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(A) Cellular history of a tumor: cell division, mutation and migration (B) Somatic mutations occur at distinct genomic scales
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on-uniqueness in tumor phylogeny estimation from bulk DNA-seq data
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(E) Migrations and comigrations distinguish migration
patterns

The migration history is determined by a labeling of each
vertex of the clone tree by an anatomical site.

(F) Simultaneous analysis of mutation and migration history reveals
monoclonal single-source seeding in breast cancer

Comigration: simultaneous
migration of muItipIe clones
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There may exist many labelings of the same tree The reported migration variant allele frequency

history has 12 migrations 114 Jointly inferring the present clones and the
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