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A Radio(geno)mics Platform for Quantitative Imaging Analytics on Computational Oncology | =

ZPIESLEY
C. Davatzikos, D. Kontos, P. Yushkevich, R. Shinohara, Y. Fan, R. Verma
Center for Biomedical Image Computing and Analytics (CBICA), University of Pennsylvania FUNDING:

Primary Aim: To enable swift and efficient translation of cutting-edge academic research into clinically useful tools!.

Target Audience: 1. Clinical experts: facilitating use of complex algorithms for clinically relevant studies through a user-friendly interface.
2. Computational experts: allowing for batch-processing and integration of new algorithms.
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Imaging Signature of EGFRvIII in GBM!>! Computational Study Breast Density Assessment!8.°! GBM Survival Predictionl(?>]

Kaplan-Meier Survival Curves

uniformly infiltrative tumors high heterogeneity in edema (Cancer Risk Estimation)
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GBM Recurrence Prediction [13. 14
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Personalized Radiation Dose Escalation in areas of
higher likelihood of recurrence: Application of our
predictive maps to a trial funded by Abramson Cancer
Center and to an NRG trial.
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manual tumor segmentations and radiomic features,

publicly available on the TCIA webpage.

- Future Work -

Model Training Functionality | Brain: Distinct radiographic subtypes of GBM!U'4 |  Breast: Comprehensive parenchymal texture characterization | Deep Learning pipelines for segmentationl!/]
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