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Abstract

Although the role of evolutionary process in cancer progression is widely accepted, increas-
ing attention is being given to the evolutionary mechanisms that can lead to differences in
clinical outcome. Recent studies suggest that the temporal order in which somatic mutations
accumulate during cancer progression is important. Single-cell sequencing (SCS) provides
a unique opportunity to examine the effect that the mutation order has on cancer progres-
sion and treatment effect. However, the error rates associated with single-cell sequencing
are known to be high, which greatly complicates the task. We propose a novel method for
inferring the order in which somatic mutations arise within an individual tumor using noisy
data from single-cell sequencing. Our method incorporates models at two levels in that the
evolutionary process of somatic mutation within the tumor is modeled along with the techni-
cal errors that arise from the single-cell sequencing data collection process. Through analy-
ses of simulations across a wide range of realistic scenarios, we show that our method
substantially outperforms existing approaches for identifying mutation order. Most impor-
tantly, our method provides a unique means to capture and quantify the uncertainty in the
inferred mutation order along a given phylogeny. We illustrate our method by analyzing data
from colorectal and prostate cancer patients, in which our method strengthens previously
reported mutation orders. Our work is an important step towards producing meaningful pre-
diction of mutation order with high accuracy and measuring the uncertainty of predicted
mutation order in cancer patients, with the potential to lead to new insights about the evolu-
tionary trajectories of cancer.

Author summary

Cancer evolves as a consequence of the accumulation of somatic mutations, and diverse
clones are formed during this process, resulting in intratumoral heterogeneity (ITH). Sim-
ilar cancer subtypes often display different landscapes of genetic alterations, and tumors
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that harbor the same mutations sometimes respond differently to therapy. Recent studies
have provided evidence that mutation order is critical in cancer. With application to noisy
single-cell sequencing data, we develop a computational framework to reconstruct the
mutation order along a phylogeny with high accuracy and to measure the uncertainty in a
unique way. We demonstrate that our method exhibits robust performance, both for pre-
dicting mutation order and for assessing uncertainty of predicted mutation order. We
include applications to prostate cancer and colorectal cancer patients, where we identify
mutation orders that have been reported to be important in cancer progression. Knowl-
edge of the tumor evolutionary history, especially the mutation order, would greatly
improve our understanding of a tumor’s ITH and aid in treatment decisions. Our work is
a powerful computational tool that can be applied to address research questions in the
field of cancer and has important translational applications for improving cancer diagno-
sis and personalized therapy.

This is a PLOS Computational Biology Methods paper.

1 Introduction

Cancer progression is a dynamic evolutionary process that occurs among the individual cells
within each patient’s tumor. Cancer typically develops from genetic alterations to a single cell
in normal tissue that endow a growth advantage over the surrounding cells, allowing that cell
to replicate and to expand, resulting in the formation of a clonal population. Cells within this
clonal population may then undergo their own somatic mutations, followed by replication and
formation of subclones. During this complex process, several competitive and genetically
diverse subpopulations may be formed, resulting in intratumoral heterogeneity, as depicted in
Fig 1A and 1B [1-5]. An important consequence of this process of tumor evolution is that the
order in which mutations arise within the tumor may have an impact on cancer progression
(see, e.g., [5-7]), and previous work has been devoted to developing models for the accumula-
tion of mutations within tumors, comparing model predictions with empirical evidence, and
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Fig 1. Pictorial representation of tumor evolution. (A—B) A pictorial representation of the evolution of a tumor from the initiating mutation to the
heterogeneous tissue at the time of sampling, which consists of four different clones and normal tissue. (C) A phylogenetic tree with single cells as the
tips. (D) A clonal lineage tree inferred from sampled cells where each node represents a subclone (cluster of cells). (E) A mutation tree inferred from
sampled cells where each star represents the occurrence of one mutation. The box underneath each tip shows which mutations are present in the cell

represented by the tip.

https://doi.org/10.1371/journal.pcbi.1010560.g001
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developing methods for inferring the order of mutations from data. Examples of such studies
can be found in [4, 8-19] and vary in terms of the type of data and methods used (several of
these are discussed below). Empirical evidence also points to the importance of mutation
order in cancer progression. For example, Ortmann et al. [20] demonstrate that the type of
malignancy and the response to treatment of myeloproliferative neoplasm patients are affected
by the order in which somatic mutations arose within the patients’ tumors. Thus, while the
importance of mutation order is strongly justified by both theory and empirical studies, study
of mutation order is complicated because this cannot be observed directly as cancer initiation
time is unknown in most patients and genomic data are most often collected at one snapshot
in time. Consequently, use of computational methods that infer the order of mutations from
DNA sequence data is the approach of choice for studying this phenomenon.

Most studies on cancer phylogenetics utilize bulk high-throughput sequencing data, but
signals from bulk sequencing only reflect the overall characteristics of a population of
sequenced cells, rather than the characteristics of individual cells. For example, some meth-
ods infer mutation order by comparing occurrence frequencies of mutations across bulk
sequencing data from different tumor samples and patients [8, 10]. However, variation in the
mutations among different cells in a tumor is difficult to evaluate from bulk sequencing data
alone. Single-cell sequencing (SCS) is promising because it enables sequencing of individual
cells, thus providing high-resolution data that can be used to infer the mutational history of
cancer [21]. However, the high error probabilities associated with SCS data complicate the
development of methods for inference of the mutational history. The whole-genome amplifi-
cation (WGA) process used to produce SCS data results in a variety of errors, including allelic
dropout (ADO) errors, false positives (FPs), non-uniform coverage distribution, and low
coverage regions. ADO contributes a considerable number of false negatives (FNs) to point
mutations [21].

Several recent studies have proposed various mathematical methods to infer mutation
order (Fig 1C-1E) from data arising from somatic mutations (i.e., [16, 18, 22-25]). Among
these, we focus specifically on the methods of Jahn et al. [22], Zafar et al. [16], and El-Kebir
[18], called SCITE, SiFit and SPhyR, respectively, as these methods use single-cell data for
inference of the order in which mutations arise along a phylogeny as part of their estimation
procedure. SiFit estimates the mutation order by estimating the most likely mutation states of
the tips and internal nodes of the phylogeny using a dynamic programming algorithm. SCITE
estimates the mutational history with error models only but ignores the evolutionary process
of somatic mutation. SPhyR estimates the mutational history by employing the k-Dollo evolu-
tionary model. However, none of the above methods provide probabilistic information for the
inferred mutation order along a given phylogeny, and thus uncertainty in the inferred muta-
tional signatures along the phylogeny cannot be readily assessed using existing methods. In
addition to methods using SCS data alone, methods that estimate mutational history by inte-
grating both SCS data and bulk sequencing data have been developed (e.g., [19]), but such
methods generally require sequencing of both single cells and bulk samples.

Here, we propose a novel method for mapping mutations onto a phylogenetic tree to allow
inference of the order in which mutations arise within an individual tumor given SCS data
from the tumor at a single time point. Our approach utilizes models for both the mutational
process within the tumor and the errors that arise during SCS data collection in a Bayesian
framework, thus allowing us to predict the mutation order as well as quantify the uncertainty
in the inferred mutation order along the fixed tumor phylogeny. Our approach thus represents
a conceptually distinct and practically important extension of earlier methods. We demon-
strate the performance of our method by comparing it to existing methods. Finally, we apply
our method to real data to estimate the mutation order for prostate and colorectal cancer
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patients. Our real data analyses confirm mutation orders that have been demonstrated to be
critical in cancer initiation and progression.

2 Results
2.1 Overview of mutation order inference from single-cell sequencing data

A phylogenetic tree 7 displays the evolutionary relationships among a sample of ] cells within
a tumor. To infer the locations (branches) on which a set of somatic mutations are acquired
within a given phylogenetic tree, we need to model the evolutionary process of these somatic
mutations and quantify the technical errors that arise from the SCS data collection process. In
this section, we describe the models that we apply for this problem. Indeed, one potential out-
come of our approach to mapping mutations onto a fixed phylogeny may be the identification
of mutations whose ordering across patients suggests an important role in the development,
progression, or treatment of cancer.

2.1.1 Notation and terminology. Consider somatic mutations of interest at I loci across
the genome for a sample of ] single cells. The ] single cells are sampled from the tumor, and
we assume that their phylogenetic relationships are given. In practice, we will often first esti-
mate the phylogeny from the data. The mutation data can be either binary or ternary. For
binary data, 0 denotes the absence of mutation and 1 means that mutation is present, while
for ternary data, 0, 1 and 2 represent the homozygous reference (normal), heterozygous
(mutation present) and homozygous non-reference (mutation present) genotypes,
respectively.

The I somatic mutations evolve along the tumor phylogenetic tree 7. Each tip in 7 rep-
resents one single cell G wherej=1,...,]. Let C={C, ..., Cj} be the set of the ] single cells
under comparison. 7 = (T, t) includes two parts: the tree topology T and a vector of
branch lengths t. The tree topology T = (V, E) is a connected graph without cycles and is
composed of nodes and branches, where V is the set of nodes and E is the set of branches.
The root r of 7 represents the common ancestor (a normal cell without somatic mutations)
for all the single cells under comparison. In the context of this paper, we will focus on
rooted bifurcating trees. There are 2] — 2 branches in a rooted bifurcating tree with J tips,
i.e., E={e}, €5 ..., €375} Let vand w be two nodes in the node set V that are connected by
the branch x in the branch set E (i.e., x = {v, w}: v is the immediate ancestor node of w, and
x connects v and w). Then the set U*(w), which includes the node w and all nodes
descended from w in 7, is called the clade induced by w. The branch x connects the ancestor
node v and the clade induced by w, and we define branch x as the ancestor branch of clade
U*(w). E*(w) is a subset of E that includes branches connecting nodes in U*(w), and C*(w)
are the tips in U*(w).

Let G;; denote the true genotype for the i"™ genomic site of cell C;. The i genomic site will
then have a vector G; € {0, 1Y (for binary data) or {0, 1, 2V (for ternary data) representing its
true genotype for all the ] cells represented by the tips in the tree, wherei=1, ..., I. Let §;;
denote the observed data for the i genomic site of cell C;. Due to the technical errors associ-
ated with SCS data, the observed data S;; does not always equal the true genotype G;;. For both
binary and ternary data, the observed state S;; might be flipped with respect to the true geno-
type G;; due to FP or FN. Missing states (“-”) or ambiguous states (“?”) may be present for
some genomic sites as well. Fig 2 shows an example of true and observed binary genotype data
for the mutations in Fig 1. In Fig 2, the observed state is highlighted in red if it is not consistent
with the true genotype. The red numbers are those mutations with flipped observed mutation
states relative to the true mutation states. The red dash (“-”) indicates a missing value, and the
red question mark (“?”) represents an ambiguous value.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1010560 December 2, 2022 4/31


https://doi.org/10.1371/journal.pcbi.1010560

PLOS COMPUTATIONAL BIOLOGY

Inferring mutation order in cancer

A True binary genotype
G

&

Cs

B Observed binary genotype C Binary mutation process example

G, &
G, %
G &
G, &
Gs %

S O O = =

S e e D

N N —

A

E G ¢, C C; C Cs
Fol B Be¥l [el [ (el Bl Bl [e] [
0 s;® 1 0 1 0 0
0 S, ®% 0 0 0 1 0 : ki : c g
0 ;8 0 0 1 o - ! 2 : : >
0 s, @8 0 2 0 1 0 & & AR
0 Ss# 0 1 ? 0 0 Gi1=1 G2=1 Gi3=1 Gu=1 G15=0

S11=1 S512=0 S1;3=1 S;4 =0 §5=0

Fig 2. True binary data, observed binary data and binary mutation process example. (A) True binary mutation matrix of the sequenced tumor cells
in the mutation tree in Fig 1E. Each row represents true genotypes for one genomic site in all cells and each column represents the true genotypes of
multiple genomic sites for one single cell. (B) Observed mutation matrix with missing and ambiguous values (red), as well as mutation states that are
misrecorded with respect to the true mutation matrix (red numbers; these are either false positives or false negatives). The red dash indicates a missing
value since the sequencing process does not return signal at this site of this cell, and the red question mark represents an ambiguous value. Each row
represents observed states for one genomic site in all cells and each column represents the observed states of multiple genomic sites for one single cell.
(C) Binary mutation process example. A mutation is acquired on branch e, (highlighted in red). The cell descending from branch eg (highlighted in
black) does not carry the mutation, while the cells descending from the blue branches carry the mutation.

https://doi.org/10.1371/journal.pcbi.1010560.9002

Mathematically, we represent the observed mutation states of the J single cells at I different
genomic sites by a I x ] mutation matrix S for convenience,

S, Sy Sy
S, Sy 521
SI Sll e SU

Each entry (i, j) denotes the state observed for mutation i in cell C;, so S; gives the observed
data for genomic site 7 as a vector with J values corresponding to the J single cells. Column j
represents the somatic mutations for cell C;. In phylogeny 7, let 3 be the vector of locations
(branches) on which the I mutations occur, i.e., B = {B,, ..., B,}, where B; is the location
(branch) on which mutation i is acquired. Note that B; takes values in {ej, ey, . . ., €375}

2.1.2 Somatic mutation process. To model the somatic mutation process, we consider
continuous-time Markov processes, which we specify by assigning a rate to each possible tran-
sition between states [26]. The mutation processes along each branch of 7" are assumed to be
independent of each other. We consider point mutations. Once a mutation i is acquired on a
branch x € E, all the branches in the set E*(w) will harbor mutation i but those branches in the
set E\ (x U E*(w)) will not carry this mutation (see Methods) [27]. As an example, Fig 2C
depicts the observed and true binary genotype for mutation i = 1 shown in Fig 2A and 2B. The
set of branches is E = {e, . . ., eg} and the corresponding set of branch lengths is t = {t,, . . ., tg}.
If mutation i is acquired on branch ey, the cell descending along branch eg will not carry the
mutation, while those descending from the blue branches would carry this mutation. The
assumptions that all descendent branches retain a mutation and that the mutation arises only
once correspond to an infinite sites model. Although it is common to assume an infinite sites
model for studying tumor progression, the fit of the infinite sites model to the mutation pro-
cess underlying cancer has been discussed (see, e.g., [27]). To evaluate the sensitivity of our
method to this assumption, we include several simulations under finite sites models below.
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2.1.3 Observation of SCS errors. Real data in the observed mutation matrix are subject to
errors. To account for FPs and FNs in the SCS data, our method applies the error model from
Zafar et al. (2017) [16]. Following their notation, we let a;; be the probability of a false positive
error and f3; be the probability of a false negative error for genomic site i of cell C;. For binary
data, if the true genotype is 0, we may observe a 1, which is an FP. If the true genotype is 1, we
may observe a 0, which is an FN. The conditional probabilities of the observed data given the
true genotype at genomic site i of cell C; can be stored in an error probability matrix N” (see
Methods). It has been pointed out (see, e.g., [24]) that parametrizing error using FP and FN rates
does not capture some plausible events, such as an amplification/sequencing error leading to the
identification of a heterozygous mutant as a homozygote. Models parameterized by the ADO
rate and the amplification/sequencing error rate, rather than by the FP and FN rates, have been
proposed [24]. We note that such error models could easily be incorporated into our method.

2.1.4 Inferring the locations and ordering of mutations in 7. Once the observed matrix
S=1S,...S;]” of the I mutations has been collected, the next step is to infer the branch on
which mutation i takes place, conditioning on S. Given the observed data matrix S, the tumor
phylogenetic tree 7, the error probability matrix N = {Nij|1 <i<I1<j<]} and the muta-
tion process Q,, we can assign a posterior probability distribution P(B,|S, 7, N, Q,) to the
location of mutation i using Bayes’ theorem, i.e, we can compute the probability that mutation
i occurs on each of the 2] — 2 branches. To obtain a point estimate of the branch on which
mutation i occurs, we pick the branch that maximizes this posterior probability, i.e., the maxi-
mum a posteriori (MAP) estimate.

We now consider the posterior probability distribution of the locations for the I mutations
in the sample of ] single cells over branches of 7", which is a distribution on a set of cardinality
(2] - 2)". Under the independence assumption of the somatic mutations during the evolution-
ary process across sites, the posterior distribution for 3 is given by
P(B|S,T,N, Q,) =[], P(B,|S,T,N, Q,). From this distribution, we can extract informa-
tion on the ordering of mutations by picking the MAP estimate, and measure the uncertainty
of the inferred mutation order (Methods).

2.2 Simulation study

To evaluate the ability of our method, which we call MO (Mutation Order), to correctly iden-
tify the locations and the order of a set of mutations under different conditions, we conducted
a series of simulation studies with data simulated under different assumptions. The goal was to
assess the effect of data quality (complete or incomplete, high or low error probabilities), num-
ber of cells, branch lengths, number of mutations and type of genotype data on the perfor-
mance of our method. We considered a total of 9 scenarios, with 100 replicates for each setting
within each scenario. Scenarios 1—4 considered data simulated under various models imple-
mented in the CellCoal software [28]. Scenarios 5 and 6 involved data generated under our
model, with mutations placed on branches with varying probabilities. Scenarios 7 and 8 con-
sidered data simulated under the finite sites assumption (all other simulation settings use the
infinite sites assumption). Finally, to assess the scalability of the method, we simulated scenario
9 under models implemented in CellCoal with 500 or 1000 cells in each replicate. Section A of
the S1 Text provides information about computational requirements.

2.2.1 Simulation method 1. The first method of simulation is conducted with CellCoal
[28]. In each tree, mutations occur under the infinite sites diploid model. The simulation con-
sists of the following steps:

1. Simulate 100 random tumor trees with J cells in each tree. Each tree is generated under the
standard neutral coalescent, going backward in time.
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2. Repeat steps (2.a)-(2.c) for each of the 100 simulated trees from step (1).

a. Simulate 1000 genomic sites, obtained from a population with an effective size of 10000,
a growth rate of 0.001, mutation rate 10”7, and I mutations with genotyping errors
occurring with probabilities @ and 3 taking place along the sample genealogy according
to an infinite sites diploid model.

b. Record the true and observed genotype data.

c. Randomly select tips in the tree with a prespecified missing data percentage and delete
the observed data for these tips. Record the incomplete observed data.

3. Repeat step (2) with different choices of the number of mutations (I), error probabilities («
and ) and missing data percentages.

Given the above simulation procedure, there are several options at each step. In step (1), we
need to specify the number of tips. We considered 10 tips (labeled scenario 1) or 50 tips
(labeled scenario 2). We repeat step (3) 108 times, each with a unique choice of number of
observed mutations (I € {20, 40, 80}), genotyping error probability (here we consider values of
a=10,0.05,0.1} and = {0, 0.1, 0.25, 0.5}) and missing data percentage (complete, 10% miss-
ing and 20% missing).

To evaluate MO’s performance when some mutations are lost, we subsequently introduce
losses in scenarios 1 and 2 with loss rate  and maximum number k losses per mutation. For a
mutation that has been lost at most k — 1 times, we randomly select a branch and introduce a
loss for that mutation with probability r on the selected branch. Cells descending from the
selected branch will lose the mutation with probability . We use a varying number k € {1, 2}
maximum losses per mutation and loss probability € {0.1, 0.2}. We label the settings in which
mutations can be lost as scenario 3 (10 tips) and scenario 4 (50 tips).

Finally, to assess the scalability of MO, we simulated scenario 9 with a large number of cells
(500 and 1000 cells, with 1000 and 10,000 sites) as well as with a small number of cells (10 and
50 cells, with 20, 40 and 80 sites). Settings were similar to those specified for scenarios 1 and 2.
For simplicity, we explored only one error rate setting (o = = 0.1) for trees with a large num-
ber of cells. We explored three error rate settings (a = 8 = {0, 0.05, 0.1}) for trees with a small
number of cells. We only analyzed the first 20 replicates in this scenario due to the high
computational cost and prohibitive running times for competing tools.

2.2.2 Simulation method 2. The second method of simulation assesses MO’s perfor-
mance for scenarios in which mutations evolve with the rates A; and A,. The simulation con-
sists of the following steps:

1. Simulate 100 random bifurcating tumor trees with J cells in each tree. Each tree is generated
by the recursive random splitting algorithm of the R package ape [29].

2. Repeat steps (2.a)-(2.d) on each of the 100 simulated trees from step (1).

a. For each mutation, simulate its location and generating mechanism on the tree based on
the mutation process in Section 4. Record the perfect true ternary genotype data for the J
cells of each mutation.

b. Convert the simulated true ternary genotype data (1 and 2) from step (1.a) into binary
genotype data (1). Record the complete true genotype data.

¢. Add noise to the true genotype data with error probabilities @ and f, and record the
observed data for each mutation. The noise is added to each cell independently.
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d. Randomly select tips in the tumor tree with a prespecified missing data percentage and
delete the observed data for these tips. Record the incomplete observed ternary and
binary data.

3. Repeat step (2) with different choices of number of mutations (I), error probabilities (o and
B) and missing data percentages.

Given the above simulation procedure, there are several options at each step. In step (1), we
need to specify the number of tips and the branch length distribution in each tree. We let each
tree have 10 tips (labeled scenario 5) or 50 tips (labeled scenario 6) and consider branch
lengths that follow the exponential distribution with mean 0.2. Step (1) returns 100 simulated
trees in each of scenarios 5 to 6.

In step (2.a), we specify the parameters, and consider A; = 10~ and A, = 107> from Iwasa
et al. [26]. For each mutation, we select its location on the tree and genotype based on the
mutation process in Section 4. In step (2.c), we add noise to each tip with error probabilities o
and f independently based on Expression (15). In step (2.d), we choose 10% or 20% of the tips
and delete their data. These loci have missing values at the selected tips.

We repeat step (3) 108 times, each with a unique choice of the number of mutations (I €
{20, 40, 80}), genotyping error probability (a = {0, 0.05, 0.1} and 3 = {0, 0.1, 0.25, 0.5}) and
missing data percentage.

2.2.3 Simulation method 3. The third method of simulation assesses MO’s performance
under the finite sites assumption. The simulation consists of the following steps:

1. Repeat steps (1.a)-(1.b) on each of the 100 simulated trees from Section 2.2.1.

a. Simulate mutations under the finite sites assumption for binary genotypes using the
function “sim.history” in the phytools package in R [30].

b. Add noise to the true genotype data with error probabilities @ and 3, and record the
observed data for each mutation. The noise is added to each cell independently.

2. Repeat step (1) with different choices for the transition rates and error probabilities (o and

B).

In step (1), we use the labels scenario 7 (10 tips) and scenario 8 (50 tips). In step (1.a), we set
the rate of mutating from 0 to 1 to be 100 and consider three different rates of mutating from 1
to 0 (1, 10 or 100). In step (1.b), we add noise to each tip with error probabilities o and
independently.

2.2.4 Accuracy of MAP estimates. We assessed the accuracy of the MAP estimates in MO
across the 100 trees within each simulation setting in several ways, including whether the
mutation was inferred to occur on the correct branch (“location accuracy”), whether any pair
of mutations were inferred to occur in the correct order (“order accuracy”), and whether a
pair of mutations that occurred on adjacent branches were inferred to occur in the correct
order (“adjacent order accuracy”). In evaluating both the order accuracy and adjacent order
accuracy, if two sequential mutations were inferred to occur on the same branch, then it was
counted as ordering the mutations incorrectly. In addition, pairs of mutations that occurred
on the same branch were counted as successfully ordered for both the order accuracy and the
adjacent order accuracy if they were inferred to occur on the same branch. The details of how
the MAP estimates were assessed, including an example of the order accuracy and adjacent
order accuracy, are given in the Methods section.

Tables A and B in the S1 Text show the location accuracy for scenarios 1 and 2, respectively,
with each cell entry corresponding to a unique setting of error probabilities ( and ), type of
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genotype (binary and ternary) and missing data percentage (complete and incomplete data).
In most cases, the location accuracy of MO is high except when the error probabilities are
high. With the same type of genotype and same error probability setting, the accuracy
decreases as the percentage of missing values increases. When ¢ (or f) is fixed, accuracy
decreases as 3 (or ) increases.

The results for order accuracy (Tables C and D in the S1 Text) and adjacent order accuracy
(Tables E and F in the S1 Text) for scenarios 1 and 2 are similar. In addition to the same overall
trend due to number of cells, data type, percentage of missing data and error probabilities, the
order accuracy rates are higher than the corresponding adjacent order accuracy rates. The
results for location accuracy, order accuracy and adjacent order accuracy of MO in scenarios 3
to 6 have similar patterns to those observed for scenarios 1 to 2.

2.2.5 Credible set accuracy. The credible set accuracy of the inferred mutation branch
was assessed as well. If the true mutation branch was within the credible set, we counted this as
correct; otherwise, it was incorrect. We used 95% credible set for computation (Tables G and
H in the S1 Text for scenarios 1 and 2, respectively). The credible set accuracy has the same
overall trend as the accuracy of MAP estimates due to the number of cells, type of genotype,
missing data percentage and error probabilities, though the accuracy is higher than that of the
corresponding MAP estimates, especially for settings with large error probabilities and high
missing data percentages. The overall trend for scenarios 3 to 6 is similar to scenarios 1 to 2.

2.2.6 Comparison with competing approaches. To further assess the performance of
MO, we compared its performance with the methods SCITE [22], SiFit [16] and SPhyR [18]
for the simulation data in scenarios 1 to 9. SCITE can estimate the order of mutations for
either binary or ternary genotype data. We used the maximum likelihood mutation order
inferred by SCITE with 1,000,000 iterations given the true error probabilities. SiFit can only
use binary genotype data when inferring mutation order. We estimated the most likely muta-
tional profiles for the tips and the internal nodes by SiFit given the true phylogenetic tree,
error probabilities and mutation rates. We then extracted the mutation order information
from the output. SPhyR can estimate the mutational history for binrary genotype data. We
estimate the order of mutations by SPhyR given the true error probabilities. We estimated the
mutation order with MO conditional on the true tree and estimated tree, while using Monte
Carlo integration to integrate over the distributions of the transition rates and error rates. The
four methods were compared with respect to the order accuracy and adjacent order accuracy
for the above simulation settings.

Scenarios 1 to 4. Figs 3 and 4 plot the adjacent order accuracy and the order accuracy for
the four methods in scenarios 1 to 2, respectively. In scenarios 1 to 2, order accuracy and adja-
cent order accuracy decrease as data quality becomes worse for all four methods. MO is supe-
rior to SCITE and SPhyR in most settings in terms of adjacent order accuracy and order
accuracy. In all the settings, SiFit has the worst performance with respect to order accuracy.
However, SiFit has higher adjacent order accuracy than SCITE. In all settings, SiFit has worse
performance since only a subset of the input mutations are inferred to occur on the tree (i.e.,
some observed mutations are inferred by SiFit to be due only to error, and thus SiFit does not
map these mutations onto the phylogeny). Although the output partial mutation order from
SiFit is mostly correct, the accuracy is low due to the small number of inferred mutation
orders. MO thus dominates SiFit in scenarios 1 and 2. The order accuracy and adjacent order
accuracy of SCITE decrease as the number of mutations increases when error probabilities are
large.

Figs 5 and 6 plot the adjacent order accuracy and the order accuracy for scenarios 3 and 4,
respectively. In scenarios 3 and 4, mutations arise under the infinite sites diploid model, as was
the case for scenarios 1 and 2, but now a small proportion of the mutations are lost. Compared
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Fig 3. Adjacent order accuracy in scenarios 1 and 2 for MO, SCITE, SiFit and SPhyR when there are 20 mutations.
Each panel includes the results from the specific type of genotype and missing data percentage. In each panel, red, gray,
blue, green and yellow colors correspond to MO with the true tree, MO with the estimated tree, SCITE, SiFit and
SPhyR, respectively. Each plotting symbol on the line represents a different . The x-axis is the probability of a false
positive error, @, and the y-axis is order accuracy.

https://doi.org/10.1371/journal.pcbi.1010560.g003
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https://doi.org/10.1371/journal.pcbi.1010560.g004
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Fig 5. Adjacent order accuracy in scenarios 3 and 4 for MO, SCITE, SiFit and SPhyR when there are 20 mutations.
Each panel includes the results from the specific type of genotype and lost mutations. In each panel, red, gray, blue,
green and yellow colors correspond to MO with the true tree, MO with the estimated tree, SCITE, SiFit and SPhyR,
respectively. Each plotting symbol on the line represents a different . The x-axis is the probability of an error, ¢, and

the y-axis is adjacent order accuracy.

https://doi.org/10.1371/journal.pcbi.1010560.g005
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Fig 6. Order accuracy in scenarios 3 and 4 for MO, SCITE, SiFit and SPhyR when there are 20 mutations. Each
panel includes the results from the specific type of genotype and lost mutations. In each panel, red, gray, blue, green
and yellow colors correspond to MO with the true tree, MO with the estimated tree, SCITE, SiFit and SPhyR,
respectively. Each plotting symbol on the line represents a different . The x-axis is the probability of an error, ¢, and
the y-axis is order accuracy.

https://doi.org/10.1371/journal.pcbi.1010560.g006
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to the complete settings in scenarios 1 and 2, the performance of all the four methods is worse.
However, the performance of the four methods is comparable to settings with missing values
in scenarios 1 and 2. MO outperforms SCITE, SiFit and SPhyR in all settings in terms of adja-
cent order accuracy and order accuracy.

Scenarios 5 and 6. In scenarios 5 and 6, mutations are simulated under the mutation pro-
cess defined in Section 4.2. In Figs F through K in the S1 Text, we observe that MO has higher
accuracy than SCITE, SiFit and SPhyR in almost all settings in terms of both order accuracy
and adjacent order accuracy.

Scenarios 7 and 8. In scenarios 7 and 8, mutations are simulated under the finite sites
assumption. Because it is unclear how mutation order should be defined when mutations can
arise multiple times along a phylogeny, we instead plot the location accuracy of MO and SiFit
in Fig L in the S1 Text. When there are only 10 tips in the tree, most simulated mutations
occur only once along the tree and do not mutate back to normal state and MO has higher
accuracy than SiFit. However, when there are 50 tips, most mutations are back mutations that
mutate back to normal state along the tree. SiFit performs better than MO when the rate of
mutating from 1 to 0 is low. When the rate of mutating from 1 to 0 is high, neither MO nor
SiFit identify the correct mutation location. MO is limited by its assumption that all mutations
occur only once on the tree. Although SiFit can infer parallel/back mutations, it is not able to
identify all the locations on which the mutations occur for the simulated data.

Scenario 9. We assessed accuracy on large scDNA-seq datasets with up to 1,000 cells and
10,000 sites for MO as well as the other methods considered, with the exception of SCITE
when the data contained 10,000 sites as the program was still running after several days. The
results are shown in Fig M in the S1 Text. MO continues to show higher accuracy than all of
the other methods considered for these larger datasets.

2.3 Empirical examples

We apply MO to two experimental single-cell DNA sequencing datasets, one for prostate can-
cer [31] and one for metastatic colorectal cancer patients [32]. For the prostate cancer dataset,
we retrieve publicly available data from the single-cell study of Su et al. (2018) [31], which
includes 10 single-cell genomes for each patient. For the colorectal cancer dataset, we use the
somatic single nucleotide variants (SNVs) after variant calling provided in the original study
(16 SNVs for patient CRC1 and 36 SNV for patient CRC2) of [32].

2.3.1 Prostate cancer data. Data analysis. To infer tumor evolutionary trees for patients
1 and 2 (labeled P1 and P2), we used the SVDQuartets method [33] as implemented in PAUP*
[34] using the aligned DNA sequences for all somatic mutations as input with the expected
rank of the flattening matrix set to 4. We specified the normal cell sample as the outgroup. We
used the maximum likelihood method to estimate the branch lengths.

We selected common tumor suppressor genes and oncogenes for both P1 and P2 identified
by Su et al. [31]. In addition to these common cancer-associated genes across different cancers,
we mapped mutations in prostate cancer-specific genes (genes that are more commonly
mutated in prostate cancer patients) suggested by Barbieri et al. [35] and Tate et al. [36]. For
both binary and ternary genotype data for these genes, we used MO to compute the posterior
probability of mutation on each branch of the tumor phylogeny for each of the two patients.

Su et al. (2018) estimated the error probabilities to be (¢, ) = (0.29, 0.02) for P1, and (e, f5)
=(0.31, 0.02) for P2. To examine the effect of informativeness of the prior distribution on the
resulting inference, we considered two prior distributions for each parameter with mean equal
to the estimated error probability from the empirical data and with either a large or a small
variance as described in Section 4.8. For P1, we considered ¢|S; ~ Beta(0.29, 0.71) (larger
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variance) and a|S; ~ Beta(2.9, 7.1) (smaller variance). For P2, we considered a|S; ~ Beta
(0.31, 0.69) (larger variance) and ¢|S; ~ Beta(3.1, 6.9) (smaller variance). For j for both P1
and P2, we considered |S; ~ Beta(0.02, 0.98) (larger variance) and §|S; ~ Beta(0.2, 9.8)
(smaller variance).

According to Iwasa et al. [26], the mutation rates for the first and second mutation were
estimated to be A; = 10~ and A, = 1072, respectively. We used these values to specify the prior
distributions for the transition rates. Similar to the sequencing error probabilities, we set two
prior distributions for each transition rate with equal means but different variances. The distri-
bution of the transition rate A, (0 — 1 for ternary genotype) was set as A,|S; ~ Gamma(2,

5.0 x 107%) (larger variance) and A,|S; ~ Gamma(5, 2.0 x 10~®) (smaller variance). The distri-
bution of the transition rate A, (1 — 2 for ternary genotype) was set as 1,|S; ~ Gamma(2,

5.0 x 107°) (larger variance) and A,|S; ~ Gamma(5, 2.0 x 1072) (smaller variance). The esti-
mated probabilities of mutation did not vary substantially when the prior distributions with
larger or smaller variance were used for any of these parameters. The heatmaps of estimated
probabilities with different prior distributions (larger or smaller variance) are in Figs R
through Y in the S1 Text.

Results. Fig 7 and Fig O in the S1 Text show the tumor evolutionary tree estimated for P1
and P2, respectively. In both tumor trees, the trunk connects the tumor clone to the normal
clone. We annotate the genes on their inferred mutation branches. The uncertainty in the
inferred mutation locations is highlighted in colors. Mutations with strong signal (defined to
be a posterior probability larger than 0.7 that the mutation occurred on a single branch) are
colored red, while mutations with moderate signal (defined to be a total posterior probability
larger than 0.7 on two or three branches) are colored blue. Note that the posterior probability
on a branch measures the support in the data under the model and prior distribution for the
placement of the mutation on that branch. Mutations colored red are those for which the
placement on a single branch is strongly supported. Mutations colored blue are those for
which there is strong support for the mutation having occurred on one of the indicated
branches. This means that the precise placement of the mutation can be confidently limited to
the branches indicated.

We also compare the estimated posterior probability distributions for mutations of com-
mon cancer-associated genes for patients P1 and P2, which are used to construct credible sets
and to measure the uncertainty of the inferred mutation order. Figs R to U in the S1 Text are
the posterior probability distribution heatmaps for patients P1 and P2 with different prior dis-
tributions (larger or smaller variance).

Figs V to Y in the S1 Text show heatmaps of the estimated posterior probabilities for pros-
tate cancer-specific genes for patients P1 and P2 with different prior distributions (larger or
smaller variance). In agreement with the findings of Su et al. (2018), we find that mutation of
TP53, which is commonly associated with tumor initiation in many cancers (see, e.g., Yu et al.
(2014) [37]), is inferred to occur on the trunk of the tree with high probability in patient P1,
but not on the trunk of the tumor tree of patient P2. Gene ZFHX3 has a high probability of
having mutated on the trunk of the tree in both patients. In addition, the heatmap for patient
P1 shows strong signal that FOXPI mutates on the trunk of the tumor tree, while BRCA2 has a
high probability of having mutated on the trunk of the tree for patient P2. Comparing the heat-
maps of common cancer-associated genes with the prostate cancer-specific genes, mutations
inferred to have occurred on the trunk of the tree tend to be those that are common across
cancer types, while mutations known to have high frequency within prostate cancer are gener-
ally found closer to the tips of the tree in both patients.

2.3.2 Metastatic colorectal cancer data. Data analysis. The original study of Leung et al.
(2017) [32] reported 16 and 36 SNV for patients CRC1 and CRC2 after variant calling. The
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Fig 7. P1 tumor phylogenetic tree and inferred temporal order of the mutations. The normal cell is set as the outgroup. There are 18 branches in
this tree. We do not assume the molecular clock when estimating the branch lengths. Branch lengths in this figure are not drawn to scale. The color
and tip shape represent the spatial locations of the samples (normal tissue, location X3 or location X4; see [31]). The temporal order of the mutations is
annotated on the branches of the tree. Mutations with very strong signals (probability of occurring on one branch is greater than 0.7) are highlighted in
red, while mutations with moderate signals (probabilities that sum to more than 0.7 on two or three branches) are highlighted in blue. Mutation data
for 30 genes corresponding to the first 30 rows in Figs R and S in the S1 Text for each tip are shown in the heatmap matrix at the bottom.

https://doi.org/10.1371/journal.pcbi.1010560.9007
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normal cells in each patient were merged into one normal sample and used as the outgroup.
We used SiFit [16] to estimate each colorectal patient’s tumor phylogeny, including branch
lengths.

Leung et al. [32] reported error probabilities of (o, ) = (0.0152, 0.0789) and (a, ) =
(0.0174, 0.1256) for CRC1 and CRC2, respectively. For each patient, we used these values to
specify the same prior distributions across all sites. For CRC1, we considered a|S; ~ Beta
(0.0152, 0.9848) (larger variance) and a|S; ~ Beta(0.15, 9.85) (smaller variance); and fis; ~
Beta(0.078, 0.922) (larger variance) and f|S; ~ Beta(0.78, 9.22) (smaller variance). For CRC2,
we considered a|S; ~ Beta(0.0174, 0.9826) (larger variance) and a|S; ~ Beta(0.174, 9.826)
(smaller variance); and B|S; ~ Beta(0.1256, 0.8744) (larger variance) and B|S; ~ Beta(1.256,
8.744) (smaller variance). The prior distributions for the transition rates for CRC1 and CRC2
were estimated by SiFit. As was found for the prostate cancer patients, the estimated probabili-
ties did not vary substantially when we used prior distributions with small or large variance.

Results. The inferred tumor trees and mutation order are depicted in Figs P and Q in the
S1 Text. The posterior probabilities of the inferred mutation locations are indicated with colors
as for the prostate cancer data. Figs Z and AA in the S1 Text are heatmaps for the posterior
probability distribution of each mutation for patients CRC1 and CRC2 with different priors.
For patient CRC1, mutations in APC, KRAS and TP53 were inferred to have been acquired on
the trunk of the tumor phylogeny with high posterior probability, in agreement with Leung
etal. [32] and in agreement with past studies. The studies of Fearon and Vogelstein [38] and
Powell et al. [39] have shown that the mutation order of these genes appears to be fixed in ini-
tializing colorectal cancer, providing further support for our findings. In addition, we identi-
fied mutations specific to metastatic cells [32], with three (ZNF521, TRRAP, EYS) inferred to
occur on branch 97 in Fig P in the S1 Text. Support is found for placement of RBFOXI and
GATAI in regions of metastatic aneuploid cells of the tree. Each supported placement is on a
branch that leads to a clade of metastatic aneuploid cells, indicating the association of such
cells with these mutations.

For CRC2, we identified strong signals on branch 36 in Fig Q in the S1 Text for several
genes reported by Leung et al. [32] that are shared by primary and metastatic cells, including
driver mutations in APC, NRAS, CDK4 and TP53. We also identified an independent lineage
of primary diploid cells (colored in pink in Fig Q in the S1 Text) that evolved in parallel with
the rest of the tumor with moderate to strong signals for mutations in ALK, ATR, EPHBG,
NR3C2 and SPEN and that did not share the mutations listed in the previous sentence. Our
analysis agreed with that of Leung et al. [32] in that we identified the subsequent formation of
independent metastatic lineages. For example, on branches 56 and 58 we found moderate sup-
port for mutations in FUS; and strong support for mutation on branch 136 in HELZ and
branch 78 in PRKCB. Many of the genes showing weaker or moderate support for mutation in
these metastatic lineages agree with those identified by Leung et al. [32]. A primary difference
between our result and that of Leung et al. [32] is that we identify mutation in NR4A3 and FUS
to have occurred along a different metastatic lineage than the mutations in TSHZ3 and
PRKCB.

3 Discussion

Development of computational tools based on a phylogenetic framework for use in studying
cancer evolution provides tremendous insight into the mechanisms that lead to ITH, especially
the role of the temporal order of mutations in cancer progression. For example, Ortmann et al.
[20] have shown differences in clinical features and the response to treatment for patients with
different mutation orders, indicating that inference of the order in which mutations arise
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within an individual’s tumor have direct implications in clinical oncology, for both diagnostic
applications in measuring the extent of ITH and targeted therapy. SCS data provide an unprec-
edented opportunity to estimate mutation order at the highest resolution. However, such data
are subject to extensive technical errors that arise during the process of whole-genome
amplification.

To analyze such data, we introduce MO, a novel Bayesian approach for reconstructing the
ordering of mutational events from the imperfect mutation profiles of single cells. MO is
designed to infer the temporal order of a collection of mutations of interest based on a phylog-
eny of cell lineages that allows modeling of the errors at each tip. MO can infer the mutation
order that best fits single-cell data sets that are subject to technical noise, including ADO, false
positive errors, and missing data. MO could be extended to work on clonal trees and models
that include errors in observed data for multiple cells in a tip instead of a single cell. In addi-
tion, MO could be straightforwardly modified to account for the accelerated mutation rates
common in late-stage cancers, to allow for back or parallel mutation, or to allow for variation
in mutation rates across sites. MO also provides flexibility in choosing the evolutionary model,
for which we develop a model of evolution that accounts for the effects of point mutations in
single-cell data sets. MO is robust to variation in error rates and performs accurately even with
a small number of single cells. Our simulation results indicate that as the number of informa-
tive single cells increases, MO provides more accurate estimation.

MO improves the accuracy of mutation order prediction by modeling both the evolutionary
process within the tumor and the errors that arise during SCS data collection. Another impor-
tant difference between MO and existing methods, such as SCITE [22] and SiFit [16], is the
unique mechanism for quantifying uncertainty in the inferred order along the phylogeny.
Options available within SCITE [22] allow for estimation of the posterior probability distribu-
tion across orders. SiFit [16], on the other hand, reports the mutation order without such
information. In contrast, because MO uses a probabilistic model for inferring mutation loca-
tions along a tree, it is able to provide an estimate of uncertainty in the inferred locations con-
ditioning on the tumor phylogeny, thus capturing a source of uncertainty that differs from
what SCITE and SiFit provide.

MO performs accurately, as is evident from a comprehensive set of simulation studies that
take into account different aspects of modern SCS data sets by examining a wide range of error
probabilities, fractions of missing data, branch lengths, and numbers of cells in each tree. The
simulation studies also demonstrate that MO outperforms the state-of-the-art methods, espe-
cially when the number of cells in the phylogeny is large. We also use MO to reconstruct the
mutation order for data from prostate cancer patients and colorectal cancer patients, and MO
is able to accurately reconstruct the mutation order that has been reported to be important in
cancer progression. MO is robust to the technical errors that arise during whole-genome
amplification. MO is able to not only provide insight into the ordering of cancer-associated
mutations, but also the level of certainty in the order. MO does not provide estimates of transi-
tion rates and error probabilities, but rather integrates over uncertainty in these parameters.

As SCS data collection becomes more advanced, enabling hundreds of cells to be analyzed
in parallel at reduced cost and increased throughput, MO is poised to analyze the resulting
large-scale data sets to make meaningful inference of the mutation order during tumor pro-
gression for individual patients. MO thus represents an important step forward in understand-
ing the role of mutation order in cancer evolution and as such may have important
translational applications for improving cancer diagnosis, treatment, and personalized ther-
apy. Once the associations between inferred mutation order and clinical outcomes are estab-
lished, future research can explore the cause of clinical outcomes given specific mutation
orders with the goal of developing novel targeted treatments. This will allow clinical providers
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to make decisions concerning treatment based on the mutation landscapes of patients.
Although the current study focuses on cancer, MO can potentially also be applied to single-cell
mutation profiles from a wide variety of fields, including immunology, neurobiology, and
microbiology. These applications are expected to provide new insights into our understanding
of cancer and other human diseases.

4 Methods
4.1 MO overview

The input mutation data of MO can be either binary or ternary. For binary data, we define 0
and 1 as the absence of mutation and presence of mutation, while for ternary data, 0, 1 and 2
represent the homozygous reference (normal), heterozygous (mutation present) and homozy-
gous non-reference (mutation present) genotypes, respectively. MO estimates mutation order
with models at two levels in a Bayesian framework: the mutational process within the tumor,
and the errors that arise during SCS data collection. MO provides a unique means to quantify
the uncertainty in the inferred mutation order along a tumor phylogeny.

4.2 Somatic mutation process

Binary genotype data. For binary genotype data, the mutation process can be modeled by
the 2 x 2 transition rate matrix

0 1
0 /=% &

2

0 — ’ (2)
1 0 0

where A denotes the instantaneous transition rate per genomic site. The transition probability
matrix P(¢) along a branch of length ¢ is then computed by matrix exponentiation of the prod-
uct of @, and the branch length ¢, which gives

0 1 0 1
0 [/P,(t) P,(t) 0 [exp(—At) 1—exp(—Li) 3
P(t) = = .
1 Py (t) Py (1) 1 0 1

Note that Py, (¢) is the probability that mutation i is acquired along a branch of length t. Under
this model and recalling that each mutation evolves independently along different branches in
7, the marginal probability that mutation i is acquired on branch x € E, denoted by

P(B, = x|T, Q,), is thus given by

Mo Pt o8 Tl P
5 ([T o Pt | o8 T 0] )

P(Bi = X|T, Qk) = ’ (4)

where t5 is length of branch B. In the numerator, the first term is a product of probabilities
over all branches without the mutation, the second term is the probability that the mutation is
acquired on branch x, and the third term is a product of probabilities over all branches with
the mutation, i.e., all branches in E*(w). The denominator is needed to create a valid probabil-
ity distribution over all possible branches, and is obtained by summing the numerator over all
valid branches z € E. The P(B, = x|7, Q,) term is normalized by the denominator because we
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exclude two possibilities: a mutation is not acquired on any branch in 7', or a mutation is
acquired more than once on different branches in 7.

As an example, Fig 2C depicts the observed and true binary genotype for mutation i = 1
shown in Fig 2A and 2B. The set of branches is E = {e, . . ., eg} and the corresponding set of
branch lengths would be t = {¢,, . . ., tg}. If mutation i is acquired on branch e,, the cell descend-
ing along branch eg will not carry the mutation, while those descending from the blue branches
would carry this mutation. The marginal probability that mutation i = 1 is acquired on branch
e; would be proportional to its numerator, i.e.,

P(Bl = el |T’ Q?) S8 POU (tS)PUl (tl) [Pll (tQ)Pll (t3)P11 (t4)P11 (tS)Pll (tb)Pll (t7)} *

Ternary genotype data. The mutation model for ternary data is complex and includes

three possible ways that mutation i occurs on a branch xin 7:

1. The status of mutation i transitions from 0 — 1 on a branch x and there is no further muta-
tion at this genomic site in 7.

2. The status of mutation i transitions directly from 0 — 2 on abranch xin 7.

3. The status of mutation i transitions from 0 — 1 on a branch x and then transitions from 1
— 2onabranchy € E¥(w)in 7.

We let B; be the location at which mutation i occurs, B' ! would be the branch on which muta-
0—2

tion status transitions from 0 to 1, B~ is the branch on which mutation status transitions
from 0 to 2, and B!~ is the branch on which mutation status transitions from 1 to 2. If the
mutation i occurs on branch x, all cells in C*(w) will carry 1 or 2 mutations. In other words,
Gjj=1lor2forall C; € C*(w) and G;; = 0 for all C; € C\C*(w). We define the transition rate

matrix Q, as

0 12
O _(7\‘1 + 7\‘17\‘2) 7\‘1 >\’17\‘2
5
Q=1 0 % M| ©)
2 0 0 0

where A, and A, denote the instantaneous transition rates per genomic site of the transitions

0 — 1 and 1 — 2, respectively. Studies have provided evidence that direct mutation of 0 — 2 at
rate A; A, is possible in principle, although it is extremely rare [26]. If A, is 0 in Expression (5),
the model will be reduced to the infinite sites diploid model. The transition probability matrix
P(t) = exp(Q, ) is then given by

0 1 2

0 exp (—(h, + A1) A (exp (=(M +AA,)t) — exp (A1) (A +AA,) exp ;_(7‘1 + hAy)t) + &y exp (—Ayt)
2

+1
7‘2 - ()‘1 + }“1)"2) - (7‘1 + 7"1)‘2)

(6)
0 exp (—Ayt) 1 — exp (—A,t) '

The marginal probability that mutation i occurs on branch x € E for the three possible
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conditions is thus given by
( B("?l —

—1 __ = )
P(B™' =x|T,Q,) = ZZIGE[Q(B‘)A —2)+ QB2 =2z) + Z QB! =z,,BI7? = z,)]’ @)

i

Q(B™* = x)

0—2 __ _
BB =T Q) = B =) QB 2 =2) 1 L QB =g B =) )

P(B/" =x, B = yT,Q,) =

QB =x,B =y) )
ZzleE[Q(BE‘Hl =2z,)+ QB =2z)+ ZzzQ(B?ﬂl =z,B"?=z,)|’
where
QB =x) = [ H Py (ts ] |: H Py (ty } (10)
Be[E\(xUE* ()] BEEX (w)

mwew=[ Pty ] [H% ] an
-BE[E\ (xUE¥ (w))]
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|:B€[E\(XUE"(W))]
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oI

cEY (b)

We normalize the marginal probabilities to exclude scenarios in which mutations are acquired
more than once or in which mutations are not acquired in 7. As an example, Fig A in the S1
Text depicts the same mutation as in Fig 2, but considers ternary data, leading to the following:

1. The marginal probability that mutation i transitions from 0 — 1 on branch e is
P(B™ = ¢,|T, Q) o< Pyy(ts) Py () [Py (85) Py () Py ()P, (85) Py, (£) Py, (1))

2. The marginal probability that mutation i transitions from 0 — 2 on branch e is
P(BI™ = e)|T, Q;) o< Pyy(ts)Poy (1) [Poo(£) Py (£)Pos (£,) Py (5) Py (1) Pos (£7)]-
3. The marginal probability that mutation i transitions from 0 — 1 on e;, and from 1 — 2 on
e is
P(B?Hl = el’ Btli>2 - 63|T7 Qk) X PUO(tS)POI(tl)Pll(t2)P12(tS)PQZ(t4)P22(t5)P22(t6)P22(t7)‘
The probability P(B!"! = e, B} " = ¢,|T, Q, ) is the marginal probability that two mutations
at the same site along the genome occur on two branches e; and es, respectively. After the first
mutation occurs on branch e;, the second mutation can occur on any branch except e; and es.

4.3 Quantification of SCS errors

Quantification of SCS errors for binary data. For binary data, if the true genotype is 0,
we may observe a 1, which is a false positive error. If the true genotype is 1, we may observe a
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0, which is a false negative error. The conditional probabilities of the observed data given the
true genotype at genomic site i of cell C;are

$,=0 §,=1

ij:G"J’:O <1—a,.j o > (13)
=1 B, 1-Pij

where Nj, = P(S; = 1|G,; = 0) = o,
assumption that sequencing errors are independent, if mutation i is acquired on branch x, we
can precisely quantify the effect of SCS technical errors for mutation i as

and other entries are defined similarly. Under the

J
P(S,|B, = x,T,N') = Hp(s,.j|G,.j), (14)

j=1

where N’ = {N", .. ., N”}. Using the example in Fig 2, the error probability of the observed
genotype conditioning on the mutation i = 1 occurring on branch e; would be
P(S,|B, = e,,7,N") = NJIN]’N/’N}/N}?, where N' = {N'!, .., N'*} for this binary data
example.

Quantification of SCS errors for ternary data. For ternary data, the conditional proba-
bilities of the observed data given the true genotype are given by

§;=0 S;=1 §;=2
G;=0 U=y —oBy/2 oy oyf/2 (15)
N’ = Gij =1 ﬁij/2 1- Bij ﬁij/Q )
G; =2 0 0 1

where N}, = P(S; = 1|G; = 0) = &, and the other entries are defined similarly. Under the
same assumptions as for binary genotype data, we can precisely quantify the effect of SCS tech-
nical errors as in Eq (14) if mutation i is acquired on branch x. Using the example in Fig A in
the S1 Text, the error probabilities for the three possible ways that mutation i = 1 may arise on
branch e, are

1. The error probability under the condition that the true mutation transitions from 0 — 1 on
branch e, is P(S,[B'™! = ¢,, 7,N") = NIIN’NPN} N

2. The error probability under the condition that the true mutation transitions from 0 — 2 on
branch e, is P(S,|B"~? = ¢, 7,N") = NN, N’NJ N{».

3. The error probability under the condition that the true mutation transitions from 0 — 1 on
branch e}, and transitions from 1 — 2 on branch e; is
— — 1 TINJI2NTI3 N 14 NI 15
P(S,[B/™" = e, B/ =5, T,N') = NNy Ny /Ny Ny

AndN'={N", ..., N'*} for this ternary data example. The term P(S,|B’"! = ¢,,B/"? =
e;, 7,N") gives the error probability for the case in which the two mutations at the same geno-
mic site occur on branches e; and es.

4.4 Missing and ambiguous data

In real data, missing and ambiguous states are observed and must be taken into account.
For each mutation i, we exclude cells with missing states, and a subtree 7, from 7T is
extracted. The number of tips J; in subtree 7, is less than or equal to J. Let E; be the set of
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branches in subtree 7,. The probability that mutation i occurs on branch x is then given by
P(B,=x|T,Q,) = P(B, = x|T,, Q,), where P(B, = x|7,, Q, ) is computed based on branches
in the subtree 7;, and P(B; = x|7;, Q, ) is 0 for those branches x € E\E;. We quantify the effect
of the SCS technical errors as

Ji

P(S,|B,=x,T,N') = H(Zwijkp(sijk|Gijk))7 (16)

=1 Sk

where w;j. is the weight for each possible observed state at a mutation site. For a site with an
observed state that is not missing or ambiguous, w;;. is 1 for the observed state and 0 for all
other states. For an ambiguous site, we can assign equal weight for each possible state, or we
can assign weight based on sequencing information (e.g., sequence depth) or other biological
characteristics.

4.5 Inferring the location of a mutation in 7

Given the observed data matrix S, the tumor phylogenetic tree 7, the error probability matrix
N = {NY|1 <i< I 1<j<J} and the mutation process Q,, we can assign a posterior probabil-
ity distribution P(B,|S, 7, N, Q, ) to the location of mutation i using Bayes’ theorem,

P(S,|B, = x, T,,N')P(B, = x|T;, Q,)

P(Bz = X|S,T, N? Qk) = P(S |T Ni Q ) ’ = (17)
il=i » =

For mutation i, P(B, = x|S,, 7,,N', Q,) o P(S,|B, = x,7,,N')P(B, = x|7,, Q,) and

P(B, = x|S,,7,,N', Q,) is computed for all x in set E;. For example, there are 8 branches in the
tree in Fig 2, so the branch on which mutation i = 1 occurs, B;, can be any of the 8 branches.
For the binary example, the posterior probability that mutation i = 1 occurs on e, is P(B, =

el |Sl7 7’17 Nl ’ Qk) X PUO(t8)P()1 (tl) [Pll (tZ)Pll (tfﬂ)Pll (t4)P11 (tS)Pll (tﬁ)Pll (t7)] : NHNi(Q)N}f
N;:N.o. In this way, the posterior probability that the mutation occurs on each of the 8
branches can be computed, giving the probability distribution for the location of mutation
i=1,ie. P(B, =x[S,,7,,N', Q,) forx € {ey, . . ., eg}.

To summarize this probability distribution, we construct a (1 — 6) x 100% credible set for
the location of mutation i as follows. First, the branches are ranked by their posterior probabil-
ities, and then branches are added to the credible set in the order of decreasing posterior prob-
ability until the sum of their probabilities reaches (1 — 8). The number of branches in the
credible set is informative about the level of certainty associated with the inferred location for
the mutation. To obtain a point estimate, we pick the branch that maximizes the posterior
probability, i.e., the maximum a posteriori (MAP) estimate. The MAP estimator for the loca-
tion of mutation i is given by

= argmax P(B/S,7,N,Q,). (18)

For the example in Fig 2, the branch with the largest posterior probability is BlMAP for mutation
i=1

4.6 Inferring the mutation order in 7

We now consider the joint posterior probability distribution of the locations for the I muta-
tions in the sample of ] single cells. Based on the assumption of independence among the I
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mutations being considered, the posterior distribution for 5 is given by

I

P(B[S, T ,N,Q,) = HP(Bi|Si’T7 N, 9,); (19)

i=1

where N = {N’!, .. ., N”}. From this distribution, we can extract information on the ordering
of mutations of interest. For example, if we are interested in the order of mutation i = 1

and mutation i = 2 in Fig 2, the joint posterior probability distribution that mutation i = 1
occurs on branch x € E and mutation i = 2 occurs on branch y € E can be used to find the
probability that mutation i = 1 occurs earlier in the tree than mutation i = 2. Note that
phi=sh:~ — P(B = x,B, = y|S,7,N, Q,) = P(B, = xS,7,N, Q,) - P(B, = y|S,T,N, Q,).
This joint distribution can be represented in a matrix given by

B, =¢e B, =e, ... B =g
B2 = e] PBI:el,BZ:el P31:f2‘32:51 . PBIZES‘BZZQI
B2 =e, PpBi=e1.By=ez  pBi=ey.By=ey  DB1=es.By=ey
B.=e¢ PpBi=e1.Ba=es  pBi=ey,By=eg PBi=es.Ba=eg
, = € Ce

Adding entries of the matrix for which branch B; is earlier in the tree than branch B, thus
gives the probability that mutation 1 occurs before mutation 2. To measure the uncertainty of
the ordering of the mutations, we rank all possible mutation orders by their posterior probabil-
ities, and construct a (1 — 0) x 100% credible set by adding orders with decreasing probability
until the sum exceeds 1 — 0. The MAP estimator for the order of I mutations is thus given by

BMAP = argmax P<B|S> T? N7 Qk) (20)

Befep,egp o}

4.7 Assessment of accuracy of point estimates in simulation study

We assess the performance of MO in three aspects in simulation study as below.
Location accuracy. We first evaluate how accurately MO can estimate the branch on
which the mutation occurs. In each setting, we quantify the mutation location accuracy by

total number of mutations which have the correct inferred branch (21)

total number of mutations

where the inferred branch is correct if it is the same as the true mutation branch, and both the
numerator and denominator are evaluated among the 100 trees in each setting.

Order accuracy. The second way to evaluate MO is to compare the order accuracy of all
pairs of mutations among the 100 trees without considering if the branches are adjacent, and
is measured by

number of all paired mutations with the correct inferred order

22
number of all true paired mutations ’ (22)

where both the numerator and denominator are evaluated among the 100 trees.

Adjacent order accuracy. The third way to evaluate MO is to compare the adjacent order
accuracy. In each simulated tree, if one pair of mutations are acquired on two adjacent
branches, we compare if they have the same inferred mutation order on any two adjacent
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Fig 8. Example measures of accuracy (A) True mapping of mutations along a fixed phylogenetic tree; (B) Inferred mapping of mutations along
the same phylogeny. The adjacent order accuracy is 2/3, while the order accuracy is 5/6.

https://doi.org/10.1371/journal.pcbi.1010560.9008

branches. In each setting, the adjacent order accuracy is measured by

number of all adjacent paired mutations with the correct inferred order

23
number of all true adjacent paired mutations ’ (23)

where both the numerator and denominator are evaluated among the 100 trees.

Example. Fig 8 provides an example of order accuracy and adjacent order accuracy. Note
that for the true mapping of mutations onto the phylogeny (left), there are 3 pairs of ancestor
and descendant mutations that happen on adjacent branches: (m;, m,), (ms, m,), and (ms,
ms). In the inferred mapping of mutations onto the phylogeny (right), two pairs of mutations
occur on adjacent branches:(m;, m,) and (m3, my). The adjacent order accuracy is thus 2/3.

Similarly, there are 6 pairs of mutations that have ordered relationship regardless of
whether they occur on adjacent branches for the true mapping of mutations onto the phylog-
eny: (my, my), (my, ms), (my, my), (m,, ms), (m3, my), and (ms, ms). In the inferred mapping of
mutations, four pairs of mutations have the correct order: (m,, m,), (my, ms), (my, my), (my,
ms), and (m3, my). Thus, the adjacent order accuracy is 5/6.

4.8 Incorporating uncertainty in the parameters

Both the binary and ternary models involve the use of transition rates. While some informa-
tion about mutation rates is available in the literature, we incorporate uncertainty in these
rates by assigning prior distributions. Specifically, we assume gamma priors to describe the
distribution of transition rate for each genomic site, A; ~ Gamma(ri1, Ap) and A, ~ Gamma
(A21, A22). We assume beta priors for the false positive probability a;; and the false negative
probability B; for each genomic site in each cell, o;; ~ Beta(a;, of) and f§; ~ Beta(ﬁilj, [3,2}) The
parameters in these prior distributions are specified using information obtained during
sequencing in the case of a;; and ;;, and using information from the literature for the mutation
rate parameters (X, and A,). To carry out inference, we use Monte Carlo integration to inte-
grate over the distributions of these parameters.
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Supporting information

S1 Text. The Supporting information includes details about computational time and scal-
ability, description of an alternative modeling strategy, and supplemental figures and
tables. Fig A. Three possible ways that a mutation may arise on branch e;. In (a), the status
of mutation i = 1 transitions from 0 — 1 on branch e; and there is no further mutation at this
genomic site. In (b), the status of mutation i = 1 transitions directly from 0 — 2 on branch e;.
In (c), the status of mutation i = 1 transitions from 0 — 1 on a branch e, and then transitions
from 1 — 2 on branch e;. Fig B. Adjacent order accuracy in scenarios 1 and 2 of MO, SCITE,
SiFit and SPhyR when there are 40 mutations. Each panel includes the results from the spe-
cific type of genotype and missing data percentage. In each panel, red, gray, blue, green and yel-
low colors correspond to MO with the true tree, MO with the estimated tree, SCITE, SiFit and
SPhyR, respectively. Fig C. Adjacent order accuracy in scenarios 1 and 2 of MO, SCITE, SiFit
and SPhyR when there are 80 mutations. Each panel includes the results from the specific
type of genotype and missing data percentage. In each panel, red, gray, blue, green and yellow
colors correspond to MO with the true tree, MO with the estimated tree, SCITE, SiFit and
SPhyR, respectively. Fig D. Order accuracy in scenarios 1 and 2 of MO, SCITE, SiFit and
SPhyR when there are 40 mutations. Each panel includes the results from the specific type of
genotype and missing data percentage. In each panel, red, gray, blue, green and yellow colors
correspond to MO with the true tree, MO with the estimated tree, SCITE, SiFit and SPhyR,
respectively. Fig E. Order accuracy in scenarios 1 and 2 of MO, SCITE, SiFit and SPhyR
when there are 80 mutations. Each panel includes the results from the specific type of genotype
and missing data percentage. In each panel, red, gray, blue, green and yellow colors correspond
to MO with the true tree, MO with the estimated tree, SCITE, SiFit and SPhyR, respectively. Fig
F. Adjacent order accuracy in scenarios 5 and 6 of MO, SCITE, SiFit and SPhyR when there
are 20 mutations. Mutations are simulated under the mutation process defined in Section 4.2.
Each panel includes the results from the specific type of genotype and missing data percentage.
In each panel, red, gray, blue, green and yellow colors correspond to MO with the true tree,
MO with the estimated tree, SCITE, SiFit and SPhyR, respectively. Fig G. Adjacent order accu-
racy in scenarios 5 and 6 of MO, SCITE, SiFit and SPhyR when there are 40 mutations.
Mutations are simulated under the mutation process defined in Section 4.2. Each panel includes
the results from the specific type of genotype and missing data percentage. In each panel, red,
gray, blue, green and yellow colors correspond to MO with the true tree, MO with the estimated
tree, SCITE, SiFit and SPhyR, respectively. Fig H. Adjacent order accuracy in scenarios 5 and
6 of MO, SCITE, SiFit and SPhyR when there are 80 mutations. Mutations are simulated
under the mutation process defined in Section 4.2. Each panel includes the results from the spe-
cific type of genotype and missing data percentage. In each panel, red, gray, blue, green and yel-
low colors correspond to MO with the true tree, MO with the estimated tree, SCITE, SiFit and
SPhyR, respectively. Fig I. Order accuracy in scenarios 5 and 6 of MO, SCITE, SiFit and
SPhyR when there are 20 mutations. Mutations are simulated under the mutation process
defined in Section 4.2. Each panel includes the results from the specific type of genotype and
missing data percentage. In each panel, red, gray, blue, green and yellow colors correspond to
MO with the true tree, MO with the estimated tree, SCITE, SiFit and SPhyR, respectively. FigJ.
Order accuracy in scenarios 5 and 6 of MO, SCITE, SiFit and SPhyR when there are 40
mutations. Mutations are simulated under the mutation process defined in Section 4.2. Each
panel includes the results from the specific type of genotype and missing data percentage. In
each panel, red, gray, blue, green and yellow colors correspond to MO with the true tree, MO
with the estimated tree, SCITE, SiFit and SPhyR, respectively. Fig K. Order accuracy in scenar-
ios 5 and 6 of MO, SCITE, SiFit and SPhyR when there are 80 mutations. Mutations are
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simulated under the mutation process defined in Section 4.2. Each panel includes the results
from the specific type of genotype and missing data percentage. In each panel, red, gray, blue,
green and yellow colors correspond to MO with the true tree, MO with the estimated tree,
SCITE, SiFit and SPhyR, respectively. Fig L. Location accuracy in scenarios 7 and 8 of MO
and SiFit. Mutations were simulated under the finite sites assumption and error rates, shown
on the x-axis, are assumed to be equal. Fig M. Adjacent order accuracy (top) and order accu-
racy (bottom) in scenario 9 with 500 cells (left column) or 1,000 cells (right column). We
did not obtain results for SCITE for the setting with 10,000 sites even after running each repli-
cate for several days. MO has higher adjacent order accuracy and order accuracy than SiFit and
SPhyR, as well as over SCITE for datasets with 1,000 sites Fig N. Speed comparison. The speed
of the different methods for the simulation data in Scenario 9 is compared. (a) Each plotting
symbol represents a different number of mutations. The x-axis is the probability of error, 8. The
y-axis is the computation time for 100 replicates in each setting. Note the logarithmic time scale
on the y-axis. (b) Each plotting symbol represents a different genotype. The x-axis is the num-
ber of mutations in scenario 9. The y-axis is the computation time for 100 replicates in each set-
ting. Note the logarithmic time scale on the y-axis. Fig O. P2 tumor phylogenetic tree and
inferred temporal order of the mutations. Normal.R0 and Normal. L0 are normal cells from
the right side and the left side of tissue, respectively. There are 18 branches in this tree. We do
not assume the molecular clock when estimating the branch lengths, and branch lengths in this
figure are not drawn to scale. The color and tip shape represent the spatial locations of the sam-
ples (normal tissue, left-side locations L3 or L4, or right-side location R3; see [31]). The tempo-
ral order of the mutations is annotated on the branches of the tree. Mutations with very strong
signals (probability of occurring on one branch is greater than 0.7) are marked in red, while
mutations with moderate signals (probabilities that sum to more than 0.7 on two or three
branches) are marked in blue. The probability of a mutation on the indicated branch is anno-
tated in the parentheses after each gene. Mutation data for 30 genes corresponding to the first
30 rows in Figs T and U for each tip are shown in the heatmap matrix at the bottom. Fig P.
CRCI1 tumor phylogenetic tree and inferred temporal order of the mutations. The color and
tip shape represent the spatial locations of the samples (Normal—normal tissue; PA—primary
aneuploid; PD—primary diploid; MA—metastatic aneuploid; MD—metastatic diploid; see
[32]). The temporal order of the mutations is annotated on the branches of the tree. Mutations
with very strong signals (probability of occurring on one branch greater than 0.7) are marked
in red, while genes with moderate signals (probabilities that sum to more than 0.7 on two or
three branches) are marked in blue. The probability of a mutation on the indicated branch is
annotated in the parentheses after each gene. The branch lengths are not scaled. Mutation data
for the 16 genes corresponding to each tip are shown in the heatmap matrix at the bottom. Fig
Q. CRC2 tumor phylogenetic tree and inferred temporal order of the mutations. The color
and tip shape represent the spatial locations of the samples (Normal—normal tissue; PA—pri-
mary aneuploid; PD—primary diploid; MA—metastatic aneuploid; MD—metastatic diploid;
see [32]). The temporal order of the mutations is annotated on the branches of the tree. Muta-
tions with very strong signals (probability of occurring on one branch greater than 0.7) are
marked in red, while mutations with moderate signals (probabilities that sum to more than 0.7
on two or three branches) are marked in blue. The probability of a mutation on the indicated
branch is annotated in the parentheses after each gene. The branch lengths are not scaled.
Mutation data for the 36 genomic sites corresponding to each tip are shown in the heatmap
matrix at the bottom. Fig R. Heatmap of posterior probabilities that each mutation occurs
on each branch for common tumor suppressor genes or oncogenes for prostate cancer
patient P1 with prior distributions that have larger variances. Color indicates the magnitude
of the probability, with red indicating probability close to 1 and blue indicating probability
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close to 0. For P1, prior of o is set as & ~ Beta(0.29, 0.71) (larger variance). The prior of 3 is set
as § ~ Beta(0.02, 0.98) (larger variance). Distribution of transition rate ; is setas A; ~
Gamma(2, 5.0 x 107%) (larger variance). Distribution of transition rate A, is set as A, ~ Gamma
(2,5.0 x 107%) (larger variance). Fig S. Heatmap of posterior probabilities that each mutation
occurs on each branch for common tumor suppressor genes or oncogenes for prostate can-
cer patient P1 with prior distributions that have smaller variances. Color indicates the mag-
nitude of the probability, with red indicating probability close to 1 and blue indicating
probability close to 0. For P1, prior of & is set as & ~ Beta(2.9, 7.1) (smaller variance). The prior
of Bis set as B ~ Beta(0.2, 9.8) (smaller variance). Distribution of transition rate A, is set as A;
~ Gamma(5, 2.0 x 107%) (smaller variance). Distribution of transition rate A, is set as A, ~
Gamma(5, 2.0 x 10) (smaller variance). Fig T. Heatmap of posterior probabilities that each
mutation occurs on each branch for common tumor suppressor genes or oncogenes for
prostate cancer patient P2 with prior distributions that have larger variances. Color indi-
cates the magnitude of the probability, with red indicating probability close to 1 and blue indi-
cating probability close to 0. For P2, prior of a is set as & ~ Beta(0.31, 0.69) (larger variance).
The prior of B is set as § ~ Beta(0.02, 0.98) (larger variance). Prior distributions for the transi-
tion rate parameters are as in Fig R (larger variance). Fig U. Heatmap of posterior probabili-
ties that each mutation occurs on each branch for common tumor suppressor genes or
oncogenes for prostate cancer patient P2 with prior distributions that have smaller vari-
ances. Color indicates the magnitude of the probability, with red indicating probability close to
1 and blue indicating probability close to 0. For P2, prior of & is set as o ~ Beta(3.1, 6.9)
(smaller variance). The prior of s set as § ~ Beta(0.2, 9.8) (smaller variance). Prior distribu-
tions for the transition rate parameters are as in Fig S (smaller variance). Fig V. Heatmap of
posterior probabilities that each mutation occurs on each branch for prostate cancer-spe-
cific genes for prostate cancer patient P1 with prior distributions that have large variances.
This heatmap is for the prostate cancer-specific genes. Color indicates the magnitude of the
probability, with red indicating probability close to 1 and blue indicating probability close to 0.
Prior distributions for the parameters are as in Fig R (larger variance). Fig W. Heatmap of pos-
terior probabilities that each mutation occurs on each branch for prostate cancer-specific
genes for prostate cancer patient P1 with prior distributions that have small variances.
Color indicates the magnitude of the probability, with red indicating probability close to 1 and
blue indicating probability close to 0. Prior distributions for the parameters are as in Fig S
(smaller variance). Fig X. Heatmap of posterior probabilities that each mutation occurs on
each branch for prostate cancer-specific genes for prostate cancer patient P2 with prior dis-
tributions that have large variances. Color indicates the magnitude of the probability, with
red indicating probability close to 1 and blue indicating probability close to 0. Prior distribu-
tions for the parameters are as in Fig T (larger variance). Fig Y. Heatmap of posterior proba-
bilities that each mutation occurs on each branch for prostate cancer-specific genes for
prostate cancer patient P2 with prior distributions that have small variances. Color indicates
the magnitude of the probability, with red indicating probability close to 1 and blue indicating
probability close to 0. Prior distributions for the parameters are as in Fig U (smaller variance).
Fig Z. Heatmap of probabilities on each branch for mutations in patient CRC1 and CRC2
with prior distributions that have large variances. Color indicates the magnitude of the prob-
ability, with red indicating probability close to 1 and blue indicating probability close to 0. Prior
distributions for the parameters are set with larger variance. Fig AA. Heatmap of probabilities
on each branch for mutations in patient CRC1 and CRC2 with prior distributions that have
small variances. Color indicates the magnitude of the probability, with red indicating probabil-
ity close to 1 and blue indicating probability close to 0. Prior distributions for the parameters
are set with smaller variance. Table A. Location accuracy of MO in scenario 1. Each cell
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corresponds to unique @, S, type of genotype and missing data percentage. Table B. Location
accuracy of MO in scenario 2. Each cell corresponds to unique @, f3, type of genotype and miss-
ing data percentage. Table C. Order accuracy of MO in scenario 1. Each cell corresponds to
unique @, B, type of genotype and missing data percentage. Table D. Order accuracy of MO in
scenario 2. Each cell corresponds to unique ¢, f, type of genotype and missing data percentage.
Table E. Adjacent order accuracy of MO in scenario 1. Each cell corresponds to unique ¢, j,
type of genotype and missing data percentage. Table F. Adjacent order accuracy of MO in sce-
nario 2. Each cell corresponds to unique ¢, S, type of genotype and missing data percentage.
Table G. Credible set accuracy of MO in scenario 1. Each cell corresponds to unique o, 3,
type of genotype and missing data percentage. Table H. Credible set accuracy of MO in sce-
nario 2. Each cell corresponds to unique @, f3, type of genotype and missing data percentage.
Table I. Location accuracy of MO when the mutation process is modeled using the multino-
mial distribution in scenario 1 and 2 for binary data. Each cell corresponds to a unique @, §,
number of mutations, missing data percentage and scenario setting.

(PDF)

Acknowledgments

The simulation experiments and data analyses were carried out using the ASC Unity Cluster at
The Ohio State University, USA.

Author Contributions

Conceptualization: Yuan Gao, Jeff Gaither, Julia Chifman, Laura Kubatko.
Data curation: Yuan Gao.

Formal analysis: Yuan Gao.

Investigation: Yuan Gao.

Methodology: Yuan Gao, Jeff Gaither, Julia Chifman, Laura Kubatko.
Project administration: Laura Kubatko.

Software: Yuan Gao.

Supervision: Laura Kubatko.

Validation: Yuan Gao.

Visualization: Yuan Gao.

Writing - original draft: Yuan Gao, Laura Kubatko.

Writing - review & editing: Yuan Gao, Jeff Gaither, Julia Chifman, Laura Kubatko.

References

1. O’Sullivan F, Roy S, Eary J. A statistical measure of tissue heterogeneity with application to 3D PET
sarcoma data. Biostatistics. 2003; 4(3):433—448. https://doi.org/10.1093/biostatistics/4.3.433 PMID:
12925510

2. Ishwaran H, Blackstone EH, Apperson-Hansen C, Rice TW. A novel approach to cancer staging: appli-
cation to esophageal cancer. Biostatistics. 2009; 10(4):603—-620. https://doi.org/10.1093/biostatistics/
kxp016 PMID: 19502615

3. Jamal-Hanjani M, Wilson GA, McGranahan N, Birkbak NJ, Watkins TB, Veeriah S, et al. Tracking the
evolution of non—-small-cell lung cancer. New England Journal of Medicine. 2017; 376(22):2109-2121.
https://doi.org/10.1056/NEJMoa1616288 PMID: 28445112

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1010560 December 2, 2022 29/31


https://doi.org/10.1093/biostatistics/4.3.433
http://www.ncbi.nlm.nih.gov/pubmed/12925510
https://doi.org/10.1093/biostatistics/kxp016
https://doi.org/10.1093/biostatistics/kxp016
http://www.ncbi.nlm.nih.gov/pubmed/19502615
https://doi.org/10.1056/NEJMoa1616288
http://www.ncbi.nlm.nih.gov/pubmed/28445112
https://doi.org/10.1371/journal.pcbi.1010560

PLOS COMPUTATIONAL BIOLOGY Inferring mutation order in cancer

4. Ascolani G, Lio P. Modeling breast cancer progression to bone: how driver mutation order and metabo-
lism matter. BMC Medical Genomics. 2019; 12(6):106. https://doi.org/10.1186/s12920-019-0541-4
PMID: 31345216

5. Beerenwinkel N, Schwarz RF, Gerstung M, Markowetz F. Cancer evolution: mathematical models and
computational inference. Systematic Biology. 2015; 64(1):e1—e25. https://doi.org/10.1093/sysbio/
syu081 PMID: 25293804

6. Levine AJ, Jenkins NA, Copeland NG. The Roles of Initiating Truncal Mutations in Human Cancers:
The Order of Mutations and Tumor Cell Type Matters. Cancer Cell. 2019; 35(1):10-15. https://doi.org/
10.1016/j.ccell.2018.11.009 PMID: 30645969

7. Kent DG, Green AR. Order matters: the order of somatic mutations influences cancer evolution. Cold
Spring Harbor Perspectives in Medicine. 2017; 7(4):a027060. https://doi.org/10.1101/cshperspect.
a027060 PMID: 28096247

8. GuoJ, GuoH, Wang Z. Inferring the temporal order of cancer gene mutations in individual tumor sam-
ples. PLoS One. 2014; 9(2):e89244. https://doi.org/10.1371/journal.pone.0089244 PMID: 24586626

9. Sprouffske K, Pepper JW, Maley CC. Accurate Reconstruction of the Temporal Order of Mutations in
Neoplastic Progression. Cancer Prevention Research. 2011 07; 4(7):1135-1144. https://doi.org/10.
1158/1940-6207.CAPR-10-0374 PMID: 21490131

10. Youn A, Simon R. Estimating the order of mutations during tumorigenesis from tumor genome sequenc-
ing data. Bioinformatics. 2012; 28(12):1555-1561. https://doi.org/10.1093/bioinformatics/bts168 PMID:
22492649

11.  Gerstung M, Eriksson N, Lin J, Vogelstein B, Beerenwinkel N. The temporal order of genetic and path-
way alterations in tumorigenesis. PloS one. 2011; 6(11):e27136. https://doi.org/10.1371/journal.pone.
0027136 PMID: 22069497

12. Attolini CSO, Cheng YK, Beroukhim R, Getz G, Abdel-Wahab O, Levine RL, et al. A mathematical
framework to determine the temporal sequence of somatic genetic events in cancer. Proceedings of the
National Academy of Sciences. 2010; 107(41):17604—17609. https://doi.org/10.1073/pnas.
1009117107 PMID: 20864632

13. Desper R, Jiang F, Kallioniemi OP, Moch H, Papadimitriou CH, Schaffer AA. Inferring tree models for
oncogenesis from comparative genome hybridization data. Journal of computational biology. 1999; 6
(1):37-51. https://doi.org/10.1089/cmb.1999.6.37 PMID: 10223663

14. Durinck S, Ho C, Wang NJ, Liao W, Jakkula LR, Collisson EA, et al. Temporal dissection of tumorigene-
sis in primary cancers. Cancer Discovery. 2011; 1(2):137—-143. https://doi.org/10.1158/2159-8290.CD-
11-0028 PMID: 21984974

15. Hainke K, Rahnenfuhrer J, Fried R. Cumulative disease progression models for cross-sectional data: A
review and comparison. Biometrical Journal. 2012; 54:617-640. https://doi.org/10.1002/bim;.
201100186 PMID: 22886685

16. Zafar H, Tzen A, Navin N, Chen K, Nakhleh L. SiFit: inferring tumor trees from single-cell sequencing
data under finite-sites models. Genome Biology. 2017; 18(1):178. https://doi.org/10.1186/s13059-017-
1311-2 PMID: 28927434

17. Zafar H, Navin N, Chen K, Nakhleh L. SiCloneFit: Bayesian inference of population structure, genotype,
and phylogeny of tumor clones from single-cell genome sequencing data. Genome Research. 2019;
29:1-13. https://doi.org/10.1101/gr.243121.118 PMID: 31628257

18. El-Kebir M. SPhyR: tumor phylogeny estimation from single-cell sequencing data under loss and
error. Bioinformatics. 2018; 34(17):i671-i679. https://doi.org/10.1093/bioinformatics/bty589 PMID:
30423070

19. Malikic S, Jahn K, Kuipers J, Sahinalp SC, Beerenwinkel N. Integrative inference of subclonal tumour
evolution from single-cell and bulk sequencing data. Nature communications. 2019; 10(1):1-12. hitps://
doi.org/10.1038/s41467-019-10737-5 PMID: 31227714

20. Ortmann CA, Kent DG, Nangalia J, Silber Y, Wedge DC, Grinfeld J, et al. Effect of mutation order on
myeloproliferative neoplasms. New England Journal of Medicine. 2015; 372(7):601-612. https://doi.
org/10.1056/NEJMoa1412098 PMID: 25671252

21. Navin NE. Cancer genomics: one cell at a time. Genome Biology. 2014; 15(8):452. https://doi.org/10.
1186/513059-014-0452-9 PMID: 25222669

22. JahnK, Kuipers J, Beerenwinkel N. Tree inference for single-cell data. Genome Biology. 2016; 17
(1):86. https://doi.org/10.1186/s13059-016-0936-x PMID: 27149953

23. Williams N, Lee J, Mitchell E, Moore L, Baxter EJ, Hewinson J, et al. Life histories of myeloproliferative
neoplasms inferred from phylogenies. Nature. 2022; 602:162—168. https://doi.org/10.1038/s41586-
021-04312-6 PMID: 35058638

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1010560 December 2, 2022 30/31


https://doi.org/10.1186/s12920-019-0541-4
http://www.ncbi.nlm.nih.gov/pubmed/31345216
https://doi.org/10.1093/sysbio/syu081
https://doi.org/10.1093/sysbio/syu081
http://www.ncbi.nlm.nih.gov/pubmed/25293804
https://doi.org/10.1016/j.ccell.2018.11.009
https://doi.org/10.1016/j.ccell.2018.11.009
http://www.ncbi.nlm.nih.gov/pubmed/30645969
https://doi.org/10.1101/cshperspect.a027060
https://doi.org/10.1101/cshperspect.a027060
http://www.ncbi.nlm.nih.gov/pubmed/28096247
https://doi.org/10.1371/journal.pone.0089244
http://www.ncbi.nlm.nih.gov/pubmed/24586626
https://doi.org/10.1158/1940-6207.CAPR-10-0374
https://doi.org/10.1158/1940-6207.CAPR-10-0374
http://www.ncbi.nlm.nih.gov/pubmed/21490131
https://doi.org/10.1093/bioinformatics/bts168
http://www.ncbi.nlm.nih.gov/pubmed/22492649
https://doi.org/10.1371/journal.pone.0027136
https://doi.org/10.1371/journal.pone.0027136
http://www.ncbi.nlm.nih.gov/pubmed/22069497
https://doi.org/10.1073/pnas.1009117107
https://doi.org/10.1073/pnas.1009117107
http://www.ncbi.nlm.nih.gov/pubmed/20864632
https://doi.org/10.1089/cmb.1999.6.37
http://www.ncbi.nlm.nih.gov/pubmed/10223663
https://doi.org/10.1158/2159-8290.CD-11-0028
https://doi.org/10.1158/2159-8290.CD-11-0028
http://www.ncbi.nlm.nih.gov/pubmed/21984974
https://doi.org/10.1002/bimj.201100186
https://doi.org/10.1002/bimj.201100186
http://www.ncbi.nlm.nih.gov/pubmed/22886685
https://doi.org/10.1186/s13059-017-1311-2
https://doi.org/10.1186/s13059-017-1311-2
http://www.ncbi.nlm.nih.gov/pubmed/28927434
https://doi.org/10.1101/gr.243121.118
http://www.ncbi.nlm.nih.gov/pubmed/31628257
https://doi.org/10.1093/bioinformatics/bty589
http://www.ncbi.nlm.nih.gov/pubmed/30423070
https://doi.org/10.1038/s41467-019-10737-5
https://doi.org/10.1038/s41467-019-10737-5
http://www.ncbi.nlm.nih.gov/pubmed/31227714
https://doi.org/10.1056/NEJMoa1412098
https://doi.org/10.1056/NEJMoa1412098
http://www.ncbi.nlm.nih.gov/pubmed/25671252
https://doi.org/10.1186/s13059-014-0452-9
https://doi.org/10.1186/s13059-014-0452-9
http://www.ncbi.nlm.nih.gov/pubmed/25222669
https://doi.org/10.1186/s13059-016-0936-x
http://www.ncbi.nlm.nih.gov/pubmed/27149953
https://doi.org/10.1038/s41586-021-04312-6
https://doi.org/10.1038/s41586-021-04312-6
http://www.ncbi.nlm.nih.gov/pubmed/35058638
https://doi.org/10.1371/journal.pcbi.1010560

PLOS COMPUTATIONAL BIOLOGY Inferring mutation order in cancer

24. Kozlov A, Alves JM, Stamatakis A, Posada D. CellPhy: accurate and fast probabilistic inference of sin-
gle-cell phylogenies from scDNA-seq data. Genome Biology. 2022; 23(1):1-30. https://doi.org/10.1186/
$13059-021-02583-w PMID: 35081992

25. Ciccolella S, Ricketts C, Gomez MS, Patterson M, Silverbush D, Bonizzoni P, et al. Inferring cancer pro-
gression from Single-Cell Sequencing while allowing mutation losses. Bioinformatics. 2021; 37(3):326—
333. https://doi.org/10.1093/bioinformatics/btaa722 PMID: 32805010

26. Iwasa, Michor F, Nowak MA. Stochastic tunnels in evolutionary dynamics. Genetics. 2004; 166
(3):1571-1579. https://doi.org/10.1534/genetics.166.3.1571 PMID: 15082570

27. Demeulemeester J, Dentro SC, Gerstung M, Loo PV. Biallelic mutations in cancer genomes reveal
local mutational determinants. Nature Genetics. 2022; 54:128-133. https://doi.org/10.1038/s41588-
021-01005-8 PMID: 35145300

28. PosadaD. CellCoal: coalescent simulation of single-cell sequencing samples. Molecular Biology and
Evolution. 2020; 37(5):1535—-1542. https://doi.org/10.1093/molbev/msaa025 PMID: 32027371

29. Paradis E, Claude J, Strimmer K. APE: analyses of phylogenetics and evolution in R language. Bioinfor-
matics. 2004; 20(2):289-290. https://doi.org/10.1093/bioinformatics/btg412 PMID: 14734327

30. Revell LJ. phytools: an R package for phylogenetic comparative biology (and other things). Methods in
Ecology and Evolution. 2012; 3(2):217—223. https://doi.org/10.1111/j.2041-210X.2011.00169.x

31. SuF,ZhangW, Zhang D, Zhang Y, Pang C, Huang Y, et al. Spatial Intratumor Genomic Heterogeneity
within Localized Prostate Cancer Revealed by Single-nucleus Sequencing. European Urology. 2018;
74(5):551-559. https://doi.org/10.1016/j.eururo.2018.06.005 PMID: 29941308

32. Leung ML, Davis A, Gao R, Casasent A, Wang Y, Sei E, et al. Single-cell DNA sequencing reveals a
late-dissemination model in metastatic colorectal cancer. Genome Research. 2017; 27:1287—1299.
https://doi.org/10.1101/gr.209973.116 PMID: 28546418

33. Chifman J, Kubatko L. Quartet inference from SNP data under the coalescent model. Bioinformatics.
2014; 30(283):3317-3324. https://doi.org/10.1093/bioinformatics/btu530 PMID: 25104814

34. Swofford D. Phylogenetic Analysis Using Parsimony, PAUP* 4.0, beta version 4.0 b2. Sinauer Associ-
ates, Boston, Mass. 1999.

35. Barbieri CE, Bangma CH, Bjartell A, Catto JW, Culig Z, Gronberg H, et al. The mutational landscape of
prostate cancer. European Urology. 2013; 64(4):567-576. https://doi.org/10.1016/j.eururo.2013.05.029
PMID: 23759327

36. Tate JG, Bamford S, Jubb HC, Sondka Z, Beare DM, Bindal N, et al. COSMIC: the catalogue of somatic
mutations in cancer. Nucleic Acids Research. 2018; 47(D1):D941-D947. https://doi.org/10.1093/nar/
gky1015

37. YuC,Yuld, Yao X, WuWKK, LuY, Tang S, et al. Discovery of biclonal origin and a novel oncogene
SLC12A5 in colon cancer by single-cell sequencing. Cell Research. 2014; 24:701-712. https://doi.org/
10.1038/cr.2014.43 PMID: 24699064

38. Fearon ER, Vogelstein B. A genetic model for colorectal tumorigenesis. cell. 1990; 61(5):759-767.
https://doi.org/10.1016/0092-8674(90)90186-1 PMID: 2188735

39. Powell SM, Zilz N, Beazer-Barclay Y, Bryan TM, Hamilton SR, Thibodeau SN, et al. APC mutations
occur early during colorectal tumorigenesis. Nature. 1992; 359(6392):235-237. https://doi.org/10.1038/
359235a0 PMID: 1528264

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1010560 December 2, 2022 31/31


https://doi.org/10.1186/s13059-021-02583-w
https://doi.org/10.1186/s13059-021-02583-w
http://www.ncbi.nlm.nih.gov/pubmed/35081992
https://doi.org/10.1093/bioinformatics/btaa722
http://www.ncbi.nlm.nih.gov/pubmed/32805010
https://doi.org/10.1534/genetics.166.3.1571
http://www.ncbi.nlm.nih.gov/pubmed/15082570
https://doi.org/10.1038/s41588-021-01005-8
https://doi.org/10.1038/s41588-021-01005-8
http://www.ncbi.nlm.nih.gov/pubmed/35145300
https://doi.org/10.1093/molbev/msaa025
http://www.ncbi.nlm.nih.gov/pubmed/32027371
https://doi.org/10.1093/bioinformatics/btg412
http://www.ncbi.nlm.nih.gov/pubmed/14734327
https://doi.org/10.1111/j.2041-210X.2011.00169.x
https://doi.org/10.1016/j.eururo.2018.06.005
http://www.ncbi.nlm.nih.gov/pubmed/29941308
https://doi.org/10.1101/gr.209973.116
http://www.ncbi.nlm.nih.gov/pubmed/28546418
https://doi.org/10.1093/bioinformatics/btu530
http://www.ncbi.nlm.nih.gov/pubmed/25104814
https://doi.org/10.1016/j.eururo.2013.05.029
http://www.ncbi.nlm.nih.gov/pubmed/23759327
https://doi.org/10.1093/nar/gky1015
https://doi.org/10.1093/nar/gky1015
https://doi.org/10.1038/cr.2014.43
https://doi.org/10.1038/cr.2014.43
http://www.ncbi.nlm.nih.gov/pubmed/24699064
https://doi.org/10.1016/0092-8674(90)90186-I
http://www.ncbi.nlm.nih.gov/pubmed/2188735
https://doi.org/10.1038/359235a0
https://doi.org/10.1038/359235a0
http://www.ncbi.nlm.nih.gov/pubmed/1528264
https://doi.org/10.1371/journal.pcbi.1010560

