
Purpose: Radiotherapy quality assurance 
(RTQA) of target volume delineation is 
critical in clinical trials to ensure protocol 
adherence. Manual real-time review is 
resource-intensive and often limited to a 
subset of patients. This study evaluates 
the feasibility of automating contour QA 
to augment peer review and expand QA 
coverage across the entire trial cohort.

Methods: An in-silico trial was simulated 
using 203 cases from the AGITG/TROG 
TOPGEAR gastric cancer trial. Auto-
segmentation models were trained using 
a Probabilistic U-Net to estimate 
uncertainty bands reflecting the 
acceptable range of the Clinical Target 
Volume (CTV). Metrics describing the fit of 
the manual contour to the uncertainty 
band (distance-to-band, volume 
difference, band overlap fraction) were 
extracted and used to train logistic 
regression classifiers. These classifiers 
were trained on successive batches of 10 
cases to simulate a prospective trial 
rollout, iteratively updating the model 
while tuning for high sensitivity to 
minimize false negatives.

Results: Across 193 prospective 
simulation cases, the automated QA 
model achieved a sensitivity of 0.89, 
correctly flagging 65 of 73 violations for 
review. A distinct learning curve was 
observed, with lower sensitivity (0.63) in 
the initial 20 cases before the model 
stabilized to consistent performance as it 
adapted to the trial distribution. A 
specificity of 0.54 was observed, with 65 
of 120 acceptable contours correctly 
passed. Implementation of this triage 
mechanism would have resulted in a 38% 
reduction in manual QA workload (73/193 
cases passed), reducing the need for 
manual review while maintaining high 
sensitivity for detecting protocol 
violations.

Conclusion: Automated contour QA can 
feasibly streamline RTQA in clinical trials. 
Applied to the TOPGEAR trial, our 
approach demonstrated the potential to 
significantly reduce manual review 
workload. Crucially, the in-silico 
simulation exhibited an initial 
convergence phase, indicating the need 
for supervised operation before safe 
deployment of autonomous triage in 
multi-center trials.
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Figure 4. Cumulative sensitivity and potential workload reduction 
across batches of 10 cases, in-silico simulation.
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Cohort: 193 prospective cases: 73 violations, 120 
acceptable (manual CTV)

Performance
• Sensitivity 0.89: 65 of 73 violations correctly flagged
• Specificity 0.54: 65 of 120 acceptable CTVs correctly 

passed

Workload
• 73 cases cleared automatically, 120 triaged for peer 

review (Fig. 3)
• 38% reduction in manual review workload, sensitivity 

preserved

Model Tuning
• Target sensitivity 0.9: hard to hit early, converged by 

trial end (0.89, Fig. 4)
• 0.85 cumulative sensitivity after 5 iterations
• → early trial stages likely benefit from added manual 

oversight

Automated vs. Standard QA
• Standard TOPGEAR sampling: 71% of patients 

manually reviewed
• Automated triage: 62% reviewed with 100% coverage
• 8 violations missed automatically vs. an estimated ~16 

missed under standard sampling (29% unreviewed × 
28% violation rate)

Dataset
• 203 TOPGEAR cases, simulating prospective trial 

deployment in silico

Phase 1: Model Initialization (Pre-Trial)
• First 10 patients contoured per protocol, 

confirmed by consensus workshop
• Two-stage model: nnU-Net segmentation → 

Probabilistic U-Net uncertainty band ("band of 
acceptability") (Fig. 1)

Phase 2: Prospective QA Simulation (During Trial)
• Contours scored against the uncertainty band: 

distance-to-band, overlap fraction, volume 
difference 

• Logistic regression classifiers flagging violations 
retrained every 10 cases, tuned to 0.9 sensitivity

• Flagged cases sent for peer review, passing cases 
can proceed to treatment

Automated contour QA triage 
optimizes peer-review resulting 

in less manual workload and 
more focus where it matters: 

protocol violations.

• RTQA is essential to protocol adherence and trial 
validity

• Centralized peer-review is resource-intensive: 
rarely feasible for every patient within trial

• TOPGEAR (AGITG/TROG, NCT01924819), phase III 
trial for patients with resectable gastric cancer, 
restricted real-time review to a subset of patients

• Gastric CTV contouring is challenging: 28% of 
TOPGEAR cases required resubmission for 
protocol deviations, motivating rigorous QA

• Automated contour QA offers a path to full 
cohort coverage while reducing manual burden 

• Study Aim: test the feasibility of automated CTV 
QA across the entire TOPGEAR cohort, in silico
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Figure 1. Coronal view example of TOPGEAR CTV (dashed yellow): a common 
violation (left) vs. corrected contour (right), against the model's predicted band 

of acceptability (green).

Figure 3. Confusion matrix for automated contour QA, all in-silico cases.
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Figure 2. a) In-silico trial QA workflow. b) Similarity metrics between manual 
CTV and predicted band.
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