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Signature Exposures at the Tumor Level
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Intra-tumor Heterogeneity

Clonal Evolution Theory of Cancer
[Nowell, 1976]
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[Schwartz and Schaffer, Nat Rev Genetics, 2017]
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Heterogeneity in Signatures in Tumor Clones?

A clone can be distinguished from its

parent by the set of newly introduced
mutations.

ldea is to look at differences in

exposures for these newly introduced o/ T \®
mutations across the tree. 5 @ % @ @




Previous: Single Exposure Inference
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Previous: Single Exposure Inference
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+ No tree required
+ Large sample size
+ Less overfitting
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Previous: Independent Exposure Inference
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+ No tree required
+ Large sample size
+ Less overfitting

- No heterogeneity

+ Heterogeneity

- Small sample size
- May overfit

- Clones required
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every clone for every clone
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This Work: Tree Constrained Exposure Inference
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+ No tree required
+ Large sample size
+ Less overfitting

- No heterogeneity

+ Heterogeneity

- Small sample size
- May overfit

- Clones required

+ Heterogeneity

- Medium sample size
+ Less overfitting

- Tree required
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Same exposures for Different exposures Clone exposures
every clone for every clone separated by shifts
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PhySigs

Problem Statement and Methodology



Tree-constrained Exposure Problem

Problem 3 (Tree-constrained Exposure (TE)). Given feature matriz P, corresponding
count matriz C, signature matriz S, phylogenetic tree T and integer k > 1, find relative exposure
matriz D such that ||P—SDC||r s minimum and D 1is composed of k sets of identical columns,

each corresponding to a connected subtree of T.

P: Mutation Count Matrix  S: Signature Matrix D: Relative Exposure Matrix C: Weight Matrix
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PhySigs Algorithm

Step 1: Solve TE Problem for each possible number k of clusters
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PhySigs Algorithm

Step 1: Solve TE Problem for each possible number k of clusters

No Shift (k=1) One Shift (k=2) Two Shifts (k=3)

|1P=SDC||p
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Error: 550

Error: 200 Error: 175
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PhySigs Algorithm

Step 1: Solve TE Problem for each possible number k of clusters

Step 2: Choose best number k of clusters using
Bayesian Information Criterion (BIC)

No Shift (k=1) One Shift (k=2) Two Shifts (k=3)
~— N
||PI— SDC||p ( \
Error: 175
Error: 550 Error: 200
BIC: 25 BIC: 15 BIC: 40
L -1 3

Lowest BIC Selected



Results

On Simulated and Biological Data
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PhySigs on Lung Cancer Cohort

* 91 patient tumors
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* Number of clones per patient ranges
from 2 to 15 (median of 5).

number of input trees
o ‘

* Number of equally likely trees per patient
ranges from 1 to 17 (median of 1). ke[ k=206 k=34
number k" of subtrees

Data from [Jamal-Hanjani et al., 2017]
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PhySigs Explains Data without Overfitting
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Data from [Jamal-Hanjani et al., 2017]
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PhySigs Finds Explainable Shift for Patient CRUKO0O64

* Sig. 6: DNA mismatch repair signature
* MLH1: DNA mismatch repair gene Founder cell
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Data from [Jamal-Hanjani et al., 2017]
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PhySigs Constrains Solutions for Patient CRUK0O025
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PhySigs Constrains Solutions for Patient CRUK0O025
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Conclusions and Discussion

Key concept: mutational signature exposure may not be constant
across clones due to intra-tumor heterogeneity

PhySigs identifies shifts along edges of a tumor’s evolutionary tree
* May want to consider additional patterns for shifts

PhySigs works by reducing to single exposure problem and then can be
solved with existing algorithms
* Hardness of tree constrained exposure for a fixed k remains open

Availability: https://github.com/elkebir-group/PhySigs
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