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Abstract. Automated segmentation enables large-scale curation of ret-
rospective imaging cohorts, but unrecognized failures can bias down-
stream analyses, particularly in pediatric neuro-oncology, where multi-
institutional datasets are small and longitudinal tumor burden drives
response assessments. We study quality control (QC) for automated dif-
fuse midline glioma segmentation, benchmarking methods to identify poor
segmentations. We compare supervised QC predictors based on a combi-
nation of acquisition metadata, radiomics, MRI volumes with predicted
masks, and foundation-model MRI embeddings, Dice estimation, and
simple model-derived baselines using inter-model disagreement, softmax
entropy, and predicted tumor volume. Crucially, we assess QC by its
effect on a clinical endpoint: radiotherapy-response labels derived from
longitudinal tumor-volume change. Dice estimation is the strongest failure
detector by AUPRC (0.933), but volume-based thresholding recovers more
label agreement per re-annotation. At the endpoint level, uncorrected
segmentations systematically over-assign favorable response categories
relative to manual references, and volume-based selective re-annotation
of scans recovers agreement at low review burden. These findings argue
for endpoint-aware segmentation QC, optimized for the clinical labels
segmentations support rather than for Dice prediction alone.
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1 Introduction

Pediatric neuro-oncology relies heavily on image-based response assessments, with
standardized criteria such as RAPNO (Response Assessment in Pediatric Neuro-
Oncology) increasingly incorporating quantitative, volumetric tumor burden
alongside conventional diameter-based measures [4,3,14]. In practice, volumetric
assessments depend on manual MRI segmentation, which is labor-intensive
and subject to inter-rater variability [17], creating a bottleneck for large-scale
retrospective and multi-institutional studies.

Automated tumor-volume segmentation is central to overcoming this bottle-
neck. Deep learning methods now achieve expert-level performance for brain-
tumor delineation [10,5,18], including pediatric models [11,5]. However, these
models are often trained and evaluated on diagnostic or pre-treatment imaging.
Since radiotherapy (RT) and systemic treatment induce necrosis, pseudoprogres-
sion, edema, and other phenotypic changes [22], post-treatment images may fall
outside model training distributions [1]. In this domain-shift setting, segmentation
models usually underperform, leading to segmentation errors that can propagate
from automated tumor-volume estimates into response classifications. Quality
control (QC) is critical in flagging such cases. Yet current segmentation QC
methods are typically judged by scan-level geometric performance, such as Dice,
and are rarely tied to the response endpoints. This gap is particularly relevant for
longitudinal response assessment, where labels depend on relative tumor-volume
change across timepoints.

To address this gap, we present a systematic comparison of QC strategies
for automated tumor segmentation. Using a multi-institutional diffuse midline
glioma (DMG) dataset, we benchmark learned predictors and model-derived
confidence baselines for identifying poor segmentations, and evaluate their impact
on a downstream RT-response endpoint derived from longitudinal tumor-volume
change. We show that uncorrected automated segmentations introduce a direc-
tional response-assessment bias, over-assigning favorable outcomes relative to
manual reference labels. Finally, we simulate a flag-re-annotate-relabel workflow
to quantify how selective manual review can recover clinical-label agreement
while reducing annotation burden. While our experiments focus on DMG RT
response, the framework is applicable to other longitudinal imaging endpoints
that depend on automated segmentation.

1.1 Related work

Recent automatic segmentation models span CNN [8,9] and transformer models
[7] with self-configuring nnU-Net [8] and their ensembles [13,5,11] being the
dominant approach in both adult and pediatric brain MRI segmentation. However,
when these models are applied to small pediatric cohorts, reliable QC remains
challenging, particularly in the absence of ground-truth annotations.
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Most QC methods estimate segmentation quality indirectly via model un-
certainty methods such as model ensembles, Monte-Carlo dropout, entropy [12].
Other complementary approaches include the direct estimation of Dice coefficient
from calibrated predictive probabilities [16,15]. These have been demonstrated
to be effective in scenarios involving moderate performance degradation (min.
Dice ~ 0.7), but have not yet been validated for cases of complete segmentation
failure.
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Fig.1: Tumor-volume trajectories from manual and automated segmentation
diverge, flipping the label from stable (A = —23%) to response (A = —35%).

Task-driven proxy approaches, such as reverse classification accuracy [20],
instead characterize dataset-specific failures by quantitatively assessing the extent
to which a predicted output can be reused as a pseudo-label. Despite their
diversity, these methods share a common limitation. Quality is assessed purely in
the segmentation space, leaving open whether identified errors actually influence
subsequent clinical decision making. To our knowledge, none have been validated
for longitudinal DMG assessment or benchmarked against a response label that
ultimately guides treatment monitoring.

2 Quality Control for longitudinal RT labeling

We consider a cohort of longitudinal MRI scans, each with an input image z;,
an automated segmentation m; = S(x;), a binary segmentation-quality label
y; € {0,1}, and a downstream RT-response label r; derived from longitudinal
tumor-volume change. We define a QC predictor as a scan-level scoring function

q; = f(;b(wlummzl) S [07 1]7

where ¢; is the probability of poor segmentation quality and z; denotes any
auxiliary information used by the predictor. Different QC strategies correspond
to different instantiations of f; and z;: model-derived baselines derive z; from
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confidence or disagreement signals produced by S, feature-based predictors use
metadata, radiomics, or MRI embeddings, and learned multimodal predictors
operate on the image-mask pair. A scan is flagged for review if ¢; > 7. For flagged
scans, the automated mask is replaced by the manual reference mask,m; =
m*™ if ¢; > 7, else m;. The reviewed masks induce revised RT-response labels
73, allowing us to measure both failure-detection performance and the effect of
selective re-annotation on clinical label agreement.

3 Implementation Details

3.1 Segmentation-quality predictors

We evaluate four learned predictors of segmentation quality alongside three
baselines derived directly from the segmentation model’s output and confidence.
All models are trained in a 5-fold cross-validation setting with patient-level splits.
Model-derived baselines. Three approaches assess the scan directly from
the segmentation model’s output. Ensemble disagreement scores each scan by
the volumetric disagreement (1 — Dice) between two state-of-the-art pediatric
segmentation models [11,2]. Softmaz entropy averages per-voxel binary entropy
over the predicted foreground from calibrated nnU-Netv2 [9] probabilities, with
higher entropy indicating poorer quality. Volume thresholding flags scans with
fewer than 524 predicted tumor voxels, the volumetric extension of the minimal
measurable lesion size in RAPNO (lcm diameter sphere) [4].

Metadata and radiomics. As an interpretable baseline, we train gradient
boosting classifiers on acquisition metadata (scanner, acquisition parameters,
view plane, image dimensions) and radiomic features [6] extracted from the
predicted mask, evaluating metadata alone or combined with radiomics and
predicted volume. Features are reduced to k = 30 via ANOVA F-test selection
on the validation set.

Learned image and image-mask representations. For MRI-only predic-
tion, we fine-tune BrainIAC [19], a 3D ViT-B foundation model pretrained with
SimCLR contrastive learning. Per-contrast 768-dimensional class-token embed-
dings are concatenated, passed through dropout (p = 0.2) and a linear head, and
fine-tuned end-to-end with Adam under cosine-annealing warm restarts. A comple-
mentary ResNet-style predictor instead learns image-mask compatibility directly,
taking a 5-channel scan-plus-segmentation volume as input. The backbone is a 3D
ResNeXt-style residual encoder (ExtResNetBlock) with global average pooling
and an MLP head trained with binary cross-entropy on foreground-biased 1283
patches (Adam, Ir 1075, weight decay 10~%, batch size 4, up to 1000 epochs, early
stopping).

Calibrated Dice estimation. Finally, we estimate Dice directly from calibrated
nnU-Netv2 [9] softmax probabilities. Pseudo-logits z are rescaled by a temperature
parameter T', pcal = 0(z/T'), and Dice is estimated with the soft-Dice estimator

Of Li et al. [16],
p>0.5

Dice = :
{p>0.5}+2,p

(1)
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T is fit per fold on a calibration split (~ 20% of patients) by minimizing the
absolute difference between mean estimated and mean true Dice, then evaluated
on the held-out majority (~80%). We threshold Dice at 0.8 to flag poor quality.

3.2 Dataset

We use a multi-institutional DMG dataset comprising 110 patients with 468
multiparametric MRI scans (Tlw, Tlw-CE, T2w, T2w-FLAIR) from three
contributing centers (anonymized A, B, C). Prior to segmentation, all images
were registered, skull-stripped, and resampled to 1mm isotropic voxel resolution.
All scans were manually corrected by a medical trainee and reviewed by a certified
neuroradiologist, starting from an automated segmentation. All patients received
comparable irradiation regimens, with 83 of them having both pre- and post-RT
scans enabling the assessment of response. Information on possible concurrent
systemic therapy was not available.

Automatic Segmentation and quality label generation. Automated seg-
mentations were generated using two models drawn from successive generations:
an nnU-Net/Swin UNETR ensemble [11] and a recent large-scale pretrained
pipeline refined through adaptive post-processing [2]. Per-scan Dice is strongly
correlated across these models (Spearman p=0.82). We build all quality predictors
on the best-performing model [2], which achieves a median Dice of 0.92 yet still
exhibits a distinct sub-population of near-zero failures. We label a scan as poorly
segmented when the Dice falls below 0.8, set at the natural break (rounded
antimode of kernel density estimate), yielding 29% poor scans.

3.3 Clinical evaluation.

We assess segmentation QC through its clinical relevance in two steps: (1) how
automated segmentation affects a radiotherapy-response endpoint relative to
reference labels derived from purely manual segmentations, and (2) simulate
a QC-driven flag-re-annotate-relabel pipeline to measure how much of that
discrepancy manual review of selected scans recovers.

Radiotherapy response endpoint. This analysis is restricted to the first RT
course of the eligible 83 patients (~ 350 scans). In line with RAPNO [4], we
use a paired scan comparison between the most recent scan before RT start
and the one closest to 120 days after as the evaluation. The relative tumor-
volume change was calculated. If more than one post-RT scan is available, we
linearly interpolate the volume at 120 days. Based on the volumetric change,
we classify patients as progressive disease (PD), stable disease (SD), or partial
response (PR) using volume-based thresholds (+25% for PD, —25% for PR and
SD otherwise). We compute the RT-response label from both the automated and
manual segmentations, and report agreement between the two label sets, and the
transition matrix between them to quantify label changes.

Post-RT segmentation post-processing. We further investigated a systematic
inflation of post-RT volumes by computing a correction factor, defined as the
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Table 1: AUROC and AUPRC across segmentation quality prediction approaches,
mean and standard deviation across folds is reported.

Model-derived Learned classifiers
Metri Ensemble Volume Softmax Dice Meta- Metadata Radio- Radiomics ResNet Brain-
etne disagr. thresh. entropy estim. data & pred. vol mics & pred. vol pred IAC
AUROC 0.908 0.800 0.781 0.906  0.549 0.668 0.767 0.855 0.636  0.727
+0.01 +0.02 +0.01 +0.003 +0.06 +0.04 +0.06 +0.05 +0.05 +0.10
AUPRC 0.783 0.701 0.623 0.933 0.300 0.377 0.447 0.750 0.355 0.505
+0.02 +0.04 +0.03 +0.004 +0.06 +0.06 +0.07 +0.11 +0.08 +0.02

median ratio of reference to predicted post-RT volume across a held-out 20%
calibration split, and applied it to the remaining scans.
Flag—re-annotate—relabel pipeline. Let a segmentation quality predictor
select scans for manual review. We simulate re-annotation by replacing the
automated segmentation on those scans with the manual-segmentation, recompute
RT-response labels, and measure agreement of the resulting reviewed labels
relative to the true (fully manual) labels. In the case of the ensemble disagreement
or entropy we flag the top 29% of scans for review. For the learned predictors,
we flag all scans predicted as poor quality. We present these as a function of the
percentage of label agreement with the true labels, and the number of scans flagged
for review representing the effort. Additionally, we compute prioritization curves,
where scans are reviewed worse-first as predicted by the different approaches,
recomputing agreement after each review. We summarize curves by the area
under the agreement curve (AUAC).

Statistical analysis. Post-treatment undersegmentation was assessed via the
relative volume discrepancy (Vinan — Vauto)/Viman, comparing pre- vs post-RT
with a paired Wilcoxon test. Automated-vs-manual label shift was tested with the
McNemar—Bowker test of symmetry. Confidence intervals (CI) were computed
by patient-level bootstrap (1000 resamples).

4 Experimental Results

4.1 Performance of segmentation quality predictors

Table 1 presents a comparison across all tested strategies, both model-derived
and learned classifiers, for the binary prediction of poor/adequate segmentations.
Overall, model confidence-based methods outperform most of the supervised
models. Calibration-based Dice estimation achieves the highest AUPRC (0.933 +
0.004) and a near-best AUROC (0.906 + 0.003), both with negligible variance
across folds and comparable to ensemble disagreement. Most notably among the
tested baselines, simple volume thresholding reaches an AUROC of 0.800 + 0.02,
outperforming all learned classifiers except the classifier building on radiomic
features and predicted volume which yields a comparable AUROC of 0.855. The
other notable performer is the foundation-model embedding, reaching an AUROC
of 0.727.
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4.2 Clinical-endpoint impact

We systematically evaluated automated segmentation impact on fixed time-point
volumetric threshold-based RT-response labels. Fig. 2B summarizes these results
as a Sankey diagram as an aggregation over the 83 patients with RT information.
While auto-segmentation and manual segmentation derived labels agree for 80%
of patients (n=67), in the remaining 20% of disjoint cases (n= 16) we observe
a systematic shift of autosegmentation-based response labels towards improved
response categories: automated segmentation over-assigns response (PR: 47 vs. 38
manual) while under-assigning progression (PD: 21 vs. 24) and stable disease (SD:
15 vs. 21). A McNemar-Bowker test of symmetry rejects the null of incidental,
non-directional disagreement (x2(3) = 10.36, p = 0.016). However, the magnitude
is estimated from 16 discordant patients and should be treated as indicative
rather than a calibrated effect size. Notably, the shift persisted even when the
volume threshold was relaxed to 35%. The net effect is an inflation of favorable
outcomes and traces to a post-RT under-segmentation as shown in Fig. 1. We
assess volume difference across the manually and auto-segmented contours by
statistical comparison. We observed a relative volume discrepancy (manual —
automated) rising from a median of 1.0% before RT to 17.5% after (paired
Wilcoxon p < 1078).

4.3 Re-annotation efficiency

Finally, we assess each strategy as a flagging-for-re-annotation tool, quantifying
the agreement with the fully manual labels recovered per unit of review effort
(Fig. 2A). For each approach, the identified poor quality scans are re-annotated
and the resulting label agreement is benchmarked against a random-selection of
the same number of scans. All strategies improve over the uncorrected automated
baseline (agreement 0.807, 95% CI [0.72,0.89] patient-level bootstrap, n—=83).
Given wide CIs due to the small cohort, we focus on the relative efficiency of the
methods: confidence-based and most learned classifiers lie on or above the null
band, while metadata-only offers no advantage over blind review. Thresholding
the volume, a simple, yet effective approach achieves 87% agreement with the
manual labels and, when combined with a systematic inflation of post-RT volumes,
agreement reaches ~0.90, for only ~ 20 re-annotations.

Beyond this fixed operating point, we also consider prioritized review inde-
pendent of any classification threshold: scans are ranked by predicted quality
and re-annotated worst-first (Fig. 2C). All methods increase agreement from the
uncorrected baseline (0.80) and are tightly clustered (AUAC 0.911-0.926), with
radiomics-and-predicted-volume being the most efficient. The curves show that
prioritized review recovers most of the achievable agreement early, but reaching
90% by re-annotation alone still requires inspecting ~36% of the cohort.

4.4 Discussion

Evaluating segmentation QC by its downstream impact rather than segmentation-
space performance alone exposes a divergence: methods that predict low Dice well
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Fig. 2: A. Agreement with true labels as a function of percentage of re-annotations
for different approaches. B. Transitions between automatic segmentation-based
labeling and manual-annotation-based labeling. C. Prioritization curves (re-
annotations in the order of poor quality likelihood) for top 5 performing ap-
proaches. Area under agreement curve (AUAC) is also shown.

do not necessarily flag the samples that alter the radiotherapy-response label. In
line with [21], we observe systematic post-RT undersegmentation, which induces
not random error but a directional shift toward favorable outcomes: over-assigning
response while under-assigning stable and progressive disease. Calibration-based
Dice estimation was the most reliable detector. In the endpoint setting, however,
the simplest approach was most effective: volume thresholding with an explicit
correction for the post-treatment inflation recovered comparable label agreement
(~0.90) for only ~ 20 re-annotations, whereas prioritized review by any flagger
required inspecting ~36% of the cohort to reach 90%. Modeling the dominant
failure mode thus outperforms data-specific learned predictors.

Our findings should be interpreted in light of some limitations. The directional
shift is statistically robust, but it rests on 16 discordant cases, so its precise
magnitude may be specific to this cohort and should be confirmed in larger,
independent datasets. Our manual segmentations also reflect a biased protocol
in which reviewers corrected the predicted mask, chosen to promote review
speed, which limits interpretation of the absolute segmentation performance and
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prevents direct comparison with blinded assessment. Method ranking should be
less affected, as all predictors share the same reference, though this anchoring
likely understates achievable QC performance. These points motivate future work
extending the framework beyond DMGs, developing segmentation adapted to the
altered post-treatment phenotype, and incorporating explainable-Al approaches
that could inform QC decisions.

5 Conclusion

Segmentation QC should be assessed not through single-metric optimization
alone, but by quantifying its effect on the downstream task. In our longitudinal
setting, this reframing exposed a systematic, directional post-treatment bias
that traditional metrics mask. Because these response labels are central to our
research question and to longitudinal monitoring, such a bias is clinically relevant
regardless of segmentation-space performance. Explicitly correcting discovered
biases can minimize manual re-annotation effort while preserving the clinical
relevance of the measurements, and offers a practical route to efficient cohort
curation for longitudinal response assessment.
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