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Abstract

Dendritic complexity of deep layer cat superior colliculus neurons has been studied by means
of a stochastic model for dendritic outgrowth with randomly branching and elongating
neurites. Branching probabilities are assumed to depend on the position and the number of
segments in the growing tree. It is demonstrated that the shape properties of model generated
dendrites conform closely to those of the observed trees. These "ndings make plausible that (i)
dendritic development proceeds following a "rst phase of elongation and branching, and
a second phase of elongation only, and (ii) newly formed segments after a branching event have
a short initial length. � 2001 Elsevier Science B.V. All rights reserved.
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1. Introduction

Dendritic branching patterns are complex structures with large variations in their
shapes within and between di!erent classes of neurons. Recent modeling studies have
demonstrated that typical shape properties may arise naturally from di!erences in
neurite outgrowth and branching during dendritic development [7}10]. These studies
of rat cortical layer 2/3 and layer 5 pyramidal basal dendrites and guinea pig
cerebellar Purkinje cell dendritic trees have shown that the observed variation in
morphological shapes was accurately reproduced by a stochastic process of neuritic
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Fig. 1. Projected image (left) and dendrogram representation (right) of an HRP stained deep layer cat
superior colliculus neuron (from [2] with permission).

elongation and branching. Branching probabilities of terminal segments were made
dependent on their location, as well as on the total number of segments in the tree. For
matching "ner details of the intermediate segment length distribution it was addition-
ally needed to assume that newly formed segments after a branching event had
a (short) initial length [10]. Then, the model accounts for the observation that very
short segments are much less abundant than expected from a random branching and
elongation process. The present study was undertaken to analyse dendritic complexity
of deep layer cat superior colliculus neurons and to identify the characteristics of these
dendrites in terms of growth model parameters emphasizing the "ner details of the
segment length distributions.

2. Materials and methods

2.1. Deep layer cat superior colliculus neurons

Detailed morphological reconstructions were obtained from cat deep layer superior
colliculus neurons stained with HRP [2,3,5]. A typical example of such a neuron is
given in Fig. 1.

The morphology of these neurones was analyzed quantitatively for the shape
parameters total dendritic length, number and lengths of intermediate and terminal
segments, pathlengths, centrifugal order of the segments, and the tree-asymmetry
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Fig. 2. Frequency distributions of dendritic tree shape parameters of deep layer cat superior colliculus
neurons (dashed histograms) and of model generated trees (continuous thick lines), using the optimized
parameter values given in Table 2. The panels show the frequency distributions for (A) the number of
terminal segments, (B) centrifugal order of the segments, (C) total dendritic length, (D) intermediate segment
length, (E) terminal segment length and (F) pathlength, with length in �m. The frequency scales refer to the
observed distributions. The model distributions have been normalized accordingly.

index as a measure for the topological structure (connectivity pattern of the segments).
The mean and SD values are given in Table 2. The frequency distributions for the
di!erent shape parameters are shown in Fig. 2 as dashed histograms.

2.2. Growth model

The dendritic growth model has recently been discussed in [8,10]. Brie#y, the
branching probability of a terminal segment is given by p

�
"C2���B/Nn�

�
, with

N denoting the total number of time bins in the full period of development and
n
�
denoting the actual number of terminal segments in the tree at time bin i. Parameter

B denotes the expected number of branching events at an isolated segment in the full
period, while parameter E determines how strong the branching probability of
a terminal segment depends on the actual number of terminal segments in the tree.
Parameter � denotes the centrifugal order of the terminal segment and
C"n

�
/���

���
2���� is a normalization constant, with a summation over all n

�
terminal

segments. Parameter S determines how strong the branching probability of a terminal
segment depends on the proximal-distal location of the segment in the tree. The
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Table 1
Optimized values for growth parameters to match the statistical shape properties of deep layer cat superior
colliculus neurons, given in Table 2

B E S l
��

�
���

¹
�� v

��
¹

� v
�

cv
�

(�m) (�t) (�m/�t) (�t) (�m/�t)

3.89 0.285 0.4 17 12 500 0.6 25 0.6 0.7

number of time bins N can be chosen arbitrarily but such that the branching
probability per time bin remains much smaller than one, making the probability of
more than one branching event per time bin negligibly small. Newly formed daughter
segments after a branching event are given a gamma-distributed, randomly chosen

initial length with mean l
��

and standard deviation �
���

, and a gamma-distributed,
randomly chosen elongation rate. The developmental period is assumed to consist of
a "rst phase of elongation and branching, and a subsequent phase of elongation only,

with elongation rates v
��

and v
�
, respectively, both with a coe$cient of variation cv

�
.

The gamma-distributions, characterized by their mean and SD, are assumed to have
a zero value for their o!set.

2.3. Parameter optimization

The modular structure of the model helps in "nding optimal parameter values as is
explained in detail in [10]. Brie#y, parameter S can be estimated from the topological
structure by the mean value of the tree-asymmetry index, and parameters B and
E from the segment number distribution [7,10]. The segment length parameters have
been optimized using the procedures and considerations in [10].

3. Results

The optimization process resulted in parameter values given in Table 1. Because of
lack of data on the developmental period it has been taken equal to ¹

��
"500�t for

the branching-elongation phase, with �t denoting an arbitrary length of time. Elonga-
tion rates are consequently expressed in terms of the relative quantity �m/�t. Assum-
ing an equal elongation rate in the elongation phase, a duration of this phase of
¹

�
"25�t was needed for further optimization.
The model trees for these parameter values have shape properties that conform

closely to the observed ones, as is shown in Table 2. A detailed comparison can be
made in Fig. 2, displaying the observed (dashed histograms) and the model predicted
(thick continuous lines) frequency distributions of di!erent shape properties.
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Table 2
Mean and SD of shape properties of observed and modeled dendrites of deep layer cat superior colliculus
neurons, with N

���
denoting the number of experimental observations

Shape variable Observations Model outcomes

N
���

Mean SD Mean SD

Degree (� terminal segments) 26 12.58 7.46 12.49 7.39
Tree symmetry 26 0.41 0.15 0.41 0.14
Centrifugal order 628 3.58 1.74 3.53 1.70
Total dendritic length (�m) 26 2115 1198 2156 1289
Terminal segment length (�m) 327 101.7 71.8 100.8 86.5
Intermediate segment length (�m) 290 78.7 62.8 78.0 77.5
Pathlength (�m) 327 382.7 130.0 406.8 128.2

4. Discussion

The growth model is based on the assumption that dendritic complexity can be
described by a stochastic growth process of branching and elongation, with order-
and size dependent branching probabilities. The correspondence between the fre-
quency distributions of observed and model generated trees demonstrates that these
stochasticity assumptions are successful in explaining the variation in dendritic trees.
Experimental data on the developmental period is needed for making absolute
estimates of the elongation rates.

The segment length distributions for the superior colliculus neurons have a modal
shape (Fig. 2(D), (E)). Similar modal shapes have earlier been reported in studies of cat
dorsal horn cells [1] and of rat cortical pyramidal neurons and guinea pig cerebellar
Purkinje cells [10]. Such a modal shape was not expected from a random branching
and elongation process. The shortage of short segments may arise when, at a branch-
ing event, the newly formed segments have experienced a short phase of elongation
without branching. In our model this assumption is implemented by assigning an
initial length to newly formed segments after a branching event, followed by a process
of sustained elongation. An alternative implementation was made by [1] who in-
cluded a transient suppression of the branching probability in newly formed segments.

The developmental period has been split into a "rst phase of branching and
elongation (500 time units) and a (short) phase of elongation only (25 time units), to
account for the length di!erence between intermediate and terminal segments. Such
a two-phase development has been observed during outgrowth of rat cortical pyr-
amidal neurons in vivo [6], and has been used explicitly in modeling the complexity of
basal dendrites in these neurons [8}10]. Thus, also for cat superior colliculus neurons
we expect, albeit less pronounced, a two-phase development.

Deep layer superior colliculus neurons appear to be more compact than super"cial
layer neurons, with functional implications discussed in [4]. The present study contrib-
utes to a detailed morphological characterization of these neurons as well as their
variability, an essential requirement for studies of neuronal structure and function.
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