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Single-cell methylation sequencing data reveal
succinct metastatic migration histories and tumor
progression models
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Recent studies exploring the impact of methylation in tumor evolution suggest that although the methylation status of many
of the CpG sites are preserved across distinct lineages, others are altered as the cancer progresses. Because changes in meth-
ylation status of a CpG site may be retained in mitosis, they could be used to infer the progression history of a tumor via
single-cell lineage tree reconstruction. In this work, we introduce the first principled distance-based computational method,
Sgootr, for inferring a tumor’s single-cell methylation lineage tree and for jointly identifying lineage-informative CpG sites
that harbor changes in methylation status that are retained along the lineage. We apply Sgootr on single-cell bisulfite-treated
whole-genome sequencing data of multiregionally sampled tumor cells from nine metastatic colorectal cancer patients, as
well as multiregionally sampled single-cell reduced-representation bisulfite sequencing data from a glioblastoma patient.
We show that the tumor lineages constructed reveal a simple model underlying tumor progression and metastatic
seeding. A comparison of Sgootr against alternative approaches shows that Sgootr can construct lineage trees with fewer
migration events and with more in concordance with the sequential-progression model of tumor evolution, with a
running time a fraction of that used in prior studies. Lineage-informative CpG sites identified by Sgootr are in inter-
CpG island (CGI) regions, as opposed to intra-CGls, which have been the main regions of interest in genomic methyla-
tion-related analyses.

[Supplemental material is available for this article.]

The problem of algorithmically inferring a phylogenetic tree that
may be interpreted as a tumor progression history from multiple
samples per patient has been widely studied in the past decade.
Methods developed to address this problem include TuMult
(Letouzé et al. 2010), PhyloSub (Jiao et al. 2014), PyClone (Roth
et al. 2014), SciClone (Miller et al. 2014), MEDICC (Schwarz
et al. 2014), PhyloWGS (Deshwar et al. 2015), AncesTree (El-
Kebir et al. 2015), CITUP (Malikic et al. 2015), Canopy (Jiang
et al. 2016), Treeomics (Reiter et al. 2017), MACHINA (El-Kebir
etal. 2018), and others. Tumor phylogenies and the implied intra-
tumor heterogeneity are occasionally used to make clinical deci-
sions (Beerenwinkel et al. 2015). For understanding basic cancer
biology, a key question is whether tumor progression is more
branched (leading to a wider and shallower tree) or more linear
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(leading to a narrower and deeper tree) (Turajlic and Swanton
2016). For metastases, results on the question of branched versus
linear evolution are mixed (e.g., Brastianos et al. 2015; Gundem
etal. 2015; Zhao et al. 2016). Hong et al. (2015) showed that results
are sensitive to the method used for phylogeny inference.
Complicating matters further is that most of the methods listed
above use bulk sequencing data as input, and El-Kebir et al.
(2018) showed that under reasonable models, the optimal phylog-
eny from bulk sequencing data may not be unique. Therefore, re-
cent efforts have looked beyond bulk sequencing data to elucidate
the progression history of a tumor. In a major step toward this goal,
Quinn et al. (2021) introduced technologies for cell lineage tracing
and applied those technologies to study single-cell data in

© 2023 Liu et al. This article is distributed exclusively by Cold Spring Harbor
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xenograft tumor models. To our knowledge, lineage tracing is not
yet possible in human cancer samples, but analysis of single-cell
data of other types is possible.

The recent rise of single-cell sequencing technology empowers
more accurate tumor lineage inference by allowing the examination
of intratumor heterogeneity at cellular resolution. However,
because single-cell sequencing data are derived from a limited
amount of genetic material, the signals obtained are scarcer than
those from bulk sequencing (Ldhnemann et al. 2020). Genomic
events commonly used in bulk tumor lineage inference, such as sin-
gle-nucleotide variations (SNVs) and copy number aberrations
(CNAs), are observed with less frequency or are measured with less
confidence in single-cell data sets. Single-cell tumor lineage infer-
ences using SNVs often suffer from false negatives in the data sets,
which calls for data imputation or aggregation; on the other
hand, tumor lineage inference using CNAs called from single-cell se-
quencing data often involves ambiguities in the determination of
chromosomal breakpoints that may mislead the conclusion. DNA
methylation, the addition of a methyl group to cytosine, which re-
sults in the formation of 5-methylcytosine (5SmC) especially in the
context of CpG sites, is an epigenetic marker that has been exten-
sively studied for its role in regulating gene expression and main-
taining cellular memory (Kim and Costello 2017). As Gaiti et al.
(2019) importantly noted, the methylation maintenance machin-
ery has been shown to have an error rate four orders of magnitude
higher than that for DNA replication (Ushijima et al. 2003;
Biezuner et al. 2016) and therefore may provide a greater amount
of observable evidence for tumor evolution than alternative data
modalities, which is a critical asset especially in the single-cell
context.

Recent studies have leveraged CpG methylation in single cells
sampled from colorectal cancer (CRC) (Bian et al. 2018), chronic
lymphocitic leukemia (CLL) (Gaiti et al. 2019), glioblastoma
(GBM), and IDH-mutant glioma (Chaligne et al. 2021) tumors to
construct lineages, showing CpG methylation to be a valuable sig-
nal for lineage inference. Gabbutt et al. (2022) recently developed
a method to sample methylation data in single gastrointestinal
crypts (containing multiple cells) and a mathematical method to es-
timate the number of stem cells in each crypt. They referred to the
problem of estimating the stem cell replacement rate as “lineage
tracing,” but that is different from the tumor phylogenetics prob-
lems we address here. More relevant to our work, Gabbutt et al.
(2022) established that some CpG sites vary their methylation state
at a predictable time rate, which exemplifies the potential of using
fine-grained methylation data to make biological inferences.

There are two main challenges in constructing single-cell CpG
methylation-based tumor lineage trees. First, detailed examination
reveals that data obtained via single-cell bisulfite sequencing
(scBS-seq) (Bian et al. 2018), single-cell reduced representation bisul-
fite sequencing (scRRBS) (Guo et al. 2013, 2015), or multiplexed
scRRBS (MscRRBS) (Gaiti et al. 2019) protocols show high levels of
sparsity. Cells with subpar bisulfite conversion rates have informa-
tion at few CpG sites, and of the millions of unique CpG sites across
all cells in a data set, less than one out of a hundred are sequenced in
a sufficient number of cells to be useful in lineage reconstruction.
Furthermore, even when a CpG site is sequenced in a cell, it is often-
times covered by less than a few sequencing reads, which is not like-
ly to capture heterozygosity in aneuploid cancers.

Besides sparsity, another key challenge is that not all CpG
sites have their methylation statuses stably retained during tumor
evolution. In particular, Meir et al. (2020) posited two models of
methylation dynamics: mixture, in which the methylation status

of a CpG site is resampled (from the parental status) in each cell
replication, and persistency, in which that is an exact copy of the
parent cell. It is the CpG sites whose status follows the persistency
model that would be informative in tumor lineage reconstruction
because the maintenance of information from the parental gener-
ation is the necessary condition for the infinite sites assumption
(Kimura 1969; Ma et al. 2008) and Dollo parsimony (Dollo
1893), which form the basis for tumor lineage inference tools
based on mutation profiles. However, as of now, there is no known
set of CpG sites that follow either inheritance model, highlighting
the necessity to perform intentional CpG site selection while re-
constructing tumor lineages by CpG methylation.

To address these two challenges, in this work, we introduce
Single-cell Genomic methylatiOn tumOr Tree Reconstruction
(Sgootr), the first distance-based computational method to jointly
select informative CpG sites and reconstruct tumor lineages from
single-cell methylation data.

Methods

Sgootr (Fig. 1) consists of five components: (1) optional bicluster-
ing of cells and sites for reducing sparsity-induced noise, (2) likeli-
hood-based sequencing error correction accounting for copy
number estimates, (3) expected distance calculation between cell
pairs for tree construction, (4) pruning of CpG sites according to
a tree-based methylation status persistence measure, and (5) infer-
ence of migration history from the lesion-labeled tree leveraging
prior knowledge on migration patterns. Components 3 and 4 are
iteratively applied. The code for this work is available on GitHub
as a Snakemake (Molder et al. 2021) workflow. Results from this
work are reproducible, and intermediate experiment outputs of
Sgootr are available for further analysis.

Biclustering of cells and sites for reducing sparsity-induced noise

Sgootr requires a fairly accurate estimate of the differences between
the methylation status of distinct CpG sites across all cell pairs.
Before submitting the input data set to Sgootr, it is advisable that
one filters out cells for which the number of CpG sites with non-
zero read coverage is low and CpG sites with nonzero coverage
in only a few cells. For example, for the Bian et al. (2018) metastatic
CRC data set, which we will analyze further in depth in the Results
section, we apply the following heuristic filters to the cells and
sites: (1) Among all input cells, remove low-quality ones with cov-
erage in fewer than 4 million CpG sites, and (2) remove CpG sites

2
covered in less than 3 of the remaining cells. For that particular

data set, we additionally removed CpG sites on sex chromosomes,
which may confound the findings, and in Chromosome 21 peri-
centromeric regions (hg19, Chr 21: 9,825,000-9,828,000), which
we discovered to be an overlooked alignment artifact. After filter-
ing the input for reducing sparsity, we perform sequencing error
correction as described in the following section. Because this
may further introduce sparsity, in an additional post error correc-

tion step, we may remove sites covering < 3 of cells and then re-

2
move cells with coverage in < 3 of the remaining CpG sites.
Overall, our filtering approach aims to make sure that the cells re-
1
maining are well covered and that each cell pair has at least 3 of the

selected CpG sites as shared dimensions along which cell-to-cell
distance can be measured.

Our main results on the Bian et al. (2018) data set show the
heuristic filtering scheme described above is effective in practice;
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Overview of Sgootr. Sgootr leverages single-cell methylation sequencing data from tumor samples, incorporating copy number information

when available, to jointly infer a single-cell tumor lineage tree and identify CpG sites that may harbor lineage-informative methylation changes.

however, in principle, the filtering of cells and CpG sites should
ideally be coordinated in order to minimize information loss. For
that purpose, we present an integer linear program (ILP)-based
biclustering formulation as follows. Let the site coverage data be
represented in a cell-by-site matrix M,.,, where v is the number
of cells and u is the number of CpG sites; m;;=1 if site j is covered
(by at least one read) in cell i, and m;;=0 otherwise. Let « and j, re-
spectively, be the specified fraction of cells and sites to be kept.
Given M, ¢, and f, we wish to compute a biclustering, namely, a se-
lection of rows of columns, of M, M, so that we maximize the num-
ber of CpG sites covered in the resulting |av] x |Bu] submatrix in
which rows and columns, respectively, correspond to the selected
cells and sites.

To solve this biclustering problem, let C € {0, 1}%, S€ {0, 1} be
(unknown) binary vectors, respectively, indicating whether a cell
or site is kept. In addition, let A€ {0, 1}"* denote (unknown)
binary matrix such that a;=1 if and only if ¢;=1 and 5;=1 (i.e., if
cell i and site j are both kept). The ILP formulation is

maximize:

Z Z ajjmij

i=1j=1

a; € {0, 1}
€ {0, 1}
€ {0, 1}
ajj < G
aij = 5

subject to:

C,‘—i—S,‘—lS(Z,‘/

XV: ¢ = lav]
i=1
i si = Bul
j=1

The output submatrix M is obtained by taking cells {ilc;=1} and
sites {j|s;=1} from M.

We unplement the above formulation as an optional step in
our software using the Gurobi ILP solver, a licensed software that
is free to use for academic purposes (https://www.gurobi.com).
The performance of our implementation in terms of run time,
memory, and accuracy (i.e., optimality gap), with respect to the in-
put size and other parameters, and a strategy on setting o and g are
explored in detail in Supplemental Section S1 (Supplemental
Tables S1, S2; Supplemental Figs. S1-S3). For a typical computa-
tional environment, the current implementation of the bicluster-
ing formulation may not be practical for the scale of the single-cell
CpG methylation data sets analyzed in this study (see

Supplemental Sec. S1). However, because for given « and g values
the ILP formulation produces a submatrix no sparser than that pro-
duced by the heuristic filters, it should be the preferred choice
whenever it is feasible. In Supplemental Section S1, we show
that memory consumption is likely to be the bottleneck and pro-
vide a way to estimate memory consumption of our biclustering
implementation given the size of the input so that the users may
determine whether performing biclustering may be appropriate
for their own data sets of interest. It is intuitive that the single-
cell tumor lineage tree constructed from input data resulting
from biclustering is as reliable, if not more reliable, than the tree
constructed from heuristically filtered data, because the former
will be constructed from at least as much information from the un-
filtered data as the latter. Improving the run time and memory ef-
ficiency of our ILP implementation and devising alternative
strategies to perform biclustering are among our future objectives.

Likelihood-based sequencing error correction accounting
for copy number estimates

Errors in sequencing may provide false evidence for an underlying
allele methylation status different from the truth. A common strat-
egy used in prior works to mitigate the effect of such sequencing
errors in downstream tasks is to use the 90% rule, which assigns
a CpG site in a cell the methylation status with support from
90% of the reads available for the site in the cell and discards the
site if no status can be assigned (Bian et al. 2018; Gaiti et al.
2019; Chaligne et al. 2021). This approach has two drawbacks.
First, the binarization of methylation status disallows heterozygos-
ity. Second, although there are high levels of copy number gains in
some cancer types, this approach does not distinguish between
having reads sampled from two underlying alleles and having
reads sampled from many. For a CpG site in a cell, we would like
a copy number-aware way to determine, if we observe both reads
with the site methylated and reads with it unmethylated, whether
they are truly sampled from heterozygous alleles or they are sam-
pled from homozygous alleles and the methylation statuses on
the disagreeing reads need to be corrected.

To this end, we present a maximum log-likelihood-based ap-
proach to correct likely errors in methylation reads, incorporating
site copy number estimates in each cell (Algorithm 1). For a CpG
site in a cell, given n > 0 reads with a methylated status, m > 0 reads
with an unmethylated status, its copy number ¢, and sequencing
error probability 0 < € < 1 (which we set to .01 in our experiments
to proxy the per-base sequencing error rate in Illumina sequencing
instruments), we can enumerate the likelihood of having drawn
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the observed reads from all possible underlying allele statuses, let-
ting 0 <y <c be the number of alleles with the CpG site methylat-
ed. Note that in Algorithm 1, 1¢ and 0, respectively, denote the
events that all c alleles are methylated and unmethylated; 1707
denotes the event in which y alleles are methylated and ¢ —y are
not.

Algorithm 1. Sequencing error correction accounting for copy
number

n,m < number of methylated and unmethylated reads for a CpG
site in a cell, respectively

¢ « copy number for the CpG site in the cell

€ « sequencing error probability

function SEQUENCINGERRORCORRECTION(72, 11, C, €)
if c=0 then return None> site is discarded in case of deletion
event
L[1¢], £[0]« In[(1 — €)"e™], In[e"(1 — €)™
for O<y<cdo

ﬁ[lVO"*V} - 1n[(%’)"(1 - g)m]

end for

status <— argmax L

if [status = 1° OR status = 0] AND [n#0 AND m #0] then
ifn>mthenn me<n+m,0
elseif n<mthenm, n—n+m, 0
else return None > site is discarded if correction

is impossible
end if
return n, m
end function

Sequencing error correction takes place when we have n>0
and m >0, but the allele status with the highest log-likelihood is
homozygous. In that case, we correct the reads with the minority
methylation status to the majority one. When c=1, the site will
implicitly be identified as homozygous, and the methylation sta-
tus of any read that does not conform to the majority allele will
be corrected. In the case in which sequencing error is needed yet
n=m, which will likely happen for c=1, the CpG site is discarded.
In case copy number information is not available, one can assume
an appropriate (uninformative) copy number for all sites in all cells
(e.g., c=2 for diploid). Sex chromosomes are always excluded from
our analysis. We use the sequence error-corrected reads for pair-
wise distance estimation between cells, as described in the follow-
ing section.

Expected distance calculation between cell pairs for tree
construction

In this section, we present a formulation for computing the expect-
ed distance between two cells given their respective copy number
and (sequencing error—corrected) reads. We consider such a formu-
lation with the goal of correcting for the potential bias contributed
by low-coverage CpG sites. Intuitively, this distance measure
serves as an estimate for the expected proportion of methylation
statuses altered across all CpG sites between a cell pair.

Given a cell, let the copy number at a CpG site be ¢, and we
have 0 <y <c alleles with the CpG site methylated and c—y alleles
with the CpG site unmethylated. To allow modeling preferential al-
lele sampling based on site methylation status as previously ob-
served (Olova et al. 2018), we additionally introduce parameter p,
probability of drawing a read from the allele with the CpG site meth-
ylated given a pair of alleles heterozygous for the site. We set p to the

uninformative 0.5 in our experiments (for when to choose alterna-
tive values, see Supplemental Sec. S8). Then, we can compute the
probability of drawing from an allele with the CpG site methylated
by normalizing over all alleles (Equation 1):

/4
WA —p) )

It follows that the probability of drawing from an allele with the
CpG site unmethylated is 1 —p,.

Consider the case in which we observe n reads at a CpG site
for a cell, and all n reads are methylated for the site. Let the copy
number at the site for the cell be c. The probability of sampling
all n methylated reads from c alleles with the CpG site methylated
(i.e., y=c) is P(reads|1°) = 1; here, 1 is the event that in all c copies,
the CpG site is methylated, and reads is the event that all n sam-
pled reads are methylated. The probability of drawing all n meth-
ylated reads from c alleles with the CpG site unmethylated (i.e., ¥
=0) is P(reads|0)=0. To compute the probability of drawing n
methylated reads from c alleles with mixed methylation status
for the site, we need to sum the probabilities over all other possible
values of y, the number of alleles with the site methylated, assum-
ing that all other possible values of y are equally likely and that
when there is a copy number loss (i.e., c=1), the formulation as-
signs only nonzero probability to a homozygous combined allele
status:

Pey=

P(reads | mixed) = cz2

Ly
p}l[

c—lFl &Y

0 ,c=1.

Given user-defined prior probabilities P(1°), P(0), and P(mixed),
which we all set to the uninformative 0.33 in our experiments
(for when to choose alternative values, see Supplemental Sec.
S8), let a=P(reads | 19P(1°) + P(reads | mixed)P(mixed) + P(reads |
09P(0°). Then, we apply Bayes’ theorem to get the likelihood of
any allele status given the observed reads (Equations 2):

P(lﬂreads):P(readsllc)P(lc): P(1)
P(1[)_"_P(mlxed)z
P(mlxed)z
P(mixed|rea ds):P(reads|mixaed)P(mixed): ; ;1
P(19)+ (mlxe )Z o
PO | 1reads):P(reads!ZOC)P(OC):
)

In the case in which the n reads all have the CpG site un-
methylated, the three values can be computed similarly with
P(reads|19)=0 and P(reads|0)=1. In the case that we observe
among the n reads both ones with the CpG site methylated and
ones with the site unmethylated, we have P(mixed | reads)=1
and P(1¢reads)=P(0reads)=0. Then, for a given CpG site s in
cell A and cell B, the respective copy numbers ca s, cg 5, and res-
pective reads, we can compute the expected distance over the pos-
sible combinations of allele status between the two cells at s
(Equation 3):

dist(readsa s, ca s, readsg s, cg,s) =
statusy s statusg
€{1¢ , mixed,0°4 } €{1% ,mixed, 0% | 3)

P(statusy s|reads, s)P(statusg s|readsg s )dist(statusa s, statusgs),
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where dist(11,11)=dist(10,10) =dist(00,00)=0, dist(11,10)=dist
(10,11) =dist(00,10) =dist(10,00)=0.5, and  dist(11,00)=dist
(00,11)=1.

The total expected distance between cells A and B can now be
computed with some distance function over the vector of expected
distances over all shared sites. The L; norm normalized by the
number of shared sites is computed via Equation 4. The use of
shared CpG sites between pairs of single cells to estimate their dis-
tances was established by Hui et al. (2018):

ZsEsitesAnsitesk dlSt(readSA,Sl CAs readSB,St CB,S)
|sitesy N sitesg| '

dist(A, B) = 4)

A comparison of our distance formulation against a baseline
distance measure commonly used in prior studies (Gaiti et al.
2019; Chaligne et al. 2021) on simulated data can be found in
Supplemental Section S2.1 (Supplemental Figs. S4-S6). After com-
puting the distance between each pair of cells, one can incorporate
any distance-based tree reconstruction method into Sgootr to ob-
tain the lineage tree and arbitrarily choose a single cell from the
normal tissue as the root. We use the scikit-bio implementation
of the neighbor-joining (NJ) algorithm (Saitou and Nei 1987) for
our main analysis. It is possible to replace NJ with an alternative
distance-based tree construction method in Sgootr. We compare
Sgootr’s performance while using FastME 2.0 (Lefort et al. 2015),
a popular alternative, against using NJ in Supplemental Section
S5 and show that they lead to similar results (Supplemental Figs.
$15-S17).

Pruning of CpG sites according to a tree-based methylation status
persistence measure

The main body of Sgootr consists of an iterative procedure: At each
iteration, it (1) computes the pairwise distances among single cells
to form the tumor lineage tree using a distance-based algorithm,
then (2) measures the methylation persistence score of each CpG
site along the tumor lineage tree and prunes away a fraction of
CpG sites that has the lowest scores before continuing onto the
next iteration, and (3) outputs the tumor lineage tree of the partic-
ular iteration where distance from the tumor lineage trees obtained
in consecutive iterations is the minimum possible.

We have described how to compute pairwise distance among
single cells in the previous section, and we leverage the widely used
Robinson-Foulds (RF) distance (Robinson and Foulds 1981; Sul
and Williams 2008) to measure the differences among the tumor
lineage trees constructed on the same set of cells in consecutive it-
erations. Note that it is possible to incorporate alternative tree dis-
tance or similarity measures in using Sgootr, and we provide a brief
comparison of RF distance against four other tree distance and sim-
ilarity measures in Supplemental Figure S8. In this section, we fo-
cus on how we measure the methylation persistence of CpG sites at
each iteration given the tumor lineage tree obtained for these CpG
sites. In particular, we define the methylation persistence score for a
CpG site given a tumor lineage tree (Equation 6): The higher the
methylation persistence score for a CpG site, the more stably main-
tained is its methylation status change along a tumor lineage tree.

To facilitate the analysis, we assign to each CpG site covered
in each cell its most likely methylation status: Given sequencing
error—corrected reads from component 2 of Sgootr, we call a site
homozygously methylated if all of its reads have the site methylat-
ed, homozygously unmethylated if all unmethylated, and hetero-
zygous if the read status for the site is mixed. The status remains
unknown if there are no reads covering the CpG site. After this
step, we measure the persistence of each CpG site independently:
first at each branch of the tree and then for the overall tree.

Methylation persistence score for a CpG site at a particular branch in the
lineage tree

Each branch in the methylation tumor lineage tree induces a
bipartition of the tree and subsequently of the leaf nodes, which
represent single cells. In other words, let TN denote the full set
of leaf nodes in a methylation tumor lineage tree f; cutting a
branch b in the tree creates disjoint subsets of leaf nodes TN,
and TN,,. Let Qs,m denote the probability distribution across three
possible methylation statuses—homozygously methylated, het-
erozygously methylated, and homozygously unmethylated—at
CpG site s across a subset of cells tn, and let I; represent the set of
cells with status information at site s. Then, we define MP;,,
the methylation persistence score of CpG site s at branch b
(Equation 5):

MPyy = [ISDQs it Qo) ®)

Here JSD(X, Y) denotes the Jensen-Shannon divergence
(Wong and You 1985; Lin 1991) for a pair of distributions X, Y

and is defined as JSD(X, Y):%D(XHZ)—#%D(Y”Z), with

7= %(X +Y) and D(K| L) denoting the Kullback-Leibler diver-

gence measure for any arbitrary distributions K and L (Kullback
and Leibler 1951). It is worth noting that the square root of the
Jensen-Shannon divergence measure, which computes M7P;),
(Equation 5), is metric (Endres and Schindelin 2003; Osterreicher
and Vajda 2003) and is commonly referred to as the Jensen-
Shannon distance in popular implementations.

The intuition is that if the change in methylation status of
CpG site s has an observed persistent effect in tumor progression,
namely, s is lineage-informative, there exists a branch b* in the
methylation tumor lineage tree such that the leaf nodes in the
two subtrees induced by b* show very different distributions of
methylation statuses. In other words, MPs; will be large for
such b*. In contrast, suppose the bipartitions contain the same dis-
tributions for methylation statuses for s—either that most cells
share the same status or that both bipartitions are similarly hetero-
geneous—the score will be low.

Overall methylation persistence score for a CpG site in the lineage tree

We define the overall methylation persistence score of CpG site s
in methylation tumor lineage tree f as the maximum methylation
persistence score the site s has across all valid bipartitions
(Equation 6). We recognize that (1) an extreme difference in the
number of cells between the bipartitions or (2) a severe lack of cells
with status information could both lead to meaningless diver-
gence measurements. Therefore, we only consider bipartitions in-
duced by branch b such that (1) both partitions contain no fewer
than a user-defined fraction § of total number of leaves, and
(2) there is read information in no fewer than a user-defined frac-
tion w of cells in both partitions. In our experiments, we set §=.05
and w=.5.

MPs 7 = max

= o o _ MPsy
bE{D||TNp |2 8| TNIA|TNy| = 8| TN|A|TNp NI | = 0| TNy | A|TNp NI | = 0| TN |}

(6)

Iterative joint tumor lineage tree reconstruction and lineage-informative
site identification
In a given iteration i, Sgootr first computes the tumor lineage tree f;

with the distances between pairs of cells based on the persistent
sites identified in iteration i—1 (for iteration i=0, the entire set
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of sites remaining after component 1 and 2 of Sgootr are used).
Then, for each CpG site s used in computing t;, Sgootr calculates
its overall methylation persistence score MP; ;. Among the CpG
sites with overall methylation persistence scores, Sgootr prunes
away a user-defined fraction x of the CpG sites with the lowest
scores, along with those with tying scores at the threshold. It out-
puts the remaining CpG sites to be used in iteration i+ 1. The pro-
cess continues for a wuser-defined maximum number of
iterations, and Sgootr outputs t* =t;, where i is the last iteration,
with RF(t;, t;_1) equal to the global minimum across iterations.

Intuitively, we would like to detect an approximate point in
the iterative procedure at which most non-lineage-informative
CpG sites have been pruned out (leading to the initial roughly de-
creasing trend of RF distance) but most lineage-informative CpG
sites still remain (whose further elimination will lead to increasing-
ly inaccurate distance measurements between cell pairs and
therefore increasingly unstable tree topologies, which is
reflected in a once-again increasing trend of RF distance). We
show empirical observations corroborate with such intuition
(Fig. 2C, Supplemental Figs. S11, S17) and provide practical recom-
mendations for choosing x and the maximum number of itera-
tions in Supplemental Section S9.

MP1

Inference of migration history from lesion-labeled tumor lineage
tree leveraging prior knowledge on migration patterns

Given a rooted tumor lineage tree t* produced by Sgootr through
the procedures described above, provided that the single cells in
the tree are labeled by their lesion of origin, we can infer the under-
lying tumor migration history, which we represent as a directed mul-
tigraph (without self-loops) in which each vertex represents a
distinct lesion and each edge represents a distinct migration event
from the source lesion to the target lesion. This intuitive represen-
tation of metastatic migration events was introduced as a “migra-
tion graph” by El-Kebir et al. (2018). We accomplish this by first
adapting the well-known Fitch-Hartigan algorithm (Fitch 1971;
Hartigan 1973) with slight modification to obtain a unique, max-
imally parsimonious labeling of the internal nodes of # and then
by identifying the migration events.

The Fitch-Hartigan algorithm was originally intended to
solve the small parsimony problem, namely, labeling the internal
nodes of a character-based evolutionary tree in which every leaf is
labeled with a single character and the objective is to minimize the
total number of changes (i.e., mutations from parent node to child
node) (Fitch 1971; Hartigan 1973). In our reuse, the bottom-up
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Figure 2. Application of Sgootr to patient CRCO1 scTrio-seq data by Bian et al. (2018). (A) The multiregional patient data consist of single cells sampled
from four distinct lesions (in addition to normal tissue) and multiple sampling locations within each lesion. (B) Tumor lineage tree constructed by Sgootr
with k=0.1. Each single cell is represented as a leaf, colored by its sampling location. (C) RF distances between the trees of consecutive iterations of the
pruning procedure, with the global minimum occurring at t* =tg. (D) Tumor migration history inferred by Sgootr for patient CRCO1. (E) Fraction of
CpG sites located in CpG island (CGl; regions with overrepresentation of CpG sites) (Cross and Bird 1995), CpG shore (2-kb-long regions flanking both
sides of CGils) (Irizarry et al. 2009), CpG shelf (2-kb-long regions adjacent to CpG shores on the side away from CGls) (Irizarry et al. 2009), and inter-
CGil regions in the CRCO1 trees at each iteration of the pruning procedure of Sgootr, from t, to t*. (F) Top 10 GO terms with significant (<0.05) g-values
in enrichment analysis of nonpseudo, protein-coding genes spanning lineage-informative sites in intra-CGl and inter-CGl regions, respectively, in CRCO1.

For a full list of enriched terms, see Supplemental Figure S12A.
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phase of the Fitch-Hatigan algorithm computes in a tree the num-
ber of migration events—in other words, the change of lesion of
origin labels from a parent node to a child—in the most parsimo-
nious labeling of its internal nodes. This phase also produces a set
of possible labels for each internal node in the tree. The top-down
phase, then, assigns each internal node a label from its set, as de-
scribed in Algorithm 2, starting with the root node of t*.

Algorithm 2. Partial order-guided modification to the Fitch-Hartigan
top-down node label assignment

label_set(node) < maps a node to the set of labels it is given by the
bottom-up phase of Fitch-Hartigan algorithm (Fitch 1971;
Hartigan 1973)
parent(node), children(node) < returns the parent and the two chil-
dren of node, respectively
poset_minimal(labels) < returns the minimal element in subset la-
bels of a poset L, breaking ties arbitrarily
assignment[node] < records the final label assignments of all nodes
node < a node in the tree
function LABELASSIGNMENT(170de)
candidate_labels < label_set(node)
if node is not root AND assignment|parent(node)] is in
candidate_labels then
assignment[node] < assignment|parent(node))
else
assignment|[node] < poset_minimal(candidate_labels)
end if
if node is not a leaf then
childl, child2 < children(node)
LABELASSIGNMENT(child1)
LABELASSIGNMENT(child2)
end if
end function

A general formulation of Fitch-Hartigan algorithm may pro-
duce multiple optimal labeling of the internal nodes, and there
are existing tools to capture the space of all optimal labeling: For
example, MACHINA by El-Kebir et al. (2018) enumerates optimal
solutions allowing restrictions on the types of transition events,
and FitchCount by Quinn et al. (2021) generates a stochastic ma-
trix summarizing all transition events in the optimal solution
space. However, some of these optimal labelings may adhere to
our prior understanding of the sequential-progression (a.k.a. met-
astatic-cascade) model of tumor evolution (Lambert et al. 2017)
better than others. One can encode such prior understanding as
a partial order over the lesion of origin labels of single cells. For ex-
ample, in this work, we leverage the following partial order:

Normal Tissue < Primary Tumor < Lymph Nodes

< Distant Metastases.

In our modification to the Fitch-Hartigan algorithm, during
the top-down phase, when a node cannot inherit the label of its par-
ent, we assign it the minimal element in its candidate label set ac-
cording to the partial order, breaking ties arbitrarily when the
elements in the label set cannot be compared (Algorithm 2). This re-
turns a maximally parsimonious labeling of the internal nodes in
the tree that also acknowledges the sequential-progression model.

With a fully labeled tree, we produce a directed multigraph
that corresponds to the tumor migration history as follows. First,
we generate a vertex for each distinct lesion represented in the
tree. Then, as we traverse down the tree from the root, for each la-
bel change from a parent to a child in the tree, we add one directed
edge to the multigraph, from the lesion vertex corresponding to
the parent label to that corresponding to the child label. Parallel

edges between a pair of vertices correspond to a polyclonal seeding
event, and any back edge indicates a reseeding event.

Note that our proposed method resolves equally optimal la-
beling of the internal nodes with prior knowledge on the likely mi-
gration patterns among sampled sites. We have that prior
knowledge for the primary data set we analyze in this work, and
the method provides a basis on which we compare single-cell lin-
eage trees with lesion-labeled leaves constructed with Sgootr or al-
ternative methods. In the case in which no prior knowledge is
available and the goal is to survey the whole space of parsimonious
migration histories possibly suggested by a lesion-labeled lineage
tree, users may instead use tools like MACHINA (El-Kebir et al.
2018) or FitchCount (Quinn et al. 2021). It may also be intuitive
to more directly encode such prior knowledge by assigning differ-
ent weights to migration events between distinct lesions and to
solve the weighted version of the small parsimony problem with
Sankoff’s algorithm (Sankoff 1975); however, the output of
Sankoff’s algorithm is highly sensitive to the input weights, and
it is not immediately clear which set of weights would be most ap-
propriate for our purpose.

Results

The performances of Sgootr's distinct components on
simulated data are described in the Supplemental Sections S1
(biclustering), S2.1 (distance calculation), and S2.2 (iterative prun-
ing) (Supplemental Fig. S7). Each of these components improves
upon the respective baseline approach on a wide range of settings,
and the results of the iterative pruning component show that
Sgootr can capture the migration history of a tumor accurately.
Furthermore, we applied Sgootr to scRRBS data of single cells from
an U87MG GBM cell line ex vivo clone tree experimentally generat-
ed by Wei and Zhang (2020). We show in Supplemental Section S3
that, even though the original study fails to construct an accurate
lineage tree from microsatellite allelotype data (see Supplemental
Fig. $10 in Wei and Zhang 2020), Sgootr is able to reconstruct a
CpG methylation-based lineage tree that accurately captures the
ground truth clonal relationships (Supplemental Fig. S9).

In the remainder of the paper, we focus on the application of
Sgootr to the scBS-seq data set generated by Bian et al. (2018) on
nine metastatic CRC patients (out of 12 total patients in the Bian
et al. (2018) cohort, we excluded those without scBS-seq data
[CRCO3 and CRCO06] and those without metastasis information
[CRCO9]), among whom two (CRC0O1 and CRC04) have matching
scRNA-seq data (via the scTrio-seq2 protocol) from both normal
and tumor cells with which copy number calling can be per-
formed. We highlight results from patient CRC0O1 because in addi-
tion to having copy number calls available, they have the largest
number of distinct tissue types, sampling locations, and treatment
conditions. Full details and results for the other eight patients can
be found in Supplemental Section S4 (Supplemental Table S3;
Supplemental Fig. S10). We additionally present in Supplemental
Section S7 Sgootr’s results on a GBM patient by Chaligne et al.
(2021), which show the applicability of our approach to
MscRRBS data (Supplemental Fig. S19). To the best of our knowl-
edge, this is the only other scBS-seq data set with multiregional tu-
mor sampling that is publicly available.

Sgootr obtains a simple tumor migration history with scBS-seq and
scRNA-seq data from patient CRCOI

The single cells of CRCO1 are sampled from four distinct lesions—
primary tumor (PT), lymph node metastasis (LN), liver metastasis
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(ML), and post-treatment liver metastasis (MP)—and normal colon
tissue (NC) adjacent to the primary lesion; furthermore, there are
multiple sampling locations within each lesion (Fig. 2A). We
only include cells with both scBS-seq and scRNA-seq data, and
use inferCNV (from the Trinity CTAT Project, https://github
.com/broadinstitute/inferCNV) to call the copy number from
scRNA-seq data. We apply Sgootr with k=0.1, terminating the iter-
ative procedure after 40 rounds. A unique global minimum among
the RF distances is identified at iteration 8 (Fig. 2C); hence, t* =13
(Fig. 2B) is output as the lineage tree. The tumor migration history
inferred by Sgootr (Fig. 2D) is simpler than the CNA-based results
previously reported (Supplemental Fig. S7 in Bian et al. 2018): NC
grows into PT, followed by a polyclonal migration to LN, which ap-
pears to proceed to seed both ML and MP. Although the migration
history also suggests a polyclonal reseeding from ML to LN, both
edges in the graph have low support: They are both owing to a sub-
tree of a particular cellular origin harboring a (potentially misla-
beled) singular cell of a different origin.

For comparison, we also present in Supplemental Section S6
the tumor lineage tree we constructed on mutations called from
the matching scRNA-seq data from patient CRCO1 using the
Trisicell toolkit (Rashidi Mehrabadi et al. 2021). Because of the
high level of sparsity in the mutation calls, we clustered single cells
before constructing the mutation tree. We observed a high level of
heterogeneity in terms of lesion of origin and sampling locations
in the cell clusters (Supplemental Fig. S18), which makes inferring
simple tumor migration history from trees constructed on them
unlikely. Together with the CNA-based results (Supplemental
Fig. S7 in Bian et al. 2018), this mutation-based result further high-
lights the usefulness of CpG methylation in reconstructing single-
cell lineage trees when sparse SNV and CNA data fail to provide suf-
ficient signal for lineage reconstruction.

Sgootr infers migration histories simpler than alternative methods
for the Bian et al. (2018) CRC cohort

We benchmark Sgootr against (1) a naive baseline distance-based
tree construction method (column “baseline” in Fig. 3A); (2) 1Q-
TREE (Nguyen et al. 2015) with the two-state general time revers-
ible model (GTR2), an instance of the popular maximum-likeli-
hood-based tool used for inferring lineage trees from scBS-seq
data in prior studies (Fig. 3A, column “IQ-TREE”; Gaiti et al.
2019; Chaligne et al. 2021); and (3) IQ-TREE (with GTR2 model)
preceded by four-gamete analysis (FG), a lineage-informative site-se-
lection method previously described by Gaiti et al. (2019), which
returns a subset of input CpG sites with a lower than expected epi-
mutation rate (Fig. 3A, column “FG +IQ-TREE”). Note that it is IQ-
TREE preceded by FG that was used exactly in previous studies
(Gaiti et al. 2019; Chaligne et al. 2021). However, as discussed in
more detail below, the FG step is not only very slow, it also leads
to highly complex migration histories. These observations lead
us to additionally benchmark against IQ-TREE without the FG
step, even though it had not been directly applied to scBS-seq
data in prior studies. For further experiment details, see
Supplemental Section S10.

For each benchmarking experiment, we take as input the cell-
by-site read count matrices resulting from the first-pass heuristic
filtering step of Sgootr, namely, removing low-quality cells, CpG

2 . .
3 of remaining cells, sites on sex

chromosomes, and sites within Chromosome 21 peri-centromeric
regions. Then, for each CpG site covered in each cell, call whether
it is methylated or not by the 90% rule (Bian et al. 2018; Gaiti et al.
2019; Chaligne et al. 2021). This binarization step is necessary in
generating input for the GTR2 model. For the FG+IQ-TREE

sites with coverage in less than

@ CRCO1 CRCO02 CRCO4 CRC10 CRC11 CRC12 CRC13 CRC14 CRC15
g2 z
>
3 20
# 15 = »
— LN
o 10 . 3 = ® go e
P T
5P . ha¥gs bsens Pamee R I [ TV | AetEs
Z 0l v B tp R ese ST T e RSP e S ST TTe S| ¢ BAMDPO
s gk Qb gk @k QK gk @k Qi
¥ e Rl [ §e¥el i ReXol [ ReXel [ ReXe] - ReRe] [ ReXe] j:ReZe] [ Jegel
°= 3 o= 3 °= 3 °= 3 °=3 2= 3 °= 3 =3 <=3
) U] U ) o O U] ) )
w w w w w (T w w w
B CRCO1 CRC02 CRC04 CRC10 CRC11l CRC12 CRC13 CRC14 CRC15 c
10 10 10 Genomic Location Annotation
1400 = CpGlsland === CpG Shore - CpG Shelf === Inter-CGI
< 1200 §
£ =
= 1000 g“’
g 10 g
= 800 1 g 10 S 081
X <
S 600 10 .
S g06—
= 400 g
= 10 ]
200 0 g l‘310_4_
ol (30 _ — 1 m - — — s S .
—— ——r had
BE WE L5 WE LE WE LE HE L3 c 02 . .
£Es Es Es Es ES £33 E3 E3 ES =
gW g gV o9 GO GV o9 o9 5@ S 00l
S § § = S § S § § T to t* to t* to t* to t* ty t* to t* to t* to t* ty t*

CRCO1 CRCO2 CRCO4 CRC10 CRCl11 CRCl12 CRC13 CRCl4 CRC15

Figure 3. Overview of results from the Bian et al. (2018) metastatic CRC cohort. (A) Number of migration events and BAMDPO values of migration his-
tories obtained via (1) naive baseline method, (2) IQ-TREE, (3) IQ-TREE on FG-selected CpG sites, (4) Sgootr intermediate tree before iterative procedure
(to), and (5) final tree output by Sgootr (t*). The IQ-TREE result is represented by the mean across 10 runs with different random seeds, with the error bars
denoting the 95% confidence interval of the mean. The lack of data points in the “IQ-TREE” columns means IQ-TREE failed to finish the model optimization
to start tree search after 24 h, and that in “FG + IQ-TREE” columns means FG analysis fail to terminate after 100 h. (B) Run time comparison between Sgootr
and IQ-TREE. Each experiment is performed on four cores. The number in brackets next to “IQ-TREE” on the x-axis represents the number of IQ-TREE runs
(out of 10) that have converged within 24 h. The number above each IQ-TREE bar represents the total number of runs (out of 10) with any tree search
output (converged or intermediate after 24 h) and, hence, contributes to the run time and migration history comparison. (C) Fraction of CpG sites located
in CpG island, CpG shore, CpG shelf, and inter-CGl regions before (to) and after (t*) the iterative pruning component of Sgootr.
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experiments, we further perform FG (Supplemental Sec. S10;
Supplemental Figs. S20, S21) to select CpG sites to input to 1Q-
TREE. Additionally, we further filter the input to the benchmark-
ing experiments so that all experiments (Fig. 3A) on a particular pa-
tient act on the same set of input cells. This calibration is to ensure
fair comparisons among results from different methods using the
two performance measures we will introduce below. To facilitate
fair runtime comparison between IQ-TREE and Sgootr, we also fil-
ter to ensure the input to IQ-TREE for each patient is the same set as
those to Sgootr, so that the runtime measurements in Figure 3B are
taken on the same set of cells and CpG sites for each patient.

For each patient in the Bian et al. (2018) cohort, we generate a
baseline lineage tree by first computing the Hamming distance be-
tween every pair of cells over their binarized CpG site methylation
status vectors, averaging across the sites covered in both cells and
then applying NJ to the distance matrix. As IQ-TREE is a stochastic
method, we perform 10 separate runs of each IQ-TREE experiment
with different random seeds and for each instance report the inter-
mediate tree at convergence or after 24 h if convergence has yet to
be achieved by then. If none of the 10 runs of IQ-TREE for a partic-
ular experiment have finished model optimization, started tree
search, and produced some intermediate result, we do not report
the IQ-TREE result for that experiment. Similarly, if FG does not
terminate in 100 h, we do not report the FG +IQ-TREE result for
that experiment. We root the baseline and IQ-TREE trees with
the same normal cells we used to root the trees by Sgootr, and
we infer the tumor migration histories from them via Sgootr’s
modified Fitch-Hartigan algorithm.

We compare the migration histories inferred via Sgootr and
the three alternative approaches by two measures: (1) the total
number of migration events, namely, the number of edges in our
multigraph representation, and (2) one we name binary adjacency
matrix distance from partial order (BAMDPO), which is the
Hamming distance between the binary adjacency matrix of the
simple directed acyclic graph induced by the lesion partial order
and that obtained by collapsing all parallel edges in the migration
history multigraph. Intuitively, the first measure (output from
Fitch-Hartigan algorithm) captures the conventional definition
of parsimony, and the latter measures the degree the inferred his-
tory deviates from the sequential-progression model of tumor evo-
lution. Together, they offer complementary perspectives on the
complexity of the inferred histories. For both measures, a lower
value would correspond to a simpler history.

Figure 3A compares the tree t* obtained by Sgootr against the
alternatives with respect to the two measures. The figure also in-
cludes results of t, for each patient, the tree obtained by Sgootr be-
fore its iterative site pruning procedure. Comparisons of the
measures for t, against those for t* show Sgootr’s iterative procedure
almost always reduces the complexity of the inferred migration his-
tory, provided such a reduction is at all possible. In the case of pa-
tient CRC15, even though the total number of migration events
increases from ¢, to t*, BAMDPO decreases; this suggests that what
first appeared to be deviations from the simple sequential-progres-
sion model could potentially be resolved as polyclonal seeding
events more in concordance with the model, once the tree structure
becomes more refined through the iterative procedure. Compared
with naive baseline and the two IQ-TREE-based methods, Sgootr
typically infers as simple, if not simpler, migration histories; the
only exception is patient CRC10, for which IQ-TREE (without FG
site-selection) infers a migration history with the lowest BAMDPO.

Note that all patients except CRCO1 and CRC15 have single
cells sampled from only two lesions in addition to the normal tis-

sue (Supplemental Table S3); among them, patients CRCO02,
CRCO04, CRC12, and CRC14 have a low number of input cells.
For that reason, one may expect a lower number of migration
events detected from the constructed lineage trees. Furthermore,
Sgootr has achieved the minimal possible values in terms of
BAMDPO before the iterative procedure in CRCO02, CRCO04,
CRC11, CRC12; for CRC02, CRC04, and CRC12, Sgootr has also
achieved the minimal possible value for the number of events be-
fore the iterative procedure. In those cases, there are no changes in
terms of those two measures between the initialized tree (t,) and
the optimal tree (t*).

Sgootr-identified lineage-informative CpG sites construct
lineages suggesting simpler migration histories than those
identified via FG

Specifically, comparisons between the measures from running IQ-
TREE on FG-selected sites and those from Sgootr show that Sgootr
consistently outperforms the former in terms of the number of
events and BAMDPO when further improvements were possible.
This suggests the sites selected by Sgootr may be more meaningful
for the purpose of lineage reconstruction than those by FG. FG is
also time-consuming: For patients CRC11 and CRC12, FG failed
to complete after 100 h, and no experimental result was reported
(Fig. 3A).

Sgootr is orders-of-magnitude faster than IQ-TREE

Although Sgootr produces an as simple, if not simpler, migration
history than IQ-TREE (without FG site-selection) in terms of the
two measures in all but one case, Sgootr obtains the results in a
fraction of time IQ-TREE took given the same input dimensions.
Each IQ-TREE run was allotted 24 h. If the program converged
within 24 h, we report the wall clock time elapsed; if the program
did not converge within 24 h but produced some intermediate out-
put from tree search, we report the program run time as 24 h; and if
IQ-TREE failed to produce any intermediate result from tree search
within 24 h, we do not include the elapsed time from that run.
Within the allotted time, IQ-TREE produces converged results in
six out of nine patients and some (intermediate) results for eight
out of nine patients. IQ-TREE is not able to finish model optimiza-
tion and start tree search within 24 h for any of the 10 runs for
CRC11 (Fig. 3B). Sgootr is deterministic and obtains lineage trees
suggesting simpler histories in a mere fraction of the time when
given the same number of cores and memory as IQ-TREE, position-
ing itself as the better option in more time-frugal settings.

Sgootr-identified lineage-informative CpG sites are enriched in
inter-CGlI regions

In all nine CRC patients in the Bian et al. (2018) cohort, as well as
the multiregional GBM patient MGH10S in the Chaligne et al.
(2021) cohort, the set of lineage-informative sites identified by
Sgootr shows enrichment in inter-CGI regions (Figs. 2E, 3C;
Supplemental Fig. S19F). The median distances between CpG sites
and their closest CGIs also increase as the iterations approach t*
across all patients (Supplemental Fig. S14).

Genes associated with Sgootr-identified lineage-informative CpG
sites are enriched for pan-cancer and CRC-related terms
To examine whether the lineage-informative sites discovered by

Sgootr in the Bian et al. (2018) cohort have potential functional
implications, we stratified lineage-informative sites by their
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genomic annotations with respect to CGIs, for each group finding
a set of nonpseudo, protein-coding genes whose gene bodies and
1000 bp upstream promoter regions contain the sites, and per-
formed Gene Ontology (GO) (Ashburner et al. 2000; The Gene
Ontology Consortium 2021) enrichment analyses, respectively,
using GOrilla (Eden et al. 2007, 2009). All annotated nonpseudo,
protein-coding genes in the genome were used as the background
set. A hypergeometric test was used to measure the overrepresenta-
tion of the genes in associated GO terms, and the Benjamini-
Hochberg false-discovery rate-adjusted P-values (g-values) are pre-
sented. In five out of nine CRC patients, genes mapped to lineage-
informative sites within CGI are strongly associated with transcrip-
tion regulation and DNA binding (Fig. 2F; Supplemental Fig. S12),
processes known to be linked to cancer onset (Corces et al. 2018).
Among informative sites mapped to inter-CGI regions, prominent
enrichment in neural activities including ion transport and gated
channel activities were observed across all nine CRC patients (Fig.
2F; Supplemental Fig. $12), concurring with recent studies that
support the cross talk between the neural system and CRC devel-
opment (Rademakers et al. 2021; Zhu et al. 2022). Enrichment re-
sults using an alternative tool, DAVID (Huang et al. 2009; Sherman
et al. 2022), are also included for comparison (Supplemental Fig.
$13). Although the GO terms discovered are not identical between
the tools, the results highly concur as indicated by the overlap co-
efficients of the terms (Supplemental Table S4).

Discussion

In this work, we present Sgootr, the first distance-based tool to
jointly infer tumor lineage using single-cell CpG methylation
data and select for lineage-informative CpG sites. Sgootr concom-
itantly tackles two key challenges in lineage reconstruction from
single-cell methylation data: sparsity and diverse inheritance dy-
namics of CpG methylation. We show Sgootr is able to construct
lineage trees that suggest simpler tumor migration histories, per-
form CpG site selection, and obtain results orders-of-magnitude
faster than alternative methods in applications to real multiregion-
ally sampled single-cell methylation data in CRC and GBM.

In addition to tumor lineage inference, Sgootr captures mean-
ingful biological insights of identified lineage-informative CpG
sites. In both CRC and GBM, the two cancer types included in
our study, we discovered the enrichment of lineage-informative
sites in inter-CGI regions across patients. We also observed that
the variability of the methylation status of a CpG site among se-
quenced cells seems to increase with its distance from the closest
CGI (Supplemental Table S5). Although the underlying mecha-
nisms of these phenomena are yet to be elucidated and are beyond
the scope of this study, a plausible explanation is that CpG sites in
islands are protected by the reduced chromatin accessibility in the
region marked by histone modifications (Cedar and Bergman
2009), whereas inter-CGI sites harbor more stochastic changes ow-
ing to malfunctioning of DNA methyltransferases and TET en-
zymes (Du et al. 2015). Although CGIs have attracted much
attention in the studies of tumor epigenetic changes and are
more frequently covered in methylation arrays, our findings sug-
gest that inter-CGI regions should not be overlooked, especially
in the context of tumor lineage tracing. We are looking to further
study the relations between the methylation status of lineage-in-
formative inter-CGI CpG sites and gene expression and explore
their prognostic potentials in our subsequent studies.

Leveraging single-cell methylation data while accounting for
CNA data when available, Sgootr is also among many recent efforts

in integrating information from multiple data modalities in infer-
ring tumor evolution trees from cancer data sets. Indeed, combin-
ing different types of omics data is a major algorithmic challenge
in tumor phylogenetics (Schwartz and Schéffer 2017). Because
this work concerns single-cell methylation data, we focus this list
of examples on methods that analyzed a combination of at least
one type of (relatively rare, potentially more informative) single-
cell data with at least one type of (more abundant) bulk data.
Malikic et al. (2019a,b) pioneered methods called B-SCITE and
PhISCS to integrate bulk and single-cell sequencing data to infer
tumor phylogenetics trees using a Monte Carlo Markov chain algo-
rithm and combinatorial optimization, respectively. Zeira and
Raphael (2020) introduced a different method for inferring copy-
number tumor evolution trees that can combine bulk and single-
cell DNA sequencing data. Lei et al. (2021) presented a method
to combine bulk copy number sequence data, single-cell sequence
data, and fluorescence in situ hybridization data. Satas et al. (2020)
developed the method SCARLET to infer tumor phylogenies from
single-cell DNA data while accounting for CNAs, which might be
inferred from either single-cell or bulk data. How to best integrate
single-cell methylation data with both single-cell and bulk gene
expression data and perhaps also copy number data is a natural
question for future research.

Software availability

Sgootr is implemented as a Snakemake workflow available
at  GitHub (https://github.com/algo-cancer/Sgootr) and as
Supplemental Code.
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