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Infinite sites assumption:
A mutation oceurs only once

AML1 / UPN933124

II. Minimum Split Row Problem*

Split Row Operation
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[1l. Perfect Phylogeny Mixture Problem

inimum Usage C Matrix Problem (MU-CFGMP) Given
a binary matrix C € {0,1}™ find a pair A € {0,1}™" and conflict-free B € {0,1}"”
such that (A, B) generates C and Y7", 37, a;; is minimal.

flict-Free G i

As the usage matrix and B s the Basis Matrix, the inferred clonal matrix. C is the discretized mutation
matrix. To solve the MU-CFGMP problem, we use an Integer Linear Program (ILP) to infer the clonal matrix.
The ILP formulation is omitted in this poster.

‘An Exhaustive Approach to the Graph Theoretic Algorithm. Below is a counter-example that occurs on both
simulated and real data

BECEIEE | oo s
B oo [T Lo o [os T o L o s

. EN: - o (NN EN: o - 50N
[ R
[ RS

Containment Graph

]
1
1
1

o
2
B o
o
.
o

© (A) An example of a perfect
Pryiogeny Mati with 3
- - samples and 4 mutations. This
‘matrix is a perfect phylogeny
s s (5) The Perict Phylogeny Tree

corresponding the Matrix in A

(€) Samples that contain a mixture
of populations.

(D) Observed Mutation Matrix.
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0>1 = becomes a 1 after fixing
conflicts after containment graph

Solutions

Distribution of the Number of Solutions for Simulated Data

IV.

Frequency
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Note: 144,198, and

V. Methods of Comparison

We use the following metrics to compare between the PPM solution and the reference solution.
1. Delta U: The error in predicting values in the usage matrices
. Ancestral: The accuracy in predicting ancestral relationships.
3. Clustering: The accuracy in predicting mutation clusters
The accuracy in predicting wheth ieif two nod
separate branches of the obtained tree.

1 Y N Ancestral
08| 0.8
= o
508 o
& oaf 2 o4
£

Max-Min

WMax-Min
(011) (0.00)
Clustered
B 1
03
08
z >
gos 8o
g’ 04| § 04|
2
02 02
Max-Min o Max-Min
(0.00) (0.00)

VI. Simulated Data
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p 1. Based on the poor performance of both PPM and Split-Rows, we decided that using Variant Allele
N u Ancestral Frequencies would provide more useful information.
2. El Kebir et al. formulate the Variant Allele Frequency Factorization Problem (VAFFP) in which they use
08| .08 an ILP to find a basis matrix, usage matrix, and clonal tree T.
5 o6l 2o 3. They account for errors that are likely to occur on real data by clustering mutations that are likely to
S od O E have occurred together and by restricting their ancestry graph to only include edges with high
g confidence.
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2. CITUP enumerates all rooted and determines the best tree by solving a quadratic program. CITUP
scales very poorly with n. References
3. Clomial determines tumor frequencies but does not infer the evolutionary relationship. Therefore, ] oingetal Nature, 481(7382), 506-10
the matrices obtained are rarely perfect phylogeny matrices. (21l Kebi M, L sper . Acheso i, . Raphae 2o
4. LICHeE finds the set of lineage trees that are consistent with its VAF data but does not provide a
rigorous mathematical justification. They only provide an interface with no access to matrices o . 46(3), 225~
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