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Al ights reserved Given human population growth and accelerated global trade, the rate

of emergence of exotic plant pathogens is bound to increase. Under-
LS ARG LR 20N standing the processes that lead to the emergence of new pathogens
*Corresponding author. can help manage emerging epidemics. Novel tools for analyzing pop-
ulation genetic variation can be used to infer the evolutionary history
of populations or species, allowing for the unprecedented reconstruc-
tion of the demographic history of pathogens. Specifically, recent ad-
vances in the application of coalescent, maximum likelihood (ML), and
Bayesian methods to population genetic data combined with increasing
availability of affordable sequencing and parallel computing has created
the opportunity to apply these methods to a broad range of questions
regarding the evolution of emerging pathogens. These approaches are
particularly powerful when used to test multiple competing hypotheses.
We provide several examples illustrating how coalescent analysis pro-
vides critical insights into understanding migration pathways as well as
processes of divergence, speciation, and recombination.
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INTRODUCTION

In a world relying more and more on global
trade, migration of exotic pathogens to new
hosts or environments is bound to accelerate.
Meanwhile, demands for increasing food pro-
duction to sustain a growing human popula-
tion will invariably result in intensification of
agriculture. This, in turn, will facilitate an ac-
celerated (re)emergence of pathogens because
of increased movement of pathogens associated
with shipments of food and goods, as well as
human travel. The events leading to the emer-
gence of a pathogen vary on a case-by-case
basis, but will generally involve intense selec-
tion on the pathogen population. This selec-
tion causes substantial demographic changes to
the populations that leave distinct signatures
in the pattern of genetic variation within and
among populations. Contemporary analytical
tools for the analysis of population genetic vari-
ation can be used to infer the evolutionary his-
tory of populations or species, allowing for the
unprecedented reconstruction of the history
of pathogens. Understanding the evolutionary
history of these newly or reemerging pathogens
can inform management of emerging epidemics
and suggest strategies to address future threats.

Population genetic analysis has had a long
history in plant pathology (1, 32, 43,44, 77-79,
82, 83, 90). Most recent research on the pop-
ulation biology of plant pathogens has relied
on the use of electrophoretic markers, such
as restriction fragment length polymorphisms
(RFLP) (17, 35, 36, 80), amplified fragment
length polymorphisms (AFLP) (48, 61), and
simple sequence repeats (SSR) (2, 5, 27, 50, 60,
86, 93). Interpretation of such electrophoretic
markers as loci or alleles is limited in scope by
the fact that comigrating bands shared by two
individuals do not necessarily reflect descent
from a common ancestor; hence, identity by al-
lelic state does not indicate identity by descent
(19, 68, 75). Consequently, these markers are
not optimal for phylogenetic and genealog-
ical reconstruction. In contrast, nucleotide
sequence data offer the possibility of recon-
structing patterns of descent among genotypes
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within a species, or among populations of one
or more species (20, 37, 98). Ancestral and de-
rived states can be distinguished from sequence
data using a combination of coalescent analysis
to infer gene genealogies and Bayesian or maxi-
mum likelihood (ML) approaches to determine
distributions for population parameters of
interest. These approaches were traditionally
expensive in both computer and sequencing
requirements. Now, the convergence of afford-
able sequencing and parallel computing allows
the routine use of these analytical approaches,
which provide unprecedented opportunities
for characterizing the evolution of pathogens.
The novel approaches we discuss here,
particularly those based on coalescent theory,
allow for the testing of competing hypotheses
regarding questions on the origin of pathogens.
Is an emerging or reemerging pathogen pop-
ulation more likely to have been introduced
through one or more migration events, or is
it a resident population that emerged because
of changes in agronomic practices? If a recent
host shift is suspected, is there ongoing gene
flow with the source population that could
be generating genetic variation in the target
population? If there is evidence for an ex-
pansion in population size associated with its
emergence, is this period of expansion old or
has it begun only recently? Is there evidence for
a population bottleneck prior to this expansion,
as might be expected with a host shift, the
introduction of an exotic, or the introduction
of a new fungicide? Is sexual recombination
generating variation in the pathogen popula-
tion with the potential to generate more fit or
virulent offspring? The answers to these ques-
tions can have direct impacts on management,
such as identification of migration pathways
for mitigation, design of fungicide rotations for
chemical control, mining of wild plant hosts
for resistance genes, and targeting of particular
pathogen populations (e.g., sexually reproduc-
ing, genetically variable, or rapidly expanding
populations). In general, these studies will lead
to a greater understanding of how pathogens
emerge and reemerge, and suggest proactive
approaches to mitigate future threats. This
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review focuses on novel approaches derived
from coalescent theory that can be employed
to answer these kinds of evolutionary questions
about the emergence of pathogens.

COALESCENT THEORY

Coalescent theory provides the mathematical
foundation for modeling the genealogical his-
tory of a sample of genetic data (64-66, 99, 100,
102). Coalescent theory is now a mature and
well-established body of theory and comes in
many flavors that will only be touched on here.
Thereaderisreferred to many good review arti-
clesand books (23, 51, 57, 85, 88,96, 101). Coa-
lescentanalysis, in its simplest form, starts by in-
ferring the genealogical history of a population
sample by building a tree going backward in
time by pairwise coalescing of samples sharing
a common ancestor until all samples coalesce
to the most common recent ancestor (MCRA)
for the overall sample (Figure 1). One of the
basic tenets of coalescent theory is that only
direct ancestors of the sample matter, because
it follows a population sample backward in
time.
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One of the strengths of the coalescent ap-
proach is that predictions emerge about the
population processes that generated the ob-
served patterns of variability in a population
sample. The ability to test hypotheses based
on competing demographic scenarios, as il-
lustrated in Figure 2, has obvious advantages
over descriptive approaches that reveal patterns
but do not explicitly test competing hypotheses
on evolutionary processes. Although traditional
population genetics test if, for example, popula-
tions are significantly differentiated based on F,
analysis, coalescent-based approaches can for
the same populations determine directions and
rates of migration, presence of bottlenecks, and
admixture (Figure 2). Examples of the applica-
tions of these approaches are discussed in more
detail below.

As is generally the case in population
genetics, the standard coalescent as originally
described by Kingman makes a number of
assumptions, including panmixis, selectively
neutral variation, constant effective popula-
tion size, and lack of recombination (64-66).
Deviations from some of these assumptions can
be incorporated into the coalescent analysis.

41

Illustration of the power of the coalescent process whereby haplotypes are coalesced backward in time to the
most common recent ancestor (IMCRA). (#) Classical population genetics takes a forward-in-time
perspective. In each generation, there are individuals that do not contribute offspring to the following
generation, thus making the process of tracking a population through time inefficient. (b)) Coalescent theory
takes a backward-in-time perspective, only tracking the ancestors of the present-day sample, making the
process of tracking the population through time much more efficient and resulting in (¢) an inferred ancestry
for a population sampled in the present. Simple coalescent simulations can be run at

http://www.coalescent.dk/.

www.annualyeviews.org o Population Genetics of Exotic Pathogens

Changes may still occur before final publication online and in print

MRCA: most
common recent
ancestor

Panmixis: random
mating in a population



http://www.coalescent.dk/

Annu. Rev. Phytopathol. 2011.49. Downloaded from www.annualreviews.org

by U.S. Department of Agriculture on 07/18/11. For personal use only.

PY49CHOS5-Grunwald ARI 24 February 2011 17:30
Multiple hypotheses:
demographic models
|
[ |
NE
past € > <:
Historic
sample?
[}
£
=
Current
sample
Present < ::
Constant Population Bottleneck Admixture Speciation or
population growth divergence
T % l [ pp—— =
N — l

L

@ﬁﬂ

Figure 2

I
Coalescent genealogies

Illustration of select evolutionary scenarios that can be subjected to coalescent analysis for hypothesis testing. Typically, a population of
individuals (current or historic sample) is obtained. For each individual, several genetic loci are characterized and subjected to
coalescent analyses to obtain genealogies to infer the evolutionary processes that resulted in the patterns observed in the data. Shown
are typical genealogies observed under each demographic scenario. Differences in genealogies generated under the same demographic
model reflect the variation due to stochastic sampling effects. Note that one genealogy from a single locus would not provide conclusive
insights. Genealogies were created using Hudson’s MS program (58).

N,: abstract parameter
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The coalescent has important properties to
consider. First, the larger the population size,
the slower the rate of coalescence. Forward in
time, genotypes are lost by genetic drift in small
populations because of the sampling process.
What is called genetic drift when moving
forward in time, is the coalescent process when
moving backward in time (101). Essentially,
the timing of coalescent events is proportional
to the effective population size (N,), which is
assumed to be large. Second, the topology of
the coalescent tree is independent of the neutral
mutational process (88). Thus, mutations are
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mapped onto the genealogy after the genealogy
is built because state (i.e.,
separated from descent (i.e., genealogy). The

mutation) can be

coalescent is a stochastic process, for which
probabilities of coalescence or mutational
events can be written down, but each iteration
of the coalescent will be different, as is reflected
by the replicate simulated genealogies shown
under each scenario in Figure 2. Third, the
coalescent process is quite robust regarding
the effect of sample size on tree topology
(Figure 3) (9, 30, 71). Looking backward in
time, most of the coalescent events in a sample
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Moderate sample sizes provide accurate coalescent
histories. The overall structure of the coalescent
tree is retained when sample size is increased from
15 (black) to 30 sequences ( gray). Note that most of
the deep branches are present in the tree with 15
sequences, whereas some of the fine detail at the
base of the tree is not. This genealogy was obtained
for a simulation assuming the basic neutral model,
constant population size, no recombination,
panmixis, and the infinite sites model. Genealogies
were created using Hudson’s MS program (58).

will be relatively recent, whereas the last coa-
lescent events will take up most of the time to
the most recent common ancestor (TMRCA)
of the sample. A moderate sample of about 15
sequences can provide the basic structure of
the coalescent tree in which most of the deep
branches are present, and additional sampling
adds fine detail to the tips of the tree. This is
one of the reasons the coalescent is so powerful.

Coalescent algorithms come in different
forms (see below) and are typically employed to
determine several population parameters and
their distributions. These might include ®, mi-
gration rates, TMCRA, recombination rates,
and ages of specific mutations. The parameter
O is critical to coalescent analyses because it is
proportional to N,, which cannot be estimated

directly but only through ®. To infer param-
eter values, the coalescent process is simulated
millions of times to obtain probability distribu-
tions for each parameter given the data and a
specified demographic scenario. Two different
but related statistical approaches are used to
estimate parameters using coalescent-based
methods, namely ML and Bayesian inference.
ML approaches aim to maximize the likelihood
of the data D given the parameters, Pr(D|P),
where P is the vector of parameters and the ge-
nealogy (31, 41, 72). Bayesian inference aims to
estimate the posterior probability distributions
of the parameters given the data, Pr(PID),
which can be expressed as a function of the
above likelihood and the prior probabilities of
the parameters (6, 34, 87). Thus, Bayesian in-
ference makes use of prior knowledge of the pa-
rameter values, which is generally expressed as a
range or distribution of possible parameter val-
ues. The advantage of the Bayesian approach is
that one obtains probability distributions rather
than single point estimates with confidence
intervals as in ML analysis. Priors can be de-
signed to have little influence on the parameter
estimates (posterior probability distributions)
if the data are sufficiently informative.

Coalescent analysis is powerful, but its ap-
plication to the analysis of observed data is
analytically difficult and computationally in-
tensive. Many of the algorithms that use the
coalescent for parameter estimation make use
of Markov chain Monte Carlo (MCMC) sam-
pling to obtain distributions for the above like-
lihoods (71). Most of the programs discussed
below use Metropolis-Hastings MCMC (31).
MCMC presents challenges of its own, which
are discussed elsewhere (11). Consequently,
care must be used when using coalescent-based
approaches. The user must understand the as-
sumptions and limitations of these methods,
and interpret the results accordingly.

COALESCENT-BASED TOOLS

The analysis of population genetic data under
the coalescent is an iterative and nonlinear pro-
cedure (Figure 4). Careful consideration of the
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Illustration of the analytical process involved in inferring the evolutionary history of pathogens. Typically, this analysis is iterative, and
there is no single best pathway. Furthermore, pathways of analysis have to be adapted for ploidy, mode of reproduction (sexual, asexual,
or mixed), molecular marker system, and assumptions underlying the analysis.

biology of the organism and the nature of the
genetic data collected cannot be overempha-
sized, particularly when using coalescent-based
methods. The genetic and demographic models
assumed by these methods must approximate
the biology of the organism. For example,
species that are clonal or that have mixed repro-
duction can complicate analyses that assume
Hardy-Weinberg equilibrium (82). Likewise,
coalescent analyses that assume a panmictic
population are unlikely to be appropriate for
a sample that includes isolates from more than
one clonal lineage. Species that are polyploid
may also require special consideration. An
appropriate population sampling strategy is
critical, and sampling design considerations
are presented elsewhere (3, 56). The genetic
markers used should in most cases be selectively
neutral, although purifying/negative selection
is acceptable, and reflect the evolutionary
timescale of interest (Figure 5). Several of the
coalescent-based programs discussed below
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accommodate multiple loci and different types
of markers because using multiple loci signif-
icantly increases the power of these analyses,
serving as a means of replicating analysis on
independent loci. Different loci have different
thus,

history of a population or species will re-

evolutionary histories; inferring the
quire integrating information across different
genealogies. Although data from multiple
unlinked loci are advantageous, recombination
within loci can be limiting, as most programs
assume no recombination within loci because of
the computational challenge posed by recom-
bination (see below). Likewise, the coalescent
process may be simplified by the assumption
of the infinite sites model for sequence data
or the infinite allele model for SSR data in
some programs. As a result, some analyses may
require removing nucleotide sites exhibiting
homoplasy or more than two states. Once the
data set is finalized, one must decide which evo-
lutionary processes require parameterization
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Illustration of molecular markers showing resolution at different evolutionary time scales. A typical coalescent analysis of a population
of individuals may use multiple types of markers; for example, simple sequence repeat (SRR; /eff) and sequence based data (mtDNA;

right) (data from 38, 45). In the center, mtDNA sequence data from Phytophthora ramorum is collapsed into haplotypes and frequencies
of haplotypes are recorded (see brackets). The gene genealogy is then inferred from the haplotypes. Mutations are mapped on the tree
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(filled circles) and color coded by mtDNA haplotype lineage. The SSR markers reveal diversity within clonal mtDNA lineages.
Mitochondrial haplotypes H1-H4 are assigned to P. ramorum clonal lineages as follows: HI = NA2, H2 = EU]I, and H4 and

H3 = NAI.

(e.g., ®, number of populations, migration,
population growth, recombination, etc.) and
the most appropriate method or program for
inferring the needed parameters given the biol-
ogy of the organism. The analysis should cul-
minate in specifically testing alternate hypothe-
ses of the evolution of the pathogen population
(Figure 3). Parameter distribution estimation
and the resulting hypothesis testing is where the
power of the coalescent and the advantage of
these methods over traditional descriptive ap-
proaches are most apparent.

Lineage Age and Origin

A major focus in the study of emerging plant
pathogens is investigation of the origin of
new pathogens. Are emerging pathogens of
recent evolutionary origin (i.e., new species
or subspecies), or are they just new to a host
or environment? Are reemerging pathogens
evolving from local populations or are they
new introductions? Are variable populations
the result of diversification since emergence
or multiple events (e.g., migrations or host-
shifts)? These types of questions can be

addressed using coalescent-based methods that
date events, allowing estimation of the ages of
populations, species, or evolutionary lineages.
An early tool was the command line program
Genetree (4), which can be used to estimate
ML coalescent genealogies given sequence data
from nonrecombining loci that are consistent
with the infinite sites model of DNA sequence
evolution (42). Specifically, many coalescent
simulations, each with an associated likelihood,
are used to estimate the ML topology. This
topology can then be used to estimate relative
mutation ages and TMRCA of the sample. The
result is a genealogy that details the evolution-
ary relationships among alleles. When there
are two (or more) populations represented, one
can input or estimate migration rates between
the populations and estimate the population of
origin for each mutation and of the MRCA of
each population and the entire sample. Note
that migration rates will influence estimates
of populations of origin and that migration
rates are not generally obtained independently.
Therefore, it is wise to examine the robustness
of results to error or uncertainty in migration
rate estimates. Population growth can also be
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incorporated into the genealogies (41), but
there are limitations to the number of param-
eters for which ML values can reasonably be
obtained. Multiple loci can be combined only
when they share the same evolutionary history
(i.e., are completely linked). An associated
program draws the genealogies calculated by
the Genetree program. The program SNAP
Workbench provides a graphical interface to
prepare data files for input and analysis in
Genetree (20, 91). Genetree, unlike most of
the following programs, is not under active
development.

Another program that can be used to esti-
mate the age of lineages is IM, short for Iso-
lation with Migration (54, 55). This command
line program implements a specific evolution-
ary model in which one lineage diverges over
time into two lineages, with the possibility of
migration during the period of divergence (87).
This approach is appropriate for divergence
at the species level or for incipient speciation,
when populations or lineages are diverging but
are not yet reproductively or geographically
isolated, including pathogen ecotypes or cryp-
tic species. This is in contrast to Genetree,
which is most powerful in examining evolution-
ary relationships at the population level. IM
may be a representative model for pathogens
that emerge via host-shift speciation, particu-
larly when some gene flow continues during
the speciation process. One can estimate popu-
lation sizes, migration rates during divergence,
and divergence time. An advantage of this pro-
gram is that multiple unlinked loci can be used,
which makes for stronger parameter estimates
that may also be more representative of the evo-
lution of the lineages than estimates from single
genes. An extension of the IM approach has re-
cently been implemented in IMa2, which can
accommodate three or more lineages when the
phylogeny of the lineages is known (53).

A third tool for placing the evolution of pop-
ulations or lineages on a timescale is the pro-
gram BEAST (25). BEAST, short for Bayesian
evolutionary analysis by sampling trees, is par-
ticularly powerful in its application of molecular
clock models to determine the timing of evo-
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lutionary events. For plant pathogens, which
generally do not have fossil records, calibration
dates could come from samples obtained from
dated historical collections or dated samples
from fast-evolving viruses. A compromise alter-
native that has been used to date genealogies for
fungal plant pathogens is to use rough estimates
of mutation rates for the molecular clock (for
examples, see 97, 98, 103). BEAST has been
developed with associated programs to prepare
BEAST input files (BEAUH), to examine the
output from Bayesian MCMC (Tracer), and to
produce publication ready figures (FigTree),
all of which have graphical user interfaces.
There are two major challenges in the
dating of events for plant pathogens. Dating
events in years is dependent on relatively
accurate estimation of mutation rates per year
or per generation (and therefore of generation
time), and these are not well understood
for many plant pathogens. Emerging plant
pathogens may also lack genetic variation in
introduced populations, which may be the only
known populations. With little polymorphism,
population genetic parameters can be difficult
to estimate. This was the case with Phytophthora
ramorum, in which there was no detectable
variation among isolates within clonal lineages
for the several nuclear genes that we sequenced
(37). Therefore, we estimated lineage age by
estimating the coalescent age of mutations
at each locus. The youngest mutation shared
between lineages was used as a proxy for
the minimum age of the lineages. Although
this method did not provide a population
divergence date, we were able to determine
that the lineages were thousands of years old
and had not diverged since the emergence of
the pathogen in North America and Europe.
When sufficiently polymorphic population
data are available, coalescent tools can provide
robust estimates of divergence times with con-
fidence intervals (ML) or posterior probability
distributions (Bayesian inference). A pertinent
example comes from the wheat pathogen
Mycosphaerella  graminicola, which is thought
to have emerged with the domestication of
wheat by host shifting from wild grass to
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wheat in the Fertile Crescent. This scenario
was examined through coalescent analysis of
DNA sequence data from several loci in a
worldwide sample of M. graminicola and in a
Mycosphaerella species found on uncultivated
grasses in northwestern Iran (98). In particular,
this scenario perfectly fits the isolation with
migration model, in which two populations di-
verge despite continued gene flow between the
populations. Genealogies confirmed that one
of the populations collected from wild grasses
(S1) was the closest relative to M. gramini-
cola. 'The program IM was used to estimate
time since divergence of the M. graminicola
and S1 populations, and migration between
populations (Figure 6). Migration was found
to be an order of magnitude higher from S1
to M. graminicoln than the reverse, suggesting
an extended period of host shifting from wild
grasses to wheat during speciation. IM assumes
that the ancestral population splits into two
populations and can be used to estimate the
fraction of the ancestral population leading
to each of the descendent populations. As
expected, a small fraction, 2%, of the ancestral
population shifted to wheat to become the
contemporary M. graminicola population. The
expansion of the M. graminicola population
and small, perhaps shrinking, S1 population
suggested by the IM results were confirmed by
estimation of population size and growth rates
using the LAMARC software. Using Kasuga
et al.’s (63) estimation of substitution rates in
fungi and a generation time of one year, the
divergence of the populations was calculated
to be approximately 10,500 years ago, which
coincides with the expansion of agriculture and
domestication of grasses. Note that estimates of
substitution rates and generation times are nec-
essarily averages over long time periods during
which the life history and environment of the
pathogen can change and are very difficult or
impossible to experimentally quantify.

Migration
Gene flow among populations or regions is a
central concern in plant pathogen epidemiol-
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Figure 6

Hypothesis for the divergence of Mycosphaerella S1 and Mycosphaerella
graminicola. The wheat pathogen M. graminicola is hypothesized to have evolved
from an ancestral population on wild grasses related to the current population
on these hosts, which has been designated S1. A very small proportion of the
ancestral population is estimated to have founded the M. graminicola population
followed by a period of continued gene flow mostly from S1 to M. graminicola.
Widths of populations are proportional to estimated population sizes and
widths of arrows are proportional to estimated migration rates.

ogy. Coalescent-based analysis of migration
allows the testing of specific migration models
rather than crudely estimating migration rates
from F,, values. For emerging pathogens, we
may be interested in whether there is evidence
for ongoing migration from source populations
or in identifying the direction of migration
among populations or regions. When it is
known that an emerging pathogen population
is from a specific source population and that
these populations are diverging (by drift or for
a specific trait), the isolation with migration
model used by IM may be used to estimate time
since divergence and ongoing migration. When
investigating equilibrium migration, such as
migration within a species with little or no
divergence among populations, a better choice
may be the program MIGRATE (also known
as MIGRATE-n) (10, 12, 13). A suggested rule
of thumb for using MIGRATE over IM is that
the TMRCA of the sample should be less than
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the divergence time of the populations (11). In
the case of emerging pathogens, in which pop-
ulations may be very young, it may be wise to
compare results between MIGRATE and IM.
However, an advantage of MIGRATE is that
it can accommodate multiple populations and
many different migration models, which can
be evaluated using either Bayesian inference
or ML. One can then test different models of
migration using ad hoc approaches (11, 24).
An example comes from our work on the
oomycete pathogen P. ramorum, which is
responsible for the disease sudden oak death
in coastal California, sudden larch death in
the United Kingdom, and blight or dieback
of numerous woody understory species and
popular ornamentals, such as rhododendrons,
and viburnums (16, 47, 95). P.
ramorum was simultaneously discovered in
Germany and California and is thought to be an
exotic pathogen that was recently introduced to
Europe and North America. Three clonal lin-
eages of P. ramorum have been described, called
EU1, NAIl, and NA2, with limited genetic
variation within lineages (38, 46). European
isolates have been the EUI lineage and Cal-
ifornia forest isolates have been NA1. In 2003,
the EUI lineage was found in horticultural
nurseries on the West Coast of North America,
and a third lineage was identified, NA2. The
conventional wisdom is that the EU1 lineage
was introduced into Europe and then migrated
to North America in the nursery trade. We
tested this hypothesis using SSR genotype data,
given that SSRs evolve rapidly enough to show
variation within clonal lineages, from EU1
isolates collected in Europe and North America
(39). Using the program MIGRATE, we used
Bayesian inference to estimate migration rate
from Europe to North America and from North
America to Europe (Figure 7). These estimates
indicated that there was higher migration from
Europe to North America. We then tested
unidirectional migration against bidirectional
migration using ML. The highest likelihood
model was unidirectional migration from
Europe to North America. This model was a
significantly better fit to the data by a likelihood

camellias,
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ratio test and Akaike information criterion
(AIC), which accounts for the different numbers
of parameters in the models under comparison.

Another very different example of the appli-
cation of the program MIGRATE was to ex-
amine species boundaries in Claviceps purpurea
ecotypes (24), specifically to reject the hypoth-
esis of a single species in favor of a hypothesis of
three species with rare migration events among
species.

Historical Population Sizes

Emerging plant pathogens may experience se-
vere population bottlenecks during the pro-
cess of emergence. Small initial population sizes
may be the result of introduction to a new re-
gion or host, or a new virulentlineage emerging
from a single clone or sexual event. Subsequent
to this bottleneck, conditions may be conducive
to rapid population expansion. Coalescent the-
ory can be used to look for exponential growth
in N, and for the signature of a population bot-
tleneck in DNA sequences. Changes in popu-
lation size change the rate of coalescent events,
thus changes in population size may be detected
by departures of the distribution of coales-
centevents from that expected when population
size is constant over time (73). The program
LAMARC can be used to estimate population
exponential growth rate (g), in the presence of
migration and recombination if necessary, us-
ing data from a variety of genetic markers (70).
BEAST can also be used to estimate changes in
population size over time using Bayesian sky-
line plots (26). This method does not assume
constant growth or decline in population size
over time and thus can describe population bot-
tlenecks. Of particular interest is the ability to
produce Bayesian skyline plots from multigene
analysis (52). Skyline plots visualize changes in
population size over the time from the MCRA
to the present. This is a highly parameterized
and computationally intensive model.

BEAST was used to examine the evolu-
tionary history of the rye and barley pathogen
Rbynchosporium secalis. This pathogen has three
host-associated lineages that were estimated to
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Figure 7

Testing multiple hypotheses of global migration scenarios for the sudden oak death pathogen Phytophthora ramorum. Three competing
hypotheses are shown including bidirectional or unidirectional migration. Migration rates 7z and the population scaled mutation rate ©
were estimated in several runs through the use of Bayesian approaches using the program MIGRATE (13) as described in 39. The
highest Bayesian posterior probability was obtained for the model of unidirectional migration from Europe to North America
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supporting the hypothesis that P. ramorum was introduced to North America from Europe.

have diverged in the last few thousand years
using time-calibrated multilocus phylogenies
(103). Bayesian skyline plots, depicting the
demographic history of the lineages, showed
population bottlenecks associated with the pre-
sumed host shifts followed by rapid recovery
of population sizes.

Recombination

One of the first questions regarding a new or
re-emerging pathogen is whether there is sexual
reproduction in the population. Sexual repro-
duction may allow pathogens to rapidly adapt
to new environments via shuffling of variation
by homologous recombination or introgression
of locally adapted alleles by hybridization with
resident species. Coalescent theory can be used

to estimate recombination rates in genealogies.
However, recombination is a notoriously diffi-
cult problem. Many recombination events are
not detectable, because the recombination is
between very similar sequences, so recombi-
nation rates will often be underestimated. A
challenge specific to coalescent methods is that
with each past recombination there is a splitting
event, creating additional ancestors that must
be tracked through time. Thus, incorporating
recombination into the coalescent is mathe-
matically and computationally difficult. Several
methods for estimating recombination rates us-
ing the coalescent have been developed (28, 40,
74, 81) and their performance compared (28).
The program LAMARC is unique in that it can
estimate recombination rates from microsatel-
lite data (70). The programs SequenceL.D (29)
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and LDhat (81), for sequence or single nu-
cleotide polymorphism (SNP) data, use meth-
ods that approximate likelihoods and can thus
handle larger data sets with reasonable compu-
tational speeds. These methods have been ap-
plied to detect recombination in the evolution-
ary history of the exotic and presently clonal
sudden oak death pathogen, P. ramorum (37).
To visualize recombination in a gene ge-
nealogy, one must construct ancestral recombi-
nation graphs (ARGs). These graphs trace re-
combination events back in time following all
ancestral sequences and can be quite complex.
A minimal ARG includes only the recombina-
tion events that are required due to conflicting
phylogenetic histories in the data thus facili-
tating interpretation. The program BEAGLE
constructs minimal ARGs, showing an inferred
order of recombination and coalescent events
back to an inferred or designated root (76). The
ARG can be used to infer relationships among
recombination blocks (18) and the ancestry
of recombinant sequences (37). However, the
minimal ARG produced by BEAGLE is not
scaled to time like a true coalescent genealogy.

Model Testing Using Approximate
Bayesian Computation

We have discussed programs that use the
coalescent to examine specific evolutionary
models that include migration, recombination,
population divergence, and population size
change. Realistic evolutionary models for a
given population may include most or all of
these processes, yet we may not know which
processes were involved, when they occurred,
or the order in which they occurred (e.g., the
ancestry of populations). We would like to be
able to evaluate different evolutionary models
to not only find the ML or highest probability
parameter values, but also estimate the best
model. In addition, the best model may not fita
predefined model. Approximate Bayesian com-
putation (ABC) is an approach that addresses
both of these needs, essentially by avoiding the
evaluation of a complex likelihood function (7,
14, 22). This is an area of rapid development,
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both in terms of theory and implementation
(i.e., software development), and thus the
applications of ABC in the present literature
use methodology and computational pipelines
that may be outdated or unnecessary in just
a few years. The basic idea behind ABC is to
test among a small set of evolutionary models
using coalescent simulations. For example,
one could explicitly test whether an emerging
population experienced a severe bottleneck
during introduction followed by gene flow with
its population of origin or whether a model
with no bottleneck or no migration is better
supported by the data. The flow of the analysis
is roughly as follows: (#) define evolutionary
models (limited to processes that can be
incorporated into coalescent simulations using
existing software), (/) choose summary statistics
that capture the structure of the data (e.g.,
variation within and between populations),
(¢) simulate millions of data sets that are
equivalent to the observed data in number of
populations and sampled individuals, calcu-
lating summary statistics for each simulated
data set, (d) filter the simulations so that only
subsets most similar in summary statistics to
the observed data are retained for each model,
(e) select the model with the highest prob-
ability based on the posterior probability of
each model, (f) estimate parameter values, and
(g conduct various quality controls on the
model selection and parameter estimation (14).
ABC has played a major part in bringing statis-
tically rigorous hypothesis testing to the field
of phylogeography (8, 67) and will likely do the
same for studies of the evolution and emergence
of plant pathogens. Studies on the introduction
of the western corn rootworm to Europe
illustrate the power of ABC over traditional
population genetic methods for reconstructing
the movement of exotic pests (49, 84).

Cautionary Points

It cannot be overemphasized that the use of
coalescent-based programs requires a compre-
hensive understanding of their assumptions
and estimation methods. Data that violate
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assumptions of the models may give misleading
or nonsensical results. MCMC itself is chal-
lenging because it will give misleading results
if chains are too short, if they are not efficiently
exploring the state space (poor mixing), or if
there is too little data to begin with. More prob-
lematic is that it may not be obvious that the re-
sults are poor unless one knows how to evaluate
the performance of the MCMC (11). Similarly,
for Bayesian analysis one needs to assess if
results are sensitive to choice of priors. Results
should always be interpreted with caution and
in the context of the pathogen’s biology.

Another area for caution is the temptation to
convert coalescent time to real time to obtain,
for example, years since divergence. For most
plant pathogens, this conversion is not straight-
forward because mutation rates and generation
times can be only roughly estimated. For many
of these organisms, definition of a generation is
notobvious given mixed modes of reproduction
and overlapping generations. Furthermore, cal-
culation of these times based on only one or two
loci can be very misleading. Ideally, these cal-
culations should be made using many unlinked
loci and reported as ranges or with clearly de-
fined confidence intervals.

OTHER LIKELIHOOD-BASED
TOOLS

Bayesian Clustering

Other new tools using likelihood or Bayesian
approaches have been valuable in the study of
plant pathogen population genetic structure,
such as Bayesian clustering methods (21, 33,
59, 92). These methods cluster individuals into
underlying groups that may not correspond
to geographically defined populations and can
be used to help define panmictic populations,
identify multiple introductions, uncover cryp-
tic species, and otherwise define population
structure without a priori knowledge of gene
flow and migration patterns. The programs
Structure and InStruct can also identify

admixture, referring to individuals in a popula-
tion with parentage from different genetically
distinct populations. Individuals are assigned to
clusters assuming linkage equilibrium among
loci and Hardy-Weinberg equilibrium within
populations. These assumptions are violated
in organisms that reproduce asexually. The
program InStruct was designed for inbreeding
species and does not assume Hardy-Weinberg
equilibrium; however, individuals must be
diploid and many plant pathogens are not
diploid. Principal coordinates analysis has
been used as a population genetic model-free
alternative to Bayesian clustering (89, 94).
However, it cannot be used to estimate the
number of clusters and assign individuals to
clusters. Discriminant analysis of principle
components (DAPC) has recently been pro-
posed as a powerful alternative to both Bayesian
clustering and standard principal component
analysis (62). This method does not assume a
population genetic model and thus is applicable
to a wide variety of organisms, population
structures, and data types, and also provides a
means of estimating the number of clusters and
assign individuals to these clusters. However,
DAPC cannot identify admixed individuals.

Testing For Selection

Plant pathogens can be subject to intense selec-
tion pressures that may affect specific genes for
virulence, fungicide resistance, or other traits
that can have a large role in host-pathogen in-
teractions. Evolutionary analysis of confirmed
or candidate genes for these traits may be in-
formative for management. For example, one
could infer specific sites under diversifying se-
lection in a gene, which may identify amino
acids or domains of functional importance. One
can also identify lineages in which the gene
has been subject to selection, which may sug-
gest species for which the gene has been func-
tionally important. There are now a variety of
likelihood-based models available for testing
for selection on coding sequences (15, 69).
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SUMMARY POINTS

1.

The genetic processes affecting genetic variability in a population can be thought of
as consisting of two simultaneous and independent processes: coalescence and neutral
mutation. When simulating the coalescent, mutations are mapped onto the tree after
tree building is accomplished.

. Evolutionary parameters, including relative population sizes, growth rates, and migration

rates, and their distributions, can be estimated based on the patterns of variation in
population samples using coalescent simulations.

. Coalescent theory provides a framework for testing competing hypotheses on population

genetic and/or evolutionary scenarios.

. Application of coalescent-based evolutionary tools provides critical novel insights into

forces shaping current population structure of exotic and reemerging pathogens that can
inform management of emerging epidemics.

FUTURE ISSUES

L.

Algorithms and software that currently only implement one or a few analytical techniques
must become integrated, user-friendly, multiplatform, and iterative, allowing for testing
multiple evolutionary scenarios under different demographic and genetic models.

. Multilocus approaches will become the standard, allowing for integrated analysis and

comparison across unlinked loci.

. There remains a need to integrate the effect of natural selection on population dynamics

will become standard.

. The multi-species coalescent will become a standard tool for defining species boundaries

providing insights well beyond traditional phylogenetics.

. Coalescent analysis based on genome-wide, high-density SNP data or population ge-

nomic studies using high throughput sequencing data will provide yet another level of
analysis not currently available.
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