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Abstract

One of the hallmarks of cancer is the extremely high mutability and genetic instability of
tumor cells. Inherent heterogeneity of intra-tumor populations manifests itself in high vari-
ability of clone instability rates. Analogously to fitness landscapes, the instability rates of
clonal populations form their mutability landscapes. Here, we present MULAN (MUtability
LANdscape inference), a maximum-likelihood computational framework for inference of
mutation rates of individual cancer subclones using single-cell sequencing data. It utilizes
the partial information about the orders of mutation events provided by cancer mutation
trees and extends it by inferring full evolutionary history and mutability landscape of a tumor.
Evaluation of mutation rates on the level of subclones rather than individual genes allows to
capture the effects of genomic interactions and epistasis. We estimate the accuracy of our
approach and demonstrate that it can be used to study the evolution of genetic instability
and infer tumor evolutionary history from experimental data. MULAN is available at https://
github.com/compbel/MULAN.

Author summary

Cancer is a dynamical evolutionary process that unfolds in populations of tumor cells.
Combinations of genomic alterations of these cells affect their replication and survival. In
particular, intra-tumor rates of mutation and genetic instability are often significantly
higher than the normal rate. The impact of combinations of gene alterations on the
genetic instability of cancer cells could be highly non-linear. In this paper, we present a
computational approach called MULAN, that allows for estimation of instability rates
inside heterogeneous intra-tumor populations shaped by such non-linear genetic interac-
tions. To achieve this, we make use of single-cell sequencing, that allows to capture exact
cancer clones rather than just individual mutations. We demonstrate the accuracy of our
approach and show how it could be applied to experimental tumor data to study the evo-
lution of genetic instability and infer evolutionary history. The proposed method can be
used to provide new insight into the evolutionary dynamics of cancer.
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1 Introduction

Cancer is a dynamical evolutionary process in the heterogeneous population of subclones [1-
3], with clonal heterogeneity playing the paramount role in disease progression and therapy
outcome [4-6]. Intra-tumor genomic heterogeneity originated from a variety of somatic events
(e.g. SNVs, gains/losses of chromosomes) provides an evolutionary environment that facili-
tates the emergence of phenotypic heterogeneity that manifests itself in the extremely high
diversity of phenotypic features within the tumor cell population [1, 2, 5, 7]. The genotype-
phenotype mapping is often highly non-linear. It means that the effect of a combination of
genes or SNV is different from the joint effect of these genes or SN'Vs taken separately [8-10].
In cancer genomics, examples of such non-linear behaviour include synthetic lethality [8, 11],
epistasis [12, 13] or genetic interactions [14, 15]. When phenotypic effects are associated with
the reproductive success, they are often summarized within the concept of fitness landscape
[16-19]. Within this concept, each genotype is assigned a quantitative measure of its replica-
tive success (fitness or height of the landscape).

One of the hallmarks of cancer is the extremely high mutability and genetic instability of
tumor cells, with intra-tumor rates of mutation, gain/loss/translocation of chromosomal
regions and aneusomy (changes in numbers of chromosomes) often being several orders of
magnitude higher than the normal rate [20-23]. Instability rates of subclones are just as het-
erogeneous as other phenotypic features. They are also subject to epistatic effects or genetic
interactions [24]. As a result, it is reasonable to argue that the mutation or instability rates of a
clonal population form a mutability landscape, whose structure is shaped by selection and
genetic interactions.

Recent advances in sequencing technologies profoundly impacted cancer studies. Until
recent years the most prevalent sequencing technology has been bulk sequencing, which pro-
duces admixed populations of cells. However, the most promising recent technological break-
through was the advent of single-cell sequencing (scSeq). In the context of the current study,
one of the most important advantages of scSeq is its ability to reliably and accurately distin-
guish exact cancer clones rather than just SN'Vs. It allows to study composition and evolution
of intra-tumor clone populations at the finest possible resolution and take into account com-
plex topological properties of tumor fitness and mutability landscapes, including those associ-
ated with non-linear effects.

A rich arsenal of available phylogenetic models and tools has been applied to scSeq data for
solving the first important goal of reconstructing the phylogeny of cancer subclones assuming
first infinite site model and then exploring more realistic but challenging models allowing
recurrent or backward mutations [7, 25-28]. These advances give an opportunity to address
the next important challenge: use reconstructed phylogenies to infer quantitative evolutionary
parameters for cancer lineages, which can give cancer researchers a statistically and computa-
tionally sound evaluation of the effects of particular mutations or their combinations [19, 29,
30]. This problem is of paramount importance, especially for the design of efficient treatment
strategies in the context of personalized medicine [8, 29, 31-34]. However, in contrast to the
phylogenetic inference, very few computational tools for assessment of cancer evolutionary
parameters are currently available [19, 29, 30]. In particular, several studies recently addressed
the problem of inference of cancer fitness landscapes [18, 35]. In this paper, we expand the
cancer evolutionary analysis toolkit by proposing a computational method for inference of
mutability landscapes and quantification of genetic instability within clonal cancer populations.
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(a)

Standard strict molecular clock-based models [36], that assume constant mutation rates, do
not accurately reflect the inherent heterogeneity of cancer clone populations. Relaxation of
rate constancy in the form of so-called relaxed molecular clock [37, 38] or genomic universal
pacemaker [39, 40] was already introduced in other evolutionary settings such as evolution of
species [38, 39] or epigenetic aging [41]. However, intrinsic heterogeneity of tumor clonal pop-
ulations pose additional challenges for rate inference that should be addressed by the methods
specifically tailored to cancer settings. The major challenges could be summarized as follows.

First, many currently available methods assume that closely related organisms have similar
evolutionary rates [37, 42, 43] (autocorrelation property) or that rates of different genes are
synchronized (genomic universal pacemaker model). In contrast, the genomic stability of indi-
vidual cells is controlled by multiple molecular mechanisms for DNA damage surveillance,
detection, and repair. Disruption or dysregulation of any of these mechanisms could result in
different degrees of genomic instability [44]. Thus, it could be expected that mutability land-
scapes of intra-tumor populations are significantly more rugged than those of species or indi-
vidual organisms.

Second, reconstruction of mutation rate heterogeneity via phylogenetic inference is more
challenging for cancer populations than for species or organisms. Indeed, the estimation of
mutation rates requires estimation of times of mutation events. The standard model for such
timing is a binary phylogenetic tree, whose internal nodes represent these events and leafs cor-
respond to sampled subclones. The timing is complicated by polytomies (ambiguities in order
of bifurcations) that should be resolved for the inference. In cases when the expected number
of mutations between a parent and its offspring is comparatively large, polytomies are rela-
tively rare, and evolutionary distances between species provide prior information about the
order of bifurcations. For the cancer subclonal populations, multiple subclones are usually at
the same distance from their common parent (Fig 1), thus making polytomies extremely wide-
spread. In addition, most existing approaches for single-cell cancer phylogenetics [7, 25-28,
45-50] use character-based mutation trees rather than binary phylogenetic trees (Fig 1). The
internal nodes of a mutation tree represent mutations, leafs represent subclones, and each sub-
clone have mutations on its path to the root. For such trees, resolution of polytomies is equiva-
lent to finding the orders of sibling nodes, and it is crucial for the mutation rate estimation.

Finally, in established models, changes in genetic instability rates are usually associated
with individual mutations. In contrast, a more accurate model would associate them with

high rate
t=t, 0 0
low rate [ I I -
/ /

t=t,0
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N

Fig 1. Algorithm for the maximum likelihood inference of mutability landscape. (a) Mutation tree T. (b) Two binary phylogenies B;(T) and
B,(T) corresponding to two different orders of events tp < t; < t3 <t, <ty < ts < Hand ty < t, < t; < ty < t3 < t5 < H. Each internal vertex is
labeled with its time stamp, thus resulting in the same mutation tree T. Each branch (¢ ;) is labeled by the leaf-subclone on the vertical line
through its endpoint #;. All leaves have the sampling time stamp ¢ = H. (c) Maximum Likelihood phylogeny and mutability landscape. Mutation
rates along the branches corresponding to different subclones are highlighted in different colors.

https://doi.org/10.1371/journal.pcbi.1008454.9001
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subclones, which allow capturing the effects of epistasis, including pairwise synthetic lethality,
which explains cancer driver genes’ tissue specificity [8]. In general, a combined effect of sev-

eral mutations cannot be explained by a linear regression model, so it is necessary to take into
account the entire subclone for estimation of the mutation rate.

Here we propose MULAN (M Utability LANdscape inference)—a likelihood-based method
for inference of mutability landscapes of cancer subclonal populations from single-cell
sequencing data. It utilizes the partial information about the orders of mutation events pro-
vided by cancer mutation trees reconstructed from scSeq data and extends it by inferring full
evolutionary history and mutability landscape of a tumor. To the best of our knowledge, it is
one of the first methods specifically tailored to the cancer clone populations and scSeq data
and aimed at addressing the aforementioned challenges. In particular, previously published
tool SiFit [51] performs a phylogenetic inference, which includes an estimation of deletion and
loss of heterogeneity rates, but these rates are assumed to be the same for all subclones. It
should be noted that our method infers mutation rates of subclones rather than individual
genes, thus making it possible to use the obtained results to detect and quantify genomic inter-
actions and epistasis.

2 Materials and methods
2.1 Model

Time-aware phylogenetic model. scSeq data are usually represented as a 0-1 matrix in which
rows correspond to sequenced cells, and columns correspond to cancer mutations. The set of
ones of each row represents a mutation profile of a cell. Following most existing approaches for
cancer phylogenetics [7, 25-28, 45-50], our basic cancer cell evolutionary model will be a
mutation tree T = (Vr, E7) with the vertex 0 € Vbeing the root, the internal nodes of a muta-
tion tree representing mutations connected according to their order of appearance during the
tumor evolution, the leaves correspond to the sampled subclones and the mutation profile of
each cell being defined by the set of mutations on its path to the root (Fig 1A). In what follows,
we assume that the ith subclone is attached to the internal node i and does not consider the
leaves explicitly. The mutation tree T reconstructed using one of the existing methods from
scSeq data constitutes and input of our algorithm. Note that T does not have to be a perfect
phylogeny, and can contain both repeated mutations and mutation losses.

Next, we extend the phylogenetic model by accounting for times of mutation events. The
mutation tree T provides a partial information about these times, as it establishes the order of
mutation appearances along each path, but does not do it for sibling mutations. Therefore we
need to consider a binary phylogenetic tree B(T) corresponding to the mutation tree T. The
tree B(T) is defined as follows (see Fig 1):

(a) The root represents a subclone at the beginning of cancer lineage evolution.

(b) Each internal node is labeled by timestamp ¢ = t; representing the birth event of the off-
spring subclone 7,

(c) Eachleafi=0, ..., nrepresents the sampling event of the subclone i. The tree B(T) is
usually assumed to be ultrametric, i.e., all leaves are sampled simultaneously (although
the model is generalizable to the non-ultrametric case, as discussed below). H will further
denote the sampling time. Note that this value is relative, as the birth time of the root is
assumed to be 0.

(d) Each edge (t; t;) is labeled by the parent subclone of the corresponding mutation event
(on Fig 1 it is the leaf k on the vertical through the endpoint t).
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(e) The orders of birth events in B(T) and mutation events in T agree with each other

The topology of a binary phylogeny B(T) is uniquely determined by the orderings o, =
(0,0,0,,, -0, ) of the offsprings of each node i = 0, 1, . . ., n in the mutation tree T, where d; is
the degree of the i-th node in T. As a result, for a given mutation tree there are usually several
corresponding binary phylogenies. An example of a mutation tree T and the corresponding
binary phylogenies B;(T) and B,(T) is shown in Fig 1. The trees B;(T) and B,(T) correspond to
two different plausible orders of mutation events.

Mutability landscape likelihood model. Next, we bring in variable mutation rates and
introduce the likelihood function. We consider the mutability landscape evolutionary model
describing subclone evolution with the underlying time-aware model similar to the model
described in [52]. In this model, the appearance of mutations in each subclone is a Poisson pro-
cess and time intervals between consecutive events follow the Erlang distribution. Specifically,

(a) each subclone k has a mutation rate 6y,

(b) the probability of each edge between internal nodes e = (t; t;) labeled by k in the binary
evolutionary tree is calculated as p(e) = Gi(tj — t)e Okt

(c) the probability of each edge between an internal node and a leaf e = (¢; ¢;) labeled by k in
the binary evolutionary tree is exponential and is calculated as p(e) = 0,e %H-4),

The total probability of the tree B(T) equals p(B(T)|6, t) = [T.ermm) ple)-

The described model is used to find mutability landscapes jointly with the most likely
binary phylogeny B(T). We first consider the following optimization problem:

Given: A mutation tree T = (V7, E7) with mutations {0, . . ., n} € Vand vertex outdegrees
do, . . > dy.

Find: Mutation rates 0 = (0,);_,, times of occurrence ¢ = (t,)_, of each mutationi=1,...,
n and the sampling time H that maximize the probability p(T|6, t, H, o) of the tree T given the
model parameters.

As noted above, setting the phylogeny B(T) is equivalent to setting the family of offspring
orderings 0 = (03, . . ., 0,,). For a given ordering family o we have

n d;

p(116.1.H,0) = [T 000, =1, e "o M M)

i=0 j=1

After the straightforward simplifications, the log-likelihood L(T|0, t, H, 0) can be written as
follows:

n n d; n n
L(TI0,6,H,0) = 304+ 5 log(t, — 1, )~ (S 0)H + 3 (24, + Dlog (0), (2)
i=0 i=0 i=0

i=0 j=1
where t,=0,0<t;<H,i=1,...,n.

Our goal is to find an optimal ordering ¢*, times t*, sampling time H*, and mutation rates
0* by solving the following maximum likelihood problem:

(0°,t",H*,0") = argmax,,,, ,L(T|0,t, H, 0) (3)

Note that we usually assume that the rate 6 is fixed (for example, to the value correspond-
ing to the normal tissue).

The likelihood function (2) is non-linear and all nodes effectively contribute to it. This
makes straightforward utilization of standard methods based on dynamic programming to
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solve the problem (3) is challenging. Indeed, the model implies that there exists a certain
dependency between birth times of sibling subclones since they belong to the same time
interval. Suppose that a subclone i mutated twice during the time between its birth and sam-
pling. Although the two acquired mutations are independent and distributed uniformly at
random between ¢ = t; and ¢ = H, the expected birth times of two corresponding offsprings are
t;+ (H - t;)/3 and t; + 2(H — t;)/3 rather than ¢; + (H — t;)/2. The effect of such non-linear prop-
erties of the model could be illustrated using an example on Fig 1. Intuitively, clone 1 produced
two offsprings, while clone 2 produces zero offsprings. This imbalance can be explained in two
ways: either (i) the clone 2 has a higher mutation rate, or (ii) clone 1 was born early and had
time to accumulate mutations while clone 2 was born late and didn’t have time to accumulate
mutations. When assessing these two alternatives, other clones also come into play. For exam-
ple, the alternative (ii) means (a) the longer interval between the birth of clone 1 and birth of
clone 2—the likelihood of such interval depends on the mutation rate of the parent clone 0; (b)
the longer interval between the birth of clone 1 and the sampling—the likelihood of such inter-
val depends on the mutation rates of the descendants of 1. Maximum likelihood inference
allows us to choose between these alternatives.

In many real settings the realistic mutation rates are subject to constraints. We account for
these considerations by adding to the model a prior probability p(6). In this case, we utilize
lasso regression-type approach, i.e. we solve the problem (3) under the constraint I(0) = log(p
(6)) > I. The simplest prior assumes that the rates are distributed uniformly on the segment
[Bmin> Omax]. Assuming that genetic instability increase events are not frequent, we are also par-
ticularly interested in the models with the limited number of such events. In s-model, we
assume that the rate changes in at most s vertices of the mutation tree. When s > 0, we assume
that one of these rates is the normal rate and, therefore, is fixed.

Finally, we note that it is straightforward to generalize the model to the case when the
tumor cells are sampled at different time points. It can be done by allowing different model-
based sampling times H; and setting the differences between them equal to the differences
between actual sampling times.

2.2 Algorithms

To describe the algorithms and derive the associated mathematical claims, we will use the
following notations: T* is the subtree of T with the root k; dy is the degree of the node k
in T; ny = |V(TJ‘)|; 0¥ is the collection of mutation rates of the vertices in T and ©;, = Ticv(re
0;.
A. The case without a prior p(0). In this case, we propose to solve the problem using an
expectation-maximization approach described by Algorithm 1. This algorithm takes as an
input the mutation tree T, feasible rates segment [0y, Omax] and initial mutation rates 0 = 6°,
and produce as an output the mutation rates 6%, times ¢, sampling time H* and orderings ¢*
that are supposed to maximize L(T|6, ¢, H, o). The algorithm is described as follows:
Algorithm 1. EM algorithm for mutability landscape inference
Repeat the following steps until convergence:

M step: for given 6, find ¢, H and o maximizing L1g = L(T|0, t, H, 0) using Algorithm 2.

E step: for times t and H, find the expected rates:
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Next, we describe how M step is carried out. In what follows, we formulate several claims
forming the foundation of our approach, and provide their proofs in the Subsection 2.3. For
the fixed orderings o and rates 6, (3) is a convex optimization problem with linear constraints,
and thus it can be efficiently solved using standard techniques [53]. However, orderings o
introduce discontinuity to the objective and discretize the problem, thus making it computa-
tionally hard. The number of possible orderings o is equal to [ [}, d,!, which makes an exhaus-
tive search over the space of all orderings infeasible. Therefore our goal is to optimize the
search. Specifically, we employ the following dynamic programming approach:

Algorithm 2. Algorithm to find optimal orderings and times, when rates 0 are fixed

Input: mutation tree T with the root 0 and its children 1, . . ., 4, mutation rates 0

Output: times ¢, sampling time H* and orderings ¢* maximizing Ly ¢

1. Recursively find optimal orderings o7 for the subtrees T, k=1, .. , d.

2. Perform an exhaustive search over the set of permutations of (1, . . ., d). For each gener-
ated permutation gy, we solve the problem (2) with the orderings ¢ = {6} U{_, o} subject to

the constraints % <H-t< % as a convex optimization problem, and update the current
best solution, if necessary. The constraints ensure that the rates calculated at each iteration of
EM belong to the feasible interval.

The worst-case running time of Algorithm 2is O(Y_} , T(n,) - d,!), where T(n;) is the run-
ning time of a numerical convex optimization algorithm with »; variables. It makes the algo-
rithm scalable for the majority of real cases when vertex degrees are not high. However, the
optimality of solutions produced by Algorithm 2 is not immediately clear, and its analysis
requires deeper understanding of the properties of the optimization problem (3). Such proper-
ties are established by Lemma 1 and Theorem 1. Consider the restricted version of the problem
(3) with the fixed rates 8 and the sampling time H:

LT.()(H) = maXL(TWa (2 Hﬂ G)' (5)
ot

Suppose that 1, .. ., d are the children of the root 0 of T. Then the following recurrent rela-
tion holds:
Lemma 1.

oy lfpenld

d d d d
L, ,(H) ~ max max (HZ@ktk +) log(t, —t )+ Y _mlog(1—t) + > Luyw((1- tk)H)> -
k=1 k=1 k=1 k=1 (6)
—©,H + nlog(H) + ) _(2d,+ 1)log (0,),

i=0

where the maximum is taken over permutations op of 1, ..., d and over t , ..., t, € R such that 0
<< L

The relation (6) can serve as a basis for dynamic programming algorithm. However, it is
not guaranteed yet that such algorithm will be efficient. Indeed, it is theoretically possible that
the values of the functions Lys,¢: are achieved on different orderings for different arguments,
thus forcing the algorithm to store an exponential number of subproblem solutions. However,
the following Theorem 1 guarantees that Algorithm 2 is exact, when H is large enough.

Theorem 1. For all large enough H, the optimal ordering 6* that maximizes (5) is the same. It
has the form ¢* = {a:} U_| %, where g}, are optimal orderings of subtrees T and &, is the per-
mutation of 1, .. ., d that maximizes (6).

B. The case with a prior p(6). The simplest prior assumes that the rates are distributed uni-
formly on the segment [6in, Omax]- For this model, initial numerical experiments suggest that
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the selection of the initial solution in the feasible segment ensures convergence of the EM algo-
rithm to the feasible solution. For more complex priors, we utilize specially enhanced Markov
Chain Monte Carlo (MCMC) sampling from the rates distribution that will allow for more
efficient traversing of the solution space than the default approach. In particular, for s-model,
each feasible solution could be represented by the subset X C V(T) of s internal vertices corre-
sponding to rate change events together with the collection of s + 1 rates corresponding to the
connected components of T\X. Then MCMC draws the new rate from the normal distribution
centered on the current rate, while new subset X’ is drawn from the 1-flip neighborhood of the
current subset X [54] (i.e. X' = (X \ {u}) U {v} for some u € X, v € V(T) \ X).

2.3 Mathematical foundations of the algorithms

In this subsection we prove Lemma 1 and Theorem 1. Due to the space limit, we present the
general outline of the proofs and omit some particularly technical details. Let D[k] = V( T
and D(k) = V(T%) \ {k} be the closed set of descendants and set of descendants of k,
respectively.

Proof of Lemma 1. After variable substitution ¢; := t;/H, maximization of (2) is equivalent
to the maximization of

n n d; n
L(T|0,t,H,0) = HY 0it;+ Y > log(t, —1t, )—©O,H+nlog(H)+ > (2d,+1)log(0,), (7)
i=0

i=0 j=1 i=0

subject to the constraints t; = 0,0 < t; < 1,i=2,...,m.

Suppose that the rates 6, the sampling time H and the family of orderings o = (¢, o', . . ., o)
are fixed. Consider the partial likelihood M(T|0,t,H,0) = H> " 0.t;+ >, Z}il log (
.\ ), which constitutes the part of the total likelihood (7) that depends on ¢ and o. Using sim-

t”i.j —
ple arithmetic transformations, we get

d d d
M(T|0,t,H,0) = HY O+ Y log(t, —t ;) + » _nlog(l—t)+
k=1 k=1 k=1

d - di i, — 1t — 1
t. t [ k 0 k
1—t)HY 0,—* 1 ! —-—=
+;<( ¥ Z’l_tk+zzog<1_tk 1—t, ))

ieD(k) i€eD[k] j=1

Change of variables ¢, := [1"%::, i € D[k] yields

M;,(H) ~ max <sz:®ktk + Zdzlog (t— tia) + Zd:”‘k log (1 —1,) + Zd:MTk‘ak((l - tk)H)> 9)

1,
1oeeotd k=1 k=1

Thus, the relation (6) follows.

Now, let My ,(H) = max; M(T|0, t, H, 0) and M(H) = max, M ,(H). Theorem 1 directly
follows from the following lemma:

Lemma 2. My ,(H) ~ ar H— brlog(H) + cr, where ap and by are constants depending only
on T, and cy,, is a constant depending on both T and o.

Proof. We will prove the lemma by induction. Suppose without loss of generality that d is
the outdegree of the root 0 of T, 1, . . ., d are its children and the ordering o, has the form ¢, =
0,1,...,4d).

a) Suppose that T'is a star (i.e. it has 1 internal node and d leafs). Then we have ¢ = (0y), n, =
a; =0and Oy = 0O forallk=1, ..., d. For the objective we have
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M, (

0

M(T|0,t,H,0) = HY {_, 0,t, + >0, log (t, — t, ,), where t, = 0. Karush-Kuhn-Tucker
(KKT) optimality conditions for t have the following form:
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where y, is the dual variable corresponding to the constraint t; < 1. After multiplying the
kth equation by #, and summing the obtained equations we get H ¢ | 0,t, = u, — d. Fur-

thermore, (10) yield that t, — ¢, , = 1/(u, — HY.?, 0,). These identities imply the follow-
ing formula for My ,(H):
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where ;1 > HY! | 0, and y, satisfies the equation 3} | ﬁ = 1. We will seek for
a=H ) . Ui
the approximation of y, of the form y, = Zt 0. + &, where £ > 0. Then from the equa-
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ing that the good approximation is achieved when & = 1. By substitution the expression for
pato (11) we get

tion for y; we have ! + S, = 1. For large H, we have ! + o(1) = 1, thus imply-

HZG +1—d—dlog(H Zlog Ze +o(1)) ~ a;H — bylog (H) + ¢y, (12)

i=1

where a, = S0 0, by=dand ¢, = — ¢ log(>. 6,) — d + 1. The only term

depending on the order o here is the term 3} | log (Zk ' 0,), which achieves the minimal
value (thus maximizing M(H)), when 6; < 08, < ... < 8, Thus, the base case for the induc-
tion is proved.

b) Now suppose that T is not a star. By the induction hypothesis, for every subtree T; the same

ordering ¢* maximizes M, (H) for all H. These ordering also define the corresponding opti-
mal binary phylogenies B;. We claim that it is possible to approximately estimate the opti-
mal times t, . . ., f; and ordering oy recursively, if the solutions for the subtrees T} are
known. The following arguments slightly differ technically for the cases when d is a leaf or
an internal vertex. We will demonstrate the scheme of the proof for the former case (the lat-
ter case could be handled similarly).

Consider the relation (6). After applying the induction hypothesis to My, we get the

expression

d
M, (H) = max <HZ® f + Zlog —t )+ anlog(l — )+
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(13)
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where a, = ay,, b, = by, and ¢, = ¢, . Using the approximation log(1 - i) ~ —t;, we rewrite
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it as

d d
M; ,(H) ~ max (Z —a) + b, —n)t + Zlog (t, — tk1)> +
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+H (kiak> log (H kl(Zb) - ick,

Let A = H(®Oy — ay) + by — np. = HO, — ai) + o(H), k=1, ..., d. As in a), we will use KKT
optimality conditions for #, . . ., t;, which in this case have the following form:
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where i, is the dual variable corresponding to the constraint t; < 1. Similarly to a), after multi-
plying the kth equation by #; and summing the obtained equations we get Z::1 M=t —d
andt, —t, , = 1/(u, — S0, ;). These identities imply that

d d d k
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As above, we can use the approximation p,; ~ ZZ:1 A + 1. It implies that

H<i®k> log (H <d+2b>—ilog(§( —a,) +ch+b —d+1.(17)

In this formula, only the constant term depends on the order of vertices. Theorem is
proved.

2.4 Quantification of rate estimation uncertainty

MULAN implements a maximum likelihood approach that uses the combination of discrete
optimization and continuous optimization techniques to infer the solution that explains the
observed data in the best possible way. In this, it follows the same paradigm as other recently
published scSeq analysis tools [45, 55, 56]. However, given the uncertainty of the mutation tree
estimation, it could be beneficial to provide errors or confidence intervals for the inferred
rates. One possible way to do it is to combine MULAN with any tree topology sampling
scheme by calculating mutation rates for the trees sampled from the particular posterior distri-
bution given the scSec data (after burn-in). This procedure generates the posterior distribution
of inferred mutation rates that can be used to calculate standard errors and/or confidence
intervals. Here, we implemented this approach by combining MULAN with the tree sampling
procedure utilized by SCITE [25].

3 Results
3.1 Simulated data

In this subsection, we report the results of validation of the proposed algorithm using simu-
lated datasets. We simulated test examples with the numbers of mutations ranging from
m =70 to m = 150, which correspond to numbers of mutations for real single-cell sequencing
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data analyzed in previous studies [7, 25, 57]. For each test example, the simulation starts with
the single clone without mutations and with the random mutation rate ;. At subsequent itera-
tions, existing clones i produce offspring at rates 0;; at each such event an existing clone i gives
birth to a new clone j with the mutation rate 6; uniformly sampled from the interval [6,,,,,,,
O,nax] (by default 6,,;,, = 0.005, 0,,,, = 0.01) by acquiring a random mutation from the set {1,

.., m}. The simulation ends when the desired number of clones is produced.

We validated the ability of MULAN to infer all three families of parameters of the model
(3), i.e., the transmission rates, the times of mutation events, and the binary tree topology (or,
equivalently, orderings of offspring of the mutation tree nodes). For the primary experiments,
Algorithm 1 was executed with the initial mutation rates 0] =2 (0 i + 0 max ), i = 1,...,m.
The following accuracy measures were used:

« Rate and time inferences were quantified by the mean absolute percentage accuracy
MAPA =1 - MAPE, where MAPE is the mean absolute percentage error.

o Ordering inference was quantified by the mean Kendall tau distance between true and
inferred offspring orders for the nodes with outdegrees d; > 2.

The mutation rates of leafs were not considered, since they do not have offsprings required
for reliable rate estimation.

The results of MULAN evaluation on simulated trees are shown in Fig 2. The mean accura-
cies of rate, time and order inference were 0.86 (std = 0.02), 0.92 (std = 0.11) and 0.98
(std = 0.01), respectively. The ability of MULAN to accurately reconstruct tree topologies is
particularly important, as it validates the application of MULAN to the analysis of evolutionary
histories described in Subsection 3.2. The number of mutations does not have a great impact
on the algorithm accuracy, possibly because the algorithm is likely to produce the optimal
solution with respect to the objective (2) owing to the optimized search over the space of possi-
ble mutation orderings and the accuracy of the estimations suggested by Theorem 1. Indeed,
the crucial assumption of our approach is based on Theorem 1, which establishes the hierarchy
of mutation orderings that is valid for all sampling times. Although Theorem 1 operates with
approximations, the experimental validation suggests that this hierarchy is always valid (Fig 3,
right). Changing initial conditions to the random values uniformly sampled from the interval
[Bimin> Omax] does not significantly affect the results, with the mean rate, time and order infer-
ence accuracy changing to 0.83, 0.92 and 0.96, respectively.

In another evaluation experiment, we compared MULAN with an MCMC-based method,
which samples from the space of tree edge lengths using the method proposed in [51], calcu-
lates birth times and orderings from these lengths and estimates mutation rates using (4). The
mean accuracies of rate, time and order inference of this method were 0.72 (std = 0.03), 0.40
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Fig 2. Performance of MULAN on simulated data with n =70, . . ., 150 mutations. Left: accuracy of rate estimation. Center:

accuracy of times estimation. Right: accuracy of orderings estimation.

https://doi.org/10.1371/journal.pcbi.1008454.9002
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Fig 3. Left: accuracies of rate, time and order estimation for MULAN (blue) and MCMC algorithm (red). Center: accuracy of rate
estimation (n = 70) for the clean data and the trees inferred by SCITE and PhISCS-BnB from noisy data. Right: likelihoods L1,,(H)
for different orderings o. The graph demonstrates the hierarchy of orderings based on the corresponding likelihoods that remain
the same for all sampling times H.

https://doi.org/10.1371/journal.pchi.1008454.g003

(std =0.11) and 0.18 (std = 0.16), respectively (Fig 3, left). We also verified MULAN’s robust-
ness to the sequencing noise and to the choice of the tumor phylogeny inference method. In
that case, random errors were introduced to clone mutation profiles with # = 70 mutations
and with 3 copies of each clone at false-negative rates & = 0.1 and the false positive rate f =
107>, the mutation trees were reconstructed from these profiles using the state-of-the-art tool
SCITE [25] and the recently released tool PhISCS-BnB [45, 58]. The accuracy of rate inference
was affected insignificantly (Fig 3) indicating the robustness of MULAN results to the sequenc-
ing noise provided the properly selected phylogeny inference algorithm.

The algorithm scales polynomially with the problem size and produces the results within
minutes (Fig 4, left). In the overwhelming majority of cases, EM converges within 10
iterations.

Finally, Fig 4, center and right, demonstrates the posterior distributions and relative stan-
dard errors (i.e. the standard error divided by the mean) of inferred mutation rates for several
test datasets, as estimated using the method described in Subsection 2.4.

3.2 Experimental data

In this subsection, we used MULAN to analyze scSeq data from JAK2-negative myeloprolifera-
tive neoplasm [59] and from lymphoblastic leukemia [60]. The datasets contain 18, 20, 16, 10
mutations and 58, 111, 115 and 146 cells, respectively, and were analyzed as is without any
modifications.
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Fig4. Left: algorithms’ running time. Center: the posterior distributions of inferred mutation rates for 9 selected subclones in one of the test
datasets. Each small plot shows the rate distribution for the particular subclone together with the mean value m and the standard error o,,. Right:
distributions of relative standard errors of rate distributions for five test datasets.

https://doi.org/10.1371/journal.pcbi.1008454.9004
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Fig 5. Log-likelihoods of trees with and without recurrent mutations for JAK2-negative myeloproliferative neoplasm. Upper
left: log-likelihoods produced by infSCITE. Upper right: log-likelihoods produced by SCIFIL. Lower middle: log-likelihoods
produced by MULAN.

https://doi.org/10.1371/journal.pchi.1008454.g005

Analysis of evolutionary histories. Here we used the MULAN model to assess the likeli-
hoods of alternative tumor evolutionary histories. The datasets under consideration were used
in [61] to demonstrate the violation of the infinite site assumption. For a dataset with m muta-
tions, the authors of [61] used the tool infSCITE to infer the perfect phylogeny and m mutation
trees T; with one of m mutations i having a recurrence (recurrence trees). According to the
error-based likelihood model used in [61], the recurrent trees have much higher likelihoods
than the perfect phylogeny (Fig 5), thus strongly pointing to the presence of recurrent muta-
tions. However, differences between the likelihoods of recurrence trees are of much smaller
magnitude than their difference with the perfect phylogeny. It suggests that without the infinite
site assumption, the number of possible alternative evolutionary histories accurately explaining
the observed ScSeq data increases, and it becomes challenging to choose between by taking
into account only sequencing errors. In what follows we demonstrate that evolutionary-based
likelihood estimated using MULAN allows to significantly reduce the set of plausible evolu-
tionary histories.

For each tree constructed by infSCITE, we estimated the following:

(a) the evolutionary likelihood of the most probable fitness landscape, as calculated by our
recently published tool SCIFIL [18]. Roughly speaking, this likelihood measures the
probability to observe given subclone frequencies when the clonal population evolution-
ary trajectory over the most likely inferred fitness landscape is described by the tree T.

(b) the likelihoods of mutation instability landscapes with three mutation rates, one of
which correspond to the normal rate.

It turned out that for the analyzed dataset, mutability likelihoods and evolutionary likeli-
hood provided an additional strong signal that allows to resolve the ambiguities present in the
error-based model. It is especially visible for the JAK2-negative myeloproliferative neoplasm
(Fig 5). There, both likelihoods point to the same two mutations FRG1 and ASNS as most
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probable recurrent mutations and trees Trrg and T4gns as most probable trees. Only these two
trees had higher likelihoods than the perfect phylogeny (even despite the fact that they define
more transmission events), and their mean mutability log-likelihoods were higher than for
other recurrence trees: —70.46 (std = 1.53) vs —78.75 (std = 7.79).

Independent acquisitions of mutations with confirmed cancer effects in parallel lineages
potentially indicate the convergent evolution and may be suggestive of their evolutionary
advantage. In this context, it should be noted that both FRG1 and ASNS have been identified
in [59] as belonging to the shorter list of selected mutations having the highest likelihood of
being involved in essential thrombocythemia initiation and/or progression. Furthermore, 5
out of 7 most likely repeated mutations identified by MULAN belong to that list.

For the lymphoblastic leukemia datasets, the signal was not so strong, possibly because
introductions of repeated mutations did not significantly alter the topologies of the recurrence
trees (see [61]), thus resulting in many of them having close mutability likelihoods. Neverthe-
less, even then, the correlations between evolutionary and mutability likelihoods of the trees of
the 5 analyzed datasets were 0.85, 0.31, 0.96, 0.91, and 0.69, respectively, with both models
agreeing on the most probable recurrence trees. The fact that the same signal was produced by
two independent models can be considered as an indicator of their validity. It also suggests
that the reliable inference of tumor phylogenies under the finite site assumption requires the
utilization of advanced likelihood models that take into account the dynamics of cancer evolu-
tion in addition to the simpler models regulating the number and type of mutation events.

Analysis of mutability models. In this set of experiments, our purpose was to test the
assumption that mutation rates change over the course of tumor evolution. For this purpose,
we compared the single-rate model with the simplest model non-flat mutability landscape
model that assumes two mutation rates. Following [61] and [39], the moldels were compared
using Bayes factor BF [62], Akaike Information Criterion difference AAIC [63] and Bayesian
Information Criterion difference ABIC [64]. In our case, these parameters are estimated as

BF = exp(L, — L,), AAIC =2(k, —k,) +2(L, — L,), ABIC = (k, —k,)log(n)+2(L, —L,),(18)

where 7 is the number of vertices of the tree T, L; and L, are maximum log-likelihoods of one-
mutation and two-mutation models, and k; = 1 and k, = 3 are the numbers of parameters esti-
mated by these models (the mutation rate in the former case and the two mutation rates and
one rate change event in the latter case). Larger positive values of parameters indicate the pref-
erence of the two-rate model over the one-rate model. The models were compared for the per-
fect phylogeny T'pr and the two most probable recurrence trees Trrg and T4gns for the
JAK2-negative myeloproliferative neoplasm [59], as well as for the trees produced by SCITE
[25] for lymphoblastic leukemia datasets [60]. For 3 out of 6 trees, the evidence for the variable
mutation rate is considered as very strong (according to [62]), for 2 trees—as strong, and for
one tree (Trrg) the evidence for any of the models was not conclusive (Table 1).

Mutability landscape of JAK2-negative myeloproliferative neoplasm. For two most likely
recurrent trees Trrg and T gns identified above, more detailed analysis of their mutability
landscapes using the general MULAN model demonstrated that in both cases the increase in

Table 1. Comparison of one-rate and two-rate models for experimental data.

Tree Tpr [59] Trre [59] Tasns [59] T, [60] T, [60] T; [60]
BF 5.010 - 10° 1.448 - 10" 2.587 - 10° 5.037 - 10° 3.882 - 107 9.199 - 10
AAIC 26.249 5.3456 24.925 13.049 7.923 5.043
ABIC 20.358 —0.543 19.036 11.058 6.378 4.438

https://doi.org/10.1371/journal.pcbi.1008454.t001
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Fig 6. Two alternative mutation trees with the repeated mutations in ASNS gene (top) and FRG1 gene (bottom), respectively. The
different mutation rates are color-coded from green (low rate) to orange (high rate). The node corresponding to the mutation in SESN2
gene is highlighted. Leafs (not taken into account) are highlighted in white.

https://doi.org/10.1371/journal.pcbi.1008454.9006

the inferred mutation rates is likely associated with the emergence of mutation in the gene
SESN2 (Fig 6). SESN2 is an antioxidant activated by p53, and it is indeed known that mutations
in this gene may lead to genetic instability [59]. The structures of inferred mutability land-
scapes for these two trees also suggests that under the maximum parsimony criterion the first
tree could be considered as more plausible than the second tree, where clones revert from
higher to lower rates in one of its branches.

4 Discussion

Genomic instability is a typical characteristic of cancer cells, which may significantly contrib-
ute to tumor progression. Another paramount feature of cancer is an extremely high intra-
tumor heterogeneity, with the genomic instability being one of the traits that may significantly
differ between subclones. Thus, quantification of differential mutability and genomic instabil-
ity for tumors may provide valuable information for understanding mechanisms of cancer
progression and the design of personalized treatment strategies. The phenomenon of heteroge-
neous genomic instability could be geometrically represented by a concept of mutability land-
scape, which is the analog of the classical concept of the fitness landscape. Single-cell
sequencing provides an unprecedented insight into intra-tumor heterogeneity and allows us to
assess and study mutability landscapes of tumors on the finest possible level of individual sub-
clones. In this paper, we presented likelihood-based methods for the inference of mutability
landscapes of cancer subclonal populations from single-cell sequencing data. Most available
methods for inference of differential mutation rates are tailored to the populations consisting
of relatively distant genomes. In contrast, our method is specifically tailored to the specifics of
cancer clone populations that consist of highly similar but distinct genomes and takes full
advantage of the information about the structure and evolutionary history of the clonal popu-
lation provided by single-cell sequencing. It infers mutation rates of subclones rather than
individual genes, thus making it possible to use the obtained results to detect and quantify
genomic interactions and epistasis. Instead, then considering all possible cancer phylogenies,
MULAN uses as a starting point, a character-based mutation tree produced by other tools.
This tree represents partial information about the order of the appearance of the clones.
MULAN enriches this information by reconstructing orders of the appearance of sibling
clones in the tree and uses it to infer mutation rates and clone appearance times. Thus, our
methods can be used jointly with available tools for cancer tree inference from scSec data, such
as SCITE [25], SiFit [51], SPhyR [27] and SCARLET [56], as well as from a combination of
bulk and scSec data such as B-SCITE [46] and PhISCS [45]. The latter approach could be espe-
cially useful in the context of mutation clusters resolution. Indeed, MULAN assumes by default
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that every mutation results in a new subclone. However, scSec-based methods sometimes infer
branches of mutations whose linear ordering cannot be resolved and group them into muta-
tion clusters. Bulk data provides information about variant allele frequencies that allows infer-
ring the temporal order of such mutations [46]. If such data is unavailable, ambiguities in
clusters could be resolved arbitrarily, but the set of inferred mutation rates of clustered nodes
should be interpreted as representing the whole subpopulation rather than individual
subclones.

Our experiments demonstrated that the proposed approach allows for accurate inference of
mutability landscapes and can be used for the analysis of the evolutionary history for real
tumors. In particular, MULAN was able to detect a mutability increase event during the evolu-
tion of JAK2-Negative Myeloproliferative Neoplasm, that could be linked to the mutation in
the gene with known associations with genetic instability. In addition, for several analyzed
tumors the evolutionary signal produced by our mutability landscape model agreed with the
signal produced by an independent fitness landscape model. This fact could be considered as
an indication of the validity of both models.

There are several directions for the possible expansion of the proposed computational
framework. Since mutation rates are the most important parameters for the inference, it could
be beneficial to marginalize the likelihood over the remaining parameters. It may require the
derivation of analytical expressions and/or accurate approximations for the marginalized like-
lihood that allows reducing its maximization to convex programming. Another direction is the
development of the joint model for the inference of mutation and replication rates of cancer
subclones. In this paper, we follow the common assumption of the standard molecular clock-
based methods that do not consider population sizes. This assumption is usually justified, for
example, using the neutral theory of molecular evolution [65, 66], which is also applicable to
cancer [67, 68]. To take into account a wider range of evolutionary scenarios, a comprehensive
framework incorporating replication rate and mutation rate diversity should be developed.
One of advantages of such approach is its ability to utilize the observed frequencies of
sequenced clones for the inference (for example, of mutation orders). Such utilization is not
straightforward [18, 69]: high frequency of a particular clone can be indicative of its earlier
birth time or of its higher replication rate. To distinguish between these alternatives, an incor-
poration of a separate maximum likelihood framework is necessary. It potentially could be
achieved, for example, by integrating MULAN with our previously published framework SCI-
FIL for the inference of cancer fitness landscapes [18]. Finally, MULAN was developed with
targeted single-cell sequencing experiments in mind and it scales well for datasets typical for
such settings. It is still scalable for whole-genome sequencing, if the mutation tree has not too
many branching events. However, for more branching trees with thousands of vertices the
scalability could become an issue. In that case, faster strategy for search in the space of muta-
tion orderings should be considered.

Author Contributions

Conceptualization: Alex Zelikovsky, Sagi Snir, Pavel Skums.

Data curation: Viachaslau Tsyvina, Pavel Skums.

Formal analysis: Pavel Skums.

Funding acquisition: Alex Zelikovsky, Pavel Skums.

Investigation: Viachaslau Tsyvina, Alex Zelikovsky, Sagi Snir, Pavel Skums.
Methodology: Viachaslau Tsyvina, Alex Zelikovsky, Sagi Snir, Pavel Skums.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1008454 November 30, 2020 16/19


https://doi.org/10.1371/journal.pcbi.1008454

PLOS COMPUTATIONAL BIOLOGY Inference of mutability landscapes of tumors from single cell sequencing data

Project administration: Pavel Skums.

Resources: Alex Zelikovsky, Sagi Snir, Pavel Skums.

Software: Viachaslau Tsyvina, Pavel Skums.

Supervision: Pavel Skums.

Validation: Viachaslau Tsyvina, Pavel Skums.

Visualization: Viachaslau Tsyvina.

Writing - original draft: Viachaslau Tsyvina, Alex Zelikovsky, Sagi Snir, Pavel Skums.
Writing - review & editing: Viachaslau Tsyvina, Alex Zelikovsky, Sagi Snir, Pavel Skums.

References
1. Greaves M, Maley CC. Clonal evolution in cancer. Nature. 2012; 481(7381):306. https://doi.org/10.
1038/nature10762

2. Yates LR, Campbell PJ. Evolution of the cancer genome. Nature Reviews Genetics. 2012; 13(11):795.
https://doi.org/10.1038/nrg3317

3. Bonavia R, Cavenee WK, Furnari FB, et al. Heterogeneity maintenance in glioblastoma: a social net-
work. Cancer research. 2011; 71(12):4055—-4060. https://doi.org/10.1158/0008-5472.CAN-11-0153
PMID: 21628493

4. Merlo LM, Shah NA, Li X, Blount PL, Vaughan TL, Reid BJ, et al. A comprehensive survey of clonal
diversity measures in Barrett’'s esophagus as biomarkers of progression to esophageal adenocarci-
noma. Cancer prevention research. 2010; 3(11):1388-1397.

5. Doyle MA, LiJ, Doig K, Fellowes A, Wong SQ. Studying cancer genomics through next-generation
DNA sequencing and bioinformatics. Clinical Bioinformatics. 2014; p. 83-98.

6. Landau DA, Carter SL, Stojanov P, McKenna A, Stevenson K, Lawrence MS, et al. Evolution and
impact of subclonal mutations in chronic lymphocytic leukemia. Cell. 2013; 152(4):714-726. https://doi.
org/10.1016/j.cell.2013.01.019 PMID: 23415222

7. Kuipers J, Jahn K, Beerenwinkel N. Advances in understanding tumour evolution through single-cell
sequencing. Biochimica et Biophysica Acta (BBA)-Reviews on Cancer. 2017; 1867(2):127—-138. https://
doi.org/10.1016/j.bbcan.2017.02.001

8. Magen A, Sahu AD, Lee JS, Sharmin M, Lugo A, Gutkind JS, et al. Beyond Synthetic Lethality: Charting
the Landscape of Pairwise Gene Expression States Associated with Survival in Cancer. Cell reports.
2019; 28(4):938—948. https://doi.org/10.1016/j.celrep.2019.06.067 PMID: 31340155

9. LuX, Kensche PR, Huynen MA, Notebaart RA. Genome evolution predicts genetic interactions in pro-
tein complexes and reveals cancer drug targets. Nature communications. 2013; 4:2124. https://doi.org/
10.1038/ncomms3124

10. Ashworth A, Lord CJ, Reis-Filho JS. Genetic interactions in cancer progression and treatment. Cell.
2011; 145(1):30-38. https://doi.org/10.1016/j.cell.2011.03.020

11.  O’Neil NJ, Bailey ML, Hieter P. Synthetic lethality and cancer. Nature Reviews Genetics. 2017;
18(10):613-623. https://doi.org/10.1038/nrg.2017.47

12. Matlak D, Szczurek E. Epistasis in genomic and survival data of cancer patients. PLoS computational
biology. 2017; 13(7):e1005626. https://doi.org/10.1371/journal.pcbi.1005626

13. vande Haar J, Canisius S, Michael KY, Voest EE, Wessels LF, Ideker T. Identifying epistasis in cancer
genomes: a delicate affair. Cell. 2019; 177(6):1375-13883. https://doi.org/10.1016/j.cell.2019.05.005

14. Boucher B, Jenna S. Genetic interaction networks: better understand to better predict. Frontiers in
genetics. 2013; 4:290.

15. Wong SL, Zhang LV, Tong AH, Li Z, Goldberg DS, King OD, et al. Combining biological networks to pre-
dict genetic interactions. Proceedings of the National Academy of Sciences. 2004; 101(44):15682—
15687. https://doi.org/10.1073/pnas.0406614101 PMID: 15496468

16. Gavrilets S. Fitness landscapes and the origin of species (MPB-41). vol. 41. Princeton University
Press; 2004.

17. Hosseini SR, Diaz-Uriarte R, Markowetz F, Beerenwinkel N. Estimating the predictability of cancer evo-
lution. Bioinformatics. 2019; 35(14):i389-i397. https://doi.org/10.1093/bioinformatics/btz332

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1008454 November 30, 2020 17/19


https://doi.org/10.1038/nature10762
https://doi.org/10.1038/nature10762
https://doi.org/10.1038/nrg3317
https://doi.org/10.1158/0008-5472.CAN-11-0153
http://www.ncbi.nlm.nih.gov/pubmed/21628493
https://doi.org/10.1016/j.cell.2013.01.019
https://doi.org/10.1016/j.cell.2013.01.019
http://www.ncbi.nlm.nih.gov/pubmed/23415222
https://doi.org/10.1016/j.bbcan.2017.02.001
https://doi.org/10.1016/j.bbcan.2017.02.001
https://doi.org/10.1016/j.celrep.2019.06.067
http://www.ncbi.nlm.nih.gov/pubmed/31340155
https://doi.org/10.1038/ncomms3124
https://doi.org/10.1038/ncomms3124
https://doi.org/10.1016/j.cell.2011.03.020
https://doi.org/10.1038/nrg.2017.47
https://doi.org/10.1371/journal.pcbi.1005626
https://doi.org/10.1016/j.cell.2019.05.005
https://doi.org/10.1073/pnas.0406614101
http://www.ncbi.nlm.nih.gov/pubmed/15496468
https://doi.org/10.1093/bioinformatics/btz332
https://doi.org/10.1371/journal.pcbi.1008454

PLOS COMPUTATIONAL BIOLOGY Inference of mutability landscapes of tumors from single cell sequencing data

18. Skums P, Tsyvina V, Zelikovsky A. Inference of clonal selection in cancer populations using single-cell
sequencing data. Bioinformatics. 2019; 35(14):i398-i407. https://doi.org/10.1093/bioinformatics/btz392

19. Somarelli JA, Gardner H, Cannataro VL, Gunady EF, Boddy AM, Johnson NA, et al. Molecular biology
and evolution of cancer: from discovery to action. Molecular biology and evolution. 2019;.

20. Tomlinson IP, Novelli M, Bodmer W. The mutation rate and cancer. Proceedings of the National Acad-
emy of Sciences. 1996; 93(25):14800—-14803. https://doi.org/10.1073/pnas.93.25.14800

21. Greaves M. Nothing in cancer makes sense except. . .. BMC biology. 2018; 16(1):1-8.

22. Grady WM. Genomic instability and colon cancer. Cancer and metastasis reviews. 2004; 23(1-2):11—
27.

23. Charames GS, Bapat B. Genomic instability and cancer. Current molecular medicine. 2003; 3(7):589—
596. https://doi.org/10.2174/1566524033479456

24. Rogozin IB, Pavlov Yl, Goncearenco A, De S, Lada AG, Poliakov E, et al. Mutational signatures and
mutable motifs in cancer genomes. Briefings in bioinformatics. 2017; 19(6):1085-1101.

25. 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

26. Ciccolella S, Gomez MS, Patterson M, Della Vedova G, Hajirasouliha |, Bonizzoni P. Inferring Cancer
Progression from Single Cell Sequencing while allowing loss of mutations. bioRxiv. 2018; p. 268243.

27. 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

28. Aguse N, QiY, El-Kebir M. Summarizing the solution space in tumor phylogeny inference by multiple
consensus trees. Bioinformatics. 2019; 35(14):i408—i416. https://doi.org/10.1093/bioinformatics/btz312

29. Laehnemann D, Késter J, Szcureck E, McCarthy D, Hicks SC, Robinson MD, et al. 12 Grand challenges
in single-cell data science. PeerJ Preprints; 2019.

30. KorberV, Héfer T. Inferring growth and genetic evolution of tumors from genome sequences. Current
Opinion in Systems Biology. 2019;.

31. Rathert P, Roth M, Neumann T, Muerdter F, Roe JS, Muhar M, et al. Transcriptional plasticity promotes
primary and acquired resistance to BET inhibition. Nature. 2015; 525(7570):543. https://doi.org/10.
1038/nature14898 PMID: 26367798

32. SahuAD, Lee JS, Wang Z, Zhang G, Iglesias-Bartolome R, Tian T, et al. Genome-wide prediction of
synthetic rescue mediators of resistance to targeted and immunotherapy. Molecular systems biology.
2019; 15(3). https://doi.org/10.15252/msb.20188323 PMID: 30858180

33. McLornan DP, List A, Mufti GJ. Applying synthetic lethality for the selective targeting of cancer. New
England Journal of Medicine. 2014; 371(18):1725—-1735. https://doi.org/10.1056/NEJMra1407390

34. Luo J, Solimini NL, Elledge SJ. Principles of cancer therapy: oncogene and non-oncogene addiction.
Cell. 2009; 136(5):823-837. https://doi.org/10.1016/j.cell.2009.02.024

35. Wiliams MJ, Werner B, Heide T, Curtis C, Barnes CP, Sottoriva A, et al. Quantification of subclonal
selection in cancer from bulk sequencing data. Nature genetics. 2018; p. 1.

36. BromhamL, Penny D. The modern molecular clock. Nature Reviews Genetics. 2003; 4(3):216. https://
doi.org/10.1038/nrg1020

37. Pybus OG. Model selection and the molecular clock. PLoS Biology. 2006; 4(5):e151. https://doi.org/10.
1371/journal.pbio.0040151

38. Drummond AJ, Ho SY, Phillips MJ, Rambaut A. Relaxed phylogenetics and dating with confidence.
PLoS biology. 2006; 4(5):e88. https://doi.org/10.1371/journal.pbio.0040088

39. Snir S, Wolf YI, Koonin EV. Universal Pacemaker of Genome Evolution. PLOS Computational Biology.
2012; 8(11):e1002785—. https://doi.org/10.1371/journal.pcbi. 1002785 PMID: 23209393

40. Wolf YI, Snir S, Koonin EV. Stability along with extreme variability in core genome evolution. Genome
biology and evolution. 2013; 5(7):1393-1402. https://doi.org/10.1093/gbe/evt098

41. Snir S, vonHoldt BM, Pellegrini M. A Statistical Framework to Identify Deviation from Time Linearity in
Epigenetic Aging. PLOS Computational Biology. 2016; 12(11):1-15.

42. Sanderson MJ. A nonparametric approach to estimating divergence times in the absence of rate con-
stancy. 1997;.

43. Thorn J, Kishino H, Painter |. Estimating the rate of evolution of the rate of evolution. Mol Biol Evol.
1998; 15:1647-1657. https://doi.org/10.1093/oxfordjournals.molbev.a025892

44. YaoY, Dai W. Genomic instability and cancer. Journal of carcinogenesis & mutagenesis. 2014; 5.

50. Malikic S, Mehrabadi FR, Ciccolella S, Rahman MK, Ricketts C, Haghshenas E, et al. PhISCS: a combi-
natorial approach for subperfect tumor phylogeny reconstruction via integrative use of single-cell and

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1008454 November 30, 2020 18/19


https://doi.org/10.1093/bioinformatics/btz392
https://doi.org/10.1073/pnas.93.25.14800
https://doi.org/10.2174/1566524033479456
https://doi.org/10.1186/s13059-016-0936-x
https://doi.org/10.1093/bioinformatics/bty589
https://doi.org/10.1093/bioinformatics/btz312
https://doi.org/10.1038/nature14898
https://doi.org/10.1038/nature14898
http://www.ncbi.nlm.nih.gov/pubmed/26367798
https://doi.org/10.15252/msb.20188323
http://www.ncbi.nlm.nih.gov/pubmed/30858180
https://doi.org/10.1056/NEJMra1407390
https://doi.org/10.1016/j.cell.2009.02.024
https://doi.org/10.1038/nrg1020
https://doi.org/10.1038/nrg1020
https://doi.org/10.1371/journal.pbio.0040151
https://doi.org/10.1371/journal.pbio.0040151
https://doi.org/10.1371/journal.pbio.0040088
https://doi.org/10.1371/journal.pcbi.1002785
http://www.ncbi.nlm.nih.gov/pubmed/23209393
https://doi.org/10.1093/gbe/evt098
https://doi.org/10.1093/oxfordjournals.molbev.a025892
https://doi.org/10.1371/journal.pcbi.1008454

PLOS COMPUTATIONAL BIOLOGY Inference of mutability landscapes of tumors from single cell sequencing data

bulk sequencing data. Genome Research. 2019; 29(11):1860-1877. https://doi.org/10.1101/gr.
234435.118 PMID: 31628256

45. 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):2750. https://
doi.org/10.1038/s41467-019-10737-5

46. El-Kebir M, Oesper L, Acheson-Field H, Raphael BJ. Reconstruction of clonal trees and tumor composi-
tion from multi-sample sequencing data. Bioinformatics. 2015; 31(12):i62—i70. https://doi.org/10.1093/
bioinformatics/btv261

47. JiaoW, Vembu S, Deshwar AG, Stein L, Morris Q. Inferring clonal evolution of tumors from single nucle-
otide somatic mutations. BMC bioinformatics. 2014; 15(1):35. https://doi.org/10.1186/1471-2105-15-35

48. Malikic S, McPherson AW, Donmez N, Sahinalp CS. Clonality inference in multiple tumor samples
using phylogeny. Bioinformatics. 2015; 31(9):1349—-1356. https://doi.org/10.1093/bioinformatics/btv003

49. Ross EM, Markowetz F. OncoNEM: inferring tumor evolution from single-cell sequencing data. Genome
biology. 2016; 17(1):69. https://doi.org/10.1186/s13059-016-0929-9

51. ZafarH, 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

52. Rosset S. Efficient inference on known phylogenetic trees using Poisson regression. Bioinformatics.
2007; 23(2):e142—e147. https://doi.org/10.1093/bioinformatics/btl306

53. BoydS, Vandenberghe L. Convex optimization. Cambridge university press; 2004.

54. Kernighan BW, Lin S. An efficient heuristic procedure for partitioning graphs. Bell system technical jour-
nal. 1970; 49(2):291-307. https://doi.org/10.1002/j.1538-7305.1970.tb01770.x

55. El-Kebir M, Satas G, Raphael BJ. Inferring parsimonious migration histories for metastatic cancers.
Nature Genetics. 2018; 2:5.

56. Satas G, Zaccaria S, Mon G, Raphael BJ. SCARLET: Single-Cell Tumor Phylogeny Inference with
Copy-Number Constrained Mutation Losses. Cell Systems. 2020; 10(4):323-332. https://doi.org/10.
1016/j.cels.2020.04.001

57. LeungML, 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; p. gr—209973.
https://doi.org/10.1101/gr.209973.116 PMID: 28546418

58. AzerES, Mehrabadi FR, Li XC, Maliki¢ S, Schaffer AA, Gertz EM, et al. PhISCS-BnB: A Fast Branch
and Bound Algorithm for the Perfect Tumor Phylogeny Reconstruction Problem. bioRxiv. 2020;.

59. HouY, SongL, Zhu P, Zhang B, Tao Y, Xu X, et al. Single-cell exome sequencing and monoclonal evo-
lution of a JAK2-negative myeloproliferative neoplasm. Cell. 2012; 148(5):873-885. https://doi.org/10.
1016/j.cell.2012.02.028 PMID: 22385957

60. Gawad C, Koh W, Quake SR. Dissecting the clonal origins of childhood acute lymphoblastic leukemia
by single-cell genomics. Proceedings of the National Academy of Sciences. 2014; 111(50):17947—
17952. https://doi.org/10.1073/pnas.1420822111

61. Kuipers J, Jahn K, Raphael BJ, Beerenwinkel N. Single-cell sequencing data reveal widespread recur-
rence and loss of mutational hits in the life histories of tumors. Genome research. 2017;. https://doi.org/
10.1101/gr.220707.117 PMID: 29030470

62. Kass RE, Raftery AE. Bayes factors. Journal of the american statistical association. 1995; 90
(430):773-795. https://doi.org/10.1080/01621459.1995.10476572

63. Akaike H. A new look at the statistical model identification. In: Selected Papers of Hirotugu Akaike.
Springer; 1974. p. 215-222.

64. Schwarz G, et al. Estimating the dimension of a model. The annals of statistics. 1978; 6(2):461-464.
https://doi.org/10.1214/a0s/1176344136

65. Kimura M. The neutral theory of molecular evolution. Cambridge University Press; 1983.

66. Chao L, Carr DE. The molecular clock and the relationship between population size and generation
time. Evolution. 1993; 47(2):688—690. https://doi.org/10.2307/2410082

67. Cannataro VL, Townsend JP. Neutral theory and the somatic evolution of cancer. Molecular biology
and evolution. 2018; 35(6):1308—1315. https://doi.org/10.1093/molbev/msy079

68. Williams MJ, Werner B, Barnes CP, Graham TA, Sottoriva A. Identification of neutral tumor evolution
across cancer types. Nature genetics. 2016; 48(3):238. https://doi.org/10.1038/ng.3489

69. Seifert D, Di Giallonardo F, Metzner KJ, Giinthard HF, Beerenwinkel N. A framework for inferring fitness
landscapes of patient-derived viruses using quasispecies theory. Genetics. 2015 Jan 1; 199(1):191—
203. https://doi.org/10.1534/genetics.114.172312

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1008454 November 30, 2020 19/19


https://doi.org/10.1101/gr.234435.118
https://doi.org/10.1101/gr.234435.118
http://www.ncbi.nlm.nih.gov/pubmed/31628256
https://doi.org/10.1038/s41467-019-10737-5
https://doi.org/10.1038/s41467-019-10737-5
https://doi.org/10.1093/bioinformatics/btv261
https://doi.org/10.1093/bioinformatics/btv261
https://doi.org/10.1186/1471-2105-15-35
https://doi.org/10.1093/bioinformatics/btv003
https://doi.org/10.1186/s13059-016-0929-9
https://doi.org/10.1186/s13059-017-1311-2
https://doi.org/10.1186/s13059-017-1311-2
https://doi.org/10.1093/bioinformatics/btl306
https://doi.org/10.1002/j.1538-7305.1970.tb01770.x
https://doi.org/10.1016/j.cels.2020.04.001
https://doi.org/10.1016/j.cels.2020.04.001
https://doi.org/10.1101/gr.209973.116
http://www.ncbi.nlm.nih.gov/pubmed/28546418
https://doi.org/10.1016/j.cell.2012.02.028
https://doi.org/10.1016/j.cell.2012.02.028
http://www.ncbi.nlm.nih.gov/pubmed/22385957
https://doi.org/10.1073/pnas.1420822111
https://doi.org/10.1101/gr.220707.117
https://doi.org/10.1101/gr.220707.117
http://www.ncbi.nlm.nih.gov/pubmed/29030470
https://doi.org/10.1080/01621459.1995.10476572
https://doi.org/10.1214/aos/1176344136
https://doi.org/10.2307/2410082
https://doi.org/10.1093/molbev/msy079
https://doi.org/10.1038/ng.3489
https://doi.org/10.1534/genetics.114.172312
https://doi.org/10.1371/journal.pcbi.1008454

