Clinical Implementation of a Knowledge-Based Quality Assurance Tool Using CT

and Shape Radiomics for Autosegmentation in Pediatric Craniospinal Irradiation
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RESULTS

Substantial organ-level variability was observed in
segmentation performance and KDE agreement across the
three autosegmentation models, with 99 contours evaluated
per organ (Table 1). Large structures such as the brain and
lungs achieved consistently strong performance, with mean
Dice similarity coefficient (DSC) values exceeding 0.90 and
accuracy above 0.97. These organs also demonstrated high
KDE agreement for both CT intensity and shape features. In
contrast, smaller and more anatomically challenging 2 "
structures, including the optic nerves, cochleae, and optic o0 //\ | J
chiasm, showed lower DSC values, often below 0.60, while  ©2- /f\x
maintaining relatively high accuracy, typically above 0.80. 0w A w0 w0 s o0
Across organs, CT-based KDE agreement remained high,

exceeding 90% for most structures, with lower agreement
primarily observed in small organs such as the optic chiasm
and lenses. When aggregating results across organs, flagged
segmentations performed  worse  than unflagged
segmentations across multiple metrics (Figure 1).

INTRODUCTION

The absence of pediatric-specific commercial auto-
segmentation solutions highlights the need for robust quality
assurance (QA) strategies [1,2,3]. Pediatric cases pose unique
challenges due to limited data availability and wide variability
in organ sizes, which hinder the reliable training and validation
of Al algorithms.
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It was found that kernel density estimation (KDE) provides a
reliable mathematical framework for modeling radiomic
patterns of critical organs, encompassing both CT number
intensity and shape, across patients and independent of organ
size variability. By establishing QA frameworks that leverage
radiomic features such as CT intensity- and geometric shape-
based patterns from large historical cases, clinicians can be
guided toward suboptimal contours that deviate from
expected segmentations.
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Figure 2. Combined CT-number and shape-based QA for a representative right kidney
autosegmentation. Left panels: CT-number and perimeter metric KDEs with the baseline
mean and £2SD band from ground-truth cases (green) and autosegmentation KDEs for the
atlas (red), commercial Al (blue), and in-house Al (yellow) segmentations, with agreement
shown in the plot legends. Black arrows indicate regions out of agreement and red arrow
shows corresponding segmentation error. Right panel: the corresponding CT slice with
ground truth (green) and atlas (red), commercial (blue), and in-house (yellow) contours.

DISCUSSION

The proposed QA framework differs from prior
approaches [2,3] in several important respects.
Methodologically, it models CT-number intensity and
geometric shape variability as separate organ-specific
signals rather than collapsing them into a single latent
representation or composite score. Separating these
signals preserves interpretability and exposes failure
modes that intensity-only checks may overlook. Shape-
based QA identified 132 contours with geometric
inconsistencies, 99 of which were not detected by CT-
based QA alone. Incorporating shape QA increased the
total flagging rate from 13.6% (CT-based QA only) to

METHODS AND MATERIALS

KDE-based QA models were developed using clinician-
approved organ-at-risk contours from 100 pediatric
craniospinal irradiation patients. Patient ages ranged from 2 to
25 years, with a median age of 8 years. 16 organ-at-risk
structures were included. These included the brain, brainstem,
chiasm, esophagus, left and right eyes, left and right cochleae,
left and right kidneys, left and right lenses, left and right lungs,
and left and right optic nerves.

To account for organ-specific anatomical variability, adaptive
KDE agreement thresholds were used rather than a single
global cutoff. For each organ and feature type, target
agreement levels of 0.90 for CT-number agreement and 0.80
for shape agreement were specified. Across all organs,
contours flagged by the proposed QA framework revealed
significantly lower Dice similarity coefficients, sensitivity,
accuracy, and precision (p < 0.001), while specificity did not
differ significantly.

Table 1. Organ-level KDE percent agreement metrics across three autosegmentation models in
the independent test cohort. Agreement percent values are reported as mean * standard
deviation and represent percent KDE agreement relative to clinician-approved ground truth.
Metrics were computed from 99 autosegmentations per organ (33 patients x 3 models).

For each clinician-approved contour, CT number intensity
information was extracted from the corresponding CT image.
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irradiation (CSI) and can be readily scaled to other
anatomical regions.
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segmentation tool, and an in-house pediatric-trained Al
model. The evaluation cohort consisted of 47 pediatric
patients and was partitioned into a calibration subset of 14
patients and an independent test subset of 33 patients.
Segmentation performance was compared between contours

flagged by the KDE-based quality assurance approach and . paseline distribution near —100 HU. The perimeter KDE

those not flagged. Differences in segmentation performance also exceeds the expected baseline range, extending beyond

metrics between flagged and unflagged groups were assessec approximately 400 mm. These deviations are consistent with ;

Figure 2 illustrates the visual interpretability of combined CT-
number and shape-based QA after autosegmentation. An
example of a suboptimal right kidney autosegmentation from
the atlas model is shown in red. The HU KDE deviates from 1.
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