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Accelerating clinical trials

Generating virtual tumors

In silico clinical trials are a method for accelerating and derisking Virtual tumors were generated using the spherical harmonics (SH)  We generated virtual tumors similar in total tumor cell number as real
traditional clinical trials by enabling: expansion* coefficients of pretreatment N(x) maps (“real tumors”). SH tumors.
» Evaluation of treatments in large, heterogeneous populations expansion describes each N(x) as a set of coefficients; distributions of Real tumors Real tumors
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To enable in silico trials, we present a framework for Veasured Reconsiructed Using our spherical harmonics-based framework, we generated virtual
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generating realistic and heterogeneous virtual tumors. e e Basis Function 1 Basis Function 2 Basis Function 3 Basis Functon 500 tUMOrS that preserved the tumor cellularity of the historical population
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e RO but allowed for variation in tumor volume.

Image processing “ + " Inthe future we will:

Dataset: 27 triple negative breast cancer patients from |-SPY 22 m— e m— o — — — * Improve distribution fitting to accurately capture tumor volume
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