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INTRODUCTION

e Vestibular schwannomas (VS) require
long-term imaging surveillance to
inform treatment type and monitor
disease progress and treatment
outcomes.

Accurate and efficient delineation of
VS is essential for clinical decision-
making as volumetric assessment is
more robust than linear
measurements.

Manual contouring and longitudinal
tracking are time-intensive and
variable and existing Al tools often
lack longitudinal assessment and
workflow integration.

KEY POINTS

The WEAVE platform is a first-in-class,
comprehensive, web-accessible
platform for auto-segmentation and
longitudinal monitoring of VS.
WEAVE’s user interface allows
clinicians to visualize tumor volumes,
edit contours as needed, and

perform additional post-processing
tasks. Users can choose to work with
a single image for treatment planning
or with a series of longitudinal
Images.

The integrated segmentation models
achieved mean Dice scores of ~0.9,
approaching the typical range of
human-to-human agreement.

In longitudinal use, co-registration
and standardized visualization within
WEAVE enabled consistent volumetric
trend analysis across time, supporting
reliable assessment of tumor
dynamics within the same clinical
workspace.

Future work will extend WEAVE's
treatment-planning capabilities with
dose prediction and automated plan
generation.
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Figure 1. Overall workflow of WEAVE.

 TCIA (The Cancer Image Archive): 242 patient cases - T1 with contrast and T2
MRI

RESULTS

Figure 2 (A) Single image viewer; (B) Longitudinal tracking interface; (C) volume change over
time generated by the platform’s tracking capabilities.
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Figure 3 lllustration of auto-segmentation results across models. - L. 5
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* The developed platform combines automated tumor delineation with longitudinal volumetric
analysis through a centralized workflow connecting imaging data and clinical databases (Figure 1).

* The user interface supports both single-image and longitudinal visualization, enabling users to
assess tumors in three orthogonal planes and track volumetric changes across co-registered scans
(Figure 2).

* |n most cases, automated contours required minimal to no manual editing, although performance
was reduced for cystic and irregularly shaped tumors (Figure 3).

 (Quantitative evaluation demonstrated strong segmentation performance across all models. Mean
Dice scores were slightly higher on the smaller institutional testing dataset (0.89) than on the larger
TCIA testing dataset (0.86). Although the VS_CT-T1-T2 model achieved the highest overall
performance, differences between models were not statistically significant. Similarly, the VS_T1 and
VS T1-T2 models showed comparable median Dice scores on the TCIA dataset. Performance
improved with increasing training sample size and remained consistently high on the TCIA dataset
(median Dice = 0.92). On the institutional dataset, median Dice scores approached 0.90 as training
sample size increased, while the 50- and 70-case models exhibited nearly identical interquartile
ranges, suggesting stable and generalizable performance beyond 50 training cases (Figure 4).
Longitudinal volume tracking revealed growth patterns consistent with expected post-SRS treatment
response, characterized by transient tumor enlargement followed by stabilization or shrinkage,
indicating tumor control (Figure 5).




