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BACKGROUND RESULTS (cont)

Current large-scale studies and routine clinical use of genomics precision medicine
demonstrates ~10% benefit rates through genomics-informed therapy. The gap between
actionability and benefit remains a major clinical challenge attributed to multiple factors,

RESULTS (cont)
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Figure 2: Clustering and functional response analysis of patient FPM data. A) Agglomerative hierarchical clustering of ex on Minority I-!ealth_ _ CANCER g
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DSS response profiles. Correlation coefficients are visualized as squared values for visual clarity. C) Agglomerative hierarchical clustering
of ex vivo drug sensitivity profiles of 20 DST-assayed patients across 56 common drugs, grouped by drug class. D) Inter-patient
Spearman correlation coefficients of DSS response profiles grouped by drug class. Correlation coefficients are visualized as squared
values for visual clarity. * represents patient DSS profiles most correlated with a patient sample of the same indication. E) Differences in
functional response to oncology drug classes between patients of different racial/ethnic backgrounds, stratified by disease type.
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Our studies demonstrate the potential for predictive and generative artificial intelligence and machine learning approaches to address critical
challenges multi-omics, multi-modal biomarker design to support clinical decision-making and enhance the clinical utility of multi-omics tumor
profiling. Improving therapy assignment through more robust pharmacogenomic biomarkers, which can improve outcomes and reduce ineffective
therapy assignment. These novel biomarkers can be built both to expand labeling for existing drugs and support novel drug development.
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