
Integrating SNVs and CNAs on a phylogenetic tree
from single-cell DNA sequencing data

Liting Zhang,1 Hank W. Bass,2 Jerome Irianto,3 and Xian Mallory1
1Department of Computer Science, 2Department of Biological Science, 3College of Medicine, Florida State University, Tallahassee,
Florida 32306, USA

Single-cell DNA sequencing enables the construction of evolutionary trees that can reveal how tumors gain mutations and

grow. Different whole-genome amplification procedures render genomic materials of different characteristics, often suitable

for the detection of either single-nucleotide variation or copy number aberration, but not ideally for both. Consequently,

this hinders the inference of a comprehensive phylogenetic tree and limits opportunities to investigate the interplay of SNVs

and CNAs. Existingmethods such as SCARLET and COMPASS require that the SNVs and CNAs are detected from the same

sets of cells, which is technically challenging. Here we present a novel computational tool, SCsnvcna, that places SNVs on a

tree inferred from CNA signals, whereas the sets of cells rendering the SNVs and CNAs are independent, offering a more

practical solution in terms of the technical challenges. SCsnvcna is a Bayesian probabilistic model using both the genotype

constraints on the tree and the cellular prevalence to search the optimal solution. Comprehensive simulations and compar-

ison with seven state-of-the-art methods show that SCsnvcna is robust and accurate in a variety of circumstances.

Particularly, SCsnvcna most frequently produces the lowest error rates, with ability to scale to a wide range of numerical

values for leaf nodes in the tree, SNVs, and SNV cells. The application of SCsnvcna to two published colorectal cancer

data sets shows highly consistent placement of SNV cells and SNVs with the original study while also supporting a refined

placement of ATP7B, illustrating SCsnvcna’s value in analyzing complex multitumor samples.

[Supplemental material is available for this article.]

Cancers result from a combination of abnormal cell growth along
with metastasis, the ability to spread to other tissues. The malig-
nant progression of cancer is associated with acquired mutations
that either activate oncogenes or inhibit tumor suppressor genes
(Knudson 1971; Greenman et al. 2007; Alexandrov et al. 2020).
Copy number aberrations (CNA) (Beroukhim et al. 2010) and sin-
gle-nucleotide variants (SNV) (Alexandrov et al. 2020) are twoma-
jor types of acquired mutations that lead to cancer, yet these two
differ in mechanism and scale (single base pair vs. regions of vari-
ous sizes), and they are detected using different technologies.

During the growth, cancer cells continue to acquire and pass
on different mutations, leading to the intra tumor heterogeneity
(ITH) problem (Lawrence et al. 2013; McGranahan and Swanton
2017; Dagogo-Jack and Shaw 2018). ITH explains how different
cells from the same cancer can have different genotypes or muta-
tional spectra, resulting in heterogeneous cellular phenotypes
with differential response to therapies, including drug-resistant
cancer cells (Dagogo-Jack and Shaw 2018; Marusyk et al. 2020).
ITH confounds both diagnosis and treatment strategies. To better
understand ITH, it is essential to be able to categorize the group
of mutations in different lineages or subclones of the cancer and
reconstruct the mutational lineages by combining information
from SNV and CNA approaches. For example, the “two-hit” hy-
pothesis assumes a loss of an allele in a suppressor gene followed
by a gain of mutation on the remaining allele (Knudson 1971).
However, “bulk sequencing,”which combines all sampled cells to-
gether for sequencing, does not differentiate subclones from each
other directly (Williams et al. 2018).

Single-cell DNA sequencing (scDNA-seq) technologies make
it possible to decipher ITH by sequencing one cell at a time
(Navin et al. 2011). However, because of the limited quantity of
∼6 pg genomic DNA in a normal human somatic cell, scDNA-seq
typically requires whole-genome amplification (WGA) before the
library construction (Bäumer et al. 2018), and different WGA pro-
cedures lead to data with different error profiles. The two most
popular scDNA-seq WGA techniques are multiple displacement
amplification (MDA) (Hou et al. 2012; Wang et al. 2014) and
degenerate oligonucleotide-primed PCR (DOP-PCR) (Carter et al.
1992;Navin et al. 2011; Baslan et al. 2012). TheMDAmethod gives
a higher genome recovery, suitable for SNV detection. However,
the uneven genome amplification fromMDAmakes it not suitable
for CNA detection (Mallory et al. 2020b). DOP-PCR, in contrast,
generates relatively uniform coverage of reads, suitable for large-
region CNA detection (Mallory et al. 2020b). However, DOP-PCR
has a lower proportion of genome coverage, limiting its utility
for detection of SNVs from a single cell (Wang et al. 2014).

So far there has been no WGA technique reliable for the
simultaneous detection of CNA and SNV from single cells. The
two WGA methods require that the DNA from any single cell be
used for CNA or SNV, but not both. Consequently, single-cell
SNV and CNA assays can be performed in parallel from a common
sample but produce separate data sets from two different sets of
cells. This leads to two phylogenetic trees, one from CNAs and
the other fromSNVs. Shouldwe be able to integrate or combine in-
formation from these two phylogenetic trees into one composite
tree, we could recover a more complete biological evolutionary
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tree. This would create new opportunities to investigate the rela-
tionship among SNVs and CNAs in terms of their interplay and or-
der with each other within a single tumor sample, which can
further help us characterize ITH.

So far there has been no published tool that can integrate the
SNVs and CNAs on a phylogenetic tree given the scDNA-seq data
prepared by different WGAs before library preparation. PACTION
(Sashittal et al. 2022) integrates both SNV andCNA signals in iden-
tification of tumor clones, but it was not designed for scDNA-seq
data. SCARLET (Satas et al. 2020) constructs tumor phylogenies
from both CNAs and SNVs and supports the loss of SNVs owing
to the copy number losses. However, it requires CNAs and SNVs
to be present on the same set of cells. Because of the read depth
nonuniformity on the sequences of SNV cells, the detection of
CNAs has to be on a very large scale, leading to a low-resolution
CNA tree to start with. BiTSC2 (Chen et al. 2022) and COMPASS
(Sollier et al. 2023) are the other two methods that jointly infer a
phylogenetic tree from both SNVs and CNAs. However, like
SCARLET, they also require that CNAs and SNVs are from the
same set of cells. Moreover, BiTSC2 does not explicitly output
the placement of mutations on the tree, whereas COMPASS is de-
signed mainly for Mission Bio Tapestri platform data, which have
been used for targeted PCR and have limited coverage on the ge-
nome. Phertilizer (Weber et al. 2023) infers a phylogenetic tree
with both SNVs andCNAs, but the SNVs are inferred from the cells
sequenced mainly for CNA detection, leading to a high missing
rate in SNVs. Although Phertilizer tries to increase the detection
rate of SNVs by inferring the clones of the cells, the SNV detection
rate depends heavily on the size of the clones, the sequencing cov-
erage of the cells, and the number of cells being sequenced. Dorri
et al. (Salehi et al. 2023) infers the phylogenetic tree based on
CNAs and can infer the SNVs based on the inferred tree.
However, like Phertilizer, the method proposed by Dorri et al. in-
fers CNA and SNV from the same set of the cells, leading to their
SNV calling suffering from a high missing rate while being con-
strained to clone size, sequence coverage, and the number of se-
quenced cells. Leung et al. (2017) paired up clones of SNV cells
andCNA cells and annotated CNAs on a SNV tree on twometastat-
ic colorectal cancer samples, but such integration was performed
mostly manually, and it was on a low resolution instead of on
the cell granularity, requiring the clustering of the cells before
the integration. In this study, we set out to develop a computation-
al tool to infer a phylogenetic tree based on both the CNA cells and
SNV cells from the same sample but through different single-cell
sequencing technologies. Such a tool shall take into account the
sampling bias between CNA cells and SNV cells as well as the
copy number loss signal for inferring SNV losses.

Results

SCsnvcna algorithm overview

We developed SCsnvcna, a publicly available computational phy-
logenetics tool that combines SNVs and CNAs from independent
single-cell data sets of the same sample into one phylogenetic
tree using a Bayesian probabilisticmodel. SCsnvcnahas the follow-
ing features that are advantageous when applied to scDNA-seq:

First, SCsnvcna is error-aware. MDA typically produces data
that has high false-positive (FP) and false-negative (FN) SNVs
(Zafar et al. 2018) in addition to the missing data owing to the
lack of coverage. SCsnvcna models all three types of errors to im-
prove the accuracy of error predictions.

Second, SCsnvcna is bias-aware. SCsnvcna models the cell
sampling bias when the percentage of the cells carrying SNVs
does not agree with the percentage of the cells carrying CNAs oc-
curring on the same tree branch. Furthermore, it can also predict
the bias.

Third, SCsnvcna is SNV-loss-aware. SCsnvcna infers the loss
of SNVs owing to copy number losses and thus implements the
loss-supported evolutionary model proposed by SCARLET (Satas
et al. 2020).

SCsnvcna requires two inputs: a ternary matrix Dn∗m and a
phylogenetic tree. Dn∗m is the observed binary genotypes for
SNVs inferred from scDNA-seq data, where n is the number of
the single cells suitable for SNV detection (called SNV cells in
the following text), and m is the total number of SNV sites. Each
entry Di,j∈ [0, 1, X], where i=0, 1, …, m and j=0, 1, …, n. Here,
the entry values 0, 1, and X denote the absence, the presence,
and the missing entry for SNV cell i at SNV site j. The second input
is a phylogenetic tree T inferred from CNA signals. Such an in-
ferred CNA tree constructed purely based on the CNA signals
will be calledCNA tree in the following text. T is a rooted directed
binary tree with K edges and K+1 nodes. The root of the tree rep-
resents a normal cell that has no somatic CNAs or SNVs. The leaves
of the tree represent the observed single cells that have the copy
number signal, for example, the cells sequenced fromDOP-PCR li-
brary preparation. We call these cells suitable for CNA detection
CNA cells. The internal nodes represent ancestral cells that are
not observed in the data. The CNA tree T can be obtained by run-
ning existing tools such as PAUP (Swofford 2001), MEDICC2
(Kaufmann et al. 2022), or SCICoNE (Kuipers et al. 2020).

We assume thatDn∗m andT are observed from the same patient
sample and that the SNV cells and CNA cells are randomly sampled
fromthe samecell pool. Themajor goal of SCsnvcna is to place SNVs
on the edges of the CNA tree and predict the error rates.

To achieve this goal, SCsnvcna uses a probabilistic model and
Markov chain Monte Carlo (MCMC) to sample the placement of
the SNVs on the edges of the CNA tree and the latent variables
G, θ, and σ, in which G is the underlying genotype matrix; θ is a
set of SNV cell error rates including FP rate α, FN rate β, andmissing
rate γ; and σ models the standard deviation of the cellular preva-
lence (CP) difference between SNV cells and CNA cells. Figure 1
gives an illustration of the model. In particular, given the input
matrixD and theCNA tree, theMCMCsearches for the true under-
lyingGmatrix, the placement of SNVs, the placement of SNV cells,
and the placement of the latent variables θ and σ in an iterative
fashion. In theMethods section, we describe inmore detail the in-
corporation of single-cell errors (θ), the standard deviation of CP
difference between CNA and SNV cells (σ), and the consideration
of mutation loss owing to copy number loss.

Simulation results

We developed a simulator described in the Supplemental
Methods, Section 1, to comprehensively test SCsnvcna under dif-
ferent conditions. We varied 15 variables in the simulation and
broke them into five groups (Methods; Supplemental Methods,
Section 2; Supplemental Table S1) for testing SCsnvcna and com-
pared them with seven state-of-the-art methods: SCARLET (Satas
et al. 2020), COMPASS (Sollier et al. 2023), SiFit (Zafar et
al. 2017), SCG (Roth et al. 2016), RobustClone (Chen et al.
2020), SiCloneFit (Zafar et al. 2019), and BitSC2 (Supplemental
Methods, Section 3; Chen et al. 2022). Among these methods,
SiFit and SiCloneFit only take SNVs as the input and do not infer
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the phylogenetic tree based on any CNA signal. RobustClone takes
either SNV data or CNA data as the input, but not both. SCG only
clusters SNV cells from SNV signal but does not infer a tree. We in-
cluded these methods so that we can compare SCsnvcna with
thosemethods taking only one source of data (SNV cells) as the in-
put. Because SCsnvcna also takes CNAcells as the input in addition
to SNV cells, SCsnvcna is expected to perform better than these
methods. Similarly, SCARLET, COMPASS, and BitSC2 are also de-
signed to take both SNV and CNA signal as the input. Unlike
SCsnvcna, which separates the steps of inferring a tree based
on CNA signal and placing the SNVs on the CNA tree, thesemeth-
ods infer a tree considering SNV and CNA signals simultaneously.
Although theoretically more advantageous, consideration of both
signals at the same time requires an extremely large search space,
which may hinder the ability to achieve the desired global mini-
mum even after searching for a solution for a long time. To empir-
ically check the performance of SCsnvcna compared with these
seven methods, we applied them as well to the 15 simulated data
sets whenever the data sets fit the methods. Notice that although
Phertilizer (Weber et al. 2023) is also a method that combines SNV
and CNA signals to infer a clonal tree, it was developed for high-
throughput ultra-low-coverage data, which does not capture

much of the needed SNV data. Therefore, we did not include
Phertilizer in our comparisons.

Results from the simulated data with sequencing error (group 1), different
scales (group 2), and biological challenges (group 3)

Three performance metrics have been measured to compare the
eight methods, which are genotype error, pairwise SNV error,
and pairwise SNV/CNA error (Methods). Figure 2 shows the perfor-
mance of the methods on a varying FP rate, FN rate, and missing
rate of SNVs, measuring the robustness of the methods in terms
of sequencing error on SNV cells. Figure 3 shows the performance
of themethods on a varying number of tree leaves, number of SNV
cells, and number of SNVs, measuring the scalability of the meth-
ods. Figure 4 shows the performance of the methods on a varying
percentage of CNAs detectable by SNV cells, varyingmutation loss
rate, and varying beta splitting variable, measuring the robustness
of the methods in terms of challenges from the biological process
of forming the tree. More description of these variables can be
found in the simulation process in the Supplemental Methods,
Section 1.

Figure 1. Illustration of SCsnvcnamethod. Inputs are observed data D (a cell-by-SNV matrix) and a CNA tree. Observed data may have FP SNVs (red 1s),
FN SNVs (blue 0s), and missing entries (X). The underlying genotype matrix G along with the CP is initialized based on D. SCsnvcna places SNVs on the
edges of the CNA tree (blue box) and SNV cells on the leaves of the CNA tree (orange box), followed by the update of the latent variables, which areG, the
error rates θ, and the standard deviation of the CP difference between CNA cells and SNV cells (σ). The output of SCsnvcna is the placement of SNVs and
cells on the CNA tree and the predicted values of G, θ, and σ.
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For the first group of data sets investigating the robustness of
the methods in terms of sequencing error, we first varied FP rate in
the SNV data. We found that SCARLET was very sensitive to FP
rates (Fig. 2A). Its genotype error increased from 0.019 to 0.676
when the FP rate increased from 0.001 to 0.05. Similarly, we ob-
served an increase of both pairwise SNV error (about 0.85) and
pairwise SNV/CNA error (about 0.7) for SCARLET when the FP
rate increased from 0.001 to 0.05. Like SCARLET, COMPASS was
sensitive to FP rate (Fig. 2A). Its genotype error increased from
less than 0.1 to more than 0.2 when the FP rate increased from
0.001 to 0.05. In contrast, SCsnvcna was robust to the FP rate. Its
genotype error remained less than 0.033 for all FP rates, whereas
both of its pairwise SNV error and pairwise SNV/CNA error re-
mained below 0.1 for all FP rates. We then varied FN rate while fix-
ing FP rate to its default value (Supplemental Table S1). In this
experiment, we found that SCsnvcna was more sensitive to FN
rate than was SCARLET (Fig. 2B). SCsnvcna’s genotype error in-
creased from 0.002 to 0.06 when the FN rate increased from 0.1
to 0.3. However, even at the FN rate of 0.3, SCsnvcna’s genotype

error was still greater than 0.1 lower
than that of SCARLET under the same
condition. Similarly, SCsnvcna’s pair-
wise SNV error was greater than 0.2 lower
than SCARLET’s, and its pairwise SNV/
CNA error was greater than 0.1 lower
than that of SCARLET when FN rate was
0.3. In the third experiment in this
group, we varied the missing rate of
SNVs and found that SCsnvcna was ro-
bust to missing rate (Fig. 2C). Its pairwise
SNV/CNA error increased slightly with
the increasing missing rate, but even
when the missing rate was as high as
0.3, its pairwise SNV/CNA error re-
mained within 0.05, still about 0.2 lower
than that of SCARLET.

For the second group of data sets in-
vestigating the scalability of the meth-
ods, we first varied the number of leaves
on the tree. We found that BitSC2 not
only failed to place CNAs on the tree
but also was not scalable to any tree
that has 16 or more leaf nodes (Fig. 3).
Similarly, SCARLET was not scalable to
any tree that has 32 or more leaf nodes
as the runs all terminated with errors
but without results (Fig. 3A). In contrast,
SCsnvcna can accommodate all numbers
of leaves in this experiment. We then
fixed the number of leaves to be the de-
fault value (Supplemental Table S1) and
varied the number of SNV cells in the sec-
ond experiment and the number of SNVs
in the third experiment in this group.We
observed that SiFit was extremely sensi-
tive to the number of cells when the
number of mutations was fixed (Fig.
3B). Its genotype error increased from
less than 0.05 tomore than 0.1, and pair-
wise SNV error increased from about 0.11
to about 0.829 when the number of SNV
cells increased from 50 to 500. On the

other hand, SiFit’s performance greatly improved when the num-
ber of SNVs increased, whereas the number of SNV cell was fixed
(Fig. 3C). Its pairwise SNV error decreased from about 0.413 to
about 0.093 when the number of SNVs increased from 20 to
200. The combination of these two experiments showed that
SiFit cannot render good performance when the SNV signal is
lacking. In contrast, SCsnvcna was much more robust in both ex-
periments; that is, its genotype error was within 0.05, and its pair-
wise SNV error was within 0.2 for all variables for these two
experiments (Fig. 3B,C), showing the robustness and scalability
of SCsnvcna in terms of varying SNV cell number and SNV
number.

For the third group of data sets investigating the robustness of
the methods in the face of different biological challenges, we first
tested SCsnvcna’s performance when changing the percentage of
CNAs detectable by SNV cells (Methods; Supplemental Methods,
Section 1). We found that SCsnvcna’s pairwise SNV error and pair-
wise SNV/CNA error decreased with the increase of the percentage
of CNAs detectable by SNV cells (Fig. 4A). This is expected because

A

B

C

Figure 2. Group 1: evaluation of methods given varying sequencing errors. Genotype error, pairwise
SNV error, and pairwise SNV/CNA error are shown for SCsnvcna, SCARLET, COMPASS, SiFit, SCG,
RobustClone, and SiCloneFit on varying FP rate (A), varying FN rate (B), and varying missing rate (C).
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the more CNAs that are detectable by SNV cells, the more con-
straints SCsnvcna will find for the placement of SNV cells.
However, even when there was no constraint of the CNAs, cases
in which the percentage of the CNAs detectable by SNV cells was
zero, SCsnvcna’s genotype error was still within 0.1, much lower
than that of SCARLET and COMPASS. Under the same circum-
stance, its pairwise SNV error was within 0.2, whichwas the lowest
among all methods, and its pairwise SNV/CNA error was slightly
better than that of SCARLET. Notice that SCARLET uses only one
set of cells and thus requires that both CNAs and SNVs are detect-
able within the same set of cells simultaneously as explained also
in the SupplementalMethods, Section 3.1.We then varied themu-
tation loss rate to test how robust SCsnvcna is in the face of differ-
ent degrees of mutation losses in the data set (Supplemental
Methods, Section 1).We found that SCsnvcna’s pairwise SNV error
and pairwise SNV/CNA error increased slightlywith the increase of
mutation loss rate (Fig. 4B). This is expected: As there aremoremu-
tation losses, the more challenging it is for SCsnvcna to place the

SNVs correctly. We observed a similar
trend on SCARLET on pairwise SNV/
CNA error, although SCARLET’s pairwise
SNV/CNA error was much higher than
that of SCsnvcna. The third experiment
in this group was to test the performance
of SCsnvcna in situations of contrasting
subclone sizes on the leaf level, controlled
by beta splitting variable (Supplemental
Methods, Section 1). The larger the beta
splitting variable, the more similar the
subclone CPs are to each other (Fig. 4C).
Similar CPs of subclones pose a challenge
for SCsnvcna because the smaller the
contrast of the CPs, the less identifi-
able the subclones. As expected, we ob-
served SCsnvcna had an increasing
pairwise SNV/CNA error in the increasing
of the beta splitting variable. Although
SCsnvcna relies on the CPs in placing
SNV cells, SCsnvcna’s genotype error re-
mained very low (∼0.08) when the beta
splitting variable was as high as 0.5.
Under the same circumstances, its pair-
wise SNV error and pairwise SNV/CNA er-
ror were both within 0.1 compared with
SCARLET’s, which were above 0.4 and
0.2, respectively.

In all of the above-mentioned three
groups of data sets, SCG achieved a very
low genotype error (less than 0.05) in
almost all cases. However, SCG cannot
estimate the pairwise SNV relationship.
Neither does it infer a tree structure.
Thus, the application of SCG is most use-
ful for clustering SNV cells and achieving
the consensus genotype for each cluster.
RobustClone’s pairwise SNV error was
the highest among all methods for all
experiments, and they were greater than
0.7 for all cases exceptwhen tree leaf num-
ber was eight compared with SCsnvcna,
whose pairwise SNV error was less than
0.15 for a majority of cases. We further

looked into RobustClone’s intermediate result and found that
RobustClone did not place a large number of SNVs on the tree,
whereas these SNVs had very small impact on the genotype error.
This explains why RobustClone can achieve relatively low genotype
error (less than 0.1 formost of the experiments) while having a high
pairwise SNV error. In addition, because RobustClone takes either
SNVs or CNAs as the input but not both, it does not infer CNAs
on the tree. Therefore,we didnot report thepairwise SNV/CNAerror
for RobustClone.

SiCloneFit achieved a comparably low genotype error for al-
most all variables exceptwhen the SNV numberwas at the low val-
ue of 20 (genotype error was near 0.05). However, its pairwise SNV
error was very high (0.2–0.5). After further investigation, we found
that 30%–50% of the pairwise SNV error was owing to the fact that
SiCloneFit mistakenly predicted themutations to be parallelmuta-
tions, and some mutations were not placed on the tree at all, the
latter of which tended to have small VAFs (less than 0.1). Thus,
we conclude that SiCloneFit reached a low genotype error mainly

A

B

C

Figure 3. Group 2: evaluation of scalability. Genotype error, pairwise SNV error, and pairwise SNV/
CNA error are shown for SCsnvcna, SCARLET, COMPASS, SiFit, SCG, RobustClone, SiCloneFit, and
BitSC2 on varying number of tree leaves (A), varying number of SNV cells (B), and varying number of
SNVs (C).
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by adding parallel mutations or not placing the mutations with
low VAFs at all.

In summary, from the first three groups of simulated data
sets, we found that SCsnvcna stood out among the comparison
methods in that it achieved (1) consistently low genotype error,
(2) consistently lowest pairwise SNV error, (3) relatively accurate
inference of pairwise SNV/CNA relationship, and (4) robust scal-
ability when tested with a wide range of values of tree leaves,
SNVs, and SNV cells.

Results from the simulated data with large CP differences (group 4)
and imperfect CNA tree (group 5)

In addition to the parameters examined in the previous three
groups of data sets, we examined SCsnvcna’s performance in com-
parison with other methods when the CP difference between SNV
cells and CNA cells is larger than that is modeled (group 4), and
when the CNA tree structure is imperfect for SNV placement

(group 5). Thus, this section focuses on
the imperfect cases in the face of large
difference between SNV cells and CNA
cells in terms of their CPs and placement
on a tree. First, for group 4, we conducted
experiments that mimicked the sam-
pling bias between SNV cells and CNA
cells, which included three data sets.
The first data set assumed that the CP dif-
ference was according to a Gaussian dis-
tribution whose standard deviation was
a variable that we varied. The second
data set assumed that the CP difference
was not according to a Gaussian distribu-
tion but a Gaussian distribution plus a
beta distribution. Because none of the
othermethodswere affected byCP differ-
ence between SNV cells and CNA cells,
we did not compare with other methods
in this group of experiments. Instead, we
showed our results to investigate how
much the error rates may vary with the
varying variables. In the previous two
data sets in group 4, we treated the CNA
cells’ CPs the same as true CPs. In reality,
the CNA cells’ CPs may differ from the
true CPs owing to the sampling bias.
The third data set assumed that both
the CNA cells’ CPs and the SNV cells’
CPs differed from the true CPs, and
were draw from a multinomial
distribution.

In the first data set, we varied the
standard deviation of the Gaussian dis-
tribution of the CP difference between
SNV cells and CNA cells from 0.01 to
0.1. As seen in Supplemental Figure
S1A, SCsnvcna was robust to both small
and big standard deviations, and there
was not an obvious trend of SCsnvcna’s
performancewith respect to the standard
deviations.

Given that the difference of the
CPs between SNV cells and CNA cells

can bemuchbigger than that aGaussian distributionmodels, we de-
signed a simulation experiment in the second data set of group 4
that imputed aGaussian plus a beta distribution of theCP difference
between SNV cells and CNA cells (Supplemental Methods, Section
2.2). Thus, a node’s CP difference between SNV cells and CNA cells
differed not only by a Gaussian distribution but also by a ratio sam-
pled from a beta distribution. As shown in Supplemental Figure S1B,
SCsnvcna’s error rates did not change significantly when the mean
of the beta distribution increased from zero to 0.8, showing the ro-
bustness of SCsnvcna in the face of large non-Gaussian CP differ-
ence between SNV cells and CNA cells. Moreover, SCsnvcna’s
genotype error rate remainedwithin0.1 andpairwise SNVerror fluc-
tuated around 0.2, showing that SCsnvcna maintained its high ac-
curacy in the face of large CP differences that SCsnvcna did not
model.

Previous experiments did not impose any CP difference be-
tween the CNA cells and the underlying true CP (Supplemental
Methods, Section 1). In reality, it is possible that the CNA cells’

A

B

C

Figure 4. Group 3: evaluation of methods given biological challenges. Genotype error, pairwise SNV
error, and pairwise SNV/CNA error are shown for SCsnvcna, SCARLET, COMPASS, SiFit, SCG,
RobustClone, and SiCloneFit on varying percentage of CNAs detectable by SNV cells (A), varying muta-
tion loss rate (B), and varying beta splitting variable (C).
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CPs differ from the true CP. Moreover, the difference between the
SNV/CNA cells’CPs and the true CPsmay not be corresponding to
a Gaussian distribution. In the third experiment, we tested
SCsnvcna’s performance when both the SNV cells’ CPs and the
CNA cells’ CPs differ from the true CP by a non-Gaussian distribu-
tion (Supplemental Methods, Section 2.3), and compared our re-
sult with SCARLET and COMPASS as these two methods can take
both CNA and SNV signals simultaneously. We found that with
such a setting in which both CNA cells’CPs and SNV cells’CPs dif-
fer from the true CPs, our genotype error stays lower than 0.06
compared with SCARLET’s (greater than 0.2) and COMPASS’s
(greater than 0.12) (Supplemental Fig. S1C). Our pairwise SNV er-
ror increases to a little lower than 0.2, but it is stillmuch lower than
that of SCARLET (0.44) and COMPASS (0.38). As expected, our
pairwise SNV/CNA error increases the most, to 0.225. However,
it is still lower than that of SCARLET, which is more than 0.25.

In addition to large CP differences between SNV cells and
CNA cells, in the real case scenario, it is also possible that the
CNA tree’s structure differs greatly from the underlying phyloge-
netic tree, owing to either missing CNA subclones because of the
sampling bias or the lack of the CNAs that can distinguish two sub-
clones of SNV cells. To examine SCsnvcna’s performance in such
situations, we simulated three data sets that are grouped into group
5. These three data sets examined the cases in which some branch-
es on the true phylogenetic tree did not have CNAs to distinguish
two subclones, some of the leaf nodes on the CNA tree were miss-
ing owing to sampling bias, and the CNA tree was a bulk CNA tree
(Supplemental Fig. S2).

The first experiment in group 5 simulates the case when the
CNAs that can distinguish two SNV cells are lacking; in other
words, there are some subclones that can be distinguished by
SNVs but not CNAs (Supplemental Methods, Section 2.4). Such a
situation is possible when two sets of cancer cells share a set of
CNAs but not necessarily so for the SNVs. Therefore, these cancer
cells are distinguishable by SNVs but not CNAs. Because SCsnvcna
does not aim at correcting the CNA tree structure, we designed the
following experiment to test the robustness of SCsnvcna when
there are no corresponding edges/nodes in the CNA tree for SNVs.

The purpose is to examine SCsnvcna’s performance when the
CNA tree does not have all edges where the SNVs could have been
placed. We ran SCsnvcna on the CNA tree along with other meth-
ods and showed the results in Supplemental Figure S2A. We did
not run SiFit, SCG, RobustClone, and SiCloneFit on this set of sim-
ulated data because their algorithms do not use both CNA and SNV
signal. We did not run BitSC2 as it was not scalable to a tree with 16
leaf nodes. Instead, we compared with SCARLET and COMPASS,
both of which took into account the CNA signal. We found that al-
though SCsnvcna’s genotype error and pairwise SNVerror increased
with the increase of percentage of internal nodes whose child nodes
were deleted, its error rate remained among the lowest regardless of
the percentage values. Notably, SCsnvcnawas the onlymethod that
had a genotype error less than 0.1 when 50% of the internal nodes’
child nodes were deleted. Its pairwise SNV error was similarly favor-
able at less than 0.3 when 50% of the internal nodes’ child nodes
were deleted. In this experiment, we found that COMPASS was ro-
bust to the changing CNA tree structure. This was expected as
COMPASS did not take a CNA tree structure as the input. Instead,
it estimated theCNAs given the read counts on each targeted region.
However, SCsnvcna’s genotype error and pairwise SNV error were
smaller than COMPASS’s for all cases tested in this experiment,
even at the highest percentage of internal nodes whose child nodes
were removed. In all, although SCsnvcna’s performance was sensi-

tive to a CNA tree structure that does not have all edges where the
SNVs should have been placed, it outperformed SCARLET and
COMPASS in all values of percentage of internal nodes whose child
nodes were removed. This shows that SCsnvcna is eligible to be ap-
plied to the situation when the CNA tree does not necessarily have
all edges to distinguish two subclones.

The first experiment in this group focused on the lack of the
CNAs to distinguish two subclones. For the second experiment in
this group, we focused on the case when the sampling bias during
the sequencing of cells led to missing CNA subclones in the CNA
tree. Sampling bias of the CNA cells may occur when the cells are
sampled and distributed for SNV detection and CNA detection,
leading to that one ormore of the subclones at not being represent-
ed by any CNA cells. Subsequently, the inferred CNA tree lacks the
leaf nodes to represent the missing subclones. To test SCsnvcna’s
performance in the presence of missing leaf nodes in the CNA
tree, we removed a certain percentage of leaves on the CNA tree ac-
cording to the CPs of the leaf nodes (Supplemental Methods,
Section 2.5). Such a percentage was a variable that we varied in
this experiment. Supplemental Figure S2B showed the genotype
error, pairwise SNV error, and pairwise SNV/CNA error of applying
SCsnvcna to the CNA tree that lacked leaf nodes to different per-
centages. In this experiment, we did not compare with SCARLET
and COMPASS because they do not distinguish SNV cells and
CNA cells, and thus, lacking CNA cells means lacking both SNV
cells and CNA cells. As shown in the figure, SCsnvcna’s genotype
error remained below0.05 for all three percentages (10%, 25%, and
50%) of missing leaf nodes being tested, and their difference from
each other was very small (less than 0.01). This showed that
SCsnvcna is robust to missing leaf nodes on the CNA tree.
SCsnvcna’s pairwise SNV error and pairwise SNV/CNA error did
not show a clear trend, whereas the pairwise SNV error was around
0.2 and pairwise SNV/CNA error was around 0.25. In summary,
SCsnvcnawas robust to a CNA tree that lacked some leaf nodes ow-
ing to the sampling bias.

In the next experiment,we evaluated howSCsnvcnamayper-
form when the CNA tree was from multisample bulk sequencing,
called “bulk tree” in the following text (Supplemental Methods,
Section 2.6). This experiment is interesting because when the sin-
gle-cell sequencing for CNA detection is lacking, the CNA tree in-
ferred from single-cell sequencing (called “single-cell CNA tree” in
the following text) may be replaced with the bulk tree should the
latter exists. Themajor difference between a bulk tree and a single-
cell CNA tree is that a bulk tree does not render accurate CPs and
that a bulk tree may not render as many leaf nodes as a single-
cell CNA tree, both of which are owing to the lack of samples com-
pared with the number of single cells. It is expected that when the
leaf node number is small, some subclones are not represented by
the bulk samples, and the SNVs unique to thosemissing subclones
cannot be placed correctly on the corresponding bulk tree.
Supplemental Figure S2C showed results when the number of
bulk samples is four and eight. The results of SCsnvcna that took
the original single-cell CNA tree that had 16 leaf nodes as the input
were also shown as the reference. As expected, the smaller the
number of bulk samples, the higher the genotype error and pair-
wise SNV error (Supplemental Fig. S2C). However, SCsnvcna’s ge-
notype error was within 0.1 for all number of bulk samples in this
experiment. The pairwise SNV error dropped from more than 0.5
to less than 0.2 when the number of bulk samples increased
from four to eight, showing the importance of having multiple
bulk samples representing different subclones for an accurate
SNV placement when the input tree was a bulk tree. Because a
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big portion of the CNAs were missing in the bulk tree, we did not
evaluate the pairwise SNV/CNA error for this experiment.

Results from the simulated data generated by a different simulator

To further show SCsnvcna’s robustness to different data sets, we
used a different simulator from ours as reported by Sollier et al.
(2023) to generate additional simulated data sets for orthogonal
validation (Supplemental Methods, Section 5). In total, we simu-
lated three data sets using the simulator reported by Sollier et al.
(2023) to test the robustness of our method, varying the number
of cells, number of mutations, and number of nodes on the tree
(Supplemental Methods, Section 5). We then ran SCsnvcna on
the three sets of the simulated data in two ways, with and without
constraining the SNV cell placement, and compared with
COMPASS and BiTSC2. Notice that both COMPASS and BiTSC2 as-
sumed that the SNVs and CNAs were detected from the same set of
cells and, thus, fixed the SNV cell placement. Therefore, the run of
SCsnvcna with constraining the SNV cell placement had a fairer
comparisonwithCOMPASS and BiTSC2 than the runwithout con-
straining the SNV cell placement. In this experiment, we did not
compare with SCARLET because the simulator does not provide
the list of potential loss ofmutations owing to loss of copies, which
was required by SCARLET.

As shown in Supplemental Figure S3A, SCsnvcna’s perfor-
mance was the best of all methods tested when the SNV cells
were constrained. Even when no SNV cell was constrained,
SCsnvcna’s performance was still comparable to COMPASS’.
BiTSC2’s performance was much worse than the other methods
when the SNV cell number was greater than 100.

We observed from Supplemental Figure S3B that COMPASS’
genotype and pairwise SNV error rates increased quickly when
the number of mutations increased to 200, whereas SCsnvcna
was robust to varying numbers of mutations. We also observed
that BiTSC2 achieved much lower error rates when the number
of mutations increased to 100. The combination of varying num-
ber of cells and varying number of mutations showed that BiTSC2

performs worse when the number of SNV cells increases or when
the number of mutations decreases, whereas COMPASS had the
opposite trend. In the simulated data sets proposed in this paper,
we also observed the COMPASS’ performance declined when the
number of mutations increased.

Lastly, Supplemental Figure S3C showed the result when
we varied the number of subclones between eight and 16. We
found that COMPASS’ genotype and pairwise SNV error rates in-
creased when the number of subclones increased to 16. Just
as the previous simulated data sets showed, BiTSC2 failed to pro-
duce any result when the number of subclones was 16. However,
SCsnvcna consistently performed well for the cases of both eight
and 16 subclones. Consistent with the previous observations,
SCsnvcna performed the best of all methods tested when the
SNV cells were constrained.

Because the data created by this simulator has both SNVs and
CNAs on the same cell in the ground truth, we further evaluated
whether SCsnvcna assigns the SNVs and CNAs to each cell correct-
ly. To be specific, we calculated the recall, which evaluated the per-
centage of SNVs that was correctly assigned to a cell among all
SNVs that a cell truly contained, and the precision, which evaluat-
ed the percentage of the true SNVs a cell contained among all SNVs
that were assigned to the cell. We also evaluated the recall and pre-
cision for CNAs similarly to the SNVs. We found that >72% cells
had greater than 0.8 recall and precision for both SNVs and

CNAs, showing that SCsnvcna by large correctly placed the SNV
cells and SNVs.

In summary, given the simulator published by Sollier et al.
(2023), we observed similar trends of SCsnvcna, COMPASS, and
BiTSC2 as to what we observed in the data sets simulated by the
simulator reported along with this study. With the three sets of
data simulated, we found that SCsnvcna consistently produced re-
sults with low genotype and pairwise SNV errors and was the most
robust of all methods tested.

Mutation loss detection

In addition to genotype error, pairwise SNV error, and pairwise
SNV/can error, we also measured the sensitivity and specificity of
SNV loss detection for SCsnvcna and SCARLET. We did not mea-
sure the SNV loss detection accuracy for the other methods
because they did not detect SNV loss owing to copy number loss.
The results have been shown in Supplemental Figure S4.
Although SCsnvcna’s sensitivity of SNV loss detection was not as
high as SCARLET’s, its specificity was higher than that of
SCARLET. In fact, its specificity stayed between 0.9 and 1.0 for al-
most all 11 experiments. Thus, we concluded that SCsnvcna is
more conservative in predicting SNV losses than is SCARLET.
Achieving a more sensitive detection of SNV loss is a future exten-
sion work of SCsnvcna.

Real data experiment: CRC patient tumor data

The two scDNA-seq data sets on metastatic colorectal cancer, the
CRC1 and CRC2 patient tumor data sets (Leung et al. 2017), serve
perfectly the purpose of this study because they both contain CNA
cells and SNV cells sampled from the same patient, respectively. To
bemore specific, for both CRC1 andCRC2 patient tumor data sets,
CNA cells and SNV cells were sequenced from different single-cell
sequencing technologies. The CNA cells were sequenced by the
single-nucleus sequencing (SNS) (Navin et al. 2011), whereas the
SNV cells were sequenced by highly multiplexed scDNA-seq
(Leung et al. 2016), targeting 1000 cancer gene panel that resulted
in 137× of mean coverage depth and 0.92 of average coverage
breadth (Leung et al. 2017).

In addition, the CRC2 data set is composed of a primary tu-
mor sample and two metastatic samples (called M1 and M2), and
there have been controversial conclusions regardingwhether there
have been “bridgemutations” in between the twometastases, that
is, whether the primary tumor continued to gain more mutations
after the first metastasis occurred and reseeded, which led to the
second metastasis. We therefore are interested in applying
SCsnvcna to CRC2 to investigate the data by considering both
CNAs and SNVs on the same phylogenetic tree.

Applying SCsnvcna to CRC patient tumor data sets

In the following, we describe how we applied SCsnvcna to the
CRC2 patient tumor data set, as well as the CRC1 patient tumor
data set. Because the CRC2 sample has sequencing data from
both the primary colon tumor and two metastasis tumors, we
used the aneuploid SNV and CNA cells from all three sites.

We used a total of 42 CNA cells in our CNA analysis from the
primary colorectal/colon tumor site and liver metastasis sites in
our CNA analysis. Sixty-seven SNV cells and 30 SNV sites were in-
cluded as our input to SCsnvcna. Notice thatwe used theCNA cells
from all three tumors (primary, M1, and M2) of the same patient
sample for inferring the CNA treewithout fixing their genealogical
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order. This allows for primary cells to be in a parallel branch of the
metastasis cells or even occur later than the metastasis cells.
Because the diagnosis of the primary tumor and the twometastatic
tumors in CRC2 occurred at the same time (Leung et al. 2017), the
primary tumor cells may have evolved after the metastasis hap-
pened, as also recognized by Leung et al. (2017). Therefore, instead
of assuming that all primary cells stay closer to the root than M1
and M2, we used MEDICC2 (Kaufmann et al. 2022) to infer the
CNA tree based on all CNA cells in order to best explain the lineage
of the primary cells and the two sets of metastatic cells in CRC2.

The CRC1 data set has the tumor cells from both the primary
tumor (colon) and metastatic site (liver) (Leung et al. 2017). In to-
tal we used 66 SNV cells and 31 CNA cells, and a total of 15 SNVs
were identified from the SNV cells, which served as the input to
SCsnvcna. Like CRC2, the CNA cells from both the primary tumor
and metastasis were used for inferring the CNA tree by MEDICC2,
and no prior knowledge of their genealogical order was given to
MEDICC2.

Results of CRC2 patient tumor data set

A simplified phylogenetic tree as the output of SCsnvcna on CRC2
is shown in Figure 5. A detailed phylogenetic tree with the labels of
the single cells is shown in Supplemental Figure S5.

Consistent with the published findings (Leung et al. 2017),
SCsnvcna also inferred a polyclonal seeding on the liver and
bridge mutations on the trunk after the first metastasis but before
the second one.More specifically, SCsnvcna inferred that SNVs in
NRAS, CDK4, APC.1, TP53, MYH11, and LINGO2.1 occurred be-
fore the gain of copies on oncogenes BCL9, ABL2, ETV5,
PIK3CA, and BCL6. Subsequently, SCsnvcna placed SNVs in
STRN and MN1 on the trunk. SCsnvcna then inferred that there
was a seeding to M1 after the gain of mutation in LINGO2.2.
On the trunk after this seeding, SCsnvcna inferred the gain ofmu-
tations inCHN1, FHIT, and APC.2, the bridgemutations that were
also inferred by Leung et al. (2017) before the second seeding that
led to M2.

Regarding the placement of the SNVs on M1, SCsnvcna and
the results from Leung et al. (2017) were consistent in placing
the SNVs in LINGO2.2, LINGO2.3, F8, SPEN, LAMB4, PIK3CG,
PTPRD, LINGO2.4, and IL7R. In addition, like Leung et al.
(2017), SCsnvcna also placed the SNV in LINGO2.2 on top of the
M1 cells, consistent with the interpretation that LINGO2.2 was
an initiating mutation contributing to the first metastasis in the
liver.

Similarly, the analysis ofM2 showed that the SNVs inNR4A3,
FUS, PRKCB, TSHZ3, and HELZ were placed on M2 by both
SCsnvcna and Leung et al. (2017). Unlike Leung et al. (2017),
SCsnvcna placed ATP7B at the start of M2 instead of on the
main branch as a bridge mutation. Although the work of Leung
et al. (2017) showed strong read count support that the SNV in
ATP7B occurred in M2 but not in M1, it failed to show that
ATP7B occurred in the primary tumor cells as well. In fact, as
shown by Leung et al. (2017), therewere only four out of 18 prima-
ry tumor cells that had strong support of having ATP7B. Thus, our
placing ATP7B at the start of M2 has more biological support com-
pared with considering it as a bridge mutation, illustrating the
power of SCsnvcna to refine SNV placement and bridge mutation
determination in complex multitumor samples.

After the occurrence of M2, both SCsnvcna and Leung et al.
(2017) inferred that the primary tumor cells continued to gain
more SNVs in LINGO2 and LRP1B (listed as UAP1B in Leung

et al. 2017), confirming that these SNVs were the last few gained
in primary tumor cells before the synchronized diagnosis and tu-
mor resection occurred.

We note that the SNVs in CHN1, FHIT, and APC2, although
classified as bridgemutations by Leung et al. (2017) and confirmed
by SCsnvcna, were not indicated as bridge mutations by SCARLET
(Satas et al. 2020). Instead, SCARLET placed the SNVs in CHN1,
FHIT, and APC on the trunk before M1 occurred, and inferred
that theywere not detected inM1 cells owing to copy number loss-
es on M1 branches. However, such an explanation is not consis-
tent with the copy number states, which are the same for M1
and M2 for each of the bridge mutations mentioned above
(Leung et al. 2017).

We then investigated SCsnvcna’s placement of SNV cells by
comparing their clustering result with the anatomical origin
from the patient. We found that SCsnvcna grouped the SNV cells
into threemain clusters: primary,M1, andM2, consistent with the
resection sites in the patients. Specifically, 13 out of 15 cells that
were clustered by SCsnvcna have been categorized as M1 by

Figure 5. A simplified phylogenetic tree for CRC2 inferred by SCsnvcna.
Circles represent the tumor clones. Metastatic cells belonging to M1 and
M2 are highlighted inmagenta and orange, respectively, whereas all other
nodes represent cells in the primary tumor. The genes of CNAs and SNVs
are annotated on the edges of the tree. SNVs are highlighted with the blue
background. CNAs are in the white background. Copy number gains and
losses are grouped in each line and are denoted by a leading “+” and “−”
sign, respectively.
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Leung et al. (2017). SCsnvcna clustered 12 out of 13 SNV cells that
were classified as M2 by Leung et al. (2017).

Results of CRC1 patient tumor data set

A simplified phylogenetic tree as the output of SCsnvcna on CRC1
is shown in Figure 6. A detailed phylogenetic treewith the labels of
the single cells is shown in Supplemental Figure S6.

Consistent with the work of Leung et al. (2017), SCsnvcna
inferred two subclones, the primary tumor and metastasis. Specif-
ically, consistent with work of Leung et al. (2017), SCsnvcna
placed SNVs at APC, KRAS, TP53, FAT3, MYH9, TDRP, CCNE1,
ROBO2, and TCF7L2 on the trunk. SCsnvcna then inferred that
there was a seeding to metastasis after the gain of mutation in
POU2AF1. This is consistent with the timing of the metastasis in-
ferred by Leung et al. (2017). On the trunk after this seeding,
SCsnvcna inferred the gain of a mutation in TPM4, consistent
with work of Leung et al. (2017).

On themetastatic tumor, SCsnvcna placed five SNVs: SNVs at
RBFOX1, ZNF521, EYS, TRRAP, and GATA1. These five SNVs were

the same as those placed on metastasis by Leung et al. (2017). In
terms of SNV cell placement, SCsnvcna placed all SNV cells to their
corresponding CNA subclones; that is, primary SNV cells were
placed on the primary subclone, whereas metastatic SNV cells
were placed on the metastatic subclone.

Discussion

We developed SCsnvcna, an open-source computational tool that
places SNVs and SNV cells on a CNA tree for scDNA-seq data. The
algorithm is based on the following: that the SNV cells and CNA
cells from the same subclone shall have close CPs and that the
SNV cells evolve along a tree, and thus, the SNVs shall be con-
strained on a tree. SCsnvcna takes into account the scDNA-seq-
specific errors such as FP and FN rates, the missing errors, and
the potential loss of SNVs owing to copy number losses.
Moreover, SCsnvcna can use the limited CNA signal from the
SNV cells to constrain the SNV cell placement on a CNA tree.
Finally, SCsnvcna was designed to model and thus tolerate the
sampling bias between CNA and SNV cells.

Fifteen simulated data sets have been used to examine the
performance of SCsnvcna in comparison with seven state-of-the-
art methods: SCARLET, COMPASS, SiFit, SCG, RobustClone,
SiCloneFit, and BitSC2. We found that SCsnvcna’s performance
was robust with regard to sequencing error rates, CP differences be-
tween SNV cells and CNA cells, and various imperfect CNA tree
structures.Moreover, SCsnvcna is scalable to awide range of values
of leaf nodes, SNVs, and SNV cells. In most of the cases, including
those that SCsnvcna is sensitive to such as imperfect input tree
structure and varying CP differences between SNV cells and CNA
cells, SCsnvcna’s genotype error rate, pairwise SNV error rate,
and pairwise SNV/CNA error rate were among the lowest of all
methods. In addition, we tested SCsnvcna on an orthogonal sim-
ulated data set and found that SCsnvcna consistently generated re-
sults with low genotype and pairwise SNV errors. In all, SCsnvcna
is the only method of all eight that has a good balance of high ac-
curacy, robustness, and scalability.

We applied SCsnvcna to the CRC2 and CRC1 patient tumor
data sets. On the CRC2 patient tumor data set, we found that
SCsnvcna’s placement of SNVs was consistent with that of
Leung et al. (2017). SCsnvcna also correctly placed most of the
cells, which clustered into primary and two metastasis groups
that were consistent with their anatomical sites. SCsnvcna inferred
three “bridge” SNVs on the trunk between the two metastases,
which was consistent with the conclusion from the original study
on CRC2 by Leung et al. (2017), thus confirming that there was a
bridging and reseeding process after the first metastasis was
formed. However, SCsnvcna did not infer the SNV at ATP7B as a
bridge mutation like Leung et al. (2017). Instead, SCsnvcna in-
ferred it to be placed at the start of M2. Such a placement has a
stronger support from the sequencing data than placing the SNV
at ATP7B as a bridge mutation. In the application of SCsnvcna to
the CRC1 patient tumor data set, SCsnvcna correctly inferred the
placement of the SNVs on both the primary and the metastatic
CNA cell subtrees. SCsnvcna also placed the SNV cells at the posi-
tions consistent with their original resection sites.

We acknowledge that the existing state-of-the-art single-cell
CNA detection tool does not always infer the ploidy and absolute
copy number profile correctly. Although we manually corrected
the ploidies for CRC2 data set based on the conclusion from
Leung et al. (2017), we also provided a solution on how to detect
wrongly inferred ploidies and how to correct them, seen in the

Figure 6. A simplified phylogenetic tree for CRC1 inferred by SCsnvcna.
Circles represent the tumor clones. Metastatic cells are highlighted in or-
ange, whereas all other nodes represent cells in the primary tumor. The
genes of CNAs and SNVs are annotated on the edges of the tree. SNVs
are highlighted with the blue background. CNAs are in the white back-
ground. Copy number gains and losses are grouped in each line and are
denoted by a leading “+” and “−” sign, respectively.
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Supplemental Methods, Section 6.We expect CNA detection tools
will continue to be developed to strengthen the accuracy of ploidy
inferences in the future.

We also noticed that in CRC2 data analysis, a few genes, such
asCDX2,CDK8, andABL2, have been predicted to be gained or lost
more than once by MEDICC2. This is because MEDICC2 allows
homoplasy and does not hold the infinite site assumption,making
MEDICC2 more realistic in inferring a CNA tree (Kaufmann et al.
2022). As also stated byMallory et al. (2020b), violations of infinite
site assumption on CNAs are expected to occur much more fre-
quently than SNVs. Further, such genomic instability is especially
common in metastasis (Bakhoum et al. 2018). However, it is
challenging to validate the genomic instability experimentally.
To the best of our knowledge, MEDICC2 is the most advanced
CNA tree inference tool so far that does not assume independent
bins and thus allow overlapping CNAs, does not hold the infinite
site assumption, does not limit the sequencedCNAprofiles to have
occurred in the internal nodes of the tree, and is also computation-
ally efficient. That being said, SCsnvcna’s implementation allows
for the input of CNA trees from other methods and is not just lim-
ited to the one from MEDICC2. When more advanced CNA tree
inference methods are developed in the future, SCsnvcna’s perfor-
mancemay be further improved alongwith the increased accuracy
of the input CNA trees.

One futurework of improving SCsnvcna is to enhance its sen-
sitivity to mutation loss detection. Specifically, for thosemutation
losses caused by copy number losses, comparing the read depth on
the locus where themutation losses occur with its flanking regions
will help to identify and thus resolve themolecular and evolution-
ary nature of mutation losses.

Another interesting route for future development is to place
CNAs on an SNV-based tree. We did not pursue this route because
the CNA tree provides us with the information of copy number
losses, which can guide the placement of SNVs in cases of muta-
tion losses.

A third route is to jointly infer the phylogenetic tree, the
placement of SNVs and CNAs, and the placement of SNV cells
and CNA cells simultaneously. This route is even more necessary
when a subtree on a phylogenetic tree lacks any CNA. In such a
case, theCNA tree structurewill not include such a subtree, leading
to inaccurate placement of SNVs by SCsnvcna. Jointly inferring
the phylogenetic tree is therefore needed because the resulting
tree structure is formed by not only CNAs but also both CNAs
and SNVs. Nevertheless, jointly inferring the phylogenetic tree
will involve a much bigger solution dimension and thus will be
computationally challenging. Developing computationally effi-
cient solutions or using parallel computing will be considered to
resolve such challenge.

Because it is possible that the data given is not only from
scDNA-seq but also from the bulk sequencing, a fourth route is
to infer a phylogenetic tree given the bulk sequencing data in ad-
dition to the scDNA-seq data, which are all from the same sample.
Specifically, the variant allele fraction (VAF) of the SNVs inferred
from the bulk sequencing data can serve as a constraint in placing
the SNVs on the CNA tree in the sense that the VAF of a SNV shall
be consistent with the CP of the same SNV from the scDNA-seq
data. A more complex statistical model can be developed that in-
volves such a comparison of the VAFs from the bulk sequencing
and CPs from scDNA-seq.

Finally, we noticed that there is a trend of fully using the
high-throughput ultra-low-coverage sequencing data alone to in-
fer a clonal tree (Weber et al. 2023). Extending SCsnvcna to be

applicable to such data without having high-coverage data is envi-
sioned for future iterations of our methodology development.

In conclusion, SCsnvcna offers a powerful new computation-
al phylogenetics tool that solves the challenge of integrating previ-
ously disparate single-cell data sets by placing SNVs on a CNA tree.
SCsnvcna can validate and reveal interesting order and interplay
between SNVs and CNAs in tumor progression and thus boost
the understanding of how tumor gains newmutations and grows.
With the decrease of the sequencing cost, SCsnvcna has shown
value with potential for wide application to multiple scDNA-seq
data sets, helping to advance our comprehension of the complex
biology of tumor growth and intra-tumor heterogeneity.

Methods

Model of single-cell errors

The observed genotype matrix of SNVs D is different from the
true underlying genotypematrixG, a n∗m binary genotypematrix,
owing to the sequencing errors. We model the errors in D as θ,
where θ= {α, β, γ}, inwhich α, β, and γ represent FP, FN, andmissing
error rates. The probability of D given G and θ is described in
Equation 1:

P(Di,j|u, Gi,j) =

g, if Di,j = X, Gi,j = 0
g, if Di,j = X, Gi,j = 1
1− a− g, if Di,j = 0, Gi,j = 0
b, if Di,j = 0, Gi,j = 1
a, if Di,j = 1, Gi,j = 0
1− b− g, if Di,j = 1, Gi,j = 1

⎧⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎩

(1)

Using CP to place SNVs on a CNA tree

TheCP of a SNV j, �Vj, can be calculated by Equation 2 given its true
underlying genotype Gi,j for all cells:

�Vj =

∑n
i=0

Gi,j

n
(2)

Given the CP for a SNV j, SCsnvcna searches the most fitting
branch on tree T to place SNV j. Specifically, suppose the percent-
age of CNA cells in T under an edge Ek is V̂k. We place SNV j on the
edge Ek whose V̂k is closest to �Vj. This is based on the assumption
that SNV and CNA cells are from the same patient sample and,
thus, the same underlying phylogenetic tree. To consider potential
sampling bias, we model the distance between the two CPs, d�Vj ,V̂k

,
by a Gaussian distribution, which has zero mean and σ as the stan-
dard deviation. σ represents the sampling bias, which is a latent
variable to be inferred by our MCMC sampling algorithm or given
by the user.

Using the CNAs on SNV cells to limit the placement of SNV cells

Although the SNV cells are mainly for the detection of SNVs, it is
still possible to detect some CNAs at a lower resolution. Should
these CNAs overlap with those CNAs detected from CNA cells,
SCsnvcna will constrain the SNV cells that contain these CNAs
to the leaves whose CNA cells contain the same CNAs. Because
the path from the root to the node where the SNV cell is placed
spells out the SNVs that the cell carries, the placement of SNV cells
constrains the placement of SNVs. Thus, the CNA signal on SNV
cells, although limited, constrains not only the placement of
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SNV cells but also the placement of SNVs on the edges of the CNA
tree.

Deciding which leaves on the CNA tree that the SNV cells
are constrained to is a preprocessing step of SCsnvcna. We imple-
mented two strategies to provide a list of leaf nodes, and users can
choose either way should they provide the copy number profiles of
both CNA cells and SNV cells. The first strategy is applicable when
there are very limited number of CNAs detectable on the SNV cells.
Specifically, for a SNV cell i, if one of its CNAs overlaps with a CNA
u detected fromCNA cells by at least p%,we limit the placement of
the SNV cell i on only the leaves of the subtree whose root is the
node below the edge where u occurs. If more than one CNA on
the SNV cell i overlaps with those detected from CNA cells, the
placement of cell iwill be the intersection of the nodes constrained
by each of the overlapping CNAs. Unlike the first strategy, to con-
strain a SNV cell to a CNA leaf node, the second strategy requires
this SNV cell to contain >x% of the CNAs specific to this CNA
leaf node. To infer the list of the CNAs specific to a CNA leaf
node, an existing clustering method, such as HDBSCAN
(McInnes et al. 2017), can be applied to cluster the CNA cells
into different groups. Then, the list of unique CNAs for a group,
A, can be identified by identifying the CNAs appearing in >y% of
the cells in group A but appearing in <z% of the cells in all other
groups. If a cell can be constrained tomultiple leaf nodes, its place-
ment will be within the range of the union of these leaf nodes.
Section 7 in the Supplemental Methods describes how to tune x
to achieve the most effective constraints of the SNV cells.

Loss of SNVs owing to copy number loss

It is possible that a SNV is lost owing to the copy number loss.
Thus, all the SNV cells that obtained the SNV followed by a copy
number loss may not show signal of this SNV on the D matrix
any more. SCsnvcna is capable of detecting such SNV loss owing
to copy number loss. Should SCsnvcna determine a certain SNV
is lost owing to copy number loss, there is no penalty in the CP dis-
tance between the CNA cells and SNV cells; that is, the nodes un-
der the edge of the copynumber loss are not counted in calculating
the CPs of CNA cells or SNV cells.

In the case of multiple equally good solutions while consider-
ing the loss of SNVs owing to copy number loss, we randomly se-
lect one of the best trees.

Probabilistic graphic model of SCsnvcna

Figure 7 shows the probabilistic graphic model of SCsnvcna.

The distributional assumptions for all variables are as follows:

a|aa, ab � Beta(aa, ab)

b|ba, bb � Beta(ba, bb)

g|ga, gb � Beta(ga, gb)

s|sa, sb � Beta(sa, sb),

Dij � E(Dij|Gij, a, b, g)

Mk
j �

∏n
i=1

P(Mk
j |Gij, s)

Cyi
i �

∏m
j=1

P(Di,j|yi, Mk
j )

where E denotes the errormodel in the data defined by Equation 1.
αa, αb, βa, βb, γa, γb, σa, and σb are latent variables controlling α, β, γ,
and σ. Mk

j denotes the event of placing SNV j on edge Ek. C
yi
i de-

notes the event of placing cell i on leaf yi. We describe the details
of calculating the probability of placing SNV cell i on leaf node yi
given Mk

j in the next section. P(Mk
j |Gij, s) denotes the probability

that SNV j occurs on edge Ek given all the cell placement and cor-
rect genotypes. P(Mk

j |Gij, s) can be rewritten as P(Mk
j | �Vj, s) as we

use the CP to find the best-fitting placement of a SNV, whereas
P(Mk

j |�Vj, s) is defined in Equation 3:

P(Mk
j | �Vj, s) = Gaus(d�Vj ,V̂k

|m = 0, s)

= 1

s
����
2p

√ exp
1
2
∗

d �Vj ,V̂k

s

( )2
⎛
⎝

⎞
⎠ (3)

To consider the loss of SNVs owing to copy number loss, when a
SNV overlaps with a CNA, we define V̂kj as the fraction of the
CNA cells that share edge Ek on the path to the root and have no
copy number losses overlapping with mutation j. P(Mk

j | �Vj, s)
then becomes

P(Mk
j | �Vj, s) = Gaus(d �Vj ,V̂kj

|m = 0, s)

= 1

s
����
2p

√ exp
1
2
∗

d�Vj,V̂kj

s

( )2
⎛
⎝

⎞
⎠ (4)

We use Equation 4 to calculate P(Mk
j |Gij, s) to facilitate the detec-

tion of mutation losses owing to the copy number losses.
The joint distribution of all parameters is

P(M, D, G, C, u, s) = P(D|G, u)P(M|G, s)P(u)P(C|M)P(s)P(G) (5)

MCMC sampling

SCsnvcna’s MCMC sampling is composed of three parts: (1) the
placement of SNVs, which is coupled with the sampling of the
placement of SNV cells; (2) θ; and (3) σ. For part 1, we first make
a proposal of the change of a SNV placement on any edge other
than the current one that the SNV is placed. To decide whether
we will accept such a replacement, we consider the distances of
the CPs between the SNV cells and CNA cells as well as the error
model of SNVs cells given the previously updated G and θ. The
calculation of these probabilities requires the updated placement
of cells corresponding to the new placement of SNVs. We there-
fore usemaximum likelihood to place the cells so that the updated
placement of cells can best explain data D given the updated SNV
placement and previously updated G and θ. To be more specific,
the probability of placing cell i on leaf yi given that SNV j comes
from branch Ek, P(C

yi
i |Mk

j ), can be redefined as
∏m

j=1 P(Di,j|yi, Mk
j ),

Figure 7. Probabilistic graphic model of SCsnvcna. Shaded nodes are
given parameters or input data. Unshaded nodes are the latent variables
to be inferred.
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whereas P(Di,j|yi, Mk
j ) is defined in Equation 6:

P(Di,j|yi, Mk
j ) =

g, if Di,j = X
1− b− g, if Di,j = 1, yi [ s(Ek)
a, if Di,j = 1, yi � s(Ek)
b, if Di,j = 0, yi [ s(Ek)
1− a− g, if Di,j = 0, yi � s(Ek)

⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

(6)

where s(Ek) is the set of leaves who share the branch Ek on the path
to the root.

To consider the possibility that mutation j is lost in a subtree
after being gained on Ek, we sample the edge where j is lost as fol-
lows. In the subtree whose trunk is Ek, if there is any copy number
loss that overlaps with j, we randomly sample an edge, say El, that
contains such a copy number loss, and decide that mutation j is
lost on the entire subtree whose trunk is El by a uniform sampling.

Tomodel the loss of SNVs owing to loss of a copy number, the
distance between CPs is only calculated on the nodes that are not
subject to the mutation loss owing to copy number loss. Thus,
Equation 6 is modified to be Equation 7 when considering poten-
tial mutation losses:

P(Di,j|yi, Mk
j ) =

g, if Di,j = X,
1− b− g, if Di,j = 1, yi [ s(Ek), yi � s(El)
a, if Di,j = 1, yi � s(Ek) or yi [ s(El)
b, if Di,j = 0, yi [ s(Ek), yi � s(El)
1− a− g, if Di,j = 0, yi � s(Ek) or yi [ s(El)

⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

(7)

The updated placement of SNVs and cells allows the update of G
and �V so that each cell’s SNVs are consistent with the new place-
ments of SNVs and cells. TheMetropolis–Hastings acceptance ratio
of the proposed SNV placement is calculated by Equation 8:

RM =
∏n

i=1 P(M
k′
j |�Vj, s)P(C

y′ i
i |Mk′

j )∏n
i=1 P(M

k
j | �Vj, s)P(C

yi
i |Mk

j )

qp(Mk
j |Mk′

j )

qp(Mk′
j |Mk

j )
(8)

P(Mk
j | �Vj, s) and P(Cyi

i |Mk
j ) can be calculated by Equation 4 and

Equation 7, respectively.
The second sampling is for a new set of θ. In this step, we pro-

pose a new θ′ = {α′, β′, γ′} given the current error rate by a Gaussian
distribution. For each parameter in θ, we fix the current value as
mean and one as the standard deviation in the Gaussian distribu-
tion. The Metropolis–Hastings acceptance ratio for θ′ is given by
Equation 9:

Ru =
∏n,m

i,j=1 P(Dij|u′, Gij)∏n,m
i,j=1 P(Dij|u, Gij)

p(u′)
p(u)

qu(u|u′)
qu(u′|u) (9)

Notice that we sample α, β, and γ one at a time but use θ to summa-
rize all three of them in Equation 9.Without the loss of generality,
the three parameters are sampled in the order of α, β, γ.

To effectively sample a solution and reduce the running
time, we constrain our α to ≤0.1 and β to ≤0.6 and thus reject all
the samplings that are not in the above-mentioned range. These
constraints are applied owing to their consistency with the biolog-
ical prior knowledge of these two error rates (Zafar et al. 2018).

The third sampling is for a new σ. The proposed σ′ is sampled
fromaGaussian distributionwhosemean is the current σ and stan-
dard deviation is one. The Metropolis–Hastings acceptance ratio
for the proposed σ′ given the current σ is described in Equation 10:

Rs =
∏m

j=1 P(M
k
j | �Vj, s′)∏m

j=1 P(M
k
j | �Vj, s)

p(s′)
p(s)

qs(s|s′)
qs(s′|s) (10)

We summarized the MCMC sampling algorithm in Supplemental
Algorithm S1.

Initialization

Initializing G

For the sake of faster convergence of MCMC, we initialize G given
the observed data Di,j by Equation 11:

P(Gi,j = k|Di,j) =
P(Di,j|Gi,j = k)∗P(Gi,j = k)

P(Di,j)

= P(Di,j|Gi,j = k)∗P(Gi,j = k)∑
u=0,1

P(Di,j|Gi,j = u)∗P(Gi,j = u)

(11)

where k∈ {0, 1}. P(Di,j|Gi,j) is defined in Equation 1, and P(Gi,j) is the
prior probability for G. The prior probability P(Gi,j=1) is defined
based on the estimation of the FP and FN rates, as well as D.
Specifically, the probability P(Gi,j=1) is defined such that the aver-
age value of G reflects the initialized value of α and β, as well as D.
Inmore detail, suppose there are t 1s and u 0s observed inD, and α0
and β0 are the initial average FP and FN rates. We define t ′ = a0∗t
and u′ = b0∗u as the number of FP and FN entries in D, respective-
ly. For each entry i, j, the prior probability P(Gi,j= 1) can be calcu-

lated as
t − t ′ + u′

t + u
.

Initializing latent variables αa, αb, βa, βb, γa, γb, σ and the placement
of SNVs on the CNA tree

αa and αb are the latent variables for the beta distributions of FP rate
in the SNV cells. So are βa and βb for FN rates in the SNV cells. We
set up αa, αb, βa, βb such that the mean of the resulting FP and FN
rates equal the initial input values, which are 0.01 and 0.2, respec-
tively, if not specified by the user.We further fix αa, αb, βa, βb so that
the standard deviation of the resulting beta distributions is large,
yet the distribution curve is convex. Similarly, γa and γb are set
up such that the average γ equals to the fraction of entries missing
in the SNVmatrix, whereas the standard deviation of the resulting
beta distribution for γ is large.

We initialize the SNV placement according to Equation 3.We
do not take into consideration the mutation loss while initializing
SNV placement. The initialization of SNV cell placement is per-
formed by maximizing

∏m
j=1 P(Di,j|yi, Mk

j ) based on the initial
placement of SNVs.

Overview of simulated data sets generated by the simulator

proposed in this paper

There were in total 15 variables simulated to test the accuracy and
robustness of SCsnvcna and the other seven methods. They were
grouped into five sets. The first group aimed at mimicking the se-
quencing errors in SNV cells and thus contained varying FP rates,
FN rates, andmissing rates. The second group aimed at mimicking
different scales in sequencing and contained the varying number
of tree leaves, number of cells, and number ofmutations. The third
group aimed at mimicking different challenges brought by the bi-
ological process and contained the varying percentage of CNAs
detectable by SNV cells, varying mutation loss rate, and a varying
beta splitting variable thatmodels the contrast of the subclone siz-
es. The fourth group aimed at mimicking the large CP difference
between SNV cells and CNA cells and contained the varying stan-
dard deviation of the Gaussian distribution of the CP difference,
varying mean of a beta distribution in addition to the Gaussian
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distribution to simulate large CP differences, and the case when
both the SNV cells’ CPs and the CNA cells’ CPs are sampled from
a multinomial distribution from true CPs. Finally, the fifth group
aimed at mimicking the case of imperfect CNA tree and contained
the varying percentage of internal nodes on the true tree that do
not have CNAs on the outgoing edges, varying percentage of miss-
ing leaf nodes on theCNA tree, and varying leaf numberswhen the
CNA tree was from bulk sequencing. More details of some of the
varying variables are described in the Supplemental Methods,
Section 2.

The values used for each variable are listed in Supplemental
Table S1. For most of the data sets in which a meaningful compar-
ison canbe conducted,we created the corresponding input files for
the other seven methods. We listed in more details the whole pro-
cess of simulating the input files for SCARLET, SiFit, SiCloneFit,
SCG, RobustClone, COMPASS, and BitSC2 in the Supplemental
Methods, Sections 3 and 4.

For each data set, we ran SCsnvcna with default parameters.
In particular, the MCMC search was run on 10,000 iterations
with 10 restarts, and the solution with the highest posterior prob-
ability will be chosen as the final solution. SCARLET and
RobustClone were run with default parameters. SiFit was run
with 10 restarts and 50,000 iterations. SiCloneFit was run with
five restarts and 100 iterations for a faster convergence. SCG was
run with 10,000,000 iterations. COMPASS was run with five
chains and 5000 iterations. To ensure a fair comparison, BiTSC2

was run with correct segmentation, and the correct number of
clones was given to reduce its search space. In addition, BiTSC2

was run with five chains and 1000 iterations. For each data set,
we replicate the whole process for five times to overcome random
extreme cases.

Finally, because no other methods examined here distin-
guish the SNV cells and CNA cells such as what was described
in Section 3.l of the Supplemental Methods and to ensure a fair
comparison, we fixed our SNV cell placement to the correct leaves
in the simulation experiments except experiments 7 and 10–15
(Supplemental Methods, Section 2).

Evaluation strategy

Weevaluated SCsnvcna’s performance by fivemetrics: (1) the error
rate of the inferred underlying genotype matrix (we call it geno-
type error), (2) the error rate of the inferred ancestral relationship
among SNV pairs (we call it pairwise SNV error), (3) the error rate
of the inferred ancestral relationship between SNVs and CNAs
(we call it pairwise SNV/CNA error), (4) sensitivity of mutation
loss detection, and (5) specificity of mutation loss detection.

The first three metrics measured the accuracy of the place-
ment of SNVs and SNV cells, whereas the last two metrics mea-
sured the accuracy of the detection of mutation losses.

On evaluating the ancestral relationship of a pair of SNV and
CNA,weconsidered the following cases: (1)whena SNVandaCNA
occur on the same edge, (2) when a SNV is ancestral to a CNA, (3)
when a CNA is ancestral to a SNV; (4) and when a SNV and a
CNA are incomparable. We applied the same four categories to
the ancestral relationship of a pair of SNVs. If our inferred SNV
placement led to adifferent case fromwhatwas reported in the sim-
ulated ground truth tree, we counted it as an error.We then report-
ed the average pairwise ancestral relationship error rate in the
inferred SNV placement in terms of a pair of SNVs and a pair of
SNV and CNA.

We observed some cases when the lack of SNV cells loosened
the constraints of SNV placements, in which case a SNV can be
placed equally well on multiple edges, an example seen in
Supplemental Figure S8. Equally good placements of a SNV are
the set of edges where the SNV can be placed without changing
the resulting genotype matrix while one of the edges is the under-
lying true placement of the SNV. In our evaluation, all equally
good placements of a SNV were counted as correct placements.

Preparing the input files to SCsnvcna for the CRC2

patient tumor data

To generate a CNA tree as the input to SCsnvcna, we first aligned
the reads from CNA cells to the reference genome (GRCh37) by
BWA (Li and Durbin 2009) and detected CNAs by SeCNV
(Ruohan et al. 2022). In this data set, we aligned to GRCh37main-
ly because the original study of this data set (Leung et al. 2017)
usedGRCh37. TheCRC2patient tumor raw datawere downloaded
from the NCBI Sequence Read Archive (SRA; https://www.ncbi
.nlm.nih.gov/sra) under accession number SRP074289.

Because some copy number profiles inferred by SeCNV had
wrong ploidy, as seen in Supplemental Figure S7, and the baseline
upon which the absolute copy number of the whole genome was
inferred was either elevated or decreased, we manually found the
baseline of each cell by comparing the whole-genome copy num-
ber profiles with the one reported by Leung et al. (2017). In partic-
ular, for each copy number profile, we found the copy number
corresponding to two in Leung et al. (2017), which will be used
as the baseline for this copy number profile. Then we corrected
the copy number for each segment based on its copy number cor-
responding to two. Because the state-of-the-art single-cell CNA in-
ference methods may wrongly estimate the ploidy and thus either
elevate or decrease the entire genome’s copy number profile
(Mallory et al. 2020a,b), an instruction on how to correct elevated
or decreased copy number profiles without knowing the ground
truth is given in the Supplemental Methods, Section 6.

We then inferred a minimum edit distance tree using
MEDICC2 (Kaufmann et al. 2022) from the corrected copynumber
profiles, in which the genome at the root of the tree was assumed
to be a diploid cell without any CNAs.

In preparing theDmatrix as the other input to SCsnvcna, we
obtained it from Leung et al. (2017) and eliminated those SNVs
whose CP is <5%. These SNVs were not used owing to the limited
resolution provided by CNA cells as there were only 42 CNA cells
being used in the CNA tree.

To constrain the SNV cells’ placement, we used the second
strategy described in the Methods subsection “Using the CNAs
on SNV cells to limit the placement of SNV cells” (see above)
because the SNV cells are informative of the CNAs. We describe
the whole process in more detail here. We inferred the copy num-
ber profile for each SNV cell by Ginkgo (Garvin et al. 2015) using
the default parameters and a window size of 0.5 Mbp, followed
by the same copy number profile correction procedure that had
been applied to the CNA cells. We then aimed at obtaining the
set of CNAs that were specific to a group of CNA cells but were
not in other groups of CNA cells, the so-called cluster-specific
CNAs. Such knowledge of cluster-specific CNAs helps to specifi-
cally identify the CNAs that should be used to constrain SNV cells’
placement. To perform this task, we used UMAP (McInnes et al.
2018) and HDBSCAN (McInnes et al. 2017) to cluster the CNA
cells. We then obtained the list of CNAs specific to a cluster by
looking for the CNAs that were contained by >90% of cells within
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the cluster and <5% of cells outside the cluster. Such a list of clus-
ter-specific CNAs enables us to narrow down the potential leaves
where the SNV cells can be placed. Specifically, a SNV cell will be
placed on the CNA tree leaves belonging to a cluster if it contains
>80% of the CNAs specific to this cluster. If a SNV cellmeets such a
criterion for multiple clusters, this SNV cell is constrained to the
union of the CNA tree leaves belonging to these clusters.
Importantly, we note that the thresholds used in this experiment
can all be tuned by the users based on their prior knowledge of the
data, such as how disparate the subclones can be from each other
or how many CNAs that the SNV cells are able to detect.

Lastly, we generated the potential mutation loss list for all
SNVs that overlap with copy number losses whose copy number
is smaller than two as an input to SCsnvcna. For the values of αa,
αb, βa, and βb, we used the prior knowledge of CRC2’s FP and FN
rates estimated by Leung et al. (2017), which are 1.74% and
12.56%, respectively. SCsnvcnawas then run by the default setting
on the CRC2 patient tumor data set.

Preparing the input files to SCsnvcna for the CRC1

patient tumor data

We downloaded CRC1 patient tumor raw data from the NCBI
Sequence Read Archive under accession number SRP074289. We
then aligned the reads from CNA cells to the reference genome
(GRCh38) by BWA (Li and Durbin 2009). Notice that we used a
more recent reference genome to show that SCsnvcna is robust
on different reference versions. We then ran SeCNV (Ruohan
et al. 2022) on the CNA cells to detect CNAs and inferred a mini-
mum edit distance tree using MEDICC2 (Kaufmann et al. 2022),
where the genome at the root of the tree was assumed to be a dip-
loid cell without any CNAs.We obtained theDmatrix from Leung
et al. (2017) and then generated the potential mutation loss list for
all SNVs that overlapwith copynumber losseswhose copynumber
is smaller than two as an input to SCsnvcna. SCsnvcna was then
run on the default setting. No constraint on the SNV cell place-
mentwas imposed onCRC1patient tumor data set because the set-
ting without SNV cell constraint already rendered satisfactory
results.

Software availability

SCsnvcna software and the simulator described in this study are
publicly available at GitHub (https://github.com/compbio-
mallory/SCsnvcna) and as Supplemental Code.
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