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A Results

A.1 Simulations

We describe the simulation setup in Section [A.T.T} In Section [A.1.2] we provide additional details on the methods

considered in the benchmarking experiments. Finally, we present the results of these experiments in Section

A.1.1 Simulation Setup

We simulate the life history of a metastatic tumor by generating a cell tree using an agent-based model. This model is
an extension of the model used to simulate tumor growth in [37], with the equal multiplicative fitness landscape and
the logistic growth function described in [2]. We extend the model to include migrations and passenger mutations.
Moreover, we constrain mutations to adhere to the infinite sites assumption and to be copy neutral. A discrete time-
step, or generation, is composed of two phases. The first phase consists of cell cycle events—replication and death.
The second phase consists of cell migration events. In the following, we will elaborate on the two phases and describe

the overall simulation algorithm.

Cell Cycle Events: Replication and Death A cell ¢ has two quantities associated to it: (1) the anatomical site
a(c) in which the cell resides, (2) the set o(c) of mutations the cell harbors. Each mutation ¢ has a fitness effect s;.
We model mutations as either drivers or passengers, with a driver mutation ¢ having positive fitness effect s; = 0.01
and passenger mutation ¢ having fitness effect s; = 0. The subset of mutations of cell c that are drivers are denoted
by 6(c). As described in [37]], we use a phenotype-based density-limited model, where the phenotype of a cell ¢ is
defined by the set &(c) of driver mutations the cell contains. Let N (& (c)) be the number of cells with phenotype 6 (c)
in anatomical site a(c), and let K (6(c)) be the carrying capacity for phenotype & (c) in anatomical site a(c). Then, we

define the birth probability as
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where the carrying capacity for phenotype (c) depends on the number |5 (c)| of driver mutations in cell ¢, i.e.

K(&(c)) = 50000 - |6(c)|.

In each generation, cell ¢ replicates with probability b(c) and dies with probability d(c) = 1 —b(c). If cell ¢ replicates,

we generate two new daughter cells ¢; and co. Daughter cell ¢; is identical to ¢, i.e.

a(er) = afc),

o(c1) = o(e).

With a probability 0.1, daughter cell ¢y acquires one new mutation such that

a(cz) = a(e),

o(er) =o(e) U{n+1}.



where n is the total number of distinct mutations across all cells. This mutation rate is consistent with observed per-
nucleotide somatic mutation rates [29] and whole-exome sequencing. With probability p = 2 - 10~7, mutation n + 1

is a driver with s, 11 = 0.01, and else, with probability 1 — p, mutation n + 1 is a passenger with s,, ;1 = 0.

Migration We restrict migrations so that the resulting migration graph GG adheres to a pre-specified migration pattern

defined as follows.

e Monoclonal single-source seeding (mS), where every generation at most one single cell per anatomical site s

migrates to a new anatomical site ¢.

e Polyclonal single-source seeding (pS), where every generation at most one group of cells migrates from an
anatomical site s to a new anatomical site ¢, or to an existing anatomical site ¢’ that was previously seeded from

anatomical site s.

e Polyclonal multi-source seeding (pM), where every generation at most one group of cells migrates from an

anatomical site s to a new anatomical site ¢, or to an anatomical site ¢’ that has not seeded from an ancestor of s.

e Polyclonal reseeding (pR), where every generation at most one group of cells migrates from an anatomical site s

to a new anatomical site ¢, or to an existing anatomical site ¢’ # s.
Migration occurs after the cell cycle events (i.e. replication or death). Let N(s,y) = {c | a(c) = s,6(c) = y}
be the number of cells ¢ in anatomical site s with phenotype (driver mutations) a(c) = y. Let Y(s) be the set of

phenotypes in anatomical site s. For each anatomical site s, we decide to initiate a migration event with a probability

that is proportional to the number of cells in s and the number of drivers they contain, i.e.

107 JT &V (s.9) - ly).

yeEY (s)

The exact migration event depends on the specified migration pattern as follows.

e In the case of mS, we select a single cell ¢ uniformly at random from the cells residing in anatomical site s.

Subsequently, we set a(c) = t where ¢ is a new anatomical site.

e In the case of pS, we draw the number & of migrating cells from Poisson(1). We then pick % cells ¢y, ..., ¢
without replacement from anatomical site s. Next, with probability 0.5, we decide to migrate to a new anatomical
site ¢ and set a(c;) = ¢ for all ¢ € [k]. Or, with probability 0.5, we migrate to an existing anatomical site ¢’ that

has been previously seeded from s and thus set a(c;) =t for all i € [k].

e In the case of pM, we draw the number & of migrating cells from Poisson(1). We then pick & cells ¢y, ..., cg
without replacement from anatomical site s. Next, with probability 0.5, we decide to migrate to a new anatomical
site ¢ and set a(c;) = ¢ for all ¢ € [k]. Or, with probability 0.5, we migrate to an existing anatomical site ¢’ that

has not been seeded from an ancestor of s and set a(c;) = t’ for all i € [k].



e In the case of pR, we draw the number % of migrating cells from Poisson(1). We then pick k cells ¢y, . .., c
without replacement from anatomical site s. Next, with probability 0.5, we decide to migrate to a new anatomical

site t and set a(c;) = t for all ¢ € [k]. Or, with probability 0.5, we migrate to an existing anatomical site ¢’ # s.

Initialization and Termination We initialize the simulation with a single cell ¢ in anatomical site a(c) = P (where

P is the primary tumor) with no passenger mutations and a single driver mutation, i.e. o(c) = 6(c) = {1}. An

anatomical site s is detectable if it has at least 5000 cells. We have two termination conditions:
1. No more cells are alive.

2. The number of detectable anatomical sites is greater than a pre-specified parameter ).

From Cell Tree to Clone Tree We start by identifying the set X of mutations that occur at 5% frequency in at least
one anatomical site. For each cell ¢, we set 5(c) = o(c¢) N X. This yields a partition of cells into clones, i.e. each
clone ¢ is a set of cells ¢ with identical mutations 7(c) = o(c,) in the same anatomical site o(c) = s. Recall that
mutations in the cell tree adhere to the infinite sites assumption. As such, we obtain the clone tree from clones ¢;
using the perfect phylogeny theorem [[16]. More specifically, we construct a binary matrix B = [bg, ;|, whose rows
correspond to clones and columns to mutations X; an entry bz_; is 1 if i € o(¢;s) and 0 otherwise. By construction,
matrix B is conflict free and thus the corresponding clone tree 1" can be obtained in linear time [[16]]. Since B may
contain repeated columns, the edges of 7" may be labeled by a set of co-occurring mutations. Each such set forms a
mutation cluster. Each leaf u of T" corresponds to a clone ¢ and is thus labeled by f(u) = s. In addition, we label

each leaf corresponding to clone ¢, by the proportion «(¢;) of cells of anatomical site s that comprise clone Cs.

Simulating Read Counts Let 7" be the simulated clone tree and let m = |X| be the number of anatomical sites. We
generate bulk sequencing samples for each anatomical site s. Each sample p is a mixture of the clones present in the
corresponding anatomical site s. Let k be the number of clones in anatomical site s. We model mixture proportions
Up ..., Upk as a draw from Dir(5 - a(€s1),...,5 - @(Cs,x)), where a(€s ;) is the proportion of cells in anatomical
site s of clone ¢, ;. For each mutation ¢ € X, we define the frequency f,, ; as follows:
1
fri=g D g (D
JELK] s i€0(Cs,5)

In other words, f,; is the true proportion of reads in sample p that contain SNV ¢ under the assumption that the
corresponding locus is part of a copy-neutral region of an autosomal chromosome. We then simulate the total number
d,; of reads as a draw from Poisson(200), yielding a number of reads that is typical in a whole-exome sequencing
experiment. Next, we draw vj, ; variant reads from Binomial(d, ;, fp.;). The number r,, ; of reference reads is d, ; —

vp,;. Note that we assume the tumor samples to be pure and do not model normal admixture.

Simulated Instances We varied the maximum number ¥, € {5, 8} of detectable anatomical sites and considered

different migration patterns: mS, pS, pM and pR. For each combination of 3 ,,,x and migration pattern, we simulated



ten clone trees and migration histories. Subsequently, we obtained two bulk samples of the primary tumor and a single

bulk sample for each metastasis. Thus, we have 80 simulated instances in total (Tables 2] and 3).

A.1.2 Methods
MACHINA As described in the main text, MACHINA’s PMH-TI mode consists of three steps:

1. Clustering of mutations, yielding frequency matrices (F'~, F) whose entries fpc and f; ¢ are, respectively,

the lower bound and upper bound of the confidence interval of the frequency of cluster C' in sample p.
2. Inferring the set T of mutation trees given (F~, F').
3. Solving the PMH-TI for each mutation tree T' € T given (F'~, FT).

First, to obtain mutation clusters and their frequencies, we use the clustering procedure of AncesTree [§|], which
we describe briefly in the following. Let Xm be a random variable describing the variant allele frequency (VAF)
for a sample p and mutation 7. For mutation % in sample p, we model the observed number v, ; of variant reads as
Up,i ~ Binomial((im7 X p.i) Where Jm- is the total number of reads at the mutation locus. Assuming a uniform prior on
the binomial proportion, the posterior distribution over VAF X, ; given @, ; and d,, ; is Beta(1+p. 4, 14 (dp.i — 0p.4))-
To infer mutation clusters, we compute 99.9% confidence intervals | f; i f; ;] on the VAF posterior distribution of
X p,i for each mutation ¢ in sample p. Using these intervals, we construct an undirected graph G, where each vertex
v; € V(G) corresponds to a unique mutation 4 and there is an edge (v;,v;) € E(G) if and only if the confidence
intervals | ;: i Apf ;] and | f; i A;fj] overlap for each sample p. Each connected component C' of G corresponds to a
mutation cluster. To infer a confidence interval | f; o f;f | on the frequency of mutation cluster C' in each sample p,
we combine the read counts for all mutations in the same mutation cluster C, yielding a combined variant read count
Up,c = Y ;cc Up,i and combined total read count d, ¢ = >, dp ;. We assume that each cluster C' has a fixed
VAF X, ¢, such that for all mutations ¢ € C, XW- = X, c. Then, with a uniform prior, the posterior distribution
of X, ¢ given v, ¢ and d), ¢ is Beta (1 + v, ¢, 1 + (dp,c — vp,c)). For each mutation cluster C' and sample p, we
infer 95% confidence intervals | fp_ o f;‘ | on the VAF distribution X, ¢. Since each mutation is copy-neutral, we
obtain frequencies [f, o, f;f | by multiplying the VAFs | f; o f;r c] by 2. Frequency matrices (F~, F'") contain all
frequency intervals | foco f;f | for each sample p and mutation cluster C'.

Second, given (F~, F*), we enumerate all mutation trees T using the SPRUCE algorithm [9]. Third, given
(F~, F*), we solve the PMH-TI for each mutation tree T € T under various restrictions on the topology of the

resulting migration graph G. That is, we restrict G to (1) an S pattern, (2) either an S or an M pattern or (3) leave G

unrestricted. All instances were solved to optimality by MACHINA.

Treeomics We run Treeomics [38|] twice on each instance, with and without subclone detection. For both runs, we

use default arguments. All simulated instances were solved to optimality by Treeomics.



Neighbor Joining We run the neighbor joining algorithm [42]] implemented in the phangorn R package [46|. To do
so, we first obtain a binary mutation matrix B = [b,, ;] using a variant allele frequency threshold of 0.01, i.e. b, ; = 1
if and only if the variant allele frequency of mutation 7 in sample p is at least 0.01. Next, following the default settings,

we measure the distance between a pair of samples using the Hamming distance.

PhyloWGS We ran PhyloWGS [7] with default arguments. We define a clone 7 to be present in a sample p only if

the inferred mixing proportion u,, ; is at least 0.05.

AncesTree We run AncesTree [8] with default arguments (8 = 0.8 and v = 0.01) and provide it with the same
mutation clusters used by MACHINA. We define a clone ¢ to be present in a sample p only if the inferred mixing

proportion u,, ; is at least 0.05.

A.1.3 Results

Robinson-Foulds Distance We use the Robinson-Foulds distance [[39] to assess the accuracy of each inferred phylo-
genetic tree T by comparing the topology of the anatomical site labels in 7" to the simulated tree 7. Each edge (u, v)
of T induces a bipartition, or split, of the leaf set L(T") into {U, V'} such that upon removal of (u,v) the set U contains
those leaves present in the connected component that contains « and the set V' contains the leaves that are present in the
connected component that contains v. Rather than considering splits {U, V'} directly, we consider ¢-splits composed

of the two sets {£(U), £(V')} of anatomical site labels of {U, V'}, i.e.
{(U), L)} = {{t(u) [u e U}, {£(v) [v e V}}. 2)

We note that an ¢-split {£(U), £(V)} is a multi-set. Let £(7T") be the set of all £-splits of a clone tree T'. The Robinson-
Foulds distance d(T*, T) between the simulated tree 7* and the inferred tree T is the size of the symmetric difference

between £(T") and £(T™), i.e.
AT, T) = [(L(T)\L(T)) U (L(T) \ £(T7))]. 3)

Note that [38]] used a similar measure but only considered the set £(V') for each split {U, V' }.

Clone Tree Inference Supplementary Fig. @A and Supplementary Fig. [5JA show that the clone trees inferred by
MACHINA are more accurate than those inferred by Treeomics and neighbor joining. In addition, Treeomics with and
without subclone detection outperforms neighbor joining. Enabling subclone detection in Treeomics-sub improves the
results considerably, which is not surprising given that our simulations result in anatomical sites each composed of
multiple clones. However, Treeomics-sub cannot match the performance of MACHINA and AncesTree, likely because
these methods use variant allele frequencies to deconvolve mixed samples and thus are better able to detect subclones.
PhyloWGS achieves similar performance to Treeomics-sub but performs worse than AncesTree and MACHINA. Im-
portantly, MACHINA outperforms both PhyloWGS and AncesTree, thus showing that MACHINA’s performance is not

only due to deconvolution but also due to the integrative inference of parsimonious clone trees and migration histories.



Migration History Inference Next, we assess the performance of MACHINA by considering the inferred migration
graphs G and vertex labelings ¢ identified for each simulated instance. We only consider the results obtained by
MACHINA run without any topological constraints on G. We do not show results for Treeomics and neighbor joining as
these methods do not yield a vertex labeling and migration graph. Supplementary Fig. dB and Supplementary Fig.[5B
show that MACHINA successfully determines the migration patterns of the mS instances. However, simulated instances
with more complex migration patterns (e.g. pM and pR) can often be explained by simpler migration patterns. To
further investigate this, we compare the inferred migration graph G to the simulated migration graph G* by computing
multi-edge recall and precision as follows:

[E(G) N E(GY)]
[E(G)]

[E(G) N E(GY)]

recall(G,G*) = Q)]

and precision(G, G*) =

As E(G) and E(G*) are multi-sets, we take the multiplicity of each multi-edge into account when computing recall
and precision; e.g. a recall of 100% means that each multi-edge of G* composed of ¢ edges corresponds to a multi-
edge in G composed of at least ¢ edges between the same anatomical sites. We use the F} score as a summary statistic,
which is the harmonic mean between recall and precision, i.e.

precision(G, G*) - recall(G, G*)
precision(G, G*) + recall(G, G*)

F(G,G*) =2

We find that the precision and recall of the migration graph identified by MACHINA decreases with increasing com-
plexity of the simulated migration pattern (Supplementary Fig. @IC and Supplementary Fig. B[C).

To identify drivers of metastasis, the set of migrating clones must be determined accurately. We assess this by
comparing the set U (T, £) of migrating clones in the inferred clone tree 7" and vertex labeling ¢ to the set U (T, £*) of
migrating clones in the simulated clone tree T* and the simulated vertex labeling £*. More specifically, the set U (T, ¢)
is composed of the mutations present in the vertices that are incident to migration edges, i.e. U(T,¢) = {7(u) |
(u,v) € E(T),4(u) # ¢(v)} where 5(u) denotes the set of mutations present in vertex u. We compute recall and

precision of the migrating clones as:

_ U@, nu(T, )|

recall(U(T., £),U(T", (7)) = and precision(U (T, £),U(T*, ¢*)) = U(T, ) V(T £7))]

U(T™, )] U(T, 0)|

Again, we consider the F score defined as

precision(U (T, £), U(T*, £*)) - recall(U (T, £), U (T*, £*))
precision(U (T, £), U(T*, %)) 4+ recall(U (T, ¢), U (T*, %))

FL(U(T, 0),U(T*, ) =2 &)

Supplementary Fig. @D and Supplementary Fig. 5D show that MACHINA identifies the clones that migrate and seed

metastases with high precision and recall across all simulated migration patterns.

Minimum-Migration Vertex Labelings McPherson et al. [28] use the Sankoff algorithm [45] to find a vertex la-
beling with minimum migration number p given a clone tree. We enumerate all minimum-migration vertex labelings
given the simulated clone tree 7 for each instance. Supplementary Fig.[4E and Supplementary Fig.[5E show that for

each simulated clone tree 7* many such vertex labelings exist and that the migration number p does not distinguish



between different migration patterns of varying complexity. For instance, the simulated clone tree with seed 2 and sim-
ulated pattern pS (Supplementary Fig. [5E) has 800 minimum-migration vertex labelings, the majority of which (60%)
correspond to more complex migration patterns. These findings illustrate the importance of using more sophisticated

score functions that distinguish between migration patterns of varying complexity.

Mutation Clustering In the above results, we used the clustering algorithm described in Section In the
following, we explore the performance of MACHINA when the output of different mutation clustering algorithms —
including PhyloWGS [7]], PyClone [41]], Clomial [53]] and SciClone [30] — are input to MACHINA. We note that Phy-
lIoWGS simultaneously clusters mutations and arranges the resulting clusters into a tree; in the following comparisons
we discard the tree and only use the inferred mutation clusters; we refer the reader to Figs. ] and [5] for PhyloWGS’s
clone tree inference performance results. We run PhyloWGS with default arguments. We use the binomial model in
PyClone and specify a default sequencing error rate of 0.001, a purity of 1 and use 10,000 MCMC iterations with a
burnin of 1,000. We use the default maximum number of 10 clusters in Clomial. For SciClone, we use the default beta
mixture model and the default number of at most 10 mutation clusters. Using larger numbers of mutation clusters in
both Clomial and SciClone leads to prohibitive running times.

We assess the performance of each clustering method on the ¥, = 5 instances. Supplementary Fig.[T6A shows
that the width of the 95% confidence intervals of the mutation cluster frequencies is largely unaffected by the clustering
algorithm. Supplementary Fig.[I6B shows that PyClone, Clomial and SciClone infer far fewer clusters than MACHINA
and PhyloWGS. We now assess whether this affects the accuracy of the inferred clusterings. A clustering is a partition
of the set of n mutations. Let C denote the inferred clustering and let C* denote the simulated clustering. To assess the
similarity of € to C* typically all (g) pairs of mutations are considered. For each pair (a, b) of distinct mutations the

following four cases are distinguished.
1. True positive (TP): if (a, b) co-occur in a cluster in € and C*.
2. False positive (FP): if (a, b) co-occur in a cluster in € but do not co-occur in C*.
3. True negative (TN): if (a, b) do not co-occur in € nor in C*.
4. False negative (FN): if (a, b) do not co-occur in € but do co-occur in C*.

The commonly-used Rand index [36] is defined as the accuracy, i.e. (TP + TN) / (TP + FP + TN + FN). We find for
each clustering method and migration pattern that the number of false negatives is around O (data not shown). In other
words, the recall of each clustering method is around 1. Therefore, instead of using the Rand index, we compute the
precision, defined as TP / (TP + FP). Supplementary Fig. [T6IC shows that MACHINA and PhyloWGS achieve higher
clustering precision than PyClone, Clomial and SciClone, which is likely due to the larger number of inferred clusters
by the former methods.

Next, we assess the impact of using different clustering algorithms as input to MACHINA. Supplementary Fig.

shows that the clone trees inferred by MACHINA are more similar to the simulated clone trees than those inferred

10



by neighbor joining [42], Treeomics [38]], PhyloWGS [7] and AncesTree [8]]. We note, however, that MACHINA’S
performance decreases with the precision of the clustering algorithm used to generate input clusters for MACHINA.
Indeed, Supplementary Fig. shows that the recall and precision of the migration clones also decreases when
MACHINA is used together with clustering algorithms that achieved lower precision on these simulated instances.
Supplementary Fig. [I7C shows that despite the differences in the inference of the migrating clones, the inferred

migration graphs are robust to the choice of clustering algorithm, with very minor variation in F scores.

Downsampling Sequencing Coverage, Sample Purity and Number of Sequenced Samples To evaluate the ro-
bustness of MACHINA and the used mutation clustering algorithm, we perform downsampling experiments, where we
reduce the number of sequenced samples, the sample purity and the sequencing coverage. To do so, we simulate 10
metastatic tumors with ¥, = 5 anatomical sites for each of the four migration patterns (mS, pS, pM and pR). For
each simulated tumor, we generate a baseline instance containing three bulk samples per anatomical site with a mean
sequencing coverage of 10,000x, a nucleotide sequencing error rate of 0.001 and a sample purity of 1. We then retain
for each anatomical site {1, 2, 3} bulk samples. Next, for each retained sample, we downsample the sequencing depth
of each SNV to {200x, 500x, 1000x, 10000x } using different purities {0.5,0.8,1.0}. Thus, for each simulated tumor
we have 3 - 4 - 3 = 36 sets of sequencing reads, corresponding to all combinations of number of samples, coverage
and purity.

We run MACHINA’s clustering algorithm on each instance and compute 95% confidence intervals (as described
previously). Supplementary Fig. [I§]A shows that the width of the 95% confidence intervals of the mutation clus-
ters frequencies decreases with increasing coverage and number of samples. Concordantly, the clustering precision
increases with increasing coverage and number of samples (Supplementary Fig. [I8B). By comparing each downsam-
pled instance to the baseline, we find that MACHINA benefits from higher resolution sequencing data, with the number

of samples having the largest impact, followed by the depth of sequencing and the sample purity (Supplementary

Fig.[I8[C-E).

Downsampling Number of SNVs  We now evaluate the effect of the number of sequenced SNVs on the performance
of MACHINA. Recall that previously we used a mutation rate of 0.1, corresponding to whole exome sequencing
data (Section [A.T.T). We increase this rate to 10 mutations every cell division, corresponding to whole genome
sequencing data [29]. For each migration pattern (mS, pS, pM and pR), we simulate 10 metastatic tumors with
Ymax = 8 anatomical sites, amounting to a total of 4 - 10 = 40 instances. We generate two bulk samples of the
primary tumor and a single bulk sample for each metastasis; each with a purity of 0.8. We sequence each sample
at an average depth of 200x and an error rate of 0.001. Subsequently, we downsample the number of SNVs to
{100%, 50%, 10%, 5%, 1%, 0.5%, 0.1%} of all SNVs. We use the MACHINA clustering algorithm to group SNVs
with similar variant allele frequencies across all samples, and we run MACHINA in PMH-TI mode to obtain clone
trees and migration histories.

We find that the performance of MACHINA is affected by the number of sequenced SNVs. Importantly, MACHINA

achieves good performance in the regime of whole exome data (with only 1 to 5% of all SNVs). More specifically,
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we find that the number of inferred mutation clusters increases with the number of SNVs (Supplementary Fig. [T9B).
Similarly, we find that with more SN'Vs the uncertainty in mutation clusters decreases, as shown by the mean width of
the 95% confidence intervals of frequencies of mutation clusters (Supplementary Fig. [I9C). The clustering precision
and recall, as defined above, are affected by the number of SNVs, with the precision decreasing and recall increasing
with increasing numbers of SNVs (Supplementary Fig. —E). On the other hand, the clone tree distance d(7*,T)
between the simulated tree 7™ (containing all SNVs) and each inferred tree 7' (containing a subset of the SNVs)
decreases with increasing number of SNVs (Supplementary Fig. [I9F). Finally, the precision and recall (summarized
by the F; score) of the clones that migrate to different anatomical sites (Supplementary Fig.[I9(G), and of the migration
graph (Supplementary Fig.[T9H) increases with increasing numbers of SNVs. Note that in the computation of the F
score of the migrating clones, we define a clone by the subset of SNV that were present in the downsampled instance.
That is, in Equation @) we define U (7™, ¢*) = {5 (u) N X | (u,v) € E(T*), £*(u) # €*(v)} where 7(u) is the set of

mutations present in vertex v of T* and X is the set of mutations present in the downsampled instance.

A.2 Metastatic Colorectal Cancer

Most of the published studies [3H5, 12H14}20,[23H25}(27,|47,/49-H51L (54} |55]] derive clone trees using standard phy-
logenetic techniques based on neighbor-joining [42]], maximum parsimony [11]] or maximum likelihood [[10]. The
implicit assumption that these studies make is that the sequenced anatomical sites are homogeneous, i.e. composed
of a single clone. Here, we show that the sample homogeneity assumption can lead to clone trees and consequently
migration histories that are likely incorrect. In particular, we show that the resulting clone trees have multiple cases of
homoplasy, where identical single-nucleotide mutations occur independently on different branches of the tree. While
homoplasy cannot definitively be ruled out in cancer evolution, it is highly implausible to see multiple (even dozens)
of such events. Indeed, no homoplasy, or the infinite sites assumption, is the standard assumption for single-nucleotide
mutations in cancer [17.26L32]48]].

A recent commentary [1] discusses the issues of the sample homogeneity assumption on heterogeneous tumor
sequencing data. We illustrate how the issue of extensive homoplasy arises in a study of five patients with metastatic
colorectal cancers [23]. In this study, the authors sequenced for each patient 2—-6 metastases and 2-5 regions from
the primary tumor, and used maximum parsimony to infer phylogenetic trees, assuming that each region consists of a
single clone. We find that the published trees exhibit extensive homoplasy, with many violations of the infinite sites
assumption (Supplementary Table [4). The most extreme example is patient CRC2, which has 412 identified SNV,
41 of which violate the infinite sites assumption (Supplementary Fig. [T]A). An evolutionary history where ~10% of
SNVs occur independently multiple times is highly unlikely, particularly because the majority of these mutations are
not known cancer-causing mutations that may have undergone positive selection. Moreover, the violations cluster
on the tree: 24 of the violations occur on the branch leading to region P3 from the primary tumor, with 18 of these
mutations also occurring on a single branch leading to region P1 from the primary tumor and metastases M1 and M2.
When comparing the distribution of the variant allele frequencies (VAFs) of these 18 mutations to the VAF distribution

of the other mutations, we find a clear indication that P3 is not homogeneous and contains a subclone composed of
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the 18 homoplasy mutations (Supplementary Fig. [TIB). This example clearly demonstrates the differences between
the clone tree and the migration graph and shows that ignoring intra-tumor heterogeneity results in a tree that is
neither representative of the evolutionary relationships between clones/cells nor representative of the migrations of

cells between anatomical sites.

A.3 Metastatic Ovarian Cancer

We run the Sankoff enumeration algorithm (Supplementary Methods) on the reported clone trees of all metastatic
ovarian cancers in [28]. In all cases, the reported vertex labeling is among the enumerated vertex labelings (Supple-
mentary Table[5)). For patients 1, 3 and 7, we find multiple vertex labelings with the same minimum migration number
p* but different comigration number . We also consider the effect of resolving polytomies (Supplementary Table [6)
and find for most patients that this results in fewer migrations than reported. We describe these results in more detail
in the following.

None of the enumerated vertex labelings of patient 1 have comigration number vy,;, = m—1 = 6 and consequently
do not correspond to a single-source seeding (S) pattern. When enforcing an S pattern using the ILP (Supplementary
Methods), we find that with LOv as the primary, ¢ = 15 migrations are required, and that with an ROv primary,
p = 14 are required. This suggests that ROv is a more likely primary under a single-source seeding constraint.
However, by resolving the polytomies in this patient’s clone tree under an S pattern, we find that in both cases only
p = 12 migrations are needed (Supplementary Fig. [(C and D). When allowing for reseeding (R) in the polytomy
resolution, we find that the most parsimonious solution is obtained with LOv as the primary with migration number
p = 11 but with comigration number v = 7 and reseeding between LOv and ROv (Supplementary Fig. [6E).

For patient 3 with m = 8 anatomical sites, the minimum migration number u* = 27 is achieved with both LOv
and ROV as the primary, with 4 and 20 vertex labelings, respectively (Supplementary Table [5). The reported vertex
labeling has comigration number v = 9 with LOv as the primary [28]] (Supplementary Fig. [7B). However, there are
two vertex labelings where the primary is either LOv or ROv, that both achieve the minimum comigration number
Ymin = M — 1 = 7 (Supplementary Fig.[/[C and D). These labelings correspond to a polyclonal parallel single-source
seeding (pPS) pattern, where each metastasis is seeded only once from the primary by multiple comigrating clones.
Since McPherson et al. [28]] do not reconstruct the migration pattern nor analyze the number of comigrations, they
overlook these more parsimonious explanations. When further exploring binarizations, we arrive at fewer migrations
1 = 25 with both LOv and ROwv as the primary (Supplementary Fig.[/E and F).

For patient 7, the authors report a vertex labeling with migration number ¢ = 11. This labeling, however, has
a non-ovarian anatomical site (RUt, right uterosacral ligament) as the primary, which might be unlikely for ovarian
cancer (Supplementary Fig.[8]B). We find that the reported labeling is the only minimum migration labeling with RUt
as the primary (Supplementary Table [5). When using one of the ovaries (LOv or ROv) as the primary, we find for
LOv four labelings with migration number y = 12 and for ROv 32 labelings with migration number p = 13. Among
these, there are multiple labelings that achieve the minimum comigration number vy,i, = 6 (e.g., Supplementary

Fig.[8|C and D). Thus with either of the ovaries as the primary more migrations are required than with an RUt primary.
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The clone tree, however, has four polytomies, whose resolution leads to a migration history with migration number
1 = 11 and comigration number v,;, = 6 for either LOv and ROv as the primary Supplementary Fig. and F).
Moreover, solving the PHM-TR problem with RUt as the primary does not result in fewer than ¢ = 11 migrations
(Supplementary Fig. [B[G). These findings suggest that analysis of the migration history provides no evidence for the
authors’ statement that the primary tumor is located in the right uterosacral ligament (RUt) as opposed to either of the
ovaries (LOv or ROv).

For the remaining patients, we find that polytomy resolution allows for the identification of more parsimonious
migration patterns than reported. For instance, for patient 2 there exists a binarization and subsequent labeling with a
monoclonal single-source seeding (mS) pattern. Moreover, for patients 4 and 9 we can no longer distinguish between
LOv and RO as the primary when resolving polytomies.

Interestingly, in our analyses of the ovarian cancer dataset, where metastasis typically proceeds via the intraperi-
toneal cavity lacking physical barriers, we find large numbers of comigrating clones, while our analyses of the breast,
prostate and melanoma datasets (in the next sections), where metastasis follows the more common mechanisms of
lymphagenous or hematogenous spread, have few numbers of comigrating clones. This suggests that the extent of
comigration may differ depending on the mode of metastatic spread. However, more comprehensive analyses with

larger sample numbers are required to support this hypothesis.

A.4 Metastatic Prostate Cancer

In a seminal paper, Gundem et al. [15] studied the evolutionary history of ten metastatic prostate cancers. The authors
sequenced matched primary and metastasis samples using whole genome sequencing (WGS) technology. Among
the ten patients, the authors concluded that five patients exhibited polyclonal seeding and eight patients exhibited
metastasis-to-metastasis spread. In our nomenclature, a parallel single-source seeding (PS) pattern indicates the ab-
sence of metastasis-to-metastasis spread (Supplementary Table [0). As described in the main text, the presence of a
primary tumor sample is essential for reconstructing the complete migration history. However, only five patients (A10,
A22, A29, A31 and A32) included a sequencing sample from the primary prostate anatomical site (Supplementary
Table[7). We analyze the migration history of these five patients with MACHINA.

Patient A10 has 9472 SNVs distributed over m = 4 anatomical sites. Gundem et al. [|15] identified a clone tree
with nine mutation clusters and upon manual analysis hypothesized that each metastasis of this patient was seeded by
a single clone and that metastasis-to-metastasis spread took place. MACHINA (in PHM-TR mode) resolves a single
polytomy in the reported clone tree and identifies a vertex labeling with a monoclonal parallel single-source seeding
pattern (mPS), migration number p = 3, comigration number v = 3 and seeding site number 0 = 1 (Supplementary
Fig. 9A and Supplementary Fig. [[0A). We thus recapitulate the authors’ finding of monoclonal seeding. However,
in the migration history inferred by MACHINA each metastasis is seeded directly from the primary tumor, which is
an alternative explanation that should be evaluated alongside the metastasis-to-metastasis spread hypothesis reported
by the authors. Careful analysis of the vertex labeling inferred by MACHINA reveals that the ‘gold” mutation cluster

(containing 1218 mutations) is key in distinguishing the two alternative scenarios (Supplementary Fig. [[0JA). For
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a parallel migration pattern this cluster must have originated in the primary prostate tumor, whereas in the case of
metastasis-to-metastasis spread this cluster must have originated in either the periportal or the perigastric lymph node.
Gundem et al. [|L5]] reported a cancer cell fraction (CCF) of 0.4% in the prostate sample of the ‘gold’ mutation cluster.
If this value is accurate then the clone composed of the mutations in the ‘grey’ and ‘gold’ clusters was present in only a
small proportion in the prostate at the time of sequencing and must have seeded both the periportal and the perigastric
lymph node, ruling out metastasis-to-metastasis spread. In case the observed CCF is due to sequencing artifacts and
in reality is 0, the scenario of parallel seeding of the two lymph nodes would imply that the clone containing both the
‘gold‘ and ‘grey‘ mutation clusters must have become extinct in the prostate, whereas the existence of such an extinct
clone is not required in the case of metastasis-to-metastasis spread. These considerations must be taken into account
before drawing conclusions regarding the mode of seeding. Thus, Gundem et al.’s finding of metastasis-to-metastasis
spread for this patient is not conclusive.

Patient A29 has 8275 SNVs in m = 2 anatomical sites. MACHINA finds a vertex labeling with migration number
p = 1, comigration number v = 1 and seeding site number ¢ = 1 (Supplementary Fig. [OB), thus confirming the
authors’ finding of monoclonal parallel single-source seeding (mPS).

Patient A31 has 4852 SNVs in m = 5 anatomical sites. Gundem et al. [15]] identified a clone tree with ten
mutation clusters and hypothesized that polyclonal seeding and metastasis-to-metastasis spread have taken place for
this patient. MACHINA (in PHM-TR mode) resolves three polytomies in the reported clone tree and finds that the
most parsimonious vertex labeling has migration number ¢ = 10, comigration number v = 4 and seeding site number
o = 2, corresponding to a polyclonal single-source seeding (pS) pattern (Supplementary Fig.[9C and Supplementary
Fig.[I0B). Although a pPS pattern requires two more migrations (¢ = 12) for this patient (Supplementary Fig. OD),
the presence of the ‘dark green’ and ‘light blue’ mutation clusters in the prostate—with CCFs of 6.4% and 1.2%,
respectively—indicate that parallel seeding of all metastases from the primary is a likelier explanation than metastasis-
to-metastasis spread.

Patient A32 has 9388 SNVs in m = 6 anatomical sites. The authors identified a clone tree with 12 mutation
clusters, and upon manual analysis hypothesize that several metastases of this patient were seeded polyclonally via
a metastatic cascade. Indeed, we find that the most parsimonious vertex labeling has migration number y = 7,
comigration number v = 5 and seeding site number ¢ = 2 and corresponds to a polyclonal multi-source seeding
(pM) migration pattern with metastasis-to-metastasis spread (Supplementary Fig.[OE). Under a parallel single-source
seeding (PS) constraint (defined in Section [B.2) we find a polyclonal parallel single-source seeding (pPS) migration
history with a single additional migration (1 = 8), comigration number v = 4 and seeding site number o = 1 (Supple-
mentary Fig. OF and Supplementary Fig.[I0C). This alternative migration history with only one additional migration
must be taken into account when deciding whether metastasis-to-metastasis spread took place, especially given that
minimum-migration labeling follows a complex polyclonal multi-source seeding pattern. Similarly to patient A10,
there is a single mutation cluster whose presence in the primary prostate tumor would allow one to definitively rule out
metastasis-to-metastasis spread (Supplementary Fig. [I0[C). This is the ‘light blue’ cluster; Gundem et al. [15] report

a CCF of 0.3% in the prostate for this cluster. Thus, targeted sequencing of the mutations in the ‘light blue‘ cluster
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would be highly informative. Note that even if targeted sequencing fails to establish the presence of this clone in the
primary tumor, parallel seeding might still be an explanation for this patient. In this case, the reason for not observing
the clone could be either extinction of the clone or insufficient sequencing resolution.

Finally, patient A22 has 10262 SNVs in m = 10 anatomical sites. Using the clone tree reported by the authors,
MACHINA finds that the most parsimonious vertex labeling for this patient has migration number p = 26, comigration
number v = 12 and seeding site number ¢ = 5, corresponding to a polyclonal reseeding (pR) pattern (Supplementary
Table[7). Enforcing a parallel single-source seeding (PS) migration pattern results in 10 more migrations. Contingent
on the accuracy of the reported clone tree, this finding indicates that metastasis-to-metastasis may have likely taken
place for this patient.

In summary, while MACHINA’s results show complete agreement with Gundem et al. [[15]] in concluding polyclonal
seeding, we find that for three patients (A10, A31 and A32) a scenario of parallel seeding of all metastases from the

primary tumor is also consistent with the data.

A.5 Metastatic Melanoma

To study whether migration in melanoma follows a serial progression from primary tumor to regional metastases
to distant metastases, Sanborn et al. [44]] performed whole exome sequencing on matched primary and metastases
from eight patients with metastatic melanoma. More specifically, the authors aimed to find evidence for the seeding of
multiple distinct anatomical sites from the primary tumor, likely ruling out a serial progression. In addition, the authors
aimed to detect polyclonal seeding of anatomical sites by identifying mutations that are subclonal in distinct metastatic
sites. Two patients were found to have polyclonal-seeded metastases and non-serial progression was concluded for
six patients. We use MACHINA to analyze the migration history of the six patients reported to have a non-serial
progression (Supplementary Table g).

We only consider SNVs that occur in copy-neutral regions and cluster these using the AncesTree clustering al-
gorithm [8]], described in Section [A.1.2] We exclude patient H from our analysis due to the absence of copy-neutral
SNVs. By solving the PMH-TI problem, MACHINA finds that only patients C and E have undergone polyclonal seed-
ing, in agreement with [44]. MACHINA infers a parallel single-source seeding (PS) pattern for patients A, C, D and F,
and infers a migration history with 0 = 2 seeding sites and migration number p = 5 for patient E. These findings are

in line with the conclusion of the likely absence of serial progression by Sanborn et al. [44]].

A.6 Metastatic Breast Cancer

Hoadley et al. [[19] restricted their analyses to single-nucleotide variants (SNVs) that occur in copy-neutral regions.
The authors used SciClone [30] to cluster mutations with the same variant allele frequency (VAF) across all anatomical
sites. We correct the reported cluster assignments of mutations 47 and 81, as described in Supplementary Table[I] We
use the reported mutation clusters to infer confidence intervals on the frequency of cells containing the mutations

present in a cluster. We do this by viewing variant reads as draws from a binomial distribution similarly to SciClone.

16



More specifically, let C' be a mutation cluster and let v ; and 75 ; denote, respectively, the number of variant and
reference reads of SNV ¢ € C' in anatomical site s. Assuming a uniform prior on the true frequency of cluster C
leads to a beta posterior distribution given the observed variant and reference read counts of the mutations present in
cluster C, i.e. Beta (1 + ZiEC’ Vs,iy 1+ Zz’EC rs,i). For each mutation cluster C' and anatomical site p, we use the
Bonferroni correction to infer confidence intervals | f; o f; | on the posterior distribution such that the family-wise
type-I error rate is 1 — o = 5%. That is, given m = 6 samples, n = 10 mutations clusters and o = 0.95, we use a
confidence of

1 _
1— —% ~99.92%.
mn

Multiplying each interval | f; o f;r o] by 2 yields frequency matrices (F—, F't).

Patient A7 Patient A7 has m = 6 anatomical sites, including the breast primary and five metastases from the brain,
kidney, liver, lung and rib. The authors identified 478 SNVs that occur in copy-neutral genomic regions. These SNV
were clustered into 10 clusters using SciClone [30] (Supplementary Fig. JJA). SPRUCE finds two different mutation
trees that differ in their ordering of mutation clusters 3 and 5 (Supplementary Fig. 2JB). One of the mutation trees,
denoted by T, corresponds to the mutation tree reported by the authors. The authors conflated mutation clusters and
clones, and erroneously inferred a clone tree from T by assigning an anatomical site to each mutation cluster if the
corresponding VAF was greater than 0. This yielded a clone tree with 22 extant clones (Supplementary Fig. 2C). By
manually assigning anatomical sites to internal vertices and resolving polytomies, Hoadley et al. [19] inferred two
distinct migration histories: (i) a polyclonal multi-source seeding (pM) history with migration number ¢ = 12 and
comigration number v = 6 (Main Text), and (ii) a polyclonal single-source seeding (pS) with ¢ = 15 and v = 5
(Supplementary Fig. ). By running MACHINA to solve the PMH-TI problem given (F'~, F+) and either of the
mutation trees, we arrive at parsimonious monoclonal single-source seeding (mS) histories with fi;,;, = 5 migrations
and ymin = 5 comigrations (Supplementary Fig. 2E). Note that for both mutation trees there is ambiguity in the order
of migrations between between kidney and liver, relative to the lung metastasis (2JF).

We ran Treeomics, with and without subclone detection enabled, given the variant allele frequencies of patient
A7. In both cases, Treeomics infers a phylogenetic tree that contains only a single clone for each anatomical site
(Supplementary Fig. [2JG). This apparent homogeneity of the metastases might be an artifact of the discretization of
the variant allele frequencies in the Treeomics algorithm. As the migration history of this patient most likely follows
an mS pattern, the clones in each metastatic site will correspond to a single clade. Therefore, the discretization step
will not result in violations of the infinite sites assumption and subsequently Treeomics will not invoke the subclone
detection heuristic (which, in fact, is a variation of the split row operation described in [[18]]). We observed the same
phenomenon in all simulated mS instances, where no subclones were detected in the metastases by Treeomics.

We provide the method by McPherson et al. 28] the clone tree that MACHINA inferred from the reported mutation
tree (leftmost tree in Supplementary Fig. 2B). This clone tree has two polytomies (Supplementary Fig. 2E). Since
the McPherson et al. method [28|] only considers the migration number x4 and does not resolve polytomies, it is

unable to infer the mS migration history with migration number 4 = 5 identified by MACHINA (Supplementary
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Fig. 2F). Instead, it infers monoclonal multi-source seeding (mM) migration patterns with one additional migration

(Supplementary Fig. [12).

Patient A1 This patient has m = 5 anatomical sites, including the primary breast tumor and four metastases from the
lung, spinal, adrenal glands and liver. The authors report 329 copy-neutral SNVs, distributed over 9 mutation clusters
(Supplementary Fig. [I3]A). SPRUCE [9] finds four different mutation trees that differ in the ordering of mutation
clusters 4, 6 and 7 (Supplementary Fig. [[3B). Two of the four mutation trees correspond to mutation trees inferred by
the authors using ClonEvol [6]]. Hoadley et al. [[19] infer a polyclonal parallel single-source seeding (pPS) migration
history with migration number 1 = 13 and comigration number yyin = 4 (Supplementary Fig. [I3[C). By jointly
analyzing the cell division, mutation and migration history we infer, for each of the four mutation trees, clone trees that
admit migration histories with migration number p = 6 and comigration number y,in = 4 (Supplementary Fig.[I3D).
These results provide a more parsimonious explanation of the history of this metastatic cancer than previously reported
in [19].

Treeomics identifies a clone tree that misses two subclones in the breast and the adrenal samples (Supplementary
Fig. [[4A). This is a likely consequence of the VAF discretization step in Treeomics. In the breast sample, the dis-
cretization incorrectly removes a cluster of 48 mutations; the presence of this cluster is supported by the number of
variant read of the comprising mutations (Supplementary Fig. [I4B). On the other hand, in the adrenal sample, there
are two mutation clusters that have distinct VAFs, one of which with the aforementioned 48 mutations; this informa-
tion is lost upon discretization (Supplementary Fig. [[4B). Consequently, the minimum migration history of the clone
tree inferred by Treeomics misses the polyclonal seeding of the adrenal metastasis (Supplementary Fig. [T4C). The
method employed by McPherson et al. [28] identifies the same migration graph when given the clone tree inferred by

MACHINA.

B Methods

In Section we define the various mathematical concepts that we use for analyzing the migration history of a
metastatic cancer. Next, we introduce in Section[B.2]the three problem statements for (1) inferring a migration history
given a clone tree (PMH), (2) refining polytomies in a given clone tree using the migration history (PHM-TR), and
(3) inferring the clone tree and migration history jointly given mutation frequencies from bulk sequencing data (PMH-
TD). Finally, in Section[B.3|we describe MACHINA (Metastatic And Clonal History INtegrative Analysis), an algorithm
that solves the three problems and provides a framework for comprehensively analyzing the cell division, mutation

and migration history of metastatic cancers.

B.1 Preliminaries

We start by introducing notation that we use throughout the manuscript. Let T" be a rooted tree with vertex set V (T')

and edge set E(T"). We further split the vertex set V (T') into a leaf set L(7T') and internal vertex set (7). Vertex r(T')
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denotes the root of 7. We denote the children of a vertex u by dr(u). We write u < v if and only if vertex v is
reachable from vertex u, and we write u <7 v if and only if v # v and v is reachable from v. We denote by T;, the
subtree of 7" rooted at vertex v.

We consider a metastatic cancer composed of n mutations that are present in clones from m distinct anatomical
sites denoted by X. The primary tumor, denoted by P € X, is the origin of the tumor. The mutation tree T describes

the mutation history of the metastatic cancer and is formally defined as follows.
Definition 1. A mutation tree T is an edge-labeled rooted tree whose n edges are labeled uniquely by mutations [n).

Requiring each mutation to label at exactly one edge of the mutation tree is known in population genetics as the
infinite sites assumption, or in phylogenetics as the perfect phylogeny condition [16]]. This assumption states that

a mutation only occurs once throughout the entire history of a tumor and is never lost. Since the root vertex r(7T')
corresponds to a normal cell, we have that 7(T') has state O for every character/mutation i € [n]. According to the
clonal theory of cancer [34]], we have that all tumor cells are descendant from the same tumor cell, i.e. we require
|6(r(T))| = 1. Each vertex v; € V(T) \ {r(T)} corresponds to a unique mutation i € [n] that labels the incoming
edge of v;. As such, each vertex v; € V(T defines a clone that is composed of the mutations that label the edges of

the unique path from v; to the root 7(T). A mutation tree T’ does not assign clones to anatomical sites. To that end,

we define a clone tree T" as follows.

Definition 2. A clone tree T is a rooted tree whose leaves are labeled by anatomical sites Y. via the function
¢: L(T) — X such that for each anatomical site s there exists a leaf u labeled by {(u) = s. The edges of T are
labeled via the function A : E(T) — [n] U {L} such that for each mutation i € [n] there is exactly one edge (u,v)

where \(u,v) = i. Edges labeled by | do not introduce a new mutation.

A clone tree T" describes the cell division and mutation history of the clones currently present in anatomical sites X..
One infers a clone tree 1" using specialized phylogenetic inference techniques from tumor sequencing data [7H9,[21}
2211261133]35,/40,48L52]]. Note that multiple regions from a single anatomical site may be sequenced, and doing so may
improve the accuracy of the inferred clone tree. The leaves L(T') of the clone tree T are the extant clones of the tumor
and each leaf u € L(T) is labeled by the anatomical site ¢(u) in which it occurs. The internal vertices V' (T") \ L(T')
are the ancestral clones. Each directed edge (u,v) € E(T) is labeled by the somatic mutation A(u, v) that distinguish
clone v from clone u. Note that each clone tree T' corresponds to a unique mutation tree 7' obtained by condensing
all unlabeled edges of 7. We will elaborate on this in Section [B.2.2] Unless explicitly mentioned, we omit the edge
labeling of T in the following.

While the clone tree describes the lineage of the clones according to cell divisions and mutations, it does not
directly describe the migration history of the clones of a tumor. To describe the migration history, we need to assign

each internal vertex v an anatomical site £(v) € X.

Definition 3. Let T be a clone tree on anatomical sites S with leaf labeling {. The vertex labeling ¢ : V(T) — X
extends { to all vertices of T such that ((r(T)) = P and {(u) = {(u) for all leaves u.
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We call a clone-tree edge (u, v) a migration edge provided ¢(u) # £(v). We model the migration patterns, i.e. the
origin and destination anatomical site of each migration, by a directed multigraph called the migration graph, which

is formally defined as follows.

Definition 4. A migration graph G on anatomical sites ¥ is a connected, vertex-labeled directed multigraph whose

m = || vertices are in I-1 correspondence with ..

We denote the edge multiset of G by E(G). As such, E(G) may contain multiple edges (s,t)—all such occur-
rences combined form a multi-edge.

Migration patterns, as described by the migration graph, can be distinguished in two different ways. First, by the
number of clones that migrate between two anatomical sites, i.e. only a single clone migrates in the case of monoclonal
seeding (m), whereas multiple clones migrate in the case of polyclonal seeding (p). Second, by the topology of
migrations: with parallel single-source seeding (PS) all migrating clones originate from the primary P, with single-
source seeding (S) all the clones that migrate to an anatomical site originate from the same source anatomical site,
whereas they have multiple origins with multi-source seeding (M), and with reseeding (R) clones migrate back and
forth between anatomical sites. Supplementary Table [9]shows the different migration patterns.

Each vertex labeling ¢ of a clone tree T' determines the migration graph G. That is, each migration edge (u,v) in
T, with £(u) # ¢(v), corresponds to an edge (¢(u), ¢(v)) in G. There exist many different vertex labelings ¢ of a clone
tree 7', yielding different migration graphs (Supplementary Fig. [20), which we distinguish by the migration number

(T, £), the comigration number (7', £) and the seeding site number o (T, £), defined in the following sections.

B.1.1 Migration Number p(T, ¢)

Given a clone tree T" and vertex labeling ¢, we define the migration number p(T, £) as the number of migration edges,
ie.

w(T,0) = [{((u,v) € E(T) | £(u) # £(v)}]- (5)

Equivalently, the migration number 1(T', £) is the number |E(G)| of edges of G. Since each of the m — 1 metastases

must be seeded, we make the following observation.
Observation 1. The migration number (T, £) is at least pipin = m — 1.

We note that the case of nin = m — 1 migrations corresponds to monoclonal single-source seeding (mS), where
every metastasis is seeded by a single migrating clone. Not every clone tree admits a vertex labeling with migration
number fimin (Supplementary Fig.[20). The following proposition presents a necessary and sufficient condition for the

existence of a labeling with migration number fiyip.

Proposition 1. Ler v(s) be the lowest common ancestor of all leaves labeled by anatomical site s # P, and let v(P)
be r(T). Then, a clone tree T with leaf labeling { has a vertex labeling (* with migration number (T, {) = jimin if
and only if for all distinct anatomical sites s,t and clone-tree leaves u,v where {(u) = s and £(v) = t the paths from

v(s) to w and from v(t) to v are vertex disjoint.
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Proof. (=) Let £* be a vertex labeling of T' with migration number p(7, £*) = fimin. Consider two distinct clone-tree
leaves u, v such that £*(u) = s, £*(v) = t and s # t. Assume for a contradiction that the paths from v(s) to u and from
v(t) to v overlap at clone-tree vertex w. We claim that £*(v(s)) = s and £*(v(t)) = t, as otherwise (T, £*) > tmin-
Thus, it holds that £*(w) = s and £*(w) = t. However, s # t, which is a contradiction. Hence, the paths from v(s) to
w and from v(t) to v are vertex disjoint.

(<) We show constructively how to obtain a valid clone-tree vertex labeling ¢* from v given that for all distinct
anatomical sites s, € Y and clone-tree leaves u,v € L(T) such that /(u) = s and {7 (v) = t the paths from v(s) to u
and from v(¢) to v are vertex disjoint. For each clone-tree vertex v € V(T'), set £*(u) = s if v(s) is the first clone-tree
vertex encountered on the unique path from u to #(7T"). We claim that £* is a vertex labeling of T" subject to the two

conditions of Definition 3l
1. By definition of v, we have that v(P) = r(T") and thus ¢*(r(T")) = P.

2. Suppose for a contradiction that there exists a clone-tree leaf u such that £*(u) # (u). Let £(u) = s. Now, by
definition of v, it holds that v(s) = u. Let £*(u) = t. Note that by the premise that t # s. By construction, it
holds that v(¢) < u. Since T is a tree, it must hold that either v(s) < v(t) < wor v(t) < v(s) = w. Either
case would be a contradiction with the fact that the paths from v(s) to u and from v(t) to v are vertex disjoint.

Hence, ¢*(u) = £(u) for all clone-tree leaves w.

By construction of ¢*, we have that T'[{u € V/(T') | £*(u) = s}] is connected for each anatomical site s. Thus, £* has

migration number fiyi, = m — 1. O

Note that the above condition can be checked in polynomial time. In the main text we described that a clone
tree may admit many vertex labelings with the same minimum number of migrations but with very distinct migration

graphs. To distinguish such vertex labelings, we consider additional objective functions.

B.1.2 Comigration Number (T, ¢)

Given a clone tree T" and vertex labeling ¢, a comigration is a subset of migration edges between the same anatomical

sites that occur on distinct branches in the clone tree.

Definition 5. Given a clone tree T and vertex labeling ¢, a comigration is a subset X C E(T') of edges that (1) occur
on distinct branches of T, and (2) there exist distinct anatomical sites s # t such that {(u) = s and £(v) = t for each

(u,v) € X.

Note that a comigration may consist of just a single migration edge. The comigration number (T, £) is the size of
the smallest partition of migration edges into comigrations. Equivalently, one can determine (7, ¢) by counting the

number (s, t) of comigrations between distinct anatomical sites s # ¢:

(T, 0) = ZW(sﬂt)' (6)

s#t
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The number (s, t) of comigrations between distinct anatomical sites s # ¢ is the maximum number of migration
edges (u, v) with £(u) = s and ¢(v) = t that are on the same path of T starting from the root r(7T').
If G does not contain a directed cycle then every path in T starting at »(7") contains at most one migration edge

(u, v) labeled by the same sites £(u) = s and £(v) = t. The following observation thus follows.

Observation 2. If G does not contain a directed cycle then the comigration number (T, 0) equals the number of

multi-edges in G, i.e. y(T, L) = |{(s,t) € E(G)}|.

Supplementary Fig. [21|shows an example where G has a directed cycle and the comigration number (7', ¢) does
not equal the number of multi-edges of G.

Since every comigration is composed of at least one migration, we make the following observation.
Observation 3. The comigration number (T, £) is at most the number (T, £) of migrations.

Since there are m — 1 metastases that each must be seeded, we note the following.
Observation 4. The comigration number (T, £) is at least Ymin = m — 1.

The case where each metastasis is seeded by a single comigration results in the migration graph G being a multi-

tree, as noted in the following observation.

Observation 5. Letr G be the migration graph of a vertex labeling £ and clone tree T. Then, ¥(T,£) = ~Ymin = m — 1

if and only if G is a multi-tree.

Vertex labelings with vy,;, comigrations correspond to single-source seeding (S) migration patterns. There always

exist such vertex labelings with ~y,;,, comigrations, as noted in the following.

Observation 6. Let { be a vertex labeling of a clone tree T such that {(u) = P for every internal vertex u. Then,

’y(T, f) = Ymin-

From Proposition[Tjand Observation[3] the following result follows for the case of clone trees T" with homogeneous

anatomical sites, i.e. where each anatomical site is composed of a single clone.

Proposition 2. A homogeneous clone tree has a vertex labeling with migration number [i,i, and comigration number

Ymin-

Recall that in Section[A.2]we described that many analyses of metastatic cancers in the literature are based on the
implicit assumption that samples are homogeneous, and derive a sample tree using standard phylogenetic techniques.
If in addition only one sample were taken from each anatomical site then the above result implies that there exist a
vertex labeling of the sample tree with a monoclonal single-source seeding (mS) pattern, migration number (i, and

comigration number Vi .
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B.1.3 Seeding Site Number o (7', ()

We now introduce a third objective, the seeding site number o (7, ¢). A seeding site is an anatomical site s that is a
source of migrations, that is, there exists a migration edge (u, v) where ¢(u) = s. Thus, the number o (T, £) of seeding
sites is defined as

o(T,0) = |{s € X|3(u,v) € E(T): £(u) = s,L(v) # s}. (7)
With m > 1 anatomical sites, the number of seeding sites must be at least 1.
Observation 7. The seeding site number o (T, £) is at least omin = 1.

Since the clone-tree root r(T") must be labeled by the primary P (Deﬁnition, we make the following observation.

Observation 8. Ler G be the migration graph of a vertex labeling { and clone tree T. Then, o(T,{) = opin = 1 if

and only if G is a multi-tree where only the vertex corresponding to anatomical site P has out-degree greater than O.
Combining the above result with Observation[5} we obtain the following proposition.

Proposition 3. If o(T',0) = omin = 1 then y(T',£) = Ypin = m — 1.
We extend Observation 4] to include the number of seeding sites.

Observation 9. Let ¢ be a vertex labeling of a clone tree T such that {(u) = P for every internal vertex u. Then,

Y(T,£) = ymin and (T, £) = omin.

Supplementary Table 9] shows that the different scores distinguish different migration patterns.

B.2 Problem Statements
B.2.1 Parsimonious Migration History

The first problem we tackle is that of inferring a migration history (vertex labeling) given a clone tree. As mentioned,
there are many different objective functions one could use to score a vertex labeling. From Observation [J]it follows
that labeling every internal vertex u of 7" by P results in the minimum comigration number ¥y, = m — 1 and the
minimum seeding site number o,;, = 1. Thus, as an objective it makes sense to consider the migration number
(T, ) first. Based on Proposition 3] ties must be broken by considering the comigration number (7', ) followed by
the seeding site number o (7, ¢). The Parsimonious Migration History (PMH) problem adheres to this prioritization of

the different objectives.

Problem 1 (Parsimonious Migration History (PMH)). Given a clone tree T, find a vertex labeling ¢ with the minimum
migration number (T, ) = p*(T) and subsequently the smallest comigration number (¢, T) = 4(T) and smallest

seeding site number o (£, T) = 6(T), where

Y(T) = min T/ and o(T
AT) Z:M(T,é):u*(T)PY( ) (T)

o(T, 0). (8)

= min
£ p(T,0)=p*(T),v(T,6)=4(T)
The resulting migration graph G is (1) restricted to an PS pattern, or (2) restricted to either an PS or S pattern, or

(3) restricted to an PS, S or M pattern, or (4) unrestricted.
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B.2.2 Parsimonious Migration History with Tree Refinement

A clone tree is a coarse-grained representation of a cell tree, whose vertices are cells and directed edges relate parental
cells to the their daughters. As the division of a cell results in two daughter cells, the cell tree is a rooted full binary
tree, i.e. every internal vertex has out-degree 2 (Supplementary Fig.[22). Direct observation of the cell tree is nearly
impossible as longitudinal high-fidelity measurements of somatic mutations in large numbers of single tumor cells is
a huge technical challenge [31]]. Conceptually, given a set X of mutations, collapsing all vertices of the cell tree with
the same subset X’ C X of mutations yields the clone tree. In practice, we infer a clone tree given measurements of
only the extant clones. As such, the resulting clone tree will typically be non-binary and contain many polytomies, i.e.
vertices with out-degree greater than 2 that reflect the uncertainty in the ancestral relationships of their children. We
may refine polytomies by analyzing a non-binary clone tree in light of the migration history.

We start by defining two operations that can be performed on any clone tree 7": SPLIT(u) and CONTRACT(u, v).
The operation SPLIT(u) takes as input a vertex u of T" such that |§(u)| > 2 and transform T into 7" by introducing
a new vertex v/, an edge (u,u’) labeled by A(u,u’) = L and between 2 and |6(u)| — 1 children of u are moved to
u’. On the other hand, the operation CONTRACT(u, v) takes as input an edge (u,v) of T such that v ¢ L(T') and
A(u,v) = L. This operation results in a new clone tree 7" through the reassignment of the children §(v) of v to u,
and the removal of edge (u, v) and vertex v. Since in a canonical clone tree T(T,U) the only edges labeled by L are
incoming to leaves, the CONTRACT operation cannot be applied to T(T,U)- We write T' ~ T if T' can be obtained
from T through a sequence of zero, one or multiple SPLIT and CONTRACT operations (Supplementary Fig. 2?). A
refinement T is a clone tree obtained from 7' through a sequence of (zero or more) SPLIT operations. We have the

following problem.

Problem 2 (Parsimonious Migration History with Tree Refinement (PHM-TR)). Given a clone tree T, find a refine-
ment T' of T and vertex labeling £ of T' with the minimum migration number (T, 0) = p*(T") and subsequently
the smallest comigration number v(T",¢) = 4(T") and smallest seeding site number o (T’ £) = 6(T"). The resulting
migration graph G is (1) restricted to an PSS pattern, or (2) restricted to either an PS or S pattern, or (3) restricted

to an PS, S or M pattern, or (4) unrestricted.

Since in a refinement 7" of T all internal vertices with out-degree 1 are retained, we have the following proposition,

which states that tree refinement does not lead to worse solutions for the migration history.

Proposition 4. Let T’ be a refinement of T and let { be a vertex labeling of T. Then, there exists a vertex labeling ('
such that (1T, €),7(T, ), 0 (T, 0)) = (u(T", '), A(T", '), o(T", ),

Proof. We define

and claim that

(M(Ta Z)v ’Y(Tv Z)’ U(T» f)) = (M(Tlv K/)a ’Y(Tla gl)’ O'(Tla gl))
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We show that u(T,¢) = u(T',¢) and o(T,¢) = o(T',¢') by showing that there exists a bijection between the
migration edges of 7" and the migration edges of 7”. More specifically, let Y C E(T') be the subset of migration edges
inT and let Y’ C E(T") be the subset of migration edges in 7”. We define the function £ : Y' — Y such that

§u,0") = (B(u'), B(v")).

We claim that ¢ is a bijection. To see this, let (u,v) € Y be a migration edge of T". Consider the subtree T}, of T’
as defined previously, and let v’ be the root of this subtree and v’ its parent. Now, v’ must be in the tree T,. Thus,
B(u') = wand B(v") = v. Hence, £(v/,v") = (B(u), B(v")) = (u,v). Moreover, ¢'(u") = ¢(S(u’)) = ¢(u) and
(V') =£(B(v")) = £(v). Therefore (u’,v’) is a migration edge in 7".

It remains to show that (7, £) = (7", ¢'). By construction, we have that v’ <7 v’ if and only if S(v’) <1 S(v').
Thus, the order of the migration edges in 7" is respected in T' by &. Hence, v(T,¢) = v(T",¢') and o(T,¢) =
a(T',0). O

B.2.3 Parsimonious Migration History with Tree Inference

In this section we introduce the problem of jointly inferring parsimonious clone trees and migration histories from
bulk measurements of a metastatic cancer. We start by reviewing our previous results on clone tree inference from
bulk samples [[8], where we made the infinite sites assumption. This assumption assumes the absence of homoplasy
and requires that a mutation only occurs once and is never lost. This is a reasonable assumption considering the length
of the human genome and underlies many published methods for tumor phylogeny inference [7-9}21,122,1261/33}[35}
40,48L/52]. As a consequence of the infinite sites assumption, each edge of a mutation tree 7" is labeled uniquely by
a mutation from [n] = {1,...,n}. We represent a mutation tree 7 by an n x n binary matrix B called the mutation

matrix, which is defined as follows.

Definition 6 ([8]). A matrix B € {0,1}"*" is a mutation matrix provided:
1. There exists exactly one r € [n], corresponding to the founder mutation, such that . ; b, ; = 1.
2. Foreach j € [n] \ {r} there exists exactly one i € [n] such thatb; C b; and > ;' (bj; —b;;) = 1.
3. b;; =1foralli€ [n]

We note that there is a 1-1 correspondence between the set B,, of mutation matrices and the set T,, mutation trees

on n mutations, and refer to [8]] for additional details.
Lemma 1 ([8]). There is a 1-1 correspondence between T,, and B.,,.

Most cancer sequencing studies consider one one or more bulk samples from m anatomical sites. Let k& be the
total number of sequenced samples. We denote with o (s) the set of samples taken from anatomical site s. Since each
bulk sample p is a mixture of thousands to millions of cells, we do not directly observe a mutation tree 7' (or mutation
matrix B). Instead, we measure various quantities that allow us to infer an k x n frequency matrix F = [f, ;] whose

entries f, ; describe the frequency of cells in sample p that harbor mutation 4 [9].
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Definition 7 ([8]). An k x n matrix F = [f, ;] is a frequency matrix provided 0 < f,; < 1 for each sample p and

mutation i. Moreover, for each mutation i there exists a sample p such that fy, ; > 0.

Given a mutation tree T, we describe the clonal composition of all samples by an k x n mixture matrix U, defined

as follows.

Definition 8 ([8]). An k x n matrix U = [up,;] is a mixture matrix provided w,; > 0 and 3 ; up; < 1 for all

samples p.

Frequency matrix F' follows directly from mixture matrix U and mutation matrix B, as stated in the following
equation.

F=UB. 9)
We have the inverse problem.

Problem 3 (Tree Inference Problem). Given frequency matrix F infer mixture matrix U and mutation matrix B such

that F = UB.

The infinite sites assumption, used in the definitions of mutation matrix B and mutation tree 7', leads to the

following two important results.

Lemma 2 ([8])). Given frequency matrix F' and mutation matrix B, matrix U = [u,, ;] with entries

Up,j = fpj — Z o (10)

v €6(vj)

is the unique matrix U such that F' = U B.

Not every mutation matrix B yields a mixture matrix U with nonnegative entries given F'. In previous work, we
proved that nonnegativity is a necessary and sufficient condition for solutions to the Frequency Matrix Factorization

problem [8].

Lemma 3 ([8]]). Given frequency matrix F, a mutation matrix B admits a mixture matrix U if and only if

foi= D> o (SO)

v; E€6(v;)

for each mutation i and sample p.

Thus, the set of extant clones and their anatomical sites is fully determined given a frequency matrix F' and a
mutation tree T (mutation matrix B). We say that a mutation matrix B (or equivalently mutation tree T') generates
frequency matrix F'if and only if there exists a mixture matrix U such that F' = U B. While there is a unique U for a
given mutation matrix B (mutation tree 7)), the problem of finding a mutation matrix given F is underdetermined, i.e.
multiple mutation matrices B may explain the observed frequencies F' [9]]. On the other hand, the problem of deciding
whether there exists a mutation matrix B (or mutation tree T') given F is NP-complete [8]. Supplementary Fig.

summarizes the results of this section.
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Clustering Mutations There is extensive uncertainty in the measurements used to obtain F'. We model the uncer-
tainty of the frequencies F' by considering confidence intervals denoted by F~ = [f;,] and F* = [f]]. Given
frequency intervals F'~ = [f.,], F+ = [fJ,] and a mutation matrix B = [b; ;], there may be many mixture matrices

U = [us, ;] such that

D ueybii € [fop 15
7

Thus, a given mutation matrix B may correspond to different mixture matrices U that assign different complements
of extant clones to anatomical sites. We propose to deal with this ambiguity by jointly inferring parsimonious clone

trees and migration histories.

Problem 4 (Parsimonious Migration History with Tree Inference (PMH-TI)). Given a mutation tree T, whose vertices

v; are labeled by intervals [f, :r ;| for each anatomical site s, find an assignment F= [ f“] of frequencies such that

fsi € o £ and
fs,i > Z fs,j (SC)

v; E€6(v;)
for each vertex v; and anatomical site s, and the resulting clone tree T admits a refinement T' and vertex labeling ¢
with the minimum migration number p(T', 0) = p*(T") and subsequently the smallest comigration number ~(T' {) =
A(T") and smallest seeding site number o(T',0) = 6(1"). The resulting migration graph G is (1) restricted to an PS

pattern, or (2) restricted to either an PS or S pattern, or (3) restricted to an PS, S or M pattern, or (4) unrestricted.

Note that multiple mutation matrices may be compatible with the observations (F~, F*). Thus, we must solve
the above problem for each mutation matrix B that explains the observations (F~, F'T). These mutation matrices may
be inferred using our enumeration algorithm SPRUCE [9].

Since we only sequence a tiny subset of all the reads that are present in a bulk sample, we typically do not have the
resolution to infer the ancestral relationships of every pair ¢, j of mutations. Specialized clustering algorithms have
been proposed to groups of mutations with similar frequencies into mutation clusters [30,{41143}/53]]. Importantly, a
mutation cluster does not correspond to a clone but corresponds to an edge label of a mutation tree (Supplementary
Fig. . Application of these clustering algorithms yields frequency interval matrices (F'~, F'") whose columns corre-
spond to mutation clusters rather than individual mutations. The problems that we introduced in the last two sections

extend trivially to mutation clusters.

B.3 MACHINA
B.3.1 Unconstrained Parsimonious Migration History Problem

As noted by McPherson et al. [28]], finding a vertex labeling ¢ of a clone tree 7" with the minimum migration number
w(T,¢) = p*(T) is an instance of the small phylogeny problem under a maximum parsimony objective with a single
character, and can be solved in polynomial time with the Sankoff algorithm [45]]. In particular, the recurrence M [u, s]

yields the minimum number of state transitions, or the minimum number of migrations, when clone-tree vertex w is
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assigned anatomical site s, and is defined as

, ifu e L(T) and £(u) # s,
Mlu,s] = €0, if u e L(T) and £(u) = s, (11)

> vesw mintes{cs s + M(v, ]}, ifu g L(T)

where ¢,y = 0if s = ¢ and ¢,y = 1 otherwise. Since the root vertex r(T) must be labeled by P, the minimum
migration number p*(7') is given by M [r(T'), P]. We note that the entries of M can be computed using dynamic
programming bottom-up from the leaves of 7' (Algorithm [2). To compute all minimum-migration labelings, we
store for each vertex-anatomical site pair (v, s) the set A(v, s) composed of all pairs (w,t) where w € §(v) and
t = argmingesn{cs: + Mv,t]}.

We now describe how to adapt the backtrace step of the Sankoff algorithm to enumerate all vertex labelings that
have p*(T') migrations. The idea is to maintain a frontier H, which is a queue, composed of vertex-anatomical site
pairs (v, s) that lead to a minimum-migration labeling. Initially, we set H = {(r(T), P)}. Then, at every iteration we
remove the first pair (v, s) from the queue H and set £(v) = s. Next, we make a copy of H called H’' from which we
remove all pairs (w, t) where ¢t = s. In addition, we add all pairs in A(v, s) to the front of H'. We record whether we
actually removed entries from H' and then recurse. To avoid enumerating duplicate labelings, we empty the queue if

no entries were removed from H’. We report a labeling whenever H is empty (Algorithms|1|and .

Algorithm 1: SANKOFF(T', %, ¢)
Input: Clone tree 7" with anatomical sites 3 and leaf labeling ¢.

Output: All vertex labelings ¢ of T with the minimum migration number p(T', ¢) = p*(T).
1 M+ 0
2 SOLVE(T, X, ¢, M,r(T))
s H « {(r(T), P)}
4 BACKTRACE(T, M,A, H,?)

B.3.2 Constrained Parsimonious Migration History Problem

The Sankoff algorithm, presented in the previous section, solves the unconstrained PMH problem, i.e. among the
enumerated vertex labelings with migration number p*(7") return those labelings with the comigration number 4(7")
and seeding site number 6(7"). As such, the resulting migration graph G may contain directed cycles and correspond
to a reseeding (R) pattern. Here, we present an integer linear program (ILP) for solving the PMH problem subject to
one of the following restrictions where the migration graph G has (1) a PS pattern, (2) either a PS or S pattern, (3) a
PS, S or an M pattern.

We order the anatomical sites ¥ = {1, ..., m} such that anatomical site 1 is the primary P. The clone-tree vertices

|V (T)|xm

V(T) are ordered such that v; is the clone-tree root (7). We introduce variables x € {0,1} such that z; s
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indicates whether clone-tree vertex v; is labeled by anatomical site s, i.e. z; s = 1 if and only if £(v;) = s.

Y mie=1 Yo; € V(T) (12)
s=1
1,1 = 1 (13)
Tis =1 Y, € L(T), s = £(v;) (14)
Zis =0 Y, € L(T), s # £(v;) (15)

Constraints (I2)) model that each clone-tree vertex is labeled by only one anatomical site. Constraint (I3) ensures that
the clone-tree root is labeled by the primary tumor P, whereas Constraints (T4)) and (T3) fix the labels of the clone-tree
leaves.

To model whether an edge is a migration edge, we introduce variables z € {0, 1}|E (T)Ixm guch that 24,5 = 1if
and only if the edge (v;,v;) is not a migration edge, i.e. £(v;) = £(v;). Equivalently, variables z; ; , correspond to the

product x; s - x s, which we model using the following constraints.

Zijs < Tis V(vi,v5) € B(T), 1 <s<m (16)

Zijs < Tj s V(’Ui,’l}j) S E(T), 1<s<m (17)

Note that we do not need to enforce that z; ; s > x; s + ;s — 1 as this constraint is implied by the objective function
where we minimize the number of migrations.

Next, we introduce variables y € {0, 1}/Z(T)l| which indicate whether the incident vertices of clone-tree edge
(vs,v;) are labeled by different anatomical sites, i.e. y; ; = 1 if and only if ¢(v;) # ¢(v;). Now, a clone-tree edge
(vs,v;) is not a migration edge if and only if v; and v; are not labeled by the same anatomical site s. This is captured

by the following constraints.
sz-,s =1- Yi,j V(’Ui,’l)j) S E(T) (18)
s=1

We now introduce variables ¢ € {0,1}™*™ such that each variable ¢, ; indicates whether there exists a migration

edge (v;, v;) where v; is labeled by anatomical site s and v; is labeled by anatomical site ¢.

Cot 2> Tis+aie—1 V(vi,v5) € BE(T),1 <s,t<m (19)

Ccss =0 Vi<s<m (20)

)

Constraints (I9) force ¢, to be 1 if there exists an edge (v;, vj) such that «; ; = 1 and z; ; = 1. Note that the
objective function ensures that ¢, ; = 0 if no such edge exists. Constraints set ¢5,s = 0 in accordance with the
definitions of a migration and a comigration.

Finally, we introduce variables d € {0,1}™ such that d; = 1 if and only if there exists a migration edge (v;, v;)

where £(v;) = s, as captured by the Constraints (21). Constraint encodes that the primary P by definition is a
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seeding site.

ds > csy Vi<s, t<m 21

dy =1 (22)

We have now introduced all the variables and constraints needed to formulate the PMH problem as an ILP. In the
objective function we consider the migration number. We assume that the comigration number equals the number
of multi-edges, which is the case for labelings that result in migration graphs that do not contain directed cycles
(Observation [2). We multiply this number by 1/|V (T)| to break ties in favor of labelings with smaller comigration
number. In the case of further ties, i.e. labelings with migration number p* and comigration number 4, we consider

the seeding site number, which we multiply by 1/(m - |V (T")|). We thus have the following ILP.

m

min, Dty st iy 2

x,y,z,¢,d
(vi,v;)EE(T) s=1t=1 s=1

st (12, (13), (4, [©3), (T8, (7), (T8), (1%, @0), 1) and

x5 € {0,1} Vo, e V(T),1<s<m (23)
vi; € {0,1} Y(vi,v5) € E(T)  (24)
zij,s €10,1} V(vi,v;) € BE(T),1<s<m (25)
cst €{0,1} Vi<s,t<m  (26)
ds € {0,1} Vi<s<m 27)

We now describe how to impose constraints on the topology of the migration graph, as described by variables
c € {0,1}™*™_ Recall that for parallel single-source seeding (PS) it holds that s = P and ¢ # P for all edges (s, t)

of the migration graph. We encode this using the following constraints.

> e =0 (28)
s=1
cst =10 V2 <s,t<m 29)
e =1 V2<t<m (30)

Constraints prevent reseeding into the primary P. Constraints prevent migration edges between different
metastases and Constraints (30) enforce that each metastasis is seeded from P.

For single-source seeding (S), we require that variables ¢ € {0, 1}"*™ are constrained to be a tree. In addition to
Constraints (28), we introduce the following constraints that ensure that each metastatic site is seeded from only one

other site.

de=1 V2<t<m (31)

s=1
For multi-source seeding (M), we require the migration graph G to be a multi-DAG, i.e. G must not contain

any directed cyles. To model this, we denote the set of all directed cycles by € and introduce the following cycle
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inequalities.
Y e <lC-1 Vi<t<m,Ce@ (32)
(s,t)eC
To summarize, we model various seeding patterns by extending the ILP with different constraints: we model PS
using (28), (29) and (30), S by @8) and (3I)), and M by (32).
‘We note that the above ILP is not guaranteed to an yield optimal solution when one does not impose a topological
constraint (PS, S or M). However, should, for a specific unconstrained instance, the resulting migration graph be a

multi-DAG, then optimality and correctness are guaranteed.

B.3.3 Parsimonious Migration History with Tree Refinement Problem

We consider the PHM-TR problem, where given a clone tree T we seek a binarization 7”7 of T" and vertex labeling £ of
T such that (u(T",€),v(T",€),o(T”,£)) is minimum (Problem [2). We refer to Section[B.2.2|for the formal definition
of a binarization. Here, we describe an ILP for solving this problem.

We define a directed simple graph S, called the search graph, that will contain all binarizations 7" of a given clone
tree 1" as constrained spanning trees. Similarly to the definition of a binarization, we do this recursively using the
function EXPAND. We initialize S to contain a single vertex 7(S) and invoke EXPAND(r(T'),r(S)). For each call
EXPAND (u, u}), let 6(u) = {v1,...,vx} be the children of u. If k = 1, we add the vertex v} to S as well as the edge
(uy,v}). If k > 1, we add the vertices {us, ..., u}_,v],...,v;}. In addition, we introduce edges (u;, v}) for each
i€{l,....;k—1}andj € {1,...,k}, and the edges (uj,u}) foreachi € {1,...,k—1}andj € {i +1,...,k—1}.
We recurse on each child v; of u and its counterpart v;. Algorithm shows the pseudocode.

We now proceed with presenting an ILP for solving the PHM-TR problem. We introduce variables w &
{0, 1}1F() such that each variable w; ; indicates whether edge (v;,v;) € E(S) is in the solution binary clone tree.

We require that each vertex v; # r(.S) has in-degree 1 and that each vertex v; # L(S) has either out-degree 1 or 2.

> wiy=1 Yo; € V(S)\ {r(S)} (33)
(vi,vj)EE(S)

Z Wi j = 1 V’Uj S I(S), |6(Uz)| =1 (34)
v;€0(v4)

Z Wi j = 2 V’Uj S I(S), |(5(’Uz)| >1 35)
v;E€6(v;)

Moreover, we change the domains of variables x € {0, 1}IV(T)Ixm vy ¢ £0 1}ED and z € {0, 1}ETIxm and
their corresponding constraints to x € {0, 1}/V()1xm v c 10 1}1F)] and z € {0, 1}1FS)xm,

We force y; ; to be 0 if the edge (v;, v;) of .S is not picked using the following constraint.
Yij < wij V(vi,vj) € E(S) (36)

We replace (I8) by the following constraint, where we only consider edges (v;, v;) that are in the solution.

Z Zij,s = Wij — Yij V(vi,vy) € E(S) (37)
s=1
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We replace (I9) by the following constraint, where in addition to z;; ; = 1 and 2;s = 1 we require w; ; = 1 for ¢, ; to

be 1.
Cot 2 Tis + Tjp + Wi — 2 V(vi,v;) € E(S),1 <s,t<m (38)

Thus, we have the following ILP.

win 2 ey 2 2t ey 2

x,y,z,¢,d,w

(vi,v ) EE(S) s=1t=1 s=1
st (12), (13), (14), (15), (16), (7). 20), 1), 22) and (33) — (38)
z;s € {0,1} Yo, € V(S),1<s<m (39)
vij € {0,1} Y(vi,vj) € E(S)  (40)
i 4, €{0,1} Y(vi,vj) € B(S),1<s<m  (41)
cs € 10,1} Vi<s,t<m  (42)
d, € {0,1} Vi<s<m  (43)
w; ; € {0,1} V(vi,v;) € B(S)  (44)

Similarly to the PMH problem, we consider restrictions of the allowed seeding patterns by introducing additional

constraints: we model PS using (Z8)), (29) and (30), S by (28) and (3I)), and M by (32).

B.3.4 Parsimonious Migration History with Tree Inference Problem

We consider the PMH-TI problem. In this problem we are given a mutation tree 7' (or mutation matrix ) whose ver-
tices v; are labeled by frequency intervals [f, j ] for each anatomical site s. Each frequency assignment F' = [ ;]
yields a clone tree T' potentially containing polytomies. The task is to find an assignment F = [ fsz] of frequen-
cies such that for each vertex v; and anatomical site s the following three conditions hold: (1) fAs,,- €| fs_ i f:' 1 @)
f 50 2 Zuje 5(v1) fs’ j» and (3) the resulting clone tree 7" obtained from F and B admits a binarization 7" with the
minimum migration number p*(7”) and subsequently the smallest comigration number 4(7"”) and smallest seeding
site number (7).

We start by defining the extended search graph R, a directed graph that will contain all binarized clone trees as

subtrees. To that end, we need to identify all potential extant clones given a mutation tree T' and frequency matrices

(F~,F*). In [9] we defined a lower bound F'~ = [f;] as follows.

- if v; € L(T).

B 8,17

fs_z = . . (45)
max { [ DRPE f;j}7 if v; ¢ L(T).

Observe that f s.; can be computed bottom-up from the leaves of T. Intuitively, f 5. 1s the minimum frequency that a

mutation-tree vertex v; can attain for anatomical site s while satisfying the sum condition and respecting the provided
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lower bounds F'~. Similarly, we define

f if v; = r(T),

8,17

+:

) ) B (46)
min{ wi fomn) ~ Lovsesmoon o} f;j}, if vy # (7).

Intuitively, A;f ; 1s the maximum frequency that a mutation-tree vertex v; can attain for anatomical site s while satisfying
the sum condition and respecting the provided frequency bounds (F~, F'*). This quantity can be computed top-down
from the root 7(T). Now, we can define the maximum mixture proportion ujl as follows.

uly=fh- > fo (47)

v;€8(v;)

Clone v; € V(T) is potentially present in anatomical site s if ujz > (. If this is the case, we introduce a new vertex
v; s labeled by £(v; ;) = s and directed edge (v;, v; 5). Let T denote the tree obtained by following this procedure.
We obtain the extended search graph R by invoking EXPAND(r(T'), r(R)), where initially R only contains a single
vertex r(R).

To represent that a clone v; € V/(T) is absent in anatomical site s, or equivalently that vertex v; ; is ab-
sent, we introduce a dummy anatomical site, which we represent by index 0. We change the domains of vari-
ables x € {0,1}VMIxm v c {0 1}ED] and z € {0, 1}E@IX™ and their corresponding constraints to
x € {0, 1}IVIRIXm+1) "y e L0 1HEBE and z € {0, 1}FEIX0m+1) Importantly, the constraints involving vari-
ables z € {0, 1}1FRI>(m+1) will not include anatomical site s unless they are reintroduced below.

Recall that L(R) corresponds to the set of vertices with out-degree 0, which in our case are vertices v; 5 indicating

that clone v; occurs in anatomical site s > 0. We introduce the following constraints.

Y wie=1 Vu; € V(R) (48)
s=0

Tis+xio=1 Vv s € L(R) (49)

zip=0 Vs € L(T),t # s (50)

Constraints (48)) impose that each vertex is assigned exactly one anatomical site. Constraints [49] state that the leaf
vertices v; s € L(R) are either assigned anatomical site s or anatomical site 0. Constraints (50) state that anatomical
site 0 cannot be assigned to the internal vertices of R.

We introduce fractional variables u, f € [0, 1]””'1 (B where us,; denotes the mixture proportion of clone v; in

anatomical site s and f; ; denotes the frequency of mutation ¢ in anatomical site s. We have the following constraints.

foi > fo V1< s<m,uv € IR) (51)

foi < 1S V1< s<m,uv € I(R) (52)

fsi = Z fs.j V1<s<m,uv; € I(R) (53)
v;€8(vi)\L(R)

Us,i = fsi— Z fs.j V1 <s<m,uv € I(R) (54)

v;€6(v;)\L(R)
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Constraints (31) and (52) restrict the frequencies to be within the supplied confidence intervals. Constraints (53)) model
the sum condition and constraints (54) model the mixture proportion.

We relate mixture proportions to anatomical site labelings using the following big M constraint.

Tis 2 Us,i Vv, s € L(R) (59)
Zi(i5),0 S 1 —us; V(vi,vis) € E(R),v;s € L(R) (56)
2i50 =10 V(vi,v;) € E(R),v; ; € L(R) (57)

Constraints (33) force variables z; s to be 1 if clone v; is present in anatomical site s > 0. Constraints (56) prevent
Zi (i,s),0 from being 1 if clone v; is present in anatomical site s > 0. Anatomical site 0 can only be used for the leaf
vertices of R as encoded by Constraints (37). We replace by the following constraint, where we only consider
edges (v;, v;) that are in the solution.

m

> zijs=wij— vi V(vi,v5) € E(R) (58)
s=0

Thus, we have the following mixed integer linear program.

m m

1 1
min i+ Cot + ds
e S VT S V) &
Vg

s.t. @7@7@7@7@7@and@_@7@7@_®

m

x5 €{0,1} Yo, € V(R),0<s<m (59)
Yij € {0,1} V(vi,vj) € E(R) (60)
zi4,s € {0, 1} V(vi,vj) € E(R),0<s<m (6])
cst €40,1} Vi<s,t<m (62)
ds € {0,1} Vi<s<m (63)
w; ; € {0,1} V(vi,vj) € E(R) (64)
0<fsi<1 V1<s<m,v e V(T) (65)
0<u,; <1 V1 <s<m,v € V(T) (66)

Similarly to the PMH and PHM-TR problem, we consider restrictions of the allowed seeding patterns by introduc-
ing additional constraints: we model PS using (28), (29) and (30), S by (28) and (31), and M by (32).
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Algorithm 2: SOLVE(T, X, ¢, M, u)

Input: Clone tree 7" with anatomical sites 3 and leaf labeling /, table M and clone-tree vertex .
Output: Computes the entries M [u, s] for each anatomical site s € X.

1 if u € L(T') then

2 foreach s € X do

3 if /(u) = s then
4 Mlu,s] + 0
5 Alu, s] + 0
6 else

7 Mlu, 8] + o0
8 Alu, s] 0
9 else

10 foreach v € §(u) do

11 SOLVE(T, %, ¢, M, v)

12 foreach s € ¥ do

13 Mlu, s] + 0

14 foreach v € 6(u) do

15 ¢4 00

16 foreach t € ¥ do

17 if CoST(M,u, s,v,t) < c then
18 ¢+ CoSsT(M,u,s,v,t)

19 Mlu, s] < Mlu, s] + ¢

20 Alu, s] 0

21 foreacht € ¥ do

22 if CoST(M, u, s,v,t) = c then
23 Alu, s] <= Alu, s]U {(v,t)}
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Algorithm 3: BACKTRACE(T, ¢, M, A, H)

Input: Clone tree 7' with anatomical sites 3] and leaf labeling ¢, table M, back pointers A, and H is the frontier.

Output: Enumerates all vertex labelings ¢ of 7" with minimum migration number p(7, £) = p*(T).

1 if H = () then

2 Report ¢

3 else

4 done «+ False

5 while H # () and not done do

6 (v, 8) + POP(F)

7 Lv)=s

8 H «0

9 foreach (w,t) € H do

10 if s # t then H' < {(w,t)} UH
11 if H' = H then done + True

12 foreach (w,t) € A(v, s) do

13 H+ {(w,t)}UH

14 BACKTRACE(T, ¢, M, A, H')

Algorithm 4: EXPAND (u, u})

Input: Vertex u € V(T) and corresponding vertex v} € V().

Output: Constructs a subgraph rooted at v} that contains all binarizations of the subtree of T rooted at u as

spanning trees.
1 Leto(u) = {v1,...,ux}
2 if £ =1 then
3 V(S) + V(S)U{vi}
4 EB(S) < E(S) U{(uy,v1)}
5 else
6 V(S)«+ V(S)U{uy,...,u}_q}
7 V(S)«+V(S)u{vy,...,v.}

8 for: < 1tok —1do

9 forj<i+1tok—1do

10 E(S) « E(S) U {(uj,u})}
11 for j < 1to k do

12 E(S) «+ E(S) U {(uj,v})}

13 fori <+ 1to k do

14 EXPAND(v;, v})
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Supplementary Figure 1: Not accounting for intra-tumor heterogeneity within regions leads to an unlikely clone
tree with extensive homoplasy in colorectal patient 2 [23]. (A) The published phylogenetic tree of colorectal cancer
patient CRC2 was inferred by maximum parsimony [23]]. Of the 412 sequenced single-nucleotide variants (SNVs), 41
exhibit homoplasy, occurring independently on multiple branches of the tree, as indicated by the red numbers on the
branches (number of introduced mutations in black). A subset of 18 SNVs have undergone homoplasy and occur in
P1, M1, M2 and P3 (indicated by ‘*’). (B) For each region P1, M1, M2 and P3, we show the variant allele frequency
(VAF) distribution of the 18 SNVs with homoplasy (light green), and the VAF distribution of the remaining SNV that
are present in the region (dark green). In region P3, the homoplasy SNVs have significantly lower VAFs than the other
SNVs in the region (Wilcoxon rank-sum p-value: 2.4 - 10~°), indicating that P3 is not homogeneous and contains a
subclone composed of the homoplasy SNVs. On the other hand, in regions P1, M1 and M2, the homoplasy SNVs do
not have significantly different VAFs than the other SN'Vs in each region, possibly indicating that they are clonal in

these regions.
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Supplementary Figure 2: MACHINA infers a parsimonious monoclonal single-source seeding history for breast
cancer patient A7 [19]. (A) Patient A7 is composed of m = 6 anatomical sites. We show 99.92% confidence intervals
on the SciClone posterior distribution. (B) In the mutation tree reported by the authors cluster 3 precedes cluster 5.
Using SPRUCE [9], we find an alternative mutation tree where cluster 5 precedes cluster 3. (C) Hoadley et al. [[19]
report a clone tree with 22 extant clones based on the leftmost mutation tree shown in (B). Viewing these clones in
light of the reported VAFs (indicated by ‘x’ in (A)) shows that many are unsupported and have negative proportions
in their respective anatomical sites. (D) Subsequent analysis by Hoadley et al. [[19] yielded a polyclonal single-source
seeding (pS) migration pattern with migration number ;¢ = 15 and comigration number ~,,i, = 5. (E) There exists a
frequency matrix F (indicated by ‘o’ in (A)) that results in two clone trees with only 9 extant clones. We show only
one clone tree; in the other clone tree, the order of the edges labeled by mutation clusters 3 and 5 is swapped. (F)
We find more parsimonious migration patterns with i, = 5 and i, = 5. In addition to ambiguity in the order of
mutation clusters 3 and 5, we find that there is ambiguity in the seeding order between kidney and liver, relative to the

lung metastasis. (G) Treeomics does not identify the two subclones that MACHINA detected in the liver and brain.
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Supplementary Figure 3: Mutation clusters do not necessarily correspond to extant clones. (A) A first step of
analysis in many studies is clustering mutations that appear at similar frequency across all samples. Here, sequenc-
ing sample M; shows three apparent mutation clusters. (B) The samples are composed of two extant clones, one
containing the diamond set and triangle set of mutations, and one containing the diamond and star set of mutations.
Although the diamond cluster is present in high frequency in all samples, there is no clone in a sample containing just

the diamond set of mutations. This example illustrates that mutation clusters and clones are distinct concepts.

45



‘sTy) 10§ paxmbai axe suonouny Surods pajeonsiydos a1ow ey pue uIeed UONBISTW ) SUTULIS)IP 10U S0P 17 IoqUINU UOTRISTW Y) TR} S)BOIPUL S)NSAT OS],
‘sjoyoelq arenbs ur s3urjaqe] yons Jo Ioquinu Y} MOYS pue , 7, 931} UO[D PIIB[NWIS Y} UAAIS SFUI[IQR] X91A UOIBISIW-WNWIUIW [[B 9JeIdWnua Ay 7 Joquinu
UOTRISTW WNWIUIW IIM SUT[oqe] Xa)IaA B pul 0) [GH] wyiioSe jjoyues oy asn [87] Te 10 UoSIdYJOA (F) “surened uoneiSiu [[e ssoIoe [[eoal pue uorsioald ysiy
LM SOJIS [BOTWIOIBUR JUSISJJIP O 9JeISIUI By} SQUO[D Y} SAYNUSPI VNIHOVIA ((T) 'sennuenb om) asoyy usamiaq T7 uesw oruoulrey 9y} Aq pazuewuins se ‘uroyed
uonei3iu a9y} Jo Ayxo[dwiod uIsearour YIm sasearddp VNIHOVIA Aq paynuapt ydei3 uonei3iua oy} Jo [[eda1 pue uolsald ay) ‘paopuy (D) -suioyed uoneidiwu
Jorduurs Aq paurerdxe oq uayjo ued (Yd pue Nd) suroned uoner3ru xo[dwod AIOW YIIM SIOUBISUT PAJR[NWIS Y} JBY) MOYS S)NSAI 9SAY, *£) UO SUONILNSAI [eor3o[odo)
Aue oYM unl VNIHOVIN Aq paxojur £ sydeid uoneisiu ay) Jo suroned ay) 20ue)sur paje[nuuls yoed 1oy moys dp (g) “(eSuero ur Jd pue opdind ur Nd ‘uoaid
yrep ut §d ‘uaais JySI ur SW) oYW Yora AQ POIIQJUT SOI) SUOLD Y} JO SAOUBISIP Y} JO UOHNGINSIP ) urayed poje[nuuls Yoeo I0J MOUS SA\ [, 99I) PIIJul
oBD pue , 7 991 paje[nwils oy) usomieq (7 ¢, )P douelsip oy Sunndwos £q m_ 921 Se0Uy pue H_ SOMOIAU] ”H_ SOTWOQI], ,g Sumurol Joqu3rau jsurede

VNIHOVA oredwiod ap (V) *souejsul pajenuuirs ¢ = Uy 3y J10§ SILI0)SIY UOHRISIW PUE SIII) JUO[D SIJUI A[9)eIndde VNIHOVIA : 2InS1] Areyuoworddng

o w00 e v e yd Ind sd sw ] 90UBISIP 9341 BUOJD
Leo! | N <:': 00 2¢ 0z ST 9T ¥1 21 01 8 9 F € 0
(2 ] N o\ . 92.] soouy
{ oz | [ T 105 ¢0
SOMOIAY

Lo | I < .
70

[vz | I os

[0o ] I :5

90
{00 | I +:< .
(o1 | N o:s * IIC._.oI 80
o1 | — - \] ] -
v | I d 01

T — P
1S —
By — yd wd sd swo
1Y — 00 SomeiAyd

., -+ .
g —il-
00— R N 0 ¢|>Io|l qns-S2IW093. |
Hl—

loz] as SO1WO0391 |
lozgl—— 7 e :
7o o.|¢ I Suuiof JoqusisN

nd - vvovw
¢ 02 ST 91 #1 . ¢1 OT 8 9 ¥ ¢ O

-I~ 921] sodUY
(21 T s 1 K SomolAyd

e
8
[ oz I I : T..J|+ qns-s21Woa1 |
sw

S2IWO0 |

yd Ind cd
[ol]] I sz .
Lo | <z WQ ol.Tr@ 3uiuiol Joqy3is
£ : ° sd YNIHOVIN
G HT)
— .
__N“ N " ¢ 0c 8T 9T ¥T ¢I 0T 8 9 ¥ ¢ O
(S —)
T — Kk HB 951] seouy
£) — o .
”F“_Hm g . Bt U e
S —
v ? " SOIWO9a4 |

01
e—————— GUU | [ B yw = wd B we D oS¢ sw TmH_-Ll. Buputof oqy3eN

usened paiiajul
Amv Sw H§ YNIHOYW A<v

qNs-$21W0934 ]

poes

SOIWO09aI |

9400s !
o[> Suneisiw

Buiuiof Joqy3isN

yd

VNIHOVIN

—_
O su
~—

¢c 0c 81 91 ¥IL ¢l O 8 9 ¥ ¢ O

994] SduUy

g
L]
L]
©o
o
94025 |
ydes3 uones3iw

S

<
S
uoryodoud

©
S

malsalwgl AMV
YW WW T sw

46



‘s1y) 103 parmbar are suonouny Surio0ds pajesnsiydos arouw ey pue wreped uoneISIW oY) JUIULIDJIP 10U S0P 17 IoqUINU UOTRISIW Y] TRy} 2IBDIPUL S)NSAT ISAY T,
"syoxoeIq oxenbs ur sSurfeqe] Yons Jo IoqUINU Y} MOUS PUE , 7, 991} SUOO PAJB[NWIS Y} UIAIS SUI[AQe] X91IoA UONBISIW-WNWIIUIW [[B 9JeIoWNUS 9Ay 71 Ioquinu
UONBISTW WNWIUIW PIM SUI[oqe] Xo)IaA & puy o} (¢4 wipuoSe jjoyues oy asn [87]] e 10 uosIoygoN () “surened uoneiSiu [[e sso1de [[eoar pue uolsioard ysiy
LM SIS [EJTWOIRUR JUIIIJIP 0 9JBISIUW Je} SOUO[D ) SOYNUIPI VNIHOVIA () "sennuenb om) asayy usomiaq L7 uedw oruounrey ay) Aq pazuewuins se ‘uroped
uoneIsru Ay Jo Ax[dwod SuISLaIOUT YIIM SISBAIOAP VNIHOVIN Aq poynuopt ydeid uonei3ur oy) Jo [[edd1 pue uorsioald oy ‘paspuy (D) ‘surdped uonerdru
1o1duts £q pauredxe oq uajo ued (Yd pue N d) sureped uoneiSru xo[dwod 2I0W YIIM SIOUR]ISUT PAIB[NWIS ) JeY) MOYS SINSAI 9SAY ], *£) UO suonoLsal [esrgojodoy
Aue oYM uni VNIHOVIA Aq paujul £ sydess uoneidiw ay) Jo surdped ay) douejsur pajenuuls yoed 10j moys oapn (g) ‘(eSuero ur yd pue o[dind ur Nd ‘uoors
srep ur §d ‘udai3 JySI| ur SW) poylew Yord Aq PILISJUI $9I) JUO[D Y} JO SAOUBISIP Y} Jo uonnqgrysip ) urened paje[nuwuls yoead 10§ MOUS A\ [, 991} PALIJul
(OBd puB 7, 991} PIAJR[NWIS ) Uam1dq (7, ‘.. J)p 2douesip oy Sunndwos Aq m_ Q01 So0Uy pue H_ SDMOIAUJ aﬁ_ SOTWI0991], g_ Sururof 1oquSrou jsurede

VNIHOVIA 21edwiod op (V) *S9due)jsul paje[nuuis § = **Wr7 3y) 10§ SILI0)SIY UONRISIW PUB SIAI) UOLD SIJUI A[9JBINIIB VNIHIVIA S 2mS1 Arejuowroddng

uoniodosd

oL g0 90 vo zo 00 yd nd sd Sw 3dUB3SIp 3343 BUOP
QU — P 00 82 9T VT CC 0T ST 9T FTCTOT 8 9 ¥ T 0
B0 —
. ww\_n_lmwu_._<
£7 E—— ¢0 .l
{co T o:0s . T SOMOIYd
Izl [ o5 70 T-L.Ll qns-SOIWo?al |
D s
logt] s06 ] TPIP» SOIWOSI |
{ op T I +s: '

o/ | N e

[ ] N /s O_
Lo} | I s M_
Lzt | I <

(o | N | 11c

q — T ' Bupuiof JoqysiaN
d —+illH vniHovw

8¢ 9C Ve e 0T8T 9T FI CT 0T 8 9 ¥ T O

80

I .
l.‘ .
©
o
24005 L

0T

0O ssuop SuiresSiw

—_—
—

B —— yd wd od Sw - LY
(e | N o 00 . I SOMOIAY
(oo | . . nS-SoI055
(o1 I . T0 3 — - oL
L6, | I o.lm T-.l.-n- SOIWOS |

[ oo | I <: nd o 7o Hy . Suuiof JoqysisN
(oo | I - 25 || IN

o7 i 90 82 i vniHovn

) — 7B

2 —— 80 S |89z 1ecc0zSIIIFICIONS 9 F ¢ 0

——
——
— -
—

(o8 ) — :
B
(22 ) I :

(oo I -

w
(v S . -

yd Ind sd
(o1 1
loog] M WQ ° Suiuiof JoqysiaN
[ —
(o7 R - @ || sd HllH vniovw
O —
—— :
- * V02| 82 9z $5 2C 0G ST 9T FICLOL 8 9 F & 0
1) —
[ ow_ . g . 931 sadUYy
—— :
0 ——" SOMOIUd
£ —— " S
1 —
1) —— 10z
0T

(] ————— - CW ||wmm o nomm owe T s sw Buurof JoqysieN
lel——— o uszyed pauzyul
v W O mm o mm Amv P Amv Sw tfe) VYNIHOVI A<v

yw 3 Ww 3 sw

?.lu 931 saduUy
SOMOIAYJ

qNs-S21Woaa |

(==

—
—_
)
S—

@
3
2
8

©
=3
uoipodoud

pass

ingl

47



(A) Ovarian Cancer 1 [Mcpherson et al.] (B) McPherson et al. || (C) MACHINA (PMH-TR)
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15 — —
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Supplementary Figure 6: Resolving polytomies in the clone tree of ovarian cancer patient 1 leads to more par-
simonious migration histories than reported in [28]. (A) Clone tree refinements under different topological con-
straints lead to varying migration number y and comigration number 7. Shapes indicate different migration patterns.
(B) The migration graph obtained from the reported vertex labeling has comigration number v = 10 and corresponds
to a complex migration pattern where the small bowel (SBwl) metastasis is both a destination for clones from the
ROV (right ovary) primary and a source of clones for multiple anatomical sites, including LOv (left ovary) and several
other metastases. (C-D) Solving the PHM-TR problem under an S constraint results in migration number p = 12
and comigration number i, = 6 for both LOv and ROv as the primary. (E) With LOv as the primary, solving the
unconstrained PHM-TR problem results in migration number p = 11 and comigration number v = 7, corresponding

to a pR pattern.
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(A) Ovarian Cancer 3 [McPherson et al.]
1 m = 8 anatomical sites
A Resolved polyclonal single-source seeding (pS)
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Supplementary Figure 7: Different vertex labelings exist for ovarian cancer patient 3 with fewer migrations than

reported in [28]. (A) Patient 3 has multiple vertex labelings with the minimum migration number p* = 27 but

with different comigration number ~. Shapes indicate different migration patterns. (B) The reported vertex labeling

has comigration number v = 9, and corresponds to a polyclonal multi-source seeding (pM) pattern where both the

sigmoid colon deposit (CInE) and the cul de sac (CDSB) are seeded by clones from the left ovary and the omentum

(Om). (C-D) There exist two vertex labelings with the same minimum migration number but with comigration number

Ymin = 7, where the metastases are only seeded from the left ovary (LOv) or the right ovary (ROv). (E-F) Resolving

polytomies in the clone tree results in fewer migrations p = 25 for the same comigration number v,,;, = 7 with either

LOv or ROv as the primary.
(A) Ovarian Cancer 7 [McPherson et al.] (B) McPherson et al. | | (C) MACHINA (PMH) | | (D) MACHINA (PMH)
0 m = 7 anatomical sites pS pS pS
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Supplementary Figure 8: Resolving polytomies in ovarian cancer patient 7 suggests an LOv or ROv primary as

opposed to the RUt primary reported in [28]]. (A) Not resolving polytomies leads to varying migration numbers j

using different primary tumors. Shapes indicate different migration patterns. (B-D) Not resolving polytomies leads

to the same comigration number 7,,i,, = 6 but different migration numbers depending on the primary tumor: p = 11

with the right uterosacral ligament (RUt), ;1 = 12 with the left ovary (LOv), and p = 13 with the right ovary (LOv).

(E-G) Resolving the polytomies leads to migration number p = 11 and comigration number i, = 6 in all cases.
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Supplementary Figure 9: MACHINA infers parsimonious migration histories without metastasis-to-metastasis
spread for four prostate cancer patients [15]. We solve the PHM-TR problem with MACHINA for each of the clone
trees reported in [15]. (A) MACHINA finds a monoclonal parallel single-source seeding (mPS) migration history for
patient A10, which does not support the authors’ claim of metastasis-to-metastasis spread. (B) Similarly to Gundem et
al. [15]], we find a migration history with an mPS migration pattern. (C-D) MACHINA finds that two more migrations
are required to obtain a polyclonal parallel single-source seeding (pPS) migration history for patient A31, indicating
that metastasis-to-metastasis spread may have taken place. (E-F) On the other hand, only a single additional migration
is required to obtain a polyclonal parallel single-source (pPS) migration history for patient A32 instead of a complex

polyclonal multi-source seeding (pM) pattern.
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dark purple i - — . _ _

cluster #SNVs (WGS) prostate right_rib_8 right_humerus left_subclavicular_LN left_cervical_LN
dark green 300 9.0% 94.9% 3.5% 2.7% 0.1%
_____ mid green grey 4440 99.5% 101.1% 100.4% 100.2% 99.6%
dark purple 938 10.0% 98.2% 97.6% 81.2% 94.5%
orange 74 9.3% 103.4% 67.6% 2.4% 0.4%
mid blue 1574 84.5% 0.3% 0.2% 25.1% 0.4%
dark pink light brown blue 544I . E.IZnI 0.1% 63.6% 0.1% 0.1%
light blue 299, 03% 0.1% 35.2% 0.6% 95.5%
pink 172 39.1% 0.2% 0.2% 6.1% 0.8%
gold 322 0.0% 0.1% 0.2% 0.1% 53.8%
gold light brown 443 0.1% 0.1% 0.0% 55.5% 0.1%)
mid green 166 0.0% 0.0% 0.0% 81.0% 0.0%
dark pink 116 0.3% 0.0% 0.0% 0.0% 103.0%)

Supplementary Figure 10: The clone trees of prostate cancers A10, A31 and A32 reported in [15] support parallel single-source seeding (PS) of all metastases
from the primary tumor. Panels show vertex labelings and resolved clone trees inferred by MACHINA (in PHM-TR) mode. The edges are labeled by mutation
clusters (obtained from [|15]) and filled vertices correspond to polytomies resolved by MACHINA. Tables show cancer cell fractions (CCFs) of each mutation cluster
in each anatomical site. (A) The ‘gold’ mutation cluster in patient A10 has a CCF of 0.4% in the prostate. If this value is accurate then the ‘gold’ clone must have
seeded both the periportal and the perigastric lymph node, ruling out metastasis-to-metastasis spread. (B) The ‘dark green’ and ‘light blue’ mutation clusters in
patient A31 have a CCF in the prostate of 6.4% and 1.2%, respectively. This indicates that metastasis-to-metastasis spread is not a likely explanation. (C) Similarly
to patient A10, there is a single mutation cluster whose presence in the primary prostate tumor would allow one to conclude parallel seeding (Supplementary
Fig.[I0C). The ‘light blue’ cluster (CCF of 0.3% in the prostate) is key to ruling out metastasis-to-metastasis spread. Note that a parallel seeding explanation for

these three patients does not require the presence of the indicated mutation clusters in the primary tumor.
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Supplementary Figure 11: MACHINA recapitulates the cases of polyclonal seeding and non-serial progression

reported in [Ef]] (A-E) We show the clone tree and migration graph inferred by MACHINA.
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Supplementary Figure 12: The method by McPherson et al. identifies complex mM patterns for breast cancer

A7. In total, the number of minimum migration labelings in the clone tree inferred by MACHINA is 52, each having a

monoclonal multi-source seeding (mM) pattern.
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Supplementary Figure 13: Joint analysis of mutation, cell division and migration history reveals a polyclonal
parallel single-source seeding (pPS) migration history for breast cancer patient A1 [19]. (A) Patient A1 is com-
posed of m = 5 anatomical sites. We show 99.99% confidence intervals on the SciClone posterior distribution. (B)
SPRUCE [9] infers four mutation trees, two of which were previously identified by the authors using ClonEvol [6].
(C) The authors infer a polyclonal parallel single-source seeding (pPS) history with migration number ;4 = 13 and
comigration number 7y,i, = 4. (D) By analyzing the four mutation trees jointly with the migration history, MACHINA
finds that the liver and adrenal metastases are seeded by two clones each. The resulting migration history has migration

number ;. = 6 and comigration number y,;, = 4, corresponding to a polyclonal parallel single-source seeding (pPS)

history.
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Supplementary Figure 14: Treeomics does not detect the additional subclone in adrenal that likely resulted from
polyclonal seeding in breast cancer patient Al [19]. (A) Treeomics detects subclones in the breast and liver for
patient A1 [19]]. (B) The 48 mutations on the edge incoming to ‘SC 5” correspond to mutations from clusters 2 and
4. Inspection of the variant allele frequencies of these 48 mutations reveals that they are present in breast, liver and
adrenal. Although these mutations have small variant allele frequencies in the breast, all 48 mutations have at least one
variant read, indicating the clusters’ likely presence in the breast, especially when compared to the variant read counts
of the mutations of clusters that are absent in the breast (e.g., clusters 6 and 9 are shown here). Due to the variant allele
frequency discretization step in Treeomics, this cluster was not detected in the breast in the resulting tree. Moreover,
the VAF distribution in adrenal indicates the presence of two distinct clusters of mutations, one containing the 48
mutations and one not. Again, the discretization step discards this important information. (C) As such, the minimum
migration history of the clone tree inferred by Treeomics misses the polyclonal seeding of adrenal (dashed), which

MACHINA recovers.
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Supplementary Figure 15: We simulate a metastatic tumor by extending an existing agent-based model [37].
(A) In this model, tumor cells accumulate mutations and migrate following different migration patterns: monoclonal
and polyclonal single-source seeding (mS and pS, respectively), polyclonal multi-source seeding (pM) and polyclonal
reseeding (pR). Subsequent in silico sequencing of the resulting tumor cells results in a simulated clone tree 7, vertex
labeling ¢*, migration graph G* and variant allele frequencies F'. (B) To assess the similarity of a clone tree 7" inferred
from F' to T*, we adapt the Robinson-Foulds distance. For both 7™ and 7', we first determine the set of ¢-splits. (C)

The distance d(T*,T') is the number of ¢-splits unique to either 7* (cyan) or T (orange).
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Supplementary Figure 16: Comparison of different clustering algorithms on the 3., = 5 simulation instances.
We compare the mutation clusters produced by MACHINA to mutation clusters produced by PhyloWGS [7], Py-
Clone [41]l, Clomial [53]] and SciClone [30]]. (A) We find that across different migration patterns (mS in light green,
pS in dark green, pM in purple and pR in orange) the mean 95% confidence interval widths of the cluster mutation
frequencies show little variation. (B) MACHINA and PhyloWGS infer far more clusters than the other methods. The
simulated number of mutation clusters is indicated by ‘truth’. (C) As a result, MACHINA and PhyloWGS achieve

higher clustering precision than PyClone, Clomial and SciClone.
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Supplementary Figure 17: MACHINA performance with different mutation clustering algorithms. We run
MACHINA (in PMH-TI mode) on the ¥,,,x = 5 simulation instances given mutation clusters obtained by Phy-
loWGS [7]], PyClone [41]], Clomial and SciClone [30]. (A) We show the distribution of clone tree distances
d(T*,T) between the simulated tree T and each inferred tree T" for each simulated migration pattern (mS in light
green, pS in dark green, pM in purple and pR in orange). MACHINA’s performance decreases when used in conjunc-
tion with clustering methods with lower clustering precision. However, regardless of the used clustering algorithm,
MACHINA outperforms existing clone tree inference algorithms (neighbor joining [42]], Treeomics [38]], PhyloWGS
and AncesTree ). (B) The precision and recall of clones that migrate to different anatomical sites, as summarized
by the F} score, is affected by the used clustering algorithm and is correlated with the clustering precision of each
method (Supplementary Fig.[T6A). (C) Although the precision and recall of the inferred migrating clones varies across

clustering methods, the inferred migration graphs are robust to these differences.
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Supplementary Figure 18: Performance of MACHINA for varying purity, sequence coverage, and number of sam-
ples. Ten metastatic tumors for each of the four migration patterns (mS, pS, pM and pR) were simulated. From each
anatomical site, simulated DNA sequencing data from three bulk samples with a purity of 1, a nucleotide sequencing
error rate of 0.001 and a target coverage of 10,000x was generated.Columns correspond to purity values, colors corre-
spond to number of samples and the x-axis corresponds to the sequencing coverage. (A) The mean 95% confidence
interval widths of the cluster mutation frequencies inferred by MACHINA’s clustering algorithm. (B) The clustering
precision. (C) The distribution of clone tree distances d(7™*,T") between the simulated tree T and each inferred tree
T'. (D-E) The precision and recall of the migration graph Q) and clones that migrate to different anatomical sites (E),

as summarized by the F} score.
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Supplementary Figure 19: MACHINA’s performance varies with the number of mutations, achieving good perfor-
mance in the regime of whole exome sequencing data (indicated in red). For each migration pattern (mS, pS, pM
and pR), we simulate 10 metastatic tumors with 3, = 8 anatomical sites and a rate of 10 mutations every cell di-
vision, corresponding to whole genome sequencing data. We downsample the initial number of simulated SN'Vs from
100% to 0.1%. (A) The plot shows the resulting number of SN'Vs using a log scale; the mean numbers of SNVs are
shown in parentheses. Fractions of 1-5% correspond to the number of mutations observed in whole exome sequencing
datasets. (B) We use the MACHINA clustering algorithm to group SNVs with similar variant allele frequencies. The
number of inferred mutation clusters increases with the number of SNVs. (C) Similarly, with more SNV the uncer-
tainty in mutation clusters decreases, as shown by the mean width of the 95% confidence intervals of frequencies of
mutation clusters. (D-E) The clustering precision and recall are affected by the number of SNVs, with the precision
decreasing and recall increasing with increasing numbers of SNVs. (F) The clone tree distance d(T*,T') between the
simulated tree 7™ (containing all SNVs) and each inferred tree 7" (containing a subset of the SNVs) decreases with
increasing number of SNVs. (G-H) Similarly, the precision and recall (summarized by the F} score) of the clones that
migrate to different anatomical sites (G), and of the migration graph (H) increases with increasing numbers of SNVs.

Note that in (H) we define a clone by the subset of SNVs present in the downsampled instance.
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Supplementary Figure 20: There exists a tradeoff between the migration number 1 and the comigration number
~. (A) The given clone tree T' with m = 3 anatomical sites has three labelings on the Pareto front: (B) (u1,71) =
(4,4), (C) (p2,72) = (5,3) and (D) (p3,7v3) = (6,2). Thus, the minimum migration number p*(T) is 4 and the
minimum comigration number 7, is m — 1 = 2. There exists no vertex labeling with both migration number
w*(T) and comigration number ~yi,, thus showing that there is a tradeoff between both scores. Moreover, there
exists no vertex labeling with migration number p,;;, = m — 1 and comigration number y,;, = m — 1 (gray box
in (A)), indicating that 7" does not admit a mS migration history. The shaded area contains infeasible points with
migration number p < fmin (Observation[I)), © < ~ migrations (Observation 3), and comigration number y < Ymin

(Observation EP

(r,bcdef) deff) (bedef,def)

(A) Clone tree T' with labeling £ and (T, £) = 3 comigrations (B) Migration graph G with

two multi-edges

Supplementary Figure 21: The comigration number (7, /) may not equal the number of multi-edges in a migra-
tion graph G with directed cycles. (A) Vertex labeling ¢ of clone tree T results in three migration edges: (r, bedef),
(bedef , def ) and (def, f). (B) These migration edges result in a directed cycle in the migration graph G. Multi-graph
G has two multi-edges: (P, M7) and (M, P), where multi-edge (P, M) has multiplicity two and corresponds to
migration edges (r, bedef) and (def, f). Inspecting T reveals that (r, bedef) and (def, f) occur on the same branch
of T and consequently clone def must have occurred after the migration of clone r to anatomical site P. Thus, there
are two separate comigrations between (P, M) leading to comigration number (7', ¢) = 3, which is different from

the number of two multi-edges in G.

60



(B)

polytomy ==

Clone Tree
2 |(©) _
mS | r |
refined ¢
polytomy
AN = 2
_____ N =2
N

Refined Clone Tree

Supplementary Figure 22: Constraints on the migration history help resolve polytomies in clone trees. (A) A cell
tree is a full binary tree that represents the cell division, mutation and migration history of a tumor. Due to lack of data,
the cell tree is unknown. The leaves of the cell tree are extant cells and are labeled by the anatomical site in which they
occur. (B) Instead, using specialized phylogeny inference techniques, one infers a clone tree from DNA sequencing
data, which in general contains polytomies and is non-binary. Solving the PMH problem using this non-binary clone
tree results in an incorrect migration history and migration pattern, where two clones migrate from P and seed M,
and a single clone migrates from P and seeds M5, corresponding to a polyclonal single-source seeding (pS) pattern.
(C) By solving the PHM-TR problem, we find a refinement of the original clone tree with a single migration from P

to M; followed by one migration from M; to Mo, corresponding to a parsimonious monoclonal single-source seeding

(mS) pattern.

61



/‘\ TR\ 2\
Iegy ! 1! 1
RCEINC TN
N p \—’M1\~’M2

SNV Count
=
fo
<

00 02 04 06 08 10° 7T

variant allele frequency

-

S A Sk
pl082 0 0

1,|0.88 022 0.64] =— |

M>[0.71 0 0.71 M,
| - _J
N
F FF Problem
frequency Frequency
. Factorization
matrix

Canonical Clone Tree T(T )

= mixture mutation mutation

matrix matrix tree

Supplementary Figure 23: With tumor bulk sequencing we do not directly observe the mutation tree, instead we

observe variant allele frequencies which are mixed measurements of the leaves of an unknown clone tree. Com-

bining these with copy-number calls yields a frequency matrix F'. By subsequently solving the frequency factorization

problem, we obtain potentially many mutation matrices B, each associated with a unique mixture matrix U such that

F = UB. From U and B (or equivalently T') we obtain the canonical clone tree T(T,U)- The shown canonical clone

tree contains a polytomy, a vertex with more than two children.

62



(A) T with labeling ¢ (B) S with spanning tree T” labeled by £/

Supplementary Figure 24: All binarizations of clone tree 7' can be modeled as constrained spanning trees of
graph S. (A) Clone tree T admits a labeling ¢ with cost (u(T,¢),v(T,¢),0(T,¢)) = (5,5,3). (B) The graph S
contains all binarizations as spanning trees, among which 7" with labeling ¢’ and cost (u (T, ¢'),v(T", ¢'), 0 (T, ")) =

(4,3,2).
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breast brain kidney liver

Mutation 47 0.01 0.01
Mutation 81 0.00 0.03
Cluster 2 0.00 0.01
Cluster 3 0.00 0.01

Supplementary Table 1: Reported clustering || of mutations 47 and 81 in patient A7 is likely incorrect. The table
shows variant allele frequencies (VAFs) for mutations 47 (chromosome 7, position 12163423) and 81 (chromosome 7,
position 57562948), as well as cluster mean VAFs for clusters 2 and 3. Mutations 47 and 81 were reported by Hoadley
et al. as belonging to cluster 3. The two mutations are more consistent with cluster 2 due to their high VAFs in

the rib sample (red box).
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seed #anatomical #mut. simulated MACHINA (S) MACHINA (S, M) MACHINA (S, M, R)
sites m trees | T| pattern (i, 9) pattern (e, ) pattern (u, 8) pattern (i, 9)
0 5 2 mS 4,4) mS 4,4) mS 4,4 mS 4,4)
2 5 4 mS (4,4) mS 4,4) mS “4,4) mS (4,4)
3 6 4 mS (5,5 mS (5,5) mS (5,5 mS (5,5
4 5 3 mS 4,4) mS 4,4) mS 4,4 mS 4,4)
5 5 1 mS 4,4) mS 4,4) mS 4,4 mS 4,4)
7 5 2 mS 4,4) mS 4,4) mS 4,4 mS 4,4)
8 5 12 mS (4,4) mS 4,4) mS “4,4) mS (4,4)
9 5 1 mS (4,4) mS 4,4) mS 4,4) mS (4,4)
10 5 2 mS 4,4) mS 4,4) mS 4,4 mS 4,4)
12 5 2 mS 4,4) mS 4,4) mS 4,4 mS 4,4)
17 5 1 pS 5.4 pS 5,4 pS 5,4 pS 5.4
23 5 2 pS .4 pS .4 pS 7,4) pS .4
25 5 4 pS 6, 4) pS 6,4) pS 6, 4) pS 6,4)
31 5 36 pS (5,4) pS 5,4) pS 5,4) pS (5,4)
32 5 4 pS 5,4 pS 5,4) pS 5,4 pS 5, 4)
35 5 1 pS (5,4) mS 4,4) mS “4,4) mS (4,4)
40 6 12 pS 6,5) pS 6,5) pS (6, 5) pS (6,5)
49 5 pS (5, 4) pS 5,4) pS 5,4 pS (5, 4)
62 5 pS (5,4) mS 4,4) mS 4,4 mS 4,4)
81 5 15 pS (6, 4) pS (5,4) pS (5.4) pS (5,4)
76 5 4 pM (6,5) pS 6,4) pS 6, 4) pS 6,4)
209 5 12 pM (,5) pS 5,4) pS 5,4 pS (5,4)
473 7 80 pM (10, 8) pS (10, 6) pS (10, 6) pS (10, 6)
512 5 12 pM (6, 5) pS 6,4) mM (5,5) mM (5,5)
534 5 24 pM (6,5) pS 5,4 pS 3,4 pS 5.4
545 6 8 pM (7, 6) mS (5,5) mS (5,5 mS (5,5
565 5 4 pM (6,5) pS 6,4) pS 6, 4) pS 6,4)
694 5 30 pM (6,5) pS 6,4) pS 6, 4) pS 6, 4)
865 5 8 pM (7,5) pS (7,4) mM (5,5) mM (5,5)
907 6 2 pM (7, 6) pS @38,5) mM (6, 6) mM (6, 6)
17 6 48 pR 9, 6) pS ©,5) pS ,5) pS ,5)
247 5 78 pR (7,5) pS (7,4) pS (7,4) pS (7,4)
518 5 2 pR (6,5) pS 5,4 pS 5,4 pS 5.4
538 5 4 pR 38,5) pS (7,4) mM (6, 6) mM (6, 6)
571 6 2 PR (7,6) pS (6, 5) pS 6,5) pS (6,5)
950 7 8 pR 8,7) mS (6, 6) mS (6, 6) mS (6, 6)
955 5 8 pR (6,5) pS 6,4) pS 6, 4) pS 6, 4)
981 5 4 pR (6,5) mS 4,4) mS 4,4 mS 4,4)
1140 5 12 pR (6,5) pS 5,4 pS 5,4 pS 5.4
2155 7 120 pR 9,8 pS 9, 6) pS 9, 6) pR 8,7

Supplementary Table 2: Simulated instances and MACHINA results with >, ., = 5 anatomical sites. For each
simulated instance, we show the used random number generator seed, the simulated migration pattern, the number m
of resulting anatomical sites, the simulated migration and comigration numbers (1, ) and the number |T| of mutation

trees enumerated by SPRUCE [9]. Next, we show the migration pattern and the migration and comigration numbers

(1, y) inferred by MACHINA under various topological constraints.
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seed #anatomical #mut. simulated MACHINA (S) MACHINA (S, M) MACHINA (S, M, R)
sites m trees | 7| pattern (u, 8) pattern (u, 8) pattern (u, 6) pattern (i, 8)
0 9 2 mS (8,8) mS (8,8) mS (8,8) mS (8,8)
2 9 2 mS (8,8) mS (8,8) mS (8,8) mS (8,8)
3 9 8 mS 8,8) mS (8,8) mS (8,8) mS (8,8)
4 8 8 mS 7,7 mS 1,7 mS (1,7 mS (1,7
5 8 1 mS 1,7 mS a,7 mS a,7) mS (7,7)
7 8 2 mS 1,7 mS 1,7 mS 1,7 mS (7,7)
8 9 2 mS 8,8) mS (8,8) mS (8,8) mS (8,8)
9 9 1 mS 8,8) mS (8,8) mS (8,8) mS (8,8)
10 8 4 mS 1,7 mS 7,7 mS 1,7 mS (1,7)
12 9 108 mS (8,8) mS (8,8) mS (8,8) mS (8,8)
0 10 192 pS (12,9) pS (12,9) pM (11, 10) M (11, 10)
2 8 144 pS (11, 7) pS (11,7) pM (10, 8) M (10, 8)
5 8 6 pS 0,7 pS 8,7 pS 8,7 pS 8,7)
12 8 pS 8,7 mS 1,7 mS 1,7 mS (7,7)
23 8 4 pS (10, 7) pS O, 7 pS 9.7 pS 0,7
31 8 60 pS 8,7 pS 8,7 pS 8,7 pS 8,7
35 8 24 pS 9,7 pS 9,7 pS 9,7 pS 9,7
37 8 4 pS 8,7 mS 1,7 mS 1,7 mS (1,7
54 8 1 pS 8,7 mS a,7 mS a,7) mS (7,7)
69 8 2 pS 8,7 mS 1,7 mS 1,7 mS (7,7)
7 8 6 pM (10,9) pS 9,7 mM (8, 8) mM (8. 8)
19 8 48 pM ,8) pS 0,7 pS 0,7 pS 9,7)
35 9 48 pM (11,9) pS (11, 8) pM (10,9) pM (10, 9)
45 8 2 pM (11,9) pS (10,7) pS (10,7) pS (10,7)
76 9 4 pM (10,9) pS (10, 8) pS (10, 8) pS (10, 8)
172 10 180 M (14, 11) pS (14,9) pM (12, 10) M (12, 10)
216 8 6 pM ,8) pS 8,7 pS 8,7 pS 8,7)
239 8 2 pM ,8) pS 8,7 pS 8,7 pS 8,7)
241 8 6 pM ,8) pS ©,7 mM (8,8) mM (8,8)
243 9 12 pM (13,9) pS (13,8) pS (13,8) pS (13,8)
9 8 16 pR ,8) pS (10,7) pS (10,7) pR 9,8)
157 11 48 pR (12, 11) pS (12, 10) pS (12, 10) pS (12, 10)
383 8 16 pR (10,9) pS (10,7) pM 9, 8) pM 9,8)
394 9 12 pR (10,9) pS 9,8) pS 9,8) pS 9,8
905 8 10 pR ©, 8) pS 9,7 pS 9,7 pS ©,7
981 9 8 pR (12, 10) pS 9,8) pS 9,8) pS 9, 8)
1070 8 20 pR ,8) mS 1,7 mS 1,7 mS (7,7)
10046 8 2 pR (11, 8) pS 0,7 mM (8,8) mM (8,8)
10157 8 32 pR 9,8) pS O, 7 pS 9.7 pS 0,7
30342 8 2 pR (10, 8) pS 8,7 pS 8,7 pS 38,7

Supplementary Table 3: Simulated instances and MACHINA results with >, ., = 8 anatomical sites. For each
simulated instance, we show the used random number generator seed, the simulated migration pattern, the number m
of resulting anatomical sites, the simulated migration and comigration numbers (1, ) and the number |T| of mutation

trees enumerated by SPRUCE [9]. Next, we show the migration pattern and the migration and comigration numbers

(1, y) inferred by MACHINA under various topological constraints.

66




#primary #SNVs w/

patient m #metastases #SNVs

regions homoplasy
CRC1 7 4 3 209 12
CRC2 7 5 2 412 41
CRC3 11 5 6 253 15
CRC4 6 4 2 191 5
CRC5S 4 2 2 144 1

Supplementary Table 4: The clone trees inferred by Kim et al. [23]] have extensive homoplasy. The last column

shows the number of characters that violate the infinite sites assumption after the removal of the specified region.
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patient | #anatomical sites 1 | primary | #migrations ;1 | #comigrations v | pattern | #solutions
1 7 LOv 13 7 pR 2
1 7 LOv 13 11 pR 2
1 7 ROv 13 10 M 1
2 2 ROV 2 1 pS 1
3 8 LOv 27 7 pS 1
3 8 LOv 27 9 pM 3
3 8 ROv 27 7 pS 1
3 8 ROv 27 9 pM 3
3 8 ROv 27 10 pM 4
3 8 ROv 27 12 pM 12
4 4 LOv 7 3 pS 1
4 4 ROV 6 3 pS 1
7 7 LOv 12 6 pS 2
7 7 LOv 12 7 pM 2
7 7 ROv 13 6 pS 2
7 7 ROv 13 7 pM 2
7 7 ROV 13 8 pM 6
7 7 ROv 13 9 pM 8
7 7 ROv 13 9 pR 6
7 7 ROv 13 10 pM 2
7 7 ROv 13 10 pR 6
7 7 RUt 11 6 pS 1
3 LOv 4 2 pS 1
9 3 ROv 5 2 pS 1
10 3 ROv 6 2 pS 1

Supplementary Table 5: Results of the Sankoff enumeration algorithm for seven ovarian cancer patients [28]. We
enumerate all vertex labelings that achieve the minimum migration number p* with either LOv (left ovary) or ROv
(right ovary) as the primary. Patients 1, 3 and 7 admit multiple vertex labelings with the same minimum migration
number p*. These labelings yield different migration patterns with different comigration numbers ~y; the migration
patterns are polyclonal single-source seeding (pS), polyclonal multi-source seeding (pM) and polyclonal reseeding
(pR). For patient 1, the comigration number varies from 7 to 11, for patient 3 it varies from 7 to 12, and for patient
7 it varies from 6 to 10. Note that for patient 1, none of the vertex labelings have a single-source seeding migration
pattern, i.e. they do not achieve the minimum comigration number y,;, = m — 1 = 6. The minimum migration

number p* = 11 for patient 7 is achieved when using a non-ovary anatomical site (RUt, right uterosacral ligament) as

the primary.
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Gundem et al. [15] MACHINA (PS) MACHINA (PS, S) MACHINA (PS, S, M, R)

patient | m | #SNVs monoclonal  met-to-met
flusters | ting pread patem  (,7,0) || patem  (u,7,0) || paern  (,7,0)

[ a0 [a[oun [[ 9 [ yem yes || mps aan [ wps aan [ wps 33y |

[ a0 [2 ]85 [ 5 | yesm o®s) || wps i [ mes  aun [ mes N

[ mn [ s a2 [[ 10 [ nowp yes || pPs a24n [ ps 1042) || ps (1042) |

[ a2 [ 6] o [ 12 [ no yes || pPS @4 || @an [ pM 152 |

[ a2 Jw]we [[ 6 [ e yes || pps 369.) || 3293 || »R 26125 |

Supplementary Table 7: Results for five prostate cancer patients [[15]. From left to right, we show the patient
identifier, the number m of anatomical sites, the reported presence or absence of monoclonal seeding and a metastatic
cascade. Next, we show the inferred migration pattern and score using different constraints for the PHM-TR problem

(parallel single-source (PS), single-source (S), multi-source (M) and reseeding (R)).

Sanborn et al. [44] MACHINA
patient | m #SNVs
#clusters  polyclonal || #clusters | pattern  (u,~,0)
A 4 124/2467 7 no 4 mPS (3,3,1)
C 3 | 1056/1408 5 yes 5 pPS (3.2,1)
D 4 13/1160 3 no 2 mPS (3,3,1)
E 5 59/96 6 yes 7 pS (5.4,2)
F 4 | 2136/2136 7 no 5 mPS (3,3,1)

Supplementary Table 8: Results for five metastatic melanoma patients. From left to right, we show the patient, the
number m of anatomical sites, the number of copy-neutral and total number of SNVs, the number of reported clusters
and whether polyclonal seeding was reported in [44]]. Next, we show the number of clusters inferred by the AncesTree

clustering algorithm and finally the migration pattern and parsimony score inferred by MACHINA.
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parallel single-source single-source multi-source
reseeding (R)
seeding (PS) seeding (S) seeding (M)
E
E
O . . .
g tree tree directed acyclic graph directed graph
é 12 Hmin = T — 1 H = Hmin 1% > Hmin 1% > Hmin
Y= Ymin =m — 1 Y = Ymin Y > Ymin Y > Ymin
0 = 0Omin =1 0 > Omin 0 > Omin 0 > Omin
c
E
% multi-tree multi-tree directed acyclic multi-graph | directed multi-graph
>
& 1Y > Hmin M > Hmin M > Hmin +1 M > Hmin +1
Y = Ymin Y = Ymin Y > Ymin Y > Ymin
0 = Omin 0 > Omin 0 > Omin 0 > Omin

Supplementary Table 9: Taxonomy of migration patterns between anatomical sites. Migration patterns can be
distinguished in two different ways. First, by the number of clones that migrate between two anatomical sites: each
metastasis is seeded by a single clone in the case of monoclonal (m) seeding, whereas with polyclonal (p) seeding
multiple clones migrate from one anatomical site to another. Second, by the migration topology: each metastasis is
seeded only from the primary tumor with parallel single-source seeding (PS), is seeded from a single anatomical site
with single-source seeding (S), and has multiple anatomical seeding sites with multi-source seeding (M) and clones
migrate back and forth between anatomical sites in the case of reseeding (R). With m anatomical sites fii, = m — 1
and i, = m — 1 are lower bounds on the migration and comigration number, respectively. The migration pattern

affects the migration number p and the comigration number 7.
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