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Supplementary Methods

Mathematical modeling of the late evolving gains

In the first model, we aim to obtain the number of mutations which are shared
by more than 90% of the total population. We utilize the following result from
[1], which gives a formula for the number of mutations that are found in a
certain number of skeleton cells (skeleton cells are those with an infinite line
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of descent). Define

τN := inf{t ≥ 0 : Z0 (t) = N},

as the random time at which the skeleton subpopulation reaches size N at the
first time. Let Sj (t) denote the number of mutations that are found in j ≥ 1
skeleton cells at time t conditioned on the non-extinction of the cancer cell
population. Equation C.1 of [1] states that

E [Sj (τN )] =

{ u0

λ0
N · 1/ (j (j + 1))− u0

λ0
δ1,j , 1 ≤ j ≤ N − 1

u0

λ0
, j = N,

where δl,m = 1 if l = m and δl,m = 0 otherwise. Therefore, we can obtain that

S̃ =

N∑
j=⌈0.9N⌉

E [Sj (τN )]

=
u0

λ0
+

N−1∑
j=⌈0.9N⌉

u0

λ0
N · 1/ (j (j + 1))

=
u0

λ0
+

u0

λ0
N

(
1

⌈0.9N⌉
− 1

N

)
=

N

⌈0.9N⌉
· u0

λ0

≈ 1.11
u0

λ0
.

In the second model, we obtained the expected number of passenger muta-
tions accumulated in the first type 1 cell with infinite lineage, denoted by
S̄:

S̄ =

∫ ∞

0

P (σ1 > t | Ω∞)u0dt. (1)

It remains to prove Lemma 1. Time until the first type 1 cell has been studied
in existing literature with a deterministic approximation of the evolution of
type 0 cells (see [2] and references therein). In Lemma 1, we obtained the exact
distribution.
Lemma 1. Let σ1 denote the time of occurrence of the first type 1 cell that
gives rise to a family which does not die out, and let Ω∞ denote the event of
non-extinction of the tumor. Then

P (σ1 > t | Ω∞) =
a0 (1− q0) +

u1(1−q1)
1−q0

a0 (1− q0) +
u1(1−q1)

1−q0
eζt

,
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where

q0 =
a0 + b0 + u1 −

√
(a0 + b0 + u1)

2 − 4a0 (u1q1 + b0)

2a0
,

q1 =
b1
a1

, and

ζ =
u1 (1− q1)

1− q0
+ a0 (1− q0) .

Proof. Recall that type 0 cells give birth at a rate of a0 and die at a rate of
b0. The net growth rate is λ0 = a0 − b0 > 0. Type 0 cells also mutate to type
1 cells at rate u1. Type 1 cells give birth at a rate of a1 and die at a rate of
b1. The net growth rate is λ1 = a1 − b1 > λ0.

Let q0 denote the extinction probability of a type 0 cell, and q1 the extinc-
tion probability of a type 1 cell. By considering what happened on the first
event of a type 0 and a type 1 cell, we have

q0 =
b0

a0 + b0 + u1
+

a0
a0 + b0 + u1

q20 +
u1

a0 + b0 + u1
q1

q1 =
b1

a1 + b1
+

a1
a1 + b1

q21 .

We can then obtain that

q0 =
a0 + b0 + u1 −

√
(a0 + b0 + u1)

2 − 4a0(u1q1 + b0)

2a0

q1 =
b1
a1

.

To obtain the infinitesimal generator for the skeleton subpopulation pro-
cess of type 0 and type 1 cells conditioned on the event that the population
(starting from a type 0 cell) does not go extinct, we analyze its discrete time
approximations and take a limit (see [3] or Section 3.1 of [2]). We can then
obtain the infinitesimal generator for the skeleton process:[

a0 (1− q0)
u1(1−q1)

1−q0

0 a1 − b1

]
,

where a0 (1− q0) is the birth rate of a type 0 cell, a1− b1 is the birth rate of a

type 1 cell, and u1(1−q1)
1−q0

is the rate of switching from a type 0 to a type 1 cell.

For simplicity, let f(t) = P (σ1 > t | Ω∞). We then apply Theorem 8 in [4]
and obtain the following differential equation for f(t):

df (t)

dt
= a0 (1− q0) f (t)

2 − ζf (t) ,
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where

ζ =
u1 (1− q1)

1− q0
+ a0 (1− q0) .

Lastly, we solve the differential equation and obtain that

P (σ1 > t | Ω∞) =
a0 (1− q0) +

u1(1−q1)
1−q0

a0 (1− q0) +
u1(1−q1)

1−q0
eζt

.
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Supplementary Tables

Notation and Termi-
nology

Definition

SCNA Somatic copy number aberration
SSNV Somatic single nucleotide variant
CN Copy Number
SV Structural variant
SFS Site frequency spectrum of SSNVs
Evolution time Truncal evolution time measured by clonal SSNVs from tumor

samples
Nt Total copy number of a DNA segment
Nb Minor copy number of a DNA segment
MRCA Most recent common ancestor of the tumor sample(s)
Initiation Time (t0) Time fraction from germline to the first gain
Lead Time (tK) Time fraction from the establishment of the observed copy

number state to the MRCA
Arrival Time Time fraction from germline to the establishment of the

observed copy number state (i.e., 1− tK)
SRE Sampling-relevant expansion, i.e., the population expansion

that leads to the observed tumor sample, which may only
involve subclone(s) of the entire tumor.

Final-expansion driver Driver mutation that is responsible for the fitness increase
leading to the final expansion of a tumor

GD The prominent and concentrated burst of gains, containing
more than 40% of all timed genomic segments.

Early gains Gains occurring in the first 20% of the truncal evolution time
measured by clonal SSNVs.

Late gains Gains occurring in the last 20% of the truncal evolution time
measured by clonal SSNVs.

a0 Birth rate of cancer cells with no post-GD beneficial gains
b0 Death rate of cancer cells with no post-GD beneficial gains
λ0 Growth rate of cancer cells with no post-GD beneficial gains
a1 Birth rate of cancer cells with a post-GD beneficial gain
b1 Death rate of cancer cells with a post-GD beneficial gain
λ1 Growth rate of cancer cells with a post-GD beneficial gain
u0 Mutation rate of passenger gain
u1 Mutation rate of post-GD beneficial gain

Supplementary Table S 1 Table of Notation and Terminology.
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Supplementary Figures

Supplementary Figure S 1 Estimated timing systematically correlates with the actual
timing. The upper panel shows the mean lead time (upper bounds of tK) against the actual
tK in simulations. The lower panel demonstrates the initiation time. Each plot is for a specific
total CN state, where point shapes and colors indicate the complete SCNA configuration
(with the format of total CN:minor CN, or Nt : Nb). We simulated 5000 timing combinations
for each history matrix in a specific SCNA configuration. In these simulations, the true allele
state distribution was used and we neglected the noise contained in the actual sequencing
data. Simulations are binned based on the actual timing of tK and t0 (within 0.01 interval),
respectively. Each point refers to the averaged timing estimate for each bin. Source data are
provided as a Source Data file.
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Supplementary Figure S 2 The performance of Butte on estimating tK for SCNA state
6:1 with simulated history and SSNV data. We simulated SSNV data for the SCNA state
6:1 for two different histories (shown on the left panel), with varying tK (0.1, 0.3, 0.5, 0.7)
for two pre-defined t0 (0.1 and 0.3). The intermediate time stages between t0 and tK were
equally split. For a given history, we simulated SSNV data with varying depth of coverage
(D), number of available mutations (M) and tumor purity (P ). To replicate the depth filter
in variant calling, we filtered out simulated SSNVs lacking adequate alternative read counts
(less than 3). The inferred upper bound of tK by Butte are shown as standard box plots (each
with 100 simulations), and the true tK are indicated by blue lines. The box represents the
interquartile range, covering the central 50% of the data. The line inside the box indicates
the median. Whiskers extend to the minimum and maximum values within a specified range,
excluding outliers. Source data are provided as a Source Data file.
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Supplementary Figure S 3 The performance of Butte on estimating tK for SCNA state
6:2 with simulated history and SSNV data. The plots are arranged similarly as in Figure S2.
The inferred upper bound of tK by Butte are shown as standard box plots (each with 100
simulations), and the true tK are indicated by blue lines. The box represents the interquartile
range, covering the central 50% of the data. The line inside the box indicates the median.
Whiskers extend to the minimum and maximum values within a specified range, excluding
outliers. To replicate the depth filter in variant calling, we filtered out simulated SSNVs
lacking adequate alternative read counts (less than 3). Note that as we do not distinguish the
SSNVs between maternal and paternal alleles, the same history matrix (and the resulting
site frequency spectrum of SSNVs) can represent different gain trajectories on the two alleles.
Source data are provided as a Source Data file.
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Supplementary Figure S 4 The performance of Butte on estimating t0 for SCNA state
6:1 with simulated history and SSNV data. We simulated SSNV data for the SCNA state
6:1 for two different histories (shown on the left panel), with varying t0 (0.1, 0.3, 0.5, 0.7)
for two pre-defined tK (0.1 and 0.3). The intermediate time stages between t0 and tK were
equally split. For a given history, we simulated SSNV data with varying depth of coverage
(D), number of available mutations (M) and tumor purity (P ). To replicate the depth filter
in variant calling, we filtered out simulated SSNVs lacking adequate alternative read counts
(less than 3). The inferred upper bound of t0 by Butte are shown as standard box plots (each
with 100 simulations), and the true t0 are indicated by blue lines. The box represents the
interquartile range, covering the central 50% of the data. The line inside the box indicates
the median. Whiskers extend to the minimum and maximum values within a specified range,
excluding outliers. Source data are provided as a Source Data file.

9



Supplementary Figure S 5 The performance of Butte on estimating t0 for SCNA state
6:2 with simulated history and SSNV data. The plots are arranged similarly as in Figure S4.
The inferred upper bound of t0 by Butte are shown as standard box plots (each with 100
simulations), and the true t0 are indicated by blue lines. The box represents the interquartile
range, covering the central 50% of the data. The line inside the box indicates the median.
Whiskers extend to the minimum and maximum values within a specified range, excluding
outliers. To replicate the depth filter in variant calling, we filtered out simulated SSNVs
lacking adequate alternative read counts (less than 3). Note that as we do not distinguish the
SSNVs between maternal and paternal alleles, the same history matrix (and the resulting
site frequency spectrum of SSNVs) can represent different gain trajectories on the two alleles.
Source data are provided as a Source Data file.
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Supplementary Figure S 6 Box plots categorize the distribution of 90% confidence
intervals for estimated tK across four datasets based on the available number of SSNVs
for estimation. Larger numbers of SSNVs result in smaller confidence intervals, indicating
increased precision in the estimates. The box represents the interquartile range, covering the
central 50% of the data. The line inside the box indicates the median. Whiskers extend to
the minimum and maximum values within a specified range, excluding outliers. Source data
are provided as a Source Data file.
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Supplementary Figure S 7 The timing patterns of SCNAs in COAD. The upper panel
illustrates the SCNA evolution of three exemplified COAD tumors. CN states along the
genome are shown on the left of each panel. The right panel visualizes the time fraction
of somatic evolution from germline to the MRCA of the patient tumor. For each SCNA
segment, the inferred timing is drawn by either rectangle (exactly solved timing) or arrows
(upper bounds of timing when the solutions are not unique) with the same color-coding as
its CN. The top panel shows the cumulative distribution (CDF) of SCNA arrival time. The
CDF curve of SCNA arrival time is shown for each patient categorised by the tumor type. In
the lower panel, the average timing (both initiation and arrival time for each one Megabase
genomic bin across COAD patients are shown, respectively. Source data are provided as a
Source Data file.
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Supplementary Figure S 8 Butte’s predictions for SCNAs, encompassing tetraploidy, tri-
somy, tandem duplication, and GD, are in agreement with those documented by [5] through
the graph theory-based method [6]. To analyze tumors from [5] with Butte, we obtained
SSNV and SCNA predictions for the same samples from the PCAWG (PanCancer Analysis
of Whole Genomes) dataset [7] via the ICGC data portal. The left panel displays an illus-
trative case (PD3851a) with event sequencing as reported by [5] below Butte’s findings. In
the right panel, a scatter plot compares the timing predictions of the two methods across 15
patients, with GD events highlighted in red dots. The Spearman correlation coefficient and
corresponding p-value are presented. It’s important to note that the comparison includes
only events reported by [5], although Butte is capable of predicting timing for additional
events. Source data are provided as a Source Data file.
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Supplementary Figure S 9 The timing of single and double gains (with the SCNA
setting at 2:0, 3:1 and 4:2) reported by [8] is plotted against the inferred timing by Butte.
As there could be differences in the SCNA segmentation between Cross’ method and ours,
for each SCNA segment timed by Cross et. al., we located the segment with the matching
chromosome, copy number state and segment length. We then extracted the timing inferred
by Butte. Overall our timing for these low CN gains agrees with Cross’ method. Source data
are provided as a Source Data file.

Supplementary Figure S 10 We conducted pairwise sample comparisons in each patient
with multiple sampling, encompassing COAD, BRCA, PRAD, ESCA, and OS datasets, to
identify genomic regions with stable or diverging CN states (see Methods). The density and
box plots here illustrate the mean arrival time of SCNAs that are shared (teal color) or
diverging (salmon color) between-samples in each patient. The box represents the interquar-
tile range, covering the central 50% of the data. The line inside the box indicates the median.
Each pair of points linked with dashed line refers to a patient. Source data are provided as
a Source Data file.
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Supplementary Figure S 11 The figure illustrates Butte’s performance in identifying
early and late gains using a predetermined timing threshold (T ). The left panel displays two
distinct histories for CN configuration 6:2. To assess late gains, a fixed t0 (at 0.1, 0.2, or 0.3)
was chosen, and SSNV data were simulated based on randomly generated tK values. Butte
was then applied, and the comparison between T and the predicted and actual timing values
(detailed in the Methods section) allowed determination of true positive, false positive, true
negative, and false negative outcomes. Similar procedures were employed to evaluate early
gains. The right panel shows the precision, true positive rate (TPR), and false positive rate
(FPR) for accurately bounding either t0 or tK . Source data are provided as a Source Data
file.
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Supplementary Figure S 12 The figure illustrates Butte’s performance in identifying
early and late gains using a predetermined timing threshold (T ). The left panel displays two
distinct histories for CN configuration 6:1. To assess late gains, a fixed t0 (at 0.1, 0.2, or 0.3)
was chosen, and SSNV data were simulated based on randomly generated tK values. Butte
was then applied, and the comparison between T and the predicted and actual timing values
(detailed in the Methods section) allowed determination of true positive, false positive, true
negative, and false negative outcomes. Similar procedures were employed to evaluate early
gains. The right panel shows the precision, true positive rate (TPR), and false positive rate
(FPR) for accurately bounding either t0 or tK . Source data are provided as a Source Data
file.
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Supplementary Figure S 13 The rate of gains post-GD is compared against the rate
pre-GD for each tumor. Only tumors with GD timed between 0.3 and 0.7 are included. The
confidence interval of the estimated slope (or β1) of the linear regression is indicated. The
overall regression was statistically significant with R2 = 0.42, F statistics = 23.9, degree of
freedom = 33, and p value = 2.563e-05. Source data are provided as a Source Data file.

Supplementary Figure S 14 The figure illustrates the correlation between the CN gain
and timing of gain in OS (n=38 tumor samples, arrival time) and BRCA (n=37 tumor
samples, initiation time). Each point on the plots represents the timing of gain for a genomic
bin plotted against its CN gain across patients. Colors denote specific chromosome regions,
and color saturation reflects point density. The timings and CN gains were converted into
normalized rank sums, as described in the Methods section. Source data are provided as a
Source Data file.
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Supplementary Figure S 15 The box plots compare the segment length distributions
between SCNAs occurred during GD and SCNAs post-GD. The segment length is normalized
by the length of corresponding chromosome. Each panel refers to a patient tumor. Red stars
indicate significance levels of Wilcoxon rank sum tests (one star: p < 0.05; two stars: p <
0.01). Sample sizes (n) are indicated for each category. The box represents the interquartile
range, covering the central 50% of the data. The line inside the box indicates the median.
Whiskers extend to the minimum and maximum values within a specified range, excluding
outliers. Source data are provided as a Source Data file.
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Supplementary Figure S 16 SV breakpoints locate at boundary regions of SCNA seg-
ments. The two plots visualize results of overlapPermTest function in R package regioneR

[9], that statistically evaluates the number of overlaps between the SV breakpoints and
boundary regions (±5000bp) of SCNAs in two samples. The green line shows the number
of overlaps. On the other hand, the number of overlaps of the randomized genomic regions
with SV breakpoints cluster around the black line. The red line denotes the significance
limit. Source data are provided as a Source Data file.
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Supplementary Figure S 17 Comparisons of the arrival time between amplified loss-of-
heterozygosity (ALOH) and allele-specific amplifications (ASA) at the same total CN. For
a total CN Nt >= 3, ALOH has the minor allele CN Nb = 0 and ASA has Nb = 1. The
density curves represent the distribution of the arrival time for ALOH (blue colored) and
ASA (red) across the analyzed tumors, respectively. For Nt at 3, 5 and 6, ALOH established
significantly later than ASA (as indicated by the p values, Wilcoxon rank sum test). Also
shown is the Cohen’s d as an estimate of the effect size. Vertical red and blue lines indicates
the mean values for the two types of SCNAs, respectively. N: number of segments for the
corresponding SCNA state. Source data are provided as a Source Data file.

Supplementary Figure S 18 Histogram of number of dominant post-GD gains. His-
togram is based on 103 simulations and all simulations used the model parameters: a0 = 1,
b0 = 0.5, and u0 = 0.5. Source data are provided as a Source Data file.
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Supplementary Figure S 19 The top table: the expected number of post-GD gains
of model 1 with respect to different birth rates (a0) and death rates of GD (b0). Other
parameters for the top table: u0 = 0.2. The bottom table: the expected number of post-
GD gains of model 2 with respect to different birth rates of GD (a0) and rates of beneficial
post-GD gains (u1). Other parameters for the bottom table: b0 = 1, a1 = 1.5, b1 = 1, and
u0 = 0.2.
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Supplementary Figure S 20 The probability of the first dual-mutation cell with muta-
tion one occurring first. This plot displays the simulation data of a two driver mutation
model, where mutation one results in an increase of fitness of δ1 and mutation two results
in an increase of fitness of δ2 < δ1. We simulate the tumor from a single cell without any
mutation until the first cell with both mutations that does not go extinct. The parameters
are as follows: birth rate for cells without any mutation a0 = 1, death rate for cells with-
out any mutation b0 = 1, birth rate for cells with mutation one only a1 = 1 + δ1, death
rate for cells with mutation one only b1 = b0, birth rate for cells with mutation two only
a2 = 1 + δ2 = 1.1, death rate for cells with mutation two only b2 = b0, birth rate for cells
with both mutations a3 = 1 + δ1 + δ2, death rate for cells with both mutations b3 = b0,
mutation rate for mutation one u1 = 0.2, mutation rate for mutation two u2 = 0.2. Each
point is computed from 100,000 simulations. Source data are provided as a Source Data file.
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Supplementary Figure S 21 The comparison of gene set enrichment analysis (GSEA)
results between the gene ranks by averaged timing (as shown in Figure 6A) and the ranks
by their copy number (CN) in the OS cohort. Gene ranking by copy number was performed
using normalized rank sums derived from log2 copy number ratio data. This process involved
converting segment mean values of log2 copy number ratios into ranks within each sample.
Subsequently, the middle rank of each respective sample was subtracted from individual
gene ranks, and these adjusted ranks were summed across patients for each gene. Normalized
rank sums were obtained by dividing the rank sums by their standard deviation. The scatter
plot illustrates the Normalized Enrichment Scores (NES) for cancer census genes categorized
under predefined cancer hallmarks according to the COSMIC database. Source data are
provided as a Source Data file.
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Supplementary Figure S 22 Evaluating the fitness effect of post-GD late appear-
ing gains using the gene based Chronos score [10] provided in the DepMap database
(https://depmap.org/portal/). The Chronos score reflects the change in cell proliferation
upon the Cripsr knockout of the respective gene in a particular cell line. A lower negative
Chronos score indicates that the gene has a positive effect on maintaining cell survival and
division. For simplicity, we took the average score for each gene across all the cell lines. For
each tumor, we calculated the fraction of genes affected by late gains with a mean Chronos
score < −0.5. We then obtained the normalized ratio (NR) by dividing it by the ratio cal-
culated from all the genes in the database. An NR of 1 (black dotted line on the right panel)
means that the genes of interest are not different from a genome-wide background in terms
of the knock-out fitness effect. Interestingly, we found that most patient tumors have an NR
greater than 1 (the right panel), so does the mean NR across patients (left panel, red dot-
ted line). By contrast, genes from randomly sampled genomic regions have a significantly
smaller NR (p = 0.003, Wilcoxon rank sum test; effect size = 0.62) with the mean close to 1
(left panel, blue dotted line). The randomized regions keep the same number and length of
segments as the late gains in each patient (by using function randomizeRegions in R pack-
age regioneR [9]). Source data are provided as a Source Data file.
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Supplementary Figure S 23 Quality control assessment of OS WGS datasets. Two
independent OS datasets [11, 12] were evaluated. For each dataset, the cumulative faction
of the human genome (hg38) covered at or above a given read depth is shown on the left
panel. Sample IDs are labelled and sorted according to the depth of coverage (i.e., fraction
of genome covered at a minimum depth of 30) in the decreasing order. The right panel shows
tumor purity relative to ploidy, where both values were estimated based on TitanCNA [13].
Samples with estimated purity less than 0.2 were excluded for the analysis. Source data are
provided as a Source Data file.
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Supplementary Figure S 24 Quality control assessment of BRCA and PRAD WGS
datasets. Two independent BRCA datasets [14, 15] and a PRAD [16] dataset were evaluated.
For each dataset, the cumulative faction of the human genome (hg38) covered at or above a
given read depth is shown on the left panel. Sample IDs are labelled and sorted according
to the depth of coverage (i.e., fraction of genome covered at a minimum depth of 30) in the
decreasing order. The right panel shows tumor purity relative to ploidy, where both values
were estimated based on TitanCNA [13]. Source data are provided as a Source Data file.
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Supplementary Figure S 25 Quality control assessment of COAD and ESCA WGS
datasets. Two independent COAD datasets [8, 17] and an ESCA [18] dataset were evaluated.
For each dataset, the cumulative faction of the human genome (hg38) covered at or above a
given read depth is shown on the left panel. Sample IDs are labelled and sorted according
to the depth of coverage (i.e., fraction of genome covered at a minimum depth of 30) in the
decreasing order. The right panel shows tumor purity relative to ploidy, where both values
were estimated based on TitanCNA [13]. Source data are provided as a Source Data file.
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Supplementary Figure S 26 For copy number calling, the ploidy baseline (CN = 2) is
determined by the model complexity in explaining the log read ratio and allelic imbalance
of heterozygous SNPs in the corresponding patient (conventionally referred to as logR and
BAF, respectively). (A) For example, for sample BRCA Y 11461 P, if we set the baseline to
the log ratio of the red-colored segments (e.g., chr4), half of the genome (i.e., the blue-colored
segments) would be at haploid state with only one copy. This would cause problems during
mitosis which limit the viability of the cell. Moreover, one has to introduce a subclone to
explain the green segments on chr9 with lower logR and similar allelic imbalance as compared
to the blue segments. Therefore, we established the baseline at the blue segments, which
leads to a simpler one-clone model to explain the profiles holistically across chromosomes,
including the deletions on chr9 and the focal homozygous deletion on chrX. (B) The timing
result of BRCA Y 11461 P, where the genome doubling appears to be quite close to the
MRCA. Source data are provided as a Source Data file.
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Supplementary Figure S 27 Conditional density plots compare the quality metrics of
SV calls shared by DELLY [19] and GRIDSS [20] (labeled as Found) and SV calls unique to
DELLY (Not Found). Two example patient tumors are shown. The supporting evidence are
much stronger for calls that are found by both tools. Source data are provided as a Source
Data file.
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Supplementary Figure S 28 History matrices for SCNA with a total CN less than 6.

30



Supplementary Figure S 29 (A) The histogram displays the proportion of segments
in timing clusters. (B) Two sample tumors where GD is identified as the timing cluster
encompassing over 40% of SCNA segments. Source data are provided as a Source Data file.
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Supplementary Figure S 30 The timing of gains within a GD is tightly distributed. The
middle panel displays the density of standard deviation of the timing within GD across 67
patients (shown as red dots). The left panel shows the SCNA timing for a patient tumor
(COAD C 3 P4) with the standard deviation at 0.13. The right panel shows another tumor
(OS C 4 P) with a more dispersed timing patterns within GD (the standard deviation is
greater than 0.2). For rare cases such as OS C 4 P, it is possible that the genome reached
the high ploidy state via sequential acquisition of gains, instead of a single event. Source
data are provided as a Source Data file.
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