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� Abstract
The morphology of dendrites and the axon determines how a neuron processes and
transmits information. Neurite morphology is frequently analyzed by Sholl analysis or
by counting the total number of neurites and branch tips. However, the time and
resources required to perform such analysis by hand is prohibitive for the processing of
large data sets and introduces problems with data auditing and reproducibility. Further-
more, analyses performed by hand or using course-grained morphometric data extrac-
tion tools can obscure subtle differences in data sets because they do not store the data
in a form that facilitates the application of multiple analytical tools. To address these
shortcomings, we have developed a program (titled ‘‘Bonfire’’) to facilitate digitization
of neurite morphology and subsequent Sholl analysis. Our program builds upon other
available open-source morphological analysis tools by performing Sholl analysis on
subregions of the neuritic arbor, enabling the detection of local level changes in den-
drite and axon branching behavior. To validate this new tool, we applied Bonfire analy-
sis to images of hippocampal neurons treated with 25 ng/ml brain-derived neuro-
trophic factor (BDNF) and untreated control neurons. Consistent with prior findings,
conventional Sholl analysis revealed that global exposure to BDNF increases the num-
ber of neuritic intersections proximal to the soma. Bonfire analysis additionally
uncovers that BDNF treatment affects both root processes and terminal processes with
no effect on intermediate neurites. Taken together, our data suggest that global expo-
sure of hippocampal neurons to BDNF results in a reorganization of neuritic segments
within their arbors, but not necessarily a change in their number or length. These find-
ings were only made possible by the neurite-specific Sholl data returned by Bonfire
analysis. ' 2010 International Society for Advancement of Cytometry
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NEURONAL morphology is important for determining how action potentials propa-

gate, how information is processed (1–4), and neuronal function (5–8). Neurite

branching affects how single neurons integrate synaptic inputs (9,10) and how they

communicate as networks (11). Alterations in neuronal morphology and branching

patterns have been observed in a wide range of developmental or acquired disorders

(12–15) in which it is thought that altered arbor structure plays a role in the pathoge-

nesis of the disorder. Understanding the factors affecting neuronal morphology is,

therefore, integral to understanding nervous system health and disease.

Neuronal morphology is a complex phenomenon to study due to the wide range

of metrics which may be quantified (16,17). The need for streamlined methods of

acquiring neuronal morphological data has given rise to a growing number of fully

automated and semiautomated tools (18–22). Each has unique strengths and weak-

nesses associated with removing user control and relying on computers for neurite
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identification, resulting in a trade-off between speed and relia-

bility. Often, neurite morphology is analyzed by counting the

total number of neurites, branch points, tips, or by Sholl anal-

ysis (Fig. 1A) (23). Each of these methods used in isolation

falls short of providing a full description of arbor morphology

because it is possible to generate the same output from two

different input arbors (Figs. 1B and 1C) (17). Additionally, the

pattern of dendritic and axonal extensions is a result of cytos-

keletal assembly and disassembly processes regulated by intra-

cellular and extracellular factors. Because of the highly local

role of many of these regulatory processes, final arbor mor-

phology is a product of specific effects acting locally in each

neurite. Axons and dendrites, for example, develop distinct

morphological behaviors even when exposed to the same

global environment (24). The application of these data extrac-

tion techniques to whole neuronal arbors destroys the ability

to observe local changes. These failures of traditional data-

generating tools make it difficult to test specific hypotheses

about the biochemical processes driving arborization. This

problem is compounded by the time associated with manual

quantification, which makes it impossible to practically

employ more than a very few quantification techniques, limits

data sharing opportunities between laboratories, and creates

problems with reproducibility and data auditing (21).

INTRODUCTION
In this study, we report the release of a unique tool that

incorporates two existing morphological analysis platforms,

along with custom analytical components, to provide detailed

neurite-level morphological data. The program incorporates

NeuronJ (18) to acquire spatial information about the posi-

tion of neuritic segments in space relative to the rest of the cell

(Fig. 2B). It then exports this information to NeuronStudio

(25) to allow the user to define structural information about

the connectivity between neurites (Fig. 2C). Custom portions

of the program then assign ‘‘identities’’ to each neuritic seg-

ment according to its location within an arbor. Assigning an

identity to each segment allows the program to perform a se-

ries of analyses relating morphological metrics to segmental

identity (Fig. 3). The workflow created is intended to stream-

line data digitization and storage processes while preserving

the reliability of user control.

We validate the program’s ability to detect changes in

arbor morphology by applying this analysis to neurons incu-

bated with brain-derived neurotrophic factor (BDNF), a well-

studied extracellular factor that regulates neurite morphology

(26–28). Most studies have found that BDNF increases den-

drite number close to the soma and reduces distal dendrite

number (29,30). BDNF promotes similar increases in proxi-

mal axon complexity (31–33). Historically, BDNF has been

shown to increase dendrite complexity (34,35) and number

(36) by altering the rates at which new dendrite branches are

gained and lost (36). The exact mechanisms by which these

effects are mediated are still debated and may differ by cell

type or location in the same cell (37–40). Bonfire analysis was

applied to our experimental data to assess whether this novel

analysis detects effects of BDNF on neurites that may have

been missed by conventional Sholl analysis.

MATERIALS AND METHODS

Cell Culture and Imaging
Hippocampal neurons were isolated from E18 rat

embryos and cultured as previously described (41). Briefly,

embryos were removed by Cesarian section at 18 days gesta-

tion and decapitated. The hippocampi were manually dis-

sected under a microscope, and cells were triturated with a fire

polished glass pipette tip, counted on a hemocytometer, and

plated at a density of �1,800 cells per mm2 on 35 mm petri

plates (Corning) coated with 1 mg/ml poly-D-lysine (Sigma-

Aldrich). Cultures were maintained in Neurobasal medium

containing penicillin, streptomycin, glutamine, and B27 sup-

plement (NB; all purchased from Invitrogen).

At 5 days in vitro (DIV5), cells were transfected with

cDNA encoding GFP using Effectene (Qiagen), as previously

described (42–45). The low efficiency of this transfection tech-

nique in this cell system allows the easy identification of the

processes associated with single neurons. In the BDNF treat-

ment groups, treatment occurred from DIV7-10, during which

regular NB was replaced with NB containing 25 ng/ml BDNF.

This BDNF concentration does not stimulate p75 or other Trk

(A and C) receptors, (46). Cultures were fixed in 4% parafor-

madehyde on DIV10 and immunostained with rat anti-GFP

(a gift from Dr. Shu-Chan Hsu, Rutgers University) and

MAP-2 (Sigma-Aldrich). Neurons were imaged in the GFP

channel at 2003 using an Olympus Optical IX50 microscope

with a Cooke Sensicam CCD cooled camera, fluorescence

imaging system, and ImagePro software (MediaCybernetics).

Images were acquired in 8-bit TIFF format, measuring 512 3
640 pixels.

Program Mechanics and Usage
The Bonfire program is a series of custom scripts written

in MATLAB (MathWorks). These scripts, as well as instruc-

tions on its use and sample data, are available in the supple-

mental online material accompanying this article. Neuronal

morphology was digitized in three stages based on the initial

images. In the first stage, the semi-automated tools available

through the NeuronJ plugin (18) to ImageJ (NIH, Bethesda,

MD) were used to define positions of all neurites (Figs. 2A

and 2B). The data for each neurite are exported using NeuronJ
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in the form of a series of nodes with defined positions in the

x-y plane, where nodes belonging to an individual neurite seg-

ment are linked by association. These tools allow the user to

guide the tracing of each neuritic segment with course resolu-

tion by hand but reduce tracing time by using a curve-fitting

algorithm to fine-tune the exact location of the nodes defining

the neurite position.

In the second stage, portions of the Bonfire program

were used to convert the strings of nodes provided by

NeuronJ into SWC format (47) for further manipulation.

NeuronStudio (25) is then used to define the pattern of

connectivity between neurite segments (Fig. 2C). The trans-

formation of the data into SWC format allows for the link-

age of the simple strings of nodes defined previously into

more complex branching structures. After linking is com-

plete, another component of the Bonfire program checks

the resulting structure for errors and nonlinkages (Fig. 2D),

based on the assumption that each neuritic segment may

only give rise to two or less daughter segments (48). This

assumption is made to facilitate future integration with

Figure 1. Schematic of several classic morphological analysis tools and the digitized process for performing them available through the

Bonfire program. A) Schematic of Sholl analysis, branch/terminal point counting and segment counting. B) Two distinct arbors (left and
right) that generate identical Sholl curves. C) Two distinct arbors (left and right) that generate identical terminal point and branch counts.
[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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theoretical growth models (49) and does not result in sig-

nificant loss of data (50). These two steps fully determine

the structure of each cell’s neuritic arbor in two-dimen-

sional space and encode it in a digital format.

Using these digitized neuritic arbors, a second component

of the Bonfire program was then used to perform process iden-

tification and extract the following metrics: number of primary

neurites, number of secondary neurites, number of branch

points per cell, number of terminal neurite tips per cell, and

Sholl analysis performed with a 3.0-lm ring interval (Fig. 2E).

Sholl analysis is performed conceptually by drawing concentric

circles around the cell body at incrementally increasing radii

and counting the number of times each circle crosses a neuritic

segment (shown counting around the circle counterclockwise

for demonstration in Fig. 1A). The number of intersections is

graphed as a function of radial distance from the cell body (Fig.

1A, upper right quadrant) to give a quantitative representation

of how neurite density varies spatially.

Because the location and linkage pattern of neurites is

user-defined using external tools, the algorithms associated

with data extraction are geometric in nature and do not depend

on conceptually complex image analysis. For example, the algo-

rithm for Sholl analysis is based on the assumption that if a

neuritic segment starting at one node (node Nn with Cartesian

coordinates Xn, Yn) lies inside of a soma-centric circle with ra-

dius r (Cr), and its daughter node (node Nn 1 1 with Cartesian

coordinates with coordinates Xn 1 1, Yn 1 1) lies outside of ra-

dius r, then that neurite must cross the circle with radius r. Cr is

also intersected by this neuritic segment if the reverse is true.

Therefore, Cr is intersected by a neuritic segment when the cri-

teria outlined in Eq. (1) are met, as follows:
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n þ Y 2

n
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The above holds true regardless of the spacing between nodes

defining a neurite path, and so can be used for all mother–

Figure 2. Schematic of the digitization and analysis process available through the Bonfire program. A) A neuron that has been ‘‘skeleto-
nized’’ as a first step in digitizing its structure. B�E) Example graphical output of each step of the Bonfire procedure, as applied to seg-
ments of the image shown above in A). Example non-linkage errors (D, red spots) have been left in the figure intentionally to demonstrate
Bonfire program error identification. [Color figure can be viewed in the online issue which is available at wileyonlinelibrary.com.]
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daughter node pairs. To return the cumulative Sholl curve,

this same check is performed between every mother–daughter

node pair and every circle, and the results are summed by cir-

cle. Because every node is checked for the existence of a

mother node, this reliably returns the Sholl information for

the entire arbor. Furthermore, because every node-pair can be

tagged with a structure-based identity, it is possible to later

tabulate which identity-classes intersect with specific circles.

Additional descriptions of the algorithms involved in data

management can be found as comments in the MATLAB code

accompanying this article. Afterward, data were transferred to

Excel to facilitate statistical analysis. The experimenter was

blinded to experimental conditions during all data analysis.

Branch Identity-Specific Data Analysis
Two labeling schemes were used to assign structure-based

identity to segments, which allow us to analyze subregions of

the arbor with varying degrees of specificity. Neuritic seg-

ments, or branches, are the uninterrupted stretches of neurite

starting at one branch point, or starting at the cell body in the

case of root segments, and ending when the neurite terminates

or at the next branch point. These segments can be grouped

together in different ways. In the most frequently used conven-

tion, these processes are assigned a number, or branch order.

In this convention, termed ‘‘inside-out’’ labeling (I/O) here,

branch order starts at 1 with any branch initiating at the soma

and increases by 1 with each branch point reached, moving

from the soma to the branch tips (Figs. 3A.1–3F.1) (17). The

second convention is the ‘‘roots, intermediate, terminal’’

(RIT) convention (Figs. 3A.2–3F.2), in which any neurite orig-

inating in the soma is a root segment, any neurite with no

daughter neurites is a terminal segment, and any neurite not a

root or a terminal is an intermediate segment (17).

Having neurites assigned segmental identities in I/O and

RIT labeling allows the performance of more traditional forms

of analysis on specific subregions of the arbor. For example,

Figures 3A.1 to 3F.1 shows Sholl analysis performed on neurite

segments that have been consolidated into three separate

groups based on their structural identity, resulting in three

separate Sholl curves for the same cell. This technique is per-

formed the same way as standard Sholl analysis but uses three

possible groupings of segments. In the example shown in Fig-

ure 3, the first grouping contains only primary segments, and

therefore, only the intersections of primary segments with the

Sholl rings are tallied in the generation of the Sholl curve for

that group (Fig. 3D.1). In the second group, only secondary

processes are counted, and in the third group, all segments

with order �3 are counted, generating the Sholl curves shown

in Figures 3E.1 to 3F.1, respectively. A similar analysis can be

performed using the RIT labeling scheme in which only the

Sholl intersections with root segments (Fig. 3D.2), intermedi-

ate segments (Fig. 3E.2), or terminal segments (Fig. 3F.2) are

counted. Note that the sum of all the component Sholl curves

adds up to the total Sholl curve for the cell, and therefore, is

the same in both of these cases.

RESULTS

Global Analysis
As seen by other groups (31), global exposure to BDNF

in vitro increases proximal neurites within the first 35 lm of the

soma but has no effect on distal neurites (Fig. 4A). Quantifica-

tion of the number of primary and secondary neurites shows

that BNDF treatment causes a statistically significant increase in

the number of primary extensions, and while there is a trend of

an increasing number of secondary neurites it does not reach

statistical significance (Fig. 4B). In addition, we analyzed the

Figure 3. Two structure-dependent labeling schemes that assign an identity to neurite segments based on their location within their
arbors. A) Randomly generated arbor, labeled according to the ‘‘inside-out’’ scheme (I/O�A.1) or the ‘‘Roots, Intermediate, Terminal’’
scheme (RIT�A.2) (17), and color-coded according to order. B) An example neuritic arbor, which has been digitized and color-coded
according to branch order using I/O labeling (B.1) and RIT labeling (B.2), respectively. C) Schematized example neuritic arbor, color-coded

according to I/O labeling (C.1) and RIT labeling (C.2), respectively, with superimposed Sholl rings. D�F) The order-specific Sholl curves
resulting from the arbors shown in Fig. 2C. C.3) Example arbor in gray, showing neuritic segments that change groupings between the
two labeling schemes (black), accompanied by a schematic showing the relative areas of emphasis for the I/O (G.1) and RIT (G.2) labeling

schemes. [Color figure can be viewed in the online issue which is available at wileyonlinelibrary.com.]
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effect of global BDNF administration on the average number

of branch points and number of terminal branches per cell

(Fig. 4C), which showed no change between conditions.

Similarly, global BDNF exposure causes no significant change

in average process length or total arbor length (data not

shown). While the specifics of BDNF treatment vary based on

the type of neuron and system (in vitro vs. in vivo) (29–33),

these results are broadly consistent with the general scientific

consensus that BDNF treatment increases arbor ‘‘complexity.’’

Local Analysis
A more detailed picture of BDNF-induced morphological

changes is created by the local-level Sholl analysis. RIT-based

Sholl analysis identifies that the increased number of proximal

Sholl intersections is due to two effects: (1) there is an increase

in the number of primary neurites (Fig. 4B), which causes an

increase in the number of Sholl intersections with primary

neurites (Figs. 4D and 4G), and (2) there is an increase in the

number of Sholl intersections with terminal neurites (Fig. 4J).

However, when the I/O labeling scheme is used (Figs. 4D–4F),

only primary neurites appear to change significantly between

conditions. This is because the neurite subtype responsible for

much of the change (terminal neurites) is split between the

second two classifications using the I/O labeling scheme, mak-

ing a statistically significant change impossible to detect.

Taken together, these two schemes indicate that the increase in

proximal Sholl intersections is caused by increased primary

Figure 4. Results of the Bonfire analysis for hippocampal neurons treated with 25 ng/ml BDNF and untreated control neurons. A) Total
Sholl curves with example inverted GFP images (inset). B) Average number of primary and secondary processes per cell. C) Average num-
ber of branch points and terminal points per cell. D�F) Segment identity-specific Sholl analysis according to the I/O labeling scheme,

where segments have been grouped as either primary (D), secondary (E) or tertiary and greater (F). G�I) Segment identity-specific Sholl
analysis according to RIT labeling scheme, where segments have been grouped as either root segments (G), intermediate segments (H),

or terminal segments (I). All error bars represent the standard error of the mean (SEM). Statistical analysis of dendrite number was per-

formed on the total number of Sholl intersections in the bracketed regions using two-tailed unpaired t test with Welch correction (n = 18 for 0

ng/ml BDNF condition, n = 24 for 25 ng/ml condition). [Color figure can be viewed in the online issue which is available at wileyonlinelibrary.

com.]
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sprouting as well as increased presence of low-order branches

that terminate rather than branch into daughter segments.

DISCUSSION

Morphological Analysis
The data generated during the study of neuroscience are

as variable as the subject itself, including genetic, proteomic,

morphological, electrophysiological, histological, and behav-

ioral data. Even within the subtype of morphological data,

there is no consensus on which metrics are most significant,

and there are frequently multiple means of capturing, analyz-

ing, and storing the data (22). Consequently, every laboratory

accumulates a unique set of tools according to their means

and needs. Recently, researchers have turned increasingly to

the field of neuroinformatics, which aims to create tools and

standards to help integrate information across research plat-

forms and laboratories (51). In an environment where such

diversity is required for its continued productivity, the devel-

opment of tools meant to bridge existing platforms can be

more effective than the development of tools which aim to

vertically integrate all steps in analysis in one platform.

Digitizing neuronal morphology generally consists of six

steps: (1) image acquisition, (2) skeletonization, (3) generation

of meta-data, such as arbor structure, (4) quantification, (5)

analysis and interpretation, and finally, (6) data storage. Numer-

ous software packages have been developed to assist neuroscien-

tists in these various steps, including automated (19,21,52) and

hand-assisted (18) skeletonization tools, neurite linking tools

(25,53,54), automated data-analysis tools (20,55), and database

tools (56,57). One notable absence from the collection of avail-

able open-source tools is a method for deriving Sholl profiles,

which interfaces with the other tools used to digitize neuronal

morphology. Current Sholl tools available for download operate

by simple image thresholding (58), are entirely user-driven

(53,59), or provide limited and highly specific output (25).

While commercial alternatives exist, they are frequently cost-pro-

hibitive and cannot be altered to meet unique demands.

The Bonfire program integrates with two existing tools

used in neuronal digitization (NeuronJ and NeuronStudio)

and provides a means of extracting Sholl profiles from digi-

tized neurons stored in standard SWC format. Furthermore,

the linkage of an automated, structure-based labeling system

with an automated Sholl analysis algorithm creates a powerful

new method for quantifying highly specific changes occurring

in dendrites and axons following genetic or pharmacologic

manipulations. The reason for having multiple methods of

segmenting the data is that each method only focuses on a

small region of the neuritic arbor, making it better suited to

identify effects in that region. The I/O scheme focuses on pri-

mary and secondary neurites at the expense of higher order

neurites (Figs. 3G.1, 3D.3–3F.3). Such a scheme may uncover

morphological effects caused by factors acting at the cell body

but may miss changes preferentially affecting only the more

terminal regions of the arbor. Conversely, the RIT scheme cap-

tures effects of factors at terminal segments but causes a loss

of resolution in the intermediate segments since they are

grouped together (Figs. 3G.2, 3D.3–3F.3). The RIT scheme is

best for identifying factors that affect the stability or creation

of terminal segments, but this scheme misses effects that occur

close to the cell body. The difference in regions of focus

between the two schemes is generated by their accounting for

the same set of processes differently (Fig. 3C.3). This identity-

specific information reveals trends in neurite patterning,

which were previously obscured by global-level analyses.

Biological Findings
Primary segment numbers confirm that BDNF exposure

increases primary neurite number. However, the absence of a

significant change in the number of branch points or terminal

points and the lack of a change in the average segment length

implies that the effect of BDNF is not due to overall increased

neurite branching. Taken together with the absence of a

change in the total arbor length, these findings, which repre-

sent an entirely new function for BDNF, suggest that global ex-

posure of hippocampal neurons to BDNF in vitro results in a

reorganization of neuritic segments within their arbors but

not necessarily a change in overall neurite number or length.

Data extracted using Bonfire analysis provide a more

detailed view of these morphological changes, and for the first

time, tie the effects of BDNF to specific regions of the arbor.

The importance of having the multiple methods of data seg-

mentation provided by the two labeling schemes is clarified by

the fact that the analysis identified not only a global effect of

bath application of BDNF but also that this global effect is

predominantly driven by a change in two specific arbor subre-

gions. These details about the local nature of morphological

changes have not been identified using conventional methods

(43,59,60).

Future Directions
One of the most exciting opportunities opened by the

generation of morphological data containing local-level detail

on arbor structure is the ability to fuel mathematical explora-

tion of the molecular processes locally guiding arborization

(61–65). Much work has been done deriving generative mod-

els of neuronal morphologies (66–69). These models are based

on observation, but their mechanics are meant to represent bi-

ological processes driving cellular morphology (61-63,70).

Providing these models with a more detailed source of experi-

mental data would improve mathematicians’ ability to gener-

ate and test specific hypotheses about biochemical regulatory

networks. As mentioned previously, final arbor structure is a

result of balanced cytoskeletal assembly and disassembly pro-

cesses which are regulated by local and global factors. Detailed

morphological analysis of specific regions of the dendritic and

axonal arbors may provide a convenient window into the reg-

ulation of neuronal structure by locally active factors. The

result would be a closer integration of mathematical modeling

with experimental science.

For example, the mathematical interpretation of Sholl

data can be performed using multiple methods (65). The

selection of the most informative one may be dependent on

cell type, or even the process type within one cell, implying
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that the biological drivers of neurite branching and growth

may change based on context. However, even using multiple

mathematical approaches, interpretation of standard Sholl

analysis is not straightforward. An observed increase in Sholl

intersections may be due to a variety of changes in branching

behavior, including increased sprouting from the soma, more

rapid neurite bifurcation, delayed termination, or even neurite

extension from the periphery back toward the soma. It is

therefore necessary to determine the contribution of each pro-

cess type to the overall Sholl curve if such information is to be

instructive of the underlying biological processes.

CONCLUSIONS

The Bonfire program provides a useful bridge to integrate

several existing digitization tools, makes the data available in a

variety of formats (.swc morphological descriptions of indivi-

dual neurons, .xls summary reports, and graphical analysis

provided within MATLAB), and assists in the generation of

morphological databases where information is stored concisely

and can be revisited with unique analyses or audited for cor-

rectness as the need arises without having to re-digitize the

data. The Bonfire program capitalizes on the strengths of pre-

viously developed tracing programs to reduce the time

required for high-fidelity tracing, while preserving the flexibil-

ity of laboratories to generate digitized neuronal files using

their own preferred method. Though the program currently

integrates most effectively with NeuronJ and NeuronStudio, it

operates on standard SWC encoded neuronal information,

which can be created using a variety of methods. Furthermore,

the MATLAB code is readily available for modification, ena-

bling users to modify or expand on the analysis to meet their

own needs. In making this tool freely available, we hope to

increase the accessibility of high-quality morphological analy-

sis tools to the scientific public and to establish a precedent

for building and sharing open-source tools for improved mor-

phological analysis of neurons.
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