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Abstract

Recent progresses allow imaging specific neuronal populations at single-axon level
across mouse brain. However, digital reconstruction of neurons in large dataset
requires months of human labor. Here, we developed a tool to solve this problem. Our
tool offers a special error-screening system for fast localization of submicron errors in
densely packed neurites and along long projection across the whole brain, thus
achieving reconstruction close to the ground-truth. Moreover, our tool equips
algorithms that significantly reduce intensive manual interferences and achieve
high-level automation, with speed 5 times faster compared to semi-automatic tools.
We also demonstrated reconstruction of 35 long projection neurons around one
injection site of a mouse brain at an affordable time cost. Our tool is applicable with
datasets of 10 TB or higher from various light microscopy, and provides a starting
point for the reconstruction of neuronal population for neuroscience studies at a

single-cell level.
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Introduction

Mapping neuronal morphology at single-cell level will bridge the gap between micro
scale and macro scale studies'™, and play an important role in cell type, neural circuits,
and neural computing studies*®. Recent breakthroughs in imaging’'* and molecular

labeling'" '

techniques have provided Terabytes (TBs)-sized dataset from which we
can measure almost the complete morphology of the neuronal population at a
single-axon resolution (Video 1). Special data format and data splitting mode have

13, 14

been developed to browse or visualize TB or PB (Petabytes)15 dataset. However,

tracing these brain-wide neuronal projections is challengingm’ 7 Automatic tracing

18-22
tools'®

applicable to local neuronal population (Gigabytes size) cannot extend to
whole brain. Just like “snowball effect”, for a neuron with tree-like structure, a
micron-sized error in tracing will result in a huge error™, as subsequent tracing is not
credible and may extend to the whole brain (Supplementary Fig. 1). The densely
packed neurite makes this situation even worse, as dense neurite tracing is still an

- 1,17, 23, 24
open question

, usually leads to lower tracing accuracy. Practically
semi-automatic tools™ ** have been applied for neuronal tracing in large dataset and
its precision is well acknowledged. However, it is extremely laborious and
time-consuming for brain-wide reconstruction, as these tools usually work at very low
automatic level. Reconstructing a population of neurons at brain-wide scale will
require thousands of hours of manual labors.

Here, we built a global tree reconstruction system (GTree) for brain-wide population
reconstruction. In GTree, we developed a selective display mode to boost local dense
reconstruction and acquired a higher accuracy than the well-acknowledged
reconstruction accuracy generated with semi-automatic software. Moreover, we
introduced brain-wide error-screening system to improve the precision across whole
brain. Furthermore, we introduced algorithms that significantly reduce intensive
manual interferences and thus achieve high-level automated reconstruction. With all

these efforts, we demonstrated a brain-wide population reconstruction, with precision

close to ground-truth, speed at least 5 times faster compared to semi-automatic tools.
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We also demonstrated a successful reconstruction of 35 long projection neurons

around one injection site of a mouse brain at an affordable time cost.

Design of GTree

In addition to local neuronal population reconstruction, GTree can achieve brain-wide
reconstruction (Online Methods). In the design of GTree for brain-wide
reconstruction, we built functions corresponding to key reconstruction steps, which
included dendrite reconstructions, axon reconstructions and checking the
reconstructions on a brain-wide scale (Fig. 1). In addition, a technique for
multi-resolution representation of a TB-sized dataset is necessary (Supplementary
Note 1).

We divided the whole-brain dataset into many sub-blocks with a multi-resolution
representation technique> and selected the first sub-block (e.g., a 3D region of
interest (ROI) including the target neuron (soma)) to begin tracing (Fig. 1a). In
general, the first ROI mainly contains somas and dendrites. In the first ROI, we used
NeuroGPS-Tree'® to automatically reconstruct the target neuron and other neurons.
We revised the automated reconstruction of the target neuron in a selective display
mode (Fig. 1b) in which reconstruction errors can be easily found. GTree can
automatically record the locations where traced dendrites touch the boundary of the
first ROI simultaneously. These locations provide cues to select the subsequent ROIs
to trace the dendrites of the target neuron.

After completing the reconstruction of dendrites, we located the initial part of the
axon for axonal tracing. Similar to the tracing of dendrites, a human-supervised
checking procedure was implemented for trustworthy reconstruction (Fig. 1c). Note
that except for the first ROI, in which packed neurites are usually included, the
neurites in all ROIs are sparsely distributed in our analysis. Therefore, we traced
neurites in the first ROI with NeuroGPS-Tree and others with SparseTracer’’, as
SparseTracer presents a faster reconstruction speed than NeuroGPS-Tree when
neurites are sparsely distributed.

As described for the above procedures (Figs. 1b-¢), human-supervised reconstruction
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is performed in every sub-block. Brain-wide reconstruction of a neuron requires the
analysis of hundreds of sub-blocks, and reconstruction errors are still unavoidable.
GTree uses reconstruction navigation (Supplementary Note 2) to identify
reconstruction errors on a brain-wide scale (Fig. 1d). With this navigation, we can
vastly browse the reconstruction and the neighboring image region. The browsing
information is used for checking the reconstructions. By using this navigation module,
one can vastly check a brain-wide reconstruction within 1.5-2 hours. Furthermore, for
the generation of a ground-truth reconstruction, the general strategy is that different
annotators reconstruct the same neuron and regard the common consent as the ground
truth **. In this process, locating the difference between the reconstructions (Fig. 1e)
is an indispensable step. Based on hash query method (Supplementary Note 3),
GTree locates differences between brain-wide reconstructions within a second, which
is several hundred times faster than the common way (Supplementary Fig. 2).

Based on the entire process of reconstruction, we demonstrated that, in addition to the
selective display mode (Online Methods), GTree offers a system for thoroughly
checking reconstruction errors on a brain-wide scale (Online Methods). This system
runs through the pipeline of reconstruction and assures a high-precision

reconstruction.

Dense reconstruction

We evaluated the dense reconstruction performance of GTree using a typical dataset
from the neocortex. The dataset contained packed neurites with a wide range of signal
intensities (Fig. 2a and Video2) and therefore challenged current automatic
reconstruction methods (Supplementary Fig. 3). For highly accurate dense
reconstruction, we designed the selective display mode in GTree (Online Methods).
This mode enabled us to focus on checking the target reconstructions and their related
signals (Fig. 2b) by removing other unrelated signals. Without the selective display
mode, it is time consuming and laborious for a skilled annotator to find reconstruction
errors due to interference from other signals (upper panels in Fig. 2b). The selective

display mode eliminated this kind of interference and allowed effective checking for
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reconstruction errors (bottom panels in Fig. 2b). In the design of the selective display
mode, we considered the fact that the reconstructed neurons could be mapped as a tree
graph in which a node represents a traced neurite (Supplementary Fig. 4). Due to this
mapping, the corresponding reconstructions and their neighborhood images can be
visualized when selecting the sub-structure of the tree graph (Fig. 2¢). In the selective
display mode, we revised the automated reconstruction from the population dataset
(Fig. 2a) generated with NeuroGPS-Tree. We present the revised reconstruction in
which an individual neuron is displayed with a different color (Fig. 2d and Video 2).
To quantify the performance of the reconstructions driven by GTree and
semi-automatic software, we designed a procedure for reducing reconstruction
variance among different annotators. Two annotators were classified into one group.
One presented the reconstructions, and the other checked the presented
reconstructions. The total time was set to 4 hours (a third of the time was occupied by
checking reconstructions) or 12 hours per neuron for GTree and the semi-automatic
software (Amira®), respectively. Using this procedure, GTree produced two
reconstructions of the same population (GTree-a and -b). We present the
reconstruction of one neuron from GTree-a that exhibited obvious differences from
the reconstruction provided by NeuroGPS-Tree but was close to the ground-truth
reconstruction (Fig. 2e).

We quantified the reconstructions from the population dataset (Fig. 2a), including 5
neurons with recall and precision rates (Fig. 2f). To calculate these two evaluation
indexes, ground-truth reconstruction is necessary and can be achieved via the strategy
employing voting to reach a consensus on the discrepancies among the
reconstructions performed by three annotators>*. We found that GTree could provide
higher reconstruction accuracy than NeuroGPS-Tree (Fig. 2f). The recall and
precision rates were 96% and 97%, respectively, for GTree (GTree-a) versus 70% and
69%, respectively, for our previously developed software, NeuroGPS-Tree. This
difference in reconstruction was significant. We also found that there were no
significant differences between the two groups of reconstructions generated with

GTree (Kolmogorov—Smirnov test, precision: p > 0.2; recall: p > 0.69), indicating that
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GTree can provide robust reconstructions.

Furthermore, we demonstrated that GTree provided more accurate reconstruction than
the semi-automatic software, which shows a widely accepted high accuracy.
Considering a few false reconstructions, we used weighted recall to quantify the
population reconstructions driven by GTree and semi-automatic software. Weighted
recall refers to the weighted average recall rate of the reconstructions of individual
neurons. The weight was proportional to the total length of the neurites of an
individual neuron identified through ground-truth reconstruction. GTree reconstructed
the neuronal population with an integral degree of 96% (Fig. 2g). The time cost was
within 4 hours per neuron. In contrast, the semi-automatic software provided
reconstruction accuracy with an integral degree of 88%, and the time cost was set to
12 hours per neuron. In addition, increasing the reconstruction time (from 8 to 12 h)
did not boost reconstruction accuracy (Fig. 2g). This phenomenon demonstrates that it
is an extremely difficult task for semi-automatic software to even slightly improve the

accuracy for a population dataset with massively packed neurites (Fig. 2h).

High-precision reconstruction on a brain-wide scale

We evaluated performance of GTree in brain-wide reconstruction with the 10
TBs-sized images. The dataset contained specially labeled neurons whose
morphologies spanned different brain regions or even the whole brain. This imaging
dataset provide sufficient information for trustworthy reconstruction including
dendrites and distal axons. We randomly selected five neurons in this dataset and
generated their ground-truth reconstruction (Online Methods) to evaluate
reconstruction performance between GTree and the semi-automatic software. We
present the reconstructions of these five neurons obtained with GTree (Fig. 3a). The
results indicated that the reconstructed neurons exhibited many neurites and that these
neurites were distributed in different brain regions. We also used semi-automatic tool
(Amira) to manually reconstruct these five neurons. When we compared the
semi-automatic reconstruction of a neuron with the reconstruction provided by GTree,

we found that the differences between these two reconstructions were negligible (Fig.
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3b & Supplementary Fig. 5). We further quantified the reconstructions of these five
neurons based on recall and precision rates (Figs. 3¢ & d). The results showed that the
weighted average recall and precision rates were 96% and 98%, respectively, for
GTree, versus 95% and 94% for the semi-automatic software. The weights were
proportional to the total length of neurites identified in the ground-truth reconstruction.
The reconstruction results were similar between GTree and semi-automatic software.
We concluded that GTree, like the semi-automatic software, can provide a brain-wide
reconstruction close to the ground truth. Furthermore, we quantified the time costs of
the reconstruction of these five neurons using GTree and semi-automatic software.
The results showed that GTree spent approximately 9 hours on the reconstruction of a
single neuron, which was at least five times faster than the semi-automatic software
(Fig. 3e). In this comparison, we selected annotators who were well trained (Online
Methods), and these annotators acquired the reconstruction on the same computing

platform equipment with Redundant Arrays of Independent Disks (RAID).

High-level automatic reconstruction

In GTree, we developed a series of algorithms for those reconstruction steps that
required intensive manual labor. Two algorithms are provided here as examples. One
is used for detecting the optimal skeleton of a neurite, and the other is used for
identifying the neurites with weak signals. We based on a Lasso model® to correct the
reconstructed skeleton points, including bifurcation points, to their optimal positions.
The optimal positions are generally located at the centerline of a neurite and exhibit
the maximum signal intensities. We evaluated the Lasso-based model using the
dataset of axons (Supplementary Fig. 6a). In the reconstruction process, there were
19 sub-blocks in which the reconstructed skeletons of the tortuous neurites had to be
revised. With the Lasso model, the reconstructed skeletons in 17 sub-blocks were
automatically corrected, avoiding the corresponding human editing. We present two
typical detection examples (Supplementary Figs. 6b-e) showing the effectiveness of

the Lasso-based model. We also built a machine-learning method for identifying
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neurites with weak signals®®. We demonstrated that the identification method could
vastly reduce the human editing of the reconstructions using 3 sub-blocks of datasets
(Supplementary Fig. 7a). In the analysis of these selected datasets, when the
identification method is equipped, the total number of human edits was reduced to 18,
versus 136 without the identification method (Supplementary Figs. 7b-d). In
addition, we calculated the signal-to-background ratios of the points in the
reconstructed skeletons (Supplementary Fig. 7e). The points with SBR < 1.3
occupied 80% percent of all skeleton points, which can explain why a large amount of

human editing is required without the use of the identification method.

Brain-wide population reconstruction

We used GTree to reconstruct a population of neurons from the whole mouse brain
imaging dataset. The imaging dataset included 35 pyramidal neurons which are from
one injection site. Despite the sparse labeling, packed neurites were still commonly
found in the imaging dataset. Using GTree, all of the labeled neurons in this imaging
dataset could be thoroughly reconstructed (Figs. 4a &b, Video 3, Supplementary Fig.
8). A typical neuron could be nearly completely reconstructed, such that dendrites,
local axons, and distal axons can be easily identified (Fig. 4c). The reconstructions
allowed the application of quantitative morphological measures, such as the total
length of neurites per neuron (Fig. 4d) and Sholl analysis®' (Fig. 4e). According to the
information on the reconstruction speed (Fig. 3e) and the measurement of the
reconstructions (Fig. 4d), we roughly estimated that reconstructing all 35 of these
neurons with semi-automatic software would require more than 1300 hours (total
length of neurites, 396.7 cm; speed, 3.4 hours per centimeter). GTree reduced the time
cost to less than 250 hours (speed, 0.6 hours per centimeter). These results indicated
that extremely heavy labor is required for brain-wide population reconstruction with
semi-automatic software, and this current reconstruction status can be changed using

GTree.
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Applicability
In addition to the fMOST datasets, we demonstrated the applicability of GTree to
other types of datasets. These datasets were collected with different imaging

modalities, such as serial-two-photon tomographyg, light—sheetﬂ'34

, two-photon
microscopy>> and so on. The axial resolution of an STP dataset is low, at 10 pm. In
this case, GTree reconstructed all four labeled neurons spanning different brain
regions. The reconstructions were consistent with the ground truth® (Supplementary
Fig. 9). We further used GTree to reconstruct 5 groups of datasets collected via
light-sheet microscopy> (Supplementary Fig. 10 & Supplementary Fig. 11). The
results suggested that GTree could provide a high-precision reconstruction from a
dataset with a low optical spatial resolution. In addition, two types of public datasets,
the Diadem and BigNeuron datasets acquired using wide-field, confocal, or
two-photon microscopy, were used to test GTree. In the Diadem datasets®’, we
selected Neocortical Layer 1 Axons (Supplementary Fig. 12) and Hippocampal CA3
Interneuron image stacks (Supplementary Fig. 13) and used GTree to analyze them.
The reconstructions showed that GTree behaved well in dense reconstructions and in
the presence of extremely weak signals. Using BigNeuron datasets® **, we
demonstrated that GTree could detect weak signals in the presence of strong noise
points (Supplementary Fig. 14) and could also detect torturous neurites

(Supplementary Fig. 15). From the above testing results, we concluded that GTree

can be widely used in neuron reconstruction.

Discussion

In this study, we built the software tool GTree to achieve a dense reconstruction
of the brain-wide neuronal population that challenges semi-automatic reconstruction
with semi-automatic software. GTree achieved brain-wide reconstruction of neuronal
populations with a speed gain of at least five times over semi-automatic software.
Besides encompassed our established work, such as multiresolution representation of
a datasetls, neurite tracing27, automatic reconstruction of a local neuronal populationlg,

and identification of weak signals®, in GTree, we designed a suite of new techniques
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to overcome a series of challenges in brain-wide reconstruction, including the
identification of packed neurites, checking for reconstruction errors in a TB-sized
dataset, and improvement of automatic levels of reconstruction. Furthermore, GTree
offers a system to check the reconstructions on different scales, from a local neurite to
an entire single neuron. Due to these multitudinous and indispensable functional
modules, GTree is an effective tool for brain-wide population reconstruction and may
be helpful for many purposes, such as the identification of neuron types, investigation
of the projection pattern of neurons, and mapping the neuronal circuitry.

Accurate brain-wide reconstruction of neuronal populations requires a series of image
processing technologies, which can be integrated into a target software tool. As
described previously, GTree has this characteristic and can therefore achieve
brain-wide reconstruction with a high precision and relatively high throughput. This
high precision can be attributed to the following factors. First, the selected display
mode of dense reconstructions largely eliminates the interference from other
reconstructions and can therefore effectively check the reconstructions. Second,
online feedback for reconstructions from sub-blocks of brain images and editing
function modules are combined to achieve supervised reconstructions. Third, fast
navigation of the reconstructions and locating the differences in the reconstructions
enable us to check the reconstructions on a brain-wide scale. There are two primary
reasons for the relatively high-throughput reconstructions: one is the contributions of
many automatic algorithms, including algorithms for neurite tracing®’, spurious links
between neurite identification'®, weak signal identification™, and optimal skeleton
detection 29, among many others; and the other is the user-friendly visualization and
editing functions, which allows fast revision of reconstruction errors.

Dense reconstructions must essentially resolve closely spaced neurites, which is one

1,17, 23, 24
e To

of the most challenging problems in neuronal population reconstruction
overcome this challenge, our previously developed automatic tool, NeuroGPS-Tree'®,
partially mimicked human strategies to identify individual packed neurites and
achieved dense population reconstruction with an approximately 80% reconstruction

accuracy. For a more challenging dataset packed with massive axons (Fig. 2a), the
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reconstruction accuracy was further decreased (Fig. 2f). This reconstruction accuracy
was not sufficient for neuroscience research in many cases* !, In addition, the noted
reconstruction accuracy was generated from the analysis of a GB-sized dataset. When
NeuroGPS-Tree'® was extended to a TB-sized dataset, the corresponding
reconstruction is not acceptable due to its fully automatic character (Supplementary
Fig. 1). Considering this situation, we developed GTree for dense reconstruction.
GTree integrates NeruoGPS-Tree and a selective display mode, thus effectively
checking reconstructions provided by NeuroGPS-Tree. GTree vastly boosts the
capability of NeuroGPS-Tree in dense reconstruction. GTree can generate dense
reconstructions close to the ground truth (Fig. 2f) and therefore presents more
applications. It should be noted that the selective display mode in GTree requires an
initial population reconstruction. At present, NeuroGPS-Tree is a suitable tool for this
purpose.

In GTree, the size of the dataset and the data format are essentially not restricted. The
current version of GTree supports the tagged image file format (TIFF, 8/16 bits).
Other data formats can be freely and easily converted into TIFF using third-party
software such as Imagel ¥ The data organization method (Supplementary Note 1)
based on HDF5 was developed and integrated into GTree. Therefore, GTree can
reconstruct neurons from hundreds of GBs sized dataset, without the help of other
software. When the analyzed dataset increases to TBs or greater in size, this large data
requires to be transformed into the big data format including TDat"’. GTree supports
the TDat format and thus can be suitable for reconstruction on TBs sized dataset. We
also noted that other tools like Terafly'* and BigDataViewer'” perform well in the big
data organization. However, these two tools have no related plugins for other software
tools at present. So, the data formats generated with these two tools can’t be used in
GTree.

The tree-like structure of neurons means that reconstruction error exerts a highly
correlated effect on subsequent reconstructions. Without human supervision, one false
reconstruction will lead to missing neurites or miss-assigned neurites, which explains

why semi-automatic reconstruction is still the primary method for quantifying neurons
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17 despite the existence of numerous automatic algorithms. Whole-brain images are
even more challenging, and human supervision is therefore necessary to obtain
trustworthy results. However, the available semi-automatic reconstruction software
lacks some key algorithms and editing functions to accurately identify an error in the
presence of interference from densely paced neurites and cannot locate local
reconstruction errors in centimeter-long projections™ '”. Therefore, semi-automatic
reconstruction becomes time-consuming and laborious, making it difficult to match
the development of neuronal imagesl(’. GTree fills this gap to a certain extent. In the
near future, the level of automatic reconstruction by GTree will be further enhanced

by introducing vast 10 formats and automatic identification of potential errors.
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Online Methods

1. A brief description of the software tool

The GTree software is written in C++ and is freely available for academic
research (https://github.com/artzers/AdTree). GTree can be divided into three
components according to its functions: 1) reconstruction of a local neuronal
population; 2) reconstruction of a brain-wide population; and 3) checking of
reconstructions on a brain-wide scale.
Reconstruction of a local neuronal population: In this mode of reconstruction, the
supported format of an input image is an 8 or 16 bit TIFF series (gray image stacks),
and the output results are swc files*’, which include the positions of skeleton points
and the connections between the points. This component integrates the selective
display mode and the editing function into our previously developed software tool
NeuroGPS-Tree'®. This integration greatly extends the ability of NeuroGPS-Tree and
can provide a dense reconstruction close to the ground truth.
Reconstruction of a brain-wide neuronal population (Video 4): Brain-wide
reconstruction involves the analysis of TB-sized datasets. Therefore, a
multi-resolution representative of a TB-sized dataset is required. Here, we convert a
whole-brain dataset into a big data format, TDat'"’ , in which the sub-blocks can be
effectively loaded into computer memory. The reconstruction of a brain-wide
neuronal population consists of reconstructions from a series of sub-blocks.
SparseTracer27 is used for reconstructing neurites in sub-blocks. The corresponding
editing functions are also matched for correcting reconstruction errors.
Checking reconstructions at brain-wide scale: Despite the editing function allowing
checking of reconstructions from sub-blocks, brain-wide reconstruction is a long
reconstruction process and includes the analysis of hundreds of sub-blocks. Thus,
reconstruction errors are unavoidable. GTree provides two functions for checking
reconstructions. One is reconstruction navigation on a brain-wide scale (Video 5); the
other is localization of differences between reconstructions of the same neuron (Video

6). Reconstruction navigation can browse the reconstructed skeletons and their
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neighboring regions. The browsing information is used for checking reconstructions.
The other function is to locate differences between different reconstructions of the
same neuron. This function is necessary for high-precision reconstruction from a
challenging dataset and ground-truth reconstruction.

2. Selective display mode for dense reconstruction

This mode is used for checking errors in dense reconstruction. When an automated
method reconstructs a neuronal population with packed neurites, reconstruction errors
are unavoidable and difficult to find because of the interference from other neurites,
especially those that are closely positioned. In fact, a neuron can be mapped to a
tree-graph in which a node and the connections between nodes represent a neurite and
the links between neurites'®, respectively (Fig. 2¢ & Video 7). Accordingly, the
reconstructed neuron has the same map, meaning that when the sub-structure of this
mapping graph is selected, the corresponding reconstruction (i.e., the reconstructed
skeletons of neurites) is confirmed. Centered on the reconstructed skeleton, the
cylindrical neighborhood regions are extracted from the original image. The radius of
the neighborhood region is manually set. The reconstructions and the corresponding
neighborhood images remain simultaneously and black out all of the signals that are
not in the current regions. Using this operation, we can display the cylindrical region
and the included reconstructions without interference from other signals. This display
method is named after the selective display mode. In the selective display mode, we
can focus on the interesting reconstructions and check them (Video 8). We
recommend that checking is performed in the selective display mode (Video 9) to
ensure that every neurite in the reconstruction is checked.

3. Brain-wide error-screening system

GTree is equipped with an error-screening system for high-precision reconstruction.
The system includes three components: 1) human-supervised reconstruction from
sub-blocks; 2) reconstruction navigation on a brain-wide scale; and 3) online
localization of differences between reconstructions of the same neuron. Using this
system, we can easily identify reconstruction errors hidden in densely packed neurites

and TB-sized datasets.
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Human-supervised reconstruction from sub-blocks: Brain-wide reconstruction
requires the analysis of TB-sized datasets, which are far beyond computer storage
limits. Therefore, a whole-brain dataset must be divided into sub-blocks, and
reconstructions from a large number of sub-blocks constitute a reconstructed neuron
on a brain-wide scale. The tree-like structure of neurons means that one reconstruction
error will accumulate in subsequent reconstructions. Thus, human-supervised
reconstruction from each sub-block is essential for obtaining high-precision
reconstructions at a brain-wide scale. This function allows the visualization of
reconstructions from sub-blocks and enables us to check reconstruction errors. If there
are no errors, we click the button and import the next sub-block automatically.
Otherwise, we revise reconstruction errors, such as a missing neurites or
miss-assigned neurites, to avoid the accumulation of errors in the subsequent imported
blocks.

Reconstruction navigation at a brain-wide scale: As described above, a series of
human-supervised reconstructions from sub-blocks constitute the brain-wide
reconstruction of a neuron. The sub-block is tens of MBs in size, and the whole-brain
dataset has a size of TBs. Thus, the brain-wide reconstruction of a neuron requires the
analysis of hundreds of sub-blocks at a minimum. The long reconstruction process
means that errors are unavoidable, despite the human response to the reconstruction.
Therefore, we designed brain-wide reconstruction navigation for easily finding
reconstruction errors hidden in TB-sized dataset. The tree-like structure of neurons
can be mapped to a tree-graph, in which the root node represents the soma, while the
nodes in the first layer represent neurites connected with the soma, and so on. Hence,
by visiting the nodes of the tree-graph from the top down, the reconstructed neurites
can be browsed in an orderly manner. When browsing the reconstructed neurite along
with its skeleton, the neighboring image region is extracted and visualized, and all
reconstructions included in the extracted region are simultaneously visualized. The
checking of the reconstruction is based on the visualized information.

Online localization of differences between reconstructions of the same neuron:

For a more challenging dataset, the general strategy for producing trustworthy results
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is for two or more skilled annotators to perform reconstruction of the same neuron and
take the consensus results among annotators as the output reconstruction®®. This
strategy is built on fast localization of differences between reconstructions of the same
neuron. A reconstructed neuron at a brain-wide scale generally contains hundreds of
thousands of skeleton points. The localization of the differences between two
reconstructions can essentially be performed by quantifying the differences in position
between two groups of reconstructed skeleton points. We constructed a
multi-dimensional Hash container*' for quantifying these differences rapidly in detail
(Supplementary Fig. 2). Briefly, we assigned two groups of skeleton points to their
own Hash containers and searched the matching points in these two Hash containers.
Based on the search results, the locations where differences between two
reconstructed skeletons appeared were labeled. Thus, the localization of differences
between reconstructions of the same neuron could be achieved.

4. Methods for high-level automated reconstruction.

The GTree software contains algorithms for reconstructing neurons, including
algorithms for locating and segmenting soma, tracing neurites, and network
partitioning, which are commonly used for automated reconstruction. There are also
two specific algorithms integrated into GTree for this purpose. One identifies weak
neurite signals, and the other detects the optimal skeleton of neurons.

Identification of neurites with weak signals30: It is a common sense that
small-radius neurites will exhibit weak signals, which challenges neurite-tracing
methods. Hence, we observed the characteristics of neurites and identified rules to
propose a method for the identification of weak neurite signals. We found that in
neuronal images, the local background was smooth, and neurites presented a strongly
anisotropic shape. These image characteristics were converted into feature vectors,
from which the difference between the signal and background could be displayed. A
combination of these feature vectors and the machine learning method were used to
construct this identification method.

Detection of the optimal skeleton of neurites: The reconstructed skeleton of a

neurite consists of a series of sequential points generated by tracing algorithms.
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Detection of the neurite’s optimal skeleton is essential for post-neuron morphological
analysis, such as the assessment of bifurcation numbers and lengths. Here, we
consider two premises upon which to correct the positions of skeleton points: a
skeleton point should present the maximum image intensity in its neighborhood
region; and local smoothness should be retained at most sites in a neurite skeleton.
Considering on these two premises, we designed an Lasso-based model to detect the
optimal skeleton. We further extended this Lasso-based model to locate the
bifurcation points of a reconstructed neuron. A bifurcation point is one terminal point
of a neurite linked with another neurite. It is difficult for tracing methods to detect the
position of bifurcation points where neurites are tortuous or unevenly imaged. The
extended model was built on our observation that at a very small scale, the
smoothness of neurites can still be satisfied. These two detection models were applied
to correct the automatically reconstructed skeleton to the centerline of the neuron.

S. Evaluation of reconstructions.

We applied high precision and recall rates to quantify the reconstructions driven
by the software tools employed in this study. To calculate these two indexes, the
ground-truth reconstruction is necessary. We generated the ground-truth
reconstruction in GTree because GTree includes an error-screening system and
achieves high-precision reconstruction more easily than semi-automatic software (See
Figs. 3 ¢ & d). We briefly describe how to obtain the ground-truth reconstruction and
calculate the indexes for evaluating reconstructions.

The pipeline for generating the ground-truth reconstruction was general. It included
the following steps: 1) reconstruction of the same neuron performed by three skilled
annotators; 2) import of the reconstructions into GTree to automatically locate the
differences between reconstructions; and 3) rechecking of the locations of
disagreements and application of the voting method to reach an agreement among
annotators regarding the reconstruction of rechecked locations. Some additional notes
about the above pipeline are as follows. In step 1), when reconstructing a neuron at a
brain-wide scale, reconstruction navigation was employed to reduce the number of

reconstruction errors. In step 2), a Hash container was employed in GTree for rapidly
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locating differences in the reconstructions at a brain-wide scale. In step 3), careful
checking of the reconstructions, especially in 2D view mode, can confirm whether the
checked reconstruction is accepted or not (Video 10). By analyzing the massive
datasets, we found that if attention was focused on the reconstruction, errors were
actually commonly avoidable. Therefore, the statistical model with stricter criteria for
ground-truth reconstructions was not employed here.

By comparing the ground truth to reconstructions driven by software tools, we
calculated two reconstruction evaluation indexes '*: the precision and recall rates. The
reconstruction consists of a series of skeleton points that are located at the center of
neurites and connect to each other. Hence, for a given skeleton point in the
ground-truth reconstruction, we searched the point from the reconstruction to be
evaluated that was nearest to the given point. If the distance of these two matched
points was less than the predetermined threshold (8 um), both the given point and the
searched point were regarded as true positive points. Thus, we could label all positive
points in the ground-truth reconstruction and the reconstruction to be evaluated. The
recall rate refers to the ratio of the number of true positive points to the number of all
skeleton points in the ground-truth reconstruction. The precision rate refers to the ratio
of the number of true positive points to the number of all skeleton points in the
reconstruction to be evaluated. A predetermined parameter is required to calculate
these two evaluation indexes. We set this parameter as 8 pm in our application. This
setting is reasonable and is explained in detail '®. We also note that the Diadem score*?,
a popular index for evaluating reconstructions, was not used in our analysis because in
both GTree and the semi-automatic software, human-supervised reconstruction was
performed and could achieve highly accurate results, leading to very high Diadem
scores.

6. Other methodology

Sample preparation. The experiments were performed in accordance with the
guidelines of the Experimental Animal Ethics Committee of Huazhong University of
Science and Technology. We used the C57BL/6J mouse line (adult P56 male mice) for

our analysis. We adopted AAV to sparsely label neurons in the cortex.
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Data acquisition. The whole mouse brain was imaged using fluorescence
micro-optical sectioning tomography microscopy™. In this imaging procedure, the
chemical reactivation technique was employed for high-quality images. The
experimental spatial resolution of this imaging system was 0.32 um in the lateral
dimension and 1 pm in the axial dimension.

Quantification of the time cost of reconstruction. To accurately estimate the time
cost of reconstruction using GTree and semi-automatic software, we carefully selected
the annotators and trained them. Two annotators performed reconstructions using
semi-automatic software. The training time for these two annotators was more than
200 hours. After this long training period, the annotators were proficient in the use of
the semi-automatic software. The training time for the GTree annotators was also 200
hours.

Based on these conditions, we present the statistics regarding the time cost for
reconstruction in Fig. 2g and Fig. 3e. Note that if the training time were to be further
increased, the reconstruction time cost would be increased negligibly.

Computing platform. In quantifying the time cost of the reconstructions, the
annotators worked on workstations with Windows 7 or Windows 10. The CPU of the
workstations was an ES CPU. The workstations were equipped with a dedicated video
card (NVidia GTX 960) and were directly connected RAID, which included the
whole-brain dataset.

Software availability. GTree is a freely available and can be downloaded from

https://github.com/artzers/AdTree , in which some test datasets and a user guide are

also included.


https://github.com/artzers/AdTree
https://doi.org/10.1101/223834

bioRxiv preprint doi: https://doi.org/10.1101/223834; this version posted January 2, 2018. The copyright holder for this preprint (which was
not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

References

1. Lichtman, JW. & Denk, W. The big and the small: challenges of imaging the brain’ s circuits.
Science 334, 618-623 (2011).

2. ], D. From the connectome to the synaptome: an epic love story. Science (New York, N.Y.,)
330, 1198-1201 (2010).

3. Bohland, JW., et a/. A proposal for a coordinated effort for the determination of brainwide
neuroanatomical connectivity in model organisms at a mesoscopic scale. PLoS Comp. Biol. 5,
e1000334 (2009).

4. Meijering, E. Neuron tracing in perspective. Cytometry. Part A . the journal of the
International Society for Analytical Cytology 77, 693-704 (2010).

5. Donohue, D.E. & Ascoli, G.A. Automated reconstruction of neuronal morphology: an
overview. Brain research reviews 67, 94-102 (2011).

6. Peng, H., et al BigNeuron: Large-Scale 3D Neuron Reconstruction from Optical Microscopy
Images. Neuron 87, 252-256 (2015).

7. Li, A, et al. Micro-optical sectioning tomography to obtain a high-resolution atlas of the
mouse brain. Science 330, 1404-1408 (2010).

8. Ragan, T, et al. Serial two-photon tomography for automated ex vivo mouse brain imaging.
Nat. Methods 9, 255-U248 (2012).

9. Silvestri, L., Bria, A., Sacconi, L., lannello, G. & Pavone, F.S. Confocal light sheet microscopy:
micron-scale neuroanatomy of the entire mouse brain. Opt. Express 20, 20582-20598 (2012).

10. Osten, P. & Margrie, T.W. Mapping brain circuitry with a light microscope. Nat. Methods 10,
515-523 (2013).

11. Chung, K. & Deisseroth, K. CLARITY for mapping the nervous system. Nat. Methods 10,
508-513 (2013).

12. Jefferis, G.S. & Livet, J. Sparse and combinatorial neuron labelling. Curr. Opin. Neurobiol. 22,
101-110 (2012).

13. Pietzsch, T., Saalfeld, S., Preibisch, S. & Tomancak, P. BigDataViewer: visualization and
processing for large image data sets. Nat. Methods 12, 481-483 (2015).

14. Bria, A, lannello, G., Onofri, L. & Peng, H. TeraFly: real-time three-dimensional visualization
and annotation of terabytes of multidimensional volumetric images. Nat. Methods 13, 192-194
(2016).

15. Li, Y, et al TDat: An Efficient Platform for Processing Petabyte-Scale Whole-Brain
Volumetric Images. Front. Neural Circuit. 11, 51 (2017).

16. Zeng, H. & Sanes, J.R. Neuronal cell-type classification: challenges, opportunities and the
path forward. Nat. Rev. Neurosci. 18 (2017).

17. Parekh, R. & Ascoli, G.A. Neuronal morphology goes digital: a research hub for cellular and
system neuroscience. Neuron 77, 1017-1038 (2013).

18. Quan, T, et al NeuroGPS-Tree: automatic reconstruction of large-scale neuronal
populations with dense neurites. Nat. Methods 13, 51-54 (2016).

19. Peng, H., et a/. Automatic tracing of ultra-volumes of neuronal images. Nat. Methods 14,
332-333 (2017).

20. 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. Nat. Biotechnol.
28, 348-353 (2010).


https://doi.org/10.1101/223834

bioRxiv preprint doi: https://doi.org/10.1101/223834; this version posted January 2, 2018. The copyright holder for this preprint (which was
not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

21. Wang, Y., Narayanaswamy, A., Tsai, C.L. & Roysam, B. A broadly applicable 3-D neuron
tracing method based on open-curve snake. Neuroinformatics 9, 193-217 (2011).

22. Wearne, S.L, et al. Wearne, S.L. et al. New techniques for imaging, digitization and analysis
of three-dimensional neuronal morphology on multiple scales. Neuroscience 136, 661 -680.
Neuroscience 136, 661-680 (2005).

23. Helmstaedter, M. Cellular-resolution connectomics: challenges of dense neural circuit
reconstruction. Nat. Methods 10, 501-507 (2013).

24. Lichtman, J.W., Pfister, H. & Shavit, N. The big data challenges of connectomics. Nat.
Neurosci. 17, 1448-1454 (2014).

25. Glaser, J.R. & Glaser, E.M. Neuron imaging with Neurolucida—a PC-based system for image
combining microscopy. Comput. Med. Imag. Grap. 14, 307-317 (1990).

26. Stalling, D., Westerhoff, M. & Hege, H.C. 38 — Amira : A Highly Interactive System for Visual
Data Analysis. Visualization Handbook 27, 749-767 (2005).

27. Li, S., et al SparseTracer: the Reconstruction of Discontinuous Neuronal Morphology in
Noisy Images. Neuroinformatics (2016).

28. Helmstaedter, M., Briggman, K.L. & Denk, W. High-accuracy neurite reconstruction for
high-throughput neuroanatomy. Nat. Neurosci. 14, 1081-1088 (2011).

29. Tibshirani, R. Regression Shrinkage and Selection via the Lasso. Journal of the Royal
Statistical Society 58, 267-288 (1996).

30. Li, S, et al ldentifying weak signals in inhomogeneous neuronal images for large-scale
tracing of neurites. bioRxiv, 181867 (2017).

31. Sholl, D.A. Dendritic organization in the neurons of the visual and motor cortices of the cat. J.
Anat. 87, 387 (1953).

32. Tomer, R, Khairy, K, Amat, F. & Keller, P.J. Quantitative high-speed imaging of entire
developing embryos with simultaneous multiview light-sheet microscopy. Nat. Methods 9, 755
(2012).

33. Narasimhan, A., Venkataraju, K.U., Mizrachi, J., Albeanu, D.F. & Osten, P. A high resolution
whole brain imaging using Oblique Light Sheet Tomography. bioRxiv, 132423 (2017).

34. Liu, S., et al Three-dimensional, isotropic imaging of mouse brain using multi-view
deconvolution light sheet microscopy. J. /nnov. Opt. Heal. Sci. 10, 1743006 (2017).

35. Denk, W., Strickler, J. & Webb, W. Two-Photon Laser Scanning Fluorescence Microscopy.
Science (New York, N.Y.) 248, 73-76 (1990).

36. Han, Y., et al A single-cell anatomical blueprint for intracortical information transfer from
primary visual cortex. bioRxiv, 148031 (2017).

37. Brown, KM., et a/. The DIADEM data sets: representative light microscopy images of
neuronal morphology to advance automation of digital reconstructions. Neuroinformatics 9,
143-157 (2011).

38. Peng, H., Meijering, E. & Ascoli, G.A. From DIADEM to BigNeuron. Neuroinformatics 13,
259-260 (2015).

39. Abramoff, M.D., Magalhdes, P.J. & Ram, S.J. Image processing with Imagel. Biophotonics
international 11, 36-42 (2004).

40. Ascoli, G.A., Krichmar, J.L., Nasuto, S.J. & Senft, S.L. Generation, description and storage of
dendritic morphology data. Philos. 7. R. Soc. B. 356, 1131-1145 (2001).

41. Knuth, D.E. The art of computer programming (Pearson Education, 1997).


https://doi.org/10.1101/223834

bioRxiv preprint doi: https://doi.org/10.1101/223834; this version posted January 2, 2018. The copyright holder for this preprint (which was
not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

42. Gillette, T.A., Brown, KM. & Ascoli, G.A. The DIADEM metric. comparing multiple
reconstructions of the same neuron. Neuroinformatics 9, 233-245 (2011).

43. Gong, H., et a/. Continuously tracing brain-wide long-distance axonal projections in mice at
a one-micron voxel resolution. Neurolmage 74, 87-98 (2013).


https://doi.org/10.1101/223834

bioRxiv preprint doi: https://doi.org/10.1101/223834; this version posted January 2, 2018. The copyright holder for this preprint (which was
not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Acknowledgments

We thank Drs. Yunyun Han, Pavel Osten and Arun Narasimhan for providing testing datasets. We
also thank the Optical Bioimaging Core Facility of WNLO-HUST for the support in data
acquisition, and the Analytical and Testing Center of HUST for spectral measurements. We thank
the helps from Li Jing and Su Lei in design of the software tool. We thank Li Shoucheng, Li
Yingfei, Zhao Ming, Wang Hao, Chen Cheng, Zhao Yu, Huang Lu, Kong Xinyi, Li Hanying, Zhou
Wuxian, Tian Tian, He Sijie, Wang Danni and Gong Yaqiong for their efforts in testing the
software and in tracing neurons. This work was supported by National Natural Science Foundation
of China (Grant No. 81327802, 81771913), National Program on Key Basic Research Project of
China (Grant No. 2015CB7556003), the Science Fund for Creative Research Group of China
(Grant No. 61721092), Science Fund for Young and Middle-aged Creative Research Group of the

Universities in Hubei Province (Grant No. T201520) and Director Fund of WNLO.


http://www.youdao.com/w/young%20and%20middle-aged/#keyfrom=E2Ctranslation
https://doi.org/10.1101/223834

bioRxiv preprint doi: https://doi.org/10.1101/223834; this version posted January 2, 2018. The copyright holder for this preprint (which was
not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Figure legends

Figure 1 | The pipeline of brain-wide reconstruction of neuronal population. (a) Divide the whole brain
images into sub-blocks with the same size, and select the 3D region of interest (the 1st ROI) according
to the known position of a soma that corresponds to the target neuron. ROI refers to the interested
dataset including some divided sub-blocks. (b) Reconstruct the target neuron and other neurons in
thelst ROI. Revise the reconstruction of the target neuron in selective display mode, and find the initial
part of the axon for axonal tracing. (c) Trace axons in the current ROI and revise the traced results;
determine the new ROI that contains the locations where traced axons touch the boundary of the
current ROI. (d) Reconstruction navigation for spotting reconstruction errors at brain-wide scale. (e)
Online locate the differences between the reconstructions of a neuron performed by two annotators, and

check the reconstruction differences for trustworthy reconstruction.

Figure 2 | GTree achieved a dense reconstruction with high precision. (a) The imaging dataset from the
neocortex had a size of 1343 x 1120 x 302 voxels and contained packed dendrites and axons. The red
curve represents the reconstruction of a neuron generated with the automatic method. (b)
Reconstruction errors are shown without (upper panels) and with (bottom panels) the selective display
mode and are labeled with orange arrows. The neurites labeled with blue arrows (upper panels)
seriously hinder error checks and were removed in the selective display mode. The dashed and red lines
represent the ground-truth reconstruction and the automated reconstruction, respectively (bottom
panels). (¢) For the reconstructed neuron (red in (a)), the reconstruction of neurites in layer 1 (blue
curves) and their neighboring image regions are displayed (left). This display is based on the tree-like
structure in which neurites can be assigned to their corresponding layer (right). (d) A population of five
neurons was reconstructed from (a), and the neurons are displayed with different colors. (e)
Comparison of the reconstruction of a neuron with GTree and the ground-truth reconstruction. The
automated reconstruction with NeuroGPS-Tree is also presented. (f) Quantification of the
reconstructions driven by GTree and NeuroGPS-Tree with recall and precision rates. GTree-a and -b
refer to the reconstructions of the same population performed by two groups of skilled annotators. (g)
Comparison of the reconstruction performance of GTree and semi-automatic software (Amira). (h)

Spatial neurite density distribution, obtained by calculating the total length of neurites in a sub-block


https://doi.org/10.1101/223834

bioRxiv preprint doi: https://doi.org/10.1101/223834; this version posted January 2, 2018. The copyright holder for this preprint (which was
not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

with a size of 100 x 100 x 25 voxels (10 mm?).

Figure 3 | High-precision reconstruction on a brain-wide scale with GTree. (a) Reconstruction of five
neurons using GTree. (b) Comparison of the reconstructions of a neuron derived from GTree and
semi-automatic software. A difference (gray arrow) between the two reconstructions is shown.
Quantification of the reconstructions based on precision (¢) and recall rates (d). (e) Comparison of

reconstruction time costs using GTree and semi-automatic software.

Figure 4 | Reconstruction of the neuronal population on a brain-wide scale. (a) The neuronal
population across the whole mouse brain, including 35 neurons, was reconstructed. The imaging
dataset was 10 TBs in size. The individual reconstructed neurons are identified using different colors.
(b) The reconstructions are displayed in the coronal view. (¢) A reconstructed neuron, including
dendrites, local axons and distal axons. (d) The total length of neurites identified in the individual
reconstructed neuron. (e) Sholl analysis of reconstructed neurons. In this analysis, a series of sphere
surfaces are generated in 20 pm radial increments centered on the neuronal soma, and the reconstructed
neurites that intersect each sphere surface are then counted. This operation constructed the relationships

between the number of intersections and distances from the soma.
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