Scalable subclonal reconstruction of cancer cells in DNA sequencing data using a penalized likelihood model
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clonal/subclonal status of TCGA driver mutations; and download CIiPP output files.

CIliPP provides a fast, accurate, and scalable framework for bulk-DNA subclonal reconstruction. By combining pairwise penalized likelihood with standard SNV, purity, and allele-
specific copy-number inputs, CIiPP achieves high concordance with PCAWG consensus reconstructions while enabling cohort-scale TCGA analysis. Applied across TCGA,
CIliPP identifies cancer-type-, gene-, and driver-pair-specific patterns of driver subclonality, generating a resource for studying tumor evolution and driver mutation timing.
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