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Raising dsRNA turns a tumor's own transcripts into a trigger for innate immune sensing, driving

A. Taraeted compounds stronalv uprequlate sense-antisense dsRNA. Sense-antisense pairs form immunogenic cancer cell death. These therapies are usually tracked through the interferon response they
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remain low in untreated samples, but treatment with an dsRNA inducer drives a robust increase in read interferon-stimulated gene. The more direct measurement is already sitting in routine data: scoring
’ sense-antisense transcript pairs reads dsRNA straight from standard stranded RNA-seq.

coverage across both strands of these paired regions.

inducer. B. Schematic of the pipeline testing dsRNA associations in DepMap and Tempus datasets C. Pairwise
associations (Wilcoxon rank-sum) between SNV/CNV status and baseline dsRNA scores in the Tempus NSCLC cohort
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curves for the Tempus NSCLC cohort, stratified by baseline dsRNA score and Biomarker B mutation status.
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downstream genomic annotation, differential expression analysis, and overall dsRNA burden assessment. immune activation, but the same score carries different weight across genetic backgrounds.
Interpreted with that context, it stratifies patients for dsRNA-inducing therapies and immunotherapy

C. dsRIP-seq integration isolates true dsRNA duplexes. Standard RNA-seq detects many overlapping S
combinations.
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