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A deep learning framework for automated
cervical spinal cord vertebral labeling and
morphometric extraction from brain MRI
with large-scale multicenter validation

Check for updates

A list of authors and their affiliations appears at the end of the paper

This study aimed to develop and validate a fully automated pipeline for vertebral level identification
(C1–C3) of the upper cervical spinal cord (SC) in T1-weightedbrainMRIwith aquality controlmodule to
assess the generated masks. MRI data from 998 controls and 879 patients with hereditary ataxias (32
sites; age 5–85 years; 46%male) were used to train deep learning models (nnU-Net, U-Net with deep
supervision, SwinUNETR) for automatic vertebral labeling of C1–C3 levels. A secondary model based
on VGG, ResNet, and EfficientNet architectures was trained to identify vertebral labeling errors. The
pipeline also generates image quality metrics including signal-to-noise ratio, contrast-to-noise ratio,
coefficient of joint variation, andentropy focus criterion. External validationwasperformedusing2,737
MRIs from four public datasets, and clinical utility was demonstrated in a longitudinal cohort of 51
patients with multiple sclerosis. The nnU-Net achieved the highest performance (Dice: C1 = 0.85,
C2 = 0.89, C3 = 0.89), labeling 95.8% of mislabeled cases from the Spinal Cord Toolbox. The VGG-
based classifier achieved 97.9% accuracy and 98.7% sensitivity. External validation showed labeling
accuracies exceeding 92% in four of five datasets and sensitivity to longitudinal SC atrophy inmultiple
sclerosis. This pipeline enables scalable, reliable vertebral labeling andmorphometric extraction of the
upper cervical SC for multicenter studies and supports biomarker development in neurodegenerative
diseases.

The spinal cord (SC) is a crucial structure of the central nervous system,
responsible for conducting signals between the brain and the body, playing a
vital role inmotor and sensory functions1. Structural changes in the SC, such
as atrophy or deformities, are inherent in many neurological disorders1.
Technical advances have enabled increasingly detailed acquisition and
quantitative processing of SC structure usingMRI2. This includes the ability
to assess SC structure using standard brain 3D T1-weighted (T1w) MRI
with coverage of the upper cervical SC. This approach has generated pro-
mising biomarkers in various neurodegenerative diseases, including
amyotrophic lateral sclerosis (ALS), multiple sclerosis (MS), and degen-
erative ataxias3–6. The use of a singleMRI to assess both brain and upper SC
structure provides efficient translational potential for neurological and
radiological outpatient practice and research applications7. It also enables
the evaluation of upper SC in existing large public datasets (e.g., UK
Biobank)8 and research consortia (e.g., ENIGMA)3,4 where brain MRI is
ubiquitous, but SC-specific acquisitions are not available.

Accurate, reproducible, and generalizable automated quantification of
SC structure is challenging due to the complexity and variability of SC
structure and surrounding vertebrae and soft tissues, in-scanner positioning
(i.e., neck curvature), and MR signal characteristics. These challenges are
magnified in datasets that include SC damage and/or pediatric subjects9,10.
As a consequence, high rates of segmentation or quantification failures
occur in clinical samples when using currently available automated algo-
rithms, leading to substantial data loss and/or labor-intensive procedures to
manually correct errors3,4,9.

Recent advancements in deep learning offer promising solutions to
address data generalizability and accuracy. Deep learning algorithms, par-
ticularly convolutional neural networks (CNNs), can learn complex pat-
terns from large datasets,making themwell-suited for the task of automated
upper SCvertebral labeling11. By leveraging extensive trainingdatasets, these
models can account for image and anatomical variability, effectively
adapting to the diverse morphologies and imaging conditions encountered
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in clinical practice12.Moreover, the integration of deep learningwith quality
control (QC) processes can facilitate the identification of labeling errors and
segmentation inaccuracies from upstream processing, leading to more
reliable analyses and enhanced data integrity, especially in larger cohorts13.
Indeed, regulatory agencies explicitly emphasize that QC is a necessary
methodological safeguard to ensure robustness, scalability, and clinical
applicability of imaging pipelines14.

In this work, we generate an optimized deep-learning-based analytical
tool to accurately label the vertebral levels of the upper SC in human brain
3D T1wMRI. The algorithm is trained using data from healthy individuals
across the lifespan and individuals with qualitatively and quantitatively
variable SC degeneration from the TRACK-FA9, ENIGMA-Ataxia3,4, and
READISCA15–17 research consortia. To achieve a fully automated and
standardized tool that can be readily deployed for use in observational,
natural history, and treatment trials, a QC module was also developed to
provide quantitative metrics and automated visual inspection. This tool is
publicly available for use in observational and clinical trials (https://github.
com/art2mri/Enigma-SC).

Results
For this study, we enrolled a total of 4665 brain 3D T1w MRI, 924 in
vertebral labeling training, 1396 specifically for training the automated
visual QC (Table 1), and 2788MRI volumes for external testing (Table S1).
The age ranges from 5 to 85 years, and 2112 (45.3%) males, 2553 (54.7%)
females, 1455 (31.2%) pediatric individuals, and 3210 (68.8%) adults.
Healthy individuals account for 3,735 (80.0%) of theMRI volumes followed
by354 (7.6%)Friedreich’sAtaxia (FRDA), 119 (2.6%) spinocerebellar ataxia
(SCA) type 1 (SCA1), 87 (1.9%) SCA2, 246 (5.3%) SCA3, 25 (0.5%) SCA6,
48 (1.0%) SCA7 and 51 (1.1%) MS.

Labeling task
For the vertebral labeling task, the nnU-Net model exhibited the highest
performance across all evaluated metrics (Tables 2 and S2). Although no
statistically significant differences between the evaluated architectures were
observed (Table S2). The nnU-Net framework was therefore selected based
on its recognized robustness, consistent performance, stable convergence
behavior, and widespread adoption for segmentation tasks in medical
imaging. The pipeline ran in approximately 32 s/image on an Nvidia RTX
A6000 48 GB. Using CPU-only hardware, the estimated processing time
was 2.3 h/image. Thefinal trainedmodel (nnU-Net) providedC2–C3 spinal
cord metrics that were very highly correlated with outcomes generated by
the reference toolbox (Spinal Cord Toolbox, SCT) for cross-sectional area
(CSA) (R = 0.84–0.95) and more moderately for eccentricity (ECC)
(R = 0.58–0.68) in both adults and children (age <18 years old)
(Figs. 1 and 2). Poorer correspondence was observed at the C1 level in both
cohorts (Figs. 1 and 2), especially in children, potentially due to substantial
variability in the spatial localization of the SCT C1 vertebral level. This
pattern is replicated when the data are divided into ataxic and healthy
control cohorts (Figs. S1 and S2). This variability in SCT-derived metrics is
markedly reduced when employing the nnU-Net model, indicating
improved consistency and anatomical alignment across subjects. This is in
line with the superior performance of nnU-Netmodel on the testing dataset
(698MRI volumes), which was able to correctly identify the vertebral levels
in 95.8%of the previously failed cases (669 of 698MRI volumes) (Table S3).

Automated quality control
The VGG-net architecture demonstrated the highest performance on the
automated quality control task, achieving high accuracy, sensitivity, and
specificity to detect both correct and uncorrected vertebral labeling with
minimal false positive and false negative cases (Table 3). EfficientNet-B7
also showed strongperformance (Table 3),while theResNetmodel achieved
slightly lower performance (Table 3). Despite the minimal variation in
accuracy acrossmodels, a keydifferencewas observed in convergence speed:
ResNet and VGG-Net reached stable performance within approximately 7
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training epochs, whereas EfficientNet-B7 required around 20 epochs to
converge.

External validation
The trained nnU-Net labeling model demonstrated robust performance
when evaluated on an external dataset comprising 2788MRI volumes from
five independent public and private sources. In four out of the five datasets,
the model achieved a vertebral labeling success rate of 92–99% (Table S4).
The only exception was the C-MIND (Cincinnati MR Imaging of
NeuroDevelopment)18 dataset (78% accuracy), in whichmostMRI volumes
includedonly a small portionof the SC, primarily restricted to theC1 region.
This limited field of view (FoV) hindered the model’s ability to reliably
identify anatomical landmarks of the SC. In contrast, SCT failed on all
C-MIND MRI volumes and had a labeling accuracy of 53–79% in the

remaining four datasets (Table S4). Additionally, the nnU-Net model out-
puts correlated well with SCT measures, with the C1 vertebral level again
showing the worst performance (Figs. S3 and S4). Outliers in the correla-
tions weremostly ascribed to SCTmisidentifications: in 49 out of 56 SCT or
nnU-Net outliers, the nnU-Net generated correct vertebral level identifi-
cations; in 3 cases SCTprovided correct results; and in 4 cases bothmethods
failed (Fig. S5).

The VGG-based label error model had high accuracy (87–98%) in
classifying correct and incorrect labeled images generated by thennU-Net in
four of the five external datasets (Table S5). The C-MIND (74% accuracy)
and NIH (National Institutes of Health (NIH) MRI study of normal brain
development)19 (66% accuracy) datasets represent challenging MRI
volumes for the model due to reduced FoV and image noise. Overall, these
results demonstrate a tendency toward false negatives, which facilitates the

Table2 |Performancemetricsof the traineddeep learningmodels for vertebral labeling (C1–C3) in the internal validationdataset

Vertebral level Model Dice IoU (Jaccard) Precision Recall Hausdorff distance

C1 nnU-Net 0.854 ± 0.029 0.749 ± 0.032 0.889 ± 0.033 0.829 ± 0.041 4.121 ± 0.659

U-Net DS 0.848 ± 0.037 0.736 ± 0.034 0.870 ± 0.029 0.812 ± 0.034 4.823 ± 0.431

SwinUNETR 0.841 ± 0.031 0.726 ± 0.034 0.860 ± 0.027 0.823 ± 0.033 5.822 ± 0.729

C2 nnU-Net 0.893 ± 0.021 0.807 ± 0.030 0.930 ± 0.029 0.875 ± 0.032 2.349 ± 0.414

U-Net DS 0.891 ± 0.034 0.803 ± 0.029 0.910 ± 0.028 0.864 ± 0.031 2.715 ± 0.498

SwinUNETR 0.892 ± 0.029 0.805 ± 0.031 0.910 ± 0.028 0.873 ± 0.037 2.576 ± 0.663

C3 nnU-Net 0.886 ± 0.024 0.796 ± 0.031 0.901 ± 0.027 0.890 ± 0.036 3.063 ± 0.532

U-Net DS 0.882 ± 0.031 0.778 ± 0.031 0.863 ± 0.028 0.873 ± 0.030 3.491 ± 0.557

SwinUNETR 0.883 ± 0.025 0.779 ± 0.033 0.890 ± 0.023 0.886 ± 0.032 3.214 ± 0.590

U-Net DS U-Net with Deep Supervision, IoU Intersection over Union.

Fig. 1 | Correlation of spinal cord cross-sectional area and eccentricity from SCT
and the proposed deep learning method. Scatterplots showing the linear rela-
tionship between spinal cord cross-sectional area (CSA in mm²) and eccentricity
(ECC) measurements obtained using the Spinal Cord Toolbox (SCT) and those
generated by the nnU-Net deep learning-based model in the test dataset (N = 698).

Analyses were restricted to the subset ofMRI volumeswhere both nnU-Net and SCT
successfully generated valid masks (N = 341), excluding cases where labeling failed
for either method (N = 357). Values represent the mean area across the first three
cervical vertebral levels (C1–C3), stratified by age group: children (<18 years,N = 12)
and adults (≥18 years, N = 329).
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quality check step. Although not yet highly accurate, the system reduces the
number of MRI volumes requiring visual inspection by accurately flagging
correctly labeled images (Table S5). Only images flagged as mislabeled
therefore require manual screening.

The quantitative image quality metrics were able to accurately differ-
entiatedifferent categories of SC imagingquality, except for the coefficientof
joint variation (CJV),whichdidnot showstatistical significance between the
groups (p > 0.05) (Fig. 3A, Table S6). The receiver operating characteristic
(ROC) curve revealed signal-to-noise ratio (SNR) (area under the curve
(AUC) = 0.998) and entropy focus criterion (EFC) (AUC= 0.924) as the
best metrics to discriminate between acceptable (medium or high) versus
low-quality MRI volumes (Fig. 3B, Table 4). Cut-off values for identifying
low-quality data are SNR< 48 and EFC > 8.35 × 10−5 (Table 4). In the
external testing datasets (excluding C-MIND), datasets with higher SNR
and contrast-to-noise ratio (CNR) values and lower EFC values are more

likely to be labeled as “correct” (Tables S5–S8). Notably, CJV was retained
for completeness of evaluated image quality metrics but is not used for
threshold-based exclusion decisions.

To further assess generalizability across sites and acquisition protocols,
all imagequalitymetricswere computed independentlywithin eachexternal
dataset, again excluding C-MIND. The observed SNR, CNR, and EFC
consistently reflected dataset-specific image characteristics, supporting their
robustness across heterogeneous cohorts (Table S7). For example, NIHdata
acquired at 1.5 T and comprising predominantly pediatric subjects
(Tables S1 and S9) exhibited lower SNR and CNR and higher EFC values
(Table S7), consistent with lower field strength and increased motion-
related artifacts. Similarly,MSdatasets showed relativelypreserved SNRand
CNR but elevated EFC, consistent with increased motion and disease-
related variability (Table S7). IXI (Information eXtraction from Images)
(https://brain-development.org/ixi-dataset/) data, acquired predominantly

Fig. 2 | Spatial distribution of vertebral masks in a common template: SCT and
our method results. Spatial overlap in the vertebral masks generated by the trained
deep learning pipeline across all individuals in the test dataset (N = 329 adults,
N = 12 children). Analyses were restricted to the subset of MRI volumes where both
nnU-Net and SCT successfully generated valid masks (N = 341), excluding cases

where labeling failed for either method (N = 357). Masks were generated at the
individual level and spatially normalized to a common template. Signal intensity was
normalized on a scale from 0 to 1 to represent the relative density of labeled regions.
Areas with higher intensity indicate greater presence of the label in that location. C1,
C2, C3 = first, second, and third cervical vertebral levels.

Table 3 | Performancemetrics and training convergence epochs of the evaluatedmodels on the automated quality control task
(test dataset, N = 140)

Model Accuracy (%) Sensitivity Specificity TP TN FP FN Epochs to converge

VGG-net 97.9 0.987 0.969 75 62 2 1 ~7

EfficientNet-B7 97.1 0.973 0.969 73 63 2 2 ~20

ResNet 96.4 0.973 0.955 72 63 3 2 ~7

TP true positive, TN true negative, FP false positive, FN false negative.
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in adults across mixed 1.5 T and 3 T scanners (Tables S1 and S9), demon-
strated generally favorable image quality metrics (Table S7), while Human
Connectome Project Development (HCP-D) data showed reduced CNR
and SNR in the spinal cord region, reflecting suboptimal coil coverage and
background noise (Fig. S6 and Table S7).

Real-world application
To investigate SC-related MRI changes, we conducted an exploratory
analysis of group-level trajectories in SCmorphometric measures, CSA and
eccentricity, of patients with MS and controls who were scanned long-
itudinally up to four times (mean follow-up 9.05 ± 4.67 years). Progressively
decreasing CSA was evident at C1 and C2 vertebral levels in patients, while
control participants remained relatively stable during follow-up (Fig. 4,
Table S10). In contrast, eccentricity did not show significant change over
time. The highest effect size was observed for C1 CSA, both within-group
(standardized response means (SRM) =−0.73) and between-group
(Cohen’s d on slope =−0.70 for patients vs. controls).

Discussion
We developed a fully automated deep-learning-based toolbox to assess
upper SC structure in T1w brain MRI. This represents a key clinical

advantage, since brain MRI is more widely available than devoted spinal
cord imaging and allows to gain information on the spine from brain scans.
The toolboxprovides accurate automated vertebral labeling inMRIvolumes
with upper spinal cord coverage including at least vertebral level C2, a QC
report flagging likely low-quality MRI volumes or erroneous labels, and
calculation of spinal cord cross-sectional area and eccentricity at each ver-
tebral level. The pipeline exceeds the performance of a benchmark method
and fully automates an existing semi-automated solution4. The algorithm
was trained and tested using a wide variety of datasets and populations,
including children, individuals with spinal cord degeneration, and diverse
data augmentations. The final model showed robust performance during
external validation and sensitivity tomorphometric SC changes over time in
a patient cohort. The pipeline is publicly available and readily scalable to
large population datasets.

The optimized deep learning-based approach for vertebral level
labeling addressed critical challenges that have affected the accuracy of
existing methods3–5,10. In particular, the presence of anatomical alterations
such as SC atrophy, scoliosis, and curvature often hinders the performance
of spinal cord segmentation tools3,4,9. ThennU-Netapproach employedhere
demonstrated enhanced robustness and adaptability across variable anat-
omyand imagequality.Notably, the success of theproposedpipeline reflects
the availability of a rich and diverse training dataset and a carefully defined
labeling and quality control framework, rather than architectural novelty
alone, as nnU-Net-based architectures are also employed within SCT.
Current automated spinal cord processing pipelines show limited accuracy
in vertebral level identification, with the most pronounced errors occurring
at the C1 level due to its unique anatomy and lack of a well-defined inter-
vertebral disc10,20. This often results in cranio–caudal mislocalization, lead-
ing to inadvertent inclusion of brainstem tissue or exclusion of spinal cord
tissue, which artificially inflates or deflates CSA measurements20. Although
template-based registration approaches reduce variability at the group level,
vertebral correspondence at C1 remains particularly sensitive to inter-
subject anatomical variability and pathological alterations9,21. By improving
reliability in these challenging contexts, the model ensures greater con-
sistency in SC analyses, which is important for studies aiming to detect
subtle neurodegenerative changes or monitor disease progression5,22.

A further strength of this pipeline is the incorporation of an automated
QCsystem,whichflags potential labeling errors and inconsistencieswithout
requiring full visual verification of each case. Although theVGG-based label

Fig. 3 |QuantitativeMRI qualitymetrics relative tomanual grading.Quantitative
quality control metrics relative to manually graded MRI volumes. A Boxplots
illustrate the pairwise-group comparison for each quantitative MRI quality metric.
B Receiver Operating Characteristic (ROC) curves of classification performance in

distinguishing good (medium- and high-qualityMRI volumes) and low-qualityMRI
volumes. AUC area under the curve, *p < 0.05. SNR signal-to-noise ratio, CNR
contrast-to-noise ratio, CJV coefficient of joint variation, EFC entropy focus
criterion.

Table 4 | Parameters obtained from receiver operating
characteristic (ROC) curves to distinguish good (high- and
medium-) quality images and low-quality images for each
quantitative quality controlmetric, signal-to-noise ratio (SNR),
contrast-to-noise ratio, coefficient of joint variation (CJV), and
entropy focus criterion (EFC)

Metric AUC Cut-off Sensitivity Specificity

SNR 0.998 48.41 0.977 0.980

CNR 0.711 3.36 0.677 0.647

CJV 0.634 0.37 0.713 0.527

EFC (×10−5) 0.924 8.35 0.820 0.873

The cut-off values represent the minimum value for a given parameter to be assigned as a good-
quality image.
AUC area under the curve.
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error classification model solution requires further optimization to achieve
full automation, the current pipeline highlights the most questionable
outputs for visual review, enhancing the efficiency of manual inspection.
This is particularly important in multi-site clinical studies or population-
based cohorts,where the volumeof datanecessitates scalableQCsolutions23.
Additionally, the computation of image quality metrics specifically opti-
mized for the SC region allows users to better identify inconsistencies or
degradations that could affect the accuracy of downstream analyses.
Threshold values were established to serve as reference points for categor-
izing image quality as either good or low-quality. In many cases, image
artifacts, noise, or motion-related distortions may be present outside the
cord area, but have minimal to no effect on SC segmentation and labeling.
By focusing the quality assessment on the region of interest, the pipeline
ensures that researchers can prioritize meaningful quality issues without
discarding MRI volumes unnecessarily. This approach enhances efficiency
and promotes more informed decisions about data inclusion, which is
especially critical in studies with limited or heterogeneous datasets.
Importantly, the accuracy of theVGG-based label error classificationmodel
is less in low-qualityMRI volumes, increasing the likelihood of false outputs.
This observation highlights the importance of using the VGG-based label
error classificationmodel in tandemwith image qualitymetrics to select the
subset of MRI volumes requiring manual review (i.e., all MRI volumes
graded as low-quality should be reviewed or excluded).

The availability of an objective, automated approach for quantitative
assessment of SC is critical for translation of outcomes to clinical care and
trial settings.As a proof of principle, the developed tool showed sensitivity to
longitudinal changes in CSA inMS individuals, replicating previous studies
in the same population5,24,25. This proof-of-concept analysis in MS was
exploratory anddidnot adjust covariates, but provides preliminary evidence
of applicability in a real-world effort. Similar use-cases in other neuromotor-
related diseases, such asALS and inherited cerebellar ataxias, are compelling
given the primary involvement of SC degeneration in the pathology of these
conditions. For example, a recent phase II clinical trial in individuals with
Friedreich ataxia nominated SC CSA as the primary outcome measure22.
The continued standardization and validation of imaging endpoints for use
in clinical trials remains a pressing need and active area of investigation in
neurodegenerative diseases26. The availability of this pipeline will aid in
addressing this need in diseases that impact the spinal cord. Fromapractical
standpoint, CPU-only processing results in longer computation times
compared to GPU-accelerated execution; this is unlikely to substantially
limit real-world use, as most applications do not require immediate results.
Furthermore, cloud-based deployment may provide a viable alternative for

siteswithout access to dedicatedGPUresources.However, such approaches
require careful consideration of legal and regulatory frameworks related to
data protection, patient privacy, and secure data transfer.

The main limitation of this study is the lack of a ground truth dataset,
especially for C1 vertebrae. Although there is no consensus protocol to
identify the C1 level, we used a well-curated and diverse dataset, similar to
previous successful tools27. However, ground truths are required to further
future improvements. Inter-rater reliability for vertebral labeling could not
be formally quantified, as pairwise agreement records between raters were
not retained, preventing retrospective computation of agreement metrics
(e.g., Cohen’s κ). Although a conservative consensus strategy was used to
minimize false-positive labels, this limitation may affect the assessment of
annotation consistency, particularly for anatomically ambiguous regions
such as the C1 level. In addition, the observed correlation between the nnU-
Net model and SCT reflects performance in cases where both methods
successfully generated valid outputs and may therefore overestimate
agreement in more challenging scenarios. The VGG-based label error
classificationmodel currently also has onlymoderate specificity, and further
developments will be necessary to reduce the false negative rate. Novel DL
architectures may be revisited as larger imaging datasets become available.
The proposed QC thresholds (SNR< 48 and EFC > 8.35 × 10⁻⁵) were
derived from the internal dataset and may require further validation to
confirm their generalizability across external datasets and acquisition pro-
tocols. Additionally, internal data splitting formodel training and validation
was performed at the subject level, without site- or protocol-aware parti-
tioning. While models trained on multi-site data can sometimes be influ-
enced by acquisition site- or protocol-related dependencies, our model’s
robustness and generalizability are supported by comprehensive out-of-
sample testing on five independent external datasets acquired at multiple
sites with heterogeneous imaging protocols. Another limitation is the
inclusion of exclusively diagnosed inherited cerebellar ataxias andMS in the
disease group. Generalizability to other pathologies may require further
validation, especially traumatic SC injuries. Future work exploring inte-
gration with other imaging modalities (e.g., diffusion-weighted imaging)
may help further enhance clinical utility.

In conclusion, our work provides state-of-the-art performance in
automated C1–C3 vertebral labeling and spinal cord morphometric
extraction from in vivo MRI of the human head. This framework com-
plements existing SC segmentation tools by improving vertebral level
localization and enabling accurate downstream quantification. This out-
come offers a valuable tool for characterizing SC neuroanatomy in health
and disease and can be readily deployed and scaled for use inmulti-site and
large population datasets. Our solution provides a pathway to support the
validation of SC imaging biomarkers for monitoring disease progression
and evaluating treatment efficacy in neurological disorders.

Methods
Data for training, internal validation, and testing
3D T1-weighted MRI scans of the whole head were obtained from three
different international consortia: ENIGMA-Ataxia3,4, TRACK-FA28 and
READISCA15. Participant recruitment and the original inclusion and
exclusion criteriawere defined by each source study and are described in the
respective publications3,4,15,28. No additional participant eligibility criteria
were applied after dataset aggregation. These images were acquired at 32
centers using 8 different MRI protocols on Siemens or Philips scanners
(Table S11). The collected dataset included 1877 participants: 998 healthy
controls and 879 subjects with molecular confirmation of an inherited
cerebellar ataxia, including 354 FRDA and different spinocerebellar ataxias
(SCA) (119 SCA1, 87 SCA2, 246 SCA3, 25 SCA6, and 48 SCA7 patients)
(Table 1). The 1877 individuals contributed exactly 1877 3DMRI volumes,
corresponding to one volume per subject. All MRI volumes were de-
identified and in NIfTI format with no embedded personal health infor-
mation. The diversity of inherited cerebellar ataxias included in the dataset
provides anatomical variability, allowing for broad generalizability of the
developed algorithm. Of the total 1877 MRI volumes, 288 were acquired

Fig. 4 | Standardized response means of cervical spinal cord cross-sectional area
in multiple sclerosis and controls. Standardized response means (SRM) of cervical
spinal cord cross-sectional area (CSA). Bar plots show the standardized response
mean (SRM) for CSA at the C1, C2, and C3 vertebral levels in healthy controls
(CTRL, blue) and multiple sclerosis (MS, orange) cohorts. Negative SRM values
indicate longitudinal reduction in CSA over time, whereas positive values indicate
stability or increase. Error bars represent 95% confidence intervals of the SRM
estimates.
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with an isotropic voxel spacing of 0.8mm, while the remaining 1,589 MRI
volumes had a voxel spacing of 1.0mm isotropic.

The study was conducted in accordance with the Declaration of Hel-
sinki, and it was approved by the Ethics Committee of the School of
Medicine at the University of São Paulo at Ribeirão Preto (registered CAAE
92205925.6.0000.5440).The ethics committeeor InstitutionalReviewBoard
(IRB) respective to each project data source or site approved the collection
and use of data for research purposes. Written informed consent to parti-
cipate in the study was obtained from all participants at each site, or from a
parent or legal guardian for participants under 16 years of age, prior to
original data collection.

The READISCA15–17 steering committee approved the data use, and
IRB approval was obtained from the Institutional Review Board of the
University ofMinnesota (IRB protocol number: STUDY00002420, Clinical
Trial Readiness for SCA1 and SCA3, approval date: 2/15/2018).

The TRACK-FA steering committee approved the data use, and IRB
reference numbers were previously published9 (Monash Health Human
Research Ethics Committee: RES-20-0000-139A; Children’s Hospital of
Philadelphia: IRB 20-017611; University of Minnesota: IRB
STUDY00009047; University of Florida: IRB202000399; RWTH Aachen
University: EK195/20; University of Campinas: CAAE NO
83241318.3.1001.5404; McGill University: 2022-8676).

Ethics approvals fromENIGMA-Ataxia sites contributing to this study
are: Campinas: CAAE 83241318.3.1001.5404; Melbourne: Monash Health
HREC 13201B, Monash University HREC 7810 and 12372; University of
Minnesota: 1210M22281; Essen: EC Medical Faculty University of
Duisburg-Essen 15-6404-BO; Minnesota: 0502M67488; Milan: IRB
approval 17 December 2014 (N. 14); Curitiba: CAAE
06128812.0.0000.0096; Paris: local ethical committee AOM10094, CPP Ile
de France VI, Ref: 105–10; Nijmegen: CMO regio Arnhem-Nijmegen, file
number 2010/438; Tubingen: IRB University Hospital Tübingen, 303/
2008BO2. Participants gave informed consent to participate in the study
before taking part.

Spinal cord vertebral labeling
TheMRI volumes were initially preprocessed using the SCT version 6.22 to
obtain the SC segmentation and vertebral label identification masks.
However, visual inspection revealed notable errors (identified by GMJ and
TJRR), with 47% of themasks from ataxic individuals (417 of 879) and 28%
from healthy controls (281 of 998) having mislabeled vertebral levels
(Figs. 5 and S7). These 698 MRI volumes, representing a deliberately
selected subset of challenging cases that failed standard automated pro-
cessing, were used as the test dataset to evaluate the robustness of the deep
learning models under complex imaging and anatomical conditions.

A set of 924 accurately labeled MRI volumes by SCT (GMJ, all 462
patients and randomly selected 462 controls, matched to the patient group
to ensure class balance and reduce the risk of model overfitting during
training) formed the training and validation dataset (101 with 0.8mm and
823with 1.0 mm isotropic voxel resolutions), including representation from
all cohorts: 462 healthy individuals, 177 FRDA, 62 SCA1, 49 SCA2, 139
SCA3, 10 SCA6, and 25 SCA7. The labeledmasks from SCTwere refined to
retain onlyC1 toC3 levels. This adjustmentwas necessary to account for the
lack of C4 coverage in some MRI volumes, which could lead to sampling
issues andpotentially impact themodel’s performance.Thedatasetwas split
at the subject level, as each participant contributed a single 3D image.
Subjects were randomly shuffled and assigned to one of five folds for cross-
validation. Approximately 80% of the subjects (n ≈ 739) were used for
training and 20% (n ≈ 185) for validation in each fold.

Vertebral level landmarks and identification
Most of the studies assessing upper spinal cord use vertebral levels as an
anatomical reference29,30. Although useful, this approach has been shown to
introduce variability in spinal cord-derived metrics, especially cross-
sectional area10,31. New strategies have been proposed to attempt to ame-
liorate this variability, such as using the distance from the pontomedullary

junction32. Despite the improvement, C1 level remained neglected from the
analysis and still works on a same standard distance for all subjects, with low
sensitivity to intrinsic anatomical variations10,32. Since C1 lacks consistent
standardization due to the absence of a well-defined intervertebral disc10,32,
we proposed a standardized vertebral level localization protocol based on
anatomical landmarks visible in sagittal T1-weightedMRI. It is important to
saywedidnot performany ground-truthdataset, but a curateddata training
set, similar to what FastSurfer developers did27. For C1, the superior border
was considered a horizontal line on sagittal images as reference the occipito-
atlantal joint in the posterior part of the foramen magnum. For the inferior
border,we considered anotherhorizontal line on sagittal imagesdown to the
atlanto-axial joint line across the dens in the C1 arch (Fig. S7). For C2, the
superior border follows the atlanto-axial joint line in theC1arch through the
C2–C3 intervertebral disc (Fig. S7). Lastly, the C3 level follows the inferior
end of the cervical C2-C3 disc to the next lower cervical disc (C3-C4).

Masks were independently assessed by two experienced neuroimaging
scientists (GMJ and DHS) and were considered incorrect if any of the three
labeled vertebral levels (C1–C3) were clearly misplaced relative to their
expected anatomical positions (i.e., positioned too cranially, too caudally, or
incompletely labeled) when evaluated in the sagittal plane. All raters were
blinded to diagnosis. A conservative voting strategy was applied to assign
final labels: amaskwas classified as correct only if both raters independently
agreed on its correctness, whereas any disagreement or assignment of
incorrect by either rater resulted in a final classification of incorrect. This
curated “silver-standard” annotation strategy is consistent with established
practices in spinal cord imaging pipelines and has been adopted in prior
studies using similar validation frameworks3,4,9,33. Most labeling masks
generated by SCT showed substantial variability for the C1 vertebral level,
frequently placing it either too high (including part of the brainstem) or too
low relative to its probable location. This misplacement affects the accuracy
of downstream analyses, particularly the computation of spinal cord cross-
sectional area. In caseswhere theC1 level includesbrainstemtissue, the axial
area measurements for this level become artificially inflated, thus introdu-
cing significant bias in the mean area calculation and compromising sta-
tistical analyses. Fig. S8 illustrates the anatomical references used to classify
each labelingmask as correct or incorrect. Our analyses focus exclusively on
the first three cervical levels (C1–C3).

Automated quality control
The dataset used for the automated quality controlDLmodel included 1396
MRI volumes, comprising 698 randomly selected successful cases and all
698 failed cases (Figs. S7 and S8). The dataset was divided randomly at the
subject level into training (70%, n = 977), validation (20%, n = 279), and test
(10%, n = 140) sets with no possibility of cross-contamination (Fig. 5).

Quantitativemetrics describing the imagequality in the SC regionwere
computed using well-established image quality metrics typically applied to
brainMRI23, including: SNR, contrast-to-noise ratio (CNR), CJV, and EFC.
These metrics were calculated within a region of interest (ROI) defined
around the SC, with the derived label mask serving as a centroid reference
(see supplementary material for detailed information). The MRIs were
visually inspected and classified as high,medium, and lowquality (GMJ and
DHS) (Fig. S9). Next, 30 MRI volumes were randomly selected as good-,
medium-, or low-quality to assess the utility of suchmetrics (see “Statistical
analysis,” below). This analysis was repeated five times to establish the
robustness of the imaging quality metrics.

Image quality metrics
TheSNRquantifies the clarityorquality of a signal in an image relative to the
level of background noise. In MRI, SNR specifically quantifies how distin-
guishable the tissue signal is from the random fluctuations or noise present
in the image34. A higher SNR indicates a clearer and more reliable signal,
which is crucial for accurate image interpretation and analysis; in this
pipeline we calculated the SNR Dietrich method34 which includes a cor-
rection factor in the estimation of the standard deviation of air and its
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Rayleigh distribution:

SNR ¼ μFffiffiffiffiffiffiffiffiffiffiffiffiffiffi
2

4� π σair

q

where μF is the mean intensity of the foreground, σair is the standard
deviation of the air surrounding the head (“hat”mask).

Background air and foreground regions used for SNR estima-
tion were defined using a fully automated, intensity-based proce-
dure implemented in Python with the SciPy 1.15.0 library for
morphological image processing. All MRI volumes were first
intensity-normalized by dividing voxel intensities by the maximum
intensity value in the image. An initial head mask was generated by
thresholding voxels with normalized intensity values greater than
0.05, based on the assumption that background air exhibits near-
zero signal intensity in T1-weighted MRI. To account for partial-

volume effects and uncertainty at tissue boundaries, the head mask
was iteratively expanded using binary dilation. A second, larger
dilation was then applied to define an outer region surrounding the
head. The background (“hat”) mask was constructed as the shell
between the inner and outer dilated regions, with all voxels
belonging to the original head mask explicitly excluded. This pro-
cedure yields a hollow ring around the head containing only
background air voxels, which was used to estimate
background noise.

The foreground region was defined using the same normalized
intensity threshold (>0.05), classifying all voxels with non-zero anatomical
signal as foreground. This conservative delineation of the entire head region
is robust across subjects, scanners, andacquisitionprotocols andwasused to
compute the mean foreground signal required for SNR calculation.

The CNRmeasures the contrast between the cerebrospinal fluid (CSF)
and SC in relation to the overall noise level in the image, indicating howwell

Fig. 5 | Data workflow. A total of 1877 T1-weighted MRI volumes were processed
using the Spinal Cord Toolbox (SCT), followed by visual inspection to separate the
data. Of the 1,179 MRI volumes accepted after visual quality control, 924 were
selected for a balanced labeling training dataset (462 controls and 462 patients). The
698 rejected MRI volumes formed the testing dataset. The same approach was used

for training the automated quality control (QC) model (1396 MRI volumes divided
equally between 698 rejected and 698 accepted — randomly subsampled from the
pool of 1,179 accepted masks — labeled volumes). The presented images show
examples of misidentified (A) and correctly identified (B) vertebral labels (C1, C2,
and C3) in an individual with Friedreich’s Ataxia (FRDA). N number of images.
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these regions can be differentiated, calculated as follows35:

CNR ¼ μCSF � μSC
�� ��ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
σ2B þ σ2SC þ σ2CSF

p
where μCSF is themean intensity of the CSF, μSC is themean intensity of the
spinal cord, σ2B is the standard deviation of the background noise, σ

2
SC is the

standarddeviationof the spinal cord intensity,σ2CSF is the standarddeviation
of the CSF intensity. In this study, we applied this CNR formulation to an
optimized regionof the spinal cord, specifically chosen tomaximize contrast
and minimize confounding effects such as partial volume artifacts. This
anatomical approximationwas adopted to reflect the local contrast between
the spinal cord and its immediate environment, providing a robust and
consistent measure of image quality across subjects.

The CJV quantifies the degree of overlap between the intensity dis-
tributions of CSF and spinal cord36. A higher value indicates more overlap,
suggesting less distinctionbetween these two regions,which canaffect image
quality and the accuracy of segmentation tasks, given by36:

CJV ¼ σSC þ σCSF
μSC � μCSF
�� ��

where σSC is the standard deviation of the spinal cord intensity, σCSF is the
standard deviation of the CSF intensity, μSC is the mean intensity of the
spinal cord, μCSF is the mean intensity of the CSF. As with the CNR cal-
culation, we applied this measure to an optimized region of the spinal cord.
This anatomical proxy allows for consistent and meaningful estimation of
contrast-based metrics in the spinal cord.

TheEFCrelieson the Shannon entropy37 of voxel intensities to evaluate
the impact of ghosting and blurring caused by headmovement. Lower EFC
values are preferable, with EFC = 0 indicating that all the image’s energy is
concentrated in a single voxel, signifying an ideal focus without motion
artifacts, calculated as follows:

E ¼ �
XN
j¼1

xj
xmax

ln
xj
xmax

� �

where E is the Shannon entropy of the voxel intensities in the image. It
provides a measure of the intensity distribution of the voxels, with lower
values indicating greater concentration of intensity in a few voxels and
higher values indicating a more uniform distribution, where:

xmax ¼
ffiffiffiffiffiffiffiffiffiffiffiffiXN
j¼1

x2j

vuut

xj is the intensity value of voxel j in the image, xmax is the maximum
possible intensity value in the image, used to normalize the voxel intensities,
the logarithmic term ln

xj
xmax

h i
captures the entropy, where higher values

indicate greater disorder or blurring. The equation is scaled by the max-
imum possible entropy, allowing the EFC to be compared consistently
across images of varying sizes and dimensions:

EFC ¼ Nffiffiffiffi
N

p ln
ffiffiffiffi
N

p �1
� �

E

where N refers to the total number of voxels in the image,
ffiffiffiffi
N

p
is used to

adjust the scale of entropy in the formula and ln
ffiffiffiffi
N

p �1
allows for comparing

entropy between MRI volumes of different dimensions.
To evaluate the utility of the proposed methods, we visually inspected

and classified all theMRIvolumes ashigh-,medium-, and low-quality (GMJ
and DHS) (Fig. S9). High-quality MRI volumes are characterized by the
clear absence of noise, graininess, and subject motion, with sharp contrast
allowing unambiguous distinction of all anatomical structures. Medium-

quality MRI volumes exhibit partial motion effects and reduced contrast,
particularly in the intervertebral disc regions. Low-quality MRI volumes
show a complete loss of anatomical reference in the spinal cord region,
caused by noise, poor contrast, andmotion artifacts. Next, 30MRI volumes
were randomly selected as good-, medium-, or low-quality to assess the
utility of such metrics. This analysis was repeated five times to establish the
robustness of the imaging quality metrics.

Deep learning architectures for the vertebral labeling model
All three 3D segmentationmodels, nnU-Net v212, SwinUNETR38, and a 3D
U-Net11 with deep supervision (DS)39, were trained using an identical pre-
processing pipeline to ensure a fair and controlled comparison across
architectures. The input data consisted of T1w brainMRI volumes acquired
at isotropic spatial resolutions of 0.8mm and 1.0mm, together with cor-
responding 3D spinal cord vertebral labeling masks encompassing the first
three cervical vertebral levels (C1–C3).

To harmonize spatial resolution across acquisitions, all MRI volumes
were resampled to a common isotropic voxel spacing of 1.0 mm.This choice
was driven by the distribution of the data, as the majority of scans were
acquired at 1.0mm resolution, while only a smaller subset was available at
0.8mm. Resampling the minority resolution was therefore preferred over
downsampling the entire dataset. Resampling was performed using third-
order spline interpolation for image volumes and nearest-neighbor inter-
polation for segmentation masks to preserve label integrity. Following
resampling, all volumeswere reoriented to a canonical orientation. Intensity
normalizationwas applied using z-score normalization, computed on a per-
volume basis within the non-zero foreground region, to reduce inter-subject
intensity variability while preserving tissue contrast.

The architecture experimentation task involved exploring various
models, including U-Net11 with DS39, SwinUNETR38, and the nnU-Net
framework12, all 3D architectures. The U-Net with DS architecture began
with feature channels of 32, doubling progressively to 512. Each layer
consisted of two 3 × 3 × 3 convolution operations, followed by instance
normalization40 andactivation via aLeakyReLU41witha 0.01negative slope.
Training employed a Stochastic GradientDescent optimizer with a learning
rate of 3 × 10⁻² and a Nesterov momentum42,43 of 0.99, alongside the Dice
loss function. The learning rate was reduced using a polynomial decay
scheduler. Themodel was trained for over 600 epochs with a batch size of 1.
For the SwinUNETR, the original implementation was adjusted to a feature
size of 24. The AdamW44 optimizer was applied with a learning rate of
1 × 10⁻⁴, weight decay of 1 × 10⁻⁵, β₁ = 0.9, β₂ = 0.999, and ϵ = 1 × 10⁻⁸. The
loss function used was Dice loss, and a cosine annealing scheduler was
implemented for the learning rate. This model underwent training for 1000
epochs with a batch size of 1. The nnU-Net framework was trained using its
default settings for the 3D full-resolution trainer. For nnU-Net, patch size
and batch size were automatically optimized based on available GPU
memory, following the framework’s default configuration. For SwinUNETR
and the 3DU-Net with deep supervision, the same patch size was explicitly
adopted to ensure architectural consistency across models. No additional
resizing of the full volumes was performed beyond resampling and patch-
based cropping. For both U-Net with DS and SwinUNETR, the same
augmentation techniques were applied, including random rotation, shear-
ing, scaling, translation, flipping, elastic deformation, and gamma contrast,
replicating the augmentation pipeline used by nnU-Net.

Deep learning architectures for the automated quality
control model
All experiments were conducted using single 2Dmid-sagittal slices derived
from T1w spinal cord MRI. Image–mask pairs were generated using the
quality control module of the SCT, which outputs a single 2D PNG mid-
sagittal slicewithvoxel intensities contrast-rescaled for visualization.During
QCgeneration, SCT applies a linear per-slice rescaling of voxel intensities to
an 8-bit grayscale range (0–255), based on the minimum and maximum
intensity values within each slice. While this operation standardizes the
dynamic range for visualization, it does not represent an intensity
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normalization procedure suitable for machine learning. Therefore, prior to
model training, all single mid-sagittal slices underwent an explicit z-score
normalization step to ensure numerical stability and consistency across
samples.

An automatedpreprocessing pipelinewas applied to each image–mask
pair. First, a slice-wise bounding boxwas computed directly from the spinal
cord segmentation mask by identifying the minimal enclosing region con-
taining all non-zero voxels. This boundingboxwas symmetrically expanded
by a fixedmargin to ensure full coverage of the spinal cord and surrounding
anatomical context. To maintain spatial consistency across subjects and
slices, bounding box dimensions were constrained to predefinedminimum
and maximum limits. Bounding boxes exceeding these limits were clipped
accordingly, whereas smaller boxes were padded to reach the target size.
This strategy ensured complete spinal cord inclusion while reducing
background variability and standardizing the FoV prior to resizing.

Cropped single mid-sagittal slices and corresponding masks were
resized to 224 × 224 pixels. Bilinear interpolationwas applied to singlemid-
sagittal slices, while nearest-neighbor interpolation was used for masks to
preserve discrete class labels. The choice of this input resolution was
motivated by the architectural requirements of CNNs initialized with
ImageNet pre-trained weights, particularly VGG-based models, which
require fixed input dimensions to enable direct reuse of pre-trained con-
volutional filters.

Segmentation masks were converted to a four-channel one-hot
encoding (backgroundplus three anatomical classes) and concatenatedwith
the image channel, resulting in a five-channel input tensor. Data augmen-
tation was applied on-the-fly during training using the Albumentations
library (2.0.8) and included random horizontal flips, small rotations (±10°),
Gaussian noise, motion blur, and random brightness and contrast adjust-
ments. For training, three 2D CNNs were explored: EfficientNet-B745,
ResNet-5046, and VGG-1647. To construct the dataset, a single mid-sagittal
slice was extracted from each participant’s 3D T1wMRI volume and saved
as a single 2D grayscale PNG mid-sagittal slice. Corresponding vertebral
labeling masks (C1–C3) were processed to generate aligned single mid-
sagittal 2D PNG segmentation masks, which were one-hot encoded and

concatenated with the single grayscale mid-sagittal slice, resulting in
5-channel inputs. For EfficientNet-B7 and VGG-16, the first convolutional
layer wasmodified to accept 5 channels, and the classifier was replaced with
a dropout layer (p = 0.5) followed by a linear layer for binary classification.
The ResNet-50 model retained its original feature extractor, with only the
final fully connected layer replaced. All models were fine-tuned using the
Adam optimizer (learning rate = 1 × 10⁻⁴, weight decay = 1 × 10⁻⁵), a batch
size of 32, and a weighted cross-entropy loss to address class imbalance. A
ReduceLROnPlateau learning rate scheduler and early stopping strategy
(patience = 100 epochs) were employed48. Single mid-sagittal slices were
augmented with horizontal flipping, random rotation, Gaussian noise,
motion blur, and brightness/contrast adjustments.

Additionally, for the labeling step, it is only relevant to determine
whether the vertebral level is correctly identified in the sagittal view, without
considering whether the area is fully filled in the axial view. This is because
SCT uses the binary segmentation mask of the entire spinal cord, which is
generated separately, to perform subsequent registration to a template.
Therefore, the labeling step solely requires the correct identification of
vertebral levels, and not the precise delineation of their axial cross-
sectional areas.

Pipeline strategy
The pipeline workflow (Fig. 6) begins with preprocessing of the input brain
3D T1w MRI, including resampling to 1.0mm isotropic image resolution,
intensity z-normalization, and SC identification using the SCT version 6.22.
Next, a multiclass vertebral labelingmask prediction is performed using the
trained deep learningmodel (C1–C3). After the prediction, both the output
mask and the input MRI volume are resampled back to the original voxel
resolution. The automatedQC step is thenperformed to check the vertebral
labeling identification as either correct or incorrect, along with the deriva-
tion of image quality metrics (SNR, CNR, CJV, EFC). Finally, the cross-
sectional area (CSA) and eccentricity values for C1–C3 are extracted. The
workflowusesPython3.11.2, SciPy 1.15.0,NiBabel 5.2.1, andPyTorch2.6.0.

Fig. 6 | Schematic workflow of the image processing pipeline. Representative
schematic of the image processing pipeline. The input MRI volumes are resampled
to 1.0 mm isotropic if necessary, followed by z-score intensity normalization and
segmentation of the spinal cord region using the Spinal Cord Toolbox (SCT) version
6.2. The deep learning prediction model then generates a labeled mask for the first
three vertebral levels (C1–C3). This is followed by resampling back to the original

MRI volume resolution if necessary. The deep learning automated quality control
(QC) step is then undertaken, which flags the labeling mask as correct or incorrect.
The final step computes image quality metrics (SNR, CNR, CJV, and EFC) in the
spinal cord region and outputs the cross-sectional area and eccentricity values for
each vertebral level. SNR signal-to-noise ratio, CNR contrast-to-noise ratio, CJV
coefficient of joint variation, EFC entropy focus criterion.
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Data for external testing
To rigorously evaluate the generalizability of the vertebral labeling and
automated QC models, we gathered 2737 additional brain 3D T1w MRIs
from public repositories, including the C-MIND (Cincinnati MR Imaging
of NeuroDevelopment)18, IXI (Information eXtraction from Images)
(https://brain-development.org/ixi-dataset/), HCP-D (Human Con-
nectome Project-Development)49,50, and the NIH (National Institutes of
Health (NIH) MRI study of normal brain development)19 datasets
(Tables S1 andS9).Wealso evaluated51 cases ofMultiple Sclerosis (MS)not
included in the training datasets from the University of Campinas to
demonstrate reproducibility and generalizability across disease conditions
(Tables S1 and S9). Each validation dataset used in this study presents
distinct characteristics and acquisition parameters, which is ideal for testing
the reproducibility and robustness of ourmodel compared to SCT (Table S9
andFig. S6).TheC-MINDdataset includesMRIvolumes inwhich the lower
portion of the SC is cropped, allowing visualization inmost cases only of the
C1 vertebral level and rarely C2. The NIH dataset contains lower-quality
MRI volumes acquired on 1.5 T scanners, representing a more challenging
acquisition setting. The HCP dataset is the largest and exhibits the highest
inter-individual variability, making it particularly useful for evaluating
model generalization across diverse populations. The IXI dataset provides
low-resolution MRI volumes with anisotropic voxel spacing, which sig-
nificantly differs from the characteristics present in the training dataset.
Additionally, patients withMS present distinct SC characteristics compared
to the ataxic cohort used for training, suchas focal demyelinating lesions and
variable inflammation patterns, rather than the diffuse SC atrophy typically
observed in hereditary ataxias.

All outputs generated (from the proposed model and/or SCT) on the
external datasets were visually inspected by two experienced neuroimaging
scientists (GMJ andDHS) and classified as correct or incorrect. A result was
considered correct when vertebral labels for C1–C3 were correctly seg-
mented and anatomically aligned, and incorrectwhen labelsweremisplaced,
partially missing, or anatomically inconsistent. Annotation followed the
proposed standardized vertebral level localization protocol, based on
explicit anatomical landmarks visible on sagittal T1-weightedMRI, focusing
exclusively on the first three cervical levels (C1–C3) (see supplementary
material for detailed information).This curated “silver-standard” evaluation
strategy is consistent with prior spinal cord imaging pipelines and large-
scale validation studies3,4,9,33.

Statistical analysis
To evaluate the performance of our deep learning models for SC vertebral
labeling, we utilized metrics commonly used in medical image segmenta-
tion, including theDice SimilarityCoefficient51,52, Intersection overUnion53,
precision, recall, and Hausdorff distance54, using as reference the curated
high-quality vertebral masks. To assess the automated QC pipeline, we
quantified accuracy (ratio of correctly classified true predictions to the total
numberof predictions), specificity, and sensitivity13. ROCcurve analysiswas
used to assess the performance of each QC metric in distinguishing low-
quality MRI volumes from acceptable cases, using expert-curated labels as
the reference standard. For each metric, sensitivity and specificity were
computed across a range of threshold values.Optimal cut-off points for low-
quality classification were selected using the Youden index, maximizing the
sumof sensitivity and specificity.MRIvolumeswithmetric values exceeding
(or falling below, depending on the directionality of themetric) the selected
threshold were classified as low quality and excluded from further analysis.
To compare the performance metrics across the different algorithms, we
used a paired t-test. Pearson correlation coefficients were employed to
evaluate associations between SC morphometric data. Bonferroni correc-
tion was applied to account for multiple comparisons, with corrected p-
values < 0.05 considered statistically significant.

To evaluate the longitudinal sensitivity of our finalmodel, longitudinal
slopes of CSA and eccentricity were calculated using per-subject linear
regression (one slope per subject and per metric, using all available time
points for that subject). Within-group and between-group differences in

slopes were assessed using two-sided one-sample and two-sample t-tests,
respectively. Longitudinal effect sizes were obtained using standardized
response means (SRM=mean slope/SD slope) for within-group changes
and Cohen’s d for between-group differences in slopes. No correction for
multiple comparisons was used for this exploratory analysis.

Statistical analysis was conducted using Python 3.11.5.

Data availability
Data generated or analyzed during the study are available from the corre-
sponding author by request. De-identified participant-level clinical and
imaging data from READISCA and a data dictionary defining each field in
the set are available from the National Institute of Mental Health Data
Archive (https://nda.nih.gov/,Collection C3155). TRACK-FA (NGK) and
ENIGMA-Ataxia (IHH) data analyzed during the study were provided by a
third party.

Code availability
This tool is publicly available at https://github.com/art2mri/Enigma-SC.
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