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Tumor Evolution is Key to Understanding and Treating Cancer

Identify targets for treatment Reconstruct metastatic development Understanding population
dynamics and selection in tumors
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Figures adapted from Gundem et al. (Nature 2015), Sottoriva et al. (Nat Gen 2015) 5



Cancer evolution is described by phylogenetic tree
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Cancer evolution is described by phylogenetic tree
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Clonal expansions =2 mutation clusters
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Clustering mutations by VAF
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Clustering mutations by VAF
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Copy-number aberrations alter VAF:CCF correspondence
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Clustering mutations by CCF
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CCFs are not identifiable from VAFs & CNAs

Non-identifiability
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CCFs are not identifiable from VAFs & CNAs
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Mutation losses alter branch

Mutation Losses
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Summary: Current approaches for mutation clustering
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New Approach: Descendent Cell Fraction (DCF) accounts for mutation losses
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Summary: Mutation Clustering Approaches
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DeCiFer: Simultaneous clustering of mutations and
calculation of DCF
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DeCiFer: Simultaneous clustering of mutations and
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DeCiFer: DCF Clustering Algorithm

EM-based algorithm using Linear
Programming performs simultaneous
clustering and DCF assignment

DCF accounts for mutation losses

Simultaneous clustering across
multiple samples handles non-
identifiability of DCF values
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( Prostate Cancer Patieﬁt Al/

Metastatic prostate cancer patient Al7:
198 SNVs from 5 bulk tumor samples
(Gundem et al., Nature 2015)
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Metastatic prostate cancer patient Al7:
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Prostate Cancer Patieﬁt Al7/

Metastatic prostate cancer patient Al7:
198 SNVs from 5 bulk tumor samples
(Gundem et al., Nature 2015)
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Simulations

180 instances for each #clusters k € {3, 4, 5} with copy number loss
(#SNVs € {50,100, 500}, #samples € {2, 3,4})
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Mutation

COﬂC‘USlOnS CIusiers
* Mutation clusters indicate SNVs present on same 2 ---»:{}\‘
= --->\=l

phylogenetic branch

* Clustering mutations by VAF or CCF does not account
for mutation losses |

* Descendent Cell Fraction (DCF) accounts for mutation

losses G (S
: : i L | @20%
* DeCiFer simultaneously clusters and calculates DCF B609220% | g0,
values to better handle non-identifiability DN i
* DeCiFer leads to more accurate clustering on simulated @
data, and simpler tumor composition on prostate
cancer data i
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