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NEURD offers automated proofreading and
feature extraction for connectomics
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M Check for updates

We are in the era of millimetre-scale electron microscopy volumes collected at
nanometre resolution'? Dense reconstruction of cellular compartments in these
electron microscopy volumes has been enabled by recent advances in machine
learning®°. Automated segmentation methods produce exceptionally accurate
reconstructions of cells, but post hoc proofreading is still required to generate large
connectomes that are free of merge and split errors. The elaborate 3D meshes of
neurons in these volumes contain detailed morphological information at multiple
scales, from the diameter, shape and branching patterns of axons and dendrites,
downto the fine-scale structure of dendritic spines. However, extracting these
features canrequire substantial effort to piece together existing tools into custom
workflows. Here, building on existing open source software for mesh manipulation,
we present Neural Decomposition (NEURD), a software package that decomposes
meshed neurons into compact and extensively annotated graph representations.
With these feature-rich graphs, we automate a variety of tasks such as state-of-the-art
automated proofreading of merge errors, cell classification, spine detection,
axonal-dendritic proximities and other annotations. These features enable many
downstream analyses of neural morphology and connectivity, making these massive
and complex datasets more accessible to neuroscience researchers.

To understand the morphological features of individual neuronsand  and a team at Harvard published a similar reconstructed volume of
the principles governing their connectivity, the use of large-scaleelec-  human temporal lobe! (the HO1 dataset, comprising approximately
tronmicroscopy and reconstruction of entire neural circuitsisbecom- 15,000 neurons and 130 million synapses). These reconstructions offer
ing increasingly routine. For example, the Machine Intelligence from  opportunitiesfor analysis of neural morphology and synaptic connec-
Cortical Networks (MICrONS) Consortium published amillimetre-scale  tivity atascale that was previously inaccessible. However, effective use
open source dataset of mouse visual cortex? (the MICrONS dataset, of these massive and complex datasets for scientific discovery requires
comprising approximately 80,000 neurons and 500 millionsynapses) anew ecosystem of software tools.
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Fig.1|Working with neuronal meshes fromlarge-volume electron
microscopy segmentations. a, The MICrONS Minnie65 volumeis an
approximately 1,300 x 820 x 520 pm?rectangular volume from mouse visual
cortex; HOlis awedge-shaped volume from human temporal cortex with a
longest dimension of 3 mm, awidth of 2 mmand a thickness 0of150 pm.b-e, The
range of accuracy across neural reconstructions in the MICrONS and HO1
volumes. b, Example of anearly complete (manually proofread) single neuron.

Here, we describe NEURD, a Python software package that extracts
useful information from the 3D mesh and synapse locations for each
neuron, and implements workflows for automated proofreading of
merge errors, morphological analysis and connectomic studies. NEURD
decomposes the 3D meshes of neurons from electron microscopy
reconstructions into a richly annotated graph representation with
many pre-computed features. These graphs characterize the neuron
at the level of non-branching segments in the axonal and dendritic
arbor and can support powerful queries spanning spatial scales from
the geometry of the neuropil to the morphology of boutons and spines.

We begin by demonstrating the utility of this framework in an auto-
mated proofreading pipeline that is highly effective at correcting merge
errors using heuristic rules. Hereafter, the term proofreading in refer-
encetoour pipeline will refer to merge error correction and notinclude
the task of extending false splits. We focus on merge errors because
of their catastrophic effects on connectivity analyses. We next show
how the pre-computed features extracted by NEURD can enable us
to recapitulate and extend a variety of previous observations about
neural morphology and geometry, taking advantage of the diverse
feature set computed on thousands of reconstructed neurons spanning
all cortical layers in these volumes. Finally, we examine the potential
of the NEURD workflow to yield novel scientific insights about neural
circuit connectivity, including higher-order motifs inwhich we observe
atleast three nodes (neurons) and edges (synapses) inaspecific graph
arrangement. NEURD includes a fast workflow to identify axonal-
dendritic proximities (regions where the axon of one neuron passes
within a threshold distance of a postsynaptic dendrite).

Similar to other open source software packages that have supported
the widespread adoption of other complex data modalities such as
calcium imaging (CalmAn’ and Suite2P®), Neuropixels recordings
(KiloSort® and MountainSort'°), label-free behavioural tracking (Deep-
LabCut", MoSeq'? and SLEAP") and spatial transcriptomics (Giotto™
and Squidpy®), the goal of NEURD is to make ‘big neuroscience data’
(inthis case, large-scale electron microscopy reconstructions) acces-
sible to alarger community. As more large-scale electron microscopy
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¢,Ameshcontaining two merged neurons from the MICrONS volume. d, Example
ofanorphanmerge error with apiece ofdendriteincorrectly merged ontoa
neuronmesh. e, Anincompletely reconstructed neuron from the HO1 volume.
f,Anoverview of the NEURD workflow: starting from volumes and their initial
mesh states (Fig. 1), to the processing pipeline (Fig. 2), automatic proofreading
(Fig.3),and cell typing (Supplementary Fig.12), which then enables the analysis
of morphology (Fig.4), connectomics, and functional connectomics (Fig. 5).

reconstructions become available, tools such as NEURD will become
increasingly essential for exploring principles of neural organization
across multiple species.

The following tables are provided in the supplementary informa-
tion for further reference: Supplementary Table 1, cell-type subclass
abbreviations and excitatory/inhibitory classification glossary; Sup-
plementary Table 2, dataset sizes and relevant sample numbers for all
figures and statistics; and Supplementary Table 3, a comprehensive
guide to the pre-computed features provided by NEURD.

Summary of large-scale reconstructions

Data collection for the MICrONS and HO1 dataset has been described
previously"2. The tissue preparation, slicing procedure and imaging
resolution (4-8 nm x 4-8 nm x 30-40 nm) was roughly similarinboth
cases. However, theimaging and reconstruction workflows for the two
datasets were very different. The MICrONS volume was collected with
transmission electron microscopy (TEM)', whereas the HO1 volume
was collected with scanning electron microscopy (SEM)Y, and differ-
ent reconstruction pipelines were used*°. However, all volumetric
reconstructions produce similar 3D meshes asacommon dataproduct
downstream of the segmentation process. The capabilities of NEURD
arefocused at the level of these mesh representations, which are much
more lightweight than the original electron microscopy data, but still
capture rich information about the microscale anatomy of neurons
that can be useful for a variety of downstream analyses, including
comparative analyses of neural circuitry across species, volumes and
reconstructions.

Preprocessing of neuronal meshes

Electron microscopy reconstructions yield neural meshes with vary-
ing levels of completeness, and with different kinds of merge errors
(Fig. 1b-e). Merge errors include multiple whole neurons connected
together (Fig. 1c) and disconnected pieces of neurite (orphan neurites)
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Fig.2|Decomposition, feature extraction and graph annotation.a, The
input data (mesh and synapses) required for the NEURD workflow. b, The
reconstructed meshes are pre-processed through anumber of stepsincluding
decimation, gliaand nuclei removal, somadetection and skeletonization.
Mesh features are projected back onto the skeleton and spines are detected.
¢, Decompositiongraph object composed of two neurons merged together.
The decomposition compresses the skeleton, mesh and synapse annotations
ofanon-branchingsegmentinto asinglenodeinagraph, withdirected edges
to the downstream segments connected atabranch point. The somais the
singular root node of this tree.d, NEURD automates computation of features
atmultiplelevels.Node (non-branching segment)-level features include basic
mesh characteristics (for example, diameter of the neural process or number
of synapses per skeletal length). Subgraph features capture relationships

merged onto different neural compartments (Fig. 1d). Merge errors
may also include glia or pieces of blood vessels merged onto neurons
(Fig. 1f). We take advantage of existing tools for mesh processing'® 2 and
apply theminaninitial workflow that is agnostic to the identity of the
meshobject (Fig. 2 and Supplementary Methods). Systematicinspec-
tion by manual proofreaders confirmed the high accuracy of the soma,
axon, dendrite, glia, compartment and spine annotations generated
during the mesh processing workflow (Supplementary Figs.1and 2).
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betweenadjacent nodes such as branching angle or width differences. Graph
features capture characteristics of the entire neuron and are computed by
weighted average or sum of node features, or by counting subgraph motifs.
Postsyn, postsyapticregion. e, The final productisacleaned and annotated
decomposition object with asingle somathat canbe fedinto a variety of
downstream analyses. f, NEURD supports avariety of operations and
manipulations onthe decomposition objects. Multi-somasplittingis performed
with heuristicrules. The entire decomposition graphis classified as excitatory
orinhibitory and one subgraphisidentified as the axon. Automated proofreading
isperformed toremove probable merge errors (see Fig. 3). Aset of heuristic
rulesisimplemented to label neural compartments, followed by afiner-scale
cell-type classification using graph neural networks (GNNs) (Supplementary
Fig.12). PCA, principal components analysis.

_

Probability

Graph decomposition

We decompose skeletons of axonal and dendritic processes into a
directed tree graph (NetworkX object in Python?’; we provide astep-by-
step online tutorial on how to export these as SWCfiles). Inthese graphs,
the root node is the soma and the other nodes are individual non-
branching segments. Edges project downstream away from the soma,
andsubgraphs downstream of the somaare a stem. Multiple somanodes
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Fig.3|NEURD graph decomposition enables automated proofreading.

a, Implementing domain knowledge as subgraph rules to automatically remove
merge errors (see Supplementary Fig. 3 for more rules). b, Laminar distribution
of merge errors (HO1). Theinhomogeneity of errors across different layers,
possibly due to differences in neuropil density. The pial surfaceis to the right
andslightly up (see Supplementary Fig. 7 for more details). ¢, Increased
frequency of axon editsis observedinlayer 5 of cortex (MICrONS). Pial surface
isup.d, Dendriticerrorsinthe MICrONS dataset increase near the top layers of
thevolume, where fine excitatory apical tufts lead to more frequent merges
(see Supplementary Fig. 6 for more details). e,f, MICrONS (e) and HO1 (f) synapse
validation quantified by synapse precision and recall compared with manual
proofreading (ground truth). ‘Before’ describes the accuracy of the raw
segmentation prior to any proofreading. The substantial increases in precision

are splitapartif more than one somais detected, and any cycles in the
graph are broken during the decomposition process (Fig. 2f and Sup-
plementary Methods). Previous work has emphasized the utility of this
kind of graph representation of each neuron, which facilitates flexible
queries and analyses of features and annotations at different scales>*.

NEURD computes a large number of features at the branch (node),
stem (subgraph) or whole-neuron (graph) level (Fig. 2c,d). These
multi-scale features make it straightforward to translate neuroscience
domainknowledge into neuron or compartment-level operations and
queries. The most important context for this translation is automatic
proofreading (Fig.3),and NEURD also includes workflows for common
tasks such as cell-type classification (Supplementary Fig.12), morpho-
logical analysis (Fig. 4) and connectivity analysis (Fig. 5).

Automated proofreading

Node, graph and subgraph features can be queried to identify patterns
of features that are commonly found at merge errorsin the reconstruc-
tion (for example, sharp discontinuities in width between adjacent
dendritic nodes, or axonal branches that ‘double-back’ sharply towards
thesoma). Once the error location isidentified, allnodes downstream of
theerrorarestripped from the mesh and returned to the ‘sea of uncon-
nected fragments’inthe volume, excluding them from any subsequent
analysis. The NEURD proofreading workflow is easily extensible, and
the user can define which graphfilters to apply in which order. For any
error correction, therule and relevant parameters that determined the
editare stored for subsequent evaluation and use, potentially providing
arichset of training data for machine learning approaches.
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‘After’automated proofreading (especially for axons) indicates that the

cleaned neurons have good fidelity. The reductionin ‘After’ recallindicates the
loss of some valid synapses in the automatic proofreading process (mostly
concerningaxons), while still retaining the majority of correct synapses (see also
Supplementary Fig. 9 restricted tosingle somas). Dend, dendrite. g, An excitatory
neuron fromthe MICrONS datasetin the 75th percentile of merge error skeletal
length; identified merge errors are showninred. h-k, Number of true-positive
(TP) and false-positive (FP) axonal synapses fromindividual excitatory (h,i) or
inhibitory (j k) neuronsin the validation set before (h,j) and after (i k) automated
proofreading, illustrating the large number of false-positive (red) synapses
intheraw segmentation that areremoved by automated proofreading (see
SupplementaryFigs.8and 9 for more details on the MICrONS dataset and
SupplementaryFig.10 for similar validation on the HO1 dataset).

Toillustrate this process, we provide a small set of heuristic proof-
reading rules implemented as graph filters (Fig. 3a, Supplementary
Fig. 3 and Supplementary Methods) that yielded good performance
on merge error correction in both volumes, but especially in the
MICrONS dataset. Manual validation of these rules was performed
in the context of standard proofreading and multi-soma splitting
using the NeuVue Proofreading Platform® by the proofreading team
atJohns Hopkins University Applied Physics Laboratory (APL). We
provided APL with suggested error locations in the MICrONS vol-
ume, and experienced proofreaders evaluated each proposed split
foraccuracy (Supplementary Fig. 4a-c). This validation setincluded
multi-soma splitting, axon-on-axon and axon-on-dendrite merge
errors, and enabled us to measure both the accuracy of these proof-
reading rules and the speed benefits of a semi-supervised approach
compared to a fully manual effort. We were also able to optimize
these rules on the basis of proofreader feedback, and we identified
specific rules and parameter thresholds could be applied with high
confidenceto correct merge errors without humanintervention. Vali-
dation of this ‘high-confidence’ subset of axon-on-axon merges and
axon-on-dendrite merges yielded a 99% and 95% agreement between
the algorithm’s split operations and those performed by a human
proofreader (Supplementary Fig. 4e). We applied nearly 150,000 of
these high-confidence automatic edits in bulk to the publicly avail-
able MICrONS segmentation volume. Using NEURD suggestionsin a
semi-supervised manner to guide the challenging process of splitting
multi-soma segments increased the speed of this process more than
threefold compared with manual methods (Supplementary Fig. 4d
and Supplementary Methods).
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Fig.4 |Morphological analysis enabled by NEURD feature extraction.

a, Average number of synapses onto the AIS of cells at different laminar depths
(mean £s.d.) for MICrONS (n =22,955). b, Distribution of the number of soma
synapses per cell. Asexpected, neuronsin the MICrONS volume have more
identified synapses onto their soma, despite the smaller surface area compared
to human somas (see Supplementary Fig. 16 for more AIS and soma synapse
results). c, An example spine segmentation with the features extracted for
each spine submesh followed by akernel density estimation of the UMAP
embedding of these features for spines sampled from the MICrONS dataset
(see Supplementary Fig. 19 for more details). Exc, excitatory; inh, inhibitory.

d, Histograms showing the distribution of the mean skeletal angle of the thickest
basalstemasafunction of volume depth (see Supplementary Fig. 17 for more
details). e, Spine head synapse size and spine head volume joint distribution for

In the MICrONS dataset, we identified hundreds of thousands of
merge errors corresponding to dozens of metres of incorrectly merged
axons and dendrites within the 1 mm?volume (Supplementary Fig. 5).
Corrections in the HO1 dataset were an order of magnitude smaller
owingto fewer cells and the less complete initial reconstructionsinthat
volume, but were still substantial (Supplementary Fig.5). Merge errors
were more prevalent in some regions owing to sectioning artifacts
(Supplementary Figs. 6g-1and 7h-n) or to intrinsic differences in the
morphology of neurons across layers (Fig. 3b—d and Supplementary
Figs. 6a-fand 7a-g). For example, high- and low-degree axon edits in
the MICrONS dataset were frequently madein upper layer 5, potentially
owing to higher quantities of inhibitory neuropil, whereas dendritic
double-back and widthjump errors were more frequently located near
thetop layers of the volume, owing to merges between fine distal apical
tufts of excitatory cells (Supplementary Figs. 6 and 7).

We compared the outcome of automatic proofreading (all edits,
notjust the high-confidence subset) to manual proofreading ‘ground
truth’onatest set of cellsinthe MICrONS (n =122 excitatoryandn =75
inhibitory) and HO1 (n = 49 excitatory and n =18 inhibitory) volumes
(see Supplementary Fig. 30 for manually proofread cell locations).

The precision of the synaptic data—that is, the number of actually
true synapses that were labelled as true divided by the total number of
synapses labelled as true—was substantially higher after proofreading
(forexample, 0.87 after compared to 0.13 before for MICrONS excita-
tory axons, a more than sixfold increase). For the same axons, this
increase in precision was achieved with only a40% reductioninrecall
(number of correctly identified synapses divided by the number of true
synapses). Low precision can be catastrophic for downstream analy-
ses, whereas low recall can support many analyses on the basis of the
assumption that the observed synapses are arepresentative sample of
the full distribution (precision and recall are summarized in Fig. 3e,fand
Supplementary Figs. 8-10). The precision and recall of our automated
methodis captured visually in the plots in Fig. 3h-k. Comparing ‘before’

the HO1dataset, showing a positive Pearson’s correlation coefficient (P <107°;
see Supplementary Fig. 20 for more details). f, Histogram for all the non-apical
dendritic stems of every neuron in the MICrONS volume comparing the initial
width of the stemto the number of leaf nodes (blue scaling indicates the number
of dendritic stems for agivenbin), showing a positive Pearson’s correlation
coefficient (corr; P<107°; see Supplementary Fig. 18 for more details).

g, Theratio of non-spine synapses to spine counts varies across cell types.

h, Distribution of spine characteristics for different cell types, comparing the
volume of each spine head and the size of the largest synapse on that spine
head, where outlinesindicate the quartile boundaries for each distribution
(seeSupplementary Fig. 15 for more cell-type distributions). See Supplementary
Table 2 forallassociated nvalues.

and ‘after’ proofreading performed with NEURD, red false positives are
almost entirely removed, at the cost of a thin margin of false negatives
(grey) cuttinginto the green true positives. For example, for the axons
ofthe the 122 excitatory neuronsinthe MICrONS dataset, NEURD cor-
rectly removed 24,430 false synapses and incorrectly removed 1,420
true synapses, leaving 2,216 true synapses and 324 false synapses. Full
numbers are available in Supplementary Table 2.

Because our automated proofreading procedure only removes data,
recall is measured on the basis of the true synapses in the automatic
segmentation (after merge errors were removed manually), and does
notinclude synapses from any manual extensions. Recall was especially
high for dendrites (99% for MICrONS single-soma neurons; Supplemen-
tary Fig. 9), reflecting the high performance of the initial segmenta-
tions. Overall recall was lower for axons (approximately 60% for both
excitatory andinhibitory cellsinthe MICrONS dataset), indicating that
NEURD incorrectly removed alarger number of axonal segments com-
pared to dendrites. Performance on the HO1 dataset was also reduced
compared with MICrONS, because the less-extensive reconstruction
was associated with fewer merge errors overall. Extensive, sometimes
centimetre-scale arbors remained after removing merge errors (Fig.3g
and Supplementary Fig. 11). In summary, both from the perspective
of synapses (Fig. 3h-k and Supplementary Figs. 8i-p and 10i-p) and
skeletons (Supplementary Figs. 8e-h and 10e-h), our automated
proofreading approach canbe applied at scale to remove merge errors
with accuracy approaching that of manually cleaned cells (Supple-
mentary Fig. 11).

Cell-type classification

Densely reconstructed electron microscopy volumes hold great
promise for understanding the connectivity between different neural
subtypes? 2 Because electron microscopy provides limited access
to genetic markers, cell types must be identified by morphological

Nature | Vol 640 | 10 April 2025 | 491



Article

a b d f
9 Proximity 10 _ 807, 23P onto 5P-ET
@ Proximity + syn 228 — Exc onto exc th t
1.5um (converted proximity) 0.8 S §E 20 — Exc onto inh Other exc onto exc | w Exc onto exc
: 1 o Postsyn skeletal walk 0.6 5 g E Inh onto exc 23P onto MC - F):: or;to inh
) kel § == Inh onto exc
apical tuft : Presyn skeletal walk & g f g \\ Inh onto inh 23P/4P/5P-IT onto BC == Inh onto inh
spine head = | Posteyn suclidean dist - © 04 — Bxcontoexc 2% 109 — Exc onto MC
inh/exc . Y| — Exc onto inh 8 S g \\ - 23P onto BC
MC/4P % | Presyn euclidean dist 02 - :"E 0";0 9110 =< 0 - onto BC soma
— Inh onto inl — .
350 um/300 um Proximity dist 0 1+ . ; T T v . Other exc onto inh
250 ym/290 ym | =S |mlommmEErecResaeRRRcRt 0 50 100 150 1 2 3 BC onto 23P/5P-ET dendr
Distance to soma (um) Proximity distance (um) BC onto Exc soma
c e MC onto 23P/5P-ET dendr
° Other inh onto exc
) — Exc onto exc ® 20
9@ 0.025 — Excontoinh s g _ — Exconto exc BC onto EC soma
o Proximity distance c 82 002 S22 15 — Excontoinh BC onto inh soma
’ Opm no. of synapses 'ﬁ g E g §:§ Inh onto exc BPC onto MC
basal pos(_companment g % 3 0.015 g 5'3 10 — Inhonto inh MC onto BPG
haft o= post spine compartment 8% E- 0.010 2 25 _ N X
insh/:xc edge [pre/post] cell type E/I cgo £S5y 5 Other inh onto inh
MC/4P [pre/post] cell type subclass $E2 0005 o E 0 10 20
[pre/post] skeletal dist = Pod VI E— — i .
100 pm/80 pm [pre/post] euclidean dist 0 i T T Conversion rate (%)
70 um/60 um 1 2 3

200

B True data
B Configuration model

B Syn shuffle across proximity edges
BN Random syn

o,

=)

S,

No. of syn motifs/
no. of proximity motifs

0 1 2 3 4 5 6 7 8 9 10 1 12 13
Motif index

oo NANLLANAANLLL LN

Fig. 5| Connectivity analysis enabled by NEURD. a, Schematicillustrating
two proximities between a pair of neurons (axon passing within 5 pmradius of
adendrite). Only one proximity has a synapse, thus the ‘conversionrate’is 50%.
b, Cumulative density function (CDF) of the postsynaptic dendritic skeletal
walks for different connection types, demonstrating that excitatory inputs
occur further along the dendrite from the soma (see Supplementary Fig. 23 for
more details). ¢, Mean conversionrate as a function of distance along the axon
(see Supplementary Fig. 23 for more details). d,e, Conversion rates (synapses/
proximities) for different excitatory and inhibitory combinations. The x-axis
represents the maximum distance thatis considered a proximity. f, Conversion
rates for different cell-type subclasses and compartments are largely consistent
with previous studies (MICrONS; cell-type labels generated froma GNN classifier;
see Supplementary Table 1for glossary and Supplementary Fig. 24 for more
conversionrates). g, The frequency (mean +s.d.) of reciprocal connections or

features or connectivity (if sufficient proofreading is performed). The
relationship with molecularly defined cell classes can sometimes be
inferred from extensive previous work relating morphological features
to transcriptomic classes** ¥, including from our consortium?*®. Previ-
ous studies have demonstrated that richinformation enabling cell-type
classification is available even in local nuclear and peri-somatic fea-
tures®*8, small segments of neural processes®’, views of single-nuclei
segments at different resolutions® and the shape of postsynaptic
regions*’. NEURD provides an additional rich and interpretable fea-
ture set at the level of non-branching segments that can be used for
accurate cell-type classification viaanumber of different approaches,
aswe describe below.

As expected*, we found that a logistic regression model trained on
justtwo spine and synapse features separates excitatory and inhibitory
cells with high accuracy, using the same parameters for classification
across both the MICrONS and HO1 dataset (Supplementary Fig.12a,b;
MICrONS, n = 3,985 excitatory and n = 897 inhibitory; HO1, n= 5,800
excitatory and n=1,755 inhibitory). To test whether NEURD graph
objects could be used to distinguish even finer cell types, we turned
to graph convolutional networks (GCN) (Supplementary Fig. 12c-f).
We trained a simple GCN on the dendritic subgraph of a variety of
hand-labelled cell types in the MICrONS volume (n = 873 total cells),
which represent a relatively complete set of cell-type classes for this
volume and are more thoroughly describedin refs. 26,37. We focused on
the dendritesin this volume because of their high recall fromthe initial

492 | Nature | Vol 640 | 10 April 2025

400
Axon distance to soma (um)

Proximity distance (um)

@ Synapse 0.3
B Presynaptic neuron
mm Postsynaptic neuron

0.2

mean

0.1

Response correlation

1 2 3 4+
Number of synapses

edge-dense three-node motifs was enriched compared with null distributions
where synaptic degree distribution is held the same but edges are shuffled
(orange), where the synaptic edges are shuffled across existing proximity
edges (green) or where synapses are randomly shuffled (red); 250 random
graphsamples for each null distribution comparison (see Supplementary
Fig. 25 for more details and inhibitory/excitatory-only graphs). h, Example
multi-synaptic connection (n =7 synapses) from an excitatory toinhibitory
neuron (HO1).i, Distribution of response correlation mean (+s.e.m.) between
pairs of functionally matched excitatory neurons (MICrONS). Response
correlationissignificantly larger for pairs of neurons with 4 or more synapses
connecting them (n=11pairs) compared with those with 1,2 or 3 synapses
(n=5,350,280 or 34 pairs, respectively; see Supplementary Fig. 27 for more
details). See Supplementary Table 2 for allassociated n values.

segmentation and the high precision after automated proofreading
(Fig.3f). Most of the embedding space was covered by the labelled data-
set (Supplementary Fig.12c) and cells outside the labelled dataset had
soma centroids atexpected laminar depths (Supplementary Fig.12d),
even though no coordinate features were used in the GCN classifier.
We evaluated cell-type classification performance onaheld-out test
set using a GCN with access to the entire dendritic graph (n =178 test
neurons; mean class accuracy = 0.82; class accuracy: layer 2/3 pyramidal
(23P,0.94), layer 4 pyramidal (4P, 0.69), layer Sintratelencephalic (5P-IT,
0.60), layer 5 near-projecting (SP-NP, 1.00), layer 5 pyramidal track
(5P-ET, 0.86), layer 6 corticothalamic (6P-CT, 0.58), layer 6 intratelen-
cephalic (6P-IT, 0.62), basket cell (BC, 0.85), bipolar cell (BPC, 0.89),
Martinotti cell (MC, 1.00) and neurogliaform cell (NGC, 1.00); Sup-
plementary Fig.12e, also see actual counts for training, validation and
testin Supplementary Fig.14a-c). We also evaluated the classification
performance using only disconnected dendritic stems (n=1,023 test
stems; mean class accuracy = 0.66; classaccuracy: 23P (0.73), 4P (0.78),
5P-IT (0.33), 5P-NP (0.78), 5P-ET (0.78), 6P-CT (0.56), 6P-IT (0.49), BC
(0.80),BPC(0.70), MC (0.79) and NGC (0.50); Supplementary Fig. 12f;
counts for training, validation and test in Supplementary Fig. 14d-f).
The information present in disconnected individual dendritic stems
(branching segments connected to the soma) is thus sufficient to per-
formfine cell-type classification nearly as well as graphs representing
entire neurons, consistent with previous literature classifying cells
based on more local features®>*"*® (the cell-type abbreviation glossary



is provided in Supplementary Table 1). Because the classifier isa deep
learning model, the output from the final softmax layer canbe used as
aconfidence measurement, makingit possibleto restrict downstream
analyses to high-confidence cell-type labels.

Morphological analysis

The features extracted by NEURD—including features of different
compartments (Supplementary Fig.19a), the geometry of axonal and
dendritic compartments (Supplementary Fig.17a) and spine features
(Supplementary Fig.19b)—provide arich substrate for morphological
analysis (Supplementary Fig. 15).

Inparticular, extensive work has linked spine morphology to synaptic
strength and stability, making themimportant targets for understand-
ing plasticity and connectivity in neural circuits. A variety of methods
have been developed to automate spine detection in 2D or 3D image
datausing fully automatic***® or semi-automatic* approaches. NEURD
offers an accurate spine detection workflow that achieves high accu-
racy with a fully automated mesh segmentation approach. Precision
andrecall for spines with askeletal length larger than 700 nm was 90%
or higher (Supplementary Fig. 1). In addition, NEURD segments the
spine head from the neck (when possible) and computes statistics
about theindividual head and neck submeshes, creating afeature-rich
dataset for testing hypotheses about spine morphology that can then
be conditioned on postsynaptic compartment type or the cell type
of the presynaptic or postsynaptic cell. As expected, the spine head
volume and synaptic density volume were the only strongly correlated
spine features*®*° (Supplementary Fig. 20). The spatial distribution
of uniform manifold approximation and projection for dimension
reduction (UMAP) embeddings (2D projection) for feature vectors of
spines sampled from the MICrONS and HO1 dataset showed a similar
structure, with spines that share similar features embedded in similar
locations and asomewhat consistent embedding pattern for inhibitory
and excitatory spines in the two volumes. This similarity suggests that
HO1and MICrONS spines sample from a similar landscape of diverse
spine shapes (Supplementary Fig.19¢,d), consistent with previous
work examining the distribution of non-parametric representations
of postsynaptic shapes across diverse neural subtypes*°.

We attempted to replicate and extend several other findings
observed in previous studies of the MICrONS and HO1 datasets regard-
ing the subcellular targeting of synaptic inputs. First, we computed
the number of synapses onto the axon initial segment (AIS) of neurons
at different depths. Replicating a previous report, in the MICrONS
volume, superficial L2/3 pyramidal cells received the largest num-
ber of AIS synapses, with up to 2 to 3 times the innervation of the
lower cortical layers**°! (Fig. 4a). However, in the HO1 dataset, this
laminar inhomogeneity in AIS synapses was much less prominent,
with more similar numbers of AIS inputs observed across all depths
(Supplementary Fig. 16h). Additionally, similar to AIS synapses, we
found a marked difference in the distribution of somatic synapses
across depth between the MICrONS and HO1 dataset (Supplementary
Fig.16e,f).Finally, the overall frequency of somatic synapses were also
distinct across the two volumes, consistent with previous literature
describing fewer somatic synapsesin the human compared to mouse™
(Fig.4b); however, we found the opposite trend for the AIS, with fewer
AIS synapses inthe mouse volume compared with the human volume
(Supplementary Fig. 16i).

InHO1, deep layer pyramidal cells were previously observed to have a
strong bias in the radial angle of their thickest basal dendrite'. We exam-
ined the MICrONS volume and did not observe astrong biasin thickest
basal, even in deep layers (Supplementary Fig. 17b). Then, looking at
HO1, we were able to replicate the pattern of thickest basal dendrite
direction preferencesindeeperlayers (Supplementary Fig.17c). How-
ever, we also found that this pattern appeared to continue into more
superficial layers, extending the previous finding. In deep layers, the

difference between the thickest and second-thickest dendrite was
nearly twice the difference in more superficial layers, making this effect
more salient.

The diversity of pre-computed features offered by NEURD enabled
us to identify several interesting morphological features that differ
across cell types, including many that have been reported previously in
other studies. For example, the spindly, non-branching basal dendrites
of near-projecting (NP) cells**? are clearly distinct from extensively
branching basal dendrites of L2/3 pyramidal cells (Supplementary
Fig.15h), and neurogliaform cells are the most highly branched neu-
rons with the largest number of leaf nodes (Supplementary Fig. 18a).
Across all neurons, dendritic stems with larger numbers of leaf nodes
had alarger initial dendritic diameter at their connectionto the soma
(Supplementary Fig. 18b,c), potentially reflecting developmental or
metabolic constraints.

Synapses onto the dendritic shaft and synapses onto dendritic spines
roughly correspond to inhibitory versus excitatory inputs®>°.In a
histogram of shaft to spine synapses, NP cells were again located at the
higher end of the distribution, whereas L4 and L2/3 pyramidal cells had
the lowest shaft-synapse to spine-synapse ratio (Fig. 4g), suggesting
that they receive arelatively larger fraction of excitatory (compared
with inhibitory) input. Because NEURD also automatically segments
both somameshes and spine heads and necks, this enables comparison
across cell types of features such as soma volume and somatic syn-
apses (Supplementary Fig. 15b,f), spine neck length (Supplementary
Fig. 15i), spine density (Supplementary Fig. 15a) and the relationship
between spine synapse size and spine head volume, as in Fig. 4h and
Supplementary Fig. 20.

Connectivity and proximities

Next, we examined the connectivity graph in the MICrONS and HO1 data-
sets after automatic proofreading. As expected, removal of false merges
substantially reduced the meanin-degree (number ofincoming synapses
onto a neuron) and out-degree (number of projecting synapses from
aneuron) across both volumes owing to the removal of merge errors,
resultinginasparsely sampled but high-fidelity graph (Fig.3e,f). A variety
of connectivity statisticsincluding number of nodes and edges, meanin
andoutdegrees, and mean shortest path between pairs of neurons along
excitatory andinhibitory nodes are provided in Supplementary Fig. 22.

To facilitate the analysis of synapse specificity in sparse connecto-
mes, weimplemented a fast workflow for identifying axonal-dendrite
proximities, regions where the axon of one neuron passes within a
threshold distance (here 5 um) of the dendrite of another neuron
(Fig. 5a and Supplementary Methods). Previous studies have com-
puted proximities from skeletons of simulated models® or manually
traced data*”*® with a similar logic. Proximities are necessary but not
sufficient for the formation of a synapse®~"**¢°, and so the ‘proximity
graph’canserve as avaluable null distribution for comparing potential
connectivity with synaptic connectivity between neurons: instead of
looking at synapse counts between cells, which are dependent on the
geometry and completeness of the neuropil, proximities make it pos-
sible to calculate ‘conversion rates’—the fraction of proximities that
resulted inactual synaptic connections. NEURD also provides functions
to compute ‘presyn skeletal walk’—the distance from a synapse to the
soma of the presynaptic neuron along the axon, and ‘postsyn skeletal
walk’—the distance from synapse to soma along the postsynaptic den-
drite. Combined with cell typing, compartment labelling and spine
annotation, these features enable powerful analyses of neural con-
nectivity conditioned on the cellularidentity and subcellular location
of synapses on both pre- and postsynaptic partners (Supplementary
Figs. 6 and 26).

Conversion rates between neural subtypes in the MICrONS data-
set replicated previous results from connectivity measured via slice
multi-patching and electron microscopy reconstructions, especially the
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prolific connectivity of basket cells onto both excitatory and inhibitory
somas?**"% (Fig. 5f) and inhibitory-inhibitory relationships, includ-
ing BCsinhibiting other BCs, MCs avoiding inhibiting other MCs, and
BPCs preferentially inhibiting MCs?¢¢%6*¢* (Supplementary Fig. 24).

The subcellular targeting of different inputs is apparent in plots
of the postsyn skeletal walk distance to the soma for synapses arriv-
ing at the basal dendrite. As has been previously described>>>¢,
inhibitory-onto-excitatory synapses tend to be found closer to the
somatic compartment than excitatory-onto-excitatory synapses
(Fig. 5b and Supplementary Fig. 23g). At an even smaller scale, with
the spine head, spine neck or shaft classification propagated to syn-
apses, we can study how excitatory and inhibitory inputs to spines
display different scaling relationships between synapse size and spine
head volume (Supplementary Fig.21). We also show, as expected, that
excitatory and inhibitory cells differ in the number and relative sizes
of synapses on their target spine heads®**” (Supplementary Fig. 21).

Conversionrates for excitatory-to-excitatory proximities were low
inboth HO1and MICrONS, consistent with previous findings of sparse
pyramidal cell connectivity in the cortex>*®'8 (Fig. 5d,e). However,
conversion rates were substantially higher for excitatory-to-inhibitory
proximities (Fig. 5d,e), especially in HO1, and especially for proximity
distances less than 2 pm (unlike excitatory synapses onto excitatory
cells, where spines presumably reduce the dependence on distance).
Combiningthe presynaptic (axonal) skeletal walk features and proximity
analysesrevealed aninteresting similarity in excitatory-onto-inhibitory
connectivity between the MICrONS and HO1 datasets, with conversion
rates peaking in the more proximal axon a few hundred micrometres
from the soma®***"" (Fig. 5c and Supplementary Fig. 23e), a pattern
that could reflect alateral inhibition motif. Conversion rates were also
higher above (more superficial to) the presynaptic soma than below
(deeper than) the presynaptic soma for excitatory-onto-inhibitory
connections in both volumes (Supplementary Fig. 23b,c).

Large-volume electron microscopy connectomics offer tremendous
potential opportunities to examine higher-order motifsonalargescale.
We found that more densely connected triangle motifs were enriched
in the MICrONS volume compared with several controls (Fig. 5g and
Supplementary Fig. 25 for excitatory and inhibitory subgraphs). The
over-abundance of densely connected triangle motifs that we observed
is consistent with previous findings suggesting that this higher-order
organization is enriched in the cortex?°%’>7*, A similar pattern was
observed in the HO1 dataset, consistent with previous modelling of
connections and proximities in the dataset®. However, in the HO1
volume several of the three-node motifs with larger numbers of con-
nected edges were missing owing to the less complete reconstruction
(Supplementary Fig. 25).

Functional connectomics

A key advantage of the MICrONS dataset is the functional characteri-
zation of matched neurons in vivo prior to electron microscopy data
collection. The relationship between function and synaptic connec-
tivity is covered in detail in a separate paper”, which includes analysis
using automatically proofread data from NEURD. Here, we aimed to
provide an illustration of how automated proofreading can enable a
specific functional connectomics analysis that would otherwise be
very challenging. We identified pairs of excitatory neurons connected
by one, two, three, or four or more synapses. Querying for these rare
high-degree connections between pyramidal cells was only possible
after automated proofreading, since of the original 10,000-plus pairs
with four or more connections, approximately 97% were identified as
merge errors during automatic proofreading. Connections were further
restricted to synapses onto postsynaptic spines to guard against pos-
sible missed merge errors where aninhibitory axon segment might still
be merged to an excitatory neuron. Examples of these multi-synaptic
connections have been highlighted inthe HO1 dataset (Fig. 5Sh), and rare
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examples canalso be found in the MICrONS dataset” (Supplementary
Fig. 27b). We were able to identify n =11 of these pairs in exclusively
automatically proofread neurons (no manual proofreading), where
both neurons also had been characterized functionally (Supplementary
Fig.27c). The average response correlation was calculated for each
group of pairs™” (Supplementary Methods). We found that neurons
with4 or more synapses had significantly higher response correlations
(0.259 £ 0.042 (n=11)) to visual stimuli than neurons with fewer than
4 synapses (1synapse: 0.118 + 0.002 (n=5,350); 2 synapses: 0.140 + 0.011
(n=280); 3 synapses: 0.133 £ 0.030 (n = 34)) connecting them (Fig. 5i),
consistent withaHebbian ‘fire together-wire together’ rule governing
high-degree connectivity inthe cortex, and this same pattern was also
observed for n =12 pairs of manually proofread neurons. For auto-
proofread neurons, two-sample Kolmogorov-Smirnov test and ¢-test
for comparing each multi-synaptic group’s null likelihood of being
drawn from the same distribution as the 1-synapse group: 2 synapses
Kolmogorov-Smirnov test statistic = 0.068, P=0.17 and t-test P< 0.03;
3 synapses Kolmogorov-Smirnov test statistic = 0.139, P= 0.49 and
t-test P=0.60; 4 synapses Kolmogorov-Smirnov test statistic = 0.508,
P<107?and t-test P< 107*(and still significant after Bonferronicorrec-
tion for multiple comparisons with asignificance threshold of P< 0.02).

Discussion

NEURD is anend-to-end automated pipeline thatis capable of cleaning
and annotating 3D meshes fromlarge electron microscopy volumes and
pre-computingarich set of morphological and connectomic features
that are ready for many kinds of downstream analyses. Building on
existing mesh software packages, NEURD adds a suite of neuroscience-
specific mesh functions for soma identification, spine detection and
spinesegmentation that are applicable across multiple datasets, as well
asworkflows for skeletonization and mesh correspondence that com-
plement existing tools. We demonstrate the utility of this integrated
framework for morphological (Fig. 4 and Supplementary Figs.15-20)
and connectomic analyses (Fig. 5and Supplementary Figs. 21-27), most
of which involved queries against pre-computed features, as well as
demonstrating how these features can be combined to ask new ques-
tions (Fig.4h and Supplementary Figs.16i,j, 21g,h,23d,e and 27d). The
set of features generated by NEURD is easily extensible, and our hope
is that NEURD will make these daunting datasets more accessible for
alarger group of researchers.

Several previous studies have proposed post hoc methods for auto-
mated proofreading including merge and split error detection and
correction. Some of these methods make use of convolutional neural
networks (either supervised’®”® or unsupervised®), reinforcement
learning methods® or other machinelearning approaches®#*. Others
make use of heuristic rules applied to neural skeletons®#¢, and at
least one approach uses both skeleton heuristics and convolutional
neural networks¥. Compared with automated methods applied
directly to the electron microscopy segmentation that may be hea-
vily memory-intensive, NEURD benefits from the lightweight features
computed from mesh representations, enabling analysis to scale to
larger volumes more easily. Methods based on the electron microscopy
segmentation have the advantage that intracellular features can be
used toaid proofreading, and these methods could potentially stillbe
utilized upstream of NEURD. A key strength of the coarse-scale graph
with pre-computed annotationsis the flexible querying across multiple
scales. For instance, distinguishing whether a thin, aspiny projection
from a dendrite is the true axon or a merge error might require both
local features and also additional information about the neurontype,
the distance fromthe soma, and the spine density of the parent branch.

Our presentimplementation does not address some types of errors
inautomated segmentation. For example, it cannot presently handle
merge errors thatresultinaco-linear segment of skeleton that we inter-
pret as asingle non-branching segment. Second, because the present



implementation of NEURD is focused on removing false merges, it is
unable to fix incomplete neural processes (Supplementary Fig. 8c).
Motivated by the low recall of many neuronsinthese volumes, we plan
totry using NEURD to perform automated extensionsin the future by
‘over-merging’ candidate segments at a truncation point, and then
correcting the resulting ‘merge error’ to choose the best candidate
for extension.

We performed extensive validation of our automated proofread-
ing approach to determine the precision and recall of our error cor-
rection, but as a general disclaimer it is important to note that some
of the results that we have presented here might change if the same
neurons were manually proofread and fully extended. For any par-
ticular scientific question, researchers using these volumes will need
to weigh the relative importance of precision, recall and the number
of neurons that it is feasible to proofread using manual or automated
methods. Finally, our results currently present findings from only two
mammalian volumes, but there is nothing in principle preventing the
application of NEURD to large electron microscopy volumes fromother
speciesinthe future.

Combining automated proofreading to generateacleanbutincom-
plete graph with proximities to serve as a null distribution is a pow-
erful approach that can begin to reveal principles of pairwise and
higher-order connectivity motifs in incomplete reconstructions. We
observe ageneral overexpression of densely connected triangle motifs
incomparison to proximity controls and some standard null models, as
previously reported®®”* 7, However, the ability to expand this work to
include cell-type colourings of these motifs and add proximity-based
controls will enable investigation of more complicated motif questions,
unleashing the power of these datasets for addressing questions about
higher-order circuit connectivity. As additional reconstructed volumes
are released spanning species and brain areas, our ability to extract
scientific insights will depend critically on integrated and scalable
frameworks that make neurons and networks accessible for analysis,
with arich feature space suitable for machine learning approaches to
understanding these complex datasets.

Online content

Anymethods, additional references, Nature Portfolio reporting summa-
ries, source data, extended data, supplementary information, acknowl-
edgements, peer review information; details of author contributions
and competinginterests; and statements of data and code availability
are available at https://doi.org/10.1038/s41586-025-08660-5.

1. Shapson-Coe, A. et al. A petavoxel fragment of human cerebral cortex reconstructed at
nanoscale resolution. Science 384, eadk4858 (2024).

2. The MICrONS Consortium. Functional connectomics spanning multiple areas of mouse
visual cortex. Nature https://doi.org/10.1038/10.1038/s41586-025-08790-w (2025).

3. Lee, K, Zung, J., Li, P, Jain, V. & Seung, H. S. Superhuman accuracy on the SNEMI3D
connectomics challenge. Preprint at https://doi.org/10.48550/arXiv.1706.00120 (2017).

4. Wu, J., Silversmith, W. M., Lee, K. & Seung, H. S. Chunkflow: hybrid cloud processing of
large 3D images by convolutional nets. Nat. Methods 18, 328-330 (2021).

5. Lu, R, Zlateski, A. & Seung, H. S. Large-scale image segmentation based on distributed
clustering algorithms. Preprint at https://doi.org/10.48550/arXiv.2106.10795 (2021).

6. Macrina, T. et al. Petascale neural circuit reconstruction: automated methods. Preprint at
bioRxiv https://doi.org/10.1101/2021.08.04.455162 (2021).

7. Giovannucci, A. et al. CalmAn an open source tool for scalable calcium imaging data
analysis. eLife 8, €38173 (2019).

8.  Pachitariu, M. et al. Suite2p: beyond 10,000 neurons with standard two-photon microscopy.
Preprint at bioRxiv https://doi.org/10.1101/061507 (2017).

9.  Pachitariu, M., Sridhar, S. & Stringer, C. Solving the spike sorting problem with KiloSort.
Preprint at bioRxiv https://doi.org/10.1101/2023.01.07.523036 (2023).

10. Chung, J. E. et al. A fully automated approach to spike sorting. Neuron 95, 1381-1394.e6
(2017).

1. Mathis, A. et al. DeepLabCut: markerless pose estimation of user-defined body parts with
deep learning. Nat. Neurosci. 21, 1281-1289 (2018).

12.  Markowitz, J. E. et al. The striatum organizes 3D behavior via moment-to-moment action
selection. Cell 174, 44-58.e17 (2018).

13. Pereira, T. D. et al. SLEAP: a deep learning system for multi-animal pose tracking.
Nat. Methods 19, 486-495 (2022).

14. Dries, R. et al. Giotto: a toolbox for integrative analysis and visualization of spatial expression
data. Genome Biol. 22, 78 (2021).

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

Palla, G. et al. Squidpy: a scalable framework for spatial omics analysis. Nat. Methods 19,
171-178 (2022).

Yin, W. et al. A petascale automated imaging pipeline for mapping neuronal circuits

with high-throughput transmission electron microscopy. Nat. Commun. 11, 4949
(2020).

Hayworth, K. J. et al. Imaging ATUM ultrathin section libraries with WaferMapper: a
multi-scale approach to EM reconstruction of neural circuits. Front. Neural Circuits 8, 68
(2014).

Fabri, A. & Rineau, L. in CGAL User and Reference Manual, 5.5.2 edn (CGAL Editorial
Board, 2023); https://doc.cgal.org/5.5.2/Manual/packages.html#PkgGraphicsView.
Cacciola, F., Rouxel-Labbé, M., Senbaslar, B. & Komaromy, J. in CGAL User and Reference
Manual, 5.5.2 edn (CGAL Editorial Board, 2023); https://doc.cgal.org/5.5.2/Manual/
packages.html#PkgSurfaceMeshSimplification.

Gao, X., Loriot, S. & Tagliasacchi, A. in CGAL User and Reference Manual, 5.5.2 edn (CGAL
Editorial Board, 2023); https://doc.cgal.org/5.5.2/Manual/packages.html#PkgSurfaceMesh
Skeletonization.

Dorkenwald, S. sdorkenw/MeshParty. Github https://github.com/sdorkenw/MeshParty
(2022).

Hagberg, A. A., Schult, D. A. & Swart, P. J. in Proc. 7th Python in Science Conference

(eds Varoquaux, G., Vaught, T. & Millman, J.) 11-15 (SciPy, 2008).

Pastor, L. et al. A unified framework for neuroscience morphological data visualization.
Appl. Sci. 11, 4652 (2021).

Schneider-Mizell, C. M. et al. Quantitative neuroanatomy for connectomics in Drosophila.
elLife 5, €12059 (2016).

Xenes, D. et al. NeuVue: a framework and workflows for high-throughput electron
microscopy connectomics proofreading. Preprint at bioRxiv https://doi.org/10.1101/
2022.07.18.500521(2022).

Schneider-Mizell, C. M. et al. Inhibitory specificity from a connectomic census of mouse
visual cortex. Nature https://doi.org/10.1038/s41586-024-07780-8 (2025).
Schneider-Mizell, C. M. et al. Structure and function of axo-axonic inhibition. eLife 10,
e73783 (2021).

Dorkenwald, S. et al. Binary and analog variation of synapses between cortical pyramidal
neurons. eLife 11, €76120 (2022).

Weis, M. A. et al. An unsupervised map of excitatory neurons’ dendritic morphology in the
mouse visual cortex. Nat. Commun. (in the press).

Dorkenwald, S. et al. Multi-layered maps of neuropil with segmentation-guided contrastive
learning. Nat. Methods 20, 2011-2020 (2023).

Peters, A. & Feldman, M. L. The projection of the lateral geniculate nucleus to area 17 of
the rat cerebral cortex. I. General description. J. Neurocytol. 5, 63-84 (1976).

Martin, K. A. & Whitteridge, D. Form, function and intracortical projections of spiny
neurones in the striate visual cortex of the cat. J. Physiol. 3563, 463-504 (1984).

Scala, F. et al. Phenotypic variation of transcriptomic cell types in mouse motor cortex.
Nature 598, 144-150 (2021).

Peng, H. et al. Morphological diversity of single neurons in molecularly defined cell types.
Nature 598, 174-181(2021).

Gouwens, N. W. et al. Integrated morphoelectric and transcriptomic classification of
cortical GABAergic cells. Cell 183, 935-953.e19 (2020).

Gamlin, C. R. et al. Connectomics of predicted Sst transcriptomic types in mouse visual
cortex. Nature https://doi.org/10.1038/s41586-025-08805-6 (2025).

Elabbady, L. et al. Perisomatic ultrastructure efficiently classifies cells in mouse cortex.
Nature https://doi.org/101038/s41586-024-07765-7 (2025).

Al-Thelaya, K. et al. InShaDe: invariant shape descriptors for visual 2D and 3D cellular and
nuclear shape analysis and classification. Comput. Graphics 98, 105-125 (2021).
Zinchenko, V., Hugger, J., Uhlmann, V., Arendt, D. & Kreshuk, A. MorphoFeatures for
unsupervised exploration of cell types, tissues, and organs in volume electron microscopy.
eLife 12, 80918 (2023).

Seshamani, S. et al. Automated neuron shape analysis from electron microscopy. Preprint
at https://doi.org/10.48550/arXiv.2006.00100 (2020).

Azouz, R., Gray, C. M., Nowak, L. G. & McCormick, D. A. Physiological properties of
inhibitory interneurons in cat striate cortex. Cereb. Cortex 7, 534-545 (1997).

Xiao, X. et al. Automated dendritic spine detection using convolutional neural networks
on maximum intensity projected microscopic volumes. J. Neurosci. Methods 309, 25-34
(2018).

Driscoll, M. K. et al. Robust and automated detection of subcellular morphological motifs
in 3D microscopy images. Nat. Methods 16, 1037-1044 (2019).

Janoos, F. et al. Robust 3D reconstruction and identification of dendritic spines from
optical microscopy imaging. Med. Image Anal. 13, 167-179 (2009).

Shi, P, Huang, Y. & Hong, J. Automated three-dimensional reconstruction and morphological
analysis of dendritic spines based on semi-supervised learning. Biomed. Optics Express
5,1541-1553 (2014).

Basu, S. et al. Quantitative 3-D morphometric analysis of individual dendritic spines.

Sci. Rep. 8, 3545 (2018).

Benavides-Piccione, R., Fernaud-Espinosa, |., Robles, V., Yuste, R. & DeFelipe, J. Age-based
comparison of human dendritic spine structure using complete three-dimensional
reconstructions. Cereb. Cortex 23, 1798-1810 (2013).

Harris, K. M. & Stevens, J. K. Dendritic spines of CA 1 pyramidal cells in the rat hippocampus:
serial electron microscopy with reference to their biophysical characteristics. J. Neurosci.
9, 2982-2997 (1989).

Arellano, J. I., Benavides-Piccione, R., DeFelipe, J. & Yuste, R. Ultrastructure of dendritic
spines: correlation between synaptic and spine morphologies. Front. Neurosci. 1,131-143
(2007).

Wang, X. et al. Genetic single neuron anatomy reveals fine granularity of cortical axo-axonic
cells. Cell Rep. 26, 3145-3159.€5 (2019).

Inan, M. et al. Dense and overlapping innervation of pyramidal neurons by chandelier cells.
J. Neurosci. 33,1907-1914 (2013).

Wildenberg, G. A. et al. Primate neuronal connections are sparse in cortex as compared
to mouse. Cell Rep. 36, 109709 (2021).

Nature | Vol 640 | 10 April 2025 | 495


https://doi.org/10.1038/s41586-025-08660-5
https://doi.org/10.1038/10.1038/s41586-025-08790-w
https://doi.org/10.48550/arXiv.1706.00120
https://doi.org/10.48550/arXiv.2106.10795
https://doi.org/10.1101/2021.08.04.455162
https://doi.org/10.1101/061507
https://doi.org/10.1101/2023.01.07.523036
https://doc.cgal.org/5.5.2/Manual/packages.html#PkgGraphicsView
https://doc.cgal.org/5.5.2/Manual/packages.html#PkgSurfaceMeshSimplification
https://doc.cgal.org/5.5.2/Manual/packages.html#PkgSurfaceMeshSimplification
https://doc.cgal.org/5.5.2/Manual/packages.html#PkgSurfaceMeshSkeletonization
https://doc.cgal.org/5.5.2/Manual/packages.html#PkgSurfaceMeshSkeletonization
https://github.com/sdorkenw/MeshParty
https://doi.org/10.1101/2022.07.18.500521
https://doi.org/10.1101/2022.07.18.500521
https://doi.org/10.1038/s41586-024-07780-8
https://doi.org/10.1038/s41586-025-08805-6
https://doi.org/10.1038/s41586-024-07765-7
https://doi.org/10.48550/arXiv.2006.00100

Article

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

n.

72.

73.

74.

Ribak, C. E., Vaughn, J. E. & Barber, R. P. Immunocytochemical localization of GABAergic
neurones at the electron microscopical level. Histochem. J. 13, 555-582 (1981).

DefFelipe, J. & Farifias, |. The pyramidal neuron of the cerebral cortex: morphological

and chemical characteristics of the synaptic inputs. Progr. Neurobiol. 39, 563-607
(1992).

Kwon, T. et al. Ultrastructural, molecular and functional mapping of GABAergic synapses
on dendritic spines and shafts of neocortical pyramidal neurons. Cereb. Cortex 29,
2771-2781(2019).

Udvary, D. et al. The impact of neuron morphology on cortical network architecture.

Cell Rep. 39,110677 (2022).

Mishchenko, Y. et al. Ultrastructural analysis of hippocampal neuropil from the
connectomics perspective. Neuron 67, 1009-1020 (2010).

Kasthuri, N. et al. Saturated reconstruction of a volume of neocortex. Cell 162, 648-661
(2015).

Brown, S. P. & Hestrin, S. Intracortical circuits of pyramidal neurons reflect their long-
range axonal targets. Nature 457, 1133-1136 (2009).

Costa, N. M. D. & Martin, K. A. C. How thalamus connects to spiny stellate cells in the cat’s
visual cortex. J. Neurosci. 31, 2925-2937 (2011).

Jiang, X. et al. Principles of connectivity among morphologically defined cell types in
adult neocortex. Science 350, aac9462 (2015).

Lee, S., Kruglikov, I., Huang, Z. J., Fishell, G. & Rudy, B. A disinhibitory circuit mediates
motor integration in the somatosensory cortex. Nat. Neurosci. 16, 1662-1670 (2013).
Freund, T. F. & Katona, |. Perisomatic inhibition. Neuron 56, 33-42 (2007).

Pfeffer, C. K., Xue, M., He, M., Huang, Z. J. & Scanziani, M. Inhibition of inhibition in visual
cortex: the logic of connections between molecularly distinct interneurons. Nat. Neurosci.
16, 1068-1076 (2013).

Hwang, Y.-S. et al. 3D ultrastructure of synaptic inputs to distinct GABAergic neurons in
the mouse primary visual cortex. Cereb. Cortex 31, 2610-2624 (2021).

Megias, M., Emri, Z., Freund, T. F. & Gulyas, A. |. Total number and distribution of inhibitory
and excitatory synapses on hippocampal CA1 pyramidal cells. Neuroscience 102,
527-540 (2001).

Parnavelas, J. G., Sullivan, K., Lieberman, A. R. & Webster, K. E. Neurons and their synaptic
organization in the visual cortex of the rat. Cell Tissue Res. 183, 499-517 (1977).
Campagnola, L. et al. Local connectivity and synaptic dynamics in mouse and human
neocortex. Science 375, eabj5861(2022).

Bock, D. D. et al. Network anatomy and in vivo physiology of visual cortical neurons.
Nature 471,177-182 (2011).

Bopp, R., Costa, N. M. D., Kampa, B. M., Martin, K. A. C. & Roth, M. M. Pyramidal cells make
specific connections onto smooth (GABAergic) neurons in mouse visual cortex. PLOS Biol.
12, 1001932 (2014).

Schmidt, H. et al. Axonal synapse sorting in medial entorhinal cortex. Nature 549, 469-475
(2017).

Song, S., Sjostrom, P. J., Reigl, M., Nelson, S. & Chklovskii, D. B. Highly nonrandom
features of synaptic connectivity in local cortical circuits. PLoS Biol. 3, e68 (2005).

Perin, R., Berger, T. K. & Markram, H. A synaptic organizing principle for cortical neuronal
groups. Proc. Natl Acad. Sci. USA 108, 5419-5424 (2011).

Milo, R. et al. Network motifs: simple building blocks of complex networks. Science 298,
824-827(2002).

496 | Nature | Vol 640 | 10 April 2025

75. Ding, Z. et al. Functional connectomics reveals general wiring rule in mouse visual cortex.
Nature https://doi.org/10.1038/s41586-025-08840-3 (2025).

76. Chicurel, M. E. & Harris, K. M. Three-dimensional analysis of the structure and composition
of CA3 branched dendritic spines and their synaptic relationships with mossy fiber
boutons in the rat hippocampus. J. Compar. Neurol. 325, 169-182 (1992).

77. Wang, E. Y. et al. Foundation model of neural activity predicts response to new stimulus
types. Nature https://doi.org/10.1038/s41586-025-08829-y (2025).

78. Zung, J., Tartavull, I, Lee, K. & Seung, H. S. An error detection and correction framework
for connectomics. In Advances in Neural Information Processing Systems vol. 30
(Curran Associates, 2017).

79. Gonda, F. et al. VICE: visual identification and correction of neural circuit errors. Preprint
at https://doi.org/10.48550/arXiv.2105.06861 (2021).

80. Rolnick, D. et al. Morphological error detection in 3D segmentations. Preprint at https://
doi.org/10.48550/arXiv.1705.10882 (2017).

81. Nguyen,K.T, Jang, G., Tuan, T. A. & Jeong, W.-K. RLCorrector: reinforced proofreading for
cell-level microscopy image segmentation. Preprint at https://doi.org/10.48550/arXiv.
2106.05487 (2022).

82. Schubert, P. J., Dorkenwald, S., Januszewski, M., Jain, V. & Kornfeld, J. Learning cellular
morphology with neural networks. Nat. Commun. 10, 2736 (2019).

83. Schmidt, M., Motta, A., Sievers, M. & Helmstaedter, M. RoboEM: automated 3D flight
tracing for synaptic-resolution connectomics. Nat. Methods 21, 908-913 (2024).

84. Berman, J., Chklovskii, D. B. & Wu, J. Bridging the gap: point clouds for merging neurons
in connectomics. In Proc. 5th International Conference on Medical Imaging with Deep
Learning (eds Konukoglu, E. et al.) vol. 172, 150-159 (PMLR, 2022).

85. Meirovitch, Y. et al. A multi-pass approach to large-scale connectomics. Preprint at
https://doi.org/10.48550/arXiv.1612.02120 (2016).

86. Sicat, R. B., Hadwiger, M. & Mitra, N. J. Graph abstraction for simplified proofreading of
slice-based volume segmentation. In 34th Annual Conference of the European Association
for Computer Graphics 77-80 (The Eurographics Association, 2013).

87. Matejek, B. et al. Biologically-constrained graphs for global connectomics reconstruction.
In 2019 IEEE/CVF Conference on Computer Vision and Pattern Recognition 2084-2093
(IEEE, 2019).

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution

By 4.0 International License, which permits use, sharing, adaptation, distribution

and reproduction in any medium or format, as long as you give appropriate

credit to the original author(s) and the source, provide a link to the Creative Commons licence,
and indicate if changes were made. The images or other third party material in this article are
included in the article’s Creative Commons licence, unless indicated otherwise in a credit line
to the material. If material is not included in the article’s Creative Commons licence and your
intended use is not permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a copy of this licence,
visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2025


https://doi.org/10.1038/s41586-025-08840-3
https://doi.org/10.1038/s41586-025-08829-y
https://doi.org/10.48550/arXiv.2105.06861
https://doi.org/10.48550/arXiv.1705.10882
https://doi.org/10.48550/arXiv.1705.10882
https://doi.org/10.48550/arXiv.2106.05487
https://doi.org/10.48550/arXiv.2106.05487
https://doi.org/10.48550/arXiv.1612.02120
http://creativecommons.org/licenses/by/4.0/

Reporting summary
Furtherinformation onresearch designisavailablein the Nature Port-
folio Reporting Summary linked to this article.

Data availability

AIIMICrONS datahavealready beenreleased onBossDB (https://bossdb.
org/project/microns-minnie; also see https://www.microns-explorer.
org/cortical-mm3 for details). All HO1 data are public, with access
instructions on their homepage (https://hO1-release.storage.google-
apis.com/data.html). Additionally, packages such as NAVIS exist to
facilitate easier access to both datasets. Because all datasets are publicly
available and the NEURD package is publicly available with extensive
tutorials on how to run each stage in the pipeline, all data products of
interest (used inthe study and figures) can be reproduced on demand
and thus are not provided through separate public API. However, for
convenience, some data products (such as synapse spine labels and
cell-type subclasses) are publicly available through CAVE.

Code availability

Code, documentation and example tutorials are available at https://
github.com/reimerlab/NEURD.git.

Acknowledgements The authors thank D. Markowitz, who coordinated this work during all
three phases of the MICrONS programme; J. Vogelstein and D. Markowitz for co-developing
the MICrONS programme; and J. Wang for her assistance. The work was supported by the
Intelligence Advanced Research Projects Activity (IARPA) via Department of Interior/Interior
Business Center (Dol/IBC) contract numbers D16PCO0003, D16PC0O0004, D16PCO005 and

2017-17032700004-005. A.B.K. acknowledges support from a training fellowship from the
Gulf Coast Consortia, on the NLM Training Program in Biomedical Informatics and Data
Science (T15LM007093). X.P. acknowledges support from NSF CAREER grant 10S-1552868.
X.P., A.B.K. and A.ST. acknowledge support from NSF NeuroNex grant 1707400. A.S.T. also
acknowledges support from the National Institute of Mental Health and National Institute of
Neurological Disorders And Stroke under award number U19MH114830 and National Eye
Institute award numbers RO1EY026927 and Core Grant for Vision Research T32-EY-002520-37.
A.ST. would also like to acknowledge the Amaranth foundation. A.ST., X.P., B.C. and J.R. are
supported by RF1 MH130416 to A.ST., X.P.and J.R. J.R., PX.R., BW. and B.C. are supported by
1U0 INS137250. Disclaimer: the views and conclusions contained herein are those of the
authors and should not be interpreted as necessarily representing the official policies or
endorsements, either expressed or implied, of the ODNI, IARPA or the US Government. The US
Government is authorized to reproduce and distribute reprints for Governmental purposes
notwithstanding any copyright annotation thereon.

Author contributions We use the CRediT (Contributor Roles Taxonomy) system for author
roles. Conceptualization: B.C. and J.R. Methodology: B.C., S. Papadopoulos and J.R. Software:
B.C. Validation: B.C., D.X., L.M.K., PK.R., V.A.R., C.A.B., BW. and F.C. Formal analysis: B.C.
Investigation: B.C. Resources: B.C., S. Papadopoulos, Z.D., PG.F., EW., C.P,, A.B.K., S. Patel,
JAB.,ALB.,DB.,JB,DJB,MAC, EC.,SD,LE,AH.,ZJ,CJ,DK,NK.,SK,K. Lee, K. Li,
R.L., TM., G.M. E.M., S.SM., S.M., B.N., S. Popovych, CM.S.-M., W.S., MT, RT,, N.LT., WW.,
JW., SY., WY, E.F, EYW, FS,, HS.S., FC.,N.M.d.C.,, RC.R., X.P., AST. and J.R. Data curation:
B.C. Writing, original draft: B.C. and J.R. Writing, review and editing: B.C., S.D., C.M.S.-M., F.C.,
N.M.d.C., A.ST. and J.R. Visualization: B.C. and J.R. Supervision: J.R. Project administration:
J.R. Funding acquisition: H.S.S., N.M.d.C., R.C.R., A.ST.and J.R.

Competing interests X.P. is a co-founder of UploadAl, LLC, a company in which he has
financial interests. A.S.T. is a co-founder of Vathes Inc. and UploadAl LLC, companies in which
he has financial interests. J.R. is a co-founder of Vathes Inc. and UploadAl LLC, companies in
which he has financial interests. The other authors declare no competing interests.

Additional information

Supplementary information The online version contains supplementary material available at
https://doi.org/10.1038/s41586-025-08660-5.

Correspondence and requests for materials should be addressed to Jacob Reimer.

Peer review information Nature thanks Josh Morgan, Louis Scheffer and Srinivas Turaga for
their contribution to the peer review of this work.

Reprints and permissions information is available at http://www.nature.com/reprints.


https://bossdb.org/project/microns-minnie
https://bossdb.org/project/microns-minnie
https://www.microns-explorer.org/cortical-mm3
https://www.microns-explorer.org/cortical-mm3
https://h01-release.storage.googleapis.com/data.html
https://h01-release.storage.googleapis.com/data.html
https://navis-org.github.io/navis/
https://caveconnectome.github.io/CAVEclient/
https://github.com/reimerlab/NEURD.git
https://github.com/reimerlab/NEURD.git
https://doi.org/10.1038/s41586-025-08660-5
http://www.nature.com/reprints

nature portfolio

Corresponding author(s):  Jacob Reimer

Last updated by author(s): Aprs5, 2023

Reporting Summary

Nature Portfolio wishes to improve the reproducibility of the work that we publish. This form provides structure for consistency and transparency
in reporting. For further information on Nature Portfolio policies, see our Editorial Policies and the Editorial Policy Checklist.

Statistics

For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.
Confirmed

The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement

A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

< The statistical test(s) used AND whether they are one- or two-sided
N Only common tests should be described solely by name; describe more complex techniques in the Methods section.

A description of all covariates tested
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|:| For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

|:| For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes

OXX O OO0 O000F%

|Z| Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection  For image acquisition, we used Scanlmage 2017b. Stimuli were presented using PsychToolBox 3. The data collection process was automated
with Labview.

Data analysis Python 3.8 was the primary software and version used for this work. We used CAIMAN for automatic segmentation and deconvolution of
calcium imaging data. For mesh processing we used CGAL (4.11.1000), meshlab (meshlabserver: 1.0.0), trimesh (4.4.1), and meshparty
(1.16.14). For visualizations we used Neuroglancer (https://github.com/seung-lab/neuroglancer, tag v1.0.10 - v2.36 ) and ipyvolume (0.6.3).
Our custom built analysis pipeline (https://github.com/reimerlab/NEURD.git, release 0.1.4) also used general tools like Numpy (1.24.4),
Pandas (2.0.3), SciPy (1.10.1), scikit-learn (1.3.2), PyTorch (1.10.2+cpu), matplotlib (3.7.2), seaborn (0.13.0), Jupyter (ipykernel: 6.25.1), Docker
(23.0.1), and Kubernetes (1.22.11). For basic graph representations and querying we used networkx (2.8.8), dotmotif (0.9.2b), and netSci
(0.0.3). For storing and managing data we used Dataloint (0.12.9) and CAVE (4.12, 4.14, 4.16).

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.
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Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

All MICrONS data have already been released on BossDB (https://bossdb.org/project/microns-minnie, please also see https://www.microns-explorer.org/cortical-
mm3 for details). All HO1 data is as well public, with access instructions on their homepage (https://hO1-release.storage.googleapis.com/data.html). Additionally,
packages like NAVIS (https://navis-org.github.io/navis/) exist to facilitate easier access to both datasets. Therefore, because all datasets are publicly available and
the NEURD package is publicly available with extensive tutorials on how to run each stage in the pipeline, all data products of interest (used in the study and figures)
can be reproduced on demand and thus are not provided through another public API. However, for convenience some data products (such as synapse spine labels
and cell type subclasses) are already publicly available through CAVE (https://caveconnectome.github.io/CAVEclient/).

Human research participants

Policy information about studies involving human research participants and Sex and Gender in Research.

Reporting on sex and gender N/A

Population characteristics N/A
Recruitment N/A
Ethics oversight N/A

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size No sample-size calculation was performed a priori. Sample sizes (number of connections tested) match or exceed previous studies of similar
design. We are restricted to the singular EM volumes in the MICrONS and HO1 datasets.

Data exclusions  Of the 14 released MICrONS scans, one scan was excluded a priori from the study due to experimental issues (responses to some stimuli were
not collected due to water running out from the objective). For any morphological or connectivity analysis, neurons that errored out in our
preprocessing pipeline (mostly due to corrupted, missing or difficult to process submeshes) were not present in downstream analyses. For the
analysis involving functional data in the MICrONS dataset, neurons that did not pass the pre-established functional thresholds described in the
paper were excluded from the analysis in order to only compare functional properties in neurons that were well characterized.

Replication Due to the cost and time involved in producing the MICrONS and HO1 volume, second volumes are not yet prepared to allow reproducibility
testing.

Randomization  No randomization is performed since our study did not include multiple predefined experimental groups for sample allocation.

Blinding No blinding is performed during data collection since our study did not include predefined experimental groups for sample allocation.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.
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