurdle the exponen-
tially exploding computational requirements of optimization searches to evaluate con-
nection-minimization of the neuroanatomy.

Good optimization findings focus attention upon possible biological mechanisms.
Network optimization problems are among the most computationally intractable
known; in general, only an exhaustive search of all possibilities can guarantee exact
solutions. However, some “quick but dirty” probabilistic/approximation procedures
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developed for microcircuit design suggest candidate models for biological mechanisms
of neuroanatomy optimization. In particular, we report positive results for neural opti-
mization via genetic algorithms and via vector mechanical energy-minimization simu-
lations. In fact, the latter models constitute an instance of self-organizing
morphogenesis of highly complex biological structure directly from simple physical
processes.

4.2. CONCEPTUAL BACKGROUND

The theoretical framework of this work grew out of methodological studies of pre-
vailing models of the agent in microeconomic, game, and decision theory (/,2). The
basic finding was that these models typically presupposed agents with unlimited com-
putational capacities, and more realistic bounded-resource models were then devel-
oped. Subsequently, the same approach was applied in computer science, to
connectionist models of massively parallel and interconnected computation that were
intended to be more neurally realistic than conventional von Neumann computational
architecture (cf [3]); again, the models tended to overestimate available resources dras-
tically—here, actual connectivity in the brain. At least initial connectionist models
often tacitly assumed neural connections were virtually infinitely thin wires. In assem-
bling the quantitative neuroanatomy necessary for evaluating neural feasibility of
connectionist models, it became evident that a weaker but still discernible trend toward
overestimation of resources then pervaded even some neuroanatomy (4).

Thus, a bounded-resource philosophical critique of mind-brain science (“We do not
have God’s brain”) focused attention on neural connections as a critically constrained
neurocomputational resource. Through combinatorial network optimization theory, a
positive research program emerged: if actual brain connections are in severely short
supply, is their anatomy correspondingly optimized? The investigation thus falls in a
Pythagorean tradition of seeking simple mathematical patterns in observed natural
forms (e.g., [5]). In fact, minimum wiring interpretations of neuroanatomy can be
traced back at least as far as Cajal’s qualitative “laws of protoplasmic economy” (6,7)
and have continued to receive attention (e.g., /8]).

The human brain is commonly regarded as the most complex physical structure
known in the universe. In the face of such overwhelming intricacy, neuroanatomy tra-
ditionally tended toward “descriptive geography” of the nervous system, i.e., relatively
low-level ad hoc characterization of individual neural structures. The abstractive power
of concepts from computation theory would aid in coping with the unparalleled com-
plexity of the brain. In particular, network optimization theory may provide a source
for a “generative grammar” of the nervous system, some general principles that com-
pactly characterize aspects of neuroanatomy. Of course, connection minimization is
unlikely to be ubiquitous in the nervous system; indeed, given the many other compet-
ing desiderata driving design of a brain, the striking observation is that it should hold in
even some conditions. The question, then, is characterizing where “save wire” does
and does not apply.

For example, in the Caenorhabditis elegans ganglia case sketched below in Sub-
heading 4.4.2., we reduced approximately one thousand pages of published anatomy
diagrams (9a—c) to a 100-page database, which, in turn, was represented as a 10-page
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connectivity matrix (see Fig. 2 in [/0]), which we then computationally verified to
conform to connection-minimizing component placement optimization better than any
of the nearly 40 million alternative possible layouts (see Fig. 1). If these types of result
are confirmed, they constitute a predictive success story of recent quantitative
neuroanatomy.

4.3. NETWORK OPTIMIZATION THEORY

The theory of NP-completeness emerged around 1972 (11,11a); the key formal con-
cept of a computational problem being NP-complete (nondeterministic polynomial-
time complete) is strongly conjectured to be linked with a problem being intrinsically
computationally intractable—that is, not generally solvable without exhaustive search
of all possible solutions. Because the number of possibilities combinatorially explodes
as the size of a problem-instance grows, such brute force searches are extremely
computationally costly. For example, a 50 component system would have 50! possible
alternative layouts, which is far more than the number of picoseconds since the Big
Bang 20 billion years ago. Many of the most important real-world network optimiza-
tion problems (e.g., the best known, Traveling Salesman) have been proven to be
NP-complete or worse in computational complexity. Steiner tree and component place-
ment optimization, problems examined here, are of this type, having been proven to be
“NP-hard”.

Steiner tree has been studied in its simplest form at least since the Renaissance
(12,13). The most relevant version of the problem is: given a set of fixed node loci, find
the set of arcs (or branch segments) between those loci that interconnects all loci and
has shortest total length. The resulting network will always constitute a tree. When it is
permitted to have branch junctions only at node sites, it is a minimal spanning tree;
when branch junctions may also occur at sites that are not nodes, it constitutes a Steiner
tree. The total length of the Steiner tree for a set of nodes is equal to or less than the
length of the minimal spanning tree for the nodes. For example, Figures 2A and B
show, respectively, a minimal spanning tree and a Steiner tree for five nodes on a
plane. The Steiner tree is about 4% shorter than the minimal spanning tree.

Since Steiner tree is a member of the class of NP-hard problems, it is not surprising
that the largest unconstrained Steiner tree problems that can currently be solved have
only approx 100 nodes (cf [/4]). However, while minimal spanning trees are equal to
or longer than corresponding Steiner trees, they are not at all computationally intrac-
table; exact algorithms for them today perform well for quarter-million node sets. The
basic question of goodness of fit of the Steiner tree concept to actual neuroanatomy is:
do the dendritic and/or axonic arbors of a neuron form optimized Steiner trees inter-
connecting the cell body with a set of synaptic loci? The key idea needed for such
applicability is that for real-world trees, living and nonliving, not all segments are equal:
the concept of an optimal tree had to be extended to include variably weighted branches
and trunks (15).

Component placement optimization (“quadratic assignment problem”), the other
wiring problem focused upon here, has received the most attention in computer science
in connection with design of large scale integrated circuits (16, /6a). The problem can
be defined as: given the connections among a set of components, find the spatial layout
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Fig. 1. Distribution of wirecosts (total wirelength) of all possible layouts of ganglia of C.
elegans. A 10,000-bin histogram compiled from exhaustive search of all 39,916,800 alterna-
tive orderings of the 11 ganglia. Least costly and most costly layouts are rarest. In effect, the
search approximates a simulation of the maximal possible history of the evolution of this aspect
of the nervous system. The worm’s actual layout (Fig. 2 in [/0]) is in fact the optimal one,
requiring the least total length of connecting fiber of any of the millions of possible layouts. For
comparison, the last-place, “pessimal” layout would require about 4 times as much total con-
nection fiber as the optimal one. (See [7]).

of components that minimizes total connection costs. The simplest cost-measure is
length of connections (often represented as the sum of squares of the lengths); usually
the possible positions for components are restricted to a matrix of “legal slots”. As a
simple example, Figures 3A and B diagram two of six possible configurations of com-
ponents 1, 2, and 3 in slots A, B, and C; for the connections among the components,
placement 3a requires the most total connection length and 3b the least.

Again, computation costs for the exact solution of component placement optimiza-
tion problems are of a magnitude not encountered in most bioscience computing, out-
side of gene-sequencing, and constitute one of the principal technical impediments of
this research. For n components, the number of alternative possible placements is n!
(Size of this search space is generally unaffected by whether permissible component
positions are located in 3, 2, or 1 dimensions.) Heuristic procedures that yield approx
optimal solutions can be much more feasible, but their performance (e.g., how close to
optimality are they likely to come) is not well understood.

Perhaps the most salient and daunting feature of nontrivial global optimization prob-
lems is the presence of local minima traps on the optimization landscape—that is,
parameter values that yield least costs within a subregion of the search space, but not
across the total space. For example, with regard to vector mechanical force-minimiza-
tion treatments of the above two problems: (i) the dendritic tree of Figure 4C is subop-
timal because of its topology, while Figure 4D shows the minimum cost topology; no
vector mechanical tug of war re-embedding the suboptimal topology can ever trans-
form it into the best topology; and (ii) similarly, Figure 5 shows a vector mechanical
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A

Fig. 2. Minimal spanning tree (A) and Steiner tree (B) for five nodes on a plane surface. The
Steiner tree is shorter, but much more computationally costly to construct. Adapted from (20).

local minimum trap for the roundworm ganglion component placement problem. The
extensive modeling of cellular structures and processes in terms of compression—ten-
sion “tensegrity” by Ingber (e.g., [17,17a]) does not deal with local minima and, there-
fore, cannot account for such global optimization via evading such traps.
Correspondingly, Van Essen’s tension-based model of cortical folding, in terms of
white matter tensegrity, also does not deal with local minimum traps and, so, will not
suffice for global optimization problems of wiring minimization (/8—18b).

4.4. OPTIMIZATION MECHANISMS

From evaluating how well neural structures conform to minimum wiring principles
of economical use of connections, we have gone on to seek biological mechanisms of
the observed extremely fine network optimization. The emerging picture is that, cor-
responding to “Save wire” neuroanatomy optimization results, we have found neu-
roanatomical candidates for some of the most complex biological structures shown to
be derivable purely from simple physical processes (cf //9]). This constitutes a further
stage in developing an understanding of the generative rules that yield the highly com-
plex anatomy of the nervous system.

4.4.1. Large-Scale Optimization of Dendrites and Axons

Some complex neuron arbor structure seems to be self-organizing, with no need of
evolutionary mechanisms for its creation. While the key underlying pattern is network
optimization, “Save wire” (in particular here, minimize total volume), the specific
hypothesis in this case is, neuron arbor morphogenesis behaves like flowing water (see
[20]). The volume minimizing fluid dynamic model yields two confirmed results: () it
predicts diameters of branches at junctions; and (i7) from those diameters, branching
angles and junction loci can then be predicted. The major methodological enterprise of
the project centered on developing STRETCH—a package of algorithms for the
computationally intractable (NP-hard) task of generating optimal trees (/3) with vari-
able branch-weights—as the gold standard against which to compare observed neu-
roanatomical trees.

Neural fluid mechanics is a simple fluid-dynamical model, for minimized walldrag
of pumped flow through a system of pipes, that will predict branch diameters of some
types of dendrites (e.g., of mammalian retinal ganglion cells) and axons (e.g., in rodent
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Fig. 3. Component placement optimization: two alternative placements of elements 1, 2, and
3 in positions A, B, and C. For the given interconnections, placement (A) has greater total
connection length than placement (B). Adapted from (7).

thalamus) almost as well as it predicts configuration of nonliving tree structures such
as river drainage networks. For neurons, the fluid dynamics falls in the laminar-flow vs
turbulent regime.

Waterflow in branching networks, in turn, acts like a tree composed of a weights-
pulleys-cords system (non-Hooke’s Law), that is, vector mechanically; so also do the
neuron arbors. As a result, the trees globally minimize their total volume to about 5%
of optimum for interconnecting their terminals (see Fig. 4). One unanticipated moral
that emerges is that, in a sense, “Topology does not matter”, that is, the worst or
“pessimal” connection pattern typically costs only relatively little more than the opti-
mal pattern, compared to the wide corresponding possible range of costs for embed-
ding a given topology. The conclusion here is only that this minimum volume
configuration is the default neuron arbor structure, probably often modified in many
complex ways (cf, e.g., [21]).

4.4.2. C. elegans Ganglion Placement Optimization

We have extended the above results on large-scale optimization of individual neu-
ron arbors to the entire C. elegans nervous system. The basic picture is indeed that
vector mechanics suffices for optimization of placement of the ganglia of C. elegans.
As mentioned earlier, our prior research had found that the actual placement of the
ganglia in the worm was optimal, in that it required the least total length for the animal’s
(approx 1000) interconnections, out of roughly 40 million alternative possible gan-
glion orderings (see Fig. 1). We had also reported a related set of optimization results
for rat, cat, and macaque cortex, in terms of placement of connected Brodmann areas
that conforms to an “Adjacency Rule” (7,10,22,23). (Nonetheless, as we have noted
(22), the majority of connections in the actual worm are not to nearby components;
therefore, merely positioning components so their connections tend to go to nearby
components will not in itself suffice to yield the minimum wirecost layout.) As men-
tioned, if this 1-in-10-million type of result is replicated, it begins to approach some of
the most precise confirmed neuroanatomy predictions (see [24, 24a]); hence, we sought
convergent support by finding feasible mechanisms for such fine-grained optimization.

We have constructed Tensarama, a force-directed placement simulator, in which
each of the worm’s connections behaves like a microweight-and-pulley system (Fig. 5
shows a screendump). Analog hardware devices of this type have been used to solve
simple (noncombinatorial) placement optimization problems for over a century (25,
25a). (Similar “mesh of springs” simulations have become a focus of current modeling
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100pm

Fig. 4. Optimization analysis of a 5-terminal subtree from dendritic arbor of an o ganglion
cell in rabbit retina. (A) A quadrant of the original camera lucida drawing containing the subtree
(after [35]); soma is in upper right corner. “Leaf terminals” of the analysis are boxed (note that
one of them is not a branch termination); “root-terminal” is at soma. (B) Wireframe representa-
tion of actual tree, with branch segments straightened between loci of terminals and internodal
junctions. The labels give diameters assigned to the branch segments via the power law of the
laminar-flow model. (C) Optimal re-embedding of the topology of the actual tree, with respect
to total volume cost, via the STRETCH algorithm; this minimum volume embedding of the
actual topology is 1.06% cheaper than the volume of the actual tree in panel B. (D) Optimal
embedding of the optimal topology for the given terminal loci, with respect to volume-cost. It
can be seen to differ from the actual topology of panels A-C; it is only 2.64% cheaper in
volume than the actual topology in its actual embedding, in panel B. (E) Optimal embedding of
the optimal topology, with respect instead to total tree surface area; actual vs optimal error is
now 27.22%, much greater. (F) Optimal embedding of the optimal topology, with respect to
total tree length; actual vs optimal error is now 60.58%, even greater. Thus, this dendritic arbor
best fits a minimum volume model. Adapted from (20).

of protein folding of amino acid chains [26].) Over a wide range of initial input con-
figurations of the ganglia, our vector mechanical net outputs the actual layout via tug-
of-war, converging upon equilibrium at the actual minimum wirecost positioning of
the ganglia—without major susceptibility to local minima traps. We have also con-
structed Genalg, a genetic algorithm (cf [27]) package that stably outputs the actual
minimum wirecost placement (see Fig. 5); it is, in effect, a demonstration that evolu-
tionary processes suffice for worm wiring optimality. (A caveat on interpretation of the
vector mechanical models: while actual physical forces appear to drive neuron arbor
optimization, it is likely in the case of nematode ganglion layout that the forces in-
volved should instead be viewed more abstractly as governing natural selection pro-
cesses; neuron somata need not, in fact, move during development of the individual
organism. We have similarly argued (7) concerning the simplest neural component
placement problem, of brain positioning, that the brain’s sensory-motor connections,
of course, do not behave literally vector mechanically over evolutionary history.)

But the bottom line here once more seems to be that, in a sense, “Physics suffices”:
since no genome is required for this self-organization, some interesting limits may
thereby emerge on the Central Dogma of genetics. (Cf also the related picture regard-
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Fig. 5. GenAlg, a simple genetic algorithm, rapidly and reliably finds the optimal (minimum
wirelength) layout of C. elegans ganglia. The initial population in this run is small, 10 individu-
als, each here with a reverse ganglion ordering of that found in the actual worm; the algorithm
converges upon the minimum total wirecost layout (87,803 pm) in only 130 generations. The
evolution of wirecost shows the usual pattern: a very rapid initial improvement of fitness (about
90% during the first 20 generations), followed by a much longer slower fine-tuning phase to
optimality. Some of the random mutations cause the half-dozen brief “blips” of increased mean
wirecost of the population during the later phase. The robust performance of this genetic algo-
rithm, and also of our force-directed placement algorithm, is further converging support for the
hypothesis that the actual layout of C. elegans is in fact perfectly optimized.

ing prions [28].) A discrete-state process like a genetic algorithm is not needed to
generate highly complex types of biological structure. One rationale for nongenomic
anatomy-generating processes, as well as for such simple generative rules as “Save
Wire,” is apparent in a dilemma that nature confronts: human brain wiring is among the
most complex structures known in the universe, yet its layout information must pass
through the “genomic bottleneck™ of very limited DNA information representation ca-
pacity (3,15). The harmony of neuroanatomy and physics suggested here would lower
this hereditary information load by accomplishing network optimization without re-
quired participation of the genome.

Another observation of robustness worth further study is that, for both the global
arbor and ganglion neural optimization problems, random noise injection (e.g., as in
simulated annealing [29]) generally was not needed to evade local minima traps—
unlike for typical network optimization problem instances.

Mapping “chaotic” optimization landscapes: we have found that both a genetic algo-
rithm like GenAlg and a force-directed placement (FDP) algorithm like Tensarama
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Input: actual.mtx

TENSARAMA

Head Tail
0 0 1 1 2 2 3 3 4 4 5
0 5 0 5 0 5 0 5 0 5 0 Tetrons

PH (100.000000)
AN (300.000000)
RNG (440.000000)
DO (506.000000)
LA (564.000000)
VN (744.000000)
RV (1096.000000)
vCa (2004.000000)
VCp (4004.000000)
PA (4874.000000)
DR (854.000000)
LU (928.000000)

Final layout popped out after: 1,000,000 iterations
Tension Constant: 0.001000
Total Wirecost: 88485.250000 um

Fig. 6. Runscreen for Tensarama, an FDP algorithm for optimizing layout (minimizing total
wirecost) of C. elegans ganglia. This vector mechanical simulation represents each of the
worm’s approx 1,000 connections (cf Fig. 2 in [10]) as a weight-and-pulley (non-Hooke’s
Law) element acting upon the movable ganglia “PH”, “AN”, etc. (Connections do not appear
on the runscreen, nor do fixed components such as sensors and muscles). At each iteration, the
program computes net horizontal force on each ganglion, and correspondingly updates its left/
right position; the cycle is repeated a given number of times. (Ganglion locations are in
“tetrons”, or quarter-microns, to decrease round-off errors.) The most striking feature of
Tensarama performance for the actual worm’s connectivity matrix is its comparatively low
susceptibility to local minima traps—unlike Tensarama performance for minor modifications
of the actual connectivity matrix and unlike FDP algorithms, in general, for circuit design.
However, the above screendump shows the final configuration of the system for an identified
“killer” initial configuration input of the actual matrix: Tensarama has frozen in a local mini-
mum with ganglia in positions (notably, ganglia DR and LU in head, rather than tail) that yield
a final layout wirecost of 88,485.25 um, about 0.8% more than the actual layout. The fatal
initial layout here (ganglion left edges at O tetrons) differs only slightly from a quite innocuous
initial layout (ganglion centers at 0).

perform notably well in optimizing ganglion placement for the actual connectivity
matrix (Fig. 2 in [10]) of C. elegans. However, this good performance turns out to be
interestingly narrow-tuned: (i) adding or removing as little as a single connection (of
approx 1,000 total) in some cases can change the actual matrix into a “killer matrix”
input that is highly prone to paralyzing an FDP algorithm in local minima traps; (ii)
similarly, some “killer layout” initial input positionings of the ganglia of the actual
matrix will paralyze the FDP algorithm (Fig. 6). Each of these instances of discontinu-
ous, very sharply tuned performance prima facie suggests chaotic structure (e.g., [30])
and seems worthy of systematic exploration. Each exhibits a Butterfly Effect: some
quite small changes of input conditions, but only in a limited range, yield drastic
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changes in behavior. We need to compare these natural neuroanatomical connection
matrices with some typical benchmark micro circuits (e.g., [37]). Such studies entail
basic mapping of the optimization terrain. For instance, the “neighborhood” around
actual layouts (i.e., the subregion of nearby layouts that differ from the actual one by
only a small number of component swaps) appears to be a particularly good one, which
is richer in lower cost layouts than randomly sampled zones.

4.5. FUNCTIONAL ROLE OF NEURAL OPTIMIZATION

Finally, a larger question: if one takes seriously the above instances of distinctively
fine-grained neural optimization, a larger question emerges: why is such extreme con-
nectivity minimization occurring? Of course, “Save wire” has obvious fitness value as
explained earlier—in reducing volume of a delicate metabolically costly tissue and in
reducing signal propagation delays in a notably slow transmission medium. For
instance, neuron volume minimization directly minimizes the significant metabolic
“pumping” costs of maintaining ion concentrations across cell membranes (32). None-
theless, such optimization nearly to absolute physical limits is only rarely encountered
in biology (for instance, human visual and auditory system amplitude sensitivities under
good conditions and the silk moth olfactory system, which can detect single molecules
of mating pheromones [33-33b]). The usual view (e.g., [34]) is that nature cannot
afford to optimize, but instead, like any finite resource engineer, only satisfices with a
compromise among competing desiderata that is “good enough”. Natural selection al-
most never gets to begin with a clean slate, but instead must design organisms as a
prisoner of prior evolutionary history.

Thus, the type of striking neural optimization we are observing, in itself, needs
explanation regarding its functional role: it could be a clue about basic brain mecha-
nisms that require such extraordinary connectivity minimization, and/or a sign of some
unexpectedly feasible means of attaining such optimization, and/or, as mentioned
above, part of an economical scheme for generation of complex structure. Neuroana-
tomical cases, where such optimization is not present, become as diagnostically sig-
nificant as cases where it is present. “Why”, thus, becomes as important as “how” here.
Attention thereby turns to issues of neural function as well as structure—in any case,
the two really mesh seamlessly. Just as a real brain does not consist of infinitely thin
wires, its connections do not have virtually infinite signal propagation velocity. Hence,
the methodological approach we started with for brain structure volume, and the issue
of stringency of limits upon it, needs in turn to be recapitulated for brain function and
its temporal constraints.
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The Modeler’s Workspace

Making Model-Based Studies
of the Nervous System More Accessible

Michael Hucka, Kavita Shankar, David Beeman,
and James M. Bower

ABSTRACT

A realistic neuronal model represents a modeler’s understanding of the structure and
function of a part of the nervous system. The increasing number of such models repre-
sents a significant accumulation of knowledge about the structural and functional orga-
nization of nervous systems. However, locating appropriate models and interpreting
them becomes increasingly more difficult as the number of online model and experi-
mental databases grows. The central motivation for the Modeler’s Workspace project
is to address these problems.

The Modeler’s Workspace is a collection of software tools being created to enable
users to interact with databases of models and data. It will provide facilities for: search-
ing multiple remote databases for model components based on various criteria; visual-
izing the characteristics of the components retrieved; creating new components, either
from scratch or derived from existing models; combining components into new mod-
els; linking models to experimental data as well as online publications; and interacting
with simulation packages such as GENESIS to simulate the new constructs. It is being
written in Java for portability and extensibility. It is modular in design and uses
pluggable components. To increase the probability that the Modeler’s Workspace will
be compatible with future databases and tools, we are using the XML, the eXtensible
Markup Language, as the interchange format for communicating with databases.

5.1. INTRODUCTION

A structurally realistic neuronal model represents a modeler’s understanding of the
structure and function of a part of the nervous system. As the number of neurobiolo-
gists constructing realistic models continues to grow, and as the models become ever
more sophisticated, they collectively represent a significant accumulation of knowl-
edge about the structural and functional organization of nervous systems. But at the
same time, locating appropriate models and interpreting them becomes increasingly
more difficult as the number of online model and experimental databases grows. This
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is exacerbated by the fact that computational models developed by different research-
ers are often implemented using different software tools.

The central motivation for the Modeler’s Workspace project is to address these prob-
lems (7). Our goal is to develop a free open software environment that provides a
variety of capabilities, including: searching multiple remote databases for model com-
ponents based on various criteria; creating new components; combining model compo-
nents together and translating them into formats suitable for simulation systems such
as GENESIS (2), NEURON (3), XPP (4), or NEOSIM (5); managing personal data-
bases of models and other information; and collaborating interactively with other
researchers to work with models and simulations. The Modeler’s Workspace is being
written in Java (6) for portability and extensibility. It is modular in design and uses
pluggable components. To increase the probability that the Modeler’s Workspace will
be compatible with future databases and tools, we are using the XML, the eXtensible
Markup Language (7) as the interchange format for communicating with databases.

In this chapter, we describe a design for the Modeler’s Workspace user interface,
overerall architecture, model representation scheme, and the motivations behind the
various design decisions. We believe that the Modeler’s Workspace can provide inte-
grated access to a wide variety of model databases and simulation tools. The system’s
modular and extensible design will make it possible for others to write new compo-
nents, for example for handling new forms of model representations or interfacing to
new databases. In fact, it is our hope that by providing a sound, open framework, and a
collection of elements demonstrating its capabilities, others will be encouraged to con-
tribute to its implementation and add new functionality to the environment, rather than
create entirely new software tools or simulator-dependent model representations.

5.2. THE NEED FOR MODEL-BASED APPROACHES

The field of biology has made great advances over the last several decades in our
ability to describe experimentally the organization of biological systems. However,
with these technical advances has come an enormous increase in the amount of avail-
able data, in many cases already exceeding the ability of single investigators to keep up
with what is known. For this reason neuroscience, and biology as a whole, is running
the risk of becoming increasingly fragmented and disorganized.

The stress of information overload and the lack of appropriate conduits for informa-
tion have lead to several national and multinational efforts to develop electronic data-
bases (8). Most of these projects are based on the idea that information in electronic
form is more readily accessible and manipulated than traditional forms of publication.
However, it is our view that in order for these efforts to be successful, they must pro-
vide enhanced functionality over traditional means of distributing information. To take
one example, efforts at providing electronic forms of data delivery need to address the
difficult issue of data validation. Data validation involves not only assessing the likely
accuracy of the information stored, but also providing some measure of the relevance
of the data to the current state of our understanding. In traditional forms of scientific
data reporting, the peer review process provides the means of validating accuracy, while
the discussion sections of published papers provide the opportunity to speculate on the
functional significance of the results. It is not clear that electronic databases in their
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existing forms will provide these functions. Creators of electronic databases seem to
assume that if the databases are available, interested parties will figure out how to use
them appropriately.

5.2.1. The Role of Structurally Realistic Models

We believe that computational models provide a much more sophisticated, flexible,
and powerful base for electronic storage and retrieval of information than do tradi-
tional on-line databases. Our work has, therefore, focused on developing tools for work-
ing with structurally realistic biological models. These are models whose first objective
is to capture what is known about the anatomical structure and physiological character-
istics of a neural system of interest.

In the case of a model of part of the brain, for example, this modeling approach
typically starts with as detailed a description as possible of the relevant neuroanatomy.
At the single-cell level, this usually means a description of the 3D structure of the
neuron and its dendritic tree (9). Most contemporary modeling approaches for realistic
models of neural cells are based on compartmental modeling (/0). In each case, the
overall compartmental structure of the model is first established on the basis of neu-
roanatomical details. Information about neuronal morphology used in computational
models typically includes such parameters as soma size, length of interbranch seg-
ments, diameter of branches, bifurcation probabilities, and density and size of dendritic
spines. At the neuronal network level, parameters include some description of the cell
types found in the network and their connectivity (/7). The next stage of structurally
realistic model building involves establishing the basic physiological behavior of the
modeled structure, for instance by tuning the model to replicate neuronal responses to
experimentally-derived data (9,/2). The final stage of model construction involves
exploring the model’s behavior to novel inputs, using it to generate new ideas about the
neural system’s function, as well as a guide for new experimental investigations.

As a result of their faithfulness to biological anatomy and physiology, structurally
realistic models can be a means of storing anatomical and physiological experimental
information. As model sophistication grows, structural models themselves become a
form of information storage about the biological systems being studied.

5.2.2. Data Evaluation and Functional Assessment

Because of their nature, structurally realistic models also contain precise informa-
tion about the relationships between known facts. For example, neurons display a wide
range of dendritic morphologies, ranging from a single simple dendrite in retinal bipo-
lar cells to compact but highly branched spiny and smooth arborizations of the cerebel-
lar Purkinje cell. Detailed compartmental models of reconstructed neurons have
become important tools for investigating how dendritic morphology and membrane
biophysics interact (/3) in integrating synaptic inputs (/4) and propagation of action
potentials (15,16), with further implications for development and plasticity (16).

Another issue related to the quality of stored electronic data involves the question of
which data are most relevant and, therefore, useful to our current knowledge of a par-
ticular system. Just because data can be collected does not necessarily mean that this
data will help expand our current understanding of a particular system. Modeling can
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reveal the importance of a particular data point as well as provide an immediate context
for the data once obtained. To take one example, in one effort at modeling Purkinje
cells (9,17), the morphology of the models was based on a detailed light microscopic
reconstruction of horseradish peroxidase-filled guinea pig Purkinje cells (/7,18), and
all simulations were usually performed with a model based on the morphology of cell
1. However, when identical channel equations and densities were placed onto two
additional Purkinje cells with morphologies labeled as cell 2 and cell 3 (19), the details
of the firing patterns were quite different for these three morphologies. The firing pat-
tern of cell 3 with current injection was more similar to cell 1, but with a shift in the
frequency-current curve. This turned out to be because of the small soma and short thin
main dendrite, which caused smaller total potassium delayed rectifier and muscarinic
conductances in the model of this cell (9, /7). This understanding would be difficult to
achieve without the ability to perform “computer experiments” on structurally realistic
models.

Finally, perhaps the most valuable contribution of a structural model is the way in
which it can help to organize our understanding of the system being studied. In the
large and growing electronic databases of the most common type in use todays, it is not
at all clear how the data will contribute to our understanding of function. Models, how-
ever, are specifically constructed to explore the functional implications of the data on
which they are built. Models, thus, can serve not only as the point of entry for data;
they can also serve as dynamic tools that can be used to understand its significance. As
models become more sophisticated, so does the representation of the data. As models
become more capable, they extend our ability to explore the functional significance of
the structure and organization of biological systems. Thus, there is a direct link between
the ultimate objective of acquiring the data and the data acquisition process itself.

5.3. OVERVIEW OF THE MODELER’S WORKSPACE

The Modeler’s Workspace project is an effort to create a software environment that
will make it easier for biologists to develop, use, and share structurally realistic models
and, thereby, gain some of the benefits discussed above. As mentioned in the introduc-
tion, our goal is to provide the following kinds of facilities in the system:

1. Search and retrieval facilities for interacting with multiple databases of models and other
information.

2. Facilities for creating, editing and visualizing models and their components.

3. Facilities for combining model components together and translating them into formats
suitable for simulation systems such as GENESIS and NEURON.

4. Facilities for linking models to experimental data as well as online publications.

5. Facilities for managing a personal database where a user can collect models and other
objects.

6. Collaboration facilities for connecting one or more users together, to allow them to simul-
taneously edit objects in a shared database and communicate with each other using chat
facilities.

There are three main elements in the system: a user interface, a database server, and
a global registry and repository called the Modeler’s Workspace Directory. In this sec-
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tion, we summarize the overall organization and intended operation of the Modeler’s
Workspace from a user’s perspective. In Section 5.4., we turn to the software architec-
ture of the system, describing in more detail its extensible modular structure.

5.3.1. The Modeler’s Workspace User Interface and Workspace Database

The Modeler’s Workspace User Interface is being implemented as a stand-alone
program written in Java that can run either as a separate application or as an applet
from within a Web browser. All user interactions with the Modeler’s Workspace take
place through the User Interface component. The Workspace Database, the database
component of the system, is a separate server program that can act as both a pri-
vate repository for a user’s work (where models, notes, and other objects are stored)
and as a rendezvous point for collaborative activities. The User Interface communi-
cates with the Workspace Database using network protocols.

A Workspace Database contains objects that represent different types of entities,
such as models or bibliographic references. Each database object is structured accord-
ing to a particular template. A template defines the format of an object, including its
attributes and subattributes and the permitted types of data that can be stored in each
attribute. Model attributes potentially can be of any type, including other models. Tem-
plates have names, and different templates are used to define different types of objects.
Some of the basic types of objects predefined by the Modeler’s Workspace are
“Author”, “Reference”, “Data”, “Neuron Model”, and “Ion Channel Model.” We dis-
cuss templates and representation issues in more depth in Subheading 5.5.

The separation of the two components allows the flexibility of connecting to a
Workspace Database from different computers. The User Interface will be available
for downloading from the Modeler’s Workspace Web site and will run on any Java-
enabled computer connected to the Internet. When the User Interface is started, it
prompts for the network address of the Workspace Database, as well as a login name
and password for accessing the database. This approach allows a roaming user to access
his or her models and notes from anywhere on the network, using almost any kind of
computer—from a public-access computer in a library to a laptop connected to the
Internet via a modem.

5.3.2. Elements of the User Interface

There are three central regions in the User Interface: the Build pane, the Search
pane, and the Connect pane. The first pane provides an interface for managing one’s
personal database of objects; the second, for searching other databases; and the third,
for connecting to a specific Workspace Database for the purpose of browsing its con-
tents and (optionally) engaging in collaborative activities with other connected users.

Figure 1 shows a prototype of the Build pane in the User Interface. The upper left
region of the Build pane contains a list of the template types known to the system; the
upper right region provides a listing of the objects in the user’s Workspace Database
that are based on a selected template; and the bottom half of the pane contains a win-
dow to the command line interpreter of a neuronal simulation package (in this example,
GENESIS). The user may select objects in the Workspace Database list in the upper
right and perform actions on them, such as editing them in an inspector window
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Fig. 1. A prototype of the Modeler’s Workspace User Interface. It consists of a menu bar, a

tool bar, a large central area, and a status bar at the bottom. This particular prototype shows the
Build pane.

(described next) or sending them to the running simulation program. The columns dis-
played in the table can be changed through a dialog box accessed through the “Custom-
ize View” button.

Editing and viewing of objects in the Build pane takes place using graphical inter-
face tools called inspectors. An inspector is simply a user interface module designed to
let a user interact with information in a certain way. The default inspector in the
Modeler’s Workspace is called the Generic Inspector; it displays an object using a tree-
structured table of attribute-value pairs and is used as the default editor/viewer for
those types of objects that do not have their own specialized inspector.

Inspectors are incorporated into the Modeler’s Workspace through a pluggable com-
ponent architecture (with “plugin” software modules), so that new ones can be added
dynamically to support new templates. Specialized inspectors may provide other modes
of interaction besides the form-based approach of the Generic Inspector; for example,
a single-cell inspector would provide a graphical, 3D tree viewer/editor for working
with cell morphologies. A few different inspectors will be provided with the Modeler’s
Workspace. As others become available, they will be made available for downloading
through the Modeler’s Workspace Directory (see Subheading 5.6.).

The Search pane will provide the ability to search multiple databases for objects
having specific characteristics. As shown in the prototype in Figure 2, the pane con-
tains three main regions. The first region provides a pull-down list of known templates
and a form. Once the user selects an object type from the list of templates, in order to
indicate the type of object desired, the form is filled with attribute name-value slots
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Fig. 2. A prototype of the Search pane. The upper left area allows the user to specify the
object characteristics to search for; the upper right area allows the user to specify which data-
bases should be used in a given search; and the bottom half provides a summary of the search
results.

corresponding to the chosen template. This allows the user to specify the attribute val-
ues on which to search. The form is similar to that presented by the Generic Inspector
mentioned above. The second region in the Search pane displays a list of databases.
This allows the user to select which databases should be used for a search. The third
region in the Search pane contains a table listing the results of the search. The columns
in this table summarize the different attributes of the objects matched by the search. To
obtain more detailed information about a given object, the user can double-click on a
line in the table to view the object in an inspector window. More than one object can be
inspected simultaneously, allowing, for example, multiple models to be examined side-
by-side in separate windows. The user can also import objects from the search results
into their personal Workspace Database.

In addition to searching multiple databases using the Search pane, a user may want
to connect to a single Workspace Database and browse its contents. The Connect pane
provides this one-database-at-a-time connection capability. It resembles the Build pane
in organization, with a line at the top naming the currently connected database and a
central region containing a table listing the contents of the database. As in the Build
pane, the user can double-click on an entry to examine it in detail in an inspector win-
dow. If the user has write access to the Workspace Database, she or he can also edit
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Fig. 3. Prototype of the Site Browser. This particular example screen displays the Databases
pane, when the user is being asked to select a database for the Connect pane.

objects in this way. The Connect pane also provides the basis for engaging in collabo-
rative activities with other Workspace users. Connecting to another user’s Workspace
Database (assuming that the owner has set appropriate permissions) allows one to view
and possibly edit the objects in that database. The Workspace Database server is
designed to allow multiple such simultaneous users to be connected. The User Inter-
face implements a chat facility and a shared desktop viewing capability that allows all
users connected to a particular Workspace Database to communicate with each other
and see what each other sees on her or his computer screen. This is intended to make it
easy for users to interact and work together on developing models.
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5.3.3. The Site Browser

The need to select from a collection of databases or a collection of users occurs in
several contexts in the Modeler’s Workspace. Since databases and users are geographi-
cally scattered, a map-based interface, the Site Browser, will be presented to the user in
these situations in order to provide cues that may help the user locate and remember the
items involved. The Site Browser contains two tabbed panes, Databases and MW Users.
The first pane displays a map of the world and a table of databases known to be pub-
licly accessible. The map displays the geographic location of each database. In the MW
Users pane, the same map-and-table interface is used, but here, the table contains a list
of the users known to be actively using the Modeler’s Workspace. The map in this case
displays the geographic location of each user. The information in all cases is obtained
by contacting the Modeler’s Workspace Directory. Figure 3 shows a prototype of the
Site Browser.

5.3.4. Access to Neural Simulation Packages

The final component of the Modeler’s Workspace User Interface is the facility for
communicating with simulation software. Interaction with simulators is supported
through a plugin architecture, so that any simulation package can potentially be inter-
faced to the Modeler’s Workspace once someone writes an appropriate plugin module
and it is made generally available. Although this interface will be most useful for simu-
lators such as GENESIS or NEURON, which construct structurally realistic compart-
mental models and can make use of the model representations that we provide, the
programming interface is available for use by any simulator, including more general
purpose ones such as Yorick or MATLAB. Interaction with the package takes place in
the Build pane, which provides a window connected to the command-line interface
of the simulation program (whether the simulator is GENESIS or another). A user can
type commands directly to the simulator, and the output appears in the Build pane’s
interface window or in separate windows created by the simulator itself. The User
Interface can also send model representations to the running simulation program; the
plugin interface for the simulator translates objects from the representation used in the
Modeler’s Workspace to a format understood by the simulator.

5.3.5. An Example Usage Scenario

As an example of how one might use the Modeler’s Workspace, consider the case of
a neuroanatomist who is interested in the effects of dendritic morphology on the behav-
ior of Purkinje cells. For example, this researcher may wonder whether a model with a
simplified morphology might have sufficiently realistic behavior for use in a network
model of part of the cerebellum. (We note that in the case of the Purkinje cell, the
answer is likely to be “no” [20].) The user might begin by using the Search pane in
the Modeler’s Workspace to search for various Purkinje cell models in databases on
the Internet. Figure 2 shows a possible search result that includes a hypothetical model
based on that created by De Schutter and Bower (9), but using a variant morphology
that was generated by the L-Neuron program (27).

The next step might be to use an inspector to examine the particular cell model in
more detail. The user could do this by double-clicking the line containing the model of
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interest in the search results. The CD-ROM for this book contains additional docu-
ments and figures that could not be included in this chapter due to space limitations.
There, the figure for the “Purkinje Cell Inspector” illustrates a mock-up of an inspector
view with information about the geometrical and passive properties of the Purkinje cell
model soma. In order to examine the specific channels used in the model in more detail,
the user would employ a Channel Inspector, as illustrated in the figure “Purkinje Chan-
nel Inspector”, which shows details of the channel dynamics used for the fast sodium
channels in the model. Note that, as with the case of most of the inspectors, it is pos-
sible to see the actual equations that are used when the model is simulated. As well as
providing further details of the model, the availability of these equations may give
reassurance to modelers who distrust software that they did not write themselves.

As discussed in Section 5.4., the various templates used in the Modeler’s Workspace
contain a great deal of descriptive information about the model and the experimental
data on which it is based. However, most information may be obtained if the model is
actually used in a simulation, so that the behavior of different models may be compared
under the same simulation conditions. In this case, users might want to import the
model into the local Workspace Database, so that they can run it in a simulator. Import-
ing a model can be done from the table of search results in the Search pane by high-
lighting the line containing the particular model desired and then clicking on the
“Import” button. Once the model is copied into a user’s Workspace Database, the user
may switch to the Build pane to send the model to a simulator and compare current
clamp simulations under the conditions described in (9). The Build pane and the inspec-
tors could also be used to create additional models, either by starting from and modify-
ing an existing model, or by importing passive morphologies from elsewhere and
populating them with channels taken from a Purkinje cell model database.

5.4. THE UNDERLYING ARCHITECTURE

The previous section makes clear that the Modeler’s Workspace User Interface is
the most essential part of the system. It must provide interfaces not only for interacting
with model components, but also with databases and simulation tools. Because model
representations, databases, and simulation/analysis tools will all change and evolve
over time, the User Interface must itself be easily adapted and extended as the needs of
users change.

We knew from the outset that the success of the project would be contingent on
providing an open framework that could be taken and extended by other software tool
developers. In designing the system, we identified the following characteristics as being
crucial to meeting our needs:

1. Simplicity. The framework must be simple enough that interested developers can use it in
their projects with a minimum amount of effort. The framework should not mandate the
use of complex technologies such as CORBA (22), although it should not prevent devel-
opers from using any particular technology in implementing an extension if they so desire.

2. Extensibility via plugin components. As new tools and methods are developed, it must be
possible to implement them as pluggable modules that can be added to the existing frame-
work without having to modify the framework itself. A plugin may either reimplement
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Fig. 4. The BMF Core and Core Plugins together constitute the foundations upon which
applications are constructed. The BMF Core Plugins, shown here as shaded rectangles plugged
into the BMF Core, are a set of essential modules provided with BMF and available to all
applications built with BMF.

existing capabilities in new ways (for example, if someone develops an improved version
of an existing module) or implement an entirely new capability.

3. Free distribution. All interested users must be able to obtain the system for free. Any
software that is incorporated into the system and distributed with it, such as graphical user
interface (GUI) widgets or object libraries, must itself be free of licensing fees or restric-
tions on redistribution.

4. Portability. Except for the Modeler’s Workspace Directory server, the framework must be
portable to at least Microsoft Windows (Win32) and Linux, with support for other variet-
ies of Unix and MacOS X preferable as well. (The directory server exists only as a global
server or multiple replicated servers, and runs separately from any user environments;
therefore, it does not have the same restrictions on portability.)

We believe we have met these objectives by creating a layered, highly modular
architecture. In the rest of this section, we discuss the high-level design of this architec-
ture.

5.4.1. Layered Framework

We sought to maximize the reusability of the software that we developed for the
Modeler’s Workspace by dividing the Workbench infrastructure into two layers: the
Modeler’s Workspace itself and a lower-level substrate called the Biological Modeling
Framework (BMF). The latter is a general software framework that provides basic scaf-
folding supporting a modular, extensible application architecture, as well as a set of
useful software components (such as GUI tools) that can be used as black boxes in
constructing a system. In fact, BMF is already being used to implement another tool,
the Systems Biology Workbench (23, 23a). Figure 4 depicts the core of BMF as a gray
substrate holding a number of shaded blocks representing the basic plugins provided
with BMF.

The Modeler’s Workspace is a particular collection of application-specific compo-
nents layered on top of BMF. These collectively implement what users experience as
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Fig. 5. Application specific plugins are added to the BMF Core and Core Plugins.

the “Modeler’s Workspace.” Some of these components add functionality needed for
supporting the overall operation of the Workspace, such as the main screen of the User
Interface described in Subheading 5.3.; other components implement the interfaces to
databases and simulators. Figure 5 illustrates the overall organization.

As mentioned previously, the Workspace Database is a separate server program that
can act as both a private repository for a user’s work (where models, notebooks, and
other items are stored) and as a rendezvous point for collaborative activities. The
Modeler’s Workspace system uses an XML-based model description language (dis-
cussed in Subheading 5.5.). The Workspace Database will accept data directly in XML
format (7), making it generic and capable of storing any information that can be encoded
in XML.

5.4.2. Highly Modular, Extensible Architecture

The Biological Modeling Framework layer that underlies the Modeler’s Workspace
is implemented in Java and provides the scaffolding that () supports pluggable compo-
nents, and (if) provides a collection of basic components (such as an XML Schema-
aware parser, file utilities, basic plotting, and graphing utilities, etc.) that are useful
when implementing the rest of the Modeler’s Workspace system.

Compared to many other frameworks, the Biological Modeling Framework is con-
ceptually quite simple. The BMF Core consists of only one primary component, the
Plugin Manager, and its operation is straightforward. Few requirements are placed on
plugins themselves. For example, a plugin merely needs to be packaged in a Java JAR
file, implement one specific interface (though it may implement others in addition),
and obey a few rules governing behavior. There can be any number of plugins in the
system, subject to the usual limitations on computer resources such as memory.

By virtue of the software environment provided by the Java 2 Platform, plugins can
be loaded dynamically, without recompiling or even necessarily restarting a running
application. This can be used to great advantage for a flexible and powerful environ-
ment. For example, the Modeler’s Workspace can be smart about how it handles data
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types, loading specialized plugins to allow a user to interact with particular data objects
on an as-needed basis. If the user does not already have a copy of a certain plugin
stored on the local disk, the plugin could be obtained over the Internet, much like cur-
rent-generation Web browsers can load plugins on demand. In this manner, plugins for
tasks such as displaying specific data types or accessing third-party remote databases
could be easily distributed to users.

5.5. REPRESENTATION OF MODELS AND DATA

One of the most difficult conceptual issues has been developing a strategy for
describing models and their components. The Modeler’s Workspace requires a repre-
sentation language that abstracts away specifics of particular simulators, such as GEN-
ESIS, and also provides ways of interacting with existing neuroscience databases on
the Internet.

Devising such a representation is difficult. The thorniest issue has been balancing
the need for specificity in the representation (so that we can develop useful software
tools for manipulating models) against the need for extensibility (so that as people’s
conceptualizations of neuronal characteristics change, the software does not need to be
rewritten). It is not sensible to try to dictate every detail of how models and data are to
be stored in databases. At the same time, some definitions of permissible data struc-
tures and formats must exist, so that we can proceed to develop software.

To begin addressing this problem, we first distinguish between a Modeler’s
Workspace Database, which is the database component of the Modeler’s Workspace
system, and a foreign database, meaning any other kind of database. In order to support
some level of interoperability with foreign databases as well as neural simulators and
allow users and software developers to evolve new representations and tools, we use a
multifaceted approach having the following key aspects:

1. Model templates are organized following a simple object-oriented metaphor, with a base
template serving as the root of all representations and new templates being derived from
either the base or another existing template. We give users the ability to define new tem-
plates, but only through the addition of attributes; deletions are not allowed. This ensures
that all models have at least a minimum set of common attributes that the Modeler’s
Workspace software can count on.

2. The Modeler’s Workspace comes with a collection of default templates that can be used to
describe the most common types of neuronal structures. These templates are part of a
recently-established effort to produce NeuroML, a common exchange language for com-
putational models in neuroscience (24). We hope that these templates will act as de facto
standards that will coalesce users around them and prevent the proliferation of many simi-
lar-yet-different representations for the most commonly used types of models.

3. Borrowing ideas from Burns (personal communication) and Gardner (25), we require that
the model templates used in a database be explicitly described and communicated by the
database server when a client first contacts it. We also require that the templates used in
publicly-accessible databases be made available separately through the Modeler’s
Workspace Directory (MWD). This permits the User Interface component to determine
the structure of models in any given database by contacting either the MWD or the data-
base in question.
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Fig. 6. All templates are derived from Base or another existing template. Open arrows indi-
cate inheritance; for example, template Model inherits attributes from Base and adds its own
new attributes. Additional templates derived from the six top-level tempates are shown with
darker shading.

4. Interfaces to databases as well as simulation packages are mediated through software
plugins. A database plugin for a particular foreign database provides the network interface
and translation needed to interact with the database; a simulator plugin for a particular
simulator handles translating commands and representations between the simulator and
the Modeler’s Workspace system.

5.5.1. Template Hierarchy

As mentioned above, models in NeuroML and the Modeler’s Workspace are repre-
sented using a limited form of object-oriented description, in which each object in a
database is defined according to either a root template called Base, or a template derived
from it. Figure 6 shows the current hierarchy of templates used in the system.

The Base template contains a core set of attributes that are common to all main
objects in the database. The first level of templates derived from Base consists of tem-
plates named Author, Reference, Method, Model, Data, and Site. The particular choice
of first-level templates was taken from the work of Gardner et al. (25). They are generic
and do not contain any attributes that are specific to particular kinds of biological struc-
tures. The additional templates derived from the first-level ones then add specific tem-
plates for representing models of neurons and related structures. The following list
briefly summarizes the templates defined at the time of this writing; the full definitions
are available from the NeuroML web site (http://www.neuroml.org).
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Base: This is the root of the template hierarchy. This template has only two attributes:
id and version. The former places a unique identifier on every object; the latter
allows the system to track the evolution of data objects.

Author: This template inherits attributes from Base and adds attributes for identifying
a person by name, address, Web home page, and other characteristics. Using sepa-
rate objects for author information allows users to enter into their databases the
information about a given author once, then link to the author information from
other objects (such as models and article references).

Reference: This is used to represent literature references. The attributes provided by
this template are based on BibTeX records (26). Author and editor information is
represented in terms of links to Author objects.

Data: This is used for storing data in a Workspace Database or pointing to data stored
in a remote database. It can record information describing the data, links to authors
and references, and data (or pointers to data) grouped into data sets.

Method: This template is intended to capture information about experimental method-
ologies.

Site: This template is intended to capture information about such things as neuronal
recording sites, brain regions, etc.

Model: This is intended to serve as a common starting point for all model template
definitions. It is a generic structure, not specific to any particular kind of modeling.
Specific kinds of models, such as for neuronal cells and intracellular and trans-
membrane mechanisms, are derived by starting from Model and adding new
attributes.

Neuronal Anatomy: This template specializes the basic Data template to provide a
container for anatomical information about neurons. It is primarily intended to be
used for storing information about cell morphologies.

Imaging/Histology: This is a specialization of the Method template, used to describe
methods of imaging and histology used in neuronal anatomy work.

Neuron: This is the main template for representing models of neurons. It extends the
basic Model template with additional attributes for anatomical information, experi-
mental information, the segmented cable structure of the model neuron, and other
characteristics. It includes pointers to objects based on several other templates, in
particular Neuronal Anatomy, Neuron Part, Transmembrane Mechanism, and
Intracellular Mechanism.

Neuron Part: This exists to provide a way to construct reusable part models for Neuron
objects. Portions of neuron models can be recorded in Neuron Part objects, allow-
ing those portions to be reused in models by linking to them from within Neuron
objects.

Transmembrane Mechanism: This template is intended to serve as a starting point for
definitions of models of cell mechanisms such as ion channels, calcium concentra-
tion pools, etc.

Intracellular Mechanism: This is intended to serve as a common starting point for
defining items such as calcium concentration pools.

Voltage-Gated Channel: As its name implies, this template can be used to represent
models of voltage-gated ion channels. The representation is based in large part on
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that used by GENESIS and can handle channels not only of the common Hodgkin-
Huxley variety, but also a number of variants.

Ligand-Activated Channel: This template can be used to represent models of channels
that are activated by neurotransmitters.

Ionic Pump: This is used to represent various mechanisms for removing ions from a
cell.

Concentration Pool: This template is used for models of intracellular ionic concentra-
tions.

Nernst: This is one of several possible mechanisms for calculating changes in ionic
equilibrium potentials.

The Modeler’s Workspace uses XML Schemas to define templates. XML Schema is
a recently introduced standard (27-29) for specifying the tags allowed in an XML data
stream, how the tags can be organized into a hierarchy, and the data types of attributes
delineated by the tags. The definition of the Base is expressed as a single XML Schema
file. Each derived template (e.g., Model, Neuron, etc.) is similarly expressed using a
separate XML Schema definition, making the organization very modular and easily
extensible.

5.5.2. Advantages of the Approach

The object-oriented style of representation is useful for a variety of reasons. First,
the existence of categorical templates allows the Modeler’s Workspace User Interface
to present the user with intelligent search forms. Specifically, the Modeler’s Workspace
search interface prompts the user to specify the type of object to search for (which is
equivalent to specifying the template), and based on the user’s choice, the system con-
structs a form using knowledge of the attributes defined by the template. The search
form may include graphical elements specialized for the particular category of object
involved. This allows the system to go beyond the usual fill-in-the-blanks search form
and provide something more powerful and user-friendly.

A second reason is that, by choosing the search category appropriately, database
searches can be made more or less specific. Because of the hierarchical relationships, a
user can select a template in the middle levels of the hierarchy, and search operations
can be designed to encompass all objects that are below it in the hierarchy. This means,
for example, that a search using Model will encompass objects created from templates
derived from it, such as Neuron class objects, Transmembrane Mechanism class
objects, etc.

A final reason for the utility of the representational framework presented here is that
software can be made modular and extensible. New software modules can be devel-
oped for the Modeler’s Workspace alongside new templates, customizing the system to
interact with new types of objects without redesigning or restructuring the whole
system. For each representation derived from an existing template, all the software
elements that worked with the parent template will also work with the derived tem-
plates. This is because the derived template can only add attributes, and while the exist-
ing tools will ignore the new attributes, they will continue to work with the attributes
that were inherited from the parent template. Developers can write new software
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modules that interact with the additional fields in the new templates, and these soft-
ware modules can be loaded into the Modeler’s Workspace on demand, extending the
software’s functionality.

5.6. INTERACTING WITH DATABASES

The Modeler’s Workspace design supports the ability for users to interact not only
with theirs and other users’ Workspace Databases, but with databases that were
not designed specifically for the Workspace. In this section, we describe how the
User Interface component of the system interacts with Workspace Databases and for-
eign databases.

5.6.1. Workspace Databases

Separating the Workspace Database from the User Interface, and making the former
be a stand-alone server, is essential for providing the desired functionality in the
Modeler’s Workspace system. Not only does this approach support different access
scenarios (described next), but it also has the advantage that when the user “starts run-
ning the Modeler’s Workspace”, they usually only need to start the User Interface—the
Workspace Database typically will already be running, usually having been started up
at computer boot time and waiting for connections over a network.

One of the access scenarios involves a one-to-one mapping between User Interface
processes and Workspace Database processes. A certain user of a Workspace Database
(typically, the user who establishes and configures it) is designated as its owner. In
many cases, the owner may be an individual who simply wishes to use the Modeler’s
Workspace in private and may remain the sole user of the database. Whenever the user
starts a copy of the Workspace User Interface, she or he only needs to supply the address
of their Workspace Database server, and the User Interface connects over the network
to this database process. The network-based nature of the database allows a user to
roam anywhere on the Internet and still access their home Workspace Database. A user
can connect, disconnect, and reconnect to their database from different computers.

Another access scenario involves multiple users connecting to a single Workspace
Database server and simultaneously interacting with its contents. The owner of a
Workspace Database has the ability to add other users to a list of designated permitted
users—collaborators (possibly running at remote sites) who are allowed to connect to
the Workspace Database and view and (possibly) edit its contents. This is the basis of
the shared workspace facility of the Modeler’s Workspace. The motivation for this
facility is to permit various collaborative activities in the context of developing mod-
els. By allowing users to “meet” online, with the ability to see each other’s Modeler’s
Workspace environments, we hope to encourage users to interact with each other and
with their ongoing modeling work.

5.6.2. Foreign Databases

Foreign databases are those that were created by other groups prior to or without
concern for the Modeler’s Workspace. Because of the differences in interfaces and
model representations, it is generally impossible to provide full interoperability
between the Workspace and foreign databases. Models in such databases may be orga-
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nized along different lines than those in Workspace Databases, and consequently, it
may be impossible to provide more than the ability to search and retrieve models on
the most basic characteristics (perhaps limited only to title, author, and similar fields).
The degree to which a foreign database’s representation can be mapped onto a
Workspace representation must be determined on a case-by-case basis, and the inter-
face must be implemented in the form of a plugin for each specific database.

Interaction with foreign databases occurs when the user performs search operations
in the Search pane of the Modeler’s Workspace User Interface. When the user chooses
to search in selected foreign databases, each database plugin must do the work of trans-
lating the search request into the appropriate forms for the individual foreigns data-
bases. Specifically, the database plugin performs the following functions: (i) engage
the network communications protocol required by a particular foreign database (e.g.,
CORBA/IIOP [22], HTTP, Z39.50 [30]); and (ii) translate back and forth between the
Modeler’s Workspace representation and search language and the corresponding ele-
ments of a foreign database.

A mediator must perform its translations by using the closest appropriate Modeler’s
Workspace templates. For example, a foreign database that stores models of ion chan-
nels would presumably be mapped to a representation based on the Transmembrane
Mechanism template or perhaps even the more specific Voltage-Gated Channel tem-
plate. In some cases, mapping foreign representations may only be possible in a partial
way, with many attributes in the equivalent Workspace representation left blank. The
database plugin must note which fields are missing in a particular model, so that the
search process can distinguish between missing values and blank values. The treatment
of missing attribute values during search can be handled specially and placed under
control of a user preference setting; the user can elect to have the system either perform
partial-matching (where missing fields are treated as “don’t-care”), always-succeed-
matching (where missing fields are treated as if they matched), or always-fail-match-
ing (where missing fields are treated as if they failed to match).

Due to the lack of standardization in existing neuroscience databases, we expect that
a custom mediator will need to be handwritten for each foreign database for which we
want to provide interoperability. Initially, we expect that database plugins will be writ-
ten by the Modeler’s Workspace developers and distributed through the Modeler’s
Workspace Directory. In time we hope that other developers will also write database
plugins for the system.

5.6.3. Template-Driven Search Interface

The existence of templates and the rules for exchanging them serve an important
purpose in addition to structuring model representations: the definitions are used to
construct search forms and inspector interfaces.

The search form in the Search pane (see Fig. 2) is constructed dynamically using the
following approach. First, the names of all known model templates are collected
together and presented in a pull-down list at the top of the Search pane (in the box in
the line “Search for models having the following characteristics”). The user is required
to first select one of the template names or else to select Any. The requirement to select
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a template is necessary to enable the Modeler’s Workspace User Interface to present a
search form that lists the attributes appropriate to that specific model category. The
User Interface creates the search form by reading that class’s XML Schema definition file.

5.6.4. The Modeler’s Workspace Directory Server

The Modeler’s Workspace Directory (MWD) is a global server located at a particu-
lar network URL. It acts as a global registry and repository supporting the community
of users, making it possible for Workspace users all over the Internet to be able to learn
about the databases that are available for public access. The MWD server will fulfill
several roles:

1. It will maintain a list of all databases that are known to be available on the net and with
which the Modeler’s Workspace can interact. For each database, it will list information
describing the contents of the database in terms of the corresponding Modeler’s Workspace
templates. If it is a foreign database, the MWD will include the appropriate mediator plugin
which Modeler’s Workspace clients can download if necessary.

2. It will maintain a list of all users of the Modeler’s Workspace for those users who elect to
be listed in the Directory. The list will be updated in real-time: whenever users start up a
Modeler’s Workspace process, they will be greeted with a request to allow the process to
contact the MWD and register itself in the list of users. The users’ locations can be viewed
on the world map displayed in the MW Users pane of the Site Browser (see Subheading
5.3).

The existence of a Modeler’s Database Directory is important, not just to enable the
Workspace to find out about available databases. It also means that the Workspace
User Interface component does not need to contact all databases every time it is started.
The alternative, having the Workspace query each known database directly at start-up
time, would introduce a long startup delay. Centralizing the list of databases on a direc-
tory server will shorten startup time.

The MWD will run a simple program to update its contents daily by polling every
database on its list and testing whether it is accessible. The MWD will record the last
time that each database was known to be available, as well as download any new or
changed template definitions from that database.

5.7. CONCLUSION

Structurally realistic neuronal models can serve as devices to collect, evaluate, and
distribute information concerning the functional organization of nervous systems. As
we have described in this chapter, the central goal of the Modeler’s Workspace project
is to provide the neuroscience community with a modular, extensible, and open soft-
ware environment enabling neuroscientists to develop, use, and share structurally real-
istic models. The purpose of this chapter is to describe a design that we are just
beginning to implement and to encourage others to participate in this effort. We hope
that by providing common infrastructure for interfacing to databases and simulation
packages, other software authors will gravitate towards this framework rather than de-
veloping entirely new software tools from scratch. Ultimately, we hope that others will



102 Hucka et al.

be encouraged to contribute to the community new representations for models and new
functionality in the form of plugins.

For the latest information on the status of this project, and the latest design docu-
ments for the the Modeler’s Workspace, please visit the Web sites at (http://
www.bbb.caltech.edu/hbp/) and (http://www.modelersworkspace.org). When working
prototypes of the Modeler’s Workspace become available for download, they will be
announced on these sites. Further information about GENESIS may be obtained from
(http://www.bbb.caltech.edu/GENESIS).
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The Relationship Between Neuronal Shape
and Neuronal Activity

Jeffrey L. Krichmar and Slawomir J. Nasuto

ABSTRACT

It has long been assumed that neuroanatomical variability has an effect on the neu-
ronal response, but not until recently had research groups attempted to quantify these
effects. In electrophysiological studies, the neuroanatomy is seldom quantified, and in
neuroanatomical studies electrophysiological response is rarely measured. Computa-
tional techniques have the potential of bridging the gap between electrophysiology and
anatomy, and testing the “morphology influences physiology” hypothesis. Computa-
tional techniques include modeling of neurophysiology, modeling and measurement of
neuroanatomy, and mining publicly available archives of anatomical and electrophysi-
ological data. In this chapter, we review studies that focused on the importance of
neuronal shape’s effect on neuronal function and describe the computational techniques
and approaches used in these studies. We stress the need for developing a set of metrics
that can quantify morphological shape and electrophysiological response and for
including morphology in both experimental and simulation studies.

6.1. INTRODUCTION

In the preface to Histology of the Nervous System of Man and Vertebrates ([1],
originally published in Spanish in 1899 and 1904), the legendary anatomist Ramon y
Cajal wrote: “...many theories, hypotheses, and simple guesses have been considered
in an attempt to explain the functional role of the histological features associated with
nerve cells and neural centers; we hope this will convince the reader that we are also
attempting to create a conceptual science. In this we have been inspired by the old
masters of anatomy, who believed that the goal of their work was physiology.” In this
age of computers, we are still inspired by the old masters of anatomy to understand
relationship between the form and function of the nervous system. In the present chap-
ter, we review computational approaches to this open area of research.

Neurons have a wide range of responses that may affect the functionality of brain
regions (2). The source of this variability is not obvious, but may involve factors such
as synaptic connectivity, biochemical differences, type and distribution of active con-
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ductances, or morphological diversity. Differences in synaptic input, either in strength
or connectivity, can alter the response of a neuron (3,4). The neuronal response depends,
in part, on the cell’s concentration and distribution of ionic currents along its mem-
brane. Recent studies suggest that cells adjust channel densities to accommodate dif-
ferences in morphology (5-9). This compensation may be the cause for the relative
electrophysiological homogeneity in certain brain regions, such as hippocampal CA3,
despite their diverse morphology (/0). In addition to synaptic connectivity and bio-
chemical properties shaping neuronal electrophysiology, anatomical differences influ-
ence firing behavior and neuronal function. In the remainder of this chapter, we review
experimental studies and computational approaches that investigate the effects of mor-
phological variability.

6.2. EXPERIMENTAL STUDIES OF MORPHOLOGICAL VARIABILITY

Despite the difficulties, a few groups have recorded from neurons and accounted for
3D neuroanatomy within the same experimental preparation. Larkman and Mason
investigated the relationship between soma/dendritic morphology and electrophysiol-
ogy of visual cortex pyramidal cells in layer 2/3 and layer 5 (/1,12). After intracellular
recording, they injected the cells with horseradish peroxidase (HRP) to obtain the soma
and dendrite morphology. They divided these cells into three classes based on their
qualitative and quantitative morphological differences: (i) layer 2/3; (ii) layer 5 with
thick apical trunks; and (iii) layer 5 with slender apical trunks. The layer 5 pyramidal
cells with thick apical trunks were generally larger than neurons in the other two classes.
Of the three classes, only the layer 5 pyramids with thick apical trunks burst in re-
sponse to current injections. This study showed that cell classes, differentiated by their
morphology, could have different firing properties.

Dendritic branching influences the back propagation of an action potential into the
dendritic tree. Williams and Stuart recorded from both the soma and dendritic tree of
thalamocortical neurons and showed that action potentials initiated near the soma
actively backpropagate into the dendrites and that action potentials attenuate more in a
branched than in an unbranched region of a dendrite (/3). Moreover, the signal from
dendrite to soma was more attenuated in highly branched dendritic regions. Thus, the
shape of the dendritic tree could have an influence on synaptic integration.

Morphological studies in the hippocampus, which have been carried out on both a
cellular level and a regional level, show that variations in neuroanatomy impact neu-
ronal firing behavior. One study found bursting pyramidal cells predominantly on the
borders of subfields (i.e., CAla, CAlc, CA3a, and CA3c), while pyramidal cells in the
medial areas, such as CA1b and CA3b, were predominantly characterized as spiking
neurons (/4). In contrast, Bilkey and Schwartzkroin did not find this discrepancy and
argued that firing differences may be more influenced by the cell’s depth in the stratum
pyramidale (/5). Cells with somata near the stratum pyramidale/stratum oriens border
were more likely to burst. These firing properties may be influenced by the different
morphology induced by the position in the hippocampal subfields. The depth of the
soma location within the stratum pyramidale can influence how much volume the den-
dritic tree has to grow into before being compressed by a border. Additionally, den-
dritic fields of CA3c pyramidal cells bordering the dentate gyrus granular layer blades
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are more compact than the distal portion of CA3 near CA2 (16). However, it is difficult
to quantify the precise anatomical effect on firing properties experimentally because of
the great morphological, biochemical, and electrophysiological variability, even within
a subfield.

6.3. COMPUTATIONAL STUDIES OF MORPHOLOGICAL VARIABILTY

Computational approaches have the potential to test and quantify the effect morpho-
logical variability has on the firing properties of neurons. The task of neurophysiolo-
gists, who study the function of neurons by injecting current or voltage into a neuron
and measuring the neuron’s response, is painstaking and slow, and the number of neu-
rons that can be measured in a given preparation is restricted. Often, the electrophysi-
ological responses are recorded, but the neuromorphological data is not mapped.
Alternatively, in a neuroanatomical study, the cell architecture is carefully mapped, but
the electrophysiological data is not extensively recorded. The above situation follows
from the difficulty in combining morphological and physiological measurements in a
single preparation and still acquiring enough data points for a quantitative analysis. In
computational neuroscience, modelers of single neurons have focused mostly on the
biochemical details of the cell while ignoring the morphological detail. For example,
Traub and his colleagues developed a biophysically detailed model of a CA3 pyrami-
dal cell, that had either no branching structure (/7) or a uniform branching structure
(18). Furthermore, individual cells in detailed network simulations usually have a uni-
form shape (19-25).

In this section, we review computational approaches that have taken into account
neuronal structure. We describe four types of computational tools that can be used for
the neuronal structure—activity analysis: (i) neuronal modeling and simulation; (i7) sets
of morphological metrics that can readily be applied to neuroanatomical data; (iii) elec-
tronic archives of neuronal data; and (iv) the artificial generation of neurons. We fol-
low this discussion with a review of recent work by the authors and their colleagues in
the Computational Neuroanatomy Group at the Krasnow Institute (http://
www.krasnow.gmu.edu/L-Neuron) integrating these techniques.

6.3.1. Neuronal Modeling and Simulation

Neuronal modeling can be divided into two classes: passive models of neurons that
have equations describing the flow of current, but no active currents, and active models
that have equations describing active currents. Both types of models have been used to
investigate the effects of morphology on neural processing.

The functional role of neuronal dendrites was first mathematically characterized by
Wilfred Rall in his cable theory (26,27), see (28) for review. Rall treated the dendritic
tree as a passive (i.e., no active ionic channels) nerve cable. He derived partial differen-
tial equations to describe how current flows and voltage spreads across a dendritic tree
in space and time. These cables had a membrane resistance, R,,, membrane capaci-
tance, C,,, and an internal resistance, R;. Rall showed that a cable divided up into
smaller RC compartments could yield the same results as a single passive cable, but
allowed for modeling of complex dendritic branching and nonuniformity along the
dendrite. With this theory, Rall showed the functional importance of different spa-
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tiotemporal patterns of synaptic input, the effects of input to a single dendritic branch,
and the effect dendritic branching has on the propagation of a signal.

Recently, London and colleagues compared the voltage transfer between uniform
and nonuniform distributions of membrane conductance on a classic cable, and three
classes (cerebellar Purkinje cell, layer V neocortical pyramidal cell, and hippocampal
CA1 pyramidal cell) of reconstructed cells (29). In the nonuniform case, the membrane
conductance increased linearly with the distance from the soma while keeping the over-
all conductance equivalent to the uniform case. In all the cell models tested, they found
that monotonically increasing conductance increased the voltage response at the soma
and decreased the electrotonic length of the cell. In fact, any membrane heterogeneity
slows the decay of voltage and has important implications for the integration of synap-
tic signals. This study highlighted the importance of understanding the interplay
between passive and active mechanisms in neural processing.

In order to analyze the spread of a signal within a complex dendritic morphology,
Carnevale and colleagues developed a tool set, called the Electrotonic Workbench, and
demonstrated that the electrotonic structure of a neuron is defined by the attenuation of
voltage as it propagates toward or away from a reference point (30). Computing the
attenuation, in both directions along each dendritic branch of the cell, transformed the
cell from anatomic to electrotonic space. The electrotonic distance was defined as the
natural logarithm of voltage attenuation. To use the Electrotonic Workbench, the user
specified a file that contained morphometric data and the biophysical properties of the
cell. A graphical interface depicted how the neuron would look after the electrotonic
transform both for somatafugal (away from the soma) or somatopetal (towards the
soma) signal flow. The attenuation could be calculated with DC and different frequen-
cies of interest. Because of a recursive strategy and operating in the frequency range
instead of the time domain, the attenuation for detailed hippocampal cells was calcu-
lated in less than 2 s. The NEURON simulation environment contains the Electrotonic
Workbench and can be obtained via the World Wide Web (WWW) at (http://
www.neuron.yale.edu) (317).

The Electrotonic Workbench analysis was applied to cells from hippocampal CA1,
CA3, and dentate gyrus (30,32). Based on electrotonic analysis, it was predicted that
cells with a long primary dendrite, such as CA1 or neocortical pyramidal cells, were
more sensitive to a synapse’s location for postsynaptic potential integration than cells
without a long apical dendrite. Integration of postsynaptic potentials in neurons that
lack a long primary dendrite, such as dentate gyrus granule cells, was less sensitive
to synaptic location. In addition, pyramidal basal dendrites and dentate gyrus granule
cells, which had similar dendritic morphology, had the same electrotonic properties
and possibly similar functionality. The soma’s sensitivity to synapse location may also
be influenced by active processes in the dendrite. Recent work by Magee and Cook,
measuring excitatory post-synaptic potentials (EPSPs) in CA1 pyramidal cells, showed
that synaptic conductance increases with distance from the soma and may be respon-
sible for normalizing the amplitudes of individual inputs (33). Clearly, combining tools
such as the Electrotonic Workbench with active processes in dendrites and spines would
help quantify this normalization effect.
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Although passive models have been effective in describing neural processing, they
cannot capture the dynamics of an action potential or a burst of action potentials. Here,
we review modeling studies with active currents that included a description of
neuromorphology.

Pinsky and Rinzel investigated the relationship between dendritic tree size and neu-
ronal firing responses by developing a two-compartment (soma and dendrite) model
reduced from the Traub CA3 pyramidal cell (24). The soma had sodium and fast potas-
sium currents, and the dendrite compartment had synaptic current, calcium current,
after hyperpolarizing potassium current, and calcium activated potassium current. The
morphological characteristics of the cell could be changed by adjusting the coupling
strength between the soma and dendrite or by changing the ratio of the soma to dendrite
surface area. Despite the simplicity of the model, it displayed a wide range of firing
behaviors from regular spiking to bursting. Making the soma appear remote from the
dendrite, by either increasing the soma to dendrite compartment coupling resistance or
the ratio of somatic membrane area to dendritic membrane area, changed the Pinsky-
Rinzel model from a spiking cell to a bursting cell (34). This result was consistent with
the Larkman and Mason cortical results described above.

Variations in dendritic morphology from different cell classes can have a qualitative
effect on firing behavior. Using standard compartmental modeling techniques, Mainen
and Sejnowski distributed identical ionic currents on the reconstructed dendritic mor-
phology of a layer 3 aspiny stellate cell, a layer 4 spiny stellate cell, a layer 3 pyramidal
cell, and a layer 5 pyramidal cell (34). Their simulations showed that, given equal
distributions of conductance parameters, smaller cortical cells (i.e., layer 3 aspiny stel-
late and layer 4 spiny stellate) tended to spike, whereas the larger cells (i.e., layer 3 and
layer 5 pyramidal) tended to burst. In a recent simulation study, in which Vetter and
colleagues examined eight different neuronal types, they found that dendritic branch-
ing patterns had a significant effect on the forward and back propagation of a signal
(35). For example, the distinctive branching found in Purkinje cells limited action
potential backpropagation, whereas the dendritic geometry of dopamine neurons
favored action potential propagation.

In contrast to the approach based on distributing ionic currents homogeneously
across the dendritic tree, Migliore and colleagues changed the distribution of ionic
currents in models of six morphologically varied CA3 pyramidal cells until they
achieved similar electrophysiological behavior (8). By trial and error, they changed the
distribution of channels until all six cells were bursting. This was achieved by altering the
Ca’*-independent K* conductance within 100 um of the soma. Although they claim
that it was not difficult to achieve bursting in all the cells tested, they did not quantify
the difference in morphology or its influence on the channel distribution.

6.3.2. Measuring Morphological Data

While it is obvious from the studies above that variations in dendritic structure affect
neuronal function, it is still an open question as to which morphological characteristics
are the most influential on neuronal function and to what degree. Before an investiga-
tion of the “neuromorphology influences neurophysiology” hypothesis can be under-
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taken, a set of morphometric parameters, which can be measured and compared, must
be explored and defined.

Descriptions of the peculiar shape of neuronal arbors date back to the work of such
pioneers as Purkinje (36), Golgi (37), Kolliker (38), and Ramon y Cajal (/). Quantita-
tive descriptions of neuronal anatomy and morphology followed with the work of
Lorente del No (39) and particularly Sholl (40). Sholl introduced the use of diagrams
summarizing centrifugal distribution of a variety of quantitative parameters, such as
the distribution of dendritic branch diameters or branch lengths along the radial dis-
tance from the soma.

An important advance in the morphological analysis of neurons was made when
computer technology was applied to reconstruct and render dendritic morphology (41).
Cells studied under the microscope could be acquired as computer files and displayed,
rotated, and zoomed from different viewpoints. More sophisticated characteristics of
dendritic shape could then be appreciated and evaluated. In a computer, dendritic mor-
phology is generally stored as a list of dendritic points, each with 3D coordinates (X, y,
z), a diameter, and a connectivity relationship. The “Cartesian” description of neuronal
shape is suitable to characterize and display every detail of a dendritic tree.

We have identified a set of morphometric parameters, which are parameters useful
in describing and comparing morphological differences between and within cell fami-
lies (42—44).

Scalar morphometrics, which are parameters that can be obtained directly from the
3D neuroanatomical description, include the dendritic size (average diameter, total
length, total area), average path length (the distance from a terminal tip to the soma
along the dendritic path), number of bifurcations, number of terminations, number of
segments (number of branches between two bifurcations or a bifurcation and a terminal
tip), and maximal branch order. Branch partition provides a quantitative measurement
of how equally descendent branches are distributed on the two sides of a bifurcation
(45-47). 1t is defined for a parent branch as the relative and weighted difference
between the numbers of terminal tips originating from the two child branches. Tree
asymmetry is simply the average partition of all the branches and provides a character-
ization of the dendritic geometry (48). The distribution of branch partitions may also
be a critical morphometric parameter (45,46). The overall tree size (height, width, and
depth) and the interrelationship of these parameters characterizes the tree shape. For
example, Claiborne and colleagues have identified ellipticity (width/depth) as a critical
descriptor of Dentate Gyrus granule cell dendritic trees (49).

Distribution morphometrics, are parameters derived from a histogram of one scalar
morphometric vs a parameter characterizing spatial extent of an arbor, such as den-
dritic path, branch order, or distance from the soma (11,12,43,44). For example, cen-
trifugal distribution of branching points is derived by plotting the number of branch
points vs the distance from the soma (40,50,51). Other examples include the number of
termination points vs branch order, the segment length vs branch order, or diameter
size vs branch order (50-52). Metrics describing the moments (e.g., mean or median,
standard deviation [50]) and shape (e.g., kurtosis, skewness) of the resulting distribu-
tion can be used in the analysis. The program called L-Measure, developed in the Com-
putational Neuroanatomy Group at the Krasnow Institute and described in Chapter 3,
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automated, integrated, and greatly extended the procedures for extraction of various
scalar and distribution parameters. In particular, it enables a high flexibility and preci-
sion of defining distribution parameters. For example, it can extract scalar parameters
at a given branch order, path, and Euclidean distance from soma, separately for basal or
apical trees, or for branches of given topological type (e.g., terminal, internal, etc).
Therefore, it is a very attractive and powerful tool for morphometric studies.

If we are to quantify the effect neuromorphology has on neurophysiology, a series of
physiological measurements describing both spiking and bursting behaviors is also
necessary. Spiking can be characterized by the current given at which the cell transi-
tions from bursting to spiking and by the spike rate (recorded at current levels higher
than the transition current). Bursting can be characterized by parameters such as burst
rate, interburst interval, spike rate during burst, width of burst, burst shape, or burst
variability. The burst shape can be measured by calculating the following ratio:

R= < max_ap >—<min_ap >

< max_ap >— < min_ib >

where <max_ap> is the average maximum voltage of an action potential within a burst,
<min_ap> is the average minimum voltage between spikes within a burst, and
<min_ib> is the minimum average voltage between bursts. R measures the “plateau-
ness” of the cell’s bursts: values of R approach O for plateau potentials, in which a train
of action potentials stay above resting potential within a burst; they are close to 1 for
trains of action potentials that return almost to resting potential within the burst. We
devised a set of automatic procedures for extraction of features from the spike train
data in order to speed up analysis and avoid introducing variation due to human fac-
tor (53).

6.3.3. Archives of Neuroanatomy

Experimental data are continuously being accumulated and put into a digital format,
but there are very few archives that are publicly available through the Internet to make
this data readily accessible. One such database is the Southampton Archive of Neu-
ronal Morphology (http://www.cns.soton.ac.uk/~jchad/cell Archive/cellArchive.html).
The archive contains 3D morphological data of 124 hippocampal cells (54,55). The
archive makes available a Java applet, called the Cell Viewer, that allows a user to view
cells in 3D space with pan, zoom, and tilt options; mark cell sections, such as axons,
soma, or dendrites; and convert the cells into a format of a computational simulator,
such as GENESIS or NEURON. The digitized cell reconstructions are in .swc format,
consisting of a list of ASCII lines, each describing a small neuronal segment or
“compartment” (42,54,55). In this format, a compartment is approximated with a cyl-
inder and described by a compartment number, a type (soma, axon, basal or apical
dendrite), a position of the cylinder’s end point (in x, y, and z Cartesian coordinates), a
radius, and the number of the adjacent compartment in the path to the soma (thus,
specifying the compartment interconnectivity). Anyone who converts their data into
.swc format can store their data in the archive. To date, only Turner’s group has con-
tributed to the archive.
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In contrast to other biological fields, a lack of standards and limited number of
repositories has made data sharing among neuroscientists limited and difficult (56).
However, recent database development may be changing this trend. The NeuroScholar
project’s objective is to build a computational knowledge-based management system
that can be accessed and queried by neuroscientists (http://neuroscholar.usc.edu; see
also 57,58). Currently, NeuroScholar holds neural connectivity data from the rat brain.
The GENESIS group is developing a database in the form of the Modeler’s Workspace
holding objects ranging from ion channels to connectivity (http://www.bbb.caltech.edu/
hbp, see also Chapter 5 in this volume). Additionally, the Virtual NeuroMorphology
Electronic Database (http://www.krasnow.gmu.edu/L-Neuron/database) is a repository
of both real and virtual neurons in .swc format (59).

6.3.4. Artificially Generated Neurons

3D reconstruction of neurons is a painstaking and time-consuming endeavor. There-
fore, there is a scarcity of data available for analysis by computational neuroscientists.
An alternative approach to morphological databases of experimental data is to artifi-
cially generate a population of neurons for a given morphological class based on a set
of fundamental parameters; parameters that are characterized by statistical distribu-
tions obtained from experimental data. The algorithms that generate “virtual neurons”
sample values from these distributions stochastically. As a result, the population of
algorithmically generated neurons will belong to the same morphological class, with
no two virtual neurons being identical (59,60).

The work in the Computational Neuroanatomy Group concentrated on two types of
computational algorithms for the artificial generation and description of dendritic trees;
namely local and global algorithms. Local algorithms, such as L-Neuron (60), rely
entirely on a set of local rules intercorrelating morphological parameters (such as
branch diameter and length) to let each branch grow independently of the other den-
drites in the tree as well as of its absolute position within the tree (see Chapter 3 in this
volume). These algorithms are simpl