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Neuron morphology and sub-neuronal patterns offer vital insights into cell typing and the structural
organization of brain networks. The community-collaborative BRAIN Initiative Cell Census Network
(BICCN) project has yielded a vast amount of whole-brain imaging data. However, reconstructing
multi-scale neuron morphometry at a whole-brain scale requires not only the integration of diverse
hardware devices, tools, and algorithms but also a dedicated production workflow. To address these
challenges, we developed a cloud-based, collaborative platform capable of handling peta-scale imaging
data. Using this platform, we generated the largest multi-scale morphometry dataset from hundreds
of sparsely labeled mouse brains. The morphometry dataset comprises 182,497 annotated cell bodies,
15,441 locally traced morphologies, and 1,876 fully reconstructed morphologies. We also identified sub-
neuronal arborizations for both axons and dendrites, along with the primary axonal tracts connecting
them. In addition, we identified 2.63 million putative boutons. All morphometric data were registered
to the Allen Common Coordinate Framework (CCF) atlas. The morphometry dataset has proven to be an
invaluable resource for whole-brain cross-scale morphological studies in mouse.

Background & Summary

Digital reconstruction of complete neuron morphology! is pivotal in identifying cell types*?, elucidating the
relation between morphology and function?, and understanding the organization of the brain network™>®.
Despite recent advances in labeling”®, whole-brain imaging®!?, and annotation'!' have greatly facilitated the
reconstruction of complete neuron morphology, the generation of large-scale morphological datasets in mam-
malian brain remains to be a formidable challenge'®.

On one hand, reconstructing mammalian neurons with long-range axonal projection necessitates the pro-
cessing of tera- to peta-scale voxels on a submicron-imaged brain'®!’. On the other hand, the current sparse
labeling'®!" is confined to hundreds of neurons for each brain, thus producing a large-scale morphological
dataset requires hundreds of brains. Dealing with these challenges entails the handling of peta-scale storage
and computing resources, in addition to efficient visualization and processing of heterogeneous morphometry
data4’2°’21.

Numerous automated algorithms??-? have been developed to trace neuron morphologies for different spe-
cies since the 1970s. These algorithms have recently been comprehensively benchmarked within the BigNeuron
project?”*%. Despite these advancements, there remains a dearth of algorithms capable of correctly tracing the
tangled neurites of neurons and generating a complete reconstruction from whole-brain data*?*. One feasible
approach for data collection would involve a phased divide-and-conquer strategy. One of such approach would
be to combine automated algorithms with manual proofreading, supported by high-throughput tools, to obtain
high-quality data in a timely manner.

Several datasets**"* reconstructing long-projection neurons in mammalian have been published in the last
five years. These datasets, consisting of thousands of neurons generated using semi-automated reconstruction
pipelines, are valuable but insufficient for comprehensive characterization of the whole-brain connectome.
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Fig. 1 Schematic overview of the multi-morphometry production workflow. (a) An example of producing
multi-scale morphometric data from imaging data. Initially, annotators employed CAR-Mobile to mark the
locations of cell bodies identified through automatic detection. Subsequently, the auto-tracing algorithms
APP2 and neuTube were utilized to reconstruct neuronal morphologies from image volumes centered on
these cell bodies. Each image volume had a fixed size of 512 voxels in the X and Y dimensions and 256 voxels
in the Z dimension, corresponding to approximately 256 jum in each spatial direction. The subset comprising
1,876 complete morphologies (SEU-A1876) was finalized using the CAR platform, following a collaborative
reconstruction protocol. Finally, putative axonal boutons were identified based on these full morphologies and
the corresponding images. (b) and (d) Morphometric data of the fMOST brain (HUST ID: 18454) mapped
on the original raw brain (c) and on the CCFv3 atlas (d). (c) Examples of sub-neuronal structures, including
a dendritic arbor (left), axonal arbors (middle), and a primary axonal tract (right) that connects those
arborizations.

Given the vast morphological diversity of neurons, there is a critical need for multi-scale morphometry, encom-
passing sub-neuronal arborizations, structural motifs, and synaptic sites®*>!.

The community-collaborative BRAIN Initiative Cell Census Network (BICCN) project™** has released thou-
sands of mouse brain images across multiple modalities. As a part of the program’s synergetic efforts, we utilized
nearly two hundreds light microscopy-imaged mouse brains and obtained a bunch of multi-scale morphom-
etry from them. To do that, we developed a cloud-based platform, Collaborative Augmented Reconstruction
(CAR)*, which features cloud-oriented, multi-clients, virtual reality powered, and real-time collaboration. The
platform provides real-time peta-scale data processing capacity and multiple clients including virtual reality
headsets, workstations, mobiles, and game consoles. By leveraging this platform and collecting a large-scale
whole-brain image database, we have demonstrated that neuron morphometry can be efficiently produced and
analyzed across multiple scales®34-%7,

In this study, we utilized a mobile application named CAR-Mobile and a desktop application called CAR-WS
within CAR to semi-automatically identify 182,497 cell bodies (SEU-S182K) (Figs. 1a and 2a). Based on

SCIENTIFIC DATA | (2025) 12:683 | https://doi.org/10.1038/s41597-025-04379-0 2


https://doi.org/10.1038/s41597-025-04379-0

www.nature.com/scientificdata/

Brain region

PFL CB CA1 h Isocortex CLAL Isocortex
DEC mm STR ENTI mm STR DG == TH
CENT e OLF RSPd . HPF Ssp mm STR
PRM Alp Ald

SIM Isocortex VISC s TH RSPv s HPF
cuL . HPF SSp-ul m OLF SSp-n CTXsp
AN MB SSp-n VISp

EPd Ald SSp-ul

DG CTXsp S RSPv g MOs

CA1 D_D VISp ED SSp-bfd

VISp @ SSp-m Q SSs

MOp = SSp-bfd - MOp

sSs S Mos £ sspm

Ic ©  MOop o oT

PIR SSs CP

AON o PIR o RT

MOB ACB MG

ACB oT LGd

oT CP VPL

CP VPM VPM

0 6000 12000 18000 24000 0 500 1000 1500 2000 0 100 200 300 400
Num. of somas Num. of local morphologies Num. of full morphologies

Fig. 2 Statistics of produced morphometry in different brain regions. (a) Soma locations. (b) Local
morphologies. (c) Full morphologies.

SEU-S182K, we automatically reconstructed 15,441 local dendritic morphologies by combining results from
two widely-used auto-tracing algorithms?>?¢. This process followed a collaborative annotation protocol involv-
ing multiple domain experts®, resulting in 1,876 full morphologies of neurons (SEU-A1876). Additionally, we
employed a Gaussian model to identify presynaptic structures, yielding a substantial dataset of 2.63 million
putative boutons (Fig. 1a).

To facilitate comparative analysis, all the morphometric data were registered to the Allen Common
Coordinate Framework version 3 (CCFv3) atlas®® (Fig. 1b,d). The identified somas span major brain structures,
including the Isocortex, CTXsp, striatum (STR), hippocampal formation (HPF), and cerebellum (CB) (Fig. 2a).
The traced local morphometry was predominantly located preferentially in Isocortex and STR (Fig. 2b), while
the traced full morphometry was mainly found in the Isocortex and thalamus (TH), with others in STR and
HPF (Fig. 2¢).

We then generated various sub-neuronal structures, including arbors and motifs. We initially segregated
a neuron into dendritic and axonal arbors (Fig. 1c). To further elucidate and simplify axonal organization, we
identified primary axonal tracts connecting various arborizations, facilitating the visualization of single-cell
connectivity on a panoramic scale. Subsequently, we utilized a graph-based classification tool, AutoArbor**!,
to automatically partition the neuronal axons into densely-packed arbors, identifying a total of 3,776 distinct
axonal arbors. These arbors offer valuable insights into the arborization patterns of individual neurons.

The primary difference between our multi-morphometry dataset and existing morphological datasets, such
as those published by Janelia®! and ION2**, lie in two aspects. First, our dataset includes neuronal morphom-
etry covering six different scales that are absent from other datasets. Second, the primary brain regions covered
by our data differ significantly. While local morphometry in our dataset spans a broader range of brain regions,
the full morphometry data are primarily derived from the cortex, striatum, and thalamus.

Methods

The following subsections describe mouse brain image collection, multi-morphometry data identification, as
well as the utilized platform. Although the majority of the methods employed have been previously described in
our studies®, we provide a more detailed description here.

Whole-brain imaging dataset. In this study, we collected a whole-brain image dataset® comprising 181
images of mouse brains at submicron resolution from the BICCN community. The image data can be downloaded
from Brain Image Library*! (BIL, www.brainimagelibrary.org). A whole-brain image can occupy approximately
20 terabytes of storage, comprising over 10,000 coronal planes with a resolution of 0.2-0.35 um. To manage the
tera-voxel scale imaging data, we employed TeraFly!!, a powerful multidimensional visualization and annotation
tool for big-data. As part of this process, some of the downloaded images may need to be converted into a hierar-
chical format using the tool teraconverter provided by the Vaa3D**%3,

CAR platform. Considering the complex nature of neuron morphology and extensive interconnections
among neuronal compartments, an effective annotation platform should enable user-friendly data interaction
while catering to the demands of collaborative processing at scale. We established a cloud-based collaborative
augmented reconstruction platform®® (CAR), allowing for collaborative annotation of neuron morphology
using a variety of client devices, such as desktop workstations (CAR-WS), VR headsets (CAR-VR), mobile app
(CAR-Mobile) and a crowd-sourcing game console. By incorporating several Al-based automation tools, CAR
takes advantage in addressing challenges associated with large-scale neuron reconstruction tasks. In this study,
CAR was primarily used for manual annotations and semi-automatic data generation, such as the collaborative
production of soma locations and full morphometry. Yet, some customized automatic algorithms such as neuron
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tracing with neuTube, automatically identification of putative axonal boutons, graph-based detection of axonal
arbors, and axonal tract extraction, are not integrated in the current version.

Soma localization. Soma localization serves as the initial step for subsequent morphometric production.
We employed two strategies to generate those kinds of three-dimensional coordinates from the whole-brain
imaging database.

The first strategy entailed a semi-automatic annotation process using our CAR platform, which comprised
two primary steps (Fig. 3). We initially filtered out imaging blocks from the whole-brain image that exhibited
low intensity values. Specifically, we defined potential soma-containing image blocks with a minimum intensity
threshold of 250 for unsigned 16-bit images. The remaining blocks were then normalized using Z-score nor-
malization and converted to the unsigned 8-bit range. Subsequently, these blocks were binarized using the 99th
percentile as a threshold, and the resulting images were transformed utilizing the gray-scale distance transform
(GSDT) algorithm. Candidates were identified as voxels with intensities ranging from 5 to 30 in the transformed
image. These candidate voxels underwent additional processing using a Non-Maximal Suppression (NMS)-like
approach to eliminate redundancy. In the second step, we cropped image blocks at the second-highest resolu-
tion, centering them on the potential soma locations with dimensions of 128 pixels in each direction. These
cropped image blocks were then uploaded to the CAR server, enabling remote users to access and annotate them
through CAR-Mobile (Fig. 3a,b).

The second strategy involved a fully manual approach using Vaa3D-TeraFly platform. Users utilized the
instant zoom-in/out function to navigate to the soma-containing imaging blocks and pinpoint markers at the
soma locations (Fig. 3c).

Following the generation of raw soma data, a refinement step was applied using the mean-shift algorithm to
ensure that the soma coordinates were accurately centered on the cell body. Before implementing this algorithm,
voxels with intensities below the sum of the mean and standard deviation of the soma block were removed via
zero-clipping. For the mean-shift optimization of the soma location, a window radius of 15 voxels was used.
In cases where two somas were within 15 voxels of each other and the intensity at their center point was lower
than the average intensity of the two somas, duplicate entries were eliminated. As a result, we identified a total
of 182,497 somas from whole-brain images, including 136,833 somas produced using the CAR platform and
45,664 somas identified using the Vaa3D-TeraFly platform.

Local morphometry production. Local morphometry of an individual neuron refers to the morphology
within a confined range centered around the cell body. In our study, we utilized the second-highest resolution
image of TeraFly-formatted whole-brain data to expedite the tracing process, defining this range as 512 voxels
in the X and Y directions and 256 voxels in the Z direction. This range corresponds approximately to a 125 pm
extension in both the X and Y directions from the cell body and a 250 jum extension in the Z direction. In certain
brain images, multiple cells may be labeled within the local range, resulting in intertwined morphologies that
complicate the automatic reconstruction of individual neuronal structures. To mitigate interference from neigh-
boring neurons during local reconstruction, we excluded instances where more than five cells were present within
a 128 pm range around the soma.

We combined two automated neuron tracing algorithms, namely APP2% and neuTube?, to trace the mor-
phologies of individual neurons from local image blocks. APP2 and neuTube are automated tracing methods
that employ different reconstruction strategies?. APP2 reconstructs a neuron by considering information from
the entire image, while neuTube initiates from a seed point and gradually extends along the likely direction
of fibers. Therefore, APP2 and neuTube have complementary roles in many scenarios such as weak signals
or gaps. However, it may produce erroneous connections in areas with dense signals. On the other hand, the
neuTube method effectively addresses the local errors in connection that may arise in APP2. The algorithms
were executed using default parameters, with the exception of the threshold applied to segment the background
in APP2. We adjusted this threshold to a value of i+ 0.50, where pu represents the mean and o represents the
standard deviation of the image block. The reconstructions obtained from APP2 underwent a segment-pruning
pipeline, detailed below, to rectify potential loops, errant branches, and intersections with other neurons. Each
pruning stage served as an independent filter that processed the raw neuronal tree, resulting in a final structure
representing the intersection of all filtered reconstructions. Subsequently, the reconstructions from neuTube
were employed to refine the pruned APP2 reconstructions by removing nodes that lacked corresponding nodes
within a 5-voxel range in neuTube (Fig. 4).

A comprehensive description of the segment-pruning pipeline is outlined as follows:

1. Abnormal Branch Pruning: Branches that present an angle of less than 80 degrees to their parent or
exhibit a radius increase greater than 1.5 times that of the parent branch were eliminated.

2. Crossover Branch Pruning: This step involves purging branches from presumptive crossover structures.
We first identified all potential crossover structures consisting of densely packed branching nodes with
more than two child branches. Next, we examined all connections between the current branch and its
child branches for each identified crossover structure, removing branches with small angles (less than 80
degrees). Finally, we assessed branches with moderate turning angles (80-100 degrees) to determine if
another branch formed a sufficiently large angle with them (greater than 150 degrees); if such a branch was
found, the moderately turning branch was removed.

3. Soma Pruning: This step involves removing branches originating from potential somas. We identified a
potential soma as a candidate node with a radius larger than 1 voxel. Neurites that were too close to the
traced soma (less than 50 voxels) were excluded. For each potential soma, we estimated the integral of
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Fig. 3 Soma generation workflow. (a) The diagram illustrates the semi-automatic soma detection process.
The whole-brain image, formatted in TeraFly, was divided into image volumes of approximately 256 voxels
in each dimension. In the initial step, a multi-threaded process was employed to filter out image blocks
containing potential somas and estimate their locations. Subsequently, a Non-Maximal Suppression (NMS)-
like approach was applied to eliminate duplicate soma labels for the same cells. Following this, manual
annotation was performed using CAR-Mobile to proofread and refine the annotations. Finally, Mean-Shift
was utilized to reduce deviation in the annotated results. (b) Examples of the images after several key
processing steps. (c) A showcase of soma morphometry produced using Vaa3D-TeraFly is presented. The left
panel displays all somas reconstructed from a specific brain image (HUST ID: 18454), while the right panel
provides a zoom-in view for a more detailed examination. The somas were rendered using red markers.

deviation angles along the fiber path connecting the potential soma and the traced soma to determine the
optimal cutting position. The deviation angle is defined as the angle between a local branch and the radial
line connecting the soma to the nearest end of the same branch, similar to the G-Cut method. We calculat-
ed the integral of deviation angles on both sides—from the current branch to the traced soma and from the
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Fig. 4 Local morphometry production workflow.

current branch to the potential soma—while considering branch length. Branches with a lower integral of
deviation angles leading to the potential soma were subsequently removed.

4. Winding Pruning: Any branch forming a tortuous path to the soma was eliminated if the ratio of path
distance to Euclidean distance exceeded 3.

5. Final Deletion: Reconstructions containing fewer than 20 nodes were excluded from the analysis.

Full morphometry production. We employed a multi-level annotation protocol*?’, executed within the
CAR platform, to annotate the morphologies of neurons based on traced morphology (Fig. 5). Initially, the anno-
tation was divided into two levels (L1 and L2) based on the analysis purposes of morphological data. Level 1 (L1)
consists of complete dendritic arbors and primary axonal skeletons without dedicated arborizations. Level 2 (L2)
reconstructs the complete axonal arborizations capable of quantifying the neuron projections (Fig. 5b).

At each level, we established several rounds of generation-validation (GV) steps. In round 1, annotators
reconstructed data to meet the requirements of level 1 and submitted them for quality validation (Fig. 5a,c).
Subsequently, inspectors assessed the accuracy and completeness of the submitted data, fixed correct structures,
and pushed to the next round (Fig. 5d,e). This iterative process continued until it met the quality control criteria.
Typically, we employ two rounds of GV steps with the collaborative involvement of at least two annotators and
one inspector. Therefore, the complete neuron morphology data in our research undergoes participation from a
minimum of six individuals (Fig. 5a).

The immersive data interaction tools provided by the CAR platform, along with its collaborative annota-
tion mode, help improve the accuracy and completeness of neuron skeleton reconstruction. Additionally, the
embedded AI tools assist annotators by identifying potential quality issues in the reconstructed data, such as
errors at branching points and breaks in tree structures. Further quality control procedures were performed to
ensure compliance with community formatting standards and to facilitate subsequent analyses. These proce-
dures included single-tree structure checking, loop and trifurcation detection, short terminal branch pruning,
node resampling, and skeleton refinement***. With these extensive quality control, the reconstruction accuracy
is always over 90%%. The relevant processing tools are described in the Usage Notes section.

Putative axonal bouton identification. In previous studies, axonal boutons have been characterized as
high-intensity swellings along axonal shafts in light microscopy data****”. In our study, we approached bouton
detection as a peak detection process within one-dimensional signal processing, utilizing the radius and intensity
profiles of axonal branches to identify potential bouton locations (Fig. 6a). We began by estimating the intensity
and radius profiles along the shafts of the reconstructed axonal arbors. To address discrepancies between the
axial resolution of whole-brain images (typically 1 um) and the planar resolution (0.2-0.35um), we applied an
image upsampling method to achieve isotropic resolution in all three dimensions during radius calculations.
Additionally, we employed an image enhancement pipeline, as described in our previous work*, to improve the
accuracy of radius extraction.

The profiled axonal arbor exhibited inconsistent radius distributions between branches with boutons and
those without (Fig. 6b), in which branches containing boutons showing significant fluctuations in radius. Given
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Fig. 5 Full morphology annotation workflow. (a) Collaborative multi-level protocol for single neuron
annotation. The manual annotation process consists of two levels: L1 and L2, each responsible for different
aspects of morphological reconstruction. Initially, annotators collaboratively annotate a neuron within

the CAR platform, starting from an automatic reconstruction (indicated by blue dots). Once the data

meets the requirements of L1, it is submitted as L1A. A senior annotator, also known as an inspector then
verifies the accuracy, marking missing segments with green lines and over-traced segments with black lines.
This produces L1B data, which is collaboratively reviewed by the annotators to resolve any issues before
submission as L1C. The inspector performs a final review, producing the finalized L1 data. A similar process
is followed for L2. Finally, a post-processing pipeline is applied to standardize and enhance the quality of the
annotations before their final release. During phases A (L1A and L2A) and C (L1C and L2C) of each level
(cyan arrows), at least two annotators collaborate on reconstructing the neuron to meet the criteria of each
level. (b) Skeletons generated in level 1 (L1) were labeled in black, while those in level 2 (L2) were labeled in
red. (c) The collaborative tracing process in phase A. Traced skeletons from different annotators are differently
colored (e.g., yellow and cyan). (d) and (e) Zoomed-in views of identified missing segments.

that bouton locations are typically found in areas where axonal arbors exhibit a higher branching density, we
assumed that the lengths of neuronal branches follow a normal distribution and excluded branches exceeding

SCIENTIFIC DATA| (2025) 12:683 | https://doi.org/10.1038/s41597-025-04379-0 7


https://doi.org/10.1038/s41597-025-04379-0

www.nature.com/scientificdata/

axonal arbor
Br > Br_thre

Potential & Bi > Bi_thre

h '
' '
' '
' '

: Branch (B) : Axonal
E + 1 H arbor
. :
: | Radius profile | | Intensity profile |:
' '
: H
' '
' '
sranches H I Set Br_thre | | Set Bi_thre | H
: l l H
' '
—_ ' '
. . ' '
1, Intensity extraction H I Peak detection | I Peak detection I H
2, Radius estimation H :
H Merge H
a, Enhancement ' H
: et Y reaks #2 :
i eaks 3

| b, Upsampling : peaks P : Profiled
: H
' '
' '
' '
' '
' '
' '
' '

bouton sites

Null bouton branch \/’" ‘ . \\\\;

Bouton branch AV NV N0

Raw image
&
traced skeleton

Enhanced image
&
profiled skeleton

Intensity

=
[}
X
[
wv
2
el
©
o

°

0 M. : . .
0 40 80 120 160 0 20 40 60 80

Node Node

Intensity
Radius (pixel)

Fig. 6 Axonal bouton identification workflow. (a) The workflow started with extracting the axonal arbor from
the full morphology of a neuron. Subsequently, potential synaptic bouton sites were identified independently
for each branch. (b) The profiled axonal arbor and its branches were rendered using Vaa3D, allowing for a clear
distinction between branches containing boutons and those without (b1 and b2). Additionally, each branch

of the axonal arbor was assigned a different color to facilitate a more intuitive understanding of the axonal
branching structure. (c) Two types of axonal branches were presented in both raw data and enhanced image
data space. The first type, referred to as null bouton branches, had a consistent diameter throughout. The second
type, referred to as bouton branches, exhibited variations in brightness and diameter, forming a waved pattern.
Additionally, the feature distributions of intensity and radius were compared between these two types of
branches to further demonstrate those patterns.

the mean plus three standard deviations. Furthermore, branches longer than 20 pm were segmented into smaller
segments not exceeding this length.

By analyzing the radius and intensity distributions, we identified peak points across the two profiles.
Candidate boutons were defined by two criteria: they must exhibit a radius at least 1.5 times larger than adjacent
points and exceed 1 pm in size, with voxel values greater than 120 in 8-bit images. Finally, we eliminated bouton
candidates that were topologically connected and within 5 voxels of each other, retaining only the bouton with
the largest radius and highest brightness (Fig. 6¢c).

Arbor detection. Here a neuronal arbor is defined as a densely packed subtree structure, rather than the
traditional division of dendritic or axonal trees. For dendrites, we retained the intact apical and basal dendrites
as dendritic arbor structures. Meanwhile, we used spectral clustering to subdivide axons into arbors. This was
realized as follows. We considered each neuronal reconstruction as an undirected graph, where vertices repre-
sent nodes in the original tree and weights of edges between pairs of vertices are represented by two key metrics,
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Morphometric type | File format | Coordinate space # files File storage size Production platform / method

Soma Excel (xlsx) | Raw brain & CCFv3 |1 (182,497 somata) 16 MB CAR-Mobile

Local morphology | SWC Raw brain & CCFv3 | 15,441 144 MB+ 141 MB | App2 & neuTube

Full morphology SWC Raw brain & CCFv3 | 1,876 1.56 GB+1.43 GB | Collaborative Annotation Platform (CAR)
Axonal bouton SWC Raw brain & CCFv3 | 1,876 (2,63 million boutons) | 1.57 GB+1.32GB | Bouton generator

Axonal tract SWC CCFv3 1,876 150 MB Axonal tract extractor

Axonal arbor SWC CCFv3 1,876 (3,776 arbors) 23 MB AutoArbor

Dendritic arbor SWC CCFv3 1,876 168 MB Vaa3D plugin (NeuroMorphoLib: neuron_split)

Table 1. Summary of the produced morphometry in our study.

connectivity and distance. This weight was represented as a negative exponent of inter-node distances, mainly
determined by connectivity. Our implementation ensured that neurons were segmented into tightly packed
arbors while preserving the original connectivity relationships. To better compare neurons of the same brain
regions, we calculated the number of dominant arbors in each neuron after the clustering process using the major
vote method.

Primary axonal tract motif detection. The furthest-reaching axonal arbor of each neuron provides
insights into their projecting targets, while the collective assembly of neurons belonging to the same types or
classes delineates their projection patterns. To simplify the analysis of distal axonal arborization, we focused on
extracting the longest axonal tract while eliminating all terminal short branches, which we refer to as the primary
axonal tract. More specifically, our approach involved the initial identification of the terminal tip with the largest
path distance from the soma, followed by an iterative process of eliminating short branches with a distal-to-local
protocol. A branch was considered short if its length was less than that of the second-longest axonal branch.

Image and morphometry registration. Brain image registration was conducted using the cross-modal
registration tool mBrainAligner*’. All images were registered to the CCFv3 template (25 pm version). The regis-
tration followed a similar pipeline stated in the mBrainAligner instructions on GitHub, as described below:

1. Down-sample the image (registration channel) to approximately isotropic 25 pm resolution with skimage.
transform.resize function (scikit-image version 0.17.2) using linear interpolation method.

2. Perform linear min-max intensity normalization using the 1st and 99th percentiles as minimum and max-
imum values, followed by conversion of the image from 16-bit unsigned integer (uint16) to 8-bit unsigned
integer.

3. Manually remove superfluous tissues slice by slice using ITK-SNAP (version 3.8.0) if necessary.

Manually remove artifacts and stripe noises.

5. Coarse alignment to CCFv3 atlas using the automatic global registration module. For those brain images
with poor alignment accuracy, an alternative was to manually label 10 to 14 corresponding landmarks on
both subject and target images as input to the affine transformation.

6. Apply the automatic local registration to the output of global alignment to achieve a more accurate map-
ping through a nonlinear transformation.

b

The forward deformation field computed during the registration process was applied to generate anatom-
ical segmentation of down-sampled images based on the CCFv3 atlas. All multi-morphometry, including full
morphologies, local morphologies, arbors, and putative axonal boutons were inversely transformed into CCFv3
space using the inverse deformation matrices.

Data Records

The reconstructed morphometries are summarized in Table 1. Soma morphometry was stored in an Excel
spreadsheet, while other morphometric data were archived in SWC format. The SWC format™ is widely used to
represent neuron morphology through a sequence of nodes that model the position, connectivity, radius, and
type of neurites. This format comprises seven attributes, separated by spaces, which are listed from left to right as
follows: ‘index;, ‘type, X, ‘v, Z, radius, and ‘parent. The ‘index’ and ‘parent’ attributes define the logical relation-
ships between nodes, while the X, ‘y} z, and ‘radius’ attributes document the coordinates and signal radius of
each node. The ‘type’ attribute designates the node type, with values assigned as follows: 1 for soma, 2 for axon,
3 for dendrite, 4 for apical dendrite, and 5 for axonal bouton sites. Notable, the ‘type’ attribute in the SWC data
didn’t have implications for local morphometry data; however, in the context of axonal arbor data, we employed
the ‘type’ attribute to differentiate among various arbors.

To accommodate various applications, we presented two versions of morphometry data: one included the
coordinates generated from the raw brain (labeled as “Raw brain” in Table 1), and the other included the coor-
dinates mapped to the Allen Common Coordinate Framework version 3 (labeled as “CCFv3” in Table 1). For
axonal arbor, axonal tract and dendritic arbor, only coordinates in CCFv3 were provided.

The dataset is available for downloading on Zenodo® (https://doi.org/10.5281/zenodo.13944322). The file
structure in Zenodo is illustrated in Fig. 7. For soma morphometry, we provided meta information regarding
the brain region where the neuron was located, the reconstruction platform employed, and the availability of
corresponding local morphometry. Users can obtain the matching local morphometry data according to the
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Fig. 7 Organization of the shared morphometries on Zenodo. The shared data consist of two Excel spreadsheets
and nine folders, with the folders uploaded to Zenodo in ZIP format. All data are categorized into two major
groups: full morphometry and local morphometry. Metadata for the full morphometry data are recorded

in the “Full_morphometry.xlsx” file, while metadata for the local morphometry data are stored in “Soma_
morphometry.xlsx”. The full morphometry data include four types of morphometry: full morphology, axonal
bouton, axonal arbor, and axonal tract. For each type, the “RAW” flag indicates that the data are of coordinate

in the raw brain, while the “CCFv3” flag means that the coordinates are aligned with the CCFv3. Regarding file
naming conventions, the soma ID for local morphometry data is documented in “Soma_morphometry.xlsx,”
while the “Name” for full morphometry data is recorded in “Full_morphometry.xlsx”

soma ID. For the full morphometry data, we summarized the morphology name, the whole brain ID, the soma
coordinates, the brain region and cortical location of the soma, and the projection type in the “Full_morphom-
etry.xlsx” Excel spreadsheet.

Technical Validation

While conducting neuronal diversity and stereotypy analysis using the multi-scale morphometry dataset®', we
performed a comprehensive assessment of the dataset’s quality. These included comparing local morphometric
features with fully reconstructed local morphometry within image blocks of the same size, and evaluating the
robustness of neuron morphometry registration into the CCFv3 atlas. In this study, we carried out quantitative
comparisons to further validate our dataset.

The quality of the digitalized neuronal morphometry retains the quality of whole-brain images acquired from
the fMOST imaging system®. We have employed TeraFly'! to organize and merge the original 2-dimensional
brain slice data into a 3-dimensional format. During this process, the values of the image data remain unaltered,
thereby preserving the original quality of the images.

Soma locations serve as the starting point for neuron identification and tracing of neuron morphology, with
quality ensured by a semi-automatic production pipeline involving at least two annotators. To further validate
our dataset, we conducted quantitative comparisons. We used the Janelia*' dataset and SEU-A1876 to demon-
strate the reliability of our data. To avoid possible inaccuracy raised by neurons from different brain regions, we
compared only neurons from somatomotor areas (MO) in both datasets. We observed similar distributions in
major morphological characteristics, such as total length, maximum Euclidean distance, number of bifurcations,
and average remote bifurcation angle (Fig. 8).

The efficacy of our bouton data production method has been both published and verified. Our method demon-
strated 95% precision and 89% recall when compared with manually annotated bouton data®. Additionally, pre-
vious studies have shown that neurons of the same type tend to exhibit similar bouton distribution patterns®!*+3°,
The axonal tract and axonal arbor data are derived from the complete morphological data and can be adjusted
using various parameters of the production method, resulting in different versions of data extraction.

Usage Notes

As part of the BICCN initiative, we are dedicated to generating neuronal data at the whole-brain level. With the
focus on collecting and analyzing such data, BICCN has already made significant contributions by publishing
thousands of invaluable whole-brain datasets®***!. These datasets are expected to benefit researchers across mul-
tiple domains of neuroscience. As members within BICCN, we firmly adhere to the FAIR principle®* in creating
the resources. Additionally, we emphasize the importance of enabling accessibility to intermediate data, as it not
only provides insights into the data but also facilitates a more efficient production process.

The produced dataset serves multiple purposes. The annotated somas (SEU-S182K) provide a solid starting
point for anatomical delineation (e.g., cortical layer identification) and morphological analyses. The detected
neurites and derived region-region correlations may aid in uncovering the intrinsic modularity of the mouse
brain. The large-scale local morphologies offer insights into the spatial morphological divergence both across
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Fig. 8 Comparison among two datasets (SEU-A1876, and Janelia) using the distribution of four key
morphological features of somatomotor areas (MO) neurons as an example: total length, maximum Euclidean
distance, number of bifurcations, and average remote bifurcation angle. The analysis included 127 neurons from
the SEU-A1876 dataset and 324 neurons from the Janelia dataset.

Software / Tool Link

Vaa3D system github.com/Vaa3D

CAR platform github.com/neurogeom/CAR

MorphoHub github.com/SD-Jiang/MorphoHub

mBrainAligner github.com/Vaa3D/vaa3d_tools/tree/master/hackathon/mBrainAligner

Soma generator github.com/SEU-ALLEN-codebase/full_spectrum_sources/tree/main/neuron_population
Local morphology github.com/SEU-ALLEN-codebase/full_spectrum_sources/tree/main/microenviron
generator

Axonal tract generator github.com/SEU-ALLEN-codebase/full_spectrum_sources/tree/main/motif

Bouton generator github.com/Vaa3D/vaa3d_tools/tree/master/hackathon/shengdian/BoutonDetection
AutoArbor github.com/SEU-ALLEN-codebase/full_spectrum_sources/tree/main/arbors

Table 2. Tools and source codes.

the whole mouse brain and within brain regions. The single-neuron full morphometry data for long-range pro-
jection neurons in mammalian is invaluable in cell typing, projection characterization, as well as sub-cellular
analyses such as synaptic site identification. Furthermore, the qualified full morphologies will benefit the devel-
opment of reconstruction algorithms and provide gold standards for training and evaluation of these algorithms.

The putative boutons can be utilized in characterizing wiring rules, calculation of functional connectivity
strength, and simulation of neurons. Similarly, both axonal arbor data and axonal tract data simplify the highly
arborized full morphology at the sub-cellular level, facilitating visualization and quantification of neuron projec-
tions. Moreover, mapping morphometry to the Common Coordinate Framework (CCF) enables the comparison
of distribution differences and connections among various brains and brain regions.

In addition to directly utilizing our multi-morphometry dataset to investigate the diversity and stereotypy
of neuronal morphologies, our dataset, combined with the corresponding imaging dataset, can serves as “gold
standard data” for neuron image recognition tasks. These tasks include segmentation of neuron skeletons, bou-
ton detection, and testing automatic tracing methods. The brain images used in our study are well-hosted on the
Brain Image Library (BIL) for community access. Furthermore, we have documented the name of each neuronal
morphology’s associated brain image and its corresponding download link in the work of characterizing neuron
morphology at multiple scales®..

We have developed a repertoire of tools for processing and visualizing large-scale images (TeraFly, TeraVR,
and CAR) as the Vaa3D plugins or derivatives, as well as reconstructing, processing, and analyzing neuron mor-
phology. Users can develop their own tools on top of these tools to better suit their needs. We have also compiled
a list of additional plugins that assist in processing and analyzing morphology data.

o Image thresholding: “Simple_Adaptive_Thresholding”

« Automatic neuron tracing: GD%, APP*, APP2% and neuTube®.

« Neuron morphology feature extraction: “global_neuron_feature”.

« Neuron morphology processing: “resample_swc”, “sort_neuron_swc’, “neuron_radius’, “inter_node_prun-
ing” and “refine_swc™*.

+  Neuron morphology exploration: NeuroXiv>*.

Code availability
Source codes to produce and process the dataset are publicly accessible (Table 2).
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