fco;ﬁ\b Cold Spring Harbor Perspectives in Medicine

PERSPECTIVES

www.perspectivesinmedicine.org

Principles of Reconstructing the Subclonal
Architecture of Cancers

Stefan C. Dentro,"? David C. Wedge,? and Peter Van Loo**

"Wellcome Trust Sanger Institute, Cambridge CB10 THH, United Kingdom

The Francis Crick Institute, London NW1 1AT, United Kingdom

3Big Data Institute, University of Oxford, Oxford OX3 7BN, United Kingdom
4Department of Human Genetics, University of Leuven, B-3000 Leuven, Belgium

Correspondence: peter.vanloo@crick.ac.uk

Most cancers evolve from a single founder cell through a series of clonal expansions that are
driven by somatic mutations. These clonal expansions can lead to several coexisting sub-
clones sharing subsets of mutations. Analysis of massively parallel sequencing data can infer
a tumor’s subclonal composition through the identification of populations of cells with
shared mutations. We describe the principles that underlie subclonal reconstruction
through single nucleotide variants (SNVs) or copy number alterations (CNAs) from bulk or
single-cell sequencing. These principles include estimating the fraction of tumor cells for
SNVs and CNAs, performing clustering of SNVs from single- and multisample cases, and
single-cell sequencing. The application of subclonal reconstruction methods is providing key
insights into tumor evolution, identifying subclonal driver mutations, patterns of parallel
evolution and differences in mutational signatures between cellular populations, and char-

acterizing the mechanisms of therapy resistance, spread, and metastasis.

ancers evolve through the acquisition of
Cchanges in the genome and epigenome of
their cells (Nowell 1976; Tabin et al. 1982).
Some of these mutations provide the cell in
which they occurred with an evolutionary ad-
vantage over other cells and are known as
“driver” mutations, whereas other mutations
(“passenger” mutations) are assumed to have
a neutral effect (Stratton et al. 2009; Garraway
and Lander 2013). A tumor cell with a selective
advantage is better suited to its local microen-
vironment and can, therefore, proliferate quick-
er than other cells and generate more daughter
cells. This process is called “clonal expansion”

(Greaves and Maley 2012; Vogelstein et al.
2013). This interplay between mutation and se-
lection allows a tumor to evolve and adapt to a
changing environment.

Part of a tumor’s evolutionary story can be
inferred through massively parallel sequencing
of tumor samples (Fig. 1). Mutations that have
occurred before the “most recent common an-
cestor” (MRCA) are carried by all tumor cells in
a sample and can be used as markers of the
clonal population (Campbell et al. 2008). As
the tumor develops further, it continues to ac-
quire more driver and passenger mutations. A
tumor cell that acquires an additional driver
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Figure 1. General overview of subclonal reconstruction. (A) During cancer evolution, a tumor acquires driver
mutations (marked with a plus sign) that can initiate clonal expansions. (B) Over time, a number of these clonal
expansions can occur, resulting in the increase of subpopulations of cells harboring distinct sets of mutations.
Tumor samples typically consist of a mixture of tumor cells with mutations (solid lines) and normal cells
without mutations (dashed lines). (C) Some mutations are carried by all tumor cells (marked with a square),
whereas others are present in a subset of cells (triangle and circle). Using allele frequencies of mutations obtained
from sequencing data and accounting for copy number aberrations, an estimate of the fraction of tumor cells
carrying each mutation can be obtained. A set of mutations can then be used as a marker for a population of cells,
allowing estimation of the fraction of tumor cells of the corresponding subclone. Clustering algorithms can be
applied to obtain the cancer cell fractions (CCFs) of each subclone. (D and E) The relationship between
subclones can be visualized as a tree. (D) Some methods perform this clustering in fraction of tumor cells space,
and (E) others in the space of fraction of all cells.

mutation and embarks on a clonal expansion
will generate a subpopulation of cells bearing
mutations that are not shared by all cells in the
tumor (Fig. 1A). Such a subclonal cell popula-
tion can therefore be identified through a set of
shared mutations.

Figure 1B shows a schematic example, in
which the “square” mutations are carried by
all tumor cells and are therefore clonal, and
the “triangle” and “circle” mutations are present
only in a subpopulation of tumor cells. A tumor
sample usually also contains non-tumor cells,

such as stromal cells, immune cells, and fibro-
blasts, that do not share any genomic mutations
with the tumor clones. The fraction of tumor
cells in a sequencing sample is known as the
“purity” or “cellularity.”

For each of the somatic mutations, an asso-
ciated “variant allele frequency” (VAF) can be
calculated. Besides the tumor purity and the
fraction of tumor cells carrying a mutation, the
VAF also depends on copy number changes. For
example, a mutation that has occurred before a
gain is carried by two out of three chromosome
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copies, whereas a mutation that occurred after
the gain is carried by one out of three chromo-
some copies. It is important to account for all
these factors when using VAF values to infer a
tumor’s subclonal architecture, as mutations
from the same subclonal population may show
different VAFs because of copy number changes.

Accounting for the factors above, it is useful
to represent the propensity of mutations or mu-
tation clusters through their “cellular preva-
lence” (CP, the fraction of cells carrying the mu-
tation[s] in the sample), or their “cancer cell
fraction” (CCE the fraction of tumor cells car-
rying the mutation([s]). In Figure 1C, the CCF
space is shown, where the clonal mutations (de-
noted by squares) now appear in a cluster
around 1.0, as they are found in 100% of tumor
cells, and the subpopulation denoted by trian-
gles that consists of 33% of tumor cells now
appears at 0.33. Subclonal reconstruction can
be performed by clustering these mutations,
here resulting in a “square” and a “triangle”
cluster. A key underlying assumption is that
each mutation has occurred only once during
the lifetime of a tumor, which is referred to as
the “infinite sites assumption” (Beerenwinkel
et al. 2015). A tumor’s subclonal architecture
can be represented by a phylogenetic tree (Fig
ID,E).

Here, we describe the principles of recon-
structing the subclonal architecture of cancers
from massively parallel sequencing data. Sub-
clonal reconstruction methods build on the
principles described above to reconstruct the
subclonal architecture of tumors, starting
from either single nucleotide variants (SNVs)
or copy number alterations (CNAs), or both.
We describe how CCFs can be calculated and
outline the principles behind SNV- and CNA-
based subclonal reconstruction methods, using
data from single biopsies, multisampling and
single-cell sequencing. Finally, we outline which
biological insights have been obtained through
these methods and outline future directions.

ESTIMATING CANCER CELL FRACTIONS

CCFs can be estimated from VAFs of SNVs.
Massively parallel sequencing results in short

reads, which can then be aligned to a reference
genome, followed by SNV calling. Both the var-
iant and reference alleles of an SNV are support-
ed by a number of reads, 7, and r.p respec-
tively. The VAF of SNV i, f; can straightforwardly
be calculated as

ﬁ_%- (1)

Trmut,i + Tref i

However, mutation clustering to identify
(sub)clonal populations, cannot be performed
directly using VAFs, as copy number changes
impact allele frequencies. Figure 2 shows four
SNVs in a sequencing sample that consists of
80% tumor cells and 20% normal cells. SNV 1
is clonal and occurs in a region with a normal
diploid copy number state. This mutation is
therefore carried by approximately half the
reads that represent tumor DNA. SNV 2 is sub-
clonal and also occurs in a region of normal
diploid copy number. As both copy number
and normal cell contamination are equal for
both SNV 1 and 2, their allele frequencies are
directly comparable and proportionate to the
fraction of tumor cells by which they are carried.
SNV 3 falls into an area that was subclonally
lost. As the subclonal loss here has occurred
on the other allele, this SNVs VAF is increased
compared with SNV 1. SNV 4 is clonal, falls into
an area that is clonally gained and is on the
gained allele. Its VAF is therefore higher than
that of SNV 1. If these SNVs were clustered in
VAF space, SNVs 3 and 4 would be mistaken for
evidence of additional mutation clusters, while
they in fact belong to the clonal cluster.

This example illustrates that the copy
number state of an SNV, also called its “mul-
tiplicity,” is key to understanding VAF dis-
tributions of mutations. Estimating the multi-
plicity of an SNV is challenging, as it requires
establishing the copy number state of a single
base. Copy number callers often estimate copy
number states for large stretches of DNA,
which might not accurately represent the
copy number state exactly at the base of the
SNV. To assist with resolving this issue, it is
helpful to consider the product of mutation
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Figure 2. Copy number alterations affect variant allele frequencies. Allele frequencies of single nucleotide
variants (SNVs) must be transformed to cancer cell fractions (CCFs), accounting for copy number changes,
before they can be clustered to identify subclonal populations. This illustration shows four SNVs in different
(sub)clonal populations and in regions with different copy number states, to illustrate this principle. SNVs 1 and
2 are clonal and subclonal respectively and appear in a nonaberrated copy number state. SNV 3 coincides with a
subclonal deletion, with the SNV falling on the retained allele (i.e., the other allele is subclonally deleted). SNV 4
has occurred before a gain and is therefore carried by two chromosome copies. Even though SNV 1, 3, and 4 are
clonal, their allele frequencies differ because of copy number alterations (CNAs).

multiplicity m; of a mutation i and its cancer
cell fraction CCF;:

u; = CCF,‘mi. (2)

Let us consider the properties of u;. A clonal
SNV will have a CCF of 1.0 (i.e., 100% of tumor
cells) and in each cell the number of chromo-
some copies, m;, is an integer. It follows from
the above equation that for clonal mutations u;
> 1. A subclonal mutation has a CCF less than
1.0 (for example, 0.4, or 40% of tumor cells)
and can only be carried by a single chromosome
copy (unless also affected by a subclonal CNA),
therefore m; = 1. It follows that u; < 1 for sub-
clonal mutations. We can use these observations

to obtain m; from u;

U

Furthermore, ©; can be written as a function
of the fraction of tumor cells p with a total
number of chromosome copies in tumor cells
at locus 1, o, and a fraction of normal cells
1 —p with a total number of chromosome cop-
ies in normal cells at locus i, 10,

uiZI
u < 1.

(3)

1
u; :ﬁ ; [pntogt,i + (1 - p)ntot,n,i] . (4)

In the formula above, p and 7, can be
obtained through copy number analysis, f; can
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be calculated from rp,,, and r.r using Equation
1, and the #,,; values are considered known
(typically 2). Equation 4 therefore provides us
with a way to calculate #; and by extension to
obtain the multiplicity of the SNV.

SNV 1in Figure 2, for example, is clonal and
has four reads reporting the variant and six re-
porting the reference allele. The purity is 0.8
(80% of total cells are tumor cells) and the total
copy number of both the tumor and normal
cells is 2. Its u;, therefore, becomes

4 1
x— x [0.8%2 + 0.2 2] = 1.000,
4+6 0.8

which translates into a CCF of 1.0 via Equation
3. Whereas for SNV 4, it yields

>k * .0k AR S

= 1.925,

which also translates into a CCF of 1. SNV 4
illustrates that u; must be rounded to obtain
the multiplicity of a clonal SNV. It differs slight-
ly from the expected value 2 because of variabil-
ity in the number of reads resulting from limited
sequencing depth. A similar mutation with 12
variant-reads out of 20 would lead to an esti-
mate of 2.100.

The accuracy of the multiplicity estimate in
practice depends on the accuracy of the VAF and
local copy number. Slight deviation of the VAF
caused by read sampling can result in minor
deviation of the multiplicity estimates, as illus-
trated in the example above. Incorrect copy
number profiles may also result in large errors
if, for example, the CNA profile has been called
as diploid instead of tetraploid. Ambiguity in
estimating whole-genome duplications is a dif-
ficult problem in copy number analysis. If a
copy number profile is erroneously called as
diploid, then SNVs carried by two chromosome
copies will be estimated to have a multiplicity of
1, whereas SNVs on 1 chromosome copy will
become subclonal as they appear to be on 0.5
copies (e.g., exactly half of tumor cells). The
CCEF space will therefore show an SNV cluster

at exactly 0.5, while the copy number profile
may also contain subclonal CNAs at exactly
50% of tumor cells. The uncertainty may be
mitigated through the application of a key as-
sumption: A CNA profile is thought to be in its
normal state (diploid) unless substantial evi-
dence of a whole-genome duplication is avail-
able (i.e., the most parsimonious diploid state is
assumed unless there is evidence otherwise).
However, in rare cases, when whole-genome du-
plications occur late and are not followed by
other CNAs, they leave no traces in the data
and it is mathematically impossible to infer
from the data available that they occurred.

We now have obtained a series of formulas
to calculate CCF from a VAF and copy number
profile. First, we obtain u; through Equation 4
and then calculate the multiplicity and CCF us-
ing Equations 3 and 2, respectively. Some meth-
ods cluster SNVs as a fraction of all cells in the
sample, including normal and tumor cells, and,
therefore, need to make one more step

CP; = CCFip. (5)

Finally, some methods adjust the multiplic-
ity to address SNVs that may appear subclonal
because of a subclonal deletion. In these cases, it
is unknown whether the SNV occurred first and
was then deleted in a fraction of cells, or the
SNV occurred after the deletion. It is important
to account for such subclonal deletions (e.g., by
appropriately adjusting multiplicity estimates),
and ensure that these subclonal deletions do not
result in the inference of spurious subclonal
populations.

SNV-BASED SUBCLONAL
RECONSTRUCTION

SNV-based reconstruction methods cluster
SNVs with a similar CCF or CP, derived from
VAF values as described in the last section. How-
ever, the VAF of a SNV—and therefore also its
CCF—can be a relatively coarse measure and is a
function of local sequencing depth, which
should be taken into account when clustering
SNVs. For example, if the SNV falls in a region
of diploid copy number with a depth of 20 reads
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in a sample with 50% tumor cells, its CCF
changes by 0.2 when a variant read is added or
removed (e.g., three mutant reads correspond
to a CCF of 0.6, while four mutant reads corre-
spond to a CCF of 0.8). If the same SNV is
sequenced to 80 x depth, one additional variant
read would change the CCF by only 0.05. Tu-
mors are often sequenced at 30 x average cov-
erage or higher, but this coverage is not constant
across the genome. As a result of this, discrete
sampling of mutant and nonmutant reads, and
the variability of the sequencing depth, CCF
estimates of mutations from specific (sub)-
clones will show a distribution of values. For
example, clonal mutations will display a range
of CCF values around 1.0 (Fig. 1C).

A suitable error model can account for this
variability. The number of variant reads can be
seen as the number of successes of N indepen-
dent coin tosses, where N is the total read depth.
The number of successes (variant reads) can
therefore be modeled through a binomial dis-
tribution with r; the number of reads reporting
the variant at location i, r,,; the total depth at
location i, and p; the probability of observing a
mutant read

ri ~ Bin(roris pi)- (6)

Both r; and r,,, are observed in the data. p;
can be considered the product of two factors:
The proportion of reads one expects to see if the
mutation is fully clonal, {;, and the true fraction
of tumor cells carrying the mutation ;

pi = ¢ (7)

{; can be calculated from the tumor purity
and the copy number state of the locus, as de-
tailed above. Take, for example, a clonal SNV in
a balanced diploid copy number region in a
sequencing sample consisting of 80% tumor
cells. The SNV is heterozygous and therefore
expected to be carried by half the reads that
represent tumor DNA. The expected propor-
tion of reads is therefore 0.5%0.8, that is, 0.4. If
the region has three copies and the SNV is car-
ried by two copies, one expects two-thirds of the

reads representing tumor DNA to be carrying
the variant allele, making the expected fraction
2*0.8/(3*0.8 + 2*0.2), that is, 0.57.

The key estimate in subclonal reconstruc-
tion is the true fraction of tumor cells that are
carrying mutation i, m;. Many methods (Nik-
Zainal et al. 2012; Landau et al. 2013; Jiao et al.
2014; Roth et al. 2014; Deshwar et al. 2015) use a
Dirichlet process (DP), which models subclonal
fractions as

m; ~ DP(aPy), (8)

where DP(aPy) is a DP with a given probability
distribution P, and a dispersion parameter a.. A
realization of a DP can be seen as a distribution
over a (possibly) infinite sample space, or alter-
natively, as a sampling from an unknown num-
ber of unknown distributions (Dunson 2010).
This approach allows coestimating both the
number of contributing distributions # (the
number of cellular populations) and their prop-
erties (fraction of tumor cells and number of
mutations they contain). The observed sam-
pling P, represents n of the (possibly) infinite
number of distributions and can be used to es-
timate # (i.e., cellular populations) through the
stick-breaking representation  (Sethuraman
1994). Stick-breaking implies that the real prob-
ability distribution P can be expressed as follows

P=> ym,, 6~ P, 9
h=1

where 7y, is a location in CCF space and wy,
represents the probability weight of cluster h

w, =V H(l — V[), (10)
I<h
with
Vi~ B(1, a). (11)

The V), represent parts of a unit length stick
that are iteratively broken off from the remain-
ing stick. The V), becomes increasingly smaller
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as more parts are broken off, providing a dis-
crete representation of an infinite space.

Figure 3 symbolizes the stick at various iter-
ations of the stick-breaking procedure. Figure
3A,B show the stick after 4 and 5 breaks, respec-
tively, whereas Figure 3C shows it after comple-
tion. Each substick represents a fraction of the
total weight (number of SNVs) of a cluster and
can be assigned a CCF through resampling us-
ing the assigned SNVs. Then, for each SNV and
for each substick, a likelihood can be calculated
representing the probability that that SNV is
generated by that substick, taking the character-
istics of the SNV, the stick location and its asso-
ciated weight into account. After assigning all
SNVs, the weights are updated such that they
reflect the overall likelihood across SNVs.

The DP models an appropriate number of
clusters because the assigned SNVs (influenced
by the cluster weight) are used to resample the
cluster CCF and the weight represents the frac-
tion of total SNVs assigned to the cluster. By
repeating this process over many iterations,
the weight and SNV assignments will accumu-
late in certain locations that correspond to the
estimated clusters. Therefore, the DP has the
advantage that the number of clusters does
not have to be specified a priori, making it ide-
ally suited to this problem.

Subclonal reconstruction also depends on
the ability to call subclonal SNVs in a sequenced
tumor. The number of reads required to call a
SNV depends on the properties of the SNV cal-

ler (outside the scope of this text), and on the
sequencing error rate distribution. As a rough
rule of thumb, three mutant reads are typically
required to detect an SNV, and mutations pre-
sent in small fractions of tumor cells may be
missed. The coverage at which the tumor was
sequenced, the admixture of tumor and normal
cells in the sequencing sample and the total
amount of DNA from each tumor cell all con-
tribute to the ability to detect clonal and sub-
clonal mutations. The following formula com-
bines these three factors into a power metric

p

b+ (1= p)¢, (12

Ps = G

Here, cg is the sequencing coverage of the
tumor sample, p is the tumor purity, and {5,
and s, are the ploidy of the tumor and normal
cells respectively (the amount of genomic ma-
terial per cell, expressed in number of haploid
genome copies). ps is equivalent to the number
of reads per chromosome copy and represents
the expected number of reads reporting a clonal
SNV. If, for example, ps equals 10 and an SNV
can be detected when there are three mutant
reads, then (as an approximation) mutations
present in >30% subclones can be detected.

The DP provides a flexible framework that
has a built-in mechanism that restricts it from
creating a large number of clusters, can incor-
porate a suitable error model to address vari-

D Assigned :-] Unassigned

------ A
Al ¢, c| ¢ |c, !

kbt
B| c c| ¢ |c,|cs !
c| ¢, G| ¢ |c,| cs

Figure 3. Stick-breaking schematic. The stick-breaking property of the Dirichlet process (DP) is used to estimate
the number of mutation clusters in the data. For each mutation, a stick of arbitrary length is broken into
randomly sized bits that represent a cluster. At point A, breaks have been introduced, corresponding to clusters
c1-¢4. B shows the stick after introducing break 5, whereas C shows the completed stick-breaking procedure. The
size of each broken part represents the weight associated with a cluster and influences the mutation assignments,
in which a high weight makes it more likely that a mutation is assigned to that cluster. These weights are updated
after probabilities for each cluster have been obtained for each mutation, eventually converging on a solution.
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ability caused by read sampling and does not
require specification of the number of clusters.
Many methods are based on the above princi-
ples, including PyClone (Roth et al. 2014), Phy-
loSub (Jiao et al. 2014), and PhyloWGS, (Desh-
war et al. 2015). Alternatively, SciClone uses a
variational Bayesian mixture model that does
not require a Markov chain Monte Carlo ap-
proach, but does require specification of the
number of clusters (Miller et al. 2014).
CloneHD is based on a hidden Markov model
and couples SNVand CNA data to perform sub-
clonal reconstruction (Fischer et al. 2014).

COPY NUMBER-BASED SUBCLONAL
RECONSTRUCTION

Subclonal reconstruction can also be performed
using copy number changes. Somatic copy
number callers often use read depth and/or
the imbalance in the number of the maternal
and paternal alleles to estimate copy number
aberrations (Van Loo et al. 2010; Carter et al.
2012; Nik-Zainal et al. 2012; Fischer et al. 2014;
Ha et al. 2014). To observe allelic imbalances, it
is helpful to look at the B-allele frequency (BAF)
of a germline heterozygous SNP. For sequencing
data the BAF can be calculated as

I'Bi

BAF; = —
' rai+ TB.,i7

(13)

where 7, ; and rp; represent the total reads re-
porting allele A and B, respectively. Alternative-
ly, the BAF can be expressed as a function of the
number of chromosome copies of allele A and B
(n4 and np, respectively)

npi

BAF,; = .
' na;+ npg;

(14)

A germline heterozygous SNP will have a
BAF of ~0.5 in the absence of any copy number
changes. Deviations from 0.5 therefore can be
used to detect somatic aberrations.

As tumors are often admixed with normal
cells, establishing the copy number state of an
aberration based on the deviation of BAF re-
quires estimating the fraction of tumor cells in

the sample (the tumor purity). The number of
chromosome copies in the formula above
should therefore be split into a contribution of
p tumor cells and (1 —p) normal cells

1- n
BAF, — png; + ( p)ns, 7
p(na,+mng,) + (1 — p)(nan+ ngy)

(15)

where p represents the tumor purity, n,, and
np,; the number of chromosome copies in tu-
mor cells, and n, ,, and np , the number of chro-
mosome copies in normal cells. Several meth-
ods have been developed to coestimate clonal
copy number states and tumor purity based
on these allele-specific signals (Van Loo et al.
2010; Carter et al. 2012; Ha et al. 2014).
Tumors that show much clonal genomic in-
stability will show deviation of the BAF for large
proportions of the genome. In such tumors, the
BAF values show clear levels corresponding to
different clonal states, which translates into
more usable signal for methods that coestimate
copy number states and tumor purity. However,
genomes that show large amounts of subclonal
genomic instability will show a range of differ-
ent BAF values and will be more difficult to fit.
Figure 4 shows allele frequency values for a
number of example cases that are affected by
copy number changes and different normal
cell admixtures. Panel A shows a region with
no CNAs in a tumor that has no normal cell
infiltration. One expects both alleles to be pres-
ent in equal proportions, resulting in allele fre-
quencies of 0.5. Panel B shows a region with a
clonal gain. The bands representing allele A and
Bare clearly separated, with allele A representing
two thirds of the total chromosome copies and
allele B one third. Panel C contains a similar
gain, but in a sample with 75% tumor purity,
resulting in a smaller difference between the
bands. Panel D shows the gain, again with
75% tumor cells, but now the coverage is re-
duced from 100X (as in panels A, B, and C) to
40x. The bands appear to be overlapping as
lowering the depth increases the noise and wid-
ens the bands. Panel E shows an example in
which the gain is subclonal in 60% of tumor
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cells resulting in further overlap of both bands.
And finally panel F shows a subclonal loss in
40% of tumor cells.

Figure 4 shows that the allele frequencies of
individual SNPs are subject to statistical varia-
tion and this noise increases with lower cover-
age. Combining SNPs into haplotype blocks
through phasing can mitigate this effect (Carter
et al. 2012; Nik-Zainal et al. 2012). Through
haplotype phasing, information can be com-
bined across multiple SNPs within a region of
copy number change, by matching alleles across
SNPs. For example, for SNP 7, allele A may cor-
respond to the maternal allele, whereas for SNP
i+1, allele B may correspond to the maternal
allele. If these are combined appropriately,
smaller deviations of the BAF from the normal
state can be detected, and higher precision copy
number changes, including subclonal copy
number changes, can be inferred.

Once exact allele frequencies of segments
have been calculated after haplotype phasing,
subclonal copy number changes can be detect-
ed. As a first step, for each segment, one can
determine whether the BAF value of this seg-
ment can be explained by a clonal copy number
change. Deviation of the observed exact allele
frequency from the theoretical allele frequency
can be used to identify a segment having a sub-
clonal copy number state, that is, a combination
of two or more populations of tumor cells with
different copy number states, in addition to a
population of normal cells.

When such a segment is fit with a clonal
copy number state, the multiple subclonal states
are combined into a single (integer) represen-
tation. For example, if the real copy number
state of the segment is 2 + 1 (two copies of
one parental allele and one copy of the other
allele) in 80% and 1 + 1 in 20% of tumor cells
(i.e., on average 1.8 + 1), its clonal fit will likely
be 2 + 1in 100% of tumor cells (1.8 + 1 round-
ed up). The observed allele frequency will there-
fore deviate from the frequency expected under
the clonal copy number fit, allowing us to infer
that the segment cannot be explained with a
clonal copy number state.

Formally, given allele-specific copy number
values 1, and np (integer if clonal, noninteger if

subclonal), there are four oHtions for the theoret-

ical clonal allele frequency hy (assuming diploid

copy number in the normal cell population):
Allele A and B are both rounded down

i plng] + 1—p 6

" pllnal + [ns)) + (1= p)2

Allele A is rounded up and B is rounded up

i plns] +1—p L an

"7 o[l + [ns)) + (1= p)2

Allele A is rounded down and B is rounded up

i - plngl +1—p . g

77 p(lnal + [ns]) + (1 — p)2

Allele A and B are both rounded up

j plnsl +1—p

(T o s PR

Subclonal segments can be identified by
testing the observed allele frequency hy against
the theoretical h; values and accepting a seg-
ment as subclonal if the observed hy is signifi-
cantly different from g in all four scenarios.

After inferring that the data for a given seg-
ment cannot be explained by any realistic clonal
copy number state and, therefore, this segment
must be a combination of two or more subclo-
nal populations with different copy number
states, one can estimate the combination of sub-
clonal copy number states for the segment. This
depends on the different copy number states at
the locus and their respective fractions of tumor
cells. This problem has multiple solutions, as
there can be any number of subclones with dis-
tinct subclonal copy number states. However,
for any given segment, the most parsimonious
assumption is that there are only two distinct
copy number states, and that those copy num-
ber states differ at most by one chromosome
copy (i.e., are separated by only one copy num-
ber event). Formally, if a fraction of tumor cells T
shows copy number state 1, ; + np; and a frac-
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tion of tumor cells 1-7 shows copy number state
nap + iy, T can be calculated as

1 —p+ pngsy — 2k (1 — p) — hep(na, + np2)

T= .
hfp(nAA,l +npy) — hfp(nA,z +ng,) — pnp; + png,

(20)

The principles outlined above are imple-
mented in the Battenberg algorithm (Nik-Zai-
nal et al. 2012). Other BAF-based methods ap-
ply similar metrics to detect deviation from
clonal copy number. There are two different ap-
proaches to establish these values: event-based
or population-based. Event-based callers, such
as the Battenberg algorithm, aim to establish
these values for each segment individually (Car-
ter et al. 2012; Nik-Zainal et al. 2012), whereas
population-based callers aim to explain as many
segments as possible with a single subclonal
fraction (Fischer et al. 2014; Ha et al. 2014).

It is also possible to estimate total copy
number from read depth alone by binning reads
across the genome and comparing the relative
differences between bins with a matched nor-
mal sample. The advantage of methods such as
Battenberg that rely heavily on BAF values is
that allele frequencies are less affected by various
biases that affect read depth (such as wave bias
related to GC content and/or replication timing
[Diskin et al. 2008; Koren et al. 2012]), as these
biases affect both alleles equally and will, there-
fore, be canceled out in the BAF calculation.

PRINCIPLES OF PHYLOGENETIC TREE
RECONSTRUCTION

Evolutionary relationships between subclonal
populations can be inferred as well. Phylogenetic
trees are often constructed building on the “pi-
geonhole principle,” which states that if there are
m containers (pigeonholes) and n items (pi-
geons) to be stored then there must be a contain-
er with more than one item if n>m. In subclonal
reconstruction terms, the pigeonhole principle
states that no sum of subpopulations can exceed
the CCF or CP of their ancestor (Beerenwinkel
et al. 2015). For example, consider a subclonal
reconstruction with mutation clusters at 100%,
80% and 40% of tumor cells. The pigeonhole

principle determines that as 100% + 80% >
100%, the 80% cluster must represent a cellular
population that is a descendant of the 100%
population. Furthermore, as 80% + 40% >
100%, the population at 40% must be a descen-
dant of the population at 80%. Therefore, the
pigeonhole principle dictates a linear phylogeny
for this example. In contrast, if the second cluster
was found to represent 50% of tumor cells in-
stead 0f 80%), the population at 40% could either
be a descendant of the 50% population, or a
parallel population (directly descending from
the 100% population), as 50% + 40% < 100%.

A corollary of the pigeonhole principle is
that mutations in clusters with low CCF values
arenotnecessarily part of the same subclone. For
example, a tumor with two separate subclonal
cell populations at 40% will appear to have onlya
single 40% subclone. Indeed, mutations that
each of the founder cells of the subpopulations
acquired at the start of the two separate clonal
expansions will both appear at a CCF of 0.40. In
such a scenario, all these mutations are clustered
together and as there is no further information
about the separate subclones are therefore ( par-
simoniously) assumed to represent a single cel-
lular population. However, in such case, the
pigeonhole principle does infer that there can
be no more than two such subpopulations.

Both populations can however be separated
through mutation phasing, or when a second
sample is available. For example, when one of
the two subclones has expanded into a metas-
tasis, the metastasis sample will show these mu-
tations at a CCF of 1.0, whereas the mutations in
the other subclone are completely absent.

Mutation phasing can provide evidence for
the existence of two separate cellular popula-
tions when a pair of mutations cannot have oc-
curred in the same cell. For example, when a
subclonal mutation is found on an allele that
is lost in a specific subclone, one can infer that
that mutation cannot be present in that subclo-
nal lineage.

In general, to help resolve the tree topology,
one could use SNVsthat cannot have occurred in
the same cell and therefore must be markers of
distinct cellular lineages that correspond to
branching evolution. One can phase SNVs
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against each other or against heterozygous SNPs
and use fraction of tumor cells estimates to assess
whether the aberrations can have occurred in the
same lineage. Consider the phasing of two SNVs
that are close enough to be spanned by a single
read pair. If there are read pairs showing both
variants, then the SNVs must belong to the same
lineage (be part of the same node in the tree or
show an ancestor—descendant relationship), as
there must then be at least one cell that has both
variant alleles (Fig. 5A).

Using the same principle, one can also
sometimes exclude that two mutations are on

[— | m I ]
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the same lineage, thereby showing that the tu-
mor must have a branching phylogeny. Consid-
er two SNVs (SNV 1 and 2) that are close
enough to be spanned by a single read pair, in
aregion with only one chromosome copy in the
tumor cells. If there are no read pairs reporting
both variant alleles, but there are read pairs
showing (1) SNV 1 and a wild-type allele of
SNV 2, and (2) SNV 2 and a wild-type allele
of SNV 1, then the SNVs must be part of differ-
ent branches of the phylogenetic tree (Fig. 5B).

It is also possible to infer the phylogenetic
relationship between subclones by phasing
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Figure 5. Principles of SNV phasing. (A) A pair of single nucleotide variants (SNVs) that are close enough to be
covered by a single read pair and that have occurred in the same lineage appear as read pairs that contain both
variantalleles. (B) Ifthe SNVshave originated in differentlineages theyappear in read pairs that contain the variant
allele of one SN'Vand thewild type allele of the other. The variant allele frequency (VAF) of a subclonal SNV that has
been subclonally deleted (as shown by the striped reads that represent the deleted copiesin C) is “shifted” (E). An
SNV that has occurred on the retained allele (i.e., the other allele is subclonally deleted, D) will not be shifted (F).
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SNVs and copy number changes. This principle
is based on the observation that, for linear phy-
logenies, clusters of subclonal mutations that
occur on a deleted allele will show different
(“shifted”) VAF values than clusters of subclonal
mutations that occur on the other (retained)
allele (illustrated in Fig. 5C,E). If the subclonal
copy number change occurs in a different
branch of the phylogenetic tree, no such shift
should appear (Fig. 5D,F).

Nik-Zainal et al. (2012) first used phasing to
create branched evolutionary stories, but, to
date, there is no published method that can au-
tomatically leverage the potential of mutually
exclusive mutations. In addition, it must be em-
phasized that with a haploid genome size of
3 Gb and typically a few thousand mutations
per tumors, with current read lengths, mutation
pairs that can be phased using the principles
above are rare.

SINGLE-CELL-BASED APPROACHES

The advent of single-cell sequencing theoreti-
cally gives access to a more fine-scaled level of
tumor heterogeneity than bulk sequencing data.
By sequencing a large number of single cells, one
can gain in-depth understanding of the diver-
sity within a tumor sample. However, in con-
trast to bulk sequencing methods, single cells are
often sequenced at a much lower coverage. Fur-
ther, the data suffers from uneven coverage and
allele dropouts, errors introduced during whole
genome amplification resulting in false positive
SNV calls, and in some cases two cells are inad-
vertently sequenced together (called “dou-
blets”) (Hou et al. 2012; Zong et al. 2012; Voet
et al. 2013; Van Loo and Voet 2014). Subclonal
reconstruction methods therefore must account
for missing values because of mutant alleles be-
ing missed owing to a lack of coverage or allelic
dropout. A doublet effectively fuses two cells
together and therefore contains mutations
from both cells. A subclonal reconstruction
method might take this as misleading evidence
since separate cells each carry one of the sets of
mutations, whereas a doublet contains both.
Various approaches have recently been pub-
lished to estimate the tumor phylogeny from

single cell data (Kim and Simon 2014; Yuan
etal. 2015; Jahn et al. 2016; Ross and Markowetz
2016; Roth et al. 2016). Some methods infer
phylogenies of cellular populations, in a similar
manner to methods for bulk data. Others build
mutation trees that instead show the order in
which mutations have occurred without estab-
lishing cellular populations. These methods all
start from a genotype matrix in which all mu-
tations in all cells are represented. They (1)
cocluster evidence from bulk sequencing and
single cell data using a DP (Yuan et al. 2015),
(2) construct mutation lineages by a pair-wise
mutation ordering (Kim and Simon 2014), (3)
use heuristics to find a basic tree topology fol-
lowed by clustering of single cells and further
refinement (Ross and Markowetz 2016), or (4)
build mutation trees using a Markov chain
Monte Carlo—based approach (Jahn et al.
2016). The recently developed single-cell geno-
types (Roth et al. 2016) implement a robust
feature allocation model to identify subclones
with shared genotypes and to infer the genotype
of each subclone. This method elegantly ac-
counts for missing data because of single-cell
sequencing limitations such as allelic dropout,
as well as for the occurrence of doublets.

MULTI-SAMPLE-BASED APPROACHES

Obtaining multiple samples from the same
donorallows forextraction of more detailed sub-
clonal reconstructions. These datasets can con-
sist of multiple tumors taken from different sites
(e.g., multiple primary sites, primary and me-
tastasis), multiple samples from the same tumor
or multiple samples from the same cancer that
represent different time points (e.g., primary
and relapse).

Multiple sampling strategies provide a series
of advantages. Consider a tumor that has two
subclones that each comprise 20% of tumor
cells. A single sample analysis will not be able
to separate the two groups of mutations as both
occur in 20% of tumor cells. But if the CCF of
the two subclones is different in another sam-
ple, one can separate the two groups of muta-
tions. In addition, having multiple samples may
help resolve tree topologies. In single sample
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cases it is often not possible to resolve phylog-
eny, as more rare subclones may be placed in
multiple positions in the tree. By applying the
pigeonhole principle across the samples for each
subclone, one can often rule out various con-
figurations in which a subclone may fit in mul-
tiple places in one sample, but not the other.
Finally, with multiple sampling strategies, mu-
tations with low allele fractions in one sample
can be confirmed (or detected) in another sam-
ple in which they have higher allele fractions
owing to higher tumor purity or higher CCE

Approaches based on a DP can be extended
into multiple dimensions (Bolli et al. 2014). The
read counts across n samples can be modeled as
independent draws from #n binomial distribu-
tions.

rip ™~ Bi”(rtonh piﬁl)a (21)

Tin ™ Bin(rtut,na pi,n)- (22)

The stick-breaking procedure is performed
across the samples in which a cluster has a single
weight (representing the number of mutations),
but a separate location in each of the samples.
Posteriors are obtained across samples by calcu-
lating the total probability for each mutation for
each cluster under consideration. Finally, the
DP can be used to jointly perform clustering
and infer phylogenetic relationships between
the clusters by interleaving two stick-breaking
procedures (Ghahramani et al. 2010).

Several methods for single sample analysis,
including PyClone (Roth et al. 2014), SciClone
(Miller et al. 2014 ), and CloneHD (Fischer et al.
2014), can be used to analyze multiple samples.
Furthermore, automated tree inference has
been implemented in PhyloSub (Jiao et al.
2014) and extended to include SNVs in copy
number aberrant regions in PhyloWGS (Desh-
war et al. 2015).

BIOLOGICAL INSIGHTS OBTAINED
THROUGH SUBCLONAL ARCHITECTURE
RECONSTRUCTION

Subclonal reconstruction analysis has recently
been used to reveal insights into the complex-

ities of tumor evolution in a number of cancer
types. Various articles focused on a single can-
cer type report vast differences in heterogene-
ity between patients, in which known genes
are mutated early in one case, but late in an-
other (Yates et al. 2015) and that some tumors
can show evidence of rapid evolution, while
other tumors in the same cohort show a stable
balance between subclones (Schuh et al.
2012).

The application of treatment can introduce
a phase of rapid tumor evolution (Landau et al.
2013, 2015), in which mutations in known driv-
ers are observed to be subclonal (Landau et al.
2013; Bolli et al. 2014; Gerlinger et al. 2014).
Mechanisms of resistance can be acquired in
parallel in different lesions (Gerlinger et al.
2014; Gundem et al. 2015), subclones can per-
sist through treatment (Schuh et al. 2012) and
the existence of a subclonal driver mutation can
be an independent risk factor for disease pro-
gression (Landau et al. 2013).

A primary tumor can contain observable
signs of metastatic and treatment resistance
potential before onset (Yates et al. 2015) and
in some cases can contain patterns that predict
the evolutionary progression (Landau et al.
2015). Mutational processes can differ between
clones and subclones through spatially (De
Bruin et al. 2014) and temporally (Bolli et al.
2014) separated samples from the same cancer.
Gundem et al. (2015) reported metastasis-to-
metastasis seeding in a number of lethal met-
astatic prostate cancers and Cooper et al.
(2015) observed clonal expansions in morpho-
logically normal cells in multifocal prostate
tumors.

These separate studies hint that intratumor
heterogeneity is widespread and that tumors
of the same cancer type can differ greatly.
McGranahan et al. (2015) reported that sub-
clonal mutations in known drivers are com-
mon across 2694 exome-sequenced tumors
representing 9 cancer types from The Cancer
Genome Atlas (TCGA). Andor et al. (2016)
performed subclonal reconstruction on 1165
exome-sequenced tumors from TCGA and re-
port that 86% of tumors across 12 cancer
types contain at least one subclone. Larger
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studies as well as systematic pancancer studies
are required to further our insight into wheth-
er there are distinguishable patterns of tumor
evolution.

Through large-scale international efforts
such as TCGA and the International Cancer Ge-
nome Consortium (ICGC), a wealth of whole-
exome and whole-genome sequencing data has
been generated, most of which presently has not
been mined from the perspective of evolution.
We expect that efforts such as the ICGC Pan-
Cancer Analysis of Whole Genomes have the
potential to significantly broaden our under-
standing of tumor’s subclonal architecture and
evolutionary history. For subclonal inference,
whole-genome sequences show clear advan-
tages over exome sequences, as they allow detec-
tion of nearly two orders of magnitude more
mutations, and more detailed (and subclonal)
copy number changes can be inferred. We ex-
pect that large-scale multisampling whole-ge-
nome sequencing approaches across cancer
types will lead to key evolutionary insights.
However, the cost of sequencing is at present
still a limiting factor.

There is also a need for smaller, more fo-
cused studies with the right data to further
deepen our understanding of the factors that
play a role in tumor progression, how they in-
teract together and what that means for patient
care. Subclonal reconstruction methods have al-
ready enabled important discoveries that are of
direct clinical interest. We expect that these types
of studies will play a key role in further advanc-
ing our understanding of tumor evolution.
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