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Cancer is an evolutionary process driven by somatic mutations over all
genomic scales
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Cancer evolution is described by phylogenetic tree

3

Phylogenetic Tree
Mutation

Ce
lls

/c
lo

ne
s

Mutations

1 1 0 0 0 0 0 0 0 0
1 1 1 1 1 1 0 0 0 0
1 1 1 1 0 0 1 1 1 0
1 1 1 1 0 0 0 0 0 1

0: non-mutated1: mutated

Phylogeny 
construction 
algorithmsDNA 

sequencing



Tumor Evolution is Key to Understanding and 
Treating Cancer

Um SW et al.
Cancer Research (2016)
Lung primary and mets

Gerlinger M et al. NEJM (2012).
Renal cell carcinoma
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Regional intratumor heterogeneity

Common 
patterns of 
tumor evolution

Gundem et al., Nature 2015

Metastasis Longitudinal sequencing 
treatment response

Li et al., Blood 2020



Deriving accurate tumor phylogenies is difficult
1. Bulk sequencing: mixture of mutations
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Deriving accurate tumor phylogenies is difficult

3. Aneuploid genomes
TCGA data
• ~23 focal CNAs (15Mb avg.) per sample
• ~9 arm-level CNAs per sample
• ~37% of tumors with WGDs

[Zack et al., Nature Genetics, 2013]
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Motivation and Goal
• Unique challenges of cancer sequencing data (bulk 

vs. single-cell sequencing, copy number aberrations, 
etc.) are often not adequately modeled in standard 
phylogenetics software.

• Numerous specialized algorithms and tools have 
been developed recently to address specific 
challenges in tumor heterogeneity/evolution but 
tools are scattered and not always accessible 

Goal: Develop a comprehensive, robust and user-
friendly software package for tumor heterogeneity 
and cancer evolution studies that integrates analyses 
across diverse sequencing technologies, sampling 
strategies, genomic scales, etc.  
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How do cancer cells metastasize to seed 
tumors at distant locations?

tim
e

primary P metastasis M1metastasis M2

mutation

Cell migration

Cell division

Traditional view: Each metastasis results from a single migration event (monoclonal)
Recent studies: Multiple cellular migrations between anatomic sites (polyclonal)



Polyclonal/Multiclonal/Re- Seeding of Metastases? 
Prostate Cancer 

[Gundem et al. (2015) Nature] 

“..in all five patients with poly-clonal 
seeding, subclones…were found to have 
re-seeded multiple sites.”

“multiclonal seeding from the primary 
tumor to the metastases can occur…”

Breast Cancer 
[Hoadley KA, et al. (2016) PLOS Medicine]

“multiple samples composed 
of divergent lineages is 
concordant with polyclonal 
reseeding or polyclonal 
migration…”

Ovarian Cancer
[McPherson et al. (2016) Nature Genetics]



Migration Patterns in Metastasis

1. Cell/clone tree T does not uniquely determine migration pattern S.
2. Uncertainty in tree T for bulk sequencingà substantial uncertainty in migration pattern S.

Cell/clone tree T Migration graph S

MACHINA

Anatomical locations of 
ancestral cells is unknown

Monoclonal 

[El-Kebir et al. Nature Genetics 2018]
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Inferring Migration Patterns in Metastasis

Hoadley KA,, et al. 
PLOS Medicine (2016) 

Metastatic Breast Cancer
14 migrations

polyclonal seeding



Parsimonious Migration Patterns in Metastasis

5 migrations
monoclonal seeding

Mohammed El-Kebir Gryte Satas [El-Kebir, et al. Nature Genetics 2018]
Hoadley KA,, et al. 
PLOS Medicine (2016) 

Metastatic Breast Cancer
14 migrations

polyclonal seeding
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Results

Experimental approach
We selected frozen primary colon cancer and matched liver sam-
ples from two CRC patients with metastatic disease (Fig. 1A).
Both patients were classified as microsatellite-stable with invasive
adenocarcinomas and late-stage (IV) disease (Methods). Nuclear
suspensions were prepared and stained with DAPI for flow-sorting
by ploidy. Cellular fractions were isolated by gating diploid (D) or
aneuploid (A) distributions. In patient CRC1, the cell count histo-
gram revealed a diploid (2N) and aneuploid (2.6N) distribution in
the primary tumor and a diploid (2N) and aneuploid (2.9N) distri-
bution in the liver metastasis (Fig. 1B). In patient CRC2, we iden-
tified a diploid (2N) and aneuploid (3.3N) distribution in the
primary tumor and a diploid (2N) and aneuploid (3N) distribution
in the liver metastasis (Fig. 1B). Millions of cells from the D and A
peaks were gated and flow-sorted for exome and targeted cancer
gene panel sequencing in CRC1 and CRC2. Single nuclei were iso-
lated by FACS for single-cell copy number profiling or single-cell
mutational profiling (Fig. 1C). Single-cell libraries were barcoded
and pooled together (48 cells) for copy number profiling using
single-nucleus sequencing (SNS) (Navin et al. 2011) or barcoded
(96 cells) for highly multiplexed targeted sequencing using a
1000 cancer gene panel (T1000) that captures 12,500 exons and
promoter regions (Leung et al. 2016). The exome capture platform
and the T1000 cancer gene panel only overlap within the exonic
regions. The resulting libraries were used for sequencing on the
Illumina platform (Methods), and somatic variants were detected
(Supplemental Fig. S2).

Bulk primary and metastatic mutations are concordant
To investigate mutational concordance between the primary and
metastatic liver tumors, we performed deep-exome sequencing
ofmillions of flow-sorted diploid or aneuploid cells. To distinguish
germline from somatic mutations, we also sequenced matched
normal tissue (Methods). The exome libraries were sequenced at

high coverage depth (75.5!) and breadth (97.33%), where breadth
is defined as the percentage of the targeted region with physical
coverage of 1! or higher read depth (Supplemental Table S1). We
detected 127mutations in patient CRC1, of which 90 were nonsy-
nonymous, and 80 of the nonsynonymousmutations were shared
between the primary and metastatic tumors (Fig. 2A). Shared mu-
tations included APC and KRAS, while metastasis-specific muta-
tions included BOD1, TRRAP, GSTCD, and SNX19 (Supplemental
Table S2). In patient CRC2, we identified 131 mutations, of which
107 were nonsynonymous, and 68 of the nonsynonymous muta-
tions were shared between the primary and metastasis (Fig. 2B).
Shared mutations in CRC2 included mutations in APC, TP53,
CDK4, TOX, NRAS, and MYH11, while metastasis-specific muta-
tions included FUS, SPEN, DAPK1, and FBN (Supplemental Table
S2). Our data also identified a number of nonsynonymous muta-
tions that changed VAF between the primary and metastatic sites
(Fig. 2C,D). These mutations may reflect clonal selection during
metastatic dissemination or may be due to differences in copy
number. To distinguish between these two possibilities, we applied
PyClone to normalize the VAFs by copy number events and calcu-
lated clonal frequencies. The resulting data suggest that a number
of SNVs changed in frequency during metastatic dissemination,
possibly due to selection at the metastatic tumor site (Supplemen-
tal Fig. S3).

Metastasis-specific mutations were acquired after dissemination
Themetastasis-specific mutationsmay have occurred in a rare sub-
clone of the primary tumor prior to dissemination, or alternative-
ly, after dissemination to the liver. To address this question, we
performed ultradeep targeted sequencing on a subset of metasta-
sis-specific mutations in the primary tumor. From these data, we
investigated whether the metastasis-specific mutations existed at
low frequencies in the primary tumor mass. Targeted amplicon se-
quencing was performed at 1,368,403! mean coverage depth for
three metastasis-specific mutations in CRC1 and 18 metastasis-
specific mutations in CRC2 (Fig. 2E). Bayesian hypothesis testing
and deepSNV were used independently to determine the

Figure 1. Single-cell and bulk population experimental workflow. (A) The frozen primary tumors and liver metastases from two CRC patients were disso-
ciated into nuclear suspensions and stained with DAPI. (B) Single nuclei and populations of cells were gated and flow-sorted by ploidy distribution. (C) To
detect mutations, single nuclei were amplified by multiple-displacement-amplification (MDA), and libraries were captured using the T1000 cancer gene
panel, while copy number detection was performed on single nuclei using DOP-PCR. Millions of cells were isolated in parallel for standard exome sequenc-
ing. Barcoded librarieswere constructed and captured for targeted cancer gene panels or exomepanels. Librarieswere pooled for next-generation sequenc-
ing on the Illumina platform.

Leung et al.
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Single-cell sequencing to the rescue?
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Results

Experimental approach
We selected frozen primary colon cancer and matched liver sam-
ples from two CRC patients with metastatic disease (Fig. 1A).
Both patients were classified as microsatellite-stable with invasive
adenocarcinomas and late-stage (IV) disease (Methods). Nuclear
suspensions were prepared and stained with DAPI for flow-sorting
by ploidy. Cellular fractions were isolated by gating diploid (D) or
aneuploid (A) distributions. In patient CRC1, the cell count histo-
gram revealed a diploid (2N) and aneuploid (2.6N) distribution in
the primary tumor and a diploid (2N) and aneuploid (2.9N) distri-
bution in the liver metastasis (Fig. 1B). In patient CRC2, we iden-
tified a diploid (2N) and aneuploid (3.3N) distribution in the
primary tumor and a diploid (2N) and aneuploid (3N) distribution
in the liver metastasis (Fig. 1B). Millions of cells from the D and A
peaks were gated and flow-sorted for exome and targeted cancer
gene panel sequencing in CRC1 and CRC2. Single nuclei were iso-
lated by FACS for single-cell copy number profiling or single-cell
mutational profiling (Fig. 1C). Single-cell libraries were barcoded
and pooled together (48 cells) for copy number profiling using
single-nucleus sequencing (SNS) (Navin et al. 2011) or barcoded
(96 cells) for highly multiplexed targeted sequencing using a
1000 cancer gene panel (T1000) that captures 12,500 exons and
promoter regions (Leung et al. 2016). The exome capture platform
and the T1000 cancer gene panel only overlap within the exonic
regions. The resulting libraries were used for sequencing on the
Illumina platform (Methods), and somatic variants were detected
(Supplemental Fig. S2).

Bulk primary and metastatic mutations are concordant
To investigate mutational concordance between the primary and
metastatic liver tumors, we performed deep-exome sequencing
ofmillions of flow-sorted diploid or aneuploid cells. To distinguish
germline from somatic mutations, we also sequenced matched
normal tissue (Methods). The exome libraries were sequenced at

high coverage depth (75.5!) and breadth (97.33%), where breadth
is defined as the percentage of the targeted region with physical
coverage of 1! or higher read depth (Supplemental Table S1). We
detected 127mutations in patient CRC1, of which 90 were nonsy-
nonymous, and 80 of the nonsynonymousmutations were shared
between the primary and metastatic tumors (Fig. 2A). Shared mu-
tations included APC and KRAS, while metastasis-specific muta-
tions included BOD1, TRRAP, GSTCD, and SNX19 (Supplemental
Table S2). In patient CRC2, we identified 131 mutations, of which
107 were nonsynonymous, and 68 of the nonsynonymous muta-
tions were shared between the primary and metastasis (Fig. 2B).
Shared mutations in CRC2 included mutations in APC, TP53,
CDK4, TOX, NRAS, and MYH11, while metastasis-specific muta-
tions included FUS, SPEN, DAPK1, and FBN (Supplemental Table
S2). Our data also identified a number of nonsynonymous muta-
tions that changed VAF between the primary and metastatic sites
(Fig. 2C,D). These mutations may reflect clonal selection during
metastatic dissemination or may be due to differences in copy
number. To distinguish between these two possibilities, we applied
PyClone to normalize the VAFs by copy number events and calcu-
lated clonal frequencies. The resulting data suggest that a number
of SNVs changed in frequency during metastatic dissemination,
possibly due to selection at the metastatic tumor site (Supplemen-
tal Fig. S3).

Metastasis-specific mutations were acquired after dissemination
Themetastasis-specific mutationsmay have occurred in a rare sub-
clone of the primary tumor prior to dissemination, or alternative-
ly, after dissemination to the liver. To address this question, we
performed ultradeep targeted sequencing on a subset of metasta-
sis-specific mutations in the primary tumor. From these data, we
investigated whether the metastasis-specific mutations existed at
low frequencies in the primary tumor mass. Targeted amplicon se-
quencing was performed at 1,368,403! mean coverage depth for
three metastasis-specific mutations in CRC1 and 18 metastasis-
specific mutations in CRC2 (Fig. 2E). Bayesian hypothesis testing
and deepSNV were used independently to determine the

Figure 1. Single-cell and bulk population experimental workflow. (A) The frozen primary tumors and liver metastases from two CRC patients were disso-
ciated into nuclear suspensions and stained with DAPI. (B) Single nuclei and populations of cells were gated and flow-sorted by ploidy distribution. (C) To
detect mutations, single nuclei were amplified by multiple-displacement-amplification (MDA), and libraries were captured using the T1000 cancer gene
panel, while copy number detection was performed on single nuclei using DOP-PCR. Millions of cells were isolated in parallel for standard exome sequenc-
ing. Barcoded librarieswere constructed and captured for targeted cancer gene panels or exomepanels. Librarieswere pooled for next-generation sequenc-
ing on the Illumina platform.

Leung et al.
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[Leung et al. Genome Research 2017]

Two independent cellular migrations 
from primary tumor to metastasis!
(Polyclonal seeding)

Results

Experimental approach
We selected frozen primary colon cancer and matched liver sam-
ples from two CRC patients with metastatic disease (Fig. 1A).
Both patients were classified as microsatellite-stable with invasive
adenocarcinomas and late-stage (IV) disease (Methods). Nuclear
suspensions were prepared and stained with DAPI for flow-sorting
by ploidy. Cellular fractions were isolated by gating diploid (D) or
aneuploid (A) distributions. In patient CRC1, the cell count histo-
gram revealed a diploid (2N) and aneuploid (2.6N) distribution in
the primary tumor and a diploid (2N) and aneuploid (2.9N) distri-
bution in the liver metastasis (Fig. 1B). In patient CRC2, we iden-
tified a diploid (2N) and aneuploid (3.3N) distribution in the
primary tumor and a diploid (2N) and aneuploid (3N) distribution
in the liver metastasis (Fig. 1B). Millions of cells from the D and A
peaks were gated and flow-sorted for exome and targeted cancer
gene panel sequencing in CRC1 and CRC2. Single nuclei were iso-
lated by FACS for single-cell copy number profiling or single-cell
mutational profiling (Fig. 1C). Single-cell libraries were barcoded
and pooled together (48 cells) for copy number profiling using
single-nucleus sequencing (SNS) (Navin et al. 2011) or barcoded
(96 cells) for highly multiplexed targeted sequencing using a
1000 cancer gene panel (T1000) that captures 12,500 exons and
promoter regions (Leung et al. 2016). The exome capture platform
and the T1000 cancer gene panel only overlap within the exonic
regions. The resulting libraries were used for sequencing on the
Illumina platform (Methods), and somatic variants were detected
(Supplemental Fig. S2).

Bulk primary and metastatic mutations are concordant
To investigate mutational concordance between the primary and
metastatic liver tumors, we performed deep-exome sequencing
ofmillions of flow-sorted diploid or aneuploid cells. To distinguish
germline from somatic mutations, we also sequenced matched
normal tissue (Methods). The exome libraries were sequenced at

high coverage depth (75.5!) and breadth (97.33%), where breadth
is defined as the percentage of the targeted region with physical
coverage of 1! or higher read depth (Supplemental Table S1). We
detected 127mutations in patient CRC1, of which 90 were nonsy-
nonymous, and 80 of the nonsynonymousmutations were shared
between the primary and metastatic tumors (Fig. 2A). Shared mu-
tations included APC and KRAS, while metastasis-specific muta-
tions included BOD1, TRRAP, GSTCD, and SNX19 (Supplemental
Table S2). In patient CRC2, we identified 131 mutations, of which
107 were nonsynonymous, and 68 of the nonsynonymous muta-
tions were shared between the primary and metastasis (Fig. 2B).
Shared mutations in CRC2 included mutations in APC, TP53,
CDK4, TOX, NRAS, and MYH11, while metastasis-specific muta-
tions included FUS, SPEN, DAPK1, and FBN (Supplemental Table
S2). Our data also identified a number of nonsynonymous muta-
tions that changed VAF between the primary and metastatic sites
(Fig. 2C,D). These mutations may reflect clonal selection during
metastatic dissemination or may be due to differences in copy
number. To distinguish between these two possibilities, we applied
PyClone to normalize the VAFs by copy number events and calcu-
lated clonal frequencies. The resulting data suggest that a number
of SNVs changed in frequency during metastatic dissemination,
possibly due to selection at the metastatic tumor site (Supplemen-
tal Fig. S3).

Metastasis-specific mutations were acquired after dissemination
Themetastasis-specific mutationsmay have occurred in a rare sub-
clone of the primary tumor prior to dissemination, or alternative-
ly, after dissemination to the liver. To address this question, we
performed ultradeep targeted sequencing on a subset of metasta-
sis-specific mutations in the primary tumor. From these data, we
investigated whether the metastasis-specific mutations existed at
low frequencies in the primary tumor mass. Targeted amplicon se-
quencing was performed at 1,368,403! mean coverage depth for
three metastasis-specific mutations in CRC1 and 18 metastasis-
specific mutations in CRC2 (Fig. 2E). Bayesian hypothesis testing
and deepSNV were used independently to determine the

Figure 1. Single-cell and bulk population experimental workflow. (A) The frozen primary tumors and liver metastases from two CRC patients were disso-
ciated into nuclear suspensions and stained with DAPI. (B) Single nuclei and populations of cells were gated and flow-sorted by ploidy distribution. (C) To
detect mutations, single nuclei were amplified by multiple-displacement-amplification (MDA), and libraries were captured using the T1000 cancer gene
panel, while copy number detection was performed on single nuclei using DOP-PCR. Millions of cells were isolated in parallel for standard exome sequenc-
ing. Barcoded librarieswere constructed and captured for targeted cancer gene panels or exomepanels. Librarieswere pooled for next-generation sequenc-
ing on the Illumina platform.

Leung et al.

1288 Genome Research
www.genome.org

 Cold Spring Harbor Laboratory Press on January 19, 2018 - Published by genome.cshlp.orgDownloaded from 

Infinite sites assumption:
Mutation occurs at most 

once



Results

Experimental approach
We selected frozen primary colon cancer and matched liver sam-
ples from two CRC patients with metastatic disease (Fig. 1A).
Both patients were classified as microsatellite-stable with invasive
adenocarcinomas and late-stage (IV) disease (Methods). Nuclear
suspensions were prepared and stained with DAPI for flow-sorting
by ploidy. Cellular fractions were isolated by gating diploid (D) or
aneuploid (A) distributions. In patient CRC1, the cell count histo-
gram revealed a diploid (2N) and aneuploid (2.6N) distribution in
the primary tumor and a diploid (2N) and aneuploid (2.9N) distri-
bution in the liver metastasis (Fig. 1B). In patient CRC2, we iden-
tified a diploid (2N) and aneuploid (3.3N) distribution in the
primary tumor and a diploid (2N) and aneuploid (3N) distribution
in the liver metastasis (Fig. 1B). Millions of cells from the D and A
peaks were gated and flow-sorted for exome and targeted cancer
gene panel sequencing in CRC1 and CRC2. Single nuclei were iso-
lated by FACS for single-cell copy number profiling or single-cell
mutational profiling (Fig. 1C). Single-cell libraries were barcoded
and pooled together (48 cells) for copy number profiling using
single-nucleus sequencing (SNS) (Navin et al. 2011) or barcoded
(96 cells) for highly multiplexed targeted sequencing using a
1000 cancer gene panel (T1000) that captures 12,500 exons and
promoter regions (Leung et al. 2016). The exome capture platform
and the T1000 cancer gene panel only overlap within the exonic
regions. The resulting libraries were used for sequencing on the
Illumina platform (Methods), and somatic variants were detected
(Supplemental Fig. S2).

Bulk primary and metastatic mutations are concordant
To investigate mutational concordance between the primary and
metastatic liver tumors, we performed deep-exome sequencing
ofmillions of flow-sorted diploid or aneuploid cells. To distinguish
germline from somatic mutations, we also sequenced matched
normal tissue (Methods). The exome libraries were sequenced at

high coverage depth (75.5!) and breadth (97.33%), where breadth
is defined as the percentage of the targeted region with physical
coverage of 1! or higher read depth (Supplemental Table S1). We
detected 127mutations in patient CRC1, of which 90 were nonsy-
nonymous, and 80 of the nonsynonymousmutations were shared
between the primary and metastatic tumors (Fig. 2A). Shared mu-
tations included APC and KRAS, while metastasis-specific muta-
tions included BOD1, TRRAP, GSTCD, and SNX19 (Supplemental
Table S2). In patient CRC2, we identified 131 mutations, of which
107 were nonsynonymous, and 68 of the nonsynonymous muta-
tions were shared between the primary and metastasis (Fig. 2B).
Shared mutations in CRC2 included mutations in APC, TP53,
CDK4, TOX, NRAS, and MYH11, while metastasis-specific muta-
tions included FUS, SPEN, DAPK1, and FBN (Supplemental Table
S2). Our data also identified a number of nonsynonymous muta-
tions that changed VAF between the primary and metastatic sites
(Fig. 2C,D). These mutations may reflect clonal selection during
metastatic dissemination or may be due to differences in copy
number. To distinguish between these two possibilities, we applied
PyClone to normalize the VAFs by copy number events and calcu-
lated clonal frequencies. The resulting data suggest that a number
of SNVs changed in frequency during metastatic dissemination,
possibly due to selection at the metastatic tumor site (Supplemen-
tal Fig. S3).

Metastasis-specific mutations were acquired after dissemination
Themetastasis-specific mutationsmay have occurred in a rare sub-
clone of the primary tumor prior to dissemination, or alternative-
ly, after dissemination to the liver. To address this question, we
performed ultradeep targeted sequencing on a subset of metasta-
sis-specific mutations in the primary tumor. From these data, we
investigated whether the metastasis-specific mutations existed at
low frequencies in the primary tumor mass. Targeted amplicon se-
quencing was performed at 1,368,403! mean coverage depth for
three metastasis-specific mutations in CRC1 and 18 metastasis-
specific mutations in CRC2 (Fig. 2E). Bayesian hypothesis testing
and deepSNV were used independently to determine the

Figure 1. Single-cell and bulk population experimental workflow. (A) The frozen primary tumors and liver metastases from two CRC patients were disso-
ciated into nuclear suspensions and stained with DAPI. (B) Single nuclei and populations of cells were gated and flow-sorted by ploidy distribution. (C) To
detect mutations, single nuclei were amplified by multiple-displacement-amplification (MDA), and libraries were captured using the T1000 cancer gene
panel, while copy number detection was performed on single nuclei using DOP-PCR. Millions of cells were isolated in parallel for standard exome sequenc-
ing. Barcoded librarieswere constructed and captured for targeted cancer gene panels or exomepanels. Librarieswere pooled for next-generation sequenc-
ing on the Illumina platform.
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Copy number data inconsistent with SNV-based 
phylogeny
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Multiple metastasis-specific CNAs
All occurred twice independently?
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Results

Experimental approach
We selected frozen primary colon cancer and matched liver sam-
ples from two CRC patients with metastatic disease (Fig. 1A).
Both patients were classified as microsatellite-stable with invasive
adenocarcinomas and late-stage (IV) disease (Methods). Nuclear
suspensions were prepared and stained with DAPI for flow-sorting
by ploidy. Cellular fractions were isolated by gating diploid (D) or
aneuploid (A) distributions. In patient CRC1, the cell count histo-
gram revealed a diploid (2N) and aneuploid (2.6N) distribution in
the primary tumor and a diploid (2N) and aneuploid (2.9N) distri-
bution in the liver metastasis (Fig. 1B). In patient CRC2, we iden-
tified a diploid (2N) and aneuploid (3.3N) distribution in the
primary tumor and a diploid (2N) and aneuploid (3N) distribution
in the liver metastasis (Fig. 1B). Millions of cells from the D and A
peaks were gated and flow-sorted for exome and targeted cancer
gene panel sequencing in CRC1 and CRC2. Single nuclei were iso-
lated by FACS for single-cell copy number profiling or single-cell
mutational profiling (Fig. 1C). Single-cell libraries were barcoded
and pooled together (48 cells) for copy number profiling using
single-nucleus sequencing (SNS) (Navin et al. 2011) or barcoded
(96 cells) for highly multiplexed targeted sequencing using a
1000 cancer gene panel (T1000) that captures 12,500 exons and
promoter regions (Leung et al. 2016). The exome capture platform
and the T1000 cancer gene panel only overlap within the exonic
regions. The resulting libraries were used for sequencing on the
Illumina platform (Methods), and somatic variants were detected
(Supplemental Fig. S2).

Bulk primary and metastatic mutations are concordant
To investigate mutational concordance between the primary and
metastatic liver tumors, we performed deep-exome sequencing
ofmillions of flow-sorted diploid or aneuploid cells. To distinguish
germline from somatic mutations, we also sequenced matched
normal tissue (Methods). The exome libraries were sequenced at

high coverage depth (75.5!) and breadth (97.33%), where breadth
is defined as the percentage of the targeted region with physical
coverage of 1! or higher read depth (Supplemental Table S1). We
detected 127mutations in patient CRC1, of which 90 were nonsy-
nonymous, and 80 of the nonsynonymousmutations were shared
between the primary and metastatic tumors (Fig. 2A). Shared mu-
tations included APC and KRAS, while metastasis-specific muta-
tions included BOD1, TRRAP, GSTCD, and SNX19 (Supplemental
Table S2). In patient CRC2, we identified 131 mutations, of which
107 were nonsynonymous, and 68 of the nonsynonymous muta-
tions were shared between the primary and metastasis (Fig. 2B).
Shared mutations in CRC2 included mutations in APC, TP53,
CDK4, TOX, NRAS, and MYH11, while metastasis-specific muta-
tions included FUS, SPEN, DAPK1, and FBN (Supplemental Table
S2). Our data also identified a number of nonsynonymous muta-
tions that changed VAF between the primary and metastatic sites
(Fig. 2C,D). These mutations may reflect clonal selection during
metastatic dissemination or may be due to differences in copy
number. To distinguish between these two possibilities, we applied
PyClone to normalize the VAFs by copy number events and calcu-
lated clonal frequencies. The resulting data suggest that a number
of SNVs changed in frequency during metastatic dissemination,
possibly due to selection at the metastatic tumor site (Supplemen-
tal Fig. S3).

Metastasis-specific mutations were acquired after dissemination
Themetastasis-specific mutationsmay have occurred in a rare sub-
clone of the primary tumor prior to dissemination, or alternative-
ly, after dissemination to the liver. To address this question, we
performed ultradeep targeted sequencing on a subset of metasta-
sis-specific mutations in the primary tumor. From these data, we
investigated whether the metastasis-specific mutations existed at
low frequencies in the primary tumor mass. Targeted amplicon se-
quencing was performed at 1,368,403! mean coverage depth for
three metastasis-specific mutations in CRC1 and 18 metastasis-
specific mutations in CRC2 (Fig. 2E). Bayesian hypothesis testing
and deepSNV were used independently to determine the

Figure 1. Single-cell and bulk population experimental workflow. (A) The frozen primary tumors and liver metastases from two CRC patients were disso-
ciated into nuclear suspensions and stained with DAPI. (B) Single nuclei and populations of cells were gated and flow-sorted by ploidy distribution. (C) To
detect mutations, single nuclei were amplified by multiple-displacement-amplification (MDA), and libraries were captured using the T1000 cancer gene
panel, while copy number detection was performed on single nuclei using DOP-PCR. Millions of cells were isolated in parallel for standard exome sequenc-
ing. Barcoded librarieswere constructed and captured for targeted cancer gene panels or exomepanels. Librarieswere pooled for next-generation sequenc-
ing on the Illumina platform.
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Results

Experimental approach
We selected frozen primary colon cancer and matched liver sam-
ples from two CRC patients with metastatic disease (Fig. 1A).
Both patients were classified as microsatellite-stable with invasive
adenocarcinomas and late-stage (IV) disease (Methods). Nuclear
suspensions were prepared and stained with DAPI for flow-sorting
by ploidy. Cellular fractions were isolated by gating diploid (D) or
aneuploid (A) distributions. In patient CRC1, the cell count histo-
gram revealed a diploid (2N) and aneuploid (2.6N) distribution in
the primary tumor and a diploid (2N) and aneuploid (2.9N) distri-
bution in the liver metastasis (Fig. 1B). In patient CRC2, we iden-
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primary tumor and a diploid (2N) and aneuploid (3N) distribution
in the liver metastasis (Fig. 1B). Millions of cells from the D and A
peaks were gated and flow-sorted for exome and targeted cancer
gene panel sequencing in CRC1 and CRC2. Single nuclei were iso-
lated by FACS for single-cell copy number profiling or single-cell
mutational profiling (Fig. 1C). Single-cell libraries were barcoded
and pooled together (48 cells) for copy number profiling using
single-nucleus sequencing (SNS) (Navin et al. 2011) or barcoded
(96 cells) for highly multiplexed targeted sequencing using a
1000 cancer gene panel (T1000) that captures 12,500 exons and
promoter regions (Leung et al. 2016). The exome capture platform
and the T1000 cancer gene panel only overlap within the exonic
regions. The resulting libraries were used for sequencing on the
Illumina platform (Methods), and somatic variants were detected
(Supplemental Fig. S2).

Bulk primary and metastatic mutations are concordant
To investigate mutational concordance between the primary and
metastatic liver tumors, we performed deep-exome sequencing
ofmillions of flow-sorted diploid or aneuploid cells. To distinguish
germline from somatic mutations, we also sequenced matched
normal tissue (Methods). The exome libraries were sequenced at

high coverage depth (75.5!) and breadth (97.33%), where breadth
is defined as the percentage of the targeted region with physical
coverage of 1! or higher read depth (Supplemental Table S1). We
detected 127mutations in patient CRC1, of which 90 were nonsy-
nonymous, and 80 of the nonsynonymousmutations were shared
between the primary and metastatic tumors (Fig. 2A). Shared mu-
tations included APC and KRAS, while metastasis-specific muta-
tions included BOD1, TRRAP, GSTCD, and SNX19 (Supplemental
Table S2). In patient CRC2, we identified 131 mutations, of which
107 were nonsynonymous, and 68 of the nonsynonymous muta-
tions were shared between the primary and metastasis (Fig. 2B).
Shared mutations in CRC2 included mutations in APC, TP53,
CDK4, TOX, NRAS, and MYH11, while metastasis-specific muta-
tions included FUS, SPEN, DAPK1, and FBN (Supplemental Table
S2). Our data also identified a number of nonsynonymous muta-
tions that changed VAF between the primary and metastatic sites
(Fig. 2C,D). These mutations may reflect clonal selection during
metastatic dissemination or may be due to differences in copy
number. To distinguish between these two possibilities, we applied
PyClone to normalize the VAFs by copy number events and calcu-
lated clonal frequencies. The resulting data suggest that a number
of SNVs changed in frequency during metastatic dissemination,
possibly due to selection at the metastatic tumor site (Supplemen-
tal Fig. S3).

Metastasis-specific mutations were acquired after dissemination
Themetastasis-specific mutationsmay have occurred in a rare sub-
clone of the primary tumor prior to dissemination, or alternative-
ly, after dissemination to the liver. To address this question, we
performed ultradeep targeted sequencing on a subset of metasta-
sis-specific mutations in the primary tumor. From these data, we
investigated whether the metastasis-specific mutations existed at
low frequencies in the primary tumor mass. Targeted amplicon se-
quencing was performed at 1,368,403! mean coverage depth for
three metastasis-specific mutations in CRC1 and 18 metastasis-
specific mutations in CRC2 (Fig. 2E). Bayesian hypothesis testing
and deepSNV were used independently to determine the

Figure 1. Single-cell and bulk population experimental workflow. (A) The frozen primary tumors and liver metastases from two CRC patients were disso-
ciated into nuclear suspensions and stained with DAPI. (B) Single nuclei and populations of cells were gated and flow-sorted by ploidy distribution. (C) To
detect mutations, single nuclei were amplified by multiple-displacement-amplification (MDA), and libraries were captured using the T1000 cancer gene
panel, while copy number detection was performed on single nuclei using DOP-PCR. Millions of cells were isolated in parallel for standard exome sequenc-
ing. Barcoded librarieswere constructed and captured for targeted cancer gene panels or exomepanels. Librarieswere pooled for next-generation sequenc-
ing on the Illumina platform.
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Results

Experimental approach
We selected frozen primary colon cancer and matched liver sam-
ples from two CRC patients with metastatic disease (Fig. 1A).
Both patients were classified as microsatellite-stable with invasive
adenocarcinomas and late-stage (IV) disease (Methods). Nuclear
suspensions were prepared and stained with DAPI for flow-sorting
by ploidy. Cellular fractions were isolated by gating diploid (D) or
aneuploid (A) distributions. In patient CRC1, the cell count histo-
gram revealed a diploid (2N) and aneuploid (2.6N) distribution in
the primary tumor and a diploid (2N) and aneuploid (2.9N) distri-
bution in the liver metastasis (Fig. 1B). In patient CRC2, we iden-
tified a diploid (2N) and aneuploid (3.3N) distribution in the
primary tumor and a diploid (2N) and aneuploid (3N) distribution
in the liver metastasis (Fig. 1B). Millions of cells from the D and A
peaks were gated and flow-sorted for exome and targeted cancer
gene panel sequencing in CRC1 and CRC2. Single nuclei were iso-
lated by FACS for single-cell copy number profiling or single-cell
mutational profiling (Fig. 1C). Single-cell libraries were barcoded
and pooled together (48 cells) for copy number profiling using
single-nucleus sequencing (SNS) (Navin et al. 2011) or barcoded
(96 cells) for highly multiplexed targeted sequencing using a
1000 cancer gene panel (T1000) that captures 12,500 exons and
promoter regions (Leung et al. 2016). The exome capture platform
and the T1000 cancer gene panel only overlap within the exonic
regions. The resulting libraries were used for sequencing on the
Illumina platform (Methods), and somatic variants were detected
(Supplemental Fig. S2).

Bulk primary and metastatic mutations are concordant
To investigate mutational concordance between the primary and
metastatic liver tumors, we performed deep-exome sequencing
ofmillions of flow-sorted diploid or aneuploid cells. To distinguish
germline from somatic mutations, we also sequenced matched
normal tissue (Methods). The exome libraries were sequenced at

high coverage depth (75.5!) and breadth (97.33%), where breadth
is defined as the percentage of the targeted region with physical
coverage of 1! or higher read depth (Supplemental Table S1). We
detected 127mutations in patient CRC1, of which 90 were nonsy-
nonymous, and 80 of the nonsynonymousmutations were shared
between the primary and metastatic tumors (Fig. 2A). Shared mu-
tations included APC and KRAS, while metastasis-specific muta-
tions included BOD1, TRRAP, GSTCD, and SNX19 (Supplemental
Table S2). In patient CRC2, we identified 131 mutations, of which
107 were nonsynonymous, and 68 of the nonsynonymous muta-
tions were shared between the primary and metastasis (Fig. 2B).
Shared mutations in CRC2 included mutations in APC, TP53,
CDK4, TOX, NRAS, and MYH11, while metastasis-specific muta-
tions included FUS, SPEN, DAPK1, and FBN (Supplemental Table
S2). Our data also identified a number of nonsynonymous muta-
tions that changed VAF between the primary and metastatic sites
(Fig. 2C,D). These mutations may reflect clonal selection during
metastatic dissemination or may be due to differences in copy
number. To distinguish between these two possibilities, we applied
PyClone to normalize the VAFs by copy number events and calcu-
lated clonal frequencies. The resulting data suggest that a number
of SNVs changed in frequency during metastatic dissemination,
possibly due to selection at the metastatic tumor site (Supplemen-
tal Fig. S3).

Metastasis-specific mutations were acquired after dissemination
Themetastasis-specific mutationsmay have occurred in a rare sub-
clone of the primary tumor prior to dissemination, or alternative-
ly, after dissemination to the liver. To address this question, we
performed ultradeep targeted sequencing on a subset of metasta-
sis-specific mutations in the primary tumor. From these data, we
investigated whether the metastasis-specific mutations existed at
low frequencies in the primary tumor mass. Targeted amplicon se-
quencing was performed at 1,368,403! mean coverage depth for
three metastasis-specific mutations in CRC1 and 18 metastasis-
specific mutations in CRC2 (Fig. 2E). Bayesian hypothesis testing
and deepSNV were used independently to determine the

Figure 1. Single-cell and bulk population experimental workflow. (A) The frozen primary tumors and liver metastases from two CRC patients were disso-
ciated into nuclear suspensions and stained with DAPI. (B) Single nuclei and populations of cells were gated and flow-sorted by ploidy distribution. (C) To
detect mutations, single nuclei were amplified by multiple-displacement-amplification (MDA), and libraries were captured using the T1000 cancer gene
panel, while copy number detection was performed on single nuclei using DOP-PCR. Millions of cells were isolated in parallel for standard exome sequenc-
ing. Barcoded librarieswere constructed and captured for targeted cancer gene panels or exomepanels. Librarieswere pooled for next-generation sequenc-
ing on the Illumina platform.
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SCARLET: Construct Tumor Evolution across Genomic Scale 
(Single-Cell Analysis for Reconstructing Loss-supported Evolution of Tumors

Gryte Satas

Joint tree T satisfying:
1. T is a refinement of S
2. Every mutation: gain 

(0à1) at most once and 
loss (1à 0) only when
supported

SCARLET

[Satas et al. Cell Systems 2020, 
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Single-nucleotide mutations à polyclonal seeding of 
liver metastasis

(Leung et al., Genome Research, 2017) 
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SCARLET: single-nucleotide + copy number mutations 
à monoclonal seeding of metastasis
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Summary
Inference of metastatic seeding patterns 
(monoclonal vs. polyclonal vs. reseeding of
metastases) requires: 
1. Deriving reliable phylogenies from bulk or 

single-cell sequencing data, each with 
unique challenges

2. Analyzing mutations across genomic scale; 
e.g. interactions between single-nucleotide 
mutations and copy number aberrations
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Single cells Barcoded cells Barcoded library

DNA Sequencing
Ultra-low (~.03x)

coverage per 
single cell from 
~2000 cells…

Cell 1

Cell 2

Cell 𝑛

Aligned reads

Ultra low-coverage whole-genome single-cell sequencing
Chromium Single Cell CNV Solution

Other technologies: DOP-PCR [Navin et al. Nature 2011] and DLP/DLP+ [Zahn et al. Nat. Methods 2017 ]



Single-cell copy-number analysis in breast cancer

[Assessing Tumor Heterogeneity with Single Cell CNV 
www.10xgenomics.com/solutions/single-cell-cnv/]

C
el
ls

Chromosomes

• ~2000 cells from 5 sections of a breast tumor sequenced with 10X CNV Solution
• Cell Ranger DNA inferred copy numbers and identified multiple clusters of cells



CHISEL: Copy-number Haplotype Inference in 
Single-cells using Evolutionary Links
First method to infer allele-specific copy numbers from ultra low-coverage DNA sequencing WGS

[S. Zaccaria and B. Raphael, Nature 
Biotechnology (2020)]

Simone Zaccaria
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CHISEL reveals events invisible to total copy number analysis
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Copy neutral loss of heterozygosity (CN-LOH)
Tumor section E from 
breast cancer patient 
S0:

• Allele-specific copy 
numbers {�̂�, �̌�}

• Total copy number 
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Copy neutral LOH:
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CN-LOH supported by BAF in clones
Tumor section E from 
breast cancer patient 
S0:

• Allele-specific copy 
numbers {�̂�, �̌�}

• Total copy number 
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Copy neutral LOH:

{2,0}

Diploid region:

{1,1}

Known breast-
cancer genes



Tumor evolution across all cells in five tumor 
sections

10,202 cells

Findings:

1. LOH affects TP53 before WGD
è Evidence for TP53 inactivation   

preceding WGD

2. Mirrored-subclonal CNAs separate two 
branches and affect breast cancer 
tumor suppressor genes
è Convergent evolution

TP53

[Jamal-Hanjani et al., NEJM, 2017]

[Bielski et al., Nature Genetics, 2018]

CHISEL haplotype-
specific copy 
number tree



Orthogonal validation using somatic SNVs
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SBMClone: Infer tumor clones from SNVs in 
ultra-low coverage single-cell data

Matt Myers
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Up to 99% of entries are 
? with no covering reads

Key idea: Clonal structure creates blocks in mutation matrix.
Inference: stochastic block model

Simone 
Zaccaria

Myers, Zaccaria, R. ISMB/Bioinformatics 2020Software: github.com/raphael-group/sbmclone



SBMClone identifies tumor cells in both pre- and 
post-treatment samples à clonal persistence

90 cells collected pre- and post-treatment
DOP-PCR sequencing: ≈0.26X coverage per cell



Copy-number signal supports tumor cells 
identified by SBMClone
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Questions and Feedback

• Contact: braphael@princeton.edu
• Software: http://github.com/raphael-group
• ARCH: github.com/raphael-group/arch (Under construction!)

mailto:braphael@princeton.edu
http://github.com/raphael-group
https://github.com/raphael-group/arch

