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bstract—Cognitive impairment in normal aging and neuro-
egenerative diseases is accompanied by altered morpholo-
ies on multiple scales. Understanding of the role of these
tructural changes in producing functional deficits in brain
ging and neuropsychiatric disorders requires accurate
hree-dimensional representations of neuronal morphology,
nd realistic biophysical modeling that can directly relate
tructural changes to altered neuronal firing patterns. To date
owever, tools capable of resolving, digitizing and analyzing
euronal morphology on both local and global scales, and
ith sufficient throughput and automation, have been lack-

ng. The precision of existing image analysis-based morpho-
etric tools is restricted at the finest scales, where resolution
f fine dendritic features and spine geometry is limited by the
keletonization methods used, and by quantization errors
rising from insufficient imaging resolution. We are develop-
ng techniques for imaging, reconstruction and analysis of
euronal morphology that capture both local and global
tructural variation. To minimize quantization error and eval-
ate more precisely the fine geometry of dendrites and
pines, we introduce a new shape analysis technique, the
ayburst sampling algorithm that uses the original grayscale
ata rather than the segmented images for precise, continu-
us radius estimation, and multidirectional radius sampling
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c
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imensional; 3D, three-dimensional.
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o represent non-circular branch cross-sections and aniso-
ropic structures such as dendritic spine heads, with greater
ccuracy. We apply the Rayburst technique to 3D neuronal
hape analysis at different scales. We reconstruct and digi-
ize entire neurons from stacks of laser-scanning microscopy
mages, as well as globally complex structures such as

ultineuron networks and microvascular networks. We also
ntroduce imaging techniques necessary to recover detailed
nformation on three-dimensional mass distribution and sur-
ace roughness of amyloid beta plaques from human Alzhei-
er’s disease patients and from the Tg2576 mouse that ex-
resses the “Swedish” mutation of the amyloid precursor
rotein.

By providing true three-dimensional morphometry of
omplex histologic structures on multiple scales, the tools
escribed in this report will enable multiscale biophysical
odeling studies capable of testing potential mechanisms by
hich altered dendritic structure, spine geometry and net-
ork branching patterns that occur in normal aging and in
any brain disorders, determine deficits of functions such as
orking memory and cognition. © 2005 IBRO. Published by
lsevier Ltd. All rights reserved.

ey words: confocal laser scanning microscopy, computa-
ional neurobiology, image analysis, dendritic spines, neuro-
egenerative disorders, microvasculature.

e are developing high-resolution three-dimensional (3D)
echniques for analyzing the structural basis of impaired
eural transmission and plasticity that underlies cognitive
ecline in normal aging and neurodegenerative disease.
uch pathologic states are characterized by a progressive
ecline in memory-related cognitive abilities (Albert, 1996;
u et al., 2001; Chetelat et al., 2002; Small et al., 2002)
nd are accompanied by morphologic changes on multiple
cales, from the fine-grained geometry of individual neu-
ons, dendrites and spines (Anderson and Rutledge, 1996;
e Brabander et al., 1998; Duan et al., 2000, 2003; Page
t al., 2002; Jacobs et al., 2001; Hao et al., 2004; Hof and
orrison, 2004; Radley et al., 2005) to the spatial com-
lexity of multineuron and vascular networks in the pres-
nce of space-occupying histopathologic lesions (Le et al.,
001; Stern et al., 2004). Inferring mechanisms by which
hese structural changes bring about the observed cogni-
ive deficits requires a combination of precise 3D mor-
hometry and biophysical modeling that can reliably rep-
esent both global dendritic structure and detailed spine
eometry. Theoretical and technological developments
ver the past decades now allow for realistic modeling of
tructure–function relationships on multiple scales. The
pplication of cable theory (Rall, 1962, 1964) to multi-

ompartment modeling (Holmes and Rall, 1992; Hines,

ved.
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994; Bower and Beeman, 1998; Koch, 1999) for example,
ermits simulation of voltage spread throughout a branch-

ng dendritic tree of arbitrary complexity. High-resolution
aser-scanning microscopy can resolve structures on
cales ranging from entire neurons to dendritic spines
panning less than a micrometer. With the increasing
peed of standard laboratory computers, digitizing, recon-
tructing and simulating these structures no longer re-
uires supercomputing resources, and will become an in-
reasingly important tool in understanding the structural
eterminants of normal and pathologic neuronal function.

At the single cell level, dendritic morphology is a fun-
amental determinant of synaptic integration and neural
ring patterns (Mainen and Sejnowski, 1996; Stuart et al.,
999; Koch and Segev, 2000; Euler and Denk, 2001;
etter et al., 2001; Henry et al., 2002; Krichmar et al.,
002; Ascoli, 2003; Häusser and Mel, 2003). Dendritic
rborization patterns provide a substrate both for spatio-
emporal integration of multiple inputs and the connectivity
atterns that shape network dynamics. Compartmental
odeling studies have demonstrated that model neurons
ith common ion distributions, differing only in the extent of
rborization of their dendritic geometries, can reproduce
he full range of firing patterns observed experimentally
Mainen and Sejnowski, 1996). Importantly, since both
acroscopic branching topology and microscopic surface

rregularities including dendritic varicosities (Surkis et al.,
998) and spine density, shape and distribution (Wilson,
988; Holmes, 1989; Stratford et al., 1989; Baer and Rin-
el, 1991; Tsay and Yuste, 2001; Yuste and Bonhoeffer,
001; Nimchinsky et al., 2002) contribute to the normal
ase, accurate reconstruction and analysis of 3D structural
lterations in neurodegenerative disease are essential to
nderstanding the etiology of impaired cognitive function
hat accompanies such pathology.

While the gross morphologic effects of neurodegenera-
ive disease have been well documented by stereologic
pproaches, alterations in fine-grained single neuron mor-
hology and the global topology of multineuron and vas-
ular networks remain poorly characterized. Accumulating
ata indicate that these more complex morphologic
hanges, and their interactions, are essential to under-
tanding the spatiotemporal progress of neurodegenera-
ive diseases (Le et al., 2001; Urbanc et al., 2002; D’Amore
t al., 2003; Tsai et al., 2004). In Alzheimer’s disease (AD)
or example, amyloid beta protein exists in many molecular
orms, and eventually aggregates into the insoluble
laques that are one of the neuropathological hallmarks of
D. Insoluble amyloid deposits comprising extracellular
ccumulations of amyloid beta peptide and other proteins
urrounded by degenerating axons and dystrophic den-
rites are an example of general histopathologic lesions
hat can physically distort neuronal processes in their vi-
inity, which must take tortuous routes around the lesions,
esulting in characteristic distortions of local and global
endritic geometry (Knowles et al., 1999; Le et al., 2001;
rbanc et al., 2002). In addition, spines are often lost as
piny dendrites traverse a plaque, dendritic shafts undergo

trophy and axons in the vicinity of plaques develop vari- l
osities (Tsai et al., 2004). These distortions and nonho-
ogeneous degenerative processes have not been quan-

ified in 3D, and their effects on neuronal function are not
nown.

Severe vascular modifications are also detected in
everal neurodegenerative disorders (Buée et al., 1994;
ailey et al., 2004). Electron microscopy studies have

evealed thickening and vacuolization of the vascular
asement membrane, thinning of microvessels referred to
s atrophic or string vessels (Bell and Ball, 1981), in-
reased tortuosity (Fischer et al., 1990), and fragmentation
f the microvasculature related to a decrease in the num-
er of long microvessels and their branches (Buée et al.,
994). Many microvascular abnormalities occur prior to the
evelopment of clinical dementia and to the formation of
he characteristic neuronal AD-type lesions (Buée et al.,
994; Keuker et al., 2000), emphasizing the importance of
haracterizing the spatiotemporal interactions of these al-
erations.

Current techniques for digitizing neuronal morphology
n 3D entail manual tracing using custom packages such
s NeuroZoom (Bloom et al., 1997) or Neurolucida (Micro-
rightField, Williston, VT, USA). Such methods introduce
ystematic inaccuracies depending upon the individual
erforming the tracing, and fail to capture fine dendritic
tructure including varicosities, continuous taper and spine
orphology. In particular, spines are represented as
oints, labeled independently of the dendritic tracing with a
arker of uniform size. Relative diameters of spine heads
nd necks cannot currently be resolved with these soft-
are applications. While a few techniques of varying de-
rees of automation have been suggested for digitizing
euronal morphology from laser-scanning microscopy im-
ges (Streekstra et al., 1999, 2000; Messerli, 2000; He et
l., 2003; Schmitt et al., 2004; and see van Pelt et al., 2001
or review), the limited size of the data sets that can be
andled, and the general requirement for extensive man-
al editing renders these impractical in most cases for
econstructing entire neurons or multicellular structures at
igh resolution. New developments in image analysis and
isualization are needed to provide faster, more accurate
daptive segmentation and automatic reconstruction with
inimal user interaction, for use with large data sets. A
articular problem with existing image analysis-based mor-
hometric tools is their restricted precision at the finest
cales, where resolution of fine dendritic features and
pine geometry is limited by the skeletonization methods
sed, and by quantization errors. Even when imaged at the

imits of light microscopy, single spines may span as few
s three to 10 pixels, and neck diameters may be sub-
oxel resolution. The alternative to light microscopic ap-
roaches, electron microscopy, provides the greatest ac-
uracy at these fine scales (Harris and Stevens, 1988;
arris et al., 1992; Harris and Kater, 1994) but would be
rohibitively time consuming for reconstruction of entire
endritic trees or multicellular structures. Accurate recov-
ry of fine neuronal geometry thus requires new skeleton-

zation and analysis algorithms capable of subvoxel reso-

ution at the light microscopic level. A primary goal of our
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pproach was the development of an automated system
or digitization, 3D reconstruction and geometric analysis
f detailed and accurate cellular and tissular morphology,
apable of handling morphologic details on multiple scales.

EXPERIMENTAL PROCEDURES

eneral methods

Materials. The brains of six male Tg2576 mice older than
2 months, and six C57BL/6 wild type littermates, as well as four
dult rats (300 g) were used for cell loading and 3D reconstruction.
ustom-made transgenic mice expressing enhanced green fluo-

escent protein (eGFP) exclusively in neurons (n�4) were used
or multineuronal networks reconstruction. All experimental proto-
ols were conducted according to National Institutes of Health
NIH) guidelines for animal research and were approved by the
nstitutional Animal Care and Use Committee at Mount Sinai
chool of Medicine. Blocks from the prefrontal cortex (Brodmann’s
rea 9) and from the hippocampus were obtained at autopsy after
erification of consent from four patients with AD (78–85 years
ld, postmortem interval 3–8 h) through the Mount Sinai School of
edicine Alzheimer’s Disease Research Center Brain Bank. All

ases had a definite diagnosis of AD at neuropathological evalu-
tion and had a clinical dementia rating score of at least 3. One
emisphere was fixed in 4% paraformaldehyde for 3–4 weeks and
ubsequently sampled for quantitative histopathology (Perl et al.,
000).

Tissue preparation. For single neuron imaging and
ultineuronal network reconstructions, animals were perfused

ranscardially with a mixture of 4% paraformaldehyde and 0.125%
lutaraldehyde in phosphate buffer (pH 7.4) for 10 min. The brain
as then carefully removed from the skull and immediately he-
isected under a dissecting microscope. One hemisphere was

ectioned at 200 �m on a Vibratome (Leica, Nussloch, Germany).
n the case of Tg2576 mice, senile plaques were visualized in the
hick section with 0.01% Thioflavine S after the cell loading pro-
edure. Sections were coverslipped with Permafluor. This permits
isualization of the loaded neurons in the context of amyloid
laque distribution in Tg2576 mice and reveals the possible ef-
ects of amyloid on the integrity of dendrites and spines. Human
pecimens were cut at 300 �m on a Vibratome and sections were
tained with Thioflavine S for senile plaque visualization as above.

Autofluorescence quenching. The autofluorescence com-
onent of human sections due to lipofuscin can be quenched by
osttreatment of the mounted sections in 1% Sudan Black B in
0% alcohol, rehydrated, and coverslipped (Romijn et al., 1999).
his provides an efficient removal of bleed-through autofluores-
ence in case high levels of lipofuscin are present in human
aterials as well as in the oldest mice. Alternatively, autofluores-

ent components may be removed by imaging the labeled slices
ith the Zeiss LSM 510 META confocal laser-scanning micro-
cope (CLSM, see Spectral Imaging and Linear Unmixing,
ollowing).

Cell loading with Lucifer Yellow. For intracellular injection,
00 �m-thick sections were incubated with 4,6-diamidino-2-
henylindole (DAPI; Sigma, St. Louis, MO, USA), a fluorescent
ucleic acid stain, for at least 5 min, to reveal the cytoarchitec-
ure under UV excitation. Then, sections were mounted on
itrocellulose filter paper, immersed in phosphate-buffered sa-

ine (pH 7.4), and visualized under epifluorescence. Using DAPI
taining as a guide, neurons were impaled with sharp micropi-
ettes, and loaded with 5% Lucifer Yellow (Molecular Probes,
ugene, OR, USA) in distilled H2O under a direct current of 3– 8
A for 10 –12 min, or until the dye had filled distal processes

nd no further loading was observed (Duan et al., 2002, 2003; n
age et al., 2002; Radley et al., 2005). Tissue slices were
urther mounted and coverslipped in Permafluor.

As with any technique to label or fill neurons in vitro, in vivo,
r in postmortem materials, the issue of complete filling and
ltimately of adequate recovery is a crucial one that needs to be
arefully addressed. The authors are well aware that fine
ranches may not be as efficiently loaded as larger ones, and that
ome branches may be difficult to recover during imaging as a
unction of the depth within the thickness of the tissue. In addition
ome branches can be cut at the surface of the slice. Issues of
bnormally cut dendrites can be addressed in a variety of ways
see for example Wu et al., 2004). It has been our practice to set
elatively stringent criteria to retain neurons in a study. Entry into
he analysis required that neurons: (1) lie within the layer or region
f interest as defined by cytoarchitectural characteristics (which
an be verified on adjacent materials stained with Cresyl Violet or
y staining the slice with DAPI prior to performing cell loading); (2)
xhibit complete filling of the dendritic tree, evidenced by well-
efined endings; and (3) display intact primary, secondary, and
ertiary branches (Hao et al., 2004; Wu et al., 2004; Radley et al.,
005). Cases where Lucifer Yellow is seen diffusing out of the cell
ody or dendrites usually indicate poor preservation of a cell’s

ntegrity or inadequate fixation of the specimen, and such cells
ould be rejected.

icroscopic imaging

Laser scanning microscopy (confocal and multiphoton).
issue sections were examined using a BioRad Radiance 2000
ultiphoton laser-scanning microscopy (MPLSM) system (Her-

ules, CA, USA) equipped with a Coherent Mira 900F Ti:sapphire
aser (Santa Clara, CA, USA) and a Kr/Ar (488, 568 nm) laser.
issue sections were also examined using a Zeiss LSM 510
ETA confocal laser scanning microscope (Jena, Germany)
quipped with Ar (488 nm) and HeNe (543, 633 nm) lasers and/or
Leica TCS-SP (UV) confocal laser scanning microscope (Hei-

elberg, Germany), equipped with Ar (488 nm), Kr (568 nm), and
eNe (633 nm) lasers. For MPLSM, fluorescence from labeled
eurons was imaged by using the Ti:sapphire laser (tuned to
60 nm for Lucifer Yellow) and a UplanApo/IR 60X (1.2 numerical
perture (n.a.), 0.25 mm working distance (WD)) water immersion
bjective lens. Serial optical sections (1024�1024 pixels; pixel
imensions�0.2�0.2 �m) were collected through focus at 0.2 �m

ntervals. For higher resolution imaging, a UPlanApo 100�/1.35
.a. objective, (WD 0.1 mm) was used on the BioRad system in
he multi-photon mode (i.e. with the Ti:sapphire laser) and/or the
ingle-photon (confocal) mode (with the 488 nm line of the Kr/Ar
aser). Single photon (confocal) imaging was also done on a Leica
CS-SP (UV) CLSM using a 100�, 1.4 n.a. PlanApo lens and the
88 nm line of an Ar laser or on a Zeiss LSM 510 META confocal

aser scanning using a 63�, 1.4 n.a. PlanApo lens and the 488 nm
ine of an Ar laser. Serial optical sections (1024�1024 pixels with
ixel dimensions�0.18�0.18 �m [BioRad] or 0.1�0.1 �m [Zeiss
r Leica]) were collected through focus at 0.1 �m intervals and
orrection for signal attenuation was performed as previously
escribed (Rodriguez et al., 2003a). Collected data were saved to
isk as BioRad pic files or stacks of TIFF images (Leica and Zeiss)
nd processed independently of each other before volume inte-
ration and reconstruction with the VIAS-NeuronStudio system.

To determine the effects of suboptimal image quality on the
ecovery of dendritic tree topology, confocal, multi-photon, and
idefield imaging was also performed on tissue slices as the scan

esolution (512�512–2048�2048), image capture bit depth (8,
2, 16 bit), objective magnification (10�, 20�, 40�, 63�, 100�)
nd n.a. (0.3–1.4) were varied. We have imaged Lucifer Yellow

oaded neurons by CLSM over a 48-hour period without any

oticeable photobleaching effects (Rodriguez et al., 2003a,b).
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Widefield fluorescence microscopy. Tissue slices were ex-
mined on a Zeiss Axiovert 200 microscope and photographed
ith a Zeiss Axiocam MRm CCD camera using Axiovision
oftware.

Multineuron networks. We used a custom-designed mouse
odel that expresses eGFP exclusively in neurons under an
ctin-nestin promoter. These mice express prominent eGFP fluo-
escence in the hippocampus and some regions of the prefrontal
ortex. Tissue sections were imaged, tiled, deconvolved and re-
onstructed into integrated volumes with VIAS using the same
maging protocols as described above.

Spectral imaging and linear unmixing. Thioflavine S-labeled
lides were imaged on a Zeiss LSM 510 META confocal laser
canning microscope equipped with a 63�, 1.4 n.a. oil immer-
ion PlanApo objective lens. The META detector was used to
enerate spectral signatures (over a 240 nm range) for thiofla-
ine S-labeled plaques and for lipofuscin autofluorescence in
nlabeled sections. Lambda scanning was then done for thio-
avine S-labeled sections and advanced linear unmixing (using
he LSM 510 software) was used to separate the spectrally
verlapping fluorescence of the thioflavine S-labeled senile
laques and the lipofuscin autofluorescence. The lipofuscin
omponent of the image was removed, leaving the Thioflavine

ig. 1. Montage of CLSM tiled image stacks from CA3 pyrami
euronStudio. (A) XY, XZ and ZY projections of the integrated v

ntegrated with VIAS are outlined in green. (B) Skeletonized branch
uperimposed on the XY projection. (C) Skeleton with superimpose
ithin NeuronStudio. (For interpretation of the references to colour i
components for surface analysis. a
RESULTS

igitization of individual neurons

o minimize subjective errors and optimize throughput, we
ave developed semi-automated tools for reconstruction
nd analysis of neuronal geometry from CLSM and
PLSM images (Rodriguez et al., 2003a). These tech-
iques include noise filtering and deconvolution (Autode-
lur, Autoquant Imaging, Troy, NY, USA), volume integra-
ion, automatic stack alignment and registration of adjacent
iles (Volume Integration and Alignment System (VIAS)
ystem), surfacing and memory optimization for interactive
isualization (Rodriguez et al., 2003a) and digitization in
tandard neuroanatomical formats.

Our VIAS software (http://www.mssm.edu/cnic/tools.
tml), integrates multiple stacks of tiled optical sections
btained from CLSM into a single volumetric dataset. VIAS
ses projected volumes and hardware accelerated draw-

ng to provide real-time interaction with the data. An au-
oalign tool corrects any small misalignments in the initial
egistration of adjacent images, ensuring that the tiling is

on, integrated with VIAS and skeletonized and digitized using
dividual subtiles selected from the original 12 image stacks and
he apical tree of the neuron in A. The medial axis is shown in blue,
ters (red circles) computed using the Rayburst sampling algorithm
ure legend, the reader is referred to the web version of this article.)
dal neur
olume. In
es from t
ccurately reassembled before the volume is integrated.

http://www.mssm.edu/cnic/tools.html
http://www.mssm.edu/cnic/tools.html
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ree structure is then extracted from the integrated volume
sing an arborization and statistical analysis tool, Neuron-
tudio (http://www.mssm.edu/cnic/tools.html), branching
nalysis performed, and the digitized file is output in a
ange of formats suitable for morphometric analysis, 3D
isplay and standard compartment modeling software
ackages such as NEURON (Hines, 1994) and GENESIS
Bower and Beeman, 1998).

xtraction of tree topology using NeuronStudio

econvolved, filtered data are segmented using a thresh-
lding algorithm (Rodriguez et al., 2003a,b). The entire
olume is skeletonized to extract a medial axis that com-
rises a chain of voxels or nodes along the center of each
ranch (Fig. 1B), and accurate branch diameters are com-
uted as a function of distance along the medial axis.
ranch diameters are estimated at each point along the
edial axis (Fig. 1C) using the new Rayburst sampling
lgorithm described below. We utilize a topology and ge-

ig. 2. Branch order analysis for reconstructed CA3 pyramidal neuro
rojection of the integrated image stacks. The soma is indicated by the
he soma and is incremented by one at each branch point as tree is trav
owest order (red) at branch tips is incremented by 1 as the tree is
xplanation of branch orders, and summary statistics from 3D morpho

able 1. Centripetal branch order analysis of CA3 pyramidal neuron

ranch order Branch count Average
length (�m)

(Red) 68 53.83
(Orange) 22 20.45
(Yellow) 8 50.26
metry-preserving skeletonization method for volumetric
bjects (see Nikolaidis and Pitas, 2001, for review), with a
ustom modified iterative thinning algorithm (Lee et al.,
994; Borgefors et al., 1999; Tombre et al., 2000; Rodri-
uez et al., 2003a) to yield robust skeletons in an efficient
anner. This is followed by loop removal, pruning to re-
ove small barbs due to surface irregularities, tree

moothing and branch point repositioning (Tombre et al.,
000). These techniques are illustrated in Fig. 1, which
hows an example of a CA3 hippocampal pyramidal neu-
on from a rat, imaged with a Radiance 2000 MP system
Bio-Rad). Images were digitized and fully reconstructed
sing NeuronStudio. Fig. 1A shows the three maximal
rojections onto XY, XZ and YZ planes of approximately
2 subtiles cropped using VIAS from the original 12 tiled
nd integrated CLSM image stacks over the soma and
endrites of the neuron. The relative planarity of CA3
eurons allows most of the dendritic tree to be captured
ithin a 100 �m-thick section in the Z direction (XZ and YZ

in Fig. 1. The extracted tree structure is shown superimposed on a
d ball. (A) Centrifugal branch order analysis: lowest order (red) adjoins
trifugally (away from the soma). (B) Centripetal branch order analysis:
d centripetally (toward soma). See Tables 1 and 2 for color-coded
nalysis.

SD length
(�m)

Average
diameter
(�m)

SD
diameter
(�m)

32.76 1.10 0.32
22.14 1.69 0.38
27.85 2.94 1.09
n shown
central re
ersed cen
(Green) 2 32.04 6.80 6.58 1.49

http://www.mssm.edu/cnic/tools.html
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rojections, Fig. 1A). Fig. 1B shows a close-up view of the
xtracted medial axis (blue) following pruning and branch
oint correction steps. The threshold separating neuron
rom background is shown as a green outline. The esti-
ated diameters at each node along the medial axis are

hown as red circles superimposed on the skeleton and
Y projection in Fig. 1C. Node density is a user-defined
arameter, and can be increased up to one node per voxel
or maximum accuracy, or reduced as in Fig. 1C, to opti-
ize file size and computational efficiency. To maximize
emory efficiency, VIAS uses two-dimensional (2D) pro-

ections rather than the volumetric data, and can be run on
standard desktop workstation. To align two large col-

mns of dimensions 1024�1024�1000 pixels collected on
ur system for example, only 4.74 MB RAM are required to
tore the three planar projections of each of the two col-
mns. The current beta version of NeuronStudio optimizes
emory requirements by subsampling volumes to be skel-
tonized either once (reducing volumes eight-fold) or twice
reducing volumes 64-fold). This allows the entire recon-
truction process to be run on a standard laboratory PC
ith �2 GB RAM.

nalysis of branching statistics in individual
eurons

ollowing digitization, automated branch order labeling
nd analysis can be performed in NeuronStudio, which
enerates summary statistics in tabular format for counts,

engths and diameters at each branch order (Fig. 2A, B;
ables 1, 2). Currently either centripetal (branch labels
tart from lowest order at tips, incrementing by one at
ranch points as tree is traversed centripetally, Fig. 2A) or
entrifugal (lowest orders adjoin soma and increment by
ne at each branch point as tree is traversed outward, Fig.
B), can be selected.

Branching analysis can be performed over the entire
euron, as indicated in Fig. 2, or separately over apical or
asal subtrees. A selection mechanism will allow the user

able 2. Centrifugal branch order analysis of CA3 pyramidal neuron

ranch order Branch count Average
length (�m)

(Red) 4 27.75
(Orange) 9 31.64
(Yellow) 14 31.38
(Green) 23 49.79
(Blue) 22 28.23
(Dark purple) 16 35.63
(Light purple) 14 43.00
(Flesh) 4 42.71
(White) 4 13.45

0 (Cyan) 4 12.54
1 (Brown) 6 26.58
2 (Khaki) 4 28.75
3 (Tomato) 4 59.72
4 (Grey) 2 73.42
o pick individual structures of the model in a hierarchical m
anner ranging from low level objects such as vertices
nd edges up to entire sections, including loops and trees.
his facilitates editing at multiple scales, and allows mor-
hometry and statistical analyses to be performed on sub-
rees.

evelopment of new algorithms for anisotropic
hape analysis and subvoxel metrics

he integer nature of digital images leads to quantization
rrors in standard skeletonization algorithms. Iterative thin-
ing skeletonization methods can provide a distance in
oxels from each tree node to the surface of the object.
his distance is the D6 metric, obtained by counting the
umber of voxels as they are removed in the minimal
ix-connected path from the surface to the medial axis.
he D6 metric is the 3D analog of the ‘city block’ distance

n 2D (Borgefors, 1996). In existing skeletonization or vec-
orization algorithms for dendritic morphometry, the branch
ross-section at any node is approximated as circular, with
he D6 metric providing the single diameter estimate (Koh
t al., 2002; Al-Kofahi et al., 2003). The precision of this
iameter estimate is limited to the physical size of the
oxels. For small structures such as thin dendrites and
pines, comprising only a few voxels even at maximal

maging resolution, the error can be significant if this mea-
ure is used directly (compare Fig. 3C and 3F). These
uantization errors are illustrated in Fig. 3, which com-
ares cross-sectional branch diameters estimated by the
tandard D6 metric (left column, Fig. 3A–C) with diameters
stimated by the Rayburst sampling algorithm (right col-
mn, Fig. 3D–F), described below. Fig. 3A and 3D shows
digitized branch, spanning only three to four pixels, in

ross-section. The standard D6 metric is indicated by the
our blue vectors superimposed on the thresholded and
egmented image in Fig. 3B. The length of the blue vectors
one pixel in Fig. 3B) determines the single branch diam-
ter estimate, which is shown as a blue circle superim-
osed on the original branch cross-section in Fig. 3C. To

SD length
(�m)

Average
diameter
(�m)

SD diameter
(�m)

8.26 6.56 2.49
33.37 3.41 1.85
25.61 2.37 1.42
41.25 1.68 1.06
20.06 1.54 1.09
31.16 1.66 0.90
28.27 1.52 0.88
36.80 2.16 1.31
12.35 2.12 1.31
16.66 2.36 0.72
18.31 1.52 0.75
31.43 1.31 0.77
31.85 1.15 0.39
9.41 0.71 0.04
inimize quantization error and evaluate more precisely
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he geometry of the nodes, we introduce a new estimation
echnique, the Rayburst sampling algorithm that uses the
riginal grayscale data rather than segmented images for
recise, continuous radius estimation, and multidirectional
adius sampling to more accurately represent non-circular
ranch cross-sections and non-spherical spine heads.
hese multidirectional Rayburst vectors are illustrated in
ed on the trilinear interpolated grayscale voxels in Fig. 3E.
he resultant single branch diameter estimated by Ray-
urst is drawn as the red circle in Fig. 3F. This provides a
etter estimate of the actual branch diameter, and is sub-
tantially larger than the D6-estimated diameter (dashed
lue circle, Fig. 3F).

Rayburst sampling algorithm. The process of Ray-
urst sampling is defined as the simultaneous casting of
ays in multiple directions, starting at a given point of origin
nside a dataset. Each ray is allowed to grow from the
rigin until a given exit condition is reached. For the spe-
ific case of laser-scanning microscopy images, Rayburst
s always run inside a lighted structure and the rays ex-
ended until the surface of the structure is reached. This
an be determined as reaching a pre-specified threshold
alue or a given gradient. Rayburst sampling can be exe-

ig. 3. Interpolation to correct quantization errors in diameter estimatio
olumn: Rayburst diameter estimation. (A, D) Thin branch cross-sectio
emoved during thinning. (C) Diameter estimated by D6 metric. (E)
omparison of diameters estimated by Rayburst (red) and D6 metric

eader is referred to the web version of this article.)
uted in one of two modes. In one-way mode each ray (
tarts at the origin and grows through the data until the exit
ondition is reached. The algorithm returns a set these

engths. In two-way mode, each ray starts at the origin and
rows in forward and reverse directions until an exit con-
ition is reached at each end. The algorithm returns a set
f lengths each representing the sum of the forward and
everse distances.

For dendritic shape analysis, the algorithm precom-
utes an array of unit vectors, which sample the data in
ultiple directions from each node on the tree (the sam-
ling core), from which an estimate of the node’s geometry

s computed (Fig. 4A, B). By varying the number of vectors,
his information can be used to reconstruct 3D branches of
rbitrarily irregular shapes. Standard morphometric and
ompartment modeling packages represent dendritic
ranches as generalized cylinders or truncated cones, i.e.
s a chain of nodes with a single diameter at each node
Figs. 2C and 6C) which assumes a symmetric, circular
endritic cross-section. For compatibility with these pack-
ges while retaining maximum geometric information, we
ompute the diameter of an equivalent circular cross-sec-
ion in the plane normal to the medial axis direction at each
ode (Fig. 3E, F), using the median lower band diameter

ur with standard D6 metric. Left column: D6 diameter estimation; Right
ndard D6 metric (blue vectors) counts voxels as they are sequentially
interpolated voxels with superimposed Rayburst vectors in red; (F)
or interpretation of the references to colour in this figure legend, the
n that occ
n. (B) Sta
Trilinear
MLBD) described below.
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Generating the sampling core. Accurate representa-
ion of each direction by the sampling core requires that its

vectors be uniformly spaced over the unit sphere (Thom-
on’s Problem; Ashby and Brittin, 1986). Standard ran-
omization schemes introduce systematic biases and for
ost N there is no simple analytic method of correcting this

Whyte, 1952; Conway and Sloane, 1993; Giraldo, 1997).
umerical methods, however, can provide a simple and
ffective approximation. In one-way Rayburst sampling,
ur algorithm uses a particle physics simulation in which a
et of N randomly oriented unit vectors is generated (Fig.
A), resulting in a random, nonuniform distribution of
oints on the sphere. The vectors are treated as charged
articles constrained to move over the surface of the unit
phere. Each particle receives a repulsive force from every
ther particle, proportional to the inverse square of the
istance between them. By iteratively displacing the parti-
le in the direction of the resultant forces, we cause the
articles to rearrange themselves (Fig. 4B). This system
ill tend to a stable, minimum energy configuration within
pproximately 40 iterations, where each particle is maxi-
ally separated from its closest neighbors (Rodriguez et
l., 2003b). For two-way Rayburst sampling, each vector
ontributes two particles (positive and negative directions),
esulting in a set of 2N points, distributed approximately

ig. 4. Rayburst Sampling Core. (A) Random unit vectors before simu
he unit sphere. (C) Distribution of Rayburst vectors inside thresholde
niformly on the sphere. Data are sampled at each node in B
ach of the 2N directions contained in the sampling core,
o determine the distance along that direction from the
ode to the surface threshold. Quantization error due to
he finite voxel representation is minimized by performing a
rilinear interpolation (Hill, 1994) (Fig. 3E), which linearly
nterpolates points within a 3D box, given values at the
ertices of the box.

Median lower band diameter (MLBD) estimation.
ode diameters are estimated by computing the MLBD

rom the Rayburst samples. To compute the MLBD we
ake the set of 2N samples and add the corresponding
airs of opposite vectors, resulting in a set of N distances.
e then sort the distances by size, define the lower band

s the lower 50%, and use the distance at position N/4,
epresenting the median of the lower band, to estimate the
iameter. This provides good resistance to local irregular-

ties in the surface and is invariant of the orientation of the
egment (Rodriguez et al., 2003b). The estimate is partic-
larly effective in and around branch points, where stan-
ard thinning and multidirectional concentric vectors con-
ned to the plane tangent to the medial axis can overesti-
ate actual branch diameters. A pseudocode description
f the MLBD diameter estimation algorithm is given in

) After simulation, the sampling vectors are uniformly distributed over
e. (D) Computation of MLBD from sorted Rayburst vectors.
ox 1.
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Accuracy validation of Rayburst MLBD estimation.
he accuracy of the skeletonization and Rayburst MLBD
stimation algorithms was validated using 3D toy dendritic

rees with known branch diameters and specified amounts
f taper. Several different tree topologies were tested:
inary trees with constant diameters at each branch order
Fig. 5A), binary trees with continuous taper within a single
ranch order (Fig. 5B), and nonbinary Mandelbrot-Vicsek

ractal trees (Mandelbrot and Vicsek, 1989; Kabaso et al.,
003) with parent–child taper at branch points but no taper
ithin a branch. The toy neurons were generated by first

ig. 5. Calibration of Rayburst MLBD diameter estimation using binar
iameters at each order. (B) Binary tree with continuously tapering br
entrifugal branch labeling system. The inset outlined by the white dash
and 4 for each tree. The medial axis estimated by NeuronStudio is sho
long each branch (red circles) closely approximate the actual diamete

egend, the reader is referred to the web version of this article.)

able 3. Statistics for accuracy validation of Rayburst MLBD diamete

ranch
rder

Branch
count

Actual av
diameter
(pixels)

ontapering binary toy neuron
1 1 32.00
2 2 32.00
3 4 32.00
4 8 32.00
5 16 32.00

apering binary toy neuron
1 1 73.00
2 2 55.16
3 4 39.00
4 8 22.62
onstructing a skeleton of specified dimensions as a list of
onical frusta, defined by a point and radius at the start (x1,

1, z1, r1) and endpoints (x2, y2, z2, r2) of each branch. The
ranches were filled out by superimposing a series of
pheres centered at each point along the medial axis of the
ranch. For the nontapering toy neurons, the radii of the
pheres were constant at all branch orders. For the taper-

ng toy neurons, the radii of consecutive spheres were
inearly interpolated between r1 and r2 as the sphere center
as moved in increments of one voxel along the direction
f the medial axis.

rons with circular cross-sections. (A) Binary tree with constant branch
he numbers 1–5 indicate increasing branch orders, according to the

hows a close-up of skeleton and estimated diameters at branch orders
e. The diameters estimated by the Rayburst MLBD algorithm at points

ess of taper. (For interpretation of the references to colour in this figure

ion

Ave. diameter
estimated by
Rayburst (pixels)

Percent
error

32.08 0.25
32.06 0.19
32.03 0.09
32.06 0.19
31.96 0.13

72.90 0.14
55.19 0.05
38.97 0.09
22.57 0.20
y toy neu
anches. T
ed box s
wn in blu
r estimat

erage

5 16 10.00 9.97 0.34
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Fig. 5 shows the excellent fit of the estimated skeleton
blue) and superimposed spheres with diameters computed
y the MLBD algorithm (red circles) for the binary tree without
aper (Fig. 5A) and with continuous taper within branches
Fig. 5B). Table 3 shows the results of the branch order
nalysis and percent errors computed between the actual
ranch diameters, and the average diameters estimated by
he Rayburst MLBD algorithm at each order, for the two toy
eurons shown in Fig. 5. These statistics were calculated as
ollows: for every branch at every order, the actual diameter
t the start and end of the branch was recorded manually by
easuring it from a 2D projection using a simple ruler tool in
dobe Photoshop (Adobe Systems, Inc.), and compared with

he diameter estimated by the Rayburst MLBD algorithm at
he same point. The average diameter for every branch was
omputed as the mean of the start and end values. The
verage diameters for each branch order, both actual (Table
, column 3) and Rayburst MLBD estimates (Table 3, column
), were then calculated as the mean of the average diame-
ers of all branches at that order. Finally the difference be-
ween the manual and automated methods was expressed

ig. 6. Fully digitized and reconstructed CA3 pyramidal neuron in cylin
n B. (C) Zoomed view of apical dendritic tree in tapered cylindrical form
ssociated diameters, represented as spheres centered on each n

nterpretation of the references to colour in this figure legend, the rea
s a percentage error (Table 3, column 5). For the binary toy
eurons shown in Fig. 5, the Rayburst MLBD algorithm cor-
ectly estimated the actual branch diameters to within 0.3%

ox 1. Pseudocode for Rayburst MLBD estimation

et the model be represented as a set of vertices, where each
ertex V is defined by its position [x,y,z] in R3 and its diameter, d.
hen d can be estimated as the MLBD as follows:

�number of directions in sampling core

or each vertex position [x,y,z]
{

for each direction Di in sampling core
{
R1�Di cast from [x,y,z] to surface
d1�length of R1
R2��Di cast from [x,y,z] to surface
d2�length of R2
samples[i]�d1�d2
}

Sort(samples)
d�samples[N/4]

and ball-and-stick (B) formats. The soma is represented as a red ball
close-up is shown as a wireframe to indicate the individual nodes and

The same zoomed view as in (C), in ball-and-stick format. (For
erred to the web version of this article.)
}

drical (A)
at. The
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ccuracy. The maximum percentage error was only slightly
arger for the Mandelbrot-Vicsek toy neuron, at 0.45%.

Current work is extending the Rayburst algorithm to
llow for anisotropic branch cross-sections by estimating
istances from the medial axis to the branch surface in
ultiple radial directions. This will permit noncircular
ranch cross-sections to be more accurately represented

n the digitized tree structure.

Output file format. For maximal compatibility with
xisting morphometry and compartment modeling pack-
ges, digitized data can be output in several standard
euroanatomical formats. The default format is .swc
ormat (Cannon et al., 1998), where each node is rep-
esented as a single line in a text file: [n T x y z R P]. In
his format, n is an integer label that identifies the current
oint and increments by 1 from one line to the next. The
ariable T is an integer representing the type of neuronal
egment, such as soma, axon, apical dendrite, basal
endrite. The sequence [x,y,z] gives the Cartesian co-
rdinates of each node, and R is the radius at that node.
onnectivity is represented by the point P, indicating the
arent of the current point, when traversing the tree
entrifugally, i.e. away from the soma. Some applica-
ion-specific output file formats are also supported, in-
luding .hoc format for importing into compartmental
odeling software such as NEURON (Hines, 1994).

The final digitized and reconstructed CA3 pyramidal neu-

ig. 7. Extraction of 3D skeleton and mass distribution from multineuro
rom hippocampal field of eGFP mouse. (B) Projection as in (A), with s
D) Generalized cylinder representation of digitized dendritic field.
on of Figs. 1 and 2 is shown in Fig. 6, represented either in w
eneralized cylinder format (Fig. 6A, C) or as a 3D skeleton
ith superimposed balls of the appropriate diameter at each
ertex (Fig. 6B, D). Zoomed-in views of each representation,
eneralized cylinders in Fig. 6C; skeleton with 3D balls in Fig.
D, demonstrate adequate recovery of branching structure at
moderately coarse level of digitization.

The original 12 image stacks, each 0.5 GB, represent 6
B of raw data. Following subsectioning and registration with
IAS (green subtiles in Fig. 1A), the integrated volume is

educed to 1 GB, from which the extracted tree structure in
eneralized cylinder format comprises only 316 kB, depend-

ng on the fineness of discretization selected by the user. At
he highest resolution, one node per voxel in the medial axis
s possible; at lower resolutions redundant nodes can be
ulled whenever (i) curvature of the medial axis is low; (ii)
etween branch points, and (iii) branch diameters are rela-

ively constant. At the moderately coarse level of discretiza-
ion shown in Fig. 6, data compression from the original raw
ata to the digitized model is 18,615:1; compression from the

ntegrated volume to the digitized model is 3318:1.

igitization and analysis of multineuron networks
n 3D

nalysis of global spatial complexity of biological net-
ork structures has to date been restricted to blood
essel networks (Gazit et al., 1997; Abdul-Karim et al.,
003; Jain, 2003; Fridman et al., 2004) and canal net-

k in hippocampus of an eGFP mouse. (A) Projection of CLSM images
sed skeleton. (C) Skeletonized dendritic field in ball-and-stick format.
n networ
orks in bone structures (Cooper et al., 2003). Few
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ttempts have been made to quantify the structure and
onnectivity of spatially complex neural networks in 3D.
n the normal brain, global patterns of network connec-
ivity and the resulting columnar and microcolumnar
tructures (Mountcastle, 1978, 1997; Braitenberg and
raitenberg, 1979; Rockland and Ichinohe, 2004) are
entral elements in the functional organization of cortex,
et to date our understanding of these structures has

ig. 8. Sequence of 3D models comparing the extracted trees from th
nd YZ (bottom row). The three columns compare the effects of differ
0�, 1.4 n.a. (center) and 20�, 0.4 n.a. (right column), using 8-bit gray
Y-projection of the reconstructed models adequately represents tree

ecovery of 3D tree topology in the 20� model (red and yellow arrows)
s referred to the web version of this article.)

ig. 9. Model shown in 3D with YZ projections cast onto the back wa
hown in 3D in the foreground, side projections with overlaid threshold
ittle or no breakage at 100�. (B) Excellent recovery of dendritic structu
C) Highly inaccurate structure at 20�. Only the largest dendritic segme

rohibit true analysis of the model. To assist visualization, models are not show

egend, the reader is referred to the web version of this article.)
een derived from 2D measurements. The functional
epercussions of space-occupying lesions such as amy-
oid plaques in AD and compromised microvasculature
n a number of pathological conditions on the normal
etwork structure also remain to be determined. This is
rimarily because of the inability of existing imaging and
econstruction techniques to represent entire regions of
ortical tissue in 3D, at the dendritic level of resolution.

ssue section, imaged using CLSM, viewed in XY orientation (top row)
s of objective magnifications and n.a.: 100�, 1.35 n.a. (left column);
pth and a constant field size of 1024�1024 pixels. Note that while the
, loss of resolution in the Z direction is the limiting factor for accurate
erpretation of the references to colour in this figure legend, the reader

of reduction in magnification from 100� to 60� to 20�. Models are
order) in the background. (A) Full recovery of dendritic structure with
al breakage, but reduction in dendritic length at lower depths at 60�.
e recovered. Artifactual segments and loops especially near the soma
e same ti
ent value
scale de
topology
ll. Effects
(green b
re, minim
nts can b
n to scale. (For interpretation of the references to colour in this figure
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recent attempt to reconstruct ‘neuronal forests’ in 3D
rom thinly sectioned Golgi-stained tissue blocks by Mc-
ormick and colleagues (McCormick, 1999; Burton et
l., 2001) used brightfield microscopy and a novel knife-
dge scanner. The network connectivity recovered by

his technique, however, is restricted to the variable
raction of neurons stained by the Golgi technique and
he maximum resolution obtainable.

To provide a better representation of the true network
tructure in normal and pathologic tissue, we are using a
ransgenic mouse model expressing the eGFP gene under
he control of an actin-nestin promoter and cre-loxP sys-
em to visualize the spatial patterns of complete dendritic
rbors in multineuron networks including most of hip-
ocampal, and some neocortical neurons. These eGFP-
ositive neurons were imaged using MPLSM on 200 �m
xed coronal slices with a long WD lens (60�) (Fig. 7).
ollowing computer-assisted 3D reconstruction including
econvolution and volume integration, the global structure
f the network is clearly visible, as are irregularities in

ig. 10. Comparison of spine numbers and shapes detected using ma
euronStudio (B, D). (A) A total of 140 spines were detected using
canning microscopy images. (C) Zoomed view of a branch segment f
red sphere, centered at the point of detection. The white sphere su

hape or size can be recorded in the manual tracing. (D) Zoomed in view
n B. Three spines were detected using the automated clustering rou
luster, with superimposed white surface mesh determined by applyin

n A, B and 0.5 �m in C, D. (For interpretation of the references to colo
patial structure (Fig. 7). The data were skeletonized using v
euronStudio to extract a medial axis for each branch (Fig.
B). In order to recover the mass of individual dendrites,
he Rayburst algorithm was used to estimate the diameter
f each branch, at each node along the skeletonized
ranches. Fig. 7C shows the reconstructed skeleton with
uperimposed diameters in ‘ball and stick’ format, and Fig.
D shows the reconstructed ‘generalized cylindrical’ rep-
esentation of the network. This 3D digital representation
long each node permits measurements not only of the
ractal characteristics of the branching patterns per se, as
s usually performed in fractal studies of tumor vasculature
n studies of cancer (Gazit et al., 1997; Jain, 2003), but
lso of the degree of irregularity in branch diameters, and
ence in global mass distribution (Henry et al., 2002).

ffects of suboptimal image quality on recovery of
endritic tree topology

igh-resolution confocal and multiphoton laser scanning
icroscopy and/or high n.a. objective lenses are not uni-

ng from tissue blocks (A, C), and using automated spine detection with
racing. (B) A total of 441 spines were detected from confocal laser
here a single spine was detected manually. The spine is indicated as
the spine is for visualization purposes only; no information on spine

ame branch segment as in C, taken from the automated reconstruction
e spine clusters are represented by the red voxels comprising each
y Rayburst at the center of mass of each cluster. Scale bar�30 �m
figure legend, the reader is referred to the web version of this article.)
nual traci
manual t
rom A, w
rrounding

of the s
tine. Thes
ersally available in all laboratories. For applications
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hose aim is to capture gross tree topology in large num-
ers of neurons, imaging the entire dendritic arbor at low to
edium resolution may suffice. To assess the minimum

mage quality necessary to recover accurate tree geometry
uitable for compartment modeling, we are conducting a
omprehensive analysis of the effects of noise, image
esolution (optical and scan resolution), bit depth, imaging
latform (CLSM, MPLSM and epifluorescence) on the ac-
uracy of the extracted arbors. Here we report on the
ffects of objective lens magnification, n.a. and bit depth
or CLSM images. Pyramidal neurons from C57BL/6 mice
ere loaded with Lucifer Yellow and imaged using CLSM
ver a range of magnifications (using 100� to 10� objec-

ive lenses), optical resolutions (as related to values of n.a.
anging from 1.4–0.3 n.a.), bit depths (16, 12 and eight-bit)
nd pixel dimensions (i.e. image capture resolution). Im-
ges were deconvolved and skeletonized to extract den-
ritic arbors, which varied in overall size and accuracy
epending upon the imaging mode and parameters. Fig. 8
ompares 3D models of the extracted arbors from an initial

ig. 11. Extraction of skeleton and mass distribution of a portion of a c
ap was made, the dura mater removed, and the underlying cortex vie
elville, NY, USA) on a custom-made multiphoton laser scanning
luorescein, introduced via the femoral vein, was excited at 810 nm.
keleton shown in blue. (C) Ball-and-stick representation of vascular n
ation of vascular network. The darker areas result from the presence
eferences to colour in this figure legend, the reader is referred to the
nalysis of the CLSM data from the same pyramidal neu- i
on, imaged with different values of objective magnification
nd n.a.: 100�, 1.35 n.a. (left column); 60�, 1.4 n.a.
center) and 20�, 0.4 n.a. (right column).

The reconstructions varied in quality and extent, as the
it depth was reduced from 16-bit to 8-bit. Confocal imag-

ng at 100� with 16-bit grayscale depth and voxels of
.1�0.1�0.1 �m gave the optimal result with �90% of the
ree recovered without breakages. Reductions in bit depth
rom 16 to 8 bits affected the extracted tree only minimally
Fig. 8, left column), while reductions in objective magnifi-
ation and n.a. from 60� (1.4 n.a., Fig. 8 center) to 20�
0.4 n.a., Fig. 8, right column) caused the greatest reduc-
ions in completeness of the extracted trees. In images
ollected using a 20� (0.4 n.a.) objective, dendritic lengths
ere truncated (yellow arrow, Fig. 8), and loss of resolution
long the z axis limited reconstruction of somatic shape
red arrows, Fig. 8). Fig. 9 highlights the loss of dendritic
ength and resolution along the optic axis as objective lens

agnification is reduced from 100� (Fig. 9A) to 60� (Fig.
B) to 20� (Fig. 9C), by showing the reconstructed model

ed in the living rat barrel cortex. The animal was anesthetized, a skull
ugh a microscope coverslip with a 20� objective (n.a. 0.9; Olympus,
pe. The light source was a Chameleon tunable laser (Coherent).
ction of MPLSM images. (B) Projection as in A, with superimposed

howing superimposed diameters. (D) Generalized cylinder represen-
pial vessels casting a shadow on the field. (For interpretation of the

sion of this article.)
apillary b
wed thro
microsco
(A) Proje
etwork s
n 3D with YZ projections from the deconvolved image



s
i
p
l
a
s
c
p
e
d
s
c
d
o
c
o

o
a
s
m
m
n
i
t
a

E

e
T
b
w
g
a
c
m
d
a
m
d
c
s
d
s
c
t
f
o
2
a
s

a
r
1
r
t
c

d
t
f
v
t
c
a
r
m
m
s
s
s
t
S
s

c
t
a
o
i
t
a
c
m
m
t
a
l
h
t

a
o
t
m
s
t
N
c
o
p
d
R
t
m
o
o
t
m
(
s
c
o

w

S. L. Wearne et al. / Neuroscience 136 (2005) 661–680 675
tacks cast as shadows onto the back wall. In Fig. 9C, two
ndependent factors prevent accurate recovery of tree to-
ology: (1) the loss of XY resolution primarily truncates the

engths of dendritic branches; (2) the loss of resolution
long the optic axis at 20� creates artifactual loops and
mearing, particularly close to the soma, resulting in a
oarse model lacking fine details. It will be important to
erform further statistical analyses of the imaging param-
ters at which the branch lengths, branch diameters and
etectability of spines in the reconstructed tree become
ignificantly different from the standard (imaged by confo-
al microscopy with a 100� (1.4 n.a.) objective lens, a bit
epth of 16, pixel dimensions of 0.1�0.1 �m and z-steps
f 0.1 �m). This will include the assessment of the effect of
hanges in objective lens resolution that are independent
f magnification (i.e. 40�, 0.6 n.a. vs. 40�, 1.3 n.a.).

We conclude from these initial results that a minimum
f 60� magnification (1.4 n.a.) with 8-bit grayscale range
nd voxel sizes of approx. 0.2�0.2�0.2 �m with a field
ize of 1024�1024 would be required for adequate auto-
ated reconstruction of the entire tree, without significant
anual intervention. Nonetheless, even using a 40� (0.6
.a.) objective lens with 8-bit grayscale range (not shown

n Fig. 8), we were able to obtain a fair representation of
he tree, provided that disconnected dendrites were visu-
lly reconnected during a final manual tree-editing phase.

merging applications

Spine analysis. Spine shape analysis is a major
merging application of the Rayburst sampling algorithm.
he multidirectional radial measures returned by the Ray-
urst sampling core are very well suited to analysis of the
ide range of normal spine shapes, as well as the irregular
eometries that occur in pathologic conditions and brain
ging. Preliminary work has demonstrated that manual
ounting of spines from tissue slabs in epifluorescence
icroscopy, on a live computer display, significantly un-
erestimates spine numbers (Duan et al., 2002, 2003; see
lso Fig. 10). In Fig. 10A, the branching structure has been
anually traced and the spines counted from the computer
isplay of an epifluorescence microscope using NeuroLu-
ida. The dendrites were followed and traced at 100�, and
pines were marked as they appeared in best focus on the
isplay. This approach has severe limitations in that not all
pines are visible especially deep into the sections and
lose to the dendrite where the scattering properties of the
issue prevent spines directly above or below the dendrite
rom being resolved, resulting in significant underestimates
f spine numbers (see also Fig. 3 of Rodriguez et al.,
003a) These manual spine counts are compared with
utomated spine analysis from a single confocal image
tack using NeuronStudio (Fig. 10B).

To avoid the problems inherent in manual tracing, we
re developing automated spine detection and analysis
outines based on the Rayburst sampling technique. Fig.
0B, D shows results of a preliminary analysis using these
outines, applied to the same tissue block as was manually
raced in Figs. 10A, C. Spines were detected by creating

lusters of voxels that pass a set of user-defined criteria m
epending upon the species and neuron type. These cri-
eria include intensity, minimum and maximum distances
rom the closest branch and bounds on the allowable
olume. The clusters were then analyzed to determine
otal volume, surface area and attachment point to the
losest branch. One-way Rayburst sampling was applied
t the center of mass of each cluster, and lengths of each
ay to the surface threshold were determined. A polygonal
esh connecting the ends of the rays creates a surface
anifold for the spine, approximating arbitrarily irregular

hapes with greater precision as the number of rays in the
ampling core is increased. Spine volume is found by
umming the volume of the tetrahedral formed by each
riangle in the mesh and the center of mass of the cluster.
pine surface area can simply be found by summing the
urface area of each triangle.

A total of 140 spines were detected in the manual
ounting procedure (Fig. 10A), compared with 441 de-
ected in the automated count (Fig. 10B). One limitation of
utomated detection techniques is that the higher number
f potential spines identified may include false positives,

.e. small clusters of autofluorescent material that fall within
he acceptance criteria and are otherwise undistinguish-
ble from spines. Ongoing work is focused on refining the
riteria for classification of clusters as potential spines to
inimize these false positives. Examination in 3D of the
odels of Fig. 10A, B however, demonstrated that many of

he potential spines identified by the automated algorithm
nd missed by the manual procedure were small clusters

ocated either immediately above or below a dendrite, and
ence difficult to distinguish visually by focusing down
hrough the tissue slice.

Perhaps the major advantage of the automated spine
nalysis technique is its ability to represent spine morphol-
gy. Fig. 10C, D compares spine morphologies identified by

he two techniques. Fig. 10C shows a close-up view of a
anually traced dendritic branch with a single detected

pine. The spine and branch have been rendered in 3D from
he original NeuroLucida file, using our visualization program,
euroGL (http://www.mssm.edu/cnic/tools.html). The red
enter shows the actual point surrounded by a white sphere
f arbitrary size, drawn around the point for visualization
urposes only. Fig. 10D shows a close-up view of the same
endritic branch and spines detected by the NeuronStudio/
ayburst system. The red points are the voxels comprising

he spine cluster. The white polygon mesh is the surface
anifold of the spine as determined by application of the
ne-way Rayburst at the center of mass of the cluster. Not
nly are two additional potential spines found using the au-

omated technique, but a fairly good representation of spine
orphology is provided by surfacing the detected clusters

Fig. 10D). In future studies, both the numbers of detected
pines, and their 3D morphologies will be validated using
omputer-generated models of spiny dendrites with a range
f spine types of specified dimensions.

Quantification of 3D spatial complexity in vascular net-
orks in vivo. Abnormal vasculature is a hallmark of

any human diseases (Carmeliet, 2003), and of solid

http://www.mssm.edu/cnic/tools.html
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umor or lesion development, in particular (Jain, 2002; Jain
t al., 2002). Blood vessels in tumors do not follow the
ierarchic branching pattern of most normal vascular net-
orks—the normal equilibrium between vascular growth
nd cellular demands in tumors results in avascular, hy-
oxic voids of multiple sizes. When quantified with fractal
easures such as fractal dimension, minimum path length

a measure of tortuosity) and lacunarity, the size and num-
er of such voids correspond to invasion percolation, a
tochastic process in which a network expands around
andomly distributed obstacles (Baish and Jain, 2000).
uch approaches have revealed the extent of abnormality

n tumor vascular networks, the effect on nutrient and drug
elivery and the process of vessel normalization during
ifferent therapies (Gazit et al., 1995, 1997; Baish and
ain, 2000). Significantly, tumor and vascular growth can
lso be simulated with statistical growth models, providing

nsights into tumor morphology and function that are im-
ortant for understanding the transport of nutrients in tu-
ors, and for the design and delivery of blood-borne treat-
ents. Furthermore, the functional integrity of the brain
icrovascular network is crucial for the maintenance of
nergy metabolism and furnishing oxygen and nutrients to

he brain parenchyma (Magistretti and Pellerin, 1999; Mag-
stretti, 2000). Considering that the microvascular network
an be severely altered in neurodegenerative disorders
Buée et al., 1994; Bailey et al., 2004), it becomes impor-
ant to assess quantitatively and dynamically potential dis-
ase- or aging-related alterations in the brain microvascu-

ar bed in animal models. Recent technology permits in
itro and in vivo approaches to these issues (Nedergaard
t al., 2003). Although relatively difficult, live imaging of the
icrovasculature following injection of a fluorescent dye in

he peripheral circulation is feasible. We have recently
pplied our imaging and 3D reconstruction protocols suc-
essfully to such microvascular networks (Fig. 11). This
ill make it possible to observe and quantify changes in
lood vessels and blood flow dynamics in physiological
onditions as well as in models of human diseases.

Imaging, digitization, and 3D analysis of space-occu-
ying histopathologic lesions. To date, global analyses of

umor surface characteristics have been performed only in
D. In particular, analysis of the spatial complexity of these
tructures has been performed either on 2D projections, or
sing skeletonized medial axes without accounting for the
ass distribution. In recent work, 2D projections of tumor

urfaces (Lefebvre et al., 1995; Pohlman et al., 1996; Einstein
nd Gil, 1998; Einstein et al., 1998) were segmented, then
nalyzed using planar box-counting, box-gliding or similar
ethods. Inferences of fractal dimensions and growth mech-
nisms based on such 2D data are not accurate representa-
ions of the true 3D spatial complexity, however (Sander et
l., 1983; Witten and Sander, 1983). For example, diffusion-

imited aggregation (DLA; Witten and Sander, 1981) is a
tandard model in statistical physics of growth processes in
hich the aggregation of particles into clusters is dominated
y diffusion. DLA in 2D results in clusters with a fractal

imension of D�1.7, whereas clusters from the same mech- a
nism but grown in 3D have a fractal dimension of D�2.5.
ence a measurement of D�1.7 for a thin 2D projection is
ot indicative of DLA-like growth. In order to test hypotheses
bout growth mechanisms, new algorithms that permit accu-
ate analysis of complex cellular structures in 3D are essen-
ial. Significantly, unlike the existing 2D tools, 3D measures of
urface texture in lesions such as amyloid plaque or tumor
ormation will be capable of distinguishing between potential
ormal and pathologic growth mechanisms (Batchelor et al.,
998a,b), and may be useful for future modeling studies in
hich the effects of the disease process can be simulated.

In preliminary studies we have imaged samples of amy-
oid plaques from aged humans with AD and Tg2576 mouse.
he Thioflavine S-labeled slides were imaged on a Zeiss
SM 510 META CLSM in the lambda scanning mode to
enerate independent spectral signatures (i.e. emission in-

ensity profiles) over a 240 nm range for the fluorescence
ignal from Thioflavine S-labeled plaques in Tg2576 mice
nd for lipofuscin autofluorescence in unlabeled human AD
rain sections. Lambda scanning was then done for Thiofla-
ine S-labeled plaques in lipofuscin containing human AD
rain sections and linear unmixing (using the LSM 510 soft-
are) was used to separate the spectrally overlapping fluo-

escence of the Thioflavine S-labeled senile plaques from the
ipofuscin autofluorescence. The lipofuscin component of the
mage was removed, leaving the Thioflavine S components
or surface analysis (Fig. 12A–C). Following imaging and
inear unmixing, the extracted plaque data were deconvolved,
hresholded and digitized into 3D coordinates with origin at
he center of mass of the plaque. Using NeuronStudio, a
ange of different thresholds was determined visually (Fig.
2D, E). As shown in Fig. 12G, H, the computed 3D surface
epends critically upon the “tightness” of the threshold. A
reliminary analysis of surface roughness also indicates a
trong dependence of computed surface roughness on the
hosen threshold (Batchelor et al., 1998a; Westpfahl et al.,
999). For finer estimation of surface characteristics, the
ayburst algorithm with subvoxel metrics described above
an be used to avoid quantization errors that can artifactually
lter the estimated surface roughness.

Not only is the morphology of space-occupying lesions
uch as amyloid plaques of interest, but its effects on local
euronal morphology and function remain to be character-

zed. Fig. 12F, I shows the effect of local amyloid beta accu-
ulations on dendritic and spine morphology in the frontal

ortex of a 14 month-old Tg2576 mouse. We observed that
s amyloid deposits increase in density in this model sub-
tantial alteration in the fine structure of dendrites are re-
ealed. Dendrites in the vicinity of a plaque are displaced and
ust take longer, more tortuous routes to circumvent it (Fig.
2F), while dendrites that traverse a plaque may suffer local
pine loss or distortion of spine geometry (Fig. 12I). These
bservations are comparable to previous findings in other AD
ouse models (Knowles et al., 1999; Le et al., 2001; Tsai et
l., 2004). However, until precise 3D models of these geo-
etric distortions are produced, investigations of their func-

ional effects (e.g. by compartmental modeling of the resulting
hanges in neuronal firing patterns) will be limited by the

ccuracy of the reconstructions.
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DISCUSSION

n this report, we describe a new 3D shape analysis tech-
ique, the Rayburst sampling algorithm that uses the in-
ensity information from the 26-connected neighborhood of
ach voxel to interpolate medial axes, surface thresholds
nd distance measurements linearly within a voxel. We
emonstrate use of Rayburst sampling for dendritic diam-
ter estimation in structures ranging from subcellular
hrough multicellular and network levels. We used these
echniques to reconstruct pyramidal neurons from multiple
onfocal image stacks, and digitize them as a series of
eneralized cylinders in standard neuroanatomical format.
e also use Rayburst sampling to digitize two globally

omplex network structures: multineuron networks from

ig. 12. Senile plaque from an AD case extracted from background a
A) Plaque with superimposed autofluorescence. (B) After spectral ima
hat of the plaque. (C) Extracted plaque (green). (D, E, G, H) Comparis
hresholds (D, E). When a lower threshold is selected (D), the resultan
E), the mass is smaller and the surface less rough (H). The widest diam
laque accumulations on dendritic and spine morphology. Dendrites i
s a dendrite traverses a plaque (I). Image is from a single confocal pla
ar�150 �m in F; and 10 �m in I. (For interpretation of the references
rticle.)
he hippocampus of eGFP-expressing transgenic mice, t
nd fluorescently labeled neocortical vascular networks
cquired from live mice by MPLSM. These spatially com-
lex structures are skeletonized and digitized in general-

zed cylindrical format, enabling future analysis of mass
istribution and global complexity measures in true 3D. We
urther demonstrate an application of these approaches to
ecovering 3D mass distribution and surface roughness of
enile plaques from the cerebral cortex of a patient with
D, as an example of a space-filling histopathologic lesion.
inally, we investigate the limits of automated skeletoniza-

ion methods when tissue is imaged at less than optimal
esolution, bit depth and magnification. The robustness of
hese techniques depends upon the optical resolution,
epth of field, pixel size, bit depth and signal–noise ratio of

scence and surfaced at two different thresholds using NeuronStudio.
linear unmixing, lipofuscin fluorescent signal (red) is separated from

faced plaques (G, H) following segmentation with visually determined
larger and surface rougher (G). When a higher threshold is selected

he plaque is approximately 100 �m. (F, I) Effects of local amyloid beta
nity of a plaque are displaced by the plaque (F). Local loss of spines
h the periphery of a plaque, so the plaque looks artificially small. Scale
r in this figure legend, the reader is referred to the web version of this
utofluore
ging and
on of sur
t mass is
eter of t

n the vici
ne throug
he original images, which can introduce artifactual loops in
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ree topology and dendritic breakages. By imaging the
ame neuron with different modalities, magnifications, res-
lutions and bit depths, we show that robust recovery of
he dendritic tree depends most sensitively upon objective
ens magnification, and the n.a. of the lens.

By reconstructing global cellular structures on a micro-
copic scale these tools will allow, for the first time, model
ased simulation and evaluation of the coincident effects
f parameters such as dendritic branching topology and
pine geometry, on both global and local scales. Both
cales are critical in regulating neuronal dynamics and
ynaptic plasticity (Magee and Johnston, 1997; Stuart et
l., 1997; Matsuzaki et al., 2001; Stuart and Häusser,
001; Vetter et al., 2001; Yuste and Bonhoeffer, 2001;
enry et al., 2002), however, to date, no tools exist for
ssessing their combined effects, or their interactions. Re-
earch on age-related deficits in cognitive function of hu-
ans, non-human primates and rodents demonstrates
orphologic changes at both global and local levels but no
echanistic theory currently exists for linking altered func-

ion to structural changes.
The approaches outlined in this paper will prove useful

n relating functional deficits to morphologic changes at a
evel that is impossible with current technology, by ad-
ressing the mechanisms by which altered dendritic struc-

ure may lead to memory deficits. With the growing recog-
ition that fine dendritic, spine and network structures are
rucial determinants of electrical and biochemical compart-
entalization of neural function (Wickens, 1988; Lisman,
989; Koch and Zador, 1993; Yuste and Bonhoeffer,
001), development of these tools will impact both the
omputational neuroscience community directly, as well as
eurobiological research in general.
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