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Abstract

Background: The rapid expansion of large-scale neuroscience datasets has increased the need for automated, accurate, and standardized
quality control (QC). Manual proofreading of 3-dimensional neural morphology (SWC files) remains labor-intensive, error-prone, and
non-scalable. We developed and evaluated a fully automated, machine-learning—driven QC pipeline to standardize neural reconstruc-
tions, detect and correct structural anomalies, and rectify dendritic labeling in pyramidal neurons. Methods: We developed an end-to-end,
cloud-deployed pipeline for automated QC, correction, and standardization of SWC-formatted neural morphologies. The framework inte-
grates deterministic structural normalization, topology repair, geometric correction, quantitative morphometric analysis, and graph-based
dendritic relabeling within a containerized React/Flask architecture deployed on Amazon Web Services. Rule-based algorithms system-
atically detect, classify, and correct structural irregularities including overlapping nodes, spurious side branches, non-positive radii,
disconnected components, and anomalously long parent-child connections. A graph convolutional network, trained on Sholl-derived
features from 20,500 pyramidal neurons, performs dendritic relabeling. Model training employed an 80/10/10 train—validation—test split
with adaptive learning-rate scheduling and distributed execution across ten runs to evaluate stability and reproducibility. The pipeline
generates images of the final product and computes quantitative morphometrics using L-Measure. Results: All neural reconstructions
were processed without manual intervention. Automated normalization and topology repair improved structural consistency and stan-
dardized neuronal morphologies for quantitative analysis and visualization while preserving topological and morphological continuity
throughout the correction process. Dendritic relabeling achieved a test classification accuracy of 99.51%, calculated from 2040 correctly
classified neurons out of 2050 test neurons (2040/2050 x 100 = 99.51%). The test dataset comprised a separate 10% partition of the
20,500-neuron dataset, resulting from the 80/10/10 training—validation—test split, with no overlap between the three subsets. The mean
validation accuracy across ten training runs also reached 99.51% at the final epoch, with class-weighted precision of 0.978 and recall
of 0.977. Validation accuracy increased rapidly during the initial epochs, exhibited a transient decrease at epoch 15 and subsequently
recovered and stabilized by epoch 50. Enforcing a single apical dendritic tree per neuron improved anatomical consistency without
reducing classification performance. Distributed training completed all runs in approximately 25 hours, demonstrating scalability and
reproducibility for large datasets. Conclusions: We present an automated, cloud-scalable open-source pipeline for standardizing neural
reconstructions and performing biologically consistent dendritic classification with high accuracy. The automated correction and rela-
beling procedures do not alter or compromise the size or unaffected morphological detail of the original SWC files, ensuring geometric
fidelity and compatibility with downstream analysis tools. This open-access framework provides a robust foundation for high-throughput
neural morphology curation and large-scale neuroanatomical analysis.
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1. Introduction

Three-dimensional digital reconstructions of neuronal
and glial morphology play a central role in modern neu-
roscience, enabling quantitative studies of neurite architec-
ture, branching processes, network connectivity, and cir-
cuit organization across development, disease, and species
[1,2,3]. Standardized neural morphology files, commonly
stored in the SWC format, support large-scale neuroinfor-
matics resources, computational simulations, and machine-
learning-driven discovery pipelines [4,5,6,7]. The public
repository NeuroMorpho.Org has now aggregated hundreds

of thousands of neural reconstructions contributed by lab-
oratories worldwide, reflecting rapid increases in the scale,
resolution, and heterogeneity of morphological datasets [8].
As the volume of morphological data continues to grow, en-
suring processing accuracy, consistency, and reproducibil-
ity has become a critical challenge for the neuroscience
community [9,10,11,12].

Manual proofreading of neuronal reconstructions re-
mains the predominant approach for resolving tracing ar-
tifacts, enforcing format validity, pruning anatomical er-
rors, and labeling dendritic arbors such as apical and basal
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trees in pyramidal cells [13,14]. However, manual inter-
vention is time-consuming, subject to inter-annotator vari-
ability, and increasingly impractical in the era of high-
throughput imaging pipelines and large-scale connectomics
initiatives [15,16,17,18]. Standardization tools exist to
evaluate reconstruction quality and verify SWC compli-
ance, yet these tools still require expert intervention, frag-
mented workflows, or non-scalable computing environ-
ments [4,5,9,19,20]. Likewise, automated structural checks
do not fully address biological plausibility concerns such as
anomalous branch geometry or dendritic mis-labeling, is-
sues that directly impact downstream biological interpreta-
tion, morphometric analyses, and computational modeling
[21,22,23].

Recent advances in machine learning, high-
performance computing, and cloud-based ecosystems
provide an opportunity to fundamentally modernize neural
morphology quality control (QC) [24].  Graph-based
learning frameworks, including graph convolutional neural
networks (GCNs), have demonstrated strong performance
in neuron classification and structural inference tasks
by leveraging the topological nature of dendritic trees
[25,26,27,28,29]. Yet, despite this technological progress
[30,31,32], no end-to-end automated solution currently
exists to standardize SWC files, correct structural irregu-
larities, and apply biologically consistent dendritic labeling
at scale within a unified, web-accessible, and user-friendly
environment.

To address this gap, we designed, implemented,
deployed, and evaluated a fully automated, cloud-
based QC platform that integrates existing morphology-
standardization utilities, custom correction algorithms, and
a GCN-based dendritic relabeling model into a scalable
cloud architecture. Our system enables researchers to up-
load neural reconstructions, automatically detect and cor-
rect structural anomalies, enforce SWC compliance, repair
biologically implausible dendritic configurations, and as-
sign apical and basal dendrite labels with high accuracy,
all with minimal user intervention. The objective of this
pipeline is to support large-scale neuroinformatics work-
flows, with a focus on NeuroMorpho.Org, while reducing
manual burden and increasing reproducibility and standard-
ization across laboratories and datasets.

2. Materials and Methods

We developed a web-based QC platform for stan-
dardized processing, structural correction, and automated
dendritic relabeling of neural reconstructions encoded in
SWC format and submitted by research groups worldwide
to NeuroMorpho.Org. The platform integrates a React-
based front-end with a Flask back-end, containerized using
Docker and deployed on Amazon Web Services (AWS), en-
abling scalable and reproducible automated analysis work-
flows. Through the web-based application programming
interface (API), users upload one or more SWC files, which

are stored in a dedicated Source-Version directory within
the containerized processing environment.

Upon upload, the back-end verifies file presence, ex-
tension, structural validity, and admissible node types be-
fore initiating downstream processing. Invalid or mal-
formed files are separated into quarantine folders, whereas
valid reconstructions are assigned appropriate permissions
and routed into the corresponding analysis pipelines. The
system then executes three primary automated workflows:
(i) structural standardization, (ii) long-connection detection
and correction, and (iii) automated pyramidal dendritic re-
labeling. Each pipeline operates on the same SWC input
but focuses on different aspects of morphological QC.

The first pipeline performs structural standardization
to ensure consistent formatting and topology across up-
loaded reconstructions prior to further analysis. At the
beginning of each processing run, temporary and output
directories are cleared and recreated to provide a clean
processing environment. Each SWC file is examined
line by line to verify the expected seven-column format,
valid parent-child relationships, and permitted node types.
To maintain compatibility with normalization utilities and
legacy datasets, certain branch-type labels are temporar-
ily remapped during preprocessing and restored after stan-
dardization. The workflow then executes an automated
sequence of normalization and verification steps designed
to correct structural inconsistencies. These include re-
moval of duplicate spatial points, correction of overlap-
ping nodes, pruning of included side branches, and repair of
non-positive radius values. Intermediate diagnostic codes
are generated and logged to identify the types of irregulari-
ties encountered during processing. Standardized files, pro-
cessing logs, and summaries are written to dedicated out-
put directories. These outputs preserve both the corrected
reconstruction and detailed records of the structural issues
identified and resolved during the standardization proce-
dure, ensuring reproducibility and traceability of the nor-
malization process.

The second pipeline addresses long connections and
disconnected subtrees, which are common artifacts in digi-
tal neural reconstructions. After standardization, each SWC
file is converted into a directed graph representation using
NetworkX (version 3.1; https://networkx.org/) [33], where
nodes correspond to morphological points and edges repre-
sent parent—child connectivity. For each parent—child pair,
the Euclidean distance between nodes is calculated. The
distribution of connection lengths within a reconstruction
is then summarized using mean and standard deviation.
Edges whose lengths exceed a user-defined multiple of the
standard deviation (6 by default) are considered anoma-
lously long connections. When such edges are detected,
the corresponding parent—child relationships are removed
and the connectivity of the graph is updated. Following re-
moval of anomalous edges, the pipeline identifies the soma-
containing main tree and any disconnected components.
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Detached subtrees are evaluated relative to the soma, and
candidate reconnection points are identified based on spa-
tial proximity and graph topology. If a detached compo-
nent lies within an adaptive threshold distance, it is auto-
matically reconnected to the main arbor. The process it-
erates until no disconnected tree remains or a predefined
iteration limit is reached. For each reconstruction, the sys-
tem records statistics including the mean connection length,
standard deviation, connection threshold, number of long
edges detected, number of edges removed, and number of
nodes or subtrees reconnected. These metrics are stored in
summaries and control files, enabling detailed auditing of
the correction process.

The third pipeline performs automated assignment of
pyramidal dendritic labels, distinguishing apical and basal
trees within reconstructed neurons. Each SWC file is parsed
into a directed morphology graph in which nodes store
spatial coordinates, radius values, and parent—child rela-
tionships. The soma is identified as the root node, and
the arbor is decomposed into subtrees originating from the
soma’s direct children. The soma serves as the anatom-
ical root for graph traversal and dendritic tree extraction
and is included in the graph representation to preserve con-
nectivity between the soma and the neuronal arbor. How-
ever, the pipeline does not reconstruct, modify, or evalu-
ate the detailed three-dimensional geometry of the soma.
Instead, the original soma representation encoded in the
input SWC file is preserved throughout processing, while
all automated standardization and correction procedures are
applied exclusively to the branched neuronal arbor. This
design accommodates the simplified or format-dependent
soma representations commonly found in SWC files [5,6]
while avoiding the introduction of artificial soma geome-
try. For each candidate subtree, a set of morphology de-
scriptors is computed to characterize its structural and spa-
tial properties. These descriptors include node count, num-
ber of bifurcations, maximum Euclidean distance from the
soma, maximum root-to-tip path length, total arbor length,
Sholl-derived radial complexity, and principal spatial axis
orientation. Using these descriptors, candidate dendritic
trees are evaluated to determine the most likely apical den-
drite, while the remaining eligible trees are classified as
basal. Small unbranched stubs and non-dendritic compo-
nents (e.g., axon) are excluded from the apical candidate
set. In addition to the rule-based morphology evaluation, a
neural classifier implemented in PyTorch [34] was used to
learn tree-level dendritic identity from the extracted mor-
phology features. The model consists of a compact multi-
layer neural architecture that accepts a feature vector rep-
resenting each tree and produces a three-class prediction
corresponding to apical, basal, or other (additional details
provided in Supplementary Material). For model devel-
opment, a dataset of 20,500 pyramidal neurons from Neu-
roMorpho.Org was randomly divided into training, vali-
dation, and testing subsets (80/10/10). Training was per-
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formed over multiple cycles using the Adam optimizer [35]
with adaptive learning-rate scheduling based on validation
loss. To accelerate processing, computation was distributed
across multiple processes using Message Passing Interface
(MPI), allowing parallel parsing of SWC files, feature ex-
traction, and model evaluation. Model performance was
assessed using file-level accuracy together with weighted
precision, recall, F1-score, and cross-entropy loss.

To support visual verification of neural reconstruc-
tion corrections, the pipeline was augmented with an auto-
mated Portable Network Graphics (PNG) rendering work-
flow, which converted the processed SWC files into images
stored alongside the associated log reports.

The entire system, including the web interface, back-
end processing modules, morphology correction algo-
rithms, neural classification model, and visualization tools,
was containerized using Docker and deployed on AWS in-
frastructure. Centralized logging captured all processing
stages, including standardization, structural correction, and
dendritic relabeling, while the web interface provided real-
time feedback on processing status. This architecture en-
abled scalable, automated, and reproducible quality control
of large neuronal morphology datasets.

3. Results

We developed an end-to-end automated quality-
control, correction, and standardization framework for
SWC-formatted neural morphology reconstructions (Fig.
1). The platform exposes a web-based API that initiates
a fully containerized processing pipeline, integrating deter-
ministic structural proofreading, automated normalization,
topology repair, geometric correction, morphometric analy-
sis, and machine-learning—based dendritic relabeling within
a unified cloud-deployed computational environment.

Users interact with a React-based front-end to up-
load SWC files (Fig. 1A). The files are routed through
a Flask-based back-end that orchestrates the standardiza-
tion workflows within isolated Docker containers deployed
on AWS (Fig. 1B). In addition to native SWC inputs,
other morphology file formats can be incorporated follow-
ing conversion through xyz2swc [6], which is also ac-
cessible via API, enabling compatibility with heteroge-
neous reconstruction platforms. Upon ingestion, SWC
files undergo automated structural validation and format-
ting using established computational neuroanatomy tools,
including L-Measure [4], StdSwc [5], and scripts devel-
oped as part of the NeuroMorpho.Org ingestion process
[8]. These programs detect geometric and topological ir-
regularities prior to normalization. Identified anomalies,
including overlapping nodes, duplicate points, non-positive
radii, spurious side branches, disconnected components,
and anomalous parent—child relationships, are encoded us-
ing conventional irregularity codes [5] and logged for trace-
ability. The correction routines are then executed pro-
grammatically, eliminating the need for manual interven-
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React front-end and a Flask back-end interconnected within a Docker network and hosted on Amazon Web Services (AWS) Cloud. PNG,
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tion. Long-connection anomalies are identified through Eu-
clidean distance computation within the neural graph rep-
resentation. Connections exceeding statistically defined
thresholds are removed, producing isolated subtrees that are
subsequently evaluated and iteratively reconnected based
on spatial proximity constraints, ensuring global structural
coherence. Following this automated topology repair, stan-
dardized reconstructions undergo quantitative morphomet-
ric analysis. Compartment-specific measurements are ex-
ported as structured datasets, and corrected SWC files are
rendered as PNG visualizations for rapid inspection. Fi-
nal outputs, including standardized morphologies, correc-
tion logs, morphometric tables, and visualization files, are
packaged for user download. Strict directory isolation, cen-
tralized logging, and containerized execution ensure repro-
ducible, transparent, and fully automated quality control of
large-scale neuronal morphology datasets while formaliz-
ing expert curation logic.

As shown in Fig. 1, the automation framework
comprises three processing pipelines that differ in scope
and downstream outputs. The primary (blue) SWC stan-
dardization pipeline and the secondary (red) AutoCon-
nect pipeline share a common processing stage, designated
SWC Preprocessing and Structural Irregularity Correction,
which encompasses SWC normalization, irregularity log-
ging, overlapping-point removal, sidebranch deletion, and
radius-irregularity handling. Following this shared stage,
the primary pipeline computes quantitative measurements

and generates PNG renderings, thus serving as the main
workflow for ingestion of new data into NeuroMorpho.Org.
In contrast, the secondary (red) pipeline performs the same
standardization steps while also detecting and removing
long-connection artifacts; however, this pipeline does not
generate morphometric measurements or visualization out-
puts. The tertiary pipeline is restricted to dendritic labeling
and PNG generation. Therefore, morphometric measure-
ments are produced exclusively within the primary pipeline.
Overlapping points, flagged with code 2.6 in the Stan-
dardization Log, arise when two or more nodes occupy
identical spatial coordinates, typically due to tracing ar-
tifacts or redundant sampling during reconstruction (Fig.
2). Although subtle, such overlaps can distort parent—child
relationships and compromise morphometric analyses and
electrophysiological simulations. These anomalies are ex-
tremely challenging to identify and remove by manual in-
spection and editing. By systematically detecting and fixing
overlapping points at the outset, the framework ensures the
integrity and correctness of downstream applications.
Spurious side branches, flagged in the Standardization
Log with code 2.7, typically arise when tracing software
inadvertently embeds a short collateral stub fully encased
within the parent dendritic shaft, creating artifactual skele-
ton bifurcations that do not reflect true neuronal anatomy
(Fig. 3). Such irregularities can distort branching statis-
tics by inflating bifurcation counts and mislead downstream
classification models. These artifacts are also difficult to
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Fig. 2. Automated detection and correction of overlapping points in neural morphology reconstructions. The left panel shows a

neuron containing overlapping points detected during the standardization process. The middle panel illustrates two non-adjacent points

occupying the same space: blue (index 156) and red (index 158), corresponding to the purple node. The right panel shows the red

overlapping point removed after normalization.

detect visually, but the automated framework resolves them
seamlessly through internal graph-based pruning routines
without operator intervention.

Non-positive radii, flagged in the Standardization Log
with code 4.1, occur when a node is assigned zero or neg-
ative thickness during reconstruction, an obvious phys-
ical impossibility often produced by data export incon-
sistencies (Fig. 4). Although seemingly minor, such
anomalies can invalidate surface area and occupied vol-
ume measurements, in addition to compromising compu-
tational simulations. Previously, correcting these inconsis-
tencies required manually executing external utilities such
as stdswe.java 5], introducing additional steps and comput-
ing requirements. The automated framework programmati-
cally changes these values to match the radius of the parent
node, ensuring biologically valid thickness for all segments
prior to downstream analysis.

The first pipeline (SWC Standardization in Fig. 1B)
integrates these corrections into a unified framework. Side
branches (11% of processed archives) and overlapping
points (10% of processed archives) represent two of the
most frequently encountered irregularities, consistently
ranking among the top five anomaly categories across
tracing systems [8]. In the previous NeuroMorpho.Org
processing workflow, files were processed sequentially—
standardization, overlapping-point removal, spurious side-
branch pruning, morphometric computation, and PNG
generation—often requiring manual transfers between sep-
arate folders at each stage [36]. This fragmented process
increased processing time and user interaction (average pro-
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cessing time 62.5 + 53 min, n = 45), introducing labor cost
inefficiency and risks of operator error. Consolidating these
steps into a single automated pipeline substantially reduces
human intervention and eliminates file-handling overhead,
decreasing user interaction time by at least 30 times while
ensuring consistent, reproducible processing across large
datasets.

Long connections represent one of the most struc-
turally disruptive reconstruction artifacts. These errors oc-
cur when tracing inaccuracies produce incorrect parent—
child relationships between nodes that span implausibly
large distances not reflective of natural arbor continuity
(Fig. 5). Such edges distort neural geometry, compromis-
ing morphometric measurements and downstream classifi-
cation. To address this issue, the application automatically
computes the distribution of edge lengths for every recon-
struction based on the Euclidean distances between con-
nected nodes. Connections exceeding a user-defined statis-
tical threshold (with default value of six times the standard
deviation of inter-node distances) are deemed erroneous
and removed, followed by amputation of isolated nodes that
are not part of the soma. Because pruning these anoma-
lies fragments the neural arbor, the pipeline then enacts a
stitching procedure that identifies the main tree containing
the soma and evaluates isolated subtrees based on spatial
proximity. Subtrees located within a biologically plausi-
ble distance from the soma, main arbor, or each other are
reconnected by updating parent—child relationships. This
reconnection process is performed iteratively using adap-
tive thresholding to ensure that all disconnected compo-
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nents are progressively joined while preserving the intrinsic
morphological integrity of the original reconstruction (Fig.
5). Throughout this process, quantitative metrics (mean
edge distance, standard deviation, number of long connec-
tions detected, and number of isolated nodes) are recorded
for each file, ensuring that topology repair is not only auto-
mated but also transparent and auditable.

Consistent with prior reports [8], long connections
represented the most prevalent structural anomaly, occur-
ring in 15.7% of processed archives. Before the introduc-
tion of this pipeline, correction of these issues required
manual editing by a human operator using tools such as
Vaa3D [19], NeuTube [22], or TREES [37], typically re-
quiring several minutes for each long connection. In this
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A Neuron with long connections

Fig. 5. Long connection detection and automated correction in neural morphologies. (A) Neuron with long connections irregularity

having segment lengths greater than the user-defined threshold (here, the default value of 6 times the standard deviation). (B) From a

total of 38,645 connections, 22 connections were considered long connections and removed from the neuron after normalization.

case, automation has a large impact in terms of efficiency
and scalability. In a sample of 264 FlyWire reconstruc-
tions processed through the long-connection pipeline, an
average of 27.1 £ 45.5 long connections per file were cor-
rected in 2.5 + 25.8 seconds. Importantly, overlapping
points were also resolved concurrently (1.9 = 2.6 per file),
meaning that reconstructions emerged from the pipeline
fully prepared for morphometric measurement and visual-
ization without additional preprocessing. Tasks that previ-
ously required 2 minutes to 1 hour of manual curation per
file were thus reduced to seconds through deterministic au-
tomation. The framework also enables correction of large-
scale reconstructions without compromising morphological
fidelity. Manual editing with older computing platforms of-
ten requires resampling of today’s larger-sized data files to
reduce node density, thereby risking loss of geometric de-
tail. The new automated approach eliminates the need for
resampling. For example, four large reconstructions from
the Peng archive containing long-connection artifacts were
corrected in an average of 39.6 + 21.4 minutes of comput-
ing time, during which 2476.0 + 606 long connections and
1380.0 + 414.7 overlapping points were removed per file
while preserving the original structural resolution. In these
cases, the user interaction time was less than 5 minutes for
data upload, download, and visual confirmation of accu-
rate processing. Together, these results demonstrate that
automated long-connection correction not only accelerates
processing but also preserves structural integrity, enabling
high-fidelity reconstruction repair at scales previously im-
practical for manual curation.
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To further evaluate structural preservation following
automated correction, we performed quantitative morpho-
metric validation by comparing original and standardized
reconstructions over 500 randomly sampled files from Neu-
roMorpho.Org capturing a broad diversity of independent
labs, animal species, brain regions, cell types, experimen-
tal methods, and reconstruction systems. Multiple com-
plementary statistical measures demonstrated strong agree-
ment between pre- and post-standardization morphometric
properties. Pearson correlation coefficients and intraclass
correlation coefficients (ICC) demonstrated strong agree-
ment for representative major structural measurements, in-
cluding volume (r = 0.9999; ICC = 0.9999), bifurcation
counts (r = 0.9982; ICC = 0.9982), branch counts (r =
0.9984; ICC = 0.9984), and depth (r = 0.9954; ICC =
0.9739). Mean percentage differences remained low for
most features, including 0.57% for volume, 1.12% for bi-
furcation counts, and 0.85% for branch counts, while paired
statistical testing demonstrated no statistically significant
differences between the original and standardized measure-
ments for the above-mentioned morphometric parameters.
All analysis results are available in the Supplementary
Material. Collectively, these findings support the ability
of the proposed framework to preserve the overall morpho-
metric characteristics of neuronal reconstructions while im-
proving structural consistency and reconstruction validity.

Following structural correction and topology restora-
tion, the next critical step is ensuring biologically consistent
dendritic labeling. In pyramidal neurons, the presence of a
(typically single) apical dendrite stemming from the soma
in addition to (generally multiple) basal trees is a defining


https://www.imrpress.com

(TR SN S E—
% v
/
/
- /
& I
> /
Q
g I
S 60f [ 1
< [
1
/
401/ ¢
/ = = Validation (Mean)
r +1SD
== == Test Accuracy: 99.51% (2,040/2,050 neurons)
20
5 10 15 20 25 30 35 40 45 50
Epoch

Fig. 6. Machine learning—based detection and automated correction of dendritic tags in pyramidal neurons. The left panel shows

a pyramidal neuron reconstruction exhibiting uniformly labeled dendrites (green) prior to correction. The middle panel presents the mean

validation accuracy of the Graph Convolutional Network (GCN) model across ten independent training runs of 50 epochs each, with the

shaded region representing +1 standard deviation. Validation accuracy increased rapidly during the initial epochs, exhibited a transient

fluctuation at epoch 15, and subsequently recovered and stabilized, reaching a mean accuracy of 99.51% at the final epoch. Evaluation

on a separate, non-overlapping test dataset comprising 2050 neurons (10% of the original 20,500-neuron dataset) yielded a classification
accuracy of 99.51%, with 2040 neurons correctly classified (2040/2050 x 100 = 99.5122%). The orange dashed line represents the
independently calculated test accuracy. The right panel shows the same neuronal reconstruction after automated correction, with basal

dendrites (type 3) shown in green, apical dendrites (type 4) in magenta, and the axon (type 2) in gray. SD, Standard Deviation.

anatomical feature; however, formatting artifacts and non-
specific labeling frequently disregard this distinction. To
address this challenge, we applied a graph convolutional
network (GCN) trained on 20,500 curated pyramidal neu-
ron reconstructions to identify and correctly tag the apical
tree within the overall dendritic arborization (Fig. 6).

We trained the model over ten independent runs to as-
sess stability and reproducibility, and generalization perfor-
mance. Prior to dataset partitioning, the complete dataset
was randomly shuffled using np.random.shuffle(all files)
to reduce ordering bias before generating the 80/10/10 train-
ing, validation, and test splits. The mean validation ac-
curacy across the ten training runs, calculated by aver-
aging the final-epoch validation accuracies from all runs,
was 99.51%. Validation accuracy increased rapidly dur-
ing the initial training epochs, exhibited a transient fluctu-
ation at epoch 15, and subsequently recovered and stabi-
lized at 99.51% by the final epoch. This convergence pat-
tern demonstrates consistent validation performance across
the training runs. Evaluation on the separate test dataset,
comprising 10% of the original 20,500 neurons, with 2040
of 2050 neurons correctly classified (2040/2050 x 100
= 99.5122%), also yielded a classification accuracy of
99.51%. The close agreement between validation and test
accuracies indicates consistent classification performance
and supports the model’s ability to generalize to unseen

neuronal morphologies. Fig. 6 illustrates the mean val-
idation accuracy across training epochs, with the shaded
region representing +1 standard deviation, together with
the independently calculated test-set accuracy. At the class
level, weighted precision, recall, and F1-scores were 0.978,
0.977, and 0.977, respectively, reflecting balanced perfor-
mance despite dataset imbalance. In addition to classifica-
tion accuracy, the evaluation framework was extended to
include confidence scoring and uncertainty quantification.
Across test runs, the model achieved a mean confidence
score of 0.8680 and a corresponding uncertainty score of
0.1320, providing an additional measure of prediction reli-
ability. Training employed adaptive learning-rate schedul-
ing to ensure stable convergence. To increase biological
fidelity, the framework enforced the presence of exactly
one apical tree per neuron. Incorporating this constraint
improved anatomical consistency without compromising
classification accuracy, aligning computational predictions
with established cellular morphology. All per-neuron pre-
dictions, node sequences, and evaluation metrics are pro-
vided as CSV files in the Supplementary Material. All ten
training runs were completed in approximately 25 hours,
demonstrating scalability to large morphological datasets.
Collectively, these findings indicate that the GCN-based re-
labeling module achieves highly accurate dendritic classi-
fication while preserving biologically grounded constraints
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and maintaining reproducible performance across indepen-
dent training runs.

To further evaluate model generalizability, we per-
formed an independent cross-dataset validation using newly
released neuronal reconstructions that were unavailable
during model development. Specifically, we queried Neu-
roMorpho.Org for all pyramidal neurons containing an api-
cal dendrite that were added during the peer-review pe-
riod following the original manuscript submission. This
search identified 341 previously unseen neuronal recon-
structions contributed by 17 independent laboratories that
were not represented in the training, validation, or test
datasets used to develop the graph-based dendritic rela-
beling model. To perform a blinded evaluation, all apical
dendrite annotations were removed before inference, and
the previously trained model was tasked with automatically
identifying the apical dendrite in each reconstruction with-
out re-training. Of the 341 neurons, 336 were correctly
classified, corresponding to an independent cross-dataset
accuracy of 98.53%. These findings demonstrate that the
proposed framework maintains high classification perfor-
mance on newly acquired external data originating from in-
dependent laboratories, supporting the robustness and gen-
eralizability of the automated dendritic relabeling approach
beyond the original training and evaluation datasets.

4. Discussion

The present work demonstrates that automated, end-
to-end quality control and dendritic relabeling for neural re-
constructions is both feasible and highly reliable at scale.
By integrating standardized morphology-processing tools
with a deep graph-based model and a cloud-native orches-
tration framework, we bridge a longstanding gap between
manual curation practices and the computational demands
of modern neuroinformatics pipelines.

A key strength of this system is the combination of
deterministic structural correction algorithms with prob-
abilistic classification for biological consistency. Tradi-
tional standardization utilities efficiently identify and repair
syntactic or geometric irregularities, yet require substantial
manual oversight and fragmented execution environments.
In contrast, the current architecture centralizes these steps,
tracks each operation, and secures reproducibility through
containerization, directory isolation, and automated log-
ging. This integration reduces operator burden and min-
imizes human variability, addressing a critical bottleneck
when managing large or continuously updated neural data
collections. The importance of scalable and automated pro-
cessing is further underscored by the emergence of massive
connectomics and neuroanatomical datasets containing mil-
lions of reconstructed neuronal segments and synaptic con-
nections, such as those produced by the FlyWire project
[38], the Brain Initiative Cell Census Network [39], the
MICrONS program [40], and other recent large-scale re-
construction efforts, which collectively highlight the need
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for reliable automated pipelines capable of handling in-
creasingly complex and high-volume morphology datasets
[41,42,43,44].

Although the current validation demonstrated strong
morphometric agreement between original and standard-
ized reconstructions, establishing that the automated cor-
rections fully reproduce biological ground truth would re-
quire broader benchmarking against independently gener-
ated expert-curated or manually proofread reconstructions
across diverse datasets. Nevertheless, the statistical consis-
tency observed across multiple complementary morphome-
tric measures supports the use of the proposed framework
for improving reconstruction consistency while preserving
key morphometric characteristics relevant to downstream
quantitative analyses. Future work will further strengthen
this validation through expanded expert-annotated bench-
marking and larger-scale comparative analyses [45,46].

The reliability of the graph convolutional network in
identifying biologically plausible dendritic labeling also
represents a meaningful advance. Pyramidal neurons, with
their characteristic apical dendrite morphologically and bio-
physically distinct from the basal trees, represent the most
abundant excitatory neuronal class in the mammalian cere-
bral cortex of which they constitute the sole long-range pro-
jecting output across multiple species [47,48,49,50]. This
biological prominence is reflected in NeuroMorpho.Org,
where pyramidal neurons account for nearly one-fifth of
the entire database content. The distinction between api-
cal and basal trees is functionally critical, as these dendritic
domains receive different afferent inputs and support spe-
cialized computational roles [51,52,53]. Basal dendrites
primarily integrate local intracortical and feedforward in-
puts, whereas apical dendrites are preferentially targeted
by long-range, feedback, and modulatory projections, con-
tributing to hierarchical processing, contextual modulation,
and learning-related plasticity [51,52]. Moreover, basal and
apical trees follow specialized developmental cues [23],
and the axon can originate from basal, but not apical den-
drites [54]. Accurate identification of these compartments
is therefore essential for faithful morphometric analysis,
biologically grounded circuit modeling, and interpretation
of domain-specific synaptic integration. By enabling au-
tomated and reliable apical-basal delineation at scale, our
framework supports large-scale studies of excitatory neuron
structure—function relationships across species and brain re-
gions. Ensuring accurate and automated identification of
apical branches enables more faithful downstream compu-
tational simulations, morphometric comparisons, and cir-
cuit analyses.

The independent cross-dataset validation of dendritic
relabeling demonstrated strong generalization to newly re-
leased reconstructions originating from previously unseen
sources. These findings provide additional evidence that
the proposed approach generalizes beyond the original
training data and is suitable for deployment within con-
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tinuously expanding neuroinformatics repositories. Nev-
ertheless, additional validation remains warranted. Future
studies should extend this evaluation to broader experi-
mental methods, additional morphology repositories, di-
verse reconstruction methodologies, imaging modalities,
and species. Comparative benchmarking against expert-
curated reconstructions and alternative machine learning
approaches will further establish the robustness and gen-
eralizability of the proposed framework.

While the performance outcomes are strong, opportu-
nities also remain for continued development. Expanding
the feature space beyond Sholl-based metrics may improve
generalization to additional structural domains (e.g., axons)
and neuron types [55]. Incorporating unsupervised compo-
nents or self-supervised learning may further enhance ro-
bustness in settings with incomplete or noisy training labels.

Importantly, the cloud-oriented design ensures that
the system is not limited to a single laboratory or com-
pute setting. The use of Docker and AWS allows consis-
tent deployment across institutions, enabling scalable and
collaborative workflows. Such portability paves the way
for community-wide implementation in shared data repos-
itories, imaging facilities, and automated reconstruction
pipelines, ultimately enhancing transparency, reproducibil-
ity, throughput, and fair credit assignment of morphological
datasets worldwide [56]. Overall, this platform provides a
scalable and reproducible foundation for the next genera-
tion of neuron morphology curation. This capacity will be
increasingly critical as emerging imaging technologies and
connectomics programs continue to accelerate data acqui-
sition far beyond the limits of manual review. The system
represents a practical step toward fully automated morpho-
logical curation and sets the stage for broader integration of
artificial intelligence in structural neuroscience workflows.

Limitations

The current framework operates on neural reconstruc-
tions represented in the SWC format and does not sup-
port other reconstruction formats or image-based represen-
tations, although it can be pipelined with the recently intro-
duced xyz2swc converter [6]. The soma serves solely as the
anatomical root for graph traversal and dendritic tree extrac-
tion; automated correction and standardization are applied
exclusively to the branched neuronal arbor, while the orig-
inal soma representation is left unchanged. In addition, the
graph convolutional network was trained on pyramidal neu-
ron datasets containing a single apical dendrite. Tackling
the relatively rarer cases of pyramidal cells with multiple
apical dendrites will require more extensive training with
specialized datasets, and possibly a modification of the ma-
chine learning module.

Although the proposed framework quantitatively pre-
serves neuronal morphology while correcting structural in-
consistencies, its performance was not evaluated against
expert manual proofreading or an independently curated
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biological ground-truth dataset. Consequently, the auto-
mated corrections should be interpreted as improvements
in structural consistency and data quality rather than defini-
tive validation of biological accuracy. Future work may
include systematic comparisons with expert-curated recon-
structions to further assess the biological fidelity of the au-
tomated corrections. Moreover, this study primarily fo-
cused on the needs, opportunities, and datasets of Neuro-
Morpho.Org. Future extensions could adapt and expand
this framework to additional more diverse data sourced and
training datasets to further enhance robustness and broaden
applicability across the neuroscience community.

5. Conclusions

This study introduces a fully automated, cloud-
enabled pipeline for the standardization, correction, and
biological refinement of neuronal morphology reconstruc-
tions. By unifying established morphology-processing
tools, reproducible containerized infrastructure, and a high-
accuracy graph convolutional network for dendritic relabel-
ing, the system eliminates key manual bottlenecks in SWC
data curation and ensures consistent, scalable processing
across large datasets. This framework provides a practical
foundation for future automated neuroinformatics infras-
tructures, facilitating rapid, reproducible, and standardized
preparation of morphological data for downstream compu-
tational analysis, atlas construction, and large-scale neuro-
science initiatives.

Availability of Data and Materials

The digital reconstructions of neural morphology
data were fetched from the publicly available reposi-
tory NeuroMorpho.Org. The source code and datasets
for the Standardization and Quality Control of the dig-
ital reconstructions of neural morphology are available
at https://github.com/HerveEmissah/nmo_swc_standardiz
ation. The executable pipeline is accessible at https://
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