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Abstract

High-throughput automated fluorescent imaging and screening are important for studying
neuronal development, functions, and pathogenesis. An automatic approach of analyzing images
acquired in automated fashion, and quantifying dendritic characteristics is critical for making such
screens high-throughput. However, automatic and effective algorithms and tools, especially for the
images of mature mammalian neurons with complex arbors, have been lacking. Here, we present
algorithms and a tool for quantifying dendritic length that is fundamental for analyzing growth of
neuronal network. We employ a divide-and-conquer framework that tackles the challenges of
high-throughput images of neurons and enables the integration of multiple automatic algorithms.
Within this framework, we developed algorithms that adapt to local properties to detect faint
branches. We also developed a path search that can preserve the curvature change to accurately
measure dendritic length with arbor branches and turns. In addition, we proposed an ensemble
strategy of three estimation algorithms to further improve the overall efficacy. We tested our tool
on images for cultured mouse hippocampal neurons immunostained with a dendritic marker for
high-throughput screen. Results demonstrate the effectiveness of our proposed method when
comparing the accuracy with previous methods. The software has been implemented as an ImageJ
plugin and available for use.
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1. Introduction

High-throughput screening of cultured neurons has become an increasingly important tool
for investigation of neuronal mechanisms and drug discovery, such as efficient identification
of synaptogenic genes and pathways (Fox, 2003) (Hawker, 2007) (Dunkle, 2003) (Sharma,
et al., 2013). Traditionally, the scale of screens had been held back by culturing and staining
techniques but it is rapidly changing with the advances in high-content culturing,
immunolabeling, and image acquisition (Al-Ali, Blackmore, Bixby, & Lemmon, 2013). For
example, a recent high-throughput genetic screen allowed for over-expression of any set of
genes or sShRNA targeting the genes in a 96-well format, using mature primary neurons that
are beyond simpler cellular systems (Sharma, et al., 2013).

A critical step in such screening is the identification of phenotypic changes, which requires
an efficient and reliable quantification of important metrics. One such critical metric to be
quantified in a neuronal genetic screen is the length of neuronal dendrites. Dendritic length
has a profound influence over the neuronal system function (Pittenger & Duman, 2008)
(Faherty, Kerley, & Smeyne, 2003). It has also been combined with other metrics (such as
synapse distribution) to explore various mechanism of neuronal activity, development and
disease (Glausier & Lewis, 2013) (Becker, Armstrong, & Chan, 1986) (Patt, Gertz, Gerhard,
& Cervds-Navarro, 1991). Therefore, an automated quantification tool is essential for high-
throughput screening. However, currently, such quantification has been limited to young
neurons with short dendrites that have minimal intersections. For mature neurons where
dendrites are significantly long and form a complex network, a common practice is to select
regions of interest manually in the high-throughput multi-well images and perform the
analysis. The length of this region is then measured using a tool that requires a lot of user
interaction, e.g. NeuronJ (Meijering, et al., 2004). Such practice is laborious and unpractical
for a large-scale screen. Moreover, manual selection of region of interest can also introduce
subjective bias.

While length quantification based on methods such as image skeletonization have been
attempted recently, the lack of an effective image analysis tool to automatically process
mature neurons for quantitative measure remains a bottleneck for large scale screening
(Sharma, et al., 2013) (Nieland, et al., 2014). This is because images of mature neurons,
such as mammalian pyramidal neurons, typically contain many cultured neurons, each of
which has a complex dendritic arbor. Due to the size and complexity of the images, they
may have areas of dendrite branches with varying levels of illumination, contrast, and arbor-
density. They may also have different levels of artifact noises, especially at the cross points
of multiple dendritic branches. In consequence, the signal-to-noise ratio is typically low. The
big contrast variation and arbor characteristics in different parts of the image of a neuron or
multiple neurons makes it unlikely that a single length quantification algorithms and/or a
single set of parameters of image analysis will be a cure-all for the entire image.

In this paper, we develop algorithms that tackle the complexity of the mature neuronal
images and provide an open tool, DendriteLengthQuantifier, as an ImageJ plugin to
automatically estimate total dendritic length in high-throughput setting. After reviewing the
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related work in Section 2, we detail the methodology for automatic dendritic length
quantification. Experimental results are given in Section 4, followed by discussions.

2. Related Work

The aim of this research is to provide automatic and reliable dendritic length quantification
for a high-throughput image with multiple neurons. In addition to related methods that focus
on dendritic length estimation, we will also discuss several popular neuron reconstruction
tools which can be used for length quantification in low-throughput settings.

2.1 Tools for Dendritic Quantification

Existing tools and methods that yield neuronal length metric vary on the degree of
automation.

A popular example of a semi-manual tool is an ImageJ plugin called NeuronJ (Meijering, et
al., 2004), which is among a class of methods that use searching-based algorithms to trace
the dendrite in order to get quantification metrics. In NeuronJ, the user utilizes a computer
mouse to select a starting point and an ending point. NeuronJ makes use of a minimal
cumulative cost search algorithm to determine a path between the two points. The algorithm
is highly resilient against varying levels of noise and neurite intensity contrast. The
drawback is that semi-manual methods are time consuming and labor intensive, which make
them impractical in dealing with high-throughput data sets. Due to this drawback, it is a
typical practice for researchers to just trace selective parts of the dendritic arbor. This
approach is inherently non-holistic and dependent on subjective judgment.

In addition to neurite estimates, NeuronJ provides a partial digital reconstruction of the
neuronal morphology. Similar recent efforts on reconstruction of two dimensional and three
dimensional neuron images have yielded many tools such as NeuroMantic (Myatt,
Hadlington, Ascoli, & Nasuto, 2012), Vaa3D (Peng, Ruan, Long, Simpson, & Myers, 2010),
NeuronStudio (Rodriguez, Ehlenberger, Hof, & Wearne, 2006), and some commercial
candidates such as NeuroLucida and Imaris. While the reconstruction tools are achieving
different levels of automation with ongoing motivations including DIADEM competition
(Liu, 2011), in practice they are not used as often as semi-manual ones. As an indication of
reality, a majority of neuron morphology of the online neuron morphology database
NeuronMorph.org still come from manual instead of automatic reconstruction (Myatt,
Hadlington, Ascoli, & Nasuto, 2012). One major reason is because the results still require a
lot of labor-consuming proof-reading which is manual post processing that fills missing
segments or fixes other issues (Peng, Long, Zhao, & Myers, 2011). This is inappropriate for
high-throughput demands.

Different from tools which need human-machine interactions during or after, some methods
are designed for extracting and quantifying neurites of cultured neurons in high-throughput
settings. For example, NeuriteTracer (Pool, Thiemann, Bar-Or, & Fournier, 2008),
CellProfiler (Nieland, et al., 2014) and some others (Vallotton, et al., 2007) (Narro, et al.,
2007). NeuriteTracer and similar software binarize images before extracting the neurites by
skeletonization to calculate the centerline of the neurites. The method described by Zhang et
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al. (Zhang, et al., 2007) quantifies the length of the neurite segments by a live-wire search
method that link the detected seed points. The method described by Wu et al. (Wu, Schulte,
Sepp, Littleton, & Hong, 2010) uses a contrast-limit adaptive histogram equalization method
to overcome the non-uniform illumination in high-throughput screening images. The method
then uses orientation-guided neurite tracing to carry out neurite quantification. These tools
typically require minimal interaction. However, they only work effectively with neurons of
simple morphologies. In these neurons, the neurite segments coming out of cell bodies are
short with little branching and minimal branch intersecting, lacking the complex arbor
structure and branching pattern of mature neurons.

2.2 Algorithms for Dendritic Quantification

Among the above tools with varying levels of automation and application, there are several
main algorithms employed for dendritic estimation.

One line of investigation involves the use of stereological principles to acquire length
estimates (Renn, et al., 2000). This approach, designed to be less labor-intensive than direct
tracing, uses grids superimposed on images obtained from fluorescence microscopy. The
intersections between the grid lines and the dendrites are counted and subjected to statistical
analyses to produce length per neuron estimates. This approach has been applied to both
primary and secondary neurites. Higher order neurites are generally ignored. The method
works best with less densely plated cells; difficulties develop when attempting to analyze
overlapping and extensively branching arbors.

The exploratory tracing algorithm guided by direction (Al-Kofahi, et al., 2002) uses the peak
response from a set of directional two-dimensional (2-D) correlation kernels to determine
the direction of the branch as it progresses forward. The method was initially used in
applications with similar tree-like morphology (e.g. retinal vasculature) (Can, Shen, Turner,
Tanenbaum, & Roysam, 1999) before being associated with neuroscience applications. This
approach is attractive because the processing is performed at the local level, therefore it
scales with the complexity of the neurons rather than image size. The algorithm can work
with the gray-level image directly without the binarization of the entire image first. Overall
the method is robust against curvature and discontinuous branches. The direction estimation
is, however, sensitive to noise. The design of stopping conditions for tracing can encounter
issues when the dendrites have dense branches with a lot of crossovers. Tracing using a
shortest path algorithm, as employed by NeuronJ, is a minimal cumulative cost search
algorithm that determines a path between the two points of source and destination. It has
often being used as the interactive algorithms in semi-automatic tools with cost functions
defined based on foreground pixel intensity and/or the flow of the structure (Meijering E.,
2010).

Another alternative to automated tracing methods is the segmentation approach. One of the
major differences between segmentation and other approaches is that it involves the
processing of every pixel in the image. For example, NeuriteTracer (Pool, Thiemann, Bar-
Or, & Fournier, 2008) and NeuronMetrics (Narro, et al., 2007) both utilize skeletonization,
which contains two very important steps. The first step is the binarization of the image based
on an automated estimation of the background threshold. Next, the foreground is stripped
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until the diameter is only one pixel across. The length estimate is then derived by counting
the total number of the foreground pixels. Skeletonization has a significant time advantage
as it is fully automated and works well with crowded images that have high contrast.
However, the limitation of global threshold detection methods restricts its ability to handle
low-contrast images. To remedy the issue, some tools (e.g. NeuronMetrics) have an optional
manual post-processing feature that fills in the gaps caused by faint segments. As previously
mentioned, this is inappropriate for high-throughput demands.

3. Materials and Methods

3.1 High-Throughput Experiments

Neurons were prepared from E17 mouse embryos and plated in 96-well optical plates by
automated dispensing at the density of 9500 neurons per well. Media was changed to a
serum-free condition and cultures were maintained as described earlier (Brewer & Cotman,
1989). Neurons were fixed with 4% paraformaldehyde and 4% sucrose in PBS, followed by
permeabilization in 0.25% Triton X-100. After blocking in 10% BSA-PBS, neurons were
incubated in primary antibodies against MAP-2 (NOVUS) at 1:20,000 dilution on
PBS-3%BSA overnight at 4 °C. Neurons were washed in PBS and incubated in Alexa Fluor
conjugated secondary antibodies (Life Technologies). In the end after washing, neurons
were maintained in a fixation solution.

Automated imaging was carried out on a BD Pathway Imaging Platform (BD Biosciences)
with a 40x objective in 2x2 montages from each well with 1x1 binning. Figure 1 shows
examples of the images obtained by the high-throughput system. The contrast differences
among the sub-images were caused by uneven staining, bleaching, or the camera’s
automated adjustment.

3.2 Quantification Process Flow

High-throughput screen images of cultured mature neurons typically have varying levels
arbor-density, non-uniform contrasts, and artifact noises. As a consequence, global
processing of these images using one algorithm with a single set of parameters is often
ineffective. A single length estimation algorithm, either tracing-based or thinning-based,
does not deliver desirable performance. This is due to different properties of the algorithms
and the fact that different areas of the dendrite may present different branch characteristics.

To address the challenges and obtain automatic, robust dendritic length estimates for mature
neurons, we employed several new approaches at different stages of the process. The flow of
our novel method is described in Figure 2 with highlights described below:

1. A divide-and-conquer strategy that divides the images into grid windows is
utilized. Each grid window is processed automatically and independently, and then
the results are merged together resulting in an overall estimate. This enables the
adaptive processing of each grid window to tackle the unique complexity that it
presents.

2. Fully automatic estimation algorithms are developed for each grid. The three
algorithms used are: Localized Skeletonization (LSK), Adaptive Exploratory
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Tracing (AET) and Curvature-preserving Shortest Path (CSP). The need to
interactively specify starting and/or ending points is eliminated. In AET, stopping
criterion based on adaptive threshold selection is incorporated in the direction-
guided tracing. CSP uses a cost function to find the shortest path that avoids taking
shorting cuts when tracing curved, branching arbors.

3. An ensemble approach for length estimate at each grid window that takes
advantage of both tracing-based and thinning-based algorithms to achieve a higher
degree of reliability. LSK, AET and CSP are combined in our process, which leads
to an improved overall efficacy.

Each highlight, namely the divide-and-conquer, adaptive tracing, and ensemble estimation,
will be detailed in sections 3.3 to 3.7.

3.3 The Divide-and-Conquer Strategy

The microscopic image of mature neurons acquired during the high-throughput process is
divided into M rows and N columns, resulting in M*N grids, where M and N are positive
integers. Both M and N are set by default to 10, and are adjusted dynamically based on the
size of the image (more details below). Each grid window is the base unit for preprocessing,
enhancement, and dendritic length estimation. The length estimate quantification is done
independently in each grid window. A post-processing merging analysis unit merges the
individually estimated lengths together while avoiding the counting of branches along the
boundaries of neighboring grids more than once. The total dendritic length, Ligta), in @
neuronal image is given by Equation 1.

Ltota‘l :Zmzl,,M Zn:l. N LInn:ZmZn (rIlLIl _em,n) (1)

where rpy, , is the raw length estimate in the grid window in row mand column n, ey, p, is the
duplicated estimation detected during the boundary analysis with its neighboring windows,
which is subtracted from ry, ,, to yield the final estimate L, for a given grid window at
(m,n). The details of boundary analysis are described later in this section. The summation of
Lmn over the grids provides the total neuronal length of the image.

One essential advantage of such a strategy is that the processing is limited to the local grid
window. Therefore, it overcomes great contrast variation in an image and helps to extract
higher order branches that are often quite dim. More importantly, localizing the estimation
lowers the complexity of the branch pattern being processed in each particular window. For
example, when direction-guided tracing is used to estimate the length, the direction change
of the branches within the window of interest is limited. This allows us to employ more
reliable, automatic, and adaptive tracing without the need for user interaction. Ultimately,
the divide-and-conquer strategy provides the flexibility of applying either one or multiple
estimation algorithms (and parameters) in a manner that is independent to its neighboring
windows. Note that although grids have been used in image analysis (Al-Kofahi, et al.,
2002), they differ from our strategy in that they are typically used for localized
preprocessing instead of algorithm independence. It is also worth mentioning that such an
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approach allows for parallel implementation, which may lead to further improvement in the
speed of high-throughput processing.

The main task of the merging process in the divide-and-conquer framework is to sum up the
individual estimates of each grid window. Occasionally, there may be branches that run
along the boundaries of two neighboring grid windows. This may cause double tracing. A
boundary analysis module is used to resolve this issue. The grid windows of a neuronal
images are processed from top to bottom and left to right. For each window, a boundary
analysis is performed to check if there are any dendrites along its upper and left boundaries
that have already been detected by the grid windows that are directly above and to the left of
it, respectively. If, for example, the right boundary of the current window’s left neighbor and
the left boundary of the current window both have a dendrite detected along the boundary
(as illustrated in Figure 3), then the branch in the current window is considered as a
duplicated estimate (ep,  in Eq. 1), and it is removed from the total length count for the
current window. Meanwhile, the dendrites detected along the right and bottom boundaries in
the current window are saved and used in the boundary analysis of the windows directly
below it and to the right of it.

The size of the grid window is set to be between 50 and 100 pixels in size. The program
dynamically calculates the grid based on the image’s size: By default it first sets M and N to
10 (i.e. 10*10 of 100 grid windows). If the default setting makes either dimension of a grid
window outside of the desired range (50-100 pixels), the values of M and N are incremented
(if initial size is larger than 100 pixels) or decremented (if the initial size is less than 50
pixels) until both dimensions fall within the range of [50, 100]. This setting was chosen
based on parameter analysis (see Results).

The algorithms in this paper are implemented in the DendriteLengthQuantifier as a plugin
for the freely available NIH ImageJ.

3.4 Preprocessing and Localized Skeletonization (LSK)

Preprocessing is performed at both global level and the individual grid window level.

At the global level, a rolling ball algorithm is used to detect and remove soma from the
dendritic image unless a soma channel has been provided separately (Sternberg, 1983). The
soma masks, provided or calculated, are also used in the quantification step to validate the
detected dendrite traces by making sure that the detected dendrites are not in the area where
the somas were. The image is denoised using a 3x3 median filter. It is then enhanced using
contrast-limited adaptive histogram equalization (CLAHE) (Zuiderveld, 1994) for
background correction and to improve local contrast (Fig. 2B). Different from traditional
histogram equalization, CLAHE corrects the background and improves the contrast with
non-uniform illumination at different local areas, which is suitable for the images we
process.

At each grid level, different preprocessing techniques are performed based on the specific
length estimation algorithm employed on the grid (i.e. LSK, AET or CSP). For the localized
skeletonization (LSK) algorithm, the grid image is first inverted to be black-on-white. Then
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binarization is performed by automatic, histogram-based thresholding (Otsu, 1975). Image
dilation is performed followed by erosion to fill in holes in the binarized image. A thinning
operation is then performed to reduce the foreground structure to 1 pixel wide in all
directions. Five rounds of pruning are performed after the thinning operation to remove the
spurious details, yielding a cleaner centerline. For AET and CSP, preprocessing starts with
denoising the grid window using a 3x3 median filter. The following enhancements are then
performed:

a. The grid window is subject to contrast enhancement using histogram stretching.
Four percent of the pixels are allowed to become saturated.

b. Hessian-based enhancement highlights the curvilinear structure of the dendrites.
The post-Hessian image is obtained by eigenvector analysis of the Hessian matrix,
which is a square matrix of second-order partial derivatives of the greyscale
intensity function. The Hessian-transform has been a beneficial step for neuronal
tracing (Meijering, et al., 2004). We use largest Eigenvalue of the Hessian matrix,
which yields the post-Hessian image for the next step processing (Figure 4B).

c. Histogram stretching is then applied to the post-Hessian image to clear up artifacts
and fuzzy boundaries caused by Hessian transform (Figure 4B). This is done by
chopping the histogram below a background intensity value and then stretching the
resulting minimum and maximum intensity values to 0 and 255. The value is
conservatively chosen to avoid removing foreground. The resulting image is used
for AET and CSP tracing.

3.5 Adaptive Exploratory Tracing (AET): Direction-Guided Tracing with Adaptive Stopping
Criterion

3.5.1 Direction-Guided Tracing—Direction-guided tracing (Can, Shen, Turner,
Tanenbaum, & Roysam, 1999) is an exploratory tracing method that does not process every
pixel in the image and works with a gray-level image. It needs one starting position and an
initial direction for tracing. The tracing goes on until one of the stopping criteria is satisfied,
e.g., reaching the end of a dendrite. We adopt the direction-guided exploratory tracing and
make it adaptive and robust for our purpose.

The algorithm uses the peak response of a pair of two-dimensional correlation kernels to
determine the direction of the dendrite branch. For each direction, we have a pair of kernels
correspond to the left and right edges of the branch it is currently tracing. There are 16 pairs
of kernels defined corresponding to 16 directions, 22.5 degrees apart. For example, the left
kernel of the horizontal x-axis direction is defined as:

1 1 1 1 1 1

{ 2 2 2 2 2 2 w
0o 0 o0 o 0 O

{ -2 -2 -2 -2 =2 =2 ‘
-1 -1 -1 -1 -1 -1
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The response is defined as the convolution between the kernel and the post-Hessian image
intensity. For example, for the kernel above, the response is (Al-Kofahi, et al., 2002):

5

%{—5(9—2)—2 5(y—2)+6(y—1)+26(y+1)+6(y+2)} = > _o(y—k)
k=0

The Kkernels are defined such that they have a maximal response when oriented over an edge.
When a summed response of left and right edges reaches a maximum, it reveals the direction
to follow during tracing. The exploratory tracing also yields the radius of the dendrite, which
is half of the distance between the detected left and right edges of the dendrite.

3.5.2 Dendrite Estimation Algorithm Based on AET—The length estimate algorithm
is a self-initiating quantification algorithm in the sense that it does not need any interaction.
The algorithm involves the following steps:

1. Grid window preprocessing and dendrite enhancement using Hessian transform
followed by histogram normalization.

2. Automatic initial point detection along grid boundaries.
3. Sort the initial points based on their radii.

4. Start tracing from the first initial point (thinnest branch), until it meets at least one
stopping criterion. Save the length of the trace and clear the traced area.

5. Repeat 4 until initial points are exhausted.

6. Sum the total length of the traces to get the estimate for the dendritic length in the
grid window.

For dendrite tracing in a given grid window, we assume initial points can be detected along
the grid boundary. This is a reasonable assumption due to the continuity of dendrites and the
small size of the divided grid window we process. Figure 4A shows several common cases
of the traces in a window with detected initial points highlighted as arrows. Figure 4D shows
the flow of the estimation algorithm using AET.

To perform initial point detection, thin strips that are four pixels wide along the four
boundaries are cropped and binarized. If there are at least three foreground pixels for a line
vertical to the boundary direction, we get a potential part of a branch, or a candidate initial
point for start tracing in the grid. Getting the width of a continuous foreground section on
the boundary yields the diameter of a branch candidate. This candidate is subject to a branch
diameter thresholding. If the branch has a diameter/radius greater than a set minimum, then
the midpoint of the branch is used as an initial point. All the initial points are sorted based
on their diameters. Tracing is done for each automatically detected initial point on the four
borders of the edge window, starting from the one of smallest diameter (thinnest). This is to
prevent the area removal of a thick branch impact nearby thin branches. For each tracing, the
initial direction is perpendicular to the border. We then use eight directions surrounding the
current direction, 22.5 degrees apart, to explore the next direction of the trace. The direction
with the highest response is considered the direction for next trace point. Once a dendrite

Neuroinformatics. Author manuscript; available in PMC 2016 October 09.



1duosnue Joyiny 1duosnue Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Smafield et al.

Page 10

branch is traced, the structure is removed from the image by clearing a circular region of
interest around each trace point, to prevent multiple tracing of the same branch. The radius
of the circular region of interest is determined by adding a fixed buffer to the calculated
radius of the dendrite branch obtained during exploration.

If the divide-and-conquer was not used and the tracing was done on an entire image, one
potential issue with direction-based tracing would be that tracing could be discontinued at
crossovers or branching joints in the middle of the image. In the case of our grid-based
quantification, the tracing starts from initial points along the boundaries of each grid.
Different initial points can lead to the joint, so such situations will not affect the overall
length estimates.

3.5.3. Adaptive Stopping Criteria—Four stopping criteria were used in AET to stop the
tracing. They include:

#1 Reaching the background (end of a trace);

#2 Reaching one of the four borders;

#3 Reaching an infinite loop.

#4 Maximum response of all directions is lower than a threshold.

Criterion #1 is import to ensure the trace being on the track. Traditional methods such as
Otsu’s method for detecting the background were found to be ill-suited for crowded, high
contrast grid segments: If multiple branches had highly variant greyscale intensities, the
fainter branches could be mistaken for background pixels. In order to deal with this issue, a
more adaptive approach was required to prevent the trace from entering the background. We
used the Robust Adaptive Threshold Selection (RATS) method (Wilkinson, 1998). RATS
recursively divides the input image into a quadtree hierarchy of sub-regions. It uses the
gradient weighted sum of the pixels to automatically determine a local threshold. The Sobel
operator is used to estimate the gradient. If the sum of the gradients fails to exceed a noise
estimate input parameter, the regional threshold of the parent region is used instead. The
thresholds are bilinearly interpolated across the image to form the binary mask. Note that
RATS is used here to provide a binary mask for stopping criterion #1, instead of image
segmentation. As a result, we use RATS to produce an overmask, which detects the
foreground area that can be slightly bigger than the actual area covered by dendrites, but not
smaller. This avoids prematurely stopping the tracing of faint branches. Figure 4C gives an
example of a binary stopping mask generated by RATS.

Criterion #2 is encountered when a trace starts from an initial point and then reaches to one
of the grid window’s borders. Infinite looping described in #3 happens rarely but it is
possible with an abrupt change of branch angle. If there are any remaining parts to be traced
for that branch, they will be captured from the other end of the branch starting from a
different initial point. The overall length is not comprised when a branch is traced from both
sides. Criterion #4 could happen with dense branching or thick joint. When it is encountered,
the same strategy described for #3 is used to measure the branch(es) by performing multiple
tracing from different initial points.
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3.6 Self-Initiating Length Estimation Using Curvature-Preserving Shortest Path (CSP)

As one of the automatic algorithms applied to a grid window, we use the shortest-path
algorithm to get all the traces in the grid. The backbone of the CSP is the Dijkstra’s path
search algorithm (Dijkstra, 1959), which requires two points: the source node and the
destination node. Initial point detection is performed along the boundary as described in
Section 3.5. Shortest paths between each pair of these points, with one being the source and
another being the destination, are found. The pairing of these points is arbitrary, other than
the condition that the source and destination notes cannot be on the same edge of the grid
window. Therefore, the algorithm will find a path as long as there is a way to reach from
source to destination, sometimes via branching. After the trace points between each
legitimate pair are obtained, the trace is removed from the image to prevent multiple traces
on the same branch. The summation of the path length gives the dendritic length metric.
Figure 5 illustrates the CSP algorithm.

One concern for such a search-based tracing algorithm is its computational efficiency, which
is highly related to both the computational data structure and the cost function for the search.
The primary data structure used is a binary heap implemented as a priority queue.
Asymptotically, the best implementation of the priority queue for Dijkstra’s algorithm is the
Fibonacci heap (Fredman & Tarjan, 1987). However, the advantage of using a Fibonacci
heap only materializes when using a very large, dense graph, due to the large constants
involved in the required operations. Consequently, a binary heap is used instead. The binary
heap has logarithmic amortized time for the delete minimum operation, but smaller
constants compared to the Fibonacci heap. Another data structure used is a hash set which
offers constant time performance for adding and lookup operations given a properly
implemented hash function. In addition, efficiency is dependent on the size of the searched
region (area of wavefront), which is related to the cost-function defined for the optimal
search, as we will explain next.

3.6.1 Curvature-preserving cost-function—The Hessian processing step yielded a
processed neuronal image which contained the eigenvalues of the Hessian matrix that
represents the likelihood of the curvilinear structure for each pixel. Such values have been
described as the “neuriteness” of the pixel (Meijering, et al., 2004). A shortest path
algorithm was used in that tool to link manually selected starting and ending points. Because
those were interactively chosen, the cost function was simply defined to be neuriteness plus
a term that favors the “smooth flow” of the trace. It was because an interactively selected
pair of points were expected to correspond to the actual starting and ending points of a
branch without acute angle changes.

However, it is not suitable for our automatic algorithm to use such a cost function due to the
self-initiating nature of our tracing: It is possible that a path will need to be found between a
pair of two points that are not natural starting and ending points of an arbor. In such cases,
the algorithm needs to be able to go through sharp angle changes of branching in order to
reach the destination. Instead of favoring smooth flow, we want to preserve the curvature of
such angle changes to avoid short-cutting the path, and to get a more accurate length
estimate of the dendrite centerline. Thus, the cost function needs to be reexamined.
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Initially, a cost function was developed that had a linear relationship with neuriteness as
existing literature:

955Ny if Apy>t
COSt(I’y):{ o if A <t
T,y >

The neuriteness Ay y is subtracted from 255 as that is the maximal intensity value of an eight
bit image after Hessian preprocessing. The threshold value t is used to prevent the wavefront
from expanding into the background which is not only computationally expensive, but could
cause false positives. This is because Dijkstra’s algorithm has a tendency to settle nodes in a
circular wavefront pattern. As a result, any path of final cost between two initial points will
be traced regardless of the magnitude. Truncating the function to infinity at the threshold
intensity has the effect of constructing a barrier that funnels the wave function down the
dendrite branch. Figure 6A shows the search wave front when using a cost function without
the background truncating (t set to zero), while Figure 6B has the threshold set by Otsu’s
method which has a much smaller search region for improved efficiency.

An investigation into the nature of the cost function led to the discovery of an interesting
relationship between the growth rate of the function and the tracing method’s bias for
shorter Euclidean distance. The higher the growth order of the cost function, the more costly
it became to traverse the dim portions of the branch. The resulting path will trace the
brightest part of the Hessian image, which will correspond to the curvature of the dendrite.
Observing the tracing with cost functions having different growth rates will illustrate the
effect, as shown in Figure 6. The cost function used in Figure 6C had a logarithmic growth
rate (i.e. 0g(255 — Ay y)). The resulting tracing method had a tendency to take short cuts
through lower intensity regions of the image. The higher cost of tracing lower intensity
pixels was offset by tracing less of them. The ideal cost function was one that made short-
cut paths expensive compared to longer paths that traversed higher intensity pixels. This was
achieved by using cost functions with higher growth rates. The initial cost function had a
linear growth rate, as shown in Figure 6D. It can be observed that the tracing methods still
retain a bias for lower Euclidean distance. However, the method better traced the curvature
of the dendrite compared to the method with a logarithmic cost function. Cost functions with
rates greater than polynomial can be ruled out based on restrictions of numerical precision
due to arithmetic underflow. Based on heuristic experiments, the best performing growth
rate for a cost function was found to be cubic, which is the cost function used in our
algorithm as defined in Equation (2) where Ay is the pixel intensity in post-Hessian grid
image. These traces preserved the curvature very well, and avoided taking shortcuts.

(255—Ayy)® if 255> Mgy >t
cost(z,y)= 00 ifay <t (2
0 if A y=255
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3.7 Automatic Dendritic Length Estimate Based on Ensemble of Multiple Approaches

Instead of using a single estimation algorithm as in traditional work, we employed three
length estimation algorithms for each grid window, namely Localized SKeletonization
(LSK), Adaptive Exploratory Tracing (AET), and Curvature-preserving Shortest Path search
(CSP). The first is based on segmentation, and the latter two are considered tracing-based
methods. The resulting estimate is an ensemble of the three methods. One possible ensemble
is a weighted sum of individual estimates from the different algorithms:

Lmn:WSK * Lmn,LSK +WAET * Lmn,AET +WCSP * Lmn,CSP;

In reality, individual algorithms have respective biases as reviewed in related work. For
example, the thinning operation is performed in all directions including the one
perpendicular to the branch growth. Therefore, it may yield spurious lines that over-estimate
the length. On the other hand, tracing can have premature stops that under-estimate the
dendritic length. Ideally, if the combined result can compensate each algorithm’s weakness,
the resulting Ly, can give a more reliable estimate. Considering their different types of
biases, one simple ensemble is to use the average of all three methods. We thus employ a
statistical average of three individual estimates, essentially setting w| sk = WaET = Wesp =
1/3. We get the length estimate by average ensemble as following:

Lens_ avgzzmzn (Lmn,LSK +Lmn,AET +Lmn,csp )/3) (3)

The divide-and-conquer strategy provides a framework to allow other ways of algorithm
ensemble. For comparison, we performed a multi-variate regression analysis on ten
randomly chosen neuronal images, with each algorithm being one variable and the length
being the prediction. The model was fitted with the golden standard estimate. The highest
coefficient of determination (R2) compared with the R2 from individual estimates is
obtained when it set the Ly sk, LmnaeT and Lmp csp t0 0.51, 0.24 and 0.25 respectively.

Ly, weighted :Zmzn (0'51 Lmn,LSK +0.24 Lmn,AET +0.25 Lrnn,CSP)) 4)

We tested our results on a set of 50 high-throughput neuronal images obtained using the
system described in Section 3.1 and shown in Figure 1. The images were of size 1344x1024
pixels, and each image contained a varying number of neurons with total dendritic length
ranging from thousands to tens of thousands pixels, at a scale of 0.15622 um/pixel.

4.1 Qualitative Results

Figure 7 gives an example of Localized Skeletonization (LSK) using divide-and-conquer
method. In comparison with Figure 7b, which uses global skeletonization, the grid-based
approach (Figure 7c) is able to extract the dim branches that would otherwise be missed due

Neuroinformatics. Author manuscript; available in PMC 2016 October 09.



1duosnue Joyiny 1duosnue Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Smafield et al.

Page 14

to contrast variation among different regions. This illustrates an advantage in using the grid
window approach which is adaptive to local contrast difference.

Figure 8 shows examples of how the three individual estimation methods work on the
images. In general, both LSK and CSP handle branching and rapid change of direction well,
as illustrated in Figure 8a and Figure 8c. LSK also effectively worked with discontinued
branches, but it only worked the best when binarization and soma removal were performed
well. Adaptive exploratory tracing (AET, Figure 8b) had some advantages of its own. The
stopping criteria made it a conservation tracing algorithm that resulted in fewer false
positives. AET requires only one initial point as input, as opposed to the shortest path
algorithm which requires a source point and a target point. This allowed AET to trace
dendrite branches that lack a clearly defined end point. The fact that different algorithms had
different strengths made it possible for the ensemble methodology to provide more accurate
results.

Figure 8D visualizes the tracing results of AET and CSP overlaid on an image of three
neurons. The estimations are in agreement with the actual dendrite branches except the false
positives near the soma area.

4.2 Quantitative Results

The quantitative validation process requires gold-standard estimates from each image.
Following literature (Pool, Thiemann, Bar-Or, & Fournier, 2008), the gold-standard
estimates were generated manually using NeuronJ.

We calculated the quantification accuracy of overall length estimate as:

|estimated length— standard length|
Standard Length

Accuracy=1—

®)

As listed in Table 1, our fully automatic pipeline for dendritic length estimation achieved an
average accuracy of 88.8% on 50 images for cultured mature mouse hippocamal neurons.
The results are reported as Ens_AVG, which is the ensemble obtained by getting the average
of LSK, AET and CSP in each grid segment calculated based on Equation (3). Among the
50 images, about half (23 out of 50) of the results yielded an accuracy of 90% or better. For
more than a quarter images (13 out of 50), the algorithm obtained an estimation with an
accuracy higher than 95%, with three images obtaining higher than 99% accuracy. For 31
out of 50 images, lower estimates than the gold standard were obtained. This left 19 out of
the 50 images that had estimations higher than the gold standard. These statistics will be
discussed in Section 5. The results in Table 1 also showed that our tool can effectively detect
the differences of dendritic length in different images (regions). For example, for image #21
and #46, the tool reported dendritic lengths different from each other. Our method validated
that the difference was 13,044 (pixels). This was very close to what NeuronJ reported at
13,224 pixels. The discrepancy between our tool and NeuronJ was only 1.4%, despite our
tool being automatic while NeuronJ is semi-automatic. The results indicated the
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effectiveness of our proposed approach, which will be further demonstrated by comparison
with other methods in the next section.

Equation (5) is used to quantify the estimation accuracy of the overall length of dendrites. It
is meaningful under the condition that few falsely traced dendrites are generated. To verify
this, we examined the dendritic image in Figure 8D to count the over estimation and under
estimation for the three tracing algorithms (LSK, AET, CSP). Compared with gold standard
from semi-manual tracing, total over-estimation of dendrites (false positive traces) ranged
from 239 pixels to 376 pixels for the three tracing algorithms with detected dendritic length
being 17K to 18K pixels. The average precision rate of three algorithms was 97.5%. These
results confirmed that the accuracy defined in Equation (5) is a suitable measure for our
method. For Figure 8D, the average recall rate of the three algorithms, calculated using
underestimation, was 82%. These results indicated that when conservative, our algorithms
are precise.

4.3 Comparison with Other Methods

In Table 2, we compare the results of several methods for dendritic length estimation on the
same set of images. The table displays the individual methods (AET, CSP, LSK) and two
ensemble methods (Ens_AVG and Ens_Weighted) in our divide-and-conquer framework. It
also shows the results of a third-party tool, NeuriteTracer (Pool, Thiemann, Bar-Or, &
Fournier, 2008). NeuriteTracer was chosen for comparison because it is publicly available
and based on global skeletonization after binarization, which is a representative method for
current automated estimation methods. NeuriteTracer requires the user to manually choose a
threshold for binarization. Based on the recommendation of its user guide, we adjusted the
parameter of NeuriteTracer using histogram and visual inspection in order to find the best
threshold for the images. Based on these findings, the threshold limit was set to 20. We tried
several settings and reported its best performance in Table 2. NeuriteTracer also requires the
user to supply a separate soma channel, while our tool provides the option of automatically
extracting the soma mask. The same soma masks were used in each of the methods to ensure
a fair comparison.

From the average accuracy, we can see that all of our methods (AET, CSP, LSK, Ens_AVG,
and Ens_Weighted) were more effective than the results reported by NeuriteTracer. Overall,
the best performing methods were the ensemble methods, Ens_Weighted and Ens_AVG.
Ens_AVG achieved the highest average accuracy of 88.8%. The average accuracy of
Ens_AVG was 8 percent higher than that of NeuriteTracer. The p-value for the paired t-test
between Ens_AVG and NeuriteTracer was 0.0002, indicating that the difference was
statistically significant.

The reason that our results were superior to those of NeuriteTracer can likely be attributed to
the divide-and-conquer framework. NeuriteTracer uses global skeletonization as the
foundation of its algorithm, which can encounter obstacles when working with complex
branch patterns with high local variation. To further validate the effectiveness of the divide
and conquer strategy, we also ran the global skeletonization algorithm without using the
divide-and-conquer strategy on all of the 50 testing images. We measured the dendritic
lengths using skeletonization on the entire images and computed the accuracies. The results
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were then compared with those of LSK, which is also a skeletonization-based algorithm but
uses the divide-and-conquer strategy. For the algorithm without using divide-and-conquer,
the accuracies ranged from 39.85% (image 9) to 92.10% (image 41), with an average
accuracy of 63.90%. The results were significantly lower than the results of LSK which had
an average accuracy of 87.69%. This comparison strongly supported the effectiveness of the
adopted strategy.

The results also confirmed that AET, CSP and LSK can have different performance biases
on different images. For example, LSK has a lower accuracy than those obtained from AET
and CSP on image 15. However, for image 43, AET had lower accuracy than the other two
methods. We found that the accuracy difference associated with image 15 was because LSK
has an over estimation of dendritic length. Image 43 is a crowded image, and AET, being a
conservative exploratory tracing method, yielded an under-estimation.

Compared with Ens_Weighted, which needs to perform multivariate regression on images to
estimate the weights, Ensemble_AVG is simpler to implement and avoids image-dependent
bias. Supported by quantitative results and practice considerations, we chose Ens_AVG as
the method implemented in the dendrite quantification tool DendriteLengthQuantifier
available for download (see link in Supplemental Results).

4.4 Parameter Analysis

In our methodology of grid-based divide-and-conquer, a critical parameter is the size of the
grid segments. To adapt to local characteristics, it is obvious that the grid window size
should not be large. However, it may not be the case that a smaller grid window size is
better under all circumstances. For example, RATS, being a recursive method based on
quadrant trees, requires a reasonable sized image to work effectively. To understand the grid
segment’s impact on length estimation, we conducted grid size analysis using a
representative example image shown in Figure 2. We then calculated its Pearson correlation
with gold standard on each grid segment. Figure 9 shows that when fitted using second order
polynomial, the best performance is achieved in the middle range of grid size between
roughly 50 and 100 pixels in both width and height. Therefore, the
DendriteLengthQuantifier tool dynamically calculates the grid size using the method
explained in Section 3.2 to ensure that the grid size falls into this range.

For the results reported in Table 1 and 2 of images sized 1344x1024, grid was set as 14
columns and 11 rows. The Hessian transform’s smoothing factor was set to 5. For AET, the
tracing step size was set to 3. For each of the tested images (with more than 1 million pixels
per image), the processing time of our algorithm was 15 seconds on a regular PC with
default settings of ImageJ 1.48q. Since our approach is automatic, the algorithm is suitable
for high-throughput processing of neuronal images. Parallelized implementation on grids is
expected to further speed up the algorithm in future work.

5 Discussion

The qualitative and quantitative results have shown the effectiveness of processes and
algorithms employed in our method. Such algorithms include divide-and-conquer and
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several preprocessing and tracing strategies to improve local adaptation. The motivation
behind developing an ensemble approach is to exploit the advantages of each algorithm. The
algorithms performed differently on image segments with varying characteristics such as
noise, crowdedness, and contrast differences, as explained in Section 4.1. In particular, using
a weighted ensemble of the three algorithms yields the highest length estimate accuracy.
One justification for using a combined estimate on such images is the fact that there are
typically different sources of error common in each method. The idea is similar to using an
ensemble classifier in machine learning where a committee is used to get a balanced view
that can lead to improved reliability. For example, one algorithm may overestimate in some
cases where another algorithm would underestimate. When the average of the results of each
of the algorithms is used to yield the overall estimate, errors from different sources may be
balanced out and the combined accuracy on the image could potentially be higher. Visual
inspection and quantitative validation on high-throughput images confirm our proposed
methodology.

5.1 Remaining Issues

Despite that quantitative results demonstrated the efficacy of our method, it still has some
remaining problems. Images that show an underestimation of dendritic length may due to
dim branches that are not accounted for by the automatic approach although they could be
recognized manually. We have incorporated modules to mitigate some causes of false
positives, but they can be further improved. One impact is related to the area around somas.
Removal of the soma area is a pre-requisite for automatic length estimation. If somas were
not completely removed, they could influence the dendrite length estimate. While rolling
ball soma detection on the dendrite channel was used for general applicability of the tool,
having a separate channel of soma staining can help improve the accuracy of the estimate.
Another source of error or ambiguity comes from thick branches that sometimes cause trace
over-count. Shortest path (CSP) appears to be more robust than the other methods in such
situations. A merging analysis component also helps resolve this issue to some extent, but it
is not eliminated. In addition, the Hessian-transform may introduce artifacts when a region is
mostly black with subtle texture. We employed a pre-detection strategy for such a situation.
If the entire image was largely black, it would not be processed. If the image had a very low
mean, then histogram was chopped in order to remove the texture at low intensity.

Algorithm validation is another issue worth further consideration. Length accuracy based on
the gold standard is a straightforward and meaningful measure. However, several limitations
need to be mentioned. First of all, the tool that was used to generate the gold standard,
NeuronJ, is a semi-automated tool. Although it is often used in literature for validation
purpose, its traces were computationally generated based on human interaction. This may
have resulted in algorithm bias as well as human bias. Secondly, the current measure of
length is a global measure that does not imply the quality of connectivity or agreement with
the actual branches. For example, it is possible that some areas over-estimation overcome
other areas underestimation.
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5.2 On Divide-and-Conquer

One important potential advantage of the grid-based divide-and-conquer strategy, in addition
to those illustrated in the paper (e.g., better local adaptation), is that it opens up various
possibilities of algorithm ensemble. The simple weighted combination we adopted already
brings significant improvement over state-of-the-art methods. In future work, we will
explore other possibilities of fusing different methods, which may lead to further improved
efficacy.

We also need to point out that the divide-and-conquer strategy requires consideration to
overcome the interference of the generated boundary edges during dendrite tracing and
quantification, as explained in Section 3.3. The focus of the current work is to yield dendrite
length automatically. This goal allows us to make use of the average of the results of
multiple algorithms in the ensemble-based dendritic length estimation. It can also avoid the
confusion between crossover and branching, which is a challenging issue for 2D images (it
is less an issue for 3D images because crossovers do not overlap in 3D). For the individual
tracing methods, such as AET and CSP, the strategy is expected to be extensible to
calculating other morphometric conditions with additional effort. For example, the seed
points along the boundary for AET and CSP can be examined and the traces can be linked
over the neighboring grid windows, which can potentially yield morphometrics such as
branch points and numbers.

In summary, this paper developed automatic algorithms as well as an open and free tool for
dendritic length quantification in cultured mature mammalian neurons. The proposed
method uses a divide-and-conquer strategy to tackle the complexity of the dendritic arbor
and local variation. It also provides a framework for algorithm fusion. Proposed algorithms
and ensemble strategy achieved improved efficacy for dendrite length estimation on high-
throughput images of cultured mammalian neurons.

Acknowledgments

We thank Dr. Hisashi Umemori, Dr. Asim Beg and Dr. Jun Zhang for their comments on the project. We thank
Venkata Wunnava, Sowmya Ganugapati and Joseph Steinke who provided their help at the different stages. The
project is supported by NIH R15 MH099569 (Zhou), NIH RO1IMH091186 (Ye), NIH R21AA021204 (Ye), and
Protein Folding Disease Initiative of the University of Michigan (Ye).

References

Al-Ali, H.; Blackmore, M.; Bixby, JL.; Lemmon, VVP. Assay Guidance Manual. Bethesda: Eli Lilly &
Company and the National Center for Advancing Translational Sciences; 2013. High Content
Screening with Primary Neurons.

Al-Kofahi KA, Lasek S, Szarowski DH, Pace CJ, Nagy G, Turner JN, Roysam B. Rapid Automated
Three-Dimensional Tracing of Neurons From Confocal Image Stacks. IEEE transactions on
information technology in biomedicine. 2002; 6(2):171-187. [PubMed: 12075671]

Avrias-Castro E, Donoho DL. Does Median Filtering Truly Preserve Edges? The Annals of Statistics.
2009; 37(3):1172-1206.

Becker L, Armstrong D, Chan F. Dendritic atrophy in children with Down’s syndrome. Annals of
neurology. 1986; 10(10):981-991.

Neuroinformatics. Author manuscript; available in PMC 2016 October 09.



1duosnue Joyiny 1duosnue Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Smafield et al.

Page 19

Brewer GJ, Cotman CW. Survival and growth of hippocampal neurons in defined medium at low
density: advantages of a sandwich culture technique or low oxygen. Brain research. 1989; 494:65—
74. [PubMed: 2765923]

Bushey D, Tononi G, Cirelli C. Sleep and synaptic homeostasis: structural evidence in Drosophila.
Science. 2011; 6037(332):1576-1581. [PubMed: 21700878]

Can A, Shen H, Turner JN, Tanenbaum HL, Roysam B. Rapid Automated Tracing and Feature
Extraction from Retinal Fundus Images. IEEE transactions on information technology in
biomedicine. 1999; 3(2):125-138. [PubMed: 10719494]

Collins FS. Opportunities for Research and NIH. Science. 2010; 327:36-37. [PubMed: 20044560]
Conel, JL. The Post-natal Development of the Human Cerebral Cortex. Cambridge: Havard University
Press; 1939.

Connors BW, Long MA. Electrical Synapses In the Mammalian Brain. Annual Review of
Neuroscience. 2004; 27:393-418.

Dijkstra EW. A Note on Two Problems in Connexion with Graphs. Numerische Mathematik. 1959;
1:269-271.

Dunkle R. Role of image informatics in accelerating drug discovery and development. Drug Discovery
World. 2003; 5:75-82.

Faherty CJ, Kerley D, Smeyne RJ. A Golgi-Cox morphological analysis of neuronal changes induced
by environmental enrichment. Developmental Brain Research. 2003; 141:55-61. [PubMed:
12644248]

Fox S. Accommodating Cells in HTS. Drug Discovery World. 2003; 5:21-30.

Fredman ML, Tarjan RE. Fibonacci heaps and their uses in improved network optimization
algorithms. Journal of the Association for Computing Machinery. 1987; 34(3):596-615.

Gillette TA, Brown KM, Ascoli GA. The DIADEM Metric: Comparing Multiple Reconstructions.
Neuroinformatics. 2011; 9:233-245. [PubMed: 21519813]

Glausier J, Lewis D. Dendritic spine pathology in schizophrenia. Neuroscience. 2013; 251:90-107.
[PubMed: 22546337]

Gonzalez, RC.; Woods, RE. Digital Image Processing. 3. Upper Saddle River: Prentice Hall; 2008.

Hawker CD. Laboratory Automation: Total and Subtotal. Laboratory Management. 2007; 27(4):749—
770.

Hertzberg RP, Pope AJ. High-throughput screening: new technology for the 21st century. Current
Opinion in Chemical Biology. 2000; 4(4):445-451. [PubMed: 10959774]

Hird NW. Automated synthesis: new tools for the organic chemist. Drug Discovery Today. 1999; 4(6):
265-274. [PubMed: 10354541]

Hummel RA. Histogram Modification Techniques. Computer Graphics and Image Processing. 1975;
4:209-224.

Isaacs KR, Hanbauer I, Jacobowitz DM. A Method for the Rapid Analysis of Neuronal Proportions
and Neurite. Experimental Neurology. 1998; 149:464-467. [PubMed: 9500959]

Kanopoulos N, Vasanthavada N, Baker R. Design of an image edge detection filter using the Sobel
operator. IEEE Journal of Solid-State Circuits. 1988; 23(2):358-367.

Kaufmann WE, Moser HW. Dendritic Anomalies in Disorders Associated with Mental Retardation.
Cerebral Cortex. 2000; 10(10):981-991. [PubMed: 11007549]

Lichtman JW, Conchello JA. Fluorescence Microscopy. Nature Methods. 2005; 2(12):910-919.
[PubMed: 16299476]

Licznerski P, Duman R. Remodeling of axo-spinous synapses in the pathophysiology and treatment of
depression. Neuroscience. 2013; 251:33-50. [PubMed: 23036622]

Lindeberg, T. Scale-space theory in computer vision. Dordrecht: Kluwer Academic; 1994.
Liu Y. The DIADEM and beyond. Neuroinformatics. 2011:99-102. [PubMed: 21431331]
Meijering E. Neuron Tracing in Perspective. Cytometry Part A. 2010; 77(7):693-704.

Meijering E, Jacob M, Sarria J, Steiner P, Hirling H, Unser M. Design and Validation of a Tool for
Neurite Tracing and Analysis in Fluorescence Microscopy Images. Cytometry Part A. 2004; 58(2):
167-176.

Neuroinformatics. Author manuscript; available in PMC 2016 October 09.



1duosnue Joyiny 1duosnue Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Smafield et al.

Page 20

Moolman DL, Vitolo OV, Vonsattel JPG, Shelanski ML. Dendrite and dendritic spine alterations in
Alzheimer models. Journal of Neurocytology. 2004; 33(3):377-387. [PubMed: 15475691]

Myatt DR, Hadlington T, Ascoli Ga, Nasuto SJ. Neuromantic - from semi-manual to semi-automatic
reconstruction of neuron morphology. Frontiers in neuroinformatics. 2012; 6:4. [PubMed:
22438842]

Narro ML, Yang F, Kraft R, Wenk C, Efrat A, Restifo LL. NeuronMetrics: Software for semi-
automated processing of cultured neuron images. Brain Research. 2007; 113b:57-75. [PubMed:
17270152]

Nieland TJ, Logan DJ, Saulnier J, Lam D, Johnson C, Root DE, Sabatini BL. High Content Image
Analysis Identifies Novel Regulators of Synaptogenesis in a High-Throughput RNAI Screen of
Primary Neurons. PLoS ONE. 2014; 9(3):e91744. [PubMed: 24633176]

Otsu N. A threshold selection method from gray-level histograms. IEEE Transactions on Systems,
Man and Cybernetics. 1975; 9(1):62—66.

Patt S, Gertz H, Gerhard L, Cervos-Navarro J. Pathological changes in dendrites of substantia nigra
neurons in Parkinson’s disease: a Golgi study. Histology and histopathology. 1991; 6(3):373-380.
[PubMed: 1725760]

Peng H, Long F, Zhao T, Myers E. Proof-editing is The Bottleneck of 3D Neuron Reconstruction: The
Problem and Solutions. Neuroinformatics. 2011

Peng H, Ruan Z, Long F, Simpson JH, Myers EW. V3D enables real-time 3D visualization and
quantitative analysis of large-scale biological image data sets. Nature Biotechnology. 2010; 28(4):
348-353.

Pinault D, Smith Y, Deschenes M. Dendrodendritic and Axoaxonic Synapses in the Thalamic
Reticular. The Journal of Neuroscience. 1997; 17(9):3215-3233. [PubMed: 9096155]

Pittenger C, Duman RS. Stress, Depression, and Neuroplasticity: A Convergence.
Neuropsychopharmacology Reviews. 2008; 33:88-109. [PubMed: 17851537]

Pizer SM, Amburn EP, Austin JD, Cromartie R, Geselowitz A, Greer T, Zuiderveld K. Adaptive
Histrogram Equalization and Its Variations. Computer Vision, Graphics, And Image Processing.
1987; 39(3):355-368.

Pool M, Thiemann J, Bar-Or A, Fournier AE. NeuriteTracer: A novel ImageJ plugin for automated.
Journal of Neuroscience Methods. 2008; 168(1):134-139. [PubMed: 17936365]

Rodriguez A, Ehlenberger D, Hof P, Wearne S. Rayburst sampling, an algorithm for automated three-
dimensional shape analysis from laser scanning microscopy images. Nature Protocol. 2006; 1(4):
2152-61.

Renn LC, Ralets I, Hartz BP, Bech M, Berezin A, Berezin V, Bock E. A simple procedure for
quantification of neurite outgrowth based on stereological principles. Journal of Neuroscience
Methods. 2000; 100(1):25-32. [PubMed: 11040363]

Scott E, Raabe T, Luo L. Structure of the vertical and horizontal system neurons of the lobula plate in
Drosophila. The Journal of Comparative Neurology. 2002; 454(4):470-481. [PubMed: 12455010]

Sharma K, Choi SY, Zhang Y, Nieland TJ, Long S, Li M, Huganir RL. High-throughput genetic
screen for synaptogenic factors: Identification of LRP6 as critical for excitatory synapse
development. Cell reports. 2013; 5(5):1330-41. [PubMed: 24316074]

Squire, L.; Schacter, D. The Neuropsychology of Memory. New York: Guilford Press; 2002.

Steger C. An Unbiased Detector of Curvilinear Structures. IEEE Transactions on Pattern Analysis and
Machine Intelligence. 1998; 20(2):113-125.

Sternberg SR. Biomedical Image Processing. IEEE Computer. 1983:22-34.

Takashima S, leshima A, Nakamura H, Becker LE. Dendrites, dementia and the Down syndrome.
Brain and Development. 1989; 11(2):131-133. [PubMed: 2523670]

Thomas W, Shattuck DW, Baldock R, et al. Visualization of image data from cells to organisms.
Nature Methods. 2010; 7(3):526—s41. [PubMed: 20195255]

Vallotton P, Lagerstrom R, Sun C, Buckley M, Wang D, Silva MD, Gunnersen JM. Automated
analysis of neurite branching in cultured cortical neurons using HCA-Vision. Cytometry Part A.
2007; 71A:889-895.

Neuroinformatics. Author manuscript; available in PMC 2016 October 09.



1duosnue Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnuep Joyiny

Smafield et al.

Page 21

Villalbaa R, Smith W. Differential striatal spine pathology in Parkinson’s disease and cocaine
addiction: A key role of dopamine? Neuroscience. 2013; 251:2-20. [PubMed: 23867772]

White JG, Amos WB, Fordham M. An evaluation of confocal versus conventional imaging of
biological structures by fluorescence light microscopy. The Journal of Cell Biology. 1987; 105(1):
41-48. [PubMed: 3112165]

Wilkinson, MH. Digital Image Analysis of Microbes: Imaging, morphometry, Fluorometry and
Motility Techniques and Applications. Chichester: John Wiley & Sons; 1998. Segmentation
techniques in image analysis of Microbes; p. 135-170.

Wu C, Schulte J, Sepp KJ, Littleton JT, Hong P. Automatic robust neurite detection and morphological
analysis of neuronal cell cultures in high-content screening. Neuroinformatics. 2010; 8(2):83-100.
[PubMed: 20405243]

Yu G, Yang J. On the robust shortest path problem. Computers & Operations Research. 1998; 25(6):
457-468.

Zhang Y, Zhou X, Alexei D, Marta L, Adjeroh D, Yuan J, Wong ST. Automated Neurite Extraction
Using Dynamic Programming for High-throughput Screening of Neuron-based Assays.
Neuroimage. 2007; 35(4):1502-1515. [PubMed: 17363284]

Zuiderveld, K. Graphics Gems IV. Princeton: Academic Press; 1994. Contrast limited adaptive
histogram equalization; p. 474-485.

Neuroinformatics. Author manuscript; available in PMC 2016 October 09.



1duosnue Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnuep Joyiny

Smafield et al.

Page 22

Figure 1. Example of high-throughput images of cultured mature mouse hippocampal neurons
This is a 2*2 montage obtained by BD Pathway Imaging system. Size: 2688*2048. Scale:

0.15622 micron/pixel.
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Figure 2. The schematic illustration of our methodology
A. The raw image. Green channel is the MAP2 stained dendrite channel. B. Preprocessing of

the dendrite channel including soma removal and image enhancement. C. The divide-and-
conquer framework for dendrite length quantification.
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Figure 3.
An illustrative example for boundary analysis that reduces duplicate estimation.
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Figure4. Dendritelength estimation Based on AET
A. Examples of grid window images. The detected initial points as indicated using blue

arrows. B. Preprocessing to highlight the faint and/or broken dendrites using Hessian
transform and histogram stretching. C. Stopping mask generation using RATS. D.
Estimation algorithm flow. The branch on the right is traced first because it is thinner.
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Figure5. Dendrite length estimation Based on CSP
The flow starts from finding initial points on post-Hessian grid window, followed by

calculating and storing paths from legitimate pairs of initial points. The path placement is
then repeated and traces are removed until all points are processed.

Neuroinformatics. Author manuscript; available in PMC 2016 October 09.



1duosnue Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnuep Joyiny

Smafield et al.

Page 27

Figure 6. Comparison of different search waves and choices of the cost function in CSP
A. Shortest path wavefront without threshold truncating. The yellow wavefront indicates the

area where the pixels are searched. B. Shortest path wavefront with threshold truncating. C.
Tracing results (in red) when using cost function with a logarithmic growth rate. D. Tracing
results when using a cost function with linear growth rate. E. Tracing results when using a
cost function with cubic growth rate. The branching curvature is better preserved compared
with C and D.
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Figure 7. Comparison of the L SK method with global alternative
A. Original image (raw image has been enhanced for better visualization). Blue masks

indicate the area with dim branches. B. Global skeletonization. C. LSK with the divide-and-
conquer strategy. The improved local adaptiveness allows better capturing of dim branches.
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Figure 8. Examples of results
A. LSK works with a grid window with multiple branches; B. AET works with a grid

window with dim and broken branches; C. CSP works with a grid window of big curve
change. D. An example of tracing results overlaid in the original image. The dotted red line
indicates the trace. The small gaps between dots represent the step size of exploration
tracing algorithm (set to 3 by default).
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Figure 9. Performance versus number of grids

The x coordinate is number of grids starting from 2*2 = 4, 3*3 =9, ..., 20*20 = 400. The
trendline is fitted using second order polynominal.
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Results on high-throughput neuronal images. GS: dendrite length based on gold standard; Length: Estimated

length based on algorithm ENS_AVG. ACC: accuracy in %.

# GS Length | ACC
1 11520 10752 | 93.3
2 17465 16061 | 92.0
3 20066 16991 | 84.7
4 25054 20168 | 80.5
5 10128 8035 | 79.3
6 12379 10436 | 84.3
7 12478 13222 | 94.0
8 6917 4609 | 66.6
9 23606 20607 | 87.3
10 28826 23218 | 80.5
11 5746 6006 | 95.5
12 10561 10227 | 96.8
13 29952 25136 | 83.9
14 14194 12547 | 88.4
15 3908 4119 | 946
16 9421 7875 | 83.6
17 24865 22083 | 88.8
18 18937 15277 | 80.7
19 12246 11105 | 90.7
20 22355 19568 | 87.5
21 8940 8924 | 99.8
22 12929 12313 | 95.2
23 12126 11338 | 935
24 16634 14626 | 87.9
25 23057 19523 | 84.7
26 30080 24307 | 80.8
27 11769 14315 | 78.4
28 14236 15381 | 92.0
29 9060 9098 | 99.6
30 6976 6208 | 89.0
31 10769 12782 | 813
32 5614 6734 | 80.1
33 5981 5884 | 98.4
34 8547 9486 | 89.0
35 26897 25178 | 93.6
36 15211 16451 | 91.8
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# GS Length | ACC
37 8267 7337 | 88.7
38 15177 15668 | 96.8
39 26241 26787 | 979
40 12088 14677 | 78.6
41 3276 3367 | 97.2
42 21449 24229 | 87.0
43 28883 25699 | 89.0
44 19376 18964 | 97.9
45 12289 16425 | 66.3
46 22164 21968 | 99.1
47 27477 27997 | 98.1
48 24114 26032 | 92.0
49 17694 18699 | 94.3
50 18346 20091 | 90.5
AVG 88.8
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