INTRODUCTION

Geometric similarity evaluation of alternative delineations yields insufficient
information regarding the clinical utility of the delineation. To provide clinical
utility, this study evaluates the dosimetric consequence of alternative
delineations for state-of-the-art Al based auto-segmentation techniques. The
dosimetric robustness of delineations based on deep neural net architectures
is investigated with respect to the probability thresholding level.

AlM

To assess the dosimetric robustness of delineations created via OARnet in
comparison with UaNet for head and neck (H&N) organs-at-risk (OARs) in
radiation therapy treatment plans.
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Figl. Flowchart of research methodology

* Both deep learning-based methods (UaNet and OARnet) were trained on:
» 235 publicly available H&N CTs
» 28 OARs manually-delineated
» 165 datasets are used for training, and 70 for assessment

* Delineation variability is simulated by utilizing different threshold values
for the resultant probability map of each OAR.

* Two performance metrics Dice similarity coefficient (DC) and Hausdorf
distance 95t percentile (HD95) were used for geometric analysis.

* Dosimetric consequence of the resultant delineations are evaluated by
comparing reference DVHs from the treatment plan with the 95%
confidence interval bands of DVHs resulting from alternative OARs
derived from UaNet and OARnet probability maps.
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ultimately helps to devise probabilistic DNNs with the suggested OARnet architecture.
Fig3. Percentage error distribution of max and mean dose indices for 9 patients from the cohort with RT dose
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