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Supplemental Figure 21. Relative contribution of Genetic Hitchhiking and Muller’s
Ratchet to fix deleterious passengers. Using analytical theory developed in 73385 we
can estimate the relative rates of genetic hitchhiking and Muller’s Ratchet in our pan-
cancer model of tumor evolution. As the relative strength of driver alterations increase
(Sarivers) relative to the selective cost of passengers (Spassengers), more passengers
hitchhike with each driver sweep (left). This increases the relative contribution of
observed passengers that accumulate via hitchhiking (right). Using the Maximum
Likelihood Estimates (MLE) of selection for drivers and against passengers, we
estimate that an average of 8 passengers hitchhike with each driver, which account for
5.0% of accumulated passengers (the majority, and remainder, accumulate via Muller's
Ratchet).
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Supplemental Figure 22. Upregulation of heat-shock protein pathways in tumors
with elevated mutational burdens. (A) Z-scores of median gene expression of (i) all
genes, (ii) HSP9O, (iii) Chaperonins, and (iv) the Proteasome averaged across tumors
stratified by the total number of CNAs. Expression of HSP90, Chaperonins, and
Proteasome gene sets increases with the mutational burden of tumors (weighted R? of
0.78, 0.87 and 0.84, respectively). Error bars are 95% confidence intervals determined
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by bootstrap sampling. (B) Correlation coefficients (r) of the expression of each gene in
the genome (grey) in tumors stratified by the total number of substitutions. Shown in
arrows are the correlation coefficients for HSP90 (blue), Chaperonins (orange), and the
Proteasome (purple). Dashed lines in intervals of 0.25 are for viewing purposes only.
(C) Median correlation coefficients of 10 million randomly sampled gene sets of the

same size as HSP90, Chaperonins and the Proteasome (n=28) in grey. Red line
denotes the median correlation coefficients of HSP90, Chaperonins, and the

Proteasome (0.88). None of the randomly sampled gene sets have a higher median
correlation coefficient than the observed value (0.88.) (D-E) Log-scale heatmap of
changes in the Z-scores of median gene expression values of gene sets in for tumors
stratified by the total number of substitutions (D) or CNAs (E) for cancer subtypes in

TCGA. Changes in the mean gene expression of all genes, HSP90, Chaperonins, and

Proteasome gene sets in the lowest and highest mutational burden bin for each cancer
subtype are shown. Colors denote whether changes in gene expression from low
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mutational burden bins to high mutational burden bins are positive (green) or negative
(red). Expression of HSP90, Chaperonins, and Proteasome gene sets increases with
the mutational burden of tumors across cancer types stratified by the number of SNVs
(p>0.05,p<6x10% p <3 x 1072 respectively; Wilcoxon signed-rank test) and CNAs (
p>0.05,p<2x107? p<1.5x 102 respectively; Wilcoxon signed-rank test).
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Supplemental Figure 23. Random permutations of the positions of observed
CNAs exhibit neutral values of dE/dIl. The stop and start location of each observed
CNA was randomly permuted, while preserving its length. dE/dl was calculated for
CNAs (with and without non-focal amplifications) using both metrics: breakpoint
frequency and fractional overlap. dE/dl values of random permutations are
approximately 1, as expected for CNAs not experiencing selection.
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Supplementary Figure 24. Quantity of mutations within each mutational burden
bin for data depicted in Figure 2. (A-D) all report the total number of samples used in
their respective figure pane within Figure 2. (A) Counts of mutations in passenger (red)
and driver (green) gene sets within tumors stratified by the total number of substitutions
in ICGC and TCGA. (B) Counts of the fraction of pathogenic missense mutations,
annotated by PolyPhen2, in the same driver and passenger gene sets also stratified by
total number of substitutions. (C) Counts of CNAs that reside within putative driver and
passenger gene sets (identified by GISTIC 2.0, Methods) in tumors stratified by the total
number of CNAs and separated by CNA length. (D) Counts of clonal (VAF > 0.2; darker
colors) and subclonal (VAF < 0.2; lighter colors) passenger and driver gene sets in
tumors stratified by the total number of substitutions.
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Supplementary Figure 25. Patterns of selection when permuting gene sequences
at the transcript or gene level. All panels show dN/dS of passenger and driver genes
in tumors stratified by mutational burden within ICGC and TCGA datasets. (A-B) Gene-
level sequences, annotated by Hugo symbols or Ensembl gene IDs, are used to
permute the tri-nucleotide context of a mutation under the null model of mutagenesis.
(C) Transcript level gene sequences, annotated by Ensembl, are used to permute the
tri-nucleotide context of a mutation under our null model of mutagenesis. The solid line
of 1 denotes dN/dS values expected under neutrality. Error bars (shaded area)
represent 95% confidence intervals determined by bootstrap sampling.
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1  Supplementary Tables
2

3 Table S1. Broad (meta-categories) of cancer subtypes.

BROAD CATEGORY (N)

GDC TUMOR SUBTYPES IN GROUP

Circulatory (371)
Endocrine (925)
Urinary (1199)
Nervous (1059)
Reproductive (3328)
Respiratory (1557)
Skeletal (378)

Digestive (2181)
Skin (614)

LAML, DLBC, CLLE, CMDI, MALY
ACC, THYM, THCA, PAEN, PCPG
BLCA, KICH, KIRC, RECA
LGG, GBM, PBCA
BRCA, CESC, EOPC, OV, PRAD, UCEC, TGCT, UCS
LUSC, LUAD, HNSC
SARC, BOCA, MESO
ORCA, LIRL, PAAD, STAD, READ, CHOL, COAD, ESCA,

GACA, LINC, ESAD, BTCA, LIHC

UVM, SKCM, MELA
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Table S2. Assumptions of model of tumor evolution and anticipated effects

ASSUMPTION

ANTICIPATED EFFECT ON CONCLUSIONS REFS

Exponential DFE for drivers &
passengers

Cells are well-mixed (no spatial
structure)

Gompertzian growth dynamics in-
between drivers

Only 50% of tumors progress to
cancer

No (reciprocal) sign epistasis
Constant mutation rate for each
tumor

Simulated tumor is genotyped at
transformation

Malignancy occurs at 1,000,000
(stem) cells

Subclonal mutations are undetected
by genotyping

No dominance

ABC estimates effective selection coefficients &

Reduced Hill-Robertson interference 24.87,88
Decreased inferred strength of drivers relative to no 33
growth constraints

Mutational burdens widen as progression probability 13
declines

Stronger fitness benefits of drivers in adaptive contexts 348
Hill-Robertson interference would increase 9
Late (subclonal) mutations are ignored; incidence age 24
reduced

Reduced variation in cancer incidence times (as true 13

detection times varies)

Lower estimated fitness effects of drivers & passengers
(subclonal mutations experience less selection)
Nearly-unbiased estimate of heterozygous passenger »”
fitness cost; underestimation of driver benefit
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