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INTRODUCTION SUMMARY

Molecular alterations detected by next generation sequencing INGS) o Qur H&E image based deep learning model can predict actionable mutations in NSCLC, demonstrating potential for patient stratification

are important for identifying patients who could benefit from targeted

therapies. However, NGS is not always performed due to cost, tissue @ Patients with high likelihood of biomarker can be prioritized for subsequent confirmatory testing

availability and long turnaround times. Digital pathology models using

routinely generated hematoxylin and eosin (H&E) stained images offer @ Valldation studies also indicate that model would be robust to real-world deployment scenarios

a promising solution to prioritize patients for NGS testing. In this
study, we developed and validated an H&E-based model to predict RESULTS
clinically-actionable pathogenic and/or likely pathogenic alterations in
ALK, BRAF, EGFR, ERBB2, MET, RET, and ROS1 in non-small cell lung
cancer (NSCLC).
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