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large genomic regions where G4 structures 
can form frequently and perhaps nonspecifi-
cally; aberrant hypomethylation may work in 
concert with other epigenetic modifications, 
which cannot yet be systematically investi-
gated because of insufficient data. Although 
such events are likely to be crucial during 
replication, some G4 structures formed dur-
ing transcription may be recognized and mis-
repaired by transcription-coupled repair or 
persist until subsequent replication. During replication, G4 structures 
obstruct DNA polymerase17, increasing the risk of fork stalling and 
template switching (FosTes), erroneous microhomology-mediated 
replication-dependent recombination (MMRDR) and nonhomolo-
gous end joining (NHEJ)9; these processes then increase the risk of 
genomic alterations.

This proposed mutagenic process may work alongside other 
endogenous and exogenous mutagens to create genomic instability 
and generate mutations on which selection can operate during tumor 
evolution. If G4-associated structural alterations involve cancer genes 
or other functional elements, they may alter cellular fitness and thus 
change the course of cancer progression by leading to clonal expan-
sion. Recent experimental findings that aberrant methylation pro-
motes tumorigenesis21 and is associated with PG4s24,26,30, and that 
the formation of G4 structures is mutagenic18–20, are consistent with 
our model. Because PG4s are widespread in the genome38, methyla-
tion patterns differ between tissue types44 and between cells within a 
tissue49, and G4-mediated structural alteration is a stochastic event45, 
this mechanism has the potential to generate tissue-specific muta-
tional landscapes in cancer as well as heterogeneity among single cells 
within a tumor. Our model has attractive preventative, diagnostic and 
therapeutic implications, as agents that counteract hypomethylation 
and/or dissolve G4 structures may stabilize the rates of genomic aber-
rations and thus contribute to preventing cancer progression and the 
evolution of resistance. Our findings also contribute to the ongoing 
debate about epigenetic origins of cancer8.

METHODS
Methods and any associated references are available in the online 
version of the paper at http://www.nature.com/nsmb/.

Note: Supplementary information is available on the Nature Structural � Molecular 
Biology website.
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Figure 4 A mechanistic hypothesis of epigenetic 
involvement in the generation of breakpoints 
in cancer genomes. Genomes in normal tissue 
are generally hypermethylated and stable. 
Genome-wide hypomethylation, which occurs 
stochastically during aging and tumorigenesis, 
offers a favorable environment in which PG4s 
can fold into G4 structures in the presence of 
stabilizing proteins and negative supercoiling. 
G4 structures are mutagenic and have the 
potential to generate deletion, insertion or 
rearrangement events of genetic material 
on which selection can act to drive cancer 
evolution. See Discussion for further details.
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significant even after we excluded genomic 
blocks that were within 1 Mb of telomeres or 
centromeres (P = 2.36 × 10 −7 ). Moreover, SCNA breakpoint hotspots 
with above-median PG4s density showed a significant enrichment 
for differential hypomethylation compared to the genome-wide 
background (Fig. 3c; P = 1.18 × 10 −2, Mann-Whitney test). As these 
SCNA breakpoints were derived from various cancer types, we then 
focused our analysis on the colorectal cancer–specific breakpoint 
hotspots2, and we found a similar trend (Fig. 3c). The association of 
PG4s with SCNA breakpoint density is significant even after control-
ling for DNA methylation, and the association between methylation 
and SCNA breakpoint density is marginally significant after control-
ling for PG4s (Supplementary Methods and Supplementary Table 
7). We then repeated our analysis using breast cancer46 and osteosar-
coma47  data (Supplementary Methods, Supplementary Table 8 and 
Supplementary Figs. 1 and 2) and obtained similar results. Finally, 
we analyzed copy number, DNA methylation and gene expression 
data for glioblastoma samples5  and found that loss of methylation 
in the CpG dinucleotides within PG4s was associated with genomic 
alterations (Supplementary Methods, Supplementary Fig. 3 and 
Supplementary Table 9). Taken together, our data indicate that 
hypomethylation near regions of high PG4s density, which is rare 
in normal tissues but common in cancer genomes, is a signature of 
many DNA breakpoints across many cancer types.

DISCUSSION
Here we have established that SCNA breakpoints in cancer are often 
clustered into hotspots, which are markedly enriched for PG4s. The 
strand bias of the SCNAs relative to PG4s indicates that G4 struc-
tures are likely to have a causal role in cancer genome instability. 
Furthermore, we found that genomic regions rich in PG4s are on aver-
age hypermethylated in normal tissue, but hypomethylation in those 
regions is substantially associated with DNA breakpoint hotspots 
across a wide range of cancer types. Our results show that G4 struc-
tures and aberrant hypomethylation have a key role in generating 
genomic alterations in cancer.

On the basis of our analyses and supporting lines of evidence, 
we propose a mechanistic model of the potential contribution of 
hypomethylation and PG4s to the generation of genomic instabil-
ity, thus bridging the roles of genetic and epigenetic factors driving 
tumorigenesis (Fig. 4). In normal tissues, the genome is generally 
hypermethylated, which is a marker for closed chromatin—a state 
generally unfavorable for G4 formation. In contrast, hypomethylation 
and open chromatin create a favorable condition for G4 structure for-
mation in the presence of stabilizing proteins and negative supercoil-
ing—for example, during transcription25 ,40 ,43 or replication41,42. In 
addition, the CpG dinucleotide often occurs within PG4s, and methyl-

ation of those CpGs may also play a direct 
role in the stability of G4 structures through 
chemical and steric effects, as is the case for 
several other non–B-DNA structures27 ,28. 
Furthermore, CpG dinucleotide methylation 
regulates local nucleosome occupancy and 
chromatin structure48, which may in turn 
influence DNA accessibility, G4 formation 
and DNA breakage. Aberrant genome-wide 
DNA hypomethylation, which can arise 
 during aging49  and tumorigenesis46, exposes 
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Figure 3  Role of G-quadruplex structures  
in the generation of breakpoint hotspots.  
(a) Extent of differential methylation in colon 
cancer relative to normal colon (red), density 
of G4 sequences (orange) and density of 
DNA breakpoints in cancer (gray) are shown 
across the human chromosomes. Vertical 
dotted lines mark centromeres. A negative 
value of differential methylation indicates 
differential hypomethylation. (b) The density 
of DNA breakpoints in cancer is higher in 
genomic blocks that have both above-average 
hypomethylation and above-average PG4s 
density than that in genomic blocks that do not  
have above-average representation of either of the  
factors. The purple horizontal dashed line shows 
the median breakpoint density corresponding 
to the rightmost group. The whiskers of the 
box plots represent the range of the breakpoint 
frequencies for the respective groups. (c) SCNA 
breakpoint hotspots with above-average 
PG4s density are significantly differentially 
hypomethylated (low differential methylation 
score) relative to the genome-wide background. 
SCNA breakpoint hotspots specific to colorectal 
cancers with above-average PG4s density show a 
similar trend (P value > 0.05 because there are  
fewer data points).

Table 2  Enrichment for cancer breakpoint hotspots in genomic blocks with over-
representation of G4 sequences and hypomethylation

Total no. 
genomic 
blocks

SCNA  
breakpoint  
hotspots (A)

Genomic blocks with:

Overlap between 
groups A and B

Corresponding  
P value

PG4s  
density

Differential  
methylation No. blocks (B)

3,029 248 > mean < mean 579 72 2.47 × 10−5

3,029 248 > mean + s.d. < mean 205 30 5.09 × 10−4

3,029 248 > mean < mean − s.d. 272 39 1.26 × 10−4

3,029 248 > mean + s.d. < mean – s.d. 122 22 1.69 × 10−4
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the functional implications of SCNAs during tumorigenesis; given 
that early-replicating regions are gene-dense and many of them also 
harbor cancer genes (Table 2), functional consequences and natural 
selection during cancer progression may also play a role in establish-
ing this trend.

Replication timing and spatial proximity predict cancer SCNAs
Our third observation was that a significant proportion of SCNAs 
in cancer genomes can be identified using replication timing and 
long-range interaction data alone. We first determined that the prob-
ability of two genomic regions harboring SCNA boundaries depends 
on the extent of long-range interactions between them. Briefly, we 
divided the genome into nonoverlapping windows of 1 Mb size, and 
for pairs of regions that were at least 5 Mb apart on linear DNA, we 
investigated the numbers of HiC reads and SCNA boundaries between 
them. We found that noninteracting pairs of regions are substantially 
less likely to harbor SCNA boundaries than those pairs of regions 
that share at least one HiC read (Fig. 3a). Furthermore, the propor-
tion of interacting pairs of regions that harbor one or more SCNAs 
increases with an increasing number of HiC reads connecting them. 
We obtained consistent results when focusing on the SCNAs that 
overlap with known cancer genes as listed in the Cancer Gene Census 
(Fig. 3b) and when analyzing amplifications and deletions separately 
(Supplementary Module 7). In a complementary analysis, we found 
that over >37% of large SCNAs (>5 Mb) have >10 HiC reads con-
necting the two boundary regions, whereas only 1.9% have no HiC 
reads between them (Fig. 3c). Furthermore, we determined that the 
length distributions of SCNAs depend on the replication timing of 
their boundaries and can be predicted from long-range interaction 
data between those regions (Supplementary Module 7). Using BCL6 
as an example, we showed that (i) the majority of SCNAs spanning 
BCL6 have HiC reads between the pairs of boundaries, and (ii) pairs 
of regions not connected by HiC data are unlikely to harbor pairs of 
SCNA boundaries (Fig. 3d). Thus, using a learning data set of 331,724 
SCNAs from 2,792 cancer samples, we established that replication 
timing and long-range interactions were associated with the location 
and size distribution of SCNAs in cancer.

We then used a test data set of ovarian cancer copy number altera-
tions from The Cancer Genome Atlas to test whether the pairs of 

boundaries of a proportion of genomic alterations can be identified 
using long-range interaction between regions of similar replica-
tion timing (Supplementary Module 8). Using this approach, we 
identified 78,412 pairs of genomic blocks of size 500 kb that were 
at least 5 Mb apart on linear DNA, had the same replication timing 
and shared at least one HiC read supporting long-range interactions 
between them. Overlaying ovarian cancer copy number data onto 
these blocks, we correctly identified the boundaries of 47% (317/675) 
of all large (>5 Mb) ovarian SCNAs with a resolution of 500 kb at the 
two boundaries (Fig. 3e). This finding was significantly higher than 
that expected by chance (Fisher’s test, P < 1 × 10−20, Supplementary 
Module 8). Both the false-negative rate23 (1 – 317/675) and false-
positive rate23 (1 – 317/78,412) were large; false negatives are partly 
attributed to the fact that not all genomic alterations arise from  
replication-coupled mechanisms (e.g., interaction between two repli-
cating DNA segments). False positives, in contrast, can arise because 
the generation of SCNAs in cancer genomes is a stochastic event 
and not all theoretically possible SCNAs arise in any given tumor 
(the cancer genome is not saturated with genomic alterations). Such 
situations have been dubbed the false-positive paradox24—that is, 
false-positive results are more probable than true-positive results 
when the overall population has a low incidence of events (e.g., copy 
number alterations). Moreover, some genomic alterations may confer 
a fitness disadvantage to the cell so that these alterations may be lost 
from the population. Thus, any individual tumor contains a random 
set of SCNAs whose number and identity are determined by muta-
tion and selection (Supplementary Module 8). The proportion of 
ovarian SCNAs detected using replication timing and HiC data alone 
depended on the choice of spatial resolution and the number of HiC 
reads (Supplementary Module 8), but for any parameter choice, 
the proportion remained significantly higher than that expected by 
chance (Fisher’s test, P < 1 × 10−20). Finally, we found that pairs of 
genomic regions not connected by HiC reads and with different rep-
lication timing were significantly unlikely to form SCNAs. We also 
obtained similar results by cross-validation analyses using alternative 
data sets1,4,6 (Supplementary Module 8). These findings suggest that 
data on long-range interactions between distant genomic regions 
replicating at the same time can be used to predict the mutational 
landscapes of cancer genomes.
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the functional implications of SCNAs during tumorigenesis; given 
that early-replicating regions are gene-dense and many of them also 
harbor cancer genes (Table 2), functional consequences and natural 
selection during cancer progression may also play a role in establish-
ing this trend.

Replication timing and spatial proximity predict cancer SCNAs
Our third observation was that a significant proportion of SCNAs 
in cancer genomes can be identified using replication timing and 
long-range interaction data alone. We first determined that the prob-
ability of two genomic regions harboring SCNA boundaries depends 
on the extent of long-range interactions between them. Briefly, we 
divided the genome into nonoverlapping windows of 1 Mb size, and 
for pairs of regions that were at least 5 Mb apart on linear DNA, we 
investigated the numbers of HiC reads and SCNA boundaries between 
them. We found that noninteracting pairs of regions are substantially 
less likely to harbor SCNA boundaries than those pairs of regions 
that share at least one HiC read (Fig. 3a). Furthermore, the propor-
tion of interacting pairs of regions that harbor one or more SCNAs 
increases with an increasing number of HiC reads connecting them. 
We obtained consistent results when focusing on the SCNAs that 
overlap with known cancer genes as listed in the Cancer Gene Census 
(Fig. 3b) and when analyzing amplifications and deletions separately 
(Supplementary Module 7). In a complementary analysis, we found 
that over >37% of large SCNAs (>5 Mb) have >10 HiC reads con-
necting the two boundary regions, whereas only 1.9% have no HiC 
reads between them (Fig. 3c). Furthermore, we determined that the 
length distributions of SCNAs depend on the replication timing of 
their boundaries and can be predicted from long-range interaction 
data between those regions (Supplementary Module 7). Using BCL6 
as an example, we showed that (i) the majority of SCNAs spanning 
BCL6 have HiC reads between the pairs of boundaries, and (ii) pairs 
of regions not connected by HiC data are unlikely to harbor pairs of 
SCNA boundaries (Fig. 3d). Thus, using a learning data set of 331,724 
SCNAs from 2,792 cancer samples, we established that replication 
timing and long-range interactions were associated with the location 
and size distribution of SCNAs in cancer.

We then used a test data set of ovarian cancer copy number altera-
tions from The Cancer Genome Atlas to test whether the pairs of 

boundaries of a proportion of genomic alterations can be identified 
using long-range interaction between regions of similar replica-
tion timing (Supplementary Module 8). Using this approach, we 
identified 78,412 pairs of genomic blocks of size 500 kb that were 
at least 5 Mb apart on linear DNA, had the same replication timing 
and shared at least one HiC read supporting long-range interactions 
between them. Overlaying ovarian cancer copy number data onto 
these blocks, we correctly identified the boundaries of 47% (317/675) 
of all large (>5 Mb) ovarian SCNAs with a resolution of 500 kb at the 
two boundaries (Fig. 3e). This finding was significantly higher than 
that expected by chance (Fisher’s test, P < 1 × 10−20, Supplementary 
Module 8). Both the false-negative rate23 (1 – 317/675) and false-
positive rate23 (1 – 317/78,412) were large; false negatives are partly 
attributed to the fact that not all genomic alterations arise from  
replication-coupled mechanisms (e.g., interaction between two repli-
cating DNA segments). False positives, in contrast, can arise because 
the generation of SCNAs in cancer genomes is a stochastic event 
and not all theoretically possible SCNAs arise in any given tumor 
(the cancer genome is not saturated with genomic alterations). Such 
situations have been dubbed the false-positive paradox24—that is, 
false-positive results are more probable than true-positive results 
when the overall population has a low incidence of events (e.g., copy 
number alterations). Moreover, some genomic alterations may confer 
a fitness disadvantage to the cell so that these alterations may be lost 
from the population. Thus, any individual tumor contains a random 
set of SCNAs whose number and identity are determined by muta-
tion and selection (Supplementary Module 8). The proportion of 
ovarian SCNAs detected using replication timing and HiC data alone 
depended on the choice of spatial resolution and the number of HiC 
reads (Supplementary Module 8), but for any parameter choice, 
the proportion remained significantly higher than that expected by 
chance (Fisher’s test, P < 1 × 10−20). Finally, we found that pairs of 
genomic regions not connected by HiC reads and with different rep-
lication timing were significantly unlikely to form SCNAs. We also 
obtained similar results by cross-validation analyses using alternative 
data sets1,4,6 (Supplementary Module 8). These findings suggest that 
data on long-range interactions between distant genomic regions 
replicating at the same time can be used to predict the mutational 
landscapes of cancer genomes.
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Development and aging

Every round of mitotic cell division is expected to gen-
erate several somatic mutations [7,8]. Unlike germline
mutations [9], the frequency and types of somatic muta-
tions in various normal tissues have not been systemati-
cally catalogued. One of the early estimates of mutation
rates, derived from normal and malignant lymphocyte
cells, was approximately 10–7–10–8 per base pair per gen-
eration [8], and since then many papers have used this
estimate of somatic mutation rates in other tissues as well
as in different scenarios. However, different mutagenic
processes lead to alterations of different sizes. The de novo
locus-specific rates for genomic alterations are between
10–6 and 10–4 per locus per generation [10–12], orders of
magnitude higher than the point mutation rate. Further-
more, somemutagenic processes operate tissue-specifically
or at a specific time during development. Therefore, the
rate of somaticmutation can vary between tissue types and
with age, making a systematic survey of somatic mutations
in different tissues necessary.

One of the best characterized mechanisms generating
somatic mosaicism is represented by long interspersed
nuclear elements-1 (LINE-1 or L1). L1 retrotransposons
are active during embryonic development and can give rise
to copy number alterations during that time [13]. Recent
evidence supports the existence of L1 transposon-mediated
mosaicism in both neuronal progenitor cells and adult

human brain tissue [14]. L1 activation in developing neu-
rons is regulated by the Wnt signaling pathway [15].
According to the current model, SOX2, a transcription
factor important for self-renewal in the stem cells, acts
as an L1 repressor, and after theWnt-induced activation of
a signaling cascade NeuroD1 – a key neurogenic transcrip-
tion factor – activates L1 elements [16]. Upon transcrip-
tion, L1 mRNA is spliced to generate an endonuclease and
a reverse transcriptase. The reverse transcriptase, which
has high specificity for L1 RNA, makes a DNA copy from
the RNA, and then the L1-DNA copy is inserted into the
genome nonspecifically by the endonuclease [17]. In addi-
tion to L1 elements, several subfamilies of Alu elements,
which belong to short interspersed nuclear elements, are
also active in human embryonic stem cells (hESCs); most of
these active Alu retrotransposons belong to the youngest
subfamily Y [18]. Interestingly, Alu retrotransposition is
also mediated by active LINE (L1) elements [19], suggest-
ing that these two mutagenic processes in somatic cells
could be associated.

We are just beginning to understand how mobile ele-
ments (e.g. L1 or Alu) are repressed in normal conditions
and how they can become active under specific circum-
stances. Developmental timing and tissue-specific occur-
rences suggest that retrotransposition might be under
epigenetic regulation. Argonaute 2, which is a key gene
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Figure 1. Some of the common endogenous molecular mechanisms that generate somatic mutations and give rise to mosaicism. Somatic mutations generated by different
mechanisms differ in their size, tissue of origin and temporal pattern. Many such mechanisms operate throughout the lifetime of an individual, whereas others (such as Alu
and L1 retrotransposition) are likely to have specific temporal patterns. Reversion mosaicism involves the spontaneous reversal of germline mutations in some somatic
cells, which restores wild type alleles in those cells. Reversal mosaicism can involve diverse molecular mechanisms (brackets) such as erroneous DNA repair,
nonhomologous end joining or ploidy.
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Motivation
Diagnosis represents a snapshot 
late during tumor evolution.

True mutational history and clonal 
makeup are unknown.

Impact of acquired driver mutations 
is not ‘always’ well understood.

Marusyk & Polyak, 2013

Intra-tumor spatial heterogeneity 
and limited sampling can bias the 
observations

Pathological markers (e.g. mitotic 
index) do not provide information 
about past characteristics of tumor 
cells, and different subclones
therein. 



Overall Goal and Aims
To develop a framework to estimate subclonal growth rates in tumors using 
emerging genomic approaches, and then estimate selective advantage conferred 
by selected oncogenic drivers during tumor progression. 

Specific Aims 
Aim-1: Develop a genomic approach to quantify subclonal growth rates in 
heterogeneous tumors. 

Aim-2: Quantify growth advantage conferred by subclonal oncogenic mutation 
in human cancers. 

Team: De, Computational cancer genomics; Carpizo, Surgical oncology; Riedlinger,
Pathology and imaging; Wang: Biostatistics.



A range of 34%–91% somatic SNVs were ‘‘ubiquitous’’ across all
regions in a tumor, while 2%–55% SNVs were ‘‘shared’’ among
multiple tumor regions, and a relatively small proportion of

the somatic SNVs (0.8%–10%)was ‘‘unique’’ to any single region.
The proportion of inferred genome-wide copy number alterations
(CNAs; Data S1) that were ubiquitous was generally smaller than

Figure 1. Assessment of Genetic Heterogeneity in Lung Squamous Cell Cancer
(A) Schematic representation of the study design showing multi-dimensional analysis of intra-tumor heterogeneity based on multi-region profiling of tumor

specimens.

(B) Heatmap shows regional variation in allele frequency of somatic single nucleotide variants (SNVs) for 8 patient samples. Somatic variants below detection

threshold (<2% allele frequency) are marked in gray. Variations are categorized into three categories: ubiquitous, present in all regions (blue); shared, present in

multiple regions but not all (yellow); and unique, present in single region (orange). Dendrograms represent genetic similarity (represented by branch length) between

different regions within a tumor for each patient sample based on variant allele frequency of somatic SNVs. Numbers on the nodes represents bootstrap values.

(C) Regional differences in inferred telomere length in tumor regions, relative to matched normal tissue.

(D) Relative abundance of somatic mutation clusters identified in different tumor regions for P6.

(E) COSMICmutational signatures inferred from somatic base changes in tumors corresponding to the mutations that are ubiquitous (U) and non-ubiquitous (NU;

i.e., shared and unique). Signature 1, mutational process initiated by spontaneous deamination of 5-methyl cytosine; signature 2, mutational process due to

APOBEC activity; signature 3, mutational process due to homologous recombination defect; signature 4, mutational process due to smoking; signature 6,

mutational process due to defective DNA mismatch repair; signature 13, mutational process due to APOBEC activity; signature 15, mutational process due to

defective DNA mismatch repair; signature 26, mutational process due to defective DNA mismatch repair; and signature 29, mutational process due to tobacco

chewing habit.
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Figure 5. Intra-tumor Heterogeneity at Single-Cell Resolution
(A) Clinical information of 5 patients for which multi-region single-cell sequencing data was performed by Lambrechts et al. (2018).

(B) tSNE plots show the transcriptomic heterogeneity of the tumor cell populations and also non-malignant cell populations for reference. Tumor cells from

different regions, namely, core, middle, and edge, of each tumor are colored with red, green, and blue, respectively, whereas all non-malignant cells are shown in

gray.

(C) Tumor clonal architecture inferred from single cell RNA-seq data-guided copy number variation calls. For each tumor, 4 major subclonal clusters are

numbered C1, C2, C3, and C4, marked with different colors.

(D) Boxplots showing distribution of proliferation scores of all tumor cells grouped by their subclonal cluster membership.

(E) Boxplots showing distribution of proliferation scores of all tumor cells grouped by different geographical regions—core (C), middle (M), and edge (E).

(legend continued on next page)
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Bulk multi-region sequencing

Analysis of single cell multi-region sequencing

Sharma et al. Cell Rep. 
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Single cell sequencing to study pancreatic cancer evolution

Sosa et al. Nature Reviews Cancer, 2014 

 

Figure 3. Clinical relevance of the dormancy signature derived from the transgenic mouse model in 
human pancreatic adenocarcinoma. A) Schematic outline of single cell RNA sequencing of CA19-9 positive 
cells from tumor and liver from pancreatic cancer patients. B) tSNE plots show projection of primary tumor 
(blue) and liver derived (red) CA19-9 positive cells from 2 patients (P3552 and P7180). Insets show all isolated 
cells, and the main panels show the potential tumor cells after excluding non-tumor cells based on gene 
expression signature-guided annotation.  C). tSNE plots showing single cell expression of CCND1 and CCL5 
in primary tumor and liver derived CA19-9 positive cells from the two patients. Only the potential tumor cells 
are highlighted.  D) Boxplot showing differences in log2(TPM) expression between DTCs and primary tumor 
in human for the dormancy signature genes up- and downregulated in mouse DTCs. p-value was calculated 
using one-tailed Wilcox rank sum test. E) (Left) Kaplan-Meier survival curves for the early and latent recurrent 
human patient cohorts used to derive gene expression data on right. (Right) Boxplot showing differences in 
log2(TPM) expression of the dormancy signature genes upregulated and downregulated in mouse DTCs in the 
patients who have early and late relapse. 
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Progress report so far …
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Challenges, opportunities, and collaboration with ITCR community

• Reliable mutation calling from single cell data

• Reliable clonal reconstruction from single cell data

• Non-genetic determinants of cell population growth

• Epistasis, clonal cooperation and competition

• Applying the frameworks to other cancers


