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Despite decades of research and an enormity of resultant data, cancer remains a significant public health prob-
lem. New tools and fresh perspectives are needed to obtain fundamental insights, to develop better prognostic
and predictive tools, and to identify improved therapeutic interventions. With increasingly common genome-
scale data, one suite of algorithms and concepts with potential to shed light on cancer biology is phylogenetics,
a scientific discipline used in diverse fields. From grouping subsets of cancer samples to tracing subclonal evolu-
tion during cancer progression and metastasis, the use of phylogenetics is a powerful systems biology approach.
Well-developed phylogenetic applications provide fast, robust approaches to analyze high-dimensional, hetero-
geneous cancer data sets. This article is part of a Special Issue entitled: Evolutionary principles - heterogeneity in
cancer?, edited by Dr. Robert A. Gatenby.

© 2016 Elsevier B.V. All rights reserved.
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1. Introduction

Cancer results from a breakdown in multicellular cooperation [1],
evolving changes in DNA sequence, gene expression patterns, and/or epi-
genetic modifications that permit unchecked growth. These molecular
changes induce phenotypes that can increase the ability of a cell to com-
pete, survive and reproduce, and ultimately lead to cancer. Advantageous
phenotypes include 1) self-sufficiency in growth signals, 2) insensitivity
to anti-growth signals, 3) evasion of apoptosis, 4) limitless replicative po-
tential, 5) sustained angiogenesis, 6) ability to invade and metastasize to
surrounding tissue and distant organs, 7) deregulated cellular energetics,
and 8) avoidance of immune destruction [2,3]. In many cases, these hall-
marks are the consequences of mutations that result in a cell with in-
creased fitness compared to its healthy counterparts, followed by
selective pressures that increase the prevalence of that cell lineage.
ary principles - heterogeneity in
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Continued rounds of mutation and selection putatively lead to more ex-
treme phenotypes in comparison to normal tissue, and thereby more ag-
gressive metastatic disease.

From the initial transforming event to dissemination, seeding, and
eventual metastatic colonization, cancer progression represents a pro-
cess of selection over time. Nowell first drew this parallel between the
selective forces acting on cancer cells within the body and those acting
on individuals within populations in nature [36]. Nowell proposed that
the heterogeneity observed in tumors is due to an increase in genetic in-
stability as cancer progresses [36]. Indeed, evidence of increased genetic
instability over time has been recently shown in the progression of
Barrett's esophagus to esophageal adenocarcinoma in a longitudinal
study of patients for over 20 years [37]. This increased genetic instability
enhances the genetic diversity of the cancer cell population, and pre-
sumably the phenotypic diversity as well, which is acted upon by selec-
tive forces within the tumor, such as immune surveillance, hypoxia,
glucose deprivation, and the production of reactive oxygen species, to
produce sub-clones capable of thriving despite the barriers to progres-
sion [38]. These concepts of increasing heterogeneity coupled with se-
lection in the context of cancer progression have been borne out by
studies using both first generation and next-generation sequencing
technologies [39]. For example, analysis of breast cancer primary and
nding cancer through phylogenetic analysis, Biochim. Biophys. Acta
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matched metastases found that just over half of the coding mutations
identified in the metastases (19/32) were not detected in the primary
tumor [40]. Of themutations common to the primary tumor andmetas-
tases, 6/13were found in only 1–13% of cells in the primary tumor [40].
Similarly, sequencing of pancreatic cancer primary tumors andmetasta-
ses revealed that different metastases are seeded from unique clones
[41]. These authors also concluded that metastatic clones may have
seeded tertiary subclones [41], though the physical history ofmetastatic
departures cannot be inferred from sequence data without a complete
sampling of clonal lineageswithin the primary tumor [42]. In the largest
multi-region sampling paper published to date, sampling of 40 patients
with primary tumors and 3–8 matched metastases demonstrated di-
verse patterns of molecular genetic divergence along the time course
of cancer progression [28]. These and other studies clearly demonstrate
that cancer progression, from indolent neoplasia to aggressive andmet-
astatic disease, is a process in which cells change in a spatio-temporal
manner while under selective forces.

Given that cancer progression is governed by selective forces, tools
developed to elucidate evolutionary relationships should generally be
appropriate for use in the analysis of cancer. One of the most well-
developed and successful evolutionary approaches is phylogenetics.
Originally designed to model and infer evolutionary relationships
among organisms, this suite of algorithms, concepts, and tools has
been usefully applied in a wide array of diverse fields, even fields in
which the data have no true evolutionary context [43–47]. Below, we
briefly review phylogenetic concepts and methods and discuss the
possibilities for the application of phylogenetics to analysis of cancer
data sets in the following three capacities: 1) as a suite of classification
algorithms that could be applied to assign specimens as coming from ei-
ther healthy individuals, patients with localized disease, or those with
metastasis; 2) as a means to deconstruct the complex heterogeneity
within tumors; and 3) as a natural method to determine the branching
evolution of cancer cells within individuals during cancer progression.

2. Phylogenetics: revealing relationships between states

The field of phylogenetic systematics was born from a need to sort
and classify organisms in such a way as to capture their relationships
by descent. Phylogenetics utilizes a data matrix of input characteristics
from a group of organisms (Fig. 1A) to produce a graphical “tree”
(Fig. 1B) where the branching pattern, or tree-topology, represents bi-
furcations between individuals, species, or higher taxa, depending on
the scope of the taxonomic question of interest. A phylogeny, or an
evolutionary tree, provides a basic structure to statistically analyze the
evolutionary relationships (differences and similarities) among distant-
ly-related taxa (species or larger groups of inclusively-related species).
The most recent common ancestor (MRCA) of a group is the node
furthest from the root that contains all members of the group as descen-
dants. Pairs of taxa that share amore recent common ancestor aremore
closely related than those whose MRCA occurs more deeply in the tree
(Fig. 1B). When numerous taxon divergences are represented along a
lineage, it becomes possible to chart the accumulation of traits or fea-
tures that have resulted from evolution over time. Tree topologies can
be rooted or unrooted. In a rooted tree, some extrinsic information is
used to root the tree. This information is typically in the form of an as-
sumed outgroup. Outgroups typically represent distantly-related taxa
that provide information on the ancestral condition (state) of a
Fig. 1. Phylogenetics reveals evolutionary relationships between states. A. Characteristics from
species that is known to possess the ancestral state of the given characters (e.g. here, the lamp
B. An unrooted most parsimonious tree obtained by choosing the topology requiring the few
assuming that jawed vertebrates share a more recent common ancestor than the most recent
analyses can be used strictly as a clustering algorithm to segregate individual patients by t
characters is constructed using gene expression, mutation status, or some other informatio
methods, they can be used to analyze phenotypic/genotypic heterogeneity within a patient o
matrix and tree of progression F. Depending on the question being asked, samples can be colle
and metastatic nodules) to reconstruct the evolutionary history of the disease progression.
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character prior to its transformation to a more derived condition. In
principle, this use of outgroups enables the researcher to establish the
directionality of change for a set of characters [48], though it must be
cautioned that outgroups often have undergone significant evolution-
ary change themselves and are not always suitable proxies for the an-
cestor. Unlike rooted trees, unrooted trees reveal the relatedness of
taxa within the nodes of the tree without assuming a relationship of a
group of taxa to an ancestral state. Phylogenetic algorithms are widely
used in the study of the evolutionary dynamics of molecular sequences
themselves, using each homologous position in a sequence as an indi-
vidual character [49–51]. Moreover, phylogenetic methods can be ap-
plied to numerous types of data, including morphological
characteristics and/or other data that can be converted into discrete
character states, and even can be applied to quantitative characters
under appropriate models of evolutionary change.

3. Phylogenetic analysis of cancer data

The multiple and diverse paths of progression to cancer are forged
by genetic mutations and alterations to epigenetics, gene expression,
and protein signaling. Because these changes tend to accumulate over
time in diversifying somatic lineages, phylogenetic analysis provides a
natural tool set for evaluating the branching history of cancer onset
and progression. The development of these tools has been considered
an emerging field of inquiry, termed herein as PhyloOncology or Cancer
Phylogenetics, which represents diverse applications of phylogenetic al-
gorithms to the analysis of cancer data.We highlight below three gener-
al types of analyses in which phylogenetics has provided insight in the
understanding of cancer biology: 1) classification of cancer specimens
(Fig. 1C and D); 2) analyses of intratumoral heterogeneity (Fig. 1E and
F), and 3) tracking clonal evolution and progression (Fig. 1E and F).

3.1. Applying phylogenetic methods to classify gene expression profiles

The application of phylogenetics methods to the analysis of gene ex-
pression profiles from individual tumors may not be its most natural
usage, but does provide an alternative to other approaches for the clas-
sification of microarray or transcriptomic analyses, such as hierarchical
clustering (Fig. 1C). In this utilization of phylogenetics, genes can be
coded as the ‘characters’, expression levels can be coded as discrete
‘character states’, and individual samples can be the ‘taxa’ (Fig. 1C and
D). In one such discretization, gene expression changes can be convert-
ed into discrete character states based onwhether they are upregulated
(1), downregulated (−1), or effectively unchanged (0). Application of a
phylogenetically-based algorithm then produces one or more trees
based on the similarities and differences in gene-expression profiles,
putatively grouping (or classifying) cancer or disease tissues relative
to normal tissue expression profiles (Fig. 1D). In traditional phyloge-
netics, a distantly-related taxon is used as an outgroup; however, in
the analysis of cancer vs. normal tissue, the “outgroup” comprises either
a mixture of normal tissues from representative individuals or, ideally,
normal samples from the same individual as each tumor sample. A
number of studies using maximum parsimony [52–54] and distance
[55,56] algorithms on gene expression data have suggested that the
methodology classifies tumors into monophyletic groupings compared
to ‘normal’ tissue controls [57]. These analyses suggest that phylogenet-
ic algorithms or algorithms developed from phylogenetic algorithms
various species under study can be transformed into a binary character state matrix. A
rey) can be included as an “outgroup” as a means by which to polarize the resulting tree.
est number of character changes. C. The unrooted tree is converted to a rooted tree by
common ancestor (MRCA) of the entire group. C. As a cancer research tool, phylogenetic
heir progression status. D. Samples are collected from individual patients, a matrix of
n, and a phylogenetic tree is generated. E. In a more direct application of phylogenetic
r disease location. In this example, samples are collected at different sites to construct a
cted longitudinally or from neighboring areas of a tissue a single site (e.g. primary tumor
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could serve as clinically-relevant tools for diagnosis, prognosis, and/or
prediction of clinical outcomes.

3.2. Limitations of phylogenetics for analyzing gene expression data

The use of phylogenetic algorithms to classify individual tumors by
their gene expression profiles presents some conceptual as well as tech-
nical challenges. For example, the extent to which gene expression pro-
files can be appropriately modeled within the discrete taxonomic
character matrices typically used by most phylogenetic algorithms re-
mains to be more fully explored. In addition, any reduction of a contin-
uous character to discrete states, though sometimes useful, represents a
loss of information. In general, the application of phylogenetics for
classification of individuals is susceptible to criticisms that unlike phylo-
genetic algorithms applied as ‘classifiers’, other non-phylogenetic algo-
rithms have been specifically developed for their particular application.

It is also important to note that these applications of phylogenetics
algorithms do not necessarily assume that true evolutionary relation-
ships exist between samples. Rather, the phylogenetic algorithm can
be applied as a clustering algorithm to reveal relationships, evolutionary
or otherwise, between samples. For example, when applied to gene ex-
pression data, phylogenetics algorithmswould likely cluster samples to-
gether that have similar responses tomicroenvironmental cues, such as
hypoxia or upregulation of epithelial plasticity pathways. While it re-
mains to be determined whether this application of phylogenetics will
add meaningfully to our understanding of cancer, it is worth consider-
ing that phylogenetics has been applied as a clustering method across
diverse fields, including geology [47], astrophysics [58–60], compara-
tive linguistics [61], and other disciplines for which no underlying bio-
logical evolutionary relationships exist between comparators. To
further develop phylogenetics as a useful general tool for analysis of
gene expression or other data across individuals, a rigorous comparison
of phylogenetics algorithms with other clustering methods needs to be
performed, as has been performed in a limited capacity on a relatively
small dataset [52]. As a contrasting example,methods for quality assess-
ment and control, normalization, quantification, and statistical analysis
of microarray data are mature and highly standardized—and the limita-
tions have therefore beenwell documented for nearly a decade [62]. Ap-
plication of such a large-scale technical validation effort would set clear
standards for claims of appropriate algorithms to provide superior or
significantly complementary results. Of course, claims that these tools
could be diagnostic, prognostic, or predictive will need especially con-
scientious validation. For example, classifiers identified in these studies
have not been tested for prediction of pre-metastatic indications in
blinded clinical data. Moreover, these classifications of tumors have
not been overlaid with any clinical outcomes (e.g. recurrence-free sur-
vival, overall survival). These analysesmust be done before phylogenet-
ic methods can truly be validated as a clinically-useful analysis suite for
classification of samples.

3.3. Tracking intratumoral heterogeneity

Enhanced breadth and depth of sequencing in recent years have re-
vealed extensive inter-patient heterogeneity [63–66]. These technolog-
ical advances have also demonstrated remarkable intratumoral
heterogeneity, with many subclones arising and diversifying from a
set of early tumor-initiating events, or “trunk” of the tree [66–70]. For
example, phylogenetic analyses have been applied to data from fluores-
cence in situ hybridization (FISH) probes used to detect copy number or
gene fusion abnormalities at PAX5, CDKN2A, RUNX1, and ETV6 genes
(used as characters) in 200 individual cells from the bulk leukemic
blast population (used as the individual taxa) per patient in a total of
30 acute lymphoblastic leukemia cases [71]. Leukemic cells from two
of these patients were injected in immunodeficient mice, and showed
striking changes in frequencies of phylogenetic subclones determined
by cells' FISH probe patterns between the original leukemia and after
Please cite this article as: J.A. Somarelli, et al., PhyloOncology: Understa
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primary and secondary transplantations [71]. These subclone frequency
data and inferred phylogenies provided evidence of complex subclonal
architecture, and supported the hypothesis that individual subclones
carrying distinct configurations of abnormalities can exhibit differential
competitive potency, differential biological functions, and differential
therapy resistance within an individual patient. A recent study built
on these findings using novel microfluidics technology for single cell
separation and typing of a limited number of gene fusions, copy number
abnormalities, and nucleotide variants [72]. Similarly, in an analysis of
B-cell chronic lymphocytic leukemia, an unrooted most-parsimonious-
tree analysis was carried out on ultra-deep pyrosequencing of the im-
munoglobulin locus in a total of 22 patients [73]. Phylogenetic analysis
revealed multiple co-existing subclonal cell populations detected with-
in individuals.

Work by [74] used whole genome single-cell sequencing of 100
breast cancer cells to construct distance-based phylogenies. This work
revealed multiple independent clonal expansions within a single breast
tumor [74]. Similarly, work by [69] used phylogenetic reconstruction of
multi-site sequencing from a renal cell carcinoma primary tumor and
several metastases to reveal extensive heterogeneity, with only
30–40% mutations in common across sites within a single tumor [69].
Distance-based phylogenetic reconstructions of multi-site biopsies
from a single ovarian cancer patient also revealed a branching pattern
of accumulating mutations from a shared TP53 mutant clone, with di-
verse, unique mutations from each biopsy site [75]. A recent study
even claims to support a hypothesis that no two cells share an absolute-
ly identical genome in some breast cancers [76]. These results under-
score the importance of developing better tools to understand
intratumoral heterogeneity as personalized therapies become more
common.

3.4. Limitations to analyses of intratumoral heterogeneity

Analysis of intratumoral heterogeneity faces several challenges.
With regard to tumor sample collection, tumor biopsies to be used for
analysis are comprised of heterogeneous mixtures of cancerous and
non-cancerous cells. To exclude contamination based on this heteroge-
neity, researchers can take advantage of improved sampling methods,
such as laser-capture microdissection [77–79] and flow cytometry [80]
to separate cancer from non-cancer cells. Advances in technology have
also enabled the analysis of increasingly smaller quantities of cells,
thereby paving the way for the use of fine needle aspirates, circulating
tumor cells, single cells, and cell-free biomolecules in the blood of can-
cer patients [63,81]. Lower costs of sequencing have also enabled the
higher depth of reads necessary to detect cancer-specific signals and
rare mutations, as well as facilitating increased frequency of sampling
to capture a greater depth of intra-tumoral heterogeneity [69]. Impor-
tantly, when taking multiple bulk samples from within a tumor, re-
searchers have attributed heterogeneity in mutation content between
bulk samples to mutation rate differences; however, simulations have
shown that such heterogeneity can be spurious and can be generated
under neutral mutation and spatial growth models [82]. Further ad-
vances in single-cell sampling and sequencing as well as improvements
in deconvolution algorithms will be needed to address the issues asso-
ciated with sequencing from bulk samples within a tumor.

In addition to these technical challenges and limitations, it is worth-
while to consider carefully the phylogenetic methodologies applied to
the inference of the evolutionary history of cancer molecular evolution.
For example, Navin et al. used a distance-based method to analyze
whole-genome copy number data from 100 single cells isolated from
two primary breast tumors and their corresponding liver metastases
[83]. While these analyses are interesting, the use of distance methods
may not be the most powerful phylogenetic approach for analysis of
the data. Distancemethods reduce complex state-based data to summa-
ry statistics, which leaves out of the analysis some information on
higher-order combinations of character states.
nding cancer through phylogenetic analysis, Biochim. Biophys. Acta
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Fig. 2. Reconstructing the chronology of metastatic lineages using phylogenetics. Timings
of the first genetic divergence from normal tissue sequence (blue circle), of the first
genetic divergence of metastases (blue dashes) and of diagnosis (red dashes) during
tumor progression. A. A patient with renal clear cell carcinoma exemplifies late
metastasis in which diagnosis of the primary tumor and metastases occurred after the
first genetic divergence of metastasis. B. Probability density for the occurrence of the
first genetic divergence of metastases and for the time of diagnosis. The x axis is scaled
from 0 (the first genetic divergence of primary tumor tissue from normal tissue) to 1
(death). In the set of 40 lethal cancers analyzed in the study, the first genetic
divergences of metastatic lineages (blue triangles) are distributed so as to often occur
earlier than diagnosis time (red triangles). Figure reproduced from [28]. Early and
multiple origins of metastatic lineages within primary tumors. 113:8, 2140–2145. doi:
10.1073/pnas.1525677113. Copyright Proceedings of the National Academy of Sciences.
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3.5. Tracking clonal evolution and progression

In the study of clonal evolution, phylogenetic algorithms are applied
to samples from a single tumor, a single site, or an individual. If multiple
samples from the same tumor are taken, each sample can be treated as
an individual species or taxon [28]. Ideally, cloneswithin the bulk tumor
population should be differentiated; to do so, subclonal deconvolution
methods can be applied to decompose the bulk population into
subclones that can then be treated as individual species or taxa [51,
85–88]. Data characters can be any characteristics of the sample or of
the inferred subclone, e.g. point mutation presence/absence, nucleotide
state, codon state, or chromosomal abnormalities, such as transloca-
tions, duplications, or deletions of large chromosomal segments. Epige-
netic changes in DNAmethylation states can also change over time and
can be analyzed phylogenetically [89–94], although there is yet no
agreed-upon model for the evolution of epigenetic state changes. Each
distinct character type has its own mechanism of inheritance—its own
rate of evolutionary change—and therefore can be modeled uniquely
(e.g. for mutations of DNA nucleotides, these range from simple (e.g.
Jukes-Cantor, [95]) to increasingly complex (e.g. Kimura 2-Parameter
[96], TrNef [97], Kimura3-Parameter [98], F81 [99], or HKY/F84 [100,
101]).

In one of the earliest demonstrations of the utility of phylogenetics
for analysis of cancer data, the authors analyzed a set of chromosomal
break points in 135 ovarian adenocarcinoma patients using distance-
based methods and compared these results to six other multivariate
analyses [102]. Interestingly, the multiple analysis methods came to
similar conclusions regarding the relative timing of specific breaks and
the segregation of tumors into different sub-classes [102]. Distance-
based phylogenetic algorithms were also applied to the classification
of an array comparative hybridization dataset from renal cancer sam-
ples, demonstrating the strengths of the phylogenetic analyses for the
identification of co-occurrences of pairs of events and early events in
tumor progression [103]. These early analyses provided support for
the potential of applications of phylogenetics to the study of cancer
datasets. A parsimony analysis using loss of heterozygosity (LOH) at
29 microsatellite markers on chromosome 9 of multiple biopsies from
tumors in an individual bladder tracked initiation and development of
heterogeneous tumors and revealed the progression and evolution of
different locations in each tumor. This phylogenetic analysis [104],
along with additional probabilistic analyses [105], supported a hypoth-
esis of monoclonal origin in these multifocal bladder cancers, as op-
posed to multi- or poly-clonal origins. Phylogenetics analyses can also
incorporate cell-extrinsicmicroenvironmental influences on clonal evo-
lution, for example, by estimating rates of change before and after treat-
ment [70].

In other cancers as well, deep sequencing followed by phyloge-
netic analysis has been used to analyze changes in subclonal archi-
tecture during treatment and at relapse, or in primary tumors,
invasive sites, and metastases. Phylogenetic analysis of next-
generation sequence technologies was performed on a large analysis
of matched normal, primary, and metastatic samples from 40 pa-
tients, in whichwhole exome sequencing data were analyzed by par-
simony, maximum likelihood, and Bayesian inference methods [28].
In this investigation, the authors traced the evolution of metastases
from primary tumor tissue. The phylogenetic analyses revealed
that the timing of the first genetic divergence of metastatic lineages
often arose prior to initial diagnosis (Fig. 2). In addition, the results
demonstrated that the application of well-established phylogenetic
approaches to the estimation of chronograms can reveal the tempo-
ral orders of driver mutations, which could allow clinicians to detect
and treat potential metastases with actionable therapies earlier in
the disease course [28]. These analyses are consistent with earlier
phylogenetics-based analyses of gene expression data from prostate
cancer, in which benign prostate cancer samples were grouped with
metastatic samples, suggesting that the gene expression differences
Please cite this article as: J.A. Somarelli, et al., PhyloOncology: Understa
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observed in metastatic samples can arise early in the progression to
metastatic disease [54]. (See Fig. 2.)
3.6. Limitations of using phylogenetics to elucidate cancer progression

Deep sequencing of tumor samples has revealed a vast diversity of
cancer sub-populations, not only between individuals, but within a sin-
gle tumor nodule [66–69]. Similarly, investigations have revealed that
tumor-propagating cells often exist as rare subsets of cells within a
tumor population [115]. Consistent with these analyses, gene expres-
sion signatures indicating good and poor prognosis have been observed
in different areas of a single tumor [69]. In these instances, ‘omics’ anal-
yses from single biopsies would be likely to wholly miss these key cells;
even analyses from whole tumor specimens would likely not detect
very rare cells; the signal from the bulk of the tumor would wash out
any signal from them [42].

While identifying the rare subsets of tumor cells that drive resistance
and progression from an entire tumor is, at present, an extremely costly
and time-consuming proposition from an ‘omics’ perspective, innova-
tive solutions have begun to arise that confront these challenges. For in-
stance, reliable phylogenetic inference among subclones depends on
knowledge of the ‘phase’ amongmutation variants. Phasing refers to de-
termining whether two or more mutations exist on the same or differ-
ent haploid chromosome copies. Phase information can in principle be
obtained experimentally, by evaluating the co-occurrence of muta-
tion variants in single cells. For example, complete phase informa-
tion was experimentally determined in an acute lymphoblastic
leukemia study, where FISH was used to detect the state configura-
tion of presence/absence of copy number changes at five loci and to
nding cancer through phylogenetic analysis, Biochim. Biophys. Acta
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quantify the frequency of those state configurations in the popula-
tion [71]. Data of this type do not need subclonal deconvolution.

Most commonly, however, phase is inferred computationally from
mutant allele frequencies frommultiple individual samples per tumor ob-
tained over space or time (e.g. at different time points during treatment
and relapse). Deconvolution methods can help to infer subclones, muta-
tional state configurations, and phylogenetic relationships/distances
among subclones that are most likely given the observed mutation allele
frequencies. Unfortunately, there is no guarantee that somatic variant fre-
quency data will provide sufficient information to deconvolute phase, es-
pecially for somatic variants of low frequency. Current deconvolution
methods differ significantly in how they accomplish this task. Conse-
quently, different deconvolution approaches to phasing often yield differ-
ent results. Moreover, clinical "tumor" samples are often mixtures of
tumor tissue and normal tissue, thus driving tumor subclones to even
lower (and harder-to-differentiate) frequencies. Despite these limita-
tions, deconvolution has the advantage that it supplies an explicit ap-
proach to address the well-understood ‘problem of heterogeneity’. By
analyzing individual cells or deconvoluted subclones within a population,
these methods—at least in principle—portray the relationships of clonal
mutations that are observed during progression or metastasis. To the
degree that they are successful in phasing, therefore, they provide advan-
tageous insight into the genotype-phenotype relationship of clonal evolu-
tion of tumor cell populations. Powerful approaches simultaneously use
copy number and single nucleotide alterations to infer phylogenies and
deconvolute cancer subpopulations from bulk samples [116].

In addition to computational and theoretical advances, assays of cells
and molecules of tumoral origin that are transiting the blood of cancer
patients can be devised to identify known, rare “driver” or resistance-
conferring sequences. Numerous platforms and methodologies have
been developed that enrich and detect cells and cell-free biomolecules
in the circulation of patients with a variety of cancer types [83]. This
technology has led to the conception of a “liquid biopsy”, in which re-
searchers can track prognostic and/or predictive cells and/or cell-free
biomolecules longitudinally during disease progression. The ability to
assay for cells and other biomarkers via assays of the circulatory system
over time brings significant clinical advantages over the use of single-
time-point biopsies andwhole tumor analysis [117]. In addition, the liq-
uid biopsy strategy enables researchers to identify gene expression
pathways that are critical to invasion, dissemination, and metastasis
[118–121]. Indeed, future investigations combining circulating tumor
cell/biomolecule enrichment with ‘omics-based phylogenetics analysis
could prove to be a powerful approach to study disease progression
and metastasis.

While it is important to understand the benefits and shortcomings of
particular methodologies, it is equally important to carefully evaluate
the assumptions that they make about the data structure. For example,
maximum parsimonymakes assumptions about the rate at which char-
acters change in different regions of the tree, and violation of these as-
sumptions can lead to long-branch attraction. Maximum likelihood
and Bayesian methods require explicit models of molecular evolution
to explain the data. Although these methods tend to be robust to viola-
tions of their assumptions, strong model mis-specifications can lead
them to infer the incorrect tree.

4. Summary/conclusions

Analysis of high-throughput ‘omics’ data, such as deep sequencing of
DNA mutations, gene expression, as well as increasingly-sensitive pro-
teomics, metabolomics, and epigenomics data, has shed light on the
vast heterogeneity of cancer, both within and between individual pa-
tients as well as during disease progression and in response to treat-
ment. It has become clear from these global analyses that cancer onset
and progression is a multi-step, branching process in which the genetic
mutations, metabolites, epigenetics, and gene expression change over
time—an evolutionary process that is appropriately analyzed by the
Please cite this article as: J.A. Somarelli, et al., PhyloOncology: Understa
(2016), http://dx.doi.org/10.1016/j.bbcan.2016.10.006
long-standing tools of phylogenetics. In this evolutionary process, sub-
sets of cells within the primary tumor that are, at one point, a rare
breed might become selected for during metastatic dissemination and
colonization. The characteristic progression over time exhibited by can-
cer makes it an ideal system for the application of phylogenetics, a suite
of analytical approaches developed specifically to study evolutionary
history. Not only are these strategies appropriate for the analysis of mo-
lecular evolutionary divergence of cellular lineages, but theymight have
additional utility as classifiers that can compete on an even footingwith
other methodologies for clustering samples. Phylogenetics, and an evo-
lutionary perspective in general [122,123], should be an additional in-
strument in the toolkit of the cancer biologist, providing both essential
conceptual paradigms and new computational strategies for under-
standing cancer.
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