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Abstract

Purpose. Clinical adoption of automated vertebral segmentation from spine CT depends on two forms of
trust: performance under genuine external validation rather than same-source testing, and a signal for
when an individual prediction is unreliable. We evaluate nnU-Net, decompose the cross-domain gain into
training-data expansion versus ensembling, and test whether per-vertebra ensemble disagreement can
flag vertebrae for review.

Methods. An nnU-Net v2 residual-encoder (ResEnc-M) model was trained on VerSe alone (112 cases)
and on an expanded VerSe-plus-CTSpine1K set (387 cases), then evaluated on the held-out CTSpine1K
validation split (191 cases), external to the VerSe-only model. Single-model and five-fold ensemble
inference were compared. Per-vertebra Dice (DSC) was computed against reference labels; ensemble
disagreement was tested against DSC by Spearman correlation and AUROC with bootstrap Cls.

Results. The expanded ensemble reached a mean per-vertebra Dice of 0.9206 (lumbar 0.957, cervical
0.888). Five-fold ensembling raised single-source Dice from 0.8315 to 0.8779 (+ 4.6), exceeding the gain
from adding a second source (0.8578, + 2.6). Ensemble disagreement predicted per-vertebra error
(Spearman 0.862; AUROC 0.920); flagging vertebrae below 0.8 fold agreement captured 76.1% of poorly
segmented vertebrae while referring 9.4% for review.

Conclusion. Ensemble disagreement provides a validated, cost-free per-vertebra reliability flag that
predicts segmentation error and localizes review, catching about three-quarters of poor vertebrae while
referring under one-tenth. Ensembling drove more cross-domain gain than added data here. The
emphasis is trustworthy deployment of an existing model, not a new one.

1. Introduction

Automated vertebral instance segmentation from spine CT underpins quantitative spinal analysis,
supporting fracture assessment [1], morphometry, surgical planning, and opportunistic screening. The
self-configuring nnU-Net framework [2] is the de facto standard, with challenge-winning VerSe methods
reporting mean Dice similarity coefficients (DSC) near 0.90 across cervical, thoracic, and lumbar levels
[3-5].

Three gaps limit clinical trust. First, performance is usually measured on in-distribution test data from
the same source as training [6, 7], and multi-site studies show models degrade under cross-site
distribution shift [8]; recent benchmarking argues validation quality should weigh as heavily as
architectural novelty, and that fair comparison requires isolating an innovation from confounders such as
added data or altered inference [9], yet genuine external validation remains underused for whole-spine
CT. Second, when a model gains from both more training data and ensembling, the combined
improvement hides each factor's contribution, though the two differ sharply in cost. Third, deployment
requires a model to signal when its output is unreliable, so questionable predictions can be routed for
review rather than propagated into fracture reads, morphometry, or planning.
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Recent spine work has begun to address reliability: structural uncertainty flags unreliable vertebrae in
myeloma CT [10], and vertebra-aware frameworks add quality-control-aware outputs [11]. Cross-
validation fold disagreement has served as a training-free quality signal. Gottlich et al. [12] collapsed
interfold Dice into a per-image score to flag poor scans in kidney and tumor segmentation, and related
work established ensemble disagreement as a failure detector under distribution shift [13—-15], though it
conflates model uncertainty with data-subsampling variability [16].

We do not propose a new segmentation architecture; our contribution is a framework for trustworthy
deployment of an existing one, centered on a per-vertebra reliability flag. A standard nnU-Net run already
trains five cross-validation folds, and where those folds disagree on a given vertebra, its segmentation is
more likely to be wrong. We test whether that disagreement predicts segmentation error, quantify its
value as a human-in-the-loop screening signal, and characterize when it fails. Supporting this, we
evaluate all configurations under genuine external validation on the CTSpine1K public validation split,
use a controlled four-condition ablation to separate training-data expansion from five-fold ensembling,
and report both all-label and presence-matched metrics to separate true error from annotation-boundary
artifacts.

2. Materials and Methods
2.1 Datasets

Two public spine CT datasets were used. VerSe 2019/2020 [3-5] comprises 374 multi-detector CT
scans from 355 patients on scanners from four manufacturers, with voxel-level vertebra labels; the
VerSe-only model used the standard 112-case training split, and the expanded set used all 141
annotated cases. CTSpine1K [17] is a multi-source collection of 1,005 CT volumes drawn from CT
Colonography [18], HNSCC-3DCT-RT [19], Medical Segmentation Decathlon task03 liver [20], and a
COVID-19 chest CT cohort [21]. Its 197-case public validation split was held out exclusively for external
evaluation; the 246 CTSpine1K training cases came from the disjoint 610-case training split, yielding a
genuine cross-domain evaluation for the VerSe-only model.

The expanded training set (Dataset002_SpineExpanded) combined 141 VerSe with 246 CTSpine1K
cases (387 total). During curation, boundary-sliver labels (vertebra labels clipped at the field-of-view edge
and retaining below 100 voxels) were zeroed in the training ground truth by a seeded script: 38 such
labels across 31 cases were set to background, while all other labels and full cases were retained, and
no complete case was removed. Initial development also used an internal VerSe held-out set of 28
cases, but all reported metrics derive from the external CTSpine1K split.

2.2 Segmentation model and training

Segmentation used nnU-Net v2 [2] in the 3d_fullres configuration with the residual-encoder [22] ResEnc-
M plan (nnUNetResEncUNetMPlans), a U-Net-family architecture [23] released as a standardized
baseline in the nnU-Net revisited benchmark [9]. nnU-Net self-configures preprocessing, patch and batch
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size, and schedule from dataset fingerprinting; no manual tuning was applied. Training used a compound
Dice plus cross-entropy loss under two regimes: a single model on all cases (fold_all), and a five-fold
cross-validation ensemble combined by per-voxel majority vote. Training and inference ran on NVIDIA
A100 GPUs using checkpoint_best.pth. Six of 197 validation cases failed on GPU memory and were
excluded, leaving 191 evaluable cases.

2.3 Ablation design

To separate data expansion from ensembling, four conditions were evaluated on the same external set:
A1 (VerSe-only, fold_all); A2 (VerSe-only, five-fold vote); B (VerSe plus CTSpine1K, fold_all); C (VerSe plus
CTSpine1K, five-fold vote). A1-to-B isolates training-data expansion; A1-to-A2 and B-to-C isolate
ensembling; the joint comparison indicates which dominates. The VerSe-only baseline used the standard
112-case split, comparable to published VerSe methods.

2.4 Evaluation metrics

Accuracy was quantified with DSC (2|A N B| / (JAl + [B[)) under two conventions. Our primary metric is
the per-vertebra mean DSC — per label, averaged within a case then across cases — appropriate for
instance segmentation and stricter than merged foreground. We report an all-labels figure (a label
scored whenever present in prediction or reference, excluded only when absent from both) and a
presence-matched figure (labels present in both, excluding label-presence artifacts; Section 2.6). The all-
labels figure is our headline metric, conservative and directly comparable, following the VerSe challenge
[3]. Vertebrae were grouped into cervical (C1-C7), thoracic (T1-T12), and lumbar (L1-L6) regions.

2.5 Ensemble-disagreement reliability analysis

The five-fold ensemble yields five label predictions per voxel. We define per-vertebra fold agreement as
the mean fraction of folds assigning the ensemble's majority label within a vertebra's predicted region
(1.0 = unanimous). For each vertebra we computed agreement and per-vertebra DSC, then tested
whether agreement predicts DSC (Spearman) and whether disagreement discriminates poorly
segmented vertebrae (DSC below 0.70) by AUROC, with 95% confidence intervals from 2000 bootstrap
resamples over vertebrae. Screening value was assessed as sensitivity against review burden across
thresholds.

2.6 Characterization of zero-DSC vertebrae

Vertebrae scoring exactly zero DSC were examined to separate genuine failures from artifacts. For each,
we checked whether the reference contained voxels for that label and what each fold predicted,
distinguishing label-presence mismatch (predicting a vertebra the reference omits) from true miss
(anatomy present but unsegmented). Their distribution across levels was tabulated to test field-of-view

clipping.

3. Results
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3.1 External segmentation performance and the data-
versus-ensemble decomposition

On external CTSpine1K, the expanded five-fold ensemble (C) achieved a mean per-vertebra Dice of
0.9206. The ablation (Table 1) decomposes this: five-fold ensembling of the VerSe-only model raised
external Dice from 0.8315 (A1) to 0.8779 (A2), + 4.6 points, and adding a second source raised it to
0.8578 (B), + 2.6 points; combining both was best (C, 0.9206). Neither intervention alone accounts for
the full gain, so reports that vary data and inference together cannot attribute improvement to either.

In this task the cheaper intervention was also the more effective one: ensembling (+ 4.6) exceeded a
whole second training source (+ 2.6), despite the former reusing folds a standard nnU-Net run already
produces. This is specific to the present setting, not a general rule that inference-time aggregation beats
data expansion. If anything it is conservative: the training and external sets are disjoint case splits of the
same four CTSpine1K cohorts, so part of the data gain reflects distributional alignment rather than
generalization. Consistent with a real domain gap, the CTSpine1K authors report a model trained on their
annotations dropping from 0.869 in-domain to 0.619 on VerSe [17]; this heterogeneity is what a deployed
model must handle.

Table 1

Four-condition ablation on the external CTSpine1K public validation set (191
evaluable cases; 192 for condition A1), computed with a single per-vertebra
Dice pipeline across all conditions (per-label Dice averaged within each scan,
then across scans; a label is scored whenever present in the prediction or
reference, and excluded only when absent from both). Ensembling denotes a
five-fold majority vote.

Condition Training data Inference Mean DSC
AT VerSe only (112) Single (fold_all)  0.8315

A2 VerSe only (112) 5-fold ensemble  0.8779

B VerSe + CTSpine1K (387)  Single (fold_all)  0.8578

C (primary)  VerSe + CTSpine1K (387)  5-fold ensemble  0.9206*

* Condition C is the primary configuration. All four conditions were computed by one shared per-vertebra
Dice pipeline over the same external split — 6 of 197 cases were excluded for GPU memory, and the
VerSe-only single model (A1) completed one more (192) — so they remain directly comparable. The
ordering is monotonic: adding a second training source (A1 to B) and adding five-fold ensembling (A1 to
A2) each improve external performance, and combining both (C) is best.

3.2 Region-stratified performance and presence-matched
reporting
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Region-stratified DSC followed the expected anatomical gradient — highest lumbar, lowest cervical
(Table 2; presence-matched; representative segmentations in Fig. 1). The all-labels per-case mean of
0.9206 rises to a presence-matched mean of 0.9423 (median 0.9799) once label-presence-mismatch
vertebrae are excluded; the difference is entirely the 117 zero-DSC vertebrae (Section 3.4), which are
annotation-boundary artifacts, not delineation failures. Performance was consistent across source
cohorts (COLONOG 0.9199, MSD-T10 0.9265, COVID-19 0.9197, HNSCC-3DCT-RT 0.8929; all-labels).
Lower cervical performance is corroborated by the reliability results below.

Precision and recall closely tracked Dice and were near-balanced (no systematic over- or under-
segmentation): presence-matched precision and recall were 0.949 and 0.943 (all-labels 0.921 and
0.916), following the same lumbar-highest to cervical-lowest gradient (cervical 0.888/0.906, thoracic
0.938/0.932, lumbar 0.961/0.955), with 95% confidence intervals from a patient-level bootstrap (2000
resamples over scans).

Table 2

Region-stratified DSC (presence-matched, vertebra-level) for the
expanded five-fold ensemble on external CTSpine1K.

Region Mean DSC Median DSC  Vertebrae (n)
Cervical (C1-C7) 0.888 0.931 75

Thoracic (T1-T12)  0.933 0.980 1181

Lumbar (L1-L6) 0.957 0.988 906

3.3 Ensemble disagreement predicts segmentation error

Per-vertebra fold agreement was strongly associated with per-vertebra DSC across all 2279 vertebrae
(Fig. 2; Spearman 0.862, 95% Cl 0.844 to 0.879; p < 0.001). Treating DSC below 0.70 as poor (209 of
2279; 9.2%), disagreement discriminated poor from adequate segmentation with AUROC 0.920 (95% ClI
0.893 to 0.945); both bootstrap intervals are narrow.

As a screening flag the signal is efficient (Table 3, Fig. 3): referring only vertebrae below 0.8 fold
agreement captured 76.1% of poorly segmented vertebrae while flagging just 9.4% overall, at no cost
beyond the ensemble already produced during segmentation. Cervical vertebrae showed the lowest
agreement and lowest DSC; the folds disagree most precisely where the model is least accurate.
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Table 3
Reliability flagging trade-off. A vertebra is flagged when fold agreement falls below the threshold.

Agreement Sensitivity (poor vertebrae Review burden (all vertebrae
threshold flagged) flagged)

<0.8 76.1% 9.4%

<0.7 63.6% 6.7%

<0.6 50.7% 4.8%

3.4 Characterization of zero-DSC vertebrae

Of 2279 vertebrae, 117 scored exactly zero DSC — not unsegmented visible bone but predominantly
label-presence mismatches, where the reference lacked the label so any prediction yields zero overlap.
At C1 the reference is often absent because the vertebra is clipped at the superior field-of-view boundary;
the CTSpine1K benchmark reports strong C1 segmentation (DSC 0.951) when the label is present [17].
At L6, a transitional variant inconsistently present and annotated, the CTSpine1K baseline itself reports
near-zero DSC across partitions [17]. Zero-DSC vertebrae concentrated at C1 (n=19) and L6 (n = 63),
about 70% of the total, mirroring the training-side sliver curation (Section 2.1) — both reflecting
inconsistent annotation of partially visible boundary vertebrae. The reliability flag correctly assigns these
low confidence, the desired behavior for review.

4. Discussion

This study reframes nnU-Net vertebral segmentation as a question of trust rather than raw accuracy:
given a strong but imperfect model, can we say when to believe it, and where its cross-domain
performance comes from? Three findings support that aim. First, under genuine cross-domain
evaluation, both data expansion and five-fold ensembling improved external performance, with
ensembling the larger single-factor gain in this task. This relative magnitude is rarely isolated, since
studies typically change data and inference together and report one combined number; computing all
four conditions through one pipeline lets a practitioner decide whether to invest in annotated data or
aggregate an existing model at inference.

Second, we validate and extend cross-validation-disagreement quality control for spine CT. Gottlich et al.
[12] demonstrated training-free fold disagreement at the whole-image level for kidney and tumor
segmentation; we confirm it transfers to whole-spine CT and apply it at per-vertebra granularity, with
quantified error-predictive validity (AUROC 0.920, bootstrap Cls) and an explicit account of failure
modes. Per-structure disagreement has been studied outside the spine [14, 15, 24], so we do not claim
the concept as novel; but our units are anatomically indexed instances of fixed identity and count (C1 to
L6), so the flag names a vertebra, not variable-count lesions. Following Kirscher et al. [16], who caution
that cross-validation folds are not a seed-randomized deep ensemble [13], we test the signal a standard
nnU-Net already emits: because folds train on different subsets, their disagreement conflates model
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uncertainty with subsampling variability, so we treat it as an empirically validated error tracker, not a
calibrated probability. It flags disagreement, not incorrectness, and cannot detect errors on which all
folds agree [12].

Third, characterizing apparent failures showed the extreme zero-DSC vertebrae concentrate at the field-
of-view boundary (C1, label-presence mismatch) and the transitional L6 level, where mismatch
compounds a difficulty the CTSpine1K baseline also encounters [17]. Reporting both all-label and
presence-matched metrics makes this transparent and prevents an annotation artifact from being read
as a model deficiency. Relative to recent spine CT work, structural uncertainty in myeloma CT [10] and
vertebra-aware frameworks [11], our study adds a controlled, whole-spine, externally validated
decomposition of performance drivers paired with a bootstrap-quantified, failure-mode-characterized
reliability analysis.

Clinically, the reliability flag changes how such a model is used. Rather than trusting or re-checking every
level, a radiologist can confine review to the small fraction the flag marks uncertain, inspecting fewer
than one in ten vertebrae recovered roughly three-quarters of the poorly segmented ones, cutting manual
quality-control time and raising confidence in the vertebrae that downstream fracture grading,
morphometry, and opportunistic screening depend on. Natural next steps are to measure that review-
time saving prospectively, validate under fully out-of-distribution conditions, calibrate the flag into an
actionable probability, and test transfer to other spine tasks and modalities.

Deployment cost is modest, and the reliability signal adds little to it. Running the five folds togetherin a
single inference pass on an NVIDIA A100-PCIE-40GB GPU took approximately 276 s per case, versus 240
s for a single-fold model — only about 15% longer — because per-case runtime is dominated by fixed
preprocessing, resampling, and 1/0 rather than the network forward passes. Peak GPU memory was
about 25 GB on typical cases, well within a 40 GB card, though the largest validation volumes exceeded it
and account for the six excluded cases. Where even this overhead is undesirable, the flag can be
approximated from fewer folds.

4.1 Limitations

The disagreement signal is an uncertainty proxy, not a calibrated probability, and by construction cannot
flag the mode in which all five folds are confidently and identically wrong; its correlation with error,
though strong, was established empirically on this distribution. Evaluation used the CTSpine1K public
validation split, disjoint at the case level from the CTSpine1K training cases but drawn from the same
four cohorts, so for the expanded model it is held out but not cross-domain, and the reliability statistics
inherit this. Their confidence intervals resample vertebrae rather than patients, unlike the patient-level
intervals for precision and recall. Six of 197 cases were excluded for GPU memory. Finally, the presence-
matched convention excludes label-presence-mismatch zeros, overwhelmingly annotation artifacts; the
all-labels metric is retained as a conservative bound.

4.2 Conclusion
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The value of this work lies less in a new segmentation model than in making an existing one trustworthy
to deploy. Its central result is that ensemble disagreement, produced for free by a standard nnU-Net
workflow, provides a strong per-vertebra reliability signal (AUROC 0.920) that localizes review to the
vertebrae most likely to be wrong. Under external validation, five-fold ensembling was also the larger
contributor to the cross-domain gain than added data in this task, though we do not generalize that
ordering. Reporting both all-label and presence-matched metrics and auditing failure modes separates
true error from annotation artifacts. Together these argue for honest, externally validated, decomposed
reporting — and for shipping a reliability signal alongside the segmentation — as standards for clinically
deployable spine CT tools.
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Reference Ensemble prediction

Figure 1

Representative vertebral instance segmentation on the external CTSpine1K validation set. For three
cases (rows), a mid-sagittal CT slice (left) is shown with the reference labels (center) and the expanded
five-fold ensemble prediction (Condition C, right); colors denote distinct vertebra labels. Predicted and
reference labelings correspond closely across the thoracolumbar spine, consistent with the quantitative
results in Table 2.
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Disagreement predicts error (p = 0.862)
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Figure 2

Per-vertebra ensemble fold agreement versus per-vertebra Dice across all 2279 evaluated vertebrae.
Lower fold agreement is associated with lower Dice (Spearman rho 0.862, 95% Cl 0.844 to 0.879). The
dashed line marks the DSC = 0.70 poor-segmentation threshold used for the flagging analysis.
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Page 13/14



Reliability flagging trade-off. Sensitivity (fraction of poorly segmented vertebrae, DSC < 0.70, that are
flagged) against review burden (fraction of all vertebrae flagged) as the fold-agreement threshold varies.
Operating points at agreement thresholds of 0.6, 0.7, and 0.8 are marked; the 0.8 threshold captures
76.1% of failures at a 9.4% review burden.
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