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Foreword

When I joined the faculty at the University of Sussex in 1980 the distinguished
evolutionary biologist John Maynard Smith despaired of microbiologists for their lack of
interest in the population genetics of bacteria. At the time I had little idea what my new
colleague was talking about and like many microbiologists was enjoying the opportuni-
ties that had just become available through the development of gene manipulation. I
suspect that most microbiologists in 1980 saw a bacterial pathogen as a disease-causing
entity rather than a population. Where diversity was recognized within bacterial patho-
gens it was usually based on subdivision into a small number of serological types, and in
some cases (for example, the pneumococcus), clear differences in the ability of serotypes
to cause disease were recognized. The lack of interest in the population genetics of bacte-
ria among microbiologists was perhaps not surprising since pre-1980 only one paper on
the topic had been published, on the genetic diversity of E. coli, and that was to address a
question of no apparent relevance to microbiology, being a test of the neutral theory. In
2010 the situation has changed radically and high levels of interest are evident among
infectious disease and environmental microbiologists, microbial ecologists, taxonomists,
and theoreticians.

Progress has been, and continues to be, driven by technology and has been closely
allied to our need to characterize isolates of bacterial pathogens and to identify particular
strains that cause disease. The first of the approaches to strain characterization that was
amenable to population genetic analysis was multi-locus enzyme electrophoresis (MLEE),
which was first applied to bacteria in 1973 by Roger Milkman in his test of the neutral
theory and, subsequently, by Bob Selander and Bruce Levin. It was the pioneering work
of Bob Selander and his laboratory who introduced MLEE into clinical microbiology and
demonstrated fundamental aspects of pathogen populations—notably that isolates from
disease were genetically diverse but that, worldwide, a small number of strains (electro-
phoretic types) caused a large proportion of disease. The multi-locus genotypes assigned
using MLEE allowed Selander’s laboratory to identify strong linkage disequilibrium in
pathogen populations which, together with the isolation of indistinguishable genotypes
from different countries and different decades, argued that bacterial populations were
strongly clonal and that recombination must be rare.

From the mid-1980s the analysis of the sequences of various genes from multiple
isolates of bacterial species showed increasing evidence of a history of recombination and
a tension developed between the conclusions derived by MLEE and from gene sequencing
about the extent of recombination in bacterial populations. This tension was resolved in
1993 when John Maynard Smith and colleagues demonstrated how linkage disequilibrium
was compatible with relatively high rates of recombination. A key sub-plot of this 1993
paper was appropriate sampling of pathogen populations, as one cause of linkage disequi-
librium was the over-sampling of genotypes that are particularly associated with disease.
For many pathogens the vast proportion of the natural population is present as harmless
colonizers of the intestines, skin, nasopharynx, and so on, and a representative sample of
the natural population would include only a tiny fraction of isolates from cases of disease.

xi
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Foreword

The sampling problem is still very much with us today, as, for most human pathogens, it
is straightforward to obtain from clinicians or public health laboratories a collection of
isolates from disease, but it can be problematic to obtain large samples from colonization
or carriage. Consequently, the population samples that are available tend not to be ideal
for the question being addressed. Of course this sampling problem does not arise for some
pathogens (for example, those where disease is acquired from an environmental reservoir),
and for environmental species, where in many cases the sampling frame can be precisely
that required to address the question of interest.

Much of the focus of bacterial population genetics during the 1990s was centered
around the extent of recombination in natural populations, and further growth of the field
was largely restricted by the nature of the data produced by MLEE. The conversion in
1998 of MLEE into a sequence-based method—multi-locus sequence typing (MLST)—
removed this block and opened up the range of topics that can be explored, as amply
witnessed by the diverse body of work on bacterial population genetics described in the
chapters of this book. The availability of the sequences of seven house-keeping gene frag-
ments from thousands of isolates of several bacterial species has also stimulated theoretical
work, with the use of both coalescent approaches and forward simulations where models
can be formulated in terms of multi-locus genotypes, allowing model predictions to be
compared against real data.

Another area where the improved data richness available from multi-locus sequence
analysis is making an impact is the apportioning of bacterial diversity into species, which
is a central topic in population biology, although it has not until recently been seen in this
light by microbial taxonomists. In parallel, theoretical studies have started to explore the
concept of species and the impact of recombination on the processes that lead to irrevers-
ible lineage splitting and eventual speciation.

The comfortable view that bacteria evolved by the accumulation of point mutations
and short homologous recombinational replacements was shattered in the late 1990s by
the appearance of the genome sequences of several bacteria, which unexpectedly showed
the rapid acquisition (and loss) of regions of DNA typically from unknown sources. These
findings have added a layer of complexity which has yet to be integrated with our current
knowledge of bacterial population biology. The next change in technology relevant to
bacterial population biology is undoubtedly going to be driven by the opportunities stem-
ming from the continuing rapid development of the capabilities of the new sequencing
platforms, which promise the ability to characterize large bacterial populations using
complete or nearly complete genome sequences. The integration of gene acquisition and
loss with much higher resolution characterization of the core genome will undoubtedly
improve our understanding of important areas of bacterial population genetics, particularly
ecological differentiation, biogeography, and speciation. These developments will undoubt-
edly involve contributions from experimentalists, modelers, theoreticians, and ecologists,
and closer communication between those who work on pathogens and environmental
microbiologists.

Until recently environmental microbiologists have largely used rRNA sequences to
monitor and quantify diversity within natural environments, and there has been little
meeting of minds between those in this discipline and those working with pathogens. More
recently, multilocus sequencing approaches have been used for studying the population
dynamics, ecological differentiation, and biogeography of environmental species, and
some aspects of the population genetics of bacteria may be more tractable with these
organisms than with pathogens. Although, for understandable reasons, this book focuses
on the population genetics of pathogens, perhaps by the next edition there will be sufficient
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integration of approaches to produce a book that covers the population genetics of all
bacteria.

The greatly increased interest in bacterial population genetics has not been accompa-
nied by a slew of books on the subject—indeed, there are I think no recent books—and
the present excellent and authoritative volume is very timely and greatly welcomed.

BRIAN G. SPRATT
London






Preface

Population genetics is concerned with the causes and effects of genetic variation. It is an
observational science, which makes inferences about the processes that shape genetic
variation. This book is focused on the population genetics of bacterial pathogens. Infectious
diseases caused by bacteria continue to afflict humans even in this era of antibiotics and
vaccines, in part because of the genetic flexibility of bacterial populations. However, for
all species of bacteria, only a portion of their genetic variation will be relevant to disease
processes. If properly deciphered, genetic variation can provide fundamental insights into
the pathogens’ biology, such as the precise identity of the strains and genes that are dan-
gerous to public health, the elusive nature of bacterial species, and the basis of bacterial
adaptations. In turn, this knowledge can assist in the development of new diagnostics,
therapeutics, and preventive strategies for combating these terribly common causes of
human sickness and death worldwide.

The field of bacterial population genetics developed alongside the methodological
improvements that provided a more direct reading of the historical information contained
within DNA sequences. In the near future, the field is expected to be inundated with
volumes of data that are being generated from rapid, low-cost methods of DNA sequenc-
ing. In addition, computationally intensive methods for extracting precise pieces of histori-
cal information from sequences are becoming available. Thus, it is an opportune time to
summarize progress in the field.

Early population genetics studies of Escherichia coli, from the 1970s and 1980s,
showed that this model bacterial species exhibited two to five times more genetic variation
than that observed in eukaryotic species. Since the early studies, the role of extensive
bacterial genetic variation in infectious diseases has attracted the attention of diverse
scientists and funding agencies alike. Although the early studies were carried out by popu-
lation geneticists interested in bacteria, rather than by microbiologists interested in popula-
tion genetics, scientists from a variety of backgrounds currently work in the field. Perhaps
as a consequence of its interdisciplinary character, some of the concepts and methods used
in the field are still rather vaguely defined.

Fantastic books are available that give detailed treatments of modern population
genetics, but, for those who study bacterial pathogens, one often has to ask “How does
this apply to bacteria?”’ The seminal book edited by Baumberg etal. (1995) from Cambridge
University Press was among the first to focus on bacterial population genetics, but it
was published prior to the advent of the modern methods that make direct use of DNA
sequences. Numerous other books are available that explain how genetic variation
originates at the molecular level, but these processes are only part of what is relevant to
population genetics. What has been lacking is a book that describes the fate of genetic
variation in bacterial populations and that shows how one can generate and analyze
bacterial genetic data from a population genetics perspective. We hope that this book will
help to synthesize the field and that it will help to train current and future generations of
scientists. Here, emphasis has been given to the genetic and population processes that
shape genetic variation in bacterial populations and to the methods of analysis that provide
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Preface

a basis for sound inference. An audience for this book could be found among both students
and professionals who work in the intersecting fields of genetics, microbiology, infectious
diseases, epidemiology, and evolutionary biology.

This book has been subdivided into two sections. The first section covers major con-
cepts and methods of analysis. This section begins with an overview of the coalescent
model of population genetics. The next two chapters deal with two different types of data
analyses—those that use alleles and those that use DNA sequences. The next three chapters
describe different types of genetic and population processes, including recombination,
selection, and demographic effects, and the cutting-edge statistical techniques that are used
to study their contributions to bacterial population structure. The first section ends with
two chapters that describe the modern laboratory techniques that are used to measure
bacterial genetic variation from the level of complete genome sequences down to the level
of individual nucleotides.

The second section of the book provides a genus-by-genus coverage of some impor-
tant bacterial pathogens; this is intended to be the applied section of the book. These genera
were selected over others because they include species whose study has contributed some-
thing unique to the field. For example, some chapters include species where particular
laboratory or statistical techniques have been used to great effect, while other chapters
include species that illustrate particular clinical or population dynamics. Since many bacte-
rial genera consist of both pathogenic and nonpathogenic species, population genetic data
from both types of species have been compared and contrasted in some chapters.

D. ASHLEY ROBINSON
DANIEL FALUSH
EpwARD J. FEIL
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Concepts and Methods
in Bacterial Population
Genetics






Chapter 1

The Coalescent of Bacterial
Populations

MIKKEL H. SCHIERUP AND CARSTEN WIUF

1.1 BACKGROUND AND MOTIVATION

Recent years have seen an explosion in the number of available DNA sequences from
many different species. Whereas small genomic regions routinely have been sequenced
for more than 20 years and have improved our knowledge of genetic variation at the
species and the population levels, new high-throughput techniques have made possible the
sequencing of whole genomes and genomic regions for many individuals at an affordable
price and in a realistic time frame. This offers unprecedented opportunities for studying
genetic variation within and between species and the effects of variation on transcription,
regulation, and expression. So, for example, population data sets for bacteria are now
expected to consist of full genomes rather than single genes, and the limitations to evolu-
tionary inference are more likely to be found in the analysis rather than in the generation
of sequence data (see Chapter 7 of this book).

In the following, we will discuss a mathematical model—the coalescent—that
describes the process of generating genetic data, with special reference to bacterial popula-
tions. For simplicity, we assume the data are in the form of DNA sequences; however,
other forms of genetic markers can likewise be modeled. The sequences (or genes) are all
homologous copies of the same genetic region in the genome of a species. The relevance
of such a model becomes clear when we want to infer/learn details about the evolutionary
processes that generated and shaped a sample of present-day sequences. This process may
include inferring the mutation rate or demographic parameters, or assessing the age of
mutations or common ancestors of sequences. The inferential analysis is retrospective; we
seek to understand the evolutionary past of the sample (or population) through analysis of
the present-day sequences.

Coalescent theory is the most widespread statistical framework for retrospective sta-
tistical analysis of genetic data. The term was coined by Kingman (1982a), who described
the genealogy of a sample of n sequences and denoted the genealogical process the coales-
cent. In subsequent papers, Kingman (1982b,c) developed the theory further and within a
few years, it was being studied widely. Kingman’s (1980) work built on his own research

Bacterial Population Genetics in Infectious Disease, Edited by D. Ashley Robinson, Daniel Falush,
and Edward J. Feil
Copyright © 2010 John Wiley & Sons, Inc.



4 Chapter 1 The Coalescent of Bacterial Populations

as well as that of others, for example, Ewens (1972) and Watterson (1974). The coalescent
was also independently discovered by Hudson (1983a,b) and Tajima (1983), and in unpub-
lished notes by Bob Griffiths.

In this study, we will first show how simple models of reproduction can be formulated
and will discuss their relationship to real bacterial populations. The simple models of
reproduction underlie the basic (or standard) coalescent process, which is often used as a
null model for statistical analysis. Subsequently, we will introduce some extensions of the
basic model that allow for demography and recombination/gene conversion. The exten-
sions predict measurable effects on a sample of sequence data, effects that in turn provide
a means for interpreting the data. For further background on the coalescent, see the books
by Wakeley (2008) and Hein et al. (2005).

1.2 POPULATION REPRODUCTION MODELS

A simple model of population reproduction was first suggested by Wright (1931) and
Fisher (1930). This basic model provides the description of an idealized population and
the transmission of genes from one generation to the next. In this study, we consider this
model and two other similar models that might be useful for describing bacterial evolution.
However, as our exposition is adapted to haploid populations, it may differ slightly from
other examples in the literature.

A population of constant size N of haploid individuals forms the basis for our study.
At time (generation) ¢ + 1, N individuals are drawn from the population at time t—we then
consider three different ways that each mimics reproduction in a true physical population
(see Fig. 1.1). We use the terms “individuals,” “sequences,” and “genes” interchangeably
in this section since for a haploid, nonrecombining organism, the history of any gene is
the same as the history of the bacterial cells. The models we refer to in the study include
the following:

Wright—Fisher (WF) model: N individuals are drawn randomly with replacement
from the population at time z. The number of descendants of one individual in one
time step is approximately Poisson distributed P(k) = exp(—1)/k!.

Moran model: At time ¢, one individual is chosen randomly to reproduce and one
individual is chosen to die. The same individual can be chosen to reproduce and
then die. Thus, an individual has either zero, one, or two descendants. Zero and
two with equal probability p, = p, = (N — 1)/N?, and one with probability p, = 1 — 2p,.

Fission model: At time ¢, each individual has zero, one, or two descendants with
probabilities p,, p;, and p,, respectively. For the population to remain of constant
size, we must have p, = p, < 0.5.

Wright-Fisher model Moran model Fission model

Figure 1.1 Eight generations of reproduction in the Wright-Fisher model, the Moran model, and the
fission model, which have properties intermediate between the other two models (see text).



1.3 Time and the Effective Population Size S

Wright-Fisher model Moran model Fission model

Figure 1.2 The genealogy of a sample of n = 3 genes in each of the three reproduction models. Note that
coalescent events occur more rapidly in the Wright—Fisher model than in the Moran model. In this example,
the three genes coalesce and find an MRCA five generations back, whereas in the Moran model, the three
genes have not found an MRCA after eight generations, where there are still two ancestors to the sample. The
fission model shows an intermediate pattern.

In the WF model, the entire population is replaced in each time step, whereas in the
Moran model, it takes in the order of N time steps before the population is replaced by
new individuals. The WF model is often referred to as a nonoverlapping generation model,
while the Moran model is referred to as an overlapping generation model, because an
individual that does not die continues to the next generation. Figure 1.1 shows eight time
steps for each of the three models.

All these models rely on a number of essential, simplifying assumptions: (i) The
population is selectively neutral; all alleles are equally fit; (ii) the population has no demo-
graphic structure; (iii) the genes are not recombining. We will later discuss how to incor-
porate recombination and demography, but not selection.

In the study under discussion, we could use these models to trace the genealogical
relationship of a sample of n genes backward in time. In Fig. 1.2, this relationship is shown
for a sample of size 3 for each of the three reproduction models. In the WF model, the
first two genes find a common ancestor two generations back, whereas all three genes
share a common ancestor five generations back. The first ancestor of the complete sample
is called the most recent common ancestor (MRCA) to distinguish it from other ancestors
of the sample further back in time. In the Moran model, the three genes have not yet found
a common ancestor after eight time steps, but if we progressed far enough back in time,
they would eventually find one, since in each time step there is a positive probability for
this to happen. The fission model is intermediate between the WF and the Moran model
in that coalescent events happen at a slower rate in the fission model than in the WF model,
and at a faster rate in the fission model than in the Moran model. In Fig. 1.2, an MRCA
is found after eight time steps for the fission model.

1.3 TIME AND THE EFFECTIVE POPULATION SIZE

As the above description suggests, the genealogical history depends on the reproductive
model. However, for a large population (large N), all three models show remarkable simi-
larities (Kingman, 1982a—c). To demonstrate this, we first describe the coalescent structure
of a sample of size n, taken from the WF model. The probability that none of the n genes
find a common ancestor in the previous generation is

NoIN-2  Nontl :(1_i)(1_3j....(1—”‘l)zl—”(”‘l). (1.1)

N N N N N N 2N
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The latter approximation holds for large N only. The first gene chooses a parent at
random; the second can choose among the remaining N — 1 genes, the third among N — 2
genes, and so on. Consequently, the probability that none of the n genes have found
common ancestors in the previous ¢ time steps is

N n(n=1)Y
P(T, >z)z(1——), (1.2)
2N

where T, denotes the waiting time until the first common ancestor event (superscript N
refers to the dependency on population size N). The probability that more than two genes
coalesce in the same generation becomes negligible for large N, and henceforth it
is ignored in our exposition. The coalescing pair of genes is chosen randomly among all
genes in the sample.

Equation 1.2 depends on the population size N. However, if time is scaled in units of
N generations, Equation 1.2 takes the approximate form

P(T,,>v)zexp(—@v), (1.3)

where now 7, =T /N. The argument that changes the product in Equation 1.2 into an
exponential term in Equation 1.3 relies on N being large and n being relatively small. The
right side can be recognized as an exponential variable with rate n(n — 1)/2. Consequently,
the genealogy of a sample is described by a series of waiting times 7,, 7,4, ... , T, between
successive coalescent events; each waiting time is an exponential variable with rate
depending on the current number of ancestors. Equation 1.3 has the further important
consequence that the genealogy of the sample depends on N only through a scaling of
time. For the WF model, the scaling is linear in population size N.

Kingman (1982c) showed that for a variety of reproductive models, including the
models discussed here, time can be scaled such that the time between coalescent events
is approximately an exponential variable with rate k(k — 1)/2, where k is the number of
current ancestors (Fig. 1.3). At each coalescent event, two genes are chosen randomly to
coalesce.

The scaling factor is known as the effective population size, N,; see Ewens (2005) for
discussion and formal definitions. The number N, depends on N and on the reproductive
mechanism in the following way:

N =N (1.4)

o’

,,,,,,,,,,,, | IO Figure 1.3 The genealogy is
described by a series of coalescent

T, ~exp(1)

events. The waiting times between

T 711 - coalescent events are exponentially
distributed with intensities shown in the
T;~exp(3) figure. The intensities depend on the
o] A squared number of sequences and
I D P SR I | Ty~exp(6) therefore grow dramatically with an
]——| T5~exp(10) increasing number of sequences (see
1 2 3 4 5 also Fig. 1.4). The coalescing pair is

choosing randomly among all possible
Ty~ exp(k(k—1)/2) pairs of genes.
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where o” is the variance in offspring number (number of lineages subtending
an individual in the next generation). For the three models discussed here, we have for
large N N"") = N in the WF model (as already stated), N**) = N?/2 in the Moran model,
and N{")= N/(2p,) in the fission model. Note that if p, = 1/N, then the fission model is
similar to the Moran model, and if p, = 0.5, then the fission model is similar to the WF
model. Hence, in this sense, the fission model embraces both other models, though all of
the models differ at the detailed level.

One interpretation of the effective population size is that it is the corresponding size
of a similar WF model. For example, a Moran model with population size N corresponds
to a WF model with population size N*/2. (Sometimes, the effective population size is
defined differently for overlapping generation models; see Ewens, 2005 and below.) Also,
if a real physical population has effective population size N,, then it is similar, with respect
to time by generations, to a WF model also with size N,.

The fission model most closely resembles an idealized bacterial population where
individuals divide by fission. In each time step, a certain proportion of cells divide (<50%),
a proportion does not divide, and a proportion dies (<50%) in order for the population size
to remain constant (growing populations are treated below).

1.3.1 Algorithm 1

Based on the exposition above, an algorithm for simulating the genealogy of a sample of
n genes is:

1. Start with k = n genes.

2. Simulate an exponential variable with rate k(k — 1)/2.

3. Choose two genes randomly among the k genes to coalesce.

4. Put k equal to k — 1.

5. If k> 1, go to 1; otherwise, stop.

To calculate time in terms of generations, multiply all coalescent times by N,. This algo-
rithm was used for an initial n = 50 genes in order to generate Fig. 1.4.

e = B L

Figure 1.4 An example genealogy of 50 genes under the basic coalescent process. Thick lines track the
genealogy of a subsample of size 10. Two features are noteworthy: (i) Coalescent events occur rapidly with
many sequences; and (ii) the subsample shares most of the deep branches in the genealogy and the MRCA
with the entire sample.
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1.4 THE GENEALOGY OF A SAMPLE OF SIZE n

In this section, we draw some conclusions from the results of the previous section. The mean

and the variance of the (scaled) waiting time while there are k ancestors, k = 2, ..., n, are,
respectively,
2
T.)= (1.5)
(T) KD
4
Var(T,) = ———.. (1.6)
k*(k—1)

Thus, more time is spent on average when there are few ancestors than when there are many
ancestors (see also Fig. 1.3), and the variance in coalescence times is dominated by the
variance when there are few ancestors. The time W, until the MRCA is found is just the sum
of the waiting times T}; that is, W, = z::2 T, which has mean and variance given by

E(Wn)=2(1—l) (1.7)
n
4 4
Var(W,)=) ——— =1.16. (1.8)
=k (k-1)

The latter approximation holds for large sample sizes n. We note some immediate conse-
quences of Equations 1.7 and 1.8: (i) The mean depth of the genealogy of any sample is
bounded by 2; hence, an MRCA will always be reached, even for very large samples; (ii)
even in a large sample, about half of the time is spent while the sample has two ancestors,
since E(T,) = 1; (iii) the time while there are two ancestors is much more variable than
the remaining time, since Var(7,) = 1, but also Var(W,) = 1.16. Thus, unlinked genes
might by chance have very different times until their MRCA.

Another quantity of interest is the total size of the genealogy L,. It is given by
L,= ZZ:Z kT,, because each of the k ancestors contributes 7; to the total size (see
Fig. 1.3). It has mean and variance given by

E(L,l)=i%z2log(n) (1.9)
k=2 -

oy
Var(L,) = ~6.58. (1.10)
ar( n) kg;(k—l)z

The approximations hold for large sample sizes n. In contrast to the mean depth of the
genealogy, the mean of the total size grows without bounds for increasing sample size.
However, it grows very slowly, and adding a few more genes only adds a little to the total
branch length.

Figure 1.4 shows a sample of size 10 embedded in a larger sample of size 50. In a
typical genealogy, the deep branches are shared between the two samples, and adding
more genes mainly results in small twigs on the coalescent tree. Consequently, there is
high probability that the MRCA of the large sample is also the MRCA of the embedded
sample. With the sample sizes of Fig. 1.4, the probability that the embedded sample shares
the MRCA with the large sample is 85%. If the larger sample is the entire population (or
bacterial species), the probability of MRCA sharing is (n — 1)/(n + 1), where n is the size
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of the embedded sample (Hein et al., 2005). For n = 20, the probability is above 90%, and
for n = 100, the probability becomes 98%. Thus, the genealogy of a few genes shares
important features with the genealogy of the entire population.

1.5 FROM COALESCENT TIME TO REAL TIME

In the above exposition, time is measured in generations or in units of the effective popula-
tion size N,. However, it is often of interest to be able to infer the actual physical time in
a genealogy. This is possible from sequence data if the mutation rate per time step is
known (see below) or if there is an independent estimate of the effective population size.
As an example, in Escherichia coli, the effective population size may be as large as 50
million (Charlesworth and Eyre-Walker, 2006; Charlesworth, 2009), and if we assume
200 generations per year in the wild, the expected coalescence time for two randomly
picked bacteria (if clonal reproduction) would be N, = 50 million generations or 250,000
years. This might be contrasted to humans where the generally agreed numbers are an
effective diploid population size of 10,000 and a generation time of 20 years, implying an
expected coalescent time of 2N, = 20,000 generations or 400,000 years, which is surpris-
ingly close to the coalescent time in years in E. coli.

The corresponding WF model for the E. coli population has N = 50 million, whereas
the corresponding Moran model has N = \/m = 10,000. For the fission model, N depends
on the probability of leaving two descendants, p..

We note that the above calculations rest entirely on the mathematical formalism set
up in Section 1.3 and the desire to equate models with each other. The three models all
have different features and capture different aspects of a biological reality. Hence, it is
not reasonable per se to say that a certain number of time steps in the Moran model cor-
respond to a number of times steps in the WF model.

1.6 MUTATIONS

Under neutrality, mutations do not affect the number of offspring produced by an
individual, and we can impose mutations onto the genealogy after having generated the
genealogy, rather than doing it at the same time as generating the genealogy. Figure 1.5
shows the occurrence of three mutations placed at random on the branches under the WF
model of reproduction. Only two of these mutations make it to the present generation.
Here we assume that mutations happen at a constant rate of u per gene per time steps,

Figure 1.5 The basic coalescent with mutations (shown with stars) imposed. In this example, mutations
occurred in generations 1, 4, and 6. The first mutation was lost from the population after three generations,
while the third mutation is nested into the second mutation. Thus, there are three types of sequences at the
present time (bottom generation)—the original plus two mutated sequences. In the example, they have
population frequencies of 10%, 40%, and 50%, respectively.
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irrespective of the underlying model. This corresponds to mutations arriving according to
a Poisson process on individual lineages.

Since the three models are different, the rate ¥ might be interpreted differently in the
three models. In particular, in the Moran and fission models, genes mutate also outside
reproduction (see Sniegowski, 2004), where this is suggested as a reasonable scenario for
bacterial populations.

With the above definition, the length of the genealogy is directly proportional to the
expected number of mutations in a sample; in each time step, there is probability u that
the gene mutates; hence, the expected number of mutations is simply the total number of
time steps (branch length) times the probability of a mutation. Consequently,

n 1
E(Sn)=gE(Ln)=92mzelog(n), (1.11)
k=2

where S, denotes the number of mutations in the history of a sample of size n and 6 = 2N, u
is the scaled mutation rate. Thus, if the effective population size is doubled and the
mutation rate is halved, then 0 remains the same, and we are not able to estimate u and
N, separately from the sample. Equation 1.9 has the further consequence that adding
further sequences from other individuals to the sample is not expected to add many more
mutations to the data set because the logarithm is a slowly growing function. In contrast,
the expected number of mutations increases linearly with sequence length. If mutations
happen only during replication, then Equation 1.11 is true for the Moran model and the
fission model with 6 = Nu, that is, taking the effective size to be N/2 in both cases.

These considerations have consequences for parameter inference. For example, for
demographic inference, one should aim for longer sequences (potentially from different
areas of the genome) rather than for large samples size. Doubling the sample size from
100 to 200 will only increase the expected number of mutations by 13%, whereas doubling
the sequence length doubles the expected number of mutations.

A commonly reported estimator of the mutation rate is Watterson’s (1975)
estimator,

N ]

0y=5/Y —, (1.12)
im k=1

which directly utilizes Equation 1.11 by replacing the expected number of mutations with
the observed number. Another estimator, which also has found common support, is
Tajima’s (1989) estimator,

A 2
0, n(n—l),;n”’ (1.13)
where 7; denotes the number of nucleotide differences between sequences i and j in the
sample. This estimator exploits the fact that the number of mutations between a pair of
sequences is expected to be 6 (Eq. 1.11 with n = 2) and considers the average of differ-
ences among all possible pairs.

The estimators éT and éW put a different weight on the mutations in a genealogy.
Figure 1.6 shows an example genealogy of five sequences where four mutations have
occurred. Watterson’s estimator puts equal weight to these mutations, whereas Tajima’s
estimator puts a larger weight on mutations further up in the genealogy. For instance, in
the present example, a mutation carried by two sequences is counted in six comparisons,
whereas a mutation carried by only one sequence is counted in four comparisons. Thus,
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ACCTGCAT
[ ]
ACGTGCAT
[ ]
ACGTGCTT ®
TCCTGCAT
ACGTGCGA
ACGTGCTT ACGTGCTA ACCTGCAT TCCTGCAT TCCTGCAT
* * * * % * *
ACGTGCTT
ACGTGCTA Sn=4 => Ow=4/(1+1/2+1/3)=2.3
ACCTGCAT
TCCTGCAT 0T=(1+2+3+3+3+4+4+1+1+0)/10=2.2
TCCTGCAT

Figure 1.6 An example data set. The effect of mutations is shown in the DNA sequences; at each
mutation event (marked by a circle), a nucleotide changes. Sequences 4 and 5 are identical. Below the tree,
the calculations leading to Watterson’s and Tajima’s estimators of the mutation rate are shown. Note that in
this example, the two estimators are very similar, and we would not reject the basic coalescent model using
Tajima’s D. The asterisks indicate positions that have changed compared to the root sequence.

if a genealogy has longer inner branches than expected, Tajima’s estimator will exceed
Watterson’s. This fact can be exploited to devise a statistical test for whether sequence
data fit the basic coalescent. Tajima (1989) proposed the statistic

L eI (1.14)
5id (6, —6)’
now commonly known as Tajima’s D, which standardizes the difference of the two estima-
tors (std denotes the standard deviation). The distribution of D is not known explicitly but
can be evaluated by simulation. However, it is sufficiently close to a standard normal
distribution, and a rule of thumb is that a Tajima’s D value >2 or <2 can be considered
significant. This might be used to draw demographic inferences (see the next section).

1.7 DEMOGRAPHY

It is in fact very rare for a population of any species to be of constant size and to mate
randomly, as is assumed in the coalescent model. Bacterial populations, for example, have
the capacity to very rapidly change population size from a few cells to billions. They can
go through dramatic population bottlenecks due to, for example, drugs or during shifts
from one host to the next for pathogenic or commensal species. Some bacterial species
confined to specific hosts are mainly transmitted from mother to offspring, and they will
therefore display a type of population subdivision. Prominent examples of the latter



12 Chapter 1 The Coalescent of Bacterial Populations

N

Stable size Bottleneck Growing Subdivision Splitting
D=0 D<0 D<0 D>0 D>0

Figure 1.7 Four common demographic scenarios that create deviations from the basic reproduction model
with a stable population size. Bottleneck: The rate of coalescence increases dramatically at the time of the
bottleneck. Growing: The coalescent rate increases gradually back in time. Subdivision: Initial coalescent
events occur preferentially within subpopulations, whereas the last coalescent events need to wait for
migration between demes to occur. Splitting: Coalescence can only occur within populations until the time
where the two populations merge (viewed backward in time). Subdivision and splitting lead to decreasing
coalescent rates back in time, resulting in positive values of Tajima’s D. In contrast, growth and bottleneck
result in negative values of Tajima’s D.

include studies of human migration patterns inferred from the population structure of
bacterial species (Falush et al., 2003; Moodley et al., 2009). Even free-living bacterial
species are not necessarily very mobile, and one would expect that bacterial cells close to
each other are related by fewer cell divisions than bacterial cells far apart. This leads to
many different types of population subdivision that are not reflected in the basic coalescent
model (see Chapter 6 of this book). Figure 1.7 shows a cartoon of four different demo-
graphic population stratifications that deviate from the basic coalescent model.

Growing population: In a growing population, the rate of coalescence increases back
in time because the chance of finding a common ancestor is larger in a small popula-
tion than in a large one. Indeed, the coalescence rate is proportional to the population
size. Thus, if the population size has been growing exponentially, then the coales-
cent rate measured in the present population size will be exponentially increasing
back in time. This implies that the last coalescent events (those farthest away from
the present) occur relatively faster than the first coalescent events compared with
the basic coalescent. Consequently, the internal branches of the coalescent tree are
comparatively shorter, which in turn implies that Tajima’s D (Eq. (1.14) should be
negative. Large negative values of Tajima’s D have indeed been interpreted as
evidence for population growth in many studies (see, e.g., Venkatesan et al., 2007).

Population bottleneck: A population bottleneck viewed back in time is a fast and
dramatic decrease in population size. During the bottleneck, the coalescent rate is
therefore much higher than outside the bottleneck. Therefore, the effect on Tajima’s
D will often resemble that of population growth. If the bottleneck lasts for a very
short while, it is possible that not all ancestral lineages coalesce during the bottle-
neck. In that case, the coalescent genealogy would have a time interval where many
coalescent events occurred at almost the same time.

Population subdivision: When bacteria occupy separated habitats, for example, dis-
tinct hosts, they can have a stable pattern of subdivision with cell division occurring
within each subpopulation and occasional migration between subpopulations. This
situation is modeled by equilibrium models, among these the popular n-island
model. Population subdivision implies that lineages can only coalesce within



1.8 Recombination and Gene Conversion 13

demes, so lineages from different demes will need to migrate to the same subpopu-
lation before coalescence can occur. The number of migration events (viewed back
in time) is proportional to the number of lineages, whereas the coalescent rate is
proportional to the square of the number of lineages (Eq. 1.3). The consequence
is that for a sample of individuals, the first coalescent events will be relatively fast
because they occur between pairs of lineages in the same subpopulation. The last
coalescent events often need to wait for migration events to bring together lineages
in the same subpopulation, so if the migration rate is low, we expect that the last
coalescent events take a comparatively long time. This implies that the resulting
coalescent tree has longer internal branches than the basic coalescent tree and that
Tajima’s D is expected to be positive.

Population splitting (and merging): 1t is not possible in general to predict the effect
of nonequilibrium population subdivision on the coalescent tree; hence, more
subtle ways than Tajima’s D are required to detect this scenario. Much progress
has been made in predicting population splitting for human populations in the past
using single nucleotide polymorphism (SNP) data (Li et al., 2008).

1.8 RECOMBINATION AND GENE CONVERSION

Many bacterial species are very amenable to coalescent-based analysis because they
reproduce clonally. However, exchange of genetic material between cells of the same
species is also prevalent in many species. This can occur in different ways (see Chapter
4 of this book), but the main effect is the same, namely, that there will no longer be a
single coalescent tree describing the fate of the complete genome (or genomic region).
This complicates analysis, but it is also the basis for association mapping of a phenotype
of interest to a particular loci.

The effect of recombination is described in Fig. 1.8. Forwards in time, a genetic
element from one individual is exchanged with the homologous element in a recipient
individual. Backward in time, this has the consequence of splitting the genetic material of
one individual onto two ancestral individuals, and the genealogical histories of two posi-
tions sitting close to each other but on different sides of one of the black bars in Fig. 1.8
will differ. The backward process depends on the rate of recombination and on the length
of the exchanged segments (Hudson, 1983a, 1994; Wiuf, 2001; Hein et al., 2005).

Assuming an individual undergoes recombination with probability r, we find that the
number of time steps until a lineage has experienced recombination has a probability

distribution,
P(Tee>1)=(1-1). (1.15)
Assuming as in the previous sections that time is scaled in the effective population size,
then
N Nev
P(TRec>v):(1— Nerj =exp(-vp/2), (1.16)

where p = 2N,r is the scaled recombination rate (similar to the scaled mutation rate) and
Tree = Ty /N,. Thus, lineages wait for recombination and coalescence to occur, and the
ancestral sample is modified according to whatever happens first. The total rate of recom-
bination is np/2, while that of coalescence is n(n — 1)/2. This gives the following algorithm
for simulating a sample history (see also Fig. 1.9).



14 Chapter 1 The Coalescent of Bacterial Populations
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Forwards in time

Backward in time

Figure 1.8 Schematic
representations of bacterial
recombination forwards and backward
in time.

1.8.1 Algorithm 2

The algorithm is a modification of Algorithm 1. Do the following:

1. Start with k = n genes.
2. Simulate an exponential variable with rate kp/2 + k(k — 1)/2 (the sum of the rates
for coalescence and recombination).
kp/2 __p
k(k=1)/2+kp/2 k—1+p

3. With probability , perform a recombination event;

otherwise, with probability , perform a coalescent event

-1
k=1+p
a. If the result is a recombination event, choose a sequence at random and split it

into two. This can be accomplished in different ways; for example, one could



1.8 Recombination and Gene Conversion 15

Coalescent Recombination
| intensity | intensity

0 : P
'_ o |
S A— 6 2p
i T 10 Sp
O T —— 6 2p
— 1111 — 3 %p
——— —— 1 p

Figure 1.9 The coalescent process with recombination for a sample of two sequences. The intensities of
coalescence and recombination at each time point are shown to the right, assuming that each sequence has a
recombination rate of p/2. The third recombination event (counted from the present time) creates a sequence
that is not ancestral to the present-day sample (the dotted black sequences). The solid black lines represent
material ancestral to the present-day sample. Finally, the solid gray lines represent common ancestral material.
Figure adapted from Hein et al. (2005).

choose two points at random, or one could choose one point at random and the
other in a fixed distance from it.

b. If the result is a coalescent event, choose two sequences randomly among the
k genes to coalesce.

4. If the result is a recombination event, put k equal to k + 1; if a coalescent event,
put k equal to k — 1.

5. If k> 1, go to 1; otherwise, stop.

To get time in generations, multiply all times by N,. During bacterial conjugation, the
F factor is transferred, which can only happen once per replication cycle. In that case,
it is reasonable to scale the recombination rate by N/2 rather than by N, (i.e., similar to
the discussion of Eq. 1.11).

This algorithm is illustrated in Fig. 1.9. A sample size of two waits for recombination
and coalescence to occur. Here we only look at a small (linear) segment of the entire
(circular) genome. The first two events are both recombination events and spread the
ancestral material of the right sequence onto three ancestors. The third event is also a
recombination event, but it creates an “empty” sequence in the sense that the recom-
bination break point is in the part of the sequence that does not carry material ancestral
to the present-day sequence. Hence, this sequence might be ignored. After the three
recombination events, the first coalescent event happens, which brings together two pieces
of ancestral material (see Fig. 1.9). The next event is also a coalescent event and at this
event, some positions in the sample find an MRCA (shown in gray in the figure).

It is worth noticing that different positions might have different genealogies and
MRCAs. Also, positions far apart might share some history; in Fig. 1.9, the leftmost and
the rightmost positions share MRCA, but they do not share their entire genealogical
history. Also, and in contrast to recombination in linear genomes, each recombination
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Figure 1.10 The consequences of the recombination process for a bacterial genome. Since the genome is
circular, all recombination events resemble gene conversion events. Starting from the origin of replication
(origo) moving in the direction of the arrow, a sample of five genes is related through coalescent tree 1. A
recombination/gene conversion break point at the top results in a subtree transfer (indicated by an arrow) of
the tree carrying sequences 3 and 4 to a different branch leading to coalescent tree 2. At the next break point
(right break point of the gene conversion event), we return to tree 1. The next break point results in a subtree
transfer of sequence 5 to the branch leading to sequence 4. This also leads to a different time of the MRCA in
coalescent tree 3. At the final break point, we again return to coalescent tree 1.

event requires two break points (a beginning and an end of the segment being exchanged),
and hence the recombination in circular genomes resembles gene conversion in linear
genomes (Wiuf and Hein, 2000; Wiuf, 2001). Computationally, it is important to note that
the coalescent with recombination is much more difficult to handle because the number
of ancestral sequences might go up or go down, whereas the number of ancestral sequences
in the pure coalescent process always goes down by one at each event.

Figure 1.10 illustrates further some of the consequences of a circular genome. At the
origin of replication, the sample is related through a single coalescent tree. Moving away
from the origin, a recombination break point is encountered in a branch. The effect of the
recombination event is to move the subtree subtending the branch to a different location
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Figure 1.11 The left part of the figure shows the relationship between the physical and the genetic
distances. Here the entire circular genome has length 1; hence, the maximal distance between two positions is
0.5. The genetic distance here is scaled to 10 (corresponding to p/2 = 10). Break points are chosen in the
following way: (A) The first position is chosen randomly, the second at distance L = 0.15 away; (B) the first
position is chosen randomly, the second at distance L = 0.5 away; (C) both positions are chosen randomly.
The right figure shows the expected LD for each of the three models.

in the original tree. In Fig. 1.9, the sample size is only two and each recombination event
potentially moves the common ancestor up or down (the subtree is just a single lineage).
In Fig. 1.10, the subtree consisting of sequences 3 and 4 is moved to a different location,
thereby creating a new tree. Moving further away from the origin, another recombination
break point is encountered and we end up with the first tree again. This can likewise happen
in linear genomes but is less frequent since the recombination process does not have the
same similarity to gene conversion as in circular genomes.

For linear genomes, the linkage disequilibrium (LD) is expected to decay to zero over
long distances because the genetic distance is roughly proportional to the physical distance.
This is not the case for circular genomes. Figure 1.11 shows, for two different models,
the relationship between the genetic and the physical distance, and the expected LD (mea-
sured by the quantity ) in a large sample,

E(r2)~ 10+¢

= 17
22+13g+¢* 1n

where g is the genetic distance between two positions in the genome. It is noteworthy that
LD decays faster in a linear genome than in a circular genome.

1.9 SUMMARY

We have presented a basic powerful framework for modeling population variation data. In this
framework, it appears that many properties are shared by apparently different reproductive models
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and that the approximating coalescent process is a very robust approximation. Genetic processes,
such as mutation and recombination, as well as demographic effects can easily be incorporated into
the coalescent; the consequences of these additions/changes can be studied by simulation and can
be compared to real data. In this chapter, we have focused on describing a variety of different models
and processes and have ignored the statistical analysis of real data. For further background on sta-
tistical inference in population genetics, we refer to Balding et al. (2007).
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Linkage, Selection, and
the Clonal Complex

EDpwARD J. FEIL

INTRODUCTION—HISTORICAL OVERVIEW

There are two reasons one may wish to distinguish one bacterial strain from another. The
first is that assaying genetic variation within natural populations is a prerequisite to address-
ing key evolutionary questions such as the molecular processes underlying the emergence
of variation (mutation and recombination) or the processes (selection and drift) that
determine the subsequent fate of this variation. The second reason is that the assignment of
pathogenic bacteria to one of a number of “types” provides information of relevance to the
clinician on virulence or resistance properties, and facilitates epidemiological surveillance
(and, ideally, management) at both local and global scales (Turner and Feil, 2007).
Multilocus sequence typing (MLST) was born out of an appreciation that these two perspec-
tives are not independent and that the principals of population genetics should inform on
the generation and interpretation of epidemiological typing data (Maiden et al., 1998).

Much is made of the advantages of MLST as a nucleotide sequenced-based approach,
and rightly so for these advantages are obvious. The establishment of MLST databases on
the Internet provided the first opportunity for the meaningful and instantaneous compari-
sons of typing data from independent studies (Spratt and Maiden, 1999; Maiden, 2006).
There is also no doubt that the high information content of nucleotide sequence data pro-
vides the most illuminating evidence for detailed population and evolutionary analysis.
However, there is a second quality that distinguishes MLST from phenotypic methods
(serotyping, antibiotyping, or phage-resistance typing) or gel-based methods (pulsed field
gel electrophoresis [PFGE], amplified fragment length polymorphism [AFLP], and random
amplification of polymorphic DNA [RAPD]), that is, the simultaneous use of multiple,
known housekeeping loci. This basic concept was directly borrowed from the predecessor
to MLST, multilocus enzyme electrophoresis (MLEE), in which enzyme variation is
detected via differences in electrophoretic mobility (Selander et al., 1986). The organiza-
tion of MLST data into strings of allele identifiers, and the assignment of each allelic
combination as a distinct “sequence type” (ST), is a faithful facsimile of the MLEE
approach; “ST” evolved from “electrophoretic type” (“ET”).
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There was a sound logic behind the adoption of the principles of MLEE for sequence-
based typing. The use of multiple housekeeping loci acts as a buffer against the effects of
recombination or atypical selection pressures on single loci. Moreover, MLEE data had
provided the engine for many of the key advances in population genetics throughout the
1960s, 1970s, and 1980s. Although the potential of studying enzyme polymorphism in
bacteria was noted as early 1963 (Norris, 1963), the technique was much more rapidly
adopted as the standard method for eukaryotic populations following its initial use on
Drosophila pseudoobscura (Lewontin and Hubby, 1966) and on humans in 1966 (Harris,
1966). While these and subsequent MLEE studies on eukaryotic populations laid the
foundations for the formulation of the non-Darwinian concepts of drift and neutrality
(Kimura and Crow, 1964; Kimura, 1968a), the rich intraspecies variation revealed in
prokaryotic populations simply muddied the water for the microbial taxonomists of the
time. Besides an exceptional study by Milkman in 1973, which aimed to test predictions
of Kimura’s (1979) radical new neutral theory, it was not until the 1980s that MLEE was
used in earnest to shed light on bacterial population structure. A succession of large-scale
MLEE studies throughout this decade, spearheaded by Selander and colleagues, led to the
first major wave of population-level data for microbes, thus stoking the nascent field of
bacterial population genetics into life (Whittam et al., 1983; Ochman and Selander, 1984;
Caugant et al., 1987; Selander et al., 1987; Musser et al., 1988).

These pioneering large-scale MLEE studies defined a number of key debates, many
of which—in one form or another—rumble on in the present day. Many of the analytical
concepts and tools were also laid down during this period, or at least were modified for
prokaryotic populations. I will discuss how allele-based approaches have informed on
some of the key debates in bacterial population genetics, and the continued relevance of
these methods in the face of the ever-strengthening nucleotide “data storm” (Strous, 2007).
The chapter is divided into three overlapping themes: (i) recombination, linkage, and
substructure; (ii) neutrality versus selection; and (iii) clustering techniques.

2.2 RECOMBINATION, LINKAGE, AND SUBSTRUCTURE

The core debates concerning the impact of recombination, or horizontal gene transfer,
predate the genomic era and, in fact, can be traced back to the earliest studies on bacterial
evolution and population genetics. Indeed, the rapid dissemination of drug-resistant
microbes was the key motivation for early studies on bacterial evolution, and these quickly
led to an appreciation of the potential importance of horizontal gene transfer, in particular
via plasmids (Orskov and Orskov, 1973). I aim to provide the briefest of sketches of
recombination in this chapter (for an excellent recent review addressing the mechanisms
of recombination and its evolutionary significance, see Vos, 2009).

Many sophisticated tests are now available to detect recombination from nucleotide
sequence data (see the comprehensive discussion in Chapter 4 and the catalog at http://
www.bioinf.manchester.ac.uk/recombination/programs.shtml). Allele-based data also
provide a simple means to gauge the impact of recombination within a given population
sample, and this approach remains influential. The term “linkage” simply refers to the
probability that alleles at different loci are found together in the same genome. If there is
no linkage, and all alleles are randomly assorted, the presence of a given allele at a given
locus will not provide any predictive information concerning the presence of alleles at any
other loci. This case is described as linkage equilibrium, a term that is doubly confusing
as it refers to the absence of linkage, and there is no reason to suppose such a population
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Loci: A BCDEF A BCDEF .
Figure 2.1 The extremes of population
Strain 1 1 3112 4 1 21 2 2 4 structure as revealed by MLEE/MLST data.
Strain 2 1 3112 4 13116 2 In this ca.noon ex?mple., 10 strains .are
) characterized at six loci, and all unique alleles
Strain 3 131124 2 4226 3 are assigned an identifier. On the left-hand side,
Strain 4 13113 4 131 2 3 4 the 10 strains fall into three clusters, where
Strain 5 2123 1 1 412 3 3 3 variation is limited within clusters, but the
clusters are unrelated to each other. In this
Strain 6 2123 6 1 2 22 3 6 1 . .
case, only a small fraction of all possible
Strain 7 212311 1112 11 allelic combinations are observed, and the
Strain 8 2 1 231 1 312 4 1 4 population is said to be in a state of linkage
Strain 9 32122 2 3414 2 4 disequilibrium. On the right-hand sidej the
alleles are randomly assorted, and strains do
Strain10 3 4 1 2 2 2 | 4 41 2 3 1 not fall into clusters. This is an example of

Linkage disequilibrium Linkage equilibrium  jinkage equilibrium.

is resting at equilibrium. At the opposite extreme, the recovery of only a small fraction of
all possible allelic combinations within a population (but each of these at a high frequency)
is expected if alleles have been inherited together over time and the population is in a
state of linkage disequilibrium (Fig. 2.1).

A popular means to quantify the degree of linkage in a given MLEE/MLST data
set is to use Brown’s index of association (/) (Brown et al., 1980) This index compares
the variance in pairwise differences in the data, in terms of allele mismatches, compared
to that expected under a null hypothesis of linkage equilibrium, which would give a
value of around zero (Smith et al., 1993). However, there are some difficulties with
this index as originally used. While a higher I, broadly reflects stronger linkage (thus lower
rates of recombination), its value also depends on the number of loci in the input data. To
address this, and to facilitate comparisons between data sets, Haubold and Hudson (2000)
proposed a standardized index (I°,). Additionally, complications in determining whether
the computed I, represents a significant departure from linkage equilibrium led to a
revised empirical method for calculating significance. Resampling from randomized data
sets remains a commonly used, and perfectly valid, alternative. Tools to calculate I, are
available on both of the U.K.-based MLST websites (http://www.mlst.net/ and http://
pubmlst.org/).

MLEE data for most bacterial species point to high levels of linkage disequilibrium,
and such populations are commonly referred to as “clonal.” While the use of the word
clonal in this context broadly implies very modest rates of recombination, the term is also
used for highly uniform species, such as Bacillus anthracis, where all isolates appear
identical by MLEE/MLST. As recombination between identical sequences will not leave
any genetic footprint, so it is not possible to reliably gauge how much recombination
occurs within such populations, only that DNA does not appear to be imported from
elsewhere. “Clonal complex” is a related term, and this will be discussed at more length
elsewhere in the chapter. The clonality of bacterial populations has broadly been confirmed
by MLST data. As recombination might be expected to lower the degree of linkage
between genes, these data led Selander and others to conclude that recombination is likely
to occur at modest rates in most bacterial populations, a hypothesis promoted to the “clonal
paradigm.” The use of I, as described above supports this position by testing against a
null hypothesis of linkage equilibrium. Given that bacteria are asexual, and that rates of
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recombination approximately 20-fold higher than those of mutation are required to achieve
random assortment (Smith et al., 1993, Hudson, 1994), it is perhaps not surprising that
this index is typically “significant” and that reports of linkage equilibrium are rather rare.
Further, while the absence of linkage (I, ~ 0) is difficult to explain without invoking very
high levels of recombination, linkage disequilibrium may be introduced into populations,
or more precisely into multilocus data sets, even when recombination is profoundly
impacting on diversification and adaptation.

A perennial difficulty in bacterial population genetics lies first in defining a single
“population” then in drawing from it a strictly representative sample of isolates. The over-
representation of certain genotypes within a sample will introduce misleadingly high levels
of linkage. A well-cited example is that of occasional human pathogens, such as Neisseria
meningitidis, where isolates from cases of disease may be overrepresented and the bulk
of the population that is carried asymptomatically may be underrepresented. Alternatively,
a given sample may actually encompass two or more freely recombining populations that
are isolated from each other either geographically, ecologically, or temporally. The pooling
of multiple populations will necessarily introduce linkage disequilibrium if there is little
or no gene flow between them.

Interpretations of linkage should therefore be made within the context of as much
clinical, geographic, ecological, and temporal metadata as are available. While a simple
means to counter these confounders is to analyze a single example of each genotype, or
even one example of each cluster of genotypes, it is unclear how much the subsequent
reduction in I, is due to a loss of power in the data (Lenski, 1993). Furthermore, just as
genotypic clusters are best interpreted in the light of ecological and other information, so
the presence of such clusters may well inform on the ecology of the organism. One must
be careful not to overlook such possibilities in the pursuit of a single clean figure describ-
ing “recombination rate,” which will in any case almost certainly be an oversimplification.
The same caveat should also be applied to other summary statistics commonly computed
for allele-based data, most notably diversity (heterozygosity, H), measures of selection,
or F-statistics, which provide a measure of gene flow between populations and are reviewed
elsewhere (Weir and Hill, 2002).

2.2.1 Recent Applications

A simple means by which to gauge the continuing importance of allele-based linkage
analysis is by examining the citation record for key work by Maynard Smith et al. in 1993.
This paper has been cited about once a week during 2008/2009, and recent works continue
to illustrate both the utility and the potential pitfalls of drawing inferences on population
dynamics and diversification from estimates of allele linkage. Kaiser et al. (2009) recently
presented MLST data for 70 strains of the opportunistic pathogen Stenotrophomonas
maltophilia. They noted significant linkage disequilibrium within the data set as a whole
(as gauged by a resampling procedure), and argued that this observation was consistent
with other lines of evidence pointing to a basically clonal population structure. They went
on to compare isolates from clinical and environmental origins, and noted significant
disequilibrium for the clinical isolates but not for the environmental isolates. Although it
would be tempting to speculate from this that the environmental reservoir constitutes a
freely recombining pool, from which clinically relevant genotypes occasionally emerge
and expand, the authors took a cautious line by pointing out that the environmental sample
may be too small to detect significant linkage disequilibrium.
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Figure 2.2 The “epidemic” bacterial population structure. The background population is composed of a
large number of relatively rare and unrelated genotypes (small circles) that are recombining at a high
frequency. Superimposed upon this background are clusters of closely related genotypes (clonal complexes),
illustrated as cones. These emerge from a single, highly adaptive ancestral genotype (the large circles).The
diversification of these clones by recombination and mutation is indicated by the arrows (from Smith et al.,
2000). See color insert.

The authors also noted that the linkage disequilibrium was lost for the clinical strains
when only one example of each ST was used, an observation consistent with the rather
inappropriately named “epidemic” model of clonal expansion proposed by Maynard Smith
et al. Under this model, nature is implicated in playing a role in generating sampling bias
through the clonal expansion of specific lineages (Smith et al., 2000) (Fig. 2.2). In terms
of consequence, this process is indistinguishable from the human-induced sampling bias
leading to the overrepresentation of “interesting” genotypes as described above. Indeed,
in cases such as the clinical lineages of N. meningitidis, it is likely these genotypes possess
selective advantage both to flourish in nature and within our culture collections. Whether
selection or stochastic processes are important for natural expansion events is discussed
in the next section, although of course, there is no need for an either/or approach.

In addition to sampling artifacts and clonal expansion, the question of geographic
structuring in bacterial populations has received a great deal of attention in recent years
(Whitaker et al., 2003; Martiny et al., 2006; Ramette and Tiedje, 2007). As discussed
above, the pooling of multiple isolated populations into a single sample can be an impor-
tant source of linkage disequilibrium. MLST has been used to address this question for a
number of eubacterial and archaeal species, and sequence-based analyses are generally
presented in concert with those based on comparisons of allele frequencies between popu-
lations, gene flow (F-statistics), and linkage. These works encompass both pathogens and
environmental species occupying terrestrial and aquatic habitats, and range from intercon-
tinental comparisons (Vesaratchavest et al., 2006) down to comparisons between samples
taken from a single square meter (Vos and Velicer, 2008). In a nutshell, these studies
address the issue of whether what we call a single population in fact represents a meta-
population of isolated foci, either geographically, genetically, or both. If strong structure
is revealed by a combination of allele-based and phylogenetic analyses, then one is free
to speculate on the role of selection and drift on the emergence and maintenance of this
structure, as discussed below. If so inclined, one may go on to speculate as to what this
tells us about “species” (Doolittle, 2009; Fraser et al., 2009).

While it is perhaps not surprising that the field has yet to find a consensus, it is striking
that many of the best-designed studies point to a seemingly intangible and probably highly
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dynamic combination of processes for single taxa. Papke et al. (2007) aimed to examine
the relative roles of local adaptation and geographic distance on halophilic archaea. They
chose three sites, two of which were adjacent but differed in salinity; the third was distant
but similar in salinity to one of the first two. The question was simple: Which two sites
should be more similar—the pair in close proximity, implicating geography, or the distant
sites with similar salinity, implicating ecology? Unfairly, phylogenetic analysis weakly
supported the third possibility—of the five markers used, three clustered the two sites,
which were distinct both in terms of geography and salinity (although see Pagaling et al.,
2009 for a more recent study). However, the geographically close sites shared more identi-
cal alleles than either of the other two pairs of sites. Thus, while gene flow may be more
common between the geographically close sites, at least over the short term, the long-term
consequences of this in terms of adaptation and divergence are far from clear.

Studies on spatial structuring have also been carried out for pathogenic species and
may prove particularly pertinent for zoonotic diseases (see Chapter 12). Goethert et al.
(2009) have recently presented data on the tick-borne species Francisella tularensis, which
is the causative agent of type A tularaemia. The last nine years have witnessed a heightened
frequency of this disease on Martha’s Vineyard (MA, USA). These authors used variable
number of tandem repeat (VNTR) to characterize bacteria from two samples of questing
dog ticks from this small island from two distinct locations approximately 15km apart.
This technique is based on hypervariable repeat loci and is useful in cases where there is
limited sequence diversity. The use of multiple VNTR loci is known by the nested acronym
multiple loci VNTR analysis (MLVA, pronounced “mulva”). All commonly used allele-
based methods are applicable to MLVA data sets.

In the first site, the percentage of infected ticks had been consistently high in the
preceding 9 years (~5%), whereas the infection prevalence in ticks in the other site had
been steadily increasing from 0.4% in 2003 to 3.9% in 2006. Thus, while one site is
thought to be “stable,” the other is “emerging.” VNTR data for bacteria from the two sites
revealed that the stable site was essentially clonal (low-diversity, high-linkage disequilib-
rium), while the emerging site consisted of many unrelated genotypes. This study therefore
highlights how local populations, even when in close proximity, may vary not only in
terms of genotype/allele frequencies but also in terms of diversity and overall structure.
Such differences may reflect the clonal spread of a single genotype within a given locale,
which removes much of the local diversity, or alternatively the frequent import of diverse
genotypes into a locale from elsewhere.

Have such studies shed any light on the question of whether “everything is every-
where” for prokaryotes? As discussed above, the evidence will not only be mixed between
taxa but also between sites within single studies. Moreover, the results depend greatly on
the resolution of the typing methods used; it is unclear what exactly it is that we might
expect to find everywhere (Nesbo et al., 2006). Clonal expansion must affect all bacterial
populations at some level, as the recombination rate per cell must be many orders of
magnitude lower than one event per generation, and each event is likely to affect a tiny
proportion of the genome. It follows that, given sufficient discriminatory power and an
appropriate spatial scale, geographic structuring must occur in all populations. There
should therefore be no surprises when future population studies based on full genome
sequences reveal striking geographic structure within species previously considered to be
globally homogenized. The interesting part will not be the detection of geographic struc-
ture per se but the level of discrimination required for its detection, and the range over
which endemic domains extend (Ruimy et al., 2009). While the former could fall anywhere
between a single highly conserved 16S rRNA sequence, and a full genome sequence, it
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is clear that as the discriminatory power of routine typing methods increase, so will the
importance of spatial statistics.

2.3 NEUTRALITY VERSUS SELECTION

Perhaps the single most important realization to come from early MLEE studies on eukary-
otes was the finding of a much higher level of diversity within natural populations than had
previously been supposed (Kimura, 1968b). Many investigators considered it implausible
that selection could account for the maintenance of such high levels of diversity, so the
evolutionary significance of purely stochastic processes was reconsidered. Through a com-
parative analysis of the amino acid sequences of mammalian hemoglobin genes, Kimura
concluded that the rate of mutation is so high that most changes must have no adaptive
relevance (Kimura, 1968b, Gillespie, 1987). Kimura laid down the elegant mathematical
predictions for neutral evolution, whereby heterozygosity (diversity) is simply a function of
the neutral mutation rate W and the effective population size N,. A problem soon arose with
testing the theory, as the model assumed an equilibrium condition rarely met for eukaryotic
populations. In order to fit neutral expectations, a population was required to have main-
tained a very large population size for a very long time. It was this condition, along with
short generation times and a global distribution, that first led Milkman in 1973 to consider
Escherichia coli as a “no excuse” organism for testing Kimura’s theory. The utilization
of a haploid organism also ruled out the possibility of heterosis, which was popular with
selectionists at the time as it offered a selective basis for the maintenance of polymorphism.
E. coli subsequently became the model organism for bacterial population genetics.

Milkman’s study revealed that at least 90% of loci are variable in natural populations
of E. coli; the equivalent figure for eukaryotes being around 30%. Despite this diversity,
Milkman rejected the neutral theory on the grounds that the effective number of alleles
per locus fell way short of neutral predictions. The effective number of alleles equals
the reciprocal of the sum of the squared frequencies of all alleles, and was used to correct
for the excess of rare alleles in the population. Unfortunately, this pioneering study
did nothing to resolve the debate. Observed levels of polymorphism fell awkwardly for
both camps, too much to be explained by balancing selection and too little to be explained
by drift. Nevertheless, one thing was clear: unprovable selective scenarios could be
proposed to explain nearly anything, whereas neutrality was far easier to parameterize and
thus test. It is for this reason, rather than being more parsimonious, that neutrality has been
widely adopted as the “gigantic null hypothesis” in molecular evolution (Avise, 1994;
Hahn, 2008).

The effective population size is notoriously difficult to estimate from bacterial popula-
tions, and MLST data have underpinned a number of studies that have sought to reevaluate
neutral predictions by reestimating (lowering) N, (Feil, 2004; Fraser et al., 2009) For
pathogenic bacteria, which are able to colonize or infect a new host from a very few
pioneering cells, a simple approximation is to equate N, with the number of infected hosts.
Appreciating that this may still not account for the paucity of variation with respect
to neutral expectations, Fraser et al. (2005) went one stage further in proposing a
“microepidemic” model. By considering the effects of localized transmission chains, this
model reduces N, still further and appears to bring the observed level of diversity in line
with neutral expectations. However, although it was raised by the authors, one crucial test
was not convincingly performed. Regardless of how one estimates N,, any neutral model
will predict an increase in diversity with increasing population size. In practice, this means
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that diversity (heterozygosity, H) should increase when epidemiologically unlinked
samples are combined. A preliminary analysis on MLST data for asymptomatically carried
Staphylococcus aureus suggests that combining carefully sampled data sets from Europe,
Asia, and Africa has little effect on H (data not shown). If confirmed for other species,
such analyses should help to reinvigorate efforts to reexamine the effects of selection in
shaping bacterial population structures.

One widely cited mode of selection in bacteria is that of “periodic selection”(Levin,
1981). This is the process whereby an adaptive mutant emerges and rises sufficiently in
frequency to become an observable “clone” or clonal complex (if minor variants are
detected). Such lineages are thought to remain coherent in the face of mutation, and pos-
sibly recombination, by regular “selective sweeps,” whereby newly emerged variants of
high fitness outcompete their less fit clone mates, thus purging the lineage of diversity.
Such a model has intuitive appeal for explaining the existence of discrete genotypic clus-
ters in many bacterial populations, some of which can be attributed specific metabolic,
resistance, or virulence properties.

A large body of theoretical work spearheaded by Cohan examines how ecologically
adaptive clusters, ecotypes, might be maintained in nature in the face of frequent migra-
tion, recombination, and drift (Cohan, 2002; Gevers et al., 2005; Cohan and Perry, 2007;
Koeppel et al., 2008). For pathogenic bacteria, such as N. meningitidis, biotic factors such
as immune evasion and interstrain competition are likely to play a key role in the main-
tenance of discrete lineages (Buckee et al., 2008). In the case of S. aureus, there is also
evidence that gene flow between lineages may be limited by lineage-specific restriction/
modification systems, and resistance to different types of phage may play a major role in
shaping the selective landscape (Waldron and Lindsay, 2006). Although there are good
reasons to believe that many, if not most, clonal complexes in bacterial populations rep-
resent fitness peaks of one sort or another, this need not necessarily be case. There are
certain conditions—most notably allopatry—by which clusters can form and diverge by
entirely neutral processes (Fraser et al., 2007).

Periodic selection will certainly result in a dramatic reduction in the effective popula-
tion size and in fact has been used to reconcile low levels of variation within neutral
expectations (Levin, 1981; Fraser et al., 2009). While it may seem slightly odd to evoke
selection to support a neutral position, the point is that the variation assayed, within the
various MLEE electromorphs or MLST alleles, is likely to be neutral; the adaptive muta-
tion is somewhere else on the genome. Periodic selection thus greatly raises the power of
very occasional strong adaptive changes in shaping population structure, and in purging
neutral diversity, via the hitchhiking effect. Although this means there is no need to sur-
render the position that almost all variation is effectively neutral, the hugely disproportion-
ate impact of rare adaptive changes should also be of comfort to the selectionist. As it was
originally conceived for sexual populations, this represents a departure from Kimura’s
neutral theory, and perhaps could be distinguished from it as the “essentially neutral but
a little selection goes a long way” theory.

There remain two theoretical caveats. First, the efficiency of periodic selection in
purging neutral diversity is reliant upon tight linkage between adaptive and neutral loci,
which implies that rates of recombination should be modest (Levin, 1981). However, there
is a good deal of evidence that recombination rates are high for many natural populations,
particularly between closely related strains (Feil, 2004). Second, neutrally diversifying
ecotypes that are reliant on periodic selection for genetic cohesiveness should have a finite
shelf life. If all diversity generated within an adaptive lineage was strictly neutral, there
should be no loss of fitness between sweeps. If so, one might imagine that the time between
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Figure 2.3 (a) The maintenance of ecotypes by repeated periodic selection. If all accumulated diversity
within an ecotype is assumed to be strictly neutral, and the niche is assumed to be strictly stable, then there
should be no loss of fitness between periodic selection events. This means that each periodic selection event
would reflect a fitness gain over the previous event. As each subsequent periodic selection event becomes
“harder” (as the ecotype ascends the fitness peak), so the time between selection events should increase

(i.e., t; > t;), and the fitness gain at each event should decrease (i.e., AF; > AF};). (b) The consolidation of
fitness within an ecotype through purging of slightly deleterious changes and partial selective sweeps. In this
case, fitness decreases over time as mutations confer an overall fitness cost. The selective purging of these
mutations will partially constrain divergence. The emergence of adaptive mutations may help to counter the
fitness cost, but this assumes high rates of recombination, as complete selective sweeps (as in Fig. 2.3a)
would lead to the fixation of deleterious changes and an overall loss of fitness over time. Adaptive mutations
will be more likely if the niche is liable to change. See color insert.

selective sweeps should increase incrementally, and the increase in fitness at each succes-
sive sweep should decrease (Fig. 2.3a). Assuming they are only permitted to occupy a
single, stable niche, it follows that there will eventually come a point where they have
reached the summit of the fitness peak.

It is worth recalling that the neutral predictions of diversity rest on two parameters,
the effective population size and the neutral mutation rate. Difficulties estimating the
former are well documented as discussed above, but the neutral mutation rate may also
require reevaluation. It has recently been shown that a high proportion of recent mutations
(such as those apparent within clonal lineages) are not neutral at all but are slightly
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deleterious. This is evident by the observation that a higher proportion of nonsynonymous
changes (which are likely to be slightly deleterious) are observed between sequences at
the very initial stages of divergence (Rocha et al., 2006; Balbi and Feil, 2007; Balbi et al.,
2009). Although the neutrality of synonymous changes is a widely held approximation, is
this really valid? Codon bias may impose fitness costs on maladapative synonymous
changes (i.e., those to unpreferred codons) (Hershberg and Petrov, 2008), and synonymous
GC->AT changes, which are enriched over the short term by mutation bias, have also been
shown to be preferentially purged by selection over time in E. coli (Balbi et al., 2009).
Wilson recently estimated that approximately 60% of nascent molecular variation is
purged by purifying selection in Campylobacter jejuni (Wilson et al., 2009).

Purifying selection of deleterious mutations offers a simple means by which the
accumulation of standing variation within clonal complexes could be partially constrained.
Furthermore, a gradual loss of fitness due to the stochastic fixation of deleterious mutations
within a clonal complex means it is easier to imagine repeated adaptive mutations arising,
as these would be necessary just to retain fitness rather than to increase it continually (Fig.
2.3b). The high rate of recombination observed in many populations is also consistent with
such a model. While recombination may mean that selective sweeps only partially purge
diversity (as the adaptive change is not tightly linked to all other genes on the genome),
this would be beneficial as it would prevent the fixation of some of the deleterious changes
hitchhiking with the adaptive change (Rocha et al., 2006). It should also be noted that
uncertainties concerning the effective population size have a knock-on effect for estimates
of the effective neutral mutation rate. As the strength of purifying selection is far greater
in large populations than in small ones, these two parameters should be inversely propor-
tional (Ohta, 1973). In many respects, the processes described above fit those classically
reserved for “species,” and it may be illuminating to compare intra- versus inter “popula-
tion” patterns of diversity on the basis of clonal complex.

The effect of purifying selection on deleterious changes is distinct from positive selec-
tion on adaptive change in that it is not incompatible with the neutral theory. A problem
may have arisen due to a rather casual acceptance that all synonymous changes are neutral
and that deleterious changes are likely to have been removed prior to sampling. There is
surprisingly little basis for this assumption, and much of the synonymous variation
observed between closely related strains may well be destined for selective removal over
time. Advocates of MLST, myself included, have repeatedly claimed that the variation
within MLST alleles is likely to be neutral, a claim occasionally tempered by the scarcely
adequate disclaimer “or nearly so.” While this may do to justify the phylogenetic and
typing utility of MLST data, it is less obvious that slightly deleterious changes can be
safely ignored for detailed simulations of population dynamics, in which I include the
coalescent (Chapter 1). The emergence and subsequent purification of slightly deleterious
changes will result in an apparently higher rate of mutation toward the tips of the tree,
thus mimicking the effect of recent population growth.

Finally, it is worth considering the likely stability of the niche occupied by a single
ecotype. For environmental taxa, abiotic factors such as pH, temperature, and nutrient
availability are most often assumed relevant, and one might imagine these to be relatively
stable. In contrast, for pathogenic bacteria, biotic factors, such as immune pressure, are
most often cited (Fraser et al., 2009). However, there is little biological basis for this
distinction. Biotic factors, in the form of interstrain/species competition, predation, phage
infection, and transient associations with eukaryotes, are likely to form key dynamic
components of the selective landscape in the environment (Vos et al., 2009). Thus, it may
be that the primary role of selective sweeps in nature, even when partial, is in preventing
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catastrophic loss of fitness due to the accumulation of deleterious mutations and a dynamic
selective landscape.

2.4 CLUSTERING TECHNIQUES

In the 10 years since the publication of the original MLST paper by Maiden et al. (1998),
the use of allele-based data for clustering isolates has remained one of the most contentious
and, for many, anachronistic issues. Dissenting voices argue that the proportion of allelic
mismatches between isolates, the distance measure upon which clustering techniques are
based, provides only a fraction of the information contained within the sequences them-
selves. Treating alleles simply as either the same or different ignores the fact that some may
be different by a single base, whereas others may be different by 20% of sites. Phylogenetic
analyses will of course capture this information easily, so why throw it all away?

A single recombination event may introduce one, or many, changes into a sequence.
This means that the amount of sequence divergence between strains is not necessarily
tightly coupled to the number of events each strain has encountered since sharing a
common ancestor, and that the number of events, rather than the overall sequence diver-
gence, is a more reliable estimator of relatedness. A recombination event that changes 20
sites within an MLST allele may radically affect its position on a tree, particularly if the
imported allele is present in unrelated strains in the data set. By considering only alleles
as the same or different, clustering procedures will score this as a single event, regardless
of how many bases are affected.

An important caveat of this logic is that it only really makes sense when considering
very closely related strains differing at one, or maybe two, of seven MLST loci. In such
cases, the high level of allelic identity is unlikely to be due to convergence, even in freely
recombining populations, and thus reflects identity by descent. In contrast, stochastic
effects mean there is little (or no) basis for assuming that two strains differing at, say, five
loci are any more closely related than two strains differing at six loci. Such strains may
well have experienced multiple events at single loci. Further, the effect of convergence
by recombination between more distantly related isolates may be profound, particularly
in cases where a small number of alleles at a given locus are very common, and a large
number of alleles are very rare (the typical situation for most multilocus data sets, and one
consistent with the emergence of a high proportion of slightly deleterious mutations). It
is also important to consider that the “lumpiness” (presence of clonal complexes) in bacte-
rial populations means that the relationship between divergence time and the number of
allelic mismatches is completely nonlinear. Whereas isolates differing at zero, one, or two
MLST alleles may belong to the same clonal cluster, hence are very closely related, more
distant comparisons are likely to be between clonal complexes, corresponding to a signifi-
cant jump in divergence time (Feil, 2004). Finally, the majority of pairwise comparisons
within multilocus data sets are likely to be different at all seven alleles, meaning that there
is no information by which such isolates may be clustered.

Traditional clustering methods such as unweighted pair group method with arithmetic
mean (UPGMA) (Sneath, 1973), as well as the currently popular minimum spanning tree
as implemented in Bionumerics™, should therefore be interpreted with caution. Whereas
these methods may be used to identify clonal complexes—indeed UPGMA was the stan-
dard clustering tool used for MLEE data sets—they also attempt to depict relationships
between them. For modestly recombining populations, or perhaps even for nonrecombining
populations, the links between clonal complexes as assigned by clustering procedures are
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likely to be completely arbitrary. For example, Didelot et al. (2009) recently demonstrated
that robust relationships between clonal complexes of N. meningitidis could not be recon-
structed, even using state-of-the-art Bayesian approaches designed to account for recombi-
nation events, and sequence data incorporating 20 loci (Chapter 3). Given this, it seems
foolhardy indeed to imagine that simple clustering tools will be able to do any better.

2.4.1 eBURST as a Simple Exploratory Tool

As the early MLST data sets grew, so two things became apparent: (i) The data confirmed
the basic population structure evident from MLEE data that clonal complexes were present
in many populations, and (ii) UPGMA was not ideal for exploring these data because it
attempted to link the clusters together. The based upon related sequence types (BURST)
algorithm was an attempt to address these issues simply by only focusing on relationships
within clonal complexes and by ignoring those between them. This approach immediately
presented a second advantage, that by presenting the data as a forest of discrete trees, it
became possible to represent very large data sets in a single figure. eBURST (http://eburst.
mist.net/), the JAVA implementation of BURST, remains the only clustering procedure
capable of representing thousands of genotypes within a single figure (Feil et al., 2004)
(Fig. 2.4).

A full description of the BURST algorithm is given in the eBURST instructions
(http://eburst.mlst.net/), but briefly, the approach is as follows. The first step is to divide
the data into mutually exclusive groups approximating to clonal complexes. These groups
are defined on the basis that each member of a group must share at least a theshold number
of alleles in common with at least one other member of the group. The default setting for
eBURST is the most conservative definition; every member of the group must be exhibit
no more than a single allelic mismatch from at least one other member. Once the groups
are assigned, the algorithm examines the degree to which the variation within the groups
corresponds to a simple model of radial diversification from a clonal founder. Founders

Figure 2.4 eBURST representation of the MLST data set for N. meningitidis. Each circle represents an ST.
The frequency of the ST is indicated by the size of the circle. STs that only differ by one locus are linked (see
text). Clonal founders are shown in blue; subfounders are shown in yellow. The pattern shows large clonal
complexes against a background of diversity, as predicted by the “epidemic model” (e.g., Figure 2.2, as seen
from the top). See color insert.
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are assigned on the basis that they define the largest number of single-locus variants
(SLVs) when examined against all other genotypes in the group. These SLVs are then
linked to the founder. The largest subgroup is then defined in the same way, and SLVs
are again preferentially linked to this subgroup founder. The process continues until all
strains in the group are linked.

The BURST algorithm provides a single acyclic solution by preferentially assigning
founders as “centers of gravity” according to the number of SLVs they define. It should,
however, be borne in mind that there will be a large number of alternative ways by which
STs within a single complex could be linked, and for this reason, eBURST was designed
to be exploratory. As Prim’s algorithm does not distinguish between different optimal
solutions, which may be extremely numerous, the Bionumerics implementation of the
minimum spanning tree borrows the BURST rules for closely related strains. Hence, the
two approaches give identical results for intracomplex patterns. The interested reader is
invited to explore their data using the minimum spanning tree tool at http://pubmlst.org/
without invoking BURST rules.

eBURST provides the utility to display all possible SLV (and double-locus variant
[DLV]) links within a group, and this illustrates the myriad of ways in which the STs
could potentially be linked. As an example, consider two strains that have diverged from
a founder at a single locus. These will both be SLVs of the founder, but if by chance the
same locus was affected in both cases, they will also be SLVs of each other, and so could
potentially be linked. Similarly, it is also common that an ST is an SLV of more than one
founder within a group.

The assignment of one overall clonal founder is often a close call, and may be due to
one founder defining one or two SLVs more than another founder. eBURST thus provides
the option to manually change the group founder. It also provides bootstrap scores,
estimated by resampling, in order to gauge the confidence of a founder assignment, along
with other lines of evidence such as the frequency of the assigned founders (these are more
likely to be, and often are, the most frequent genotypes in the group) and the average dis-
tance from all other members of the group. Other lines of evidence, including clinical,
phenotypic, epidemiological, and genetic, should also be used to interpret eEBURST outputs.

2.4.2 BURST Aid

A basic eBURST diagram provides only three types of information: whether two strains
are linked or not, the frequency of a given ST (illustrated by the diameter of the circle),
and the assignment of group (blue) or subgroup (yellow) founders. Comparative eBURST
can be used to compare two data sets. The lengths and angles of the links mean nothing;
neither does the relative positioning of the groups or singletons. “Population snapshots,”
which show all the groups within the data set (e.g., Fig. 2.4), are generated by setting the
group definition to zero alleles in common. eBURST is designed to deal with very large
data sets, and it is much more informative to analyze one’s own data set within the context
of the entire MLST database, if available. Small samples on their own may not give a very
representative picture of the overall clonal structure of the species, often producing a series
of unconnected dots with the occasional doublet. An alternative implementation of the
BURST approach, goeBURST (http://goeburst.phyloviz.net/), has recently been devel-
oped, which incorporates double-locus links that may be meaningful under some circum-
stances (Francisco et al., 2009). This paper is also recommended for an excellent discussion
of the underlying network theory.
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Staphylococcus aureus Burkholderia pseudomallei

Figure 2.5 Interpreting eBURST diagrams with respect to recombination rate. The S. aureus figure
illustrates discrete clonal lineages, diversifying in a radial fashion from well-supported clonal founders. The
output from Burkholderia pseudomallei illustrates that many STs have merged into a single “straggly” group,
with less clear evidence of radial diversification and poorly supported founders. This difference is likely due
to much higher rates of recombination in the latter species. See color insert.

As discussed above, eBURST can be used to examine how closely real data corre-
sponds to a simple model of radial diversification from a small number of clonal founders.
For populations with low rates of recombination, such as S. aureus, the population snap-
shot corresponds closely to such a model. Founders and SLVs can be defined with a high
level of confidence in this species, and these are often supported by other lines of genetic
and phenotypic evidence (e.g., antibtiotic resistance). Other species, such as Burkholderia
pseudomallei, do not produce clean radial groups but instead produce large “straggly”
groups containing many STs, but large numbers of these are not clearly descended from
well-supported founders or subfounders. This pattern is likely to be the result of high rates
of recombination, which can result in the merging of discrete lineages and the loss of
radial structure (Fig. 2.5).

Turner et al. (2007) tested the effect of recombination on eBURST groups by simula-
tion. They noted that the accuracy of links inferred by eBURST was good for low (>90%)
or moderate (>85%) rates of recombination, a range that encompasses the majority of
MLST data sets. However, the accuracy of eBURST was found to drop off rapidly when
rates of recombination were very high (~60%). They also suggested that the percentage
of STs in the largest group can be used as a reasonable proxy for recombination rates and
that, as a rule of thumb, if >25% of the STs in a given representative data set belong to a
single large straggly group, then the reliability of the eBURST links is low. However, this
does not mean that e BURST has not told you something useful; on the contrary, it has
pointed to the possibility of high rates of recombination, which can then be explored using
other methods. The species with perhaps the highest rate of recombination, Helicobacter
pylori, does not produce a single straggly group but a series of unconnected dots. This
reflects the fact that nearly every strain is a unique, and unrelated, ST, and that levels of
allelic diversity are extremely high.

eBURST can also be used to estimate the relative contributions of recombination (r)
and mutation (m) to clonal divergence by comparing variant alleles within SLVs with the
equivalent alleles in the assigned founders. This approach, which was inspired by a paper
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by Guttman and Dykhuizen (1994) on closely related E. coli sequences and is described
in full elsewhere (Feil et al., 1999, 2000), has been used to confirm high rates of recom-
bination in N. meningitidis and in Streptococcus pneumoniae, and much lower rates in S.
aureus. The r/m ratio estimated by this approach for N. meningitidis (~4.5: 1.0) is consistent
with a recent analysis based on 20 gene loci using ClonalFrame (Didelot et al., 2009).
Finally, it should be noted that clustering procedures are only ever as good as the input
data. MLST data are based on a small proportion of the genome; thus, inferences drawn
from them using eBURST, or any other method, may not be reflective of the whole genome.
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Chapter 3

3.1

Sequence-Based Analysis of
Bacterial Population Structures

XAVIER DIDELOT

INTRODUCTION

The aim of this chapter is to introduce the sequence-based methods of analysis of
bacterial population structures used in subsequent chapters. By “sequence” is usually
meant a fragment of the chain of bases adenine (A), guanine (G), cytosine (C), and thymine
(T) that make up DNA. The methods we describe can, however, be equally applied to
other types of biological sequences such as the chains of amino acids that make up
proteins.

The modern methodology for sequencing DNA was first introduced by Sanger et al.
(1977), and its efficiency was later greatly improved by the discovery of the polymerase
chain reaction (PCR) by Saiki et al. (1985, 1988). Sequencing has since become
increasingly cheap and easy to perform. The first bacterial genomes to be sequenced
were those of Haemophilus influenzae (Fleischmann et al., 1995) followed by Escherichia
coli (Blattner et al., 1997). At the time of writing, more than 700 complete bacterial
genomes have been published in the Genomes OnLine Database (GOLD; Liolios
et al., 2006). Several species have multiple genomes (e.g., there are at least 15 genomes
for both Salmonella enterica and E. coli), which opens up the possibility to investigate
bacterial population structures based on whole genomes. The recent development of
high-throughput sequencing methods such as 454 sequencing (Margulies et al., 2005)
or Solexa sequencing (Bennett et al., 2005) is making DNA sequencing even cheaper,
so that there may soon be hundreds of genomes available for bacterial species of
interest.

Genomic sequences clearly contain a lot of information about bacterial population
structures. Extracting this information typically involves the identification of homologous
nucleotides (i.e., nucleotides from the different sequences that are derived from the same
ancestor) and then the study of the patterns of diversity they exhibit. The first step in this
process is called “alignment” and is the subject of our next section, whereas the analysis
of alignments is treated in subsequent sections.

Bacterial Population Genetics in Infectious Disease, Edited by D. Ashley Robinson, Daniel Falush,
and Edward J. Feil
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3.2 ALIGNMENTS
3.2.1 The Need for Alignments

Here we consider three basic processes altering a DNA sequence over time: substitution,
insertion, and deletion. When a substitution occurs, a given nucleotide is replaced by
another one. When an insertion happens, a number of nucleotides are inserted in a given
location. When a deletion takes place, a number of adjacent nucleotides are removed from
the sequence. For example, the following DNA sequence is a fragment from the abcZ gene
in Neisseria meningitidis:

Sequence 1:

1 2
12345678901234567890
TTTGATACTGTTGCCGAAGG

If a substitution A — C occurred at site 5, followed by an insertion of ACT at site
10 and a deletion of two nucleotides at site 15 (which is all very unlikely since abcZ is a
housekeeping gene!), we would obtain the following sequence:

Sequence 2:

1 2
123456789012345678901
TTTGCTACTACTGTCCGAAGG

Note that since insertions and deletions are of arbitrary lengths, sequence 2 is not
necessarily of the same length as sequence 1. Yet, since sequence 2 was derived from
sequence 1 through the action of substitution, insertion, and deletion, they are called
homologous sequences.

We now consider that a bacteria carrying the first sequence gave birth (by binary
fission) to two daughter cells 1 and 2, each carrying the first sequence, but that cell 2
later endures the substitution, insertion, and deletion described above so that it now carries
sequence 2. Cells 1 and 2 are then sequenced and are found to carry sequences 1 and 2,
respectively. It is impossible to reconstruct from these sequences the exact list of events
(substitutions, insertions, and deletions) that happened to the cells. For example, the fact
that cell 1 carries an A at site 5 and cell 2 carries a C is due to the substitution A — C
that happened to cell 2, but could just as well be explained by a substitution C — A hap-
pening to cell 1. Similarly, the insertion in cell 2 has the same effect as a deletion in cell
1 and vice versa. This problem is made more difficult by the possibility of overlapping
events, such as a substitution that disappears in a deletion, or an insertion in one sequence
and a deletion in the other at the same site, which may look like a single event. It becomes
even harder when considering more than two sequences. For these reasons, reconstituting
the list of events that gave rise to a set of observed homologous sequences is never
attempted. Instead, we limit ourselves to building an alignment of the sequences, which
means finding the groups of nucleotides from the different sequences that are homologous
(i.e., derived from the same nucleotide in their most recent common ancestor).

In our example, sites 1-9 in sequence 1 are homologous to sites 1-9 in sequence 2. Sites
10-12 in sequence 2 are not homologous to any site in sequence 1. Sites 10 and 11 in
sequence 1 are homologous to sites 13 and 14 in sequence 2. Sites 12 and 13 in sequence 1
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are not homologous to any site in sequence 2. Sites 14-20 in sequence 1 are homologous to
sites 15-21 in sequence 2. An alignment of sequences is traditionally represented by insert-
ing gaps in the sequences for the sites where it has no homologue to the other sequences.
In our example, the alignment of sequences 1 and 2 would therefore be represented as

First alignment of sequences 1 and 2:

1 2
123456789---01234567890 Position in Sequence 1
TTTGATACT---GTTGCCGAAGG
TTTGCTACTACTGT--CCGAAGG
12345678901234--5678901 Position in Sequence 2

1 2

In the example above, we have used our knowledge of the events that happened to cells
1 and 2 to find out which nucleotides were homologous and therefore build the alignment
of sequences 1 and 2 that we know to be correct. The alignment above uses one gap of
size 3, one gap of size 2, and one substitution (at site 5). If we did not know the events
that happened to cells 1 and 2, and that we only knew sequences 1 and 2, there would be
other possibilities of alignments, for example,

Second alignment of sequences 1 and 2:

1 2
123456789-01234567890 Position in Sequence 1
TTTGATACT-GTTGCCGAAGG
TTTGCTACTACTGTCCGAAGG
123456789012345678901 Position in Sequence 2
1 2

The alignment above uses one gap of size 1 and four substitutions (at sites 5, 10, 12, and
13). Given that several alignments are compatible with a set of sequences, how can we
decide which one is correct? To do so, we give each possible alignment a score. Elaborate
scoring functions are required for amino acid chains, the two most popular ones being the
blocks substitution matrix (BLOSOM) score (Henikoff and Henikoff, 1992) and the point
accepted mutation (PAM) score (Dayhoff et al., 1978). For DNA sequences, simple
scoring functions are often used, which involve the number of matches, mismatches, gaps,
and their lengths. For example, the default score of ClustalW (Thompson et al., 1994) is
equal to the number of matches, minus a penalty for each gap equal to 10 plus 0.1 times
its length after the first site. Using this scoring function, we find a score of 17 — (10 + 2
x 0.1) = (10 + 1 x 0.1) = =3.3 for the first alignment and a score of 16 — 10 = 6 for the
second one. Since the second alignment has a higher score, we conclude that it is more
likely to be correct than the first one.

With this formulation, the problem of aligning a set of homologous sequences requires
us to explore the set of all possible alignments in search for the one with the highest score.
We will first describe how this is done for pairwise alignments (i.e., alignments of two
sequences) and then how it can be extended to multiple alignments (i.e., alignments of
more than two sequences).

3.2.2 Pairwise Alignment

Constructing alignments for pairs of sequences may not seem a very important application
since we often want to align more than two sequences, but the methodology we describe
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here to build a pairwise alignment underpins all multiple aligners. So let us consider a set
of two homologous sequences. The number of possible alignments is very large for
sequences of a realistic size, and it is therefore not feasible to enumerate them all. Instead,
there exists a powerful dynamic programming procedure to quickly find the optimal align-
ment: the Needleman—Wunsch algorithm (Needleman and Wunsch, 1970). The details of
this algorithm are fairly complex, but since it represents the foundation for any alignment
work, we will describe broadly how it works.

The idea is to recursively build the matrix F(i, j) of the score of the best alignment
between the first sequence up to the ith nucleotide against the second sequence up to the
Jjth nucleotide. If i is the length of the first sequence and j is the length of the second
sequence, then clearly, F(i, j) is equal to the score of the best alignment of the two whole
sequences. Here we assume for simplicity that the score is equal to the number of match-
ing nucleotides minus the sum of the lengths of the gaps, although any scoring function
can be used.

We start by noticing that an empty alignment has a score of 0, so that F(0, 0) = 0.
We put this value at the top left of the matrix F. We then fill in the first row F(0, j) with
the scores corresponding to a gap of size j (this is equal to —j with our scoring function)
because the only way that sequence 1 up to site O aligns against sequence 2 up to site j is
if we use a gap of size j. We also fill in the first column F(i, 0) with the scores correspond-
ing to a gap of size i (here —i) for the same reasons.

For the rest of the entries of the matrix F, we notice that there are three configurations
for sequence 1 up to i to align against sequence 2 up to j:

1. Sequence 1 up to i is aligned against sequence 2 up to j — 1, and the jth nucleotide
in sequence 2 aligns against a gap in sequence 1. The score of this configuration
is therefore F(i,j — 1) — 1.

2. Sequence 1 up to i — 1 is aligned against sequence 2 up to j, and the ith nucleotide
in sequence 1 aligns against a gap in sequence 2. The score of this configuration
is therefore F(i — 1, j) — 1.

3. Sequence 1 up to i — 1 is aligned against sequence 2 up to j — 1, and the ith nucleo-
tide in sequence 1 aligns against the jth nucleotide in sequence 2. The score of this
configuration is therefore F(i — 1, j — 1) if sites i and j mismatch, or F(i — 1,
j— 1) + 1 if they match.

Since F(i, j) is the score of the best alignment up to (i, j), we take F(i, j) equal to the
maximum of the score of these three configurations. This allows filling in the matrix row
after row, from left to right. As we fill in each cell of the matrix, we use an arrow to
indicate which of the three possibilities above gave the best score. We eventually reach
the bottom-right cell, which corresponds to the best score of the alignment of sequences
1 and 2 in their entirety.

An example of the algorithm being run on the sequences “CTGTTGCCG” and
“CTACTGTCCG” (these are the same as sequences 1 and 2 from the previous example
except that the first seven and last four nucleotides of each sequence have been removed
for simplicity) is shown in Fig. 3.1.

The best score for an alignment of these two sequences is equal to 6. By tracing back
the arrow from the bottom-right corner to the top-left corner, we reconstitute the alignment
that gives this score:

CTGTTG-CCG
CTACTGTCCG
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C T A C T G T C C G

0 «-1 -2 -3 -4 -5 «—-6 «-T -8 -9 —-10
Ccl-1 N1 —0 «—-1 «—-2 «—-3 «—-4 «—-5 «—-6 - «— -8
T(-2 710 N2 <1 «0 «—-1 «—-2 «—-3 «—-4 «—-5 -
G|-3 T-1 T1 N2 «1 «0 N0 «—-1 «-2 «—-3 «—-4
T4 1-2 10 T1 N2 N2 «1 N1 «0 «—-1 -2
T(-5 71-3 T-1 T0 T1 N3 «—2 N2 1 — 0 — -1
G|-6 1-4 T-2 T-1 T0 T2 N4 «—3 «—2 <1 N1
cCl-7 75 71-3 71-2 N0 T1 T3 N4 N4 <3 — 2
c|8 16 14 71-3 71-1 T0 T2 T3 NHhONUD — 4
G|-9 1-7 15 14 1-2 7-1 T1 T2 T4 NE) 6

Figure 3.1 Alignment of “CTGTTGCCG” and “CTACTGTCCG” using the
Needleman—Wunsch algorithm.

It is easy to check that the score of this alignment is indeed 6 (since we have seven
matches and one gap). The Needleman—Wunsch algorithm above finds the best scoring
global alignment, meaning an alignment of the two sequences in their entirety. A similar
dynamic procedure exists, called the Smith—Waterman algorithm (Smith and Waterman,
1981), to find the best local alignment, meaning the best scoring alignment for subse-
quences of the two sequences.

If we assume that the two sequences are approximately of the same length n, then the
algorithm requires filling in a matrix with n’ entries. The computational cost and the
memory requirement of this algorithm therefore scale as n’. For this reason, the algorithm
is unsuitable to align very long sequences such as whole bacterial genomes. We will return
to this problem in Section 3.2.4.

3.2.3 Multiple Alignment

We now consider the problem of aligning a set of N > 2 sequences. The first approach is
to extend the dynamic procedure of the previous section, with the matrix F becoming N-
dimensional. Unfortunately, the time taken by the resulting algorithm scales as n" (Carrillo
and Lipman, 1988), which is too slow for application to a reasonable number of sequences.
Instead, we need to use a heuristic, which is a method that does not explore the complete
space of all possible alignments but that is meant to focus on the high-scoring ones. For
this reason, these methods are not guaranteed to give the optimal alignment unlike in the
previous section. The most popular heuristic is to build the alignment “progressively”
using a guide tree. This method was first conceived by Feng and Doolittle (1987) and
follows a three-step procedure:

1. Every pair of sequences is aligned in a pairwise fashion and is given a score of
homology. These values are stored into a matrix of pairwise homology.

2. A guide tree is built from the matrix of pairwise homology.

3. The sequences are aggregated into a multiple alignment following the branching
order of the guide tree.

Many multiple aligners exist based on this principle, depending on how steps 2 and 3
are performed, the most popular one being ClustalW (Higgins and Sharp, 1988; Higgins
etal., 1992; Thompson et al., 1994). In ClustalW, the guide tree is built using the neighbor-
joining method of Saitou and Nei (1987) (cf. Section 3.3.3 for a description of the
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neighbor-joining algorithm). We then explore the guide tree from the leaves up to the root.
When two sequences find a common ancestor in the guide tree, we create a new pairwise
alignment using the dynamic procedure from the previous section. When a sequence finds
a common ancestor in the guide tree with a group of sequences (for which there is already
an alignment), a consensus sequence (also called “profile”) is built for the preexisting
alignment and is aligned with the new sequence using the dynamic procedure. A new
alignment that contains the added sequence can thus be deduced. Finally, when two groups
of sequences find a common ancestor in the guide tree, a consensus sequence is built for
each group; they are aligned using the dynamic procedure, and a new alignment is
deduced, which contains the sequences from both groups.

A limitation of the progressive method is that mistakes in the alignment introduced
as we explore the guide tree cannot be corrected later. For example, in an alignment of
three sequences, two sequences are first aligned, then a profile is created for this alignment
and the third sequence is aligned against the profile. However, it is possible that the third
sequence gives important clues as to how the first two sequences should be aligned, and
yet the progressive method does not allow for the alignment of the first two sequences to
be changed when aligning them against the third. For this reason, a new iterative meth-
odology has been recently introduced, which starts with a progressive alignment, and
modifications are repeatedly applied to it, accepted only if the overall score is improved.
Examples of iterative aligners include PRRP (Gotoh, 1996) and MUSCLE (Edgar, 2004).

3.2.4 Genomic Alignment

The progressive and iterative approaches described above are well suited for the alignment
of even large numbers (e.g., hundreds) of short sequences. However, application to long
sequences of more than 10Kbp would be extremely expensive in terms of time and
memory and therefore not feasible (Ureta-Vidal et al., 2003). The alignment of long
sequences can, however, be achieved by first identifying short subsequences (e.g., 10bp)
identical in all sequences and then by using these as anchors when building the alignment,
so that only the regions between two anchors need to be aligned. Examples of programs
implementing this idea to produce multiple alignments include MAVID (Bray and Pachter,
2004) and Multi-LAGAN (Brudno et al., 2003).

However, the alignment of long sequences in bacteria is made harder by the effect of
genomic rearrangements, which shuffle the location of homologous fragments around the
genome. All the algorithms and programs we have described so far are unable to deal with
rearrangements since they assume that the sequences to be aligned are colinear. One
program that does not make that assumption is MAUVE (Darling et al., 2004, 2007;
Darling, 2006). For this reason, MAUVE is suitable for the alignment of large genomic
regions in bacteria, up to whole genomes.

In order to allow the genomes to be noncolinear, the anchors need to be allowed to
occur in a different order in each sequence. This greatly increases the possibilities for
anchor choice, especially since bacterial genomes often contain many repeated elements.
For this reason, MAUVE uses for anchors the exactly matching subsequences shared by
at least two sequences and that occur only once in those sequences. A neighbor-joining
guide tree is then built using the number and size of anchors shared by any two sequences
as a measure of their relatedness. The anchors are then grouped into colinear groups
according to their level of agreement. The anchors that are not found to belong to a
significant group are discarded. Each resulting group of anchors therefore corresponds to
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[524900  |1049800 |1574700 [2099600 [2624500 [3149400 |3674300 |4199200 |4724100
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Figure 3.2 MAUVE alignment of the Typhi (top) and Paratyphi A (bottom) genomes, shown in the
Artemis Comparison Tool (Rutherford et al., 2000; Carver et al., 2005).

aregion present in at least two of the sequences and that occurs colinearly in each sequence
where it is present. Finally, a multiple alignment is built for each such region using either
ClustalW (Thompson et al., 1994) or MUSCLE (Edgar, 2004).

Figure 3.2 illustrates the 44 colinear regions found by MAUVE when aligning the
genomes of Salmonella enterica Typhi and Paratyphi A (Parkhill et al., 2001; McClelland
et al., 2004; Didelot et al., 2007). MAUVE can be used to align tens of whole genomes
of bacteria. The fact that it identifies regions occurring colinearly in two or more of the
sequences is useful to study the action of genomic rearrangements (Darling et al., 2008).
The regions found to be present in several genomes from the same species constitute the
core genome of that species, and the regions present in one but not all genomes represent
the dispensable genome (Medini et al., 2005). MAUVE also enables the study of the
genomic flux that occurred during the evolution of a group of genomes by analysis of the
regions found in subsets of the genomes (Didelot et al., 2009).

3.3 PHYLOGENETIC METHODS
3.3.1 Introduction

Having shown in the previous section how alignments can be built, we now turn to the
problem of analyzing bacterial population structures given an alignment of sequences. By
far the most commonly used object to describe population structure is phylogeny. If one
can reconstruct the correct phylogeny for a given sample, the evolutionary relationships
between its members become apparent.
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| 1d | Isolate I Year | Country I Serogroup | ST |

61 393 1968 | Greece A 1

120 | F4698 | 1987 | Saudi A 5

299 | 80049 1963 | China A 5

314 D1 1989 Mali C 11

420 | NG F26 | 1988 | Norway B 14

421 | NG H15 | 1988 | Norway B 43

422 | NG H41 | 1988 | Norway B 27

423 | NG H38 | 1988 | Norway B 36

424 | NG E31 | 1988 | Norway B 15

425 | NG G40 | 1988 | Norway B 25

426 | NG E28 | 1988 | Norway B 26

427 | NG E30 | 1988 | Norway B 44

428 | NG H36 | 1988 | Norway B 47

442 297-0 1987 Chile B 49

655 E32 1988 | Norway / 31

656 E26 1988 | Norway X 39 Figure 3.3 Isolates in the example
659 A22 1986 | Norway W-135 22 data set.

We illustrate all the methods described below using the multi-locus sequence typing
(MLST) data from the 17 carrier isolates of N. meningitidis sequenced by Maiden et al.
(1998). Figure 3.3 gives some details about these 17 isolates. We consider the seven loci
of the standard MLST scheme for N. meningitidis, which are abcZ, adk, areE, fumC, gdh,
pdhC, and pgm. Except for two isolates of sequence type (ST)-5, each isolate has a unique
ST. This tiny data set is unlikely to contain much information about the population struc-
ture of carrier N. meningitidis, but its smallness is useful to clearly illustrate and contrast
the different methods of analysis. This data set is available online from http://pubmlst.org/
neisseria/. All trees were drawn using FigTree (Rambaut, 2008) unless otherwise stated.

3.3.2 Unweighted Pair Group Method
Using Arithmetic Averages (UPGMA)

The UPGMA (Fitch and Margoliash, 1967) is the simplest method of construction of a
phylogenetic tree. The UPGMA algorithm first requires building a distance matrix that
contains the genetic distance between every pair of individuals. The simplest measure of
distance between two isolates is the proportion of sites at which they differ. This, however,
has the inconvenience not to converge to infinity for completely unrelated sequences, and
so is often corrected using a logarithmic scale following the work of Jukes and Cantor
(1969). This assumes that all substitutions are equally likely, and more complex distance
measures can be used to relax this assumption (e.g., Kimura, 1980; Felsenstein, 1981;
Hasegawa et al., 1985).

The UPGMA algorithm starts with each isolate in a cluster of its own. The two clusters
with the smallest distance are then found and grouped into a single cluster. The distance
of this new cluster to the others is the average of the distance of their members. The process
is then repeated until all members are clustered together. The order of the clustering defines
the topology of a tree, and every time two clusters are grouped into one, their distance
defines the age of their common ancestor.
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61

— 442
659

428

427

0.0030

Figure 3.4 UPGMA tree for the example data set, built using PHYLIP (Felsenstein, 1989) with Jukes—
Cantor distances (Jukes and Cantor, 1969).

(@ (b)

Figure 3.5 Tllustration of the limitations of UPGMA when the molecular clock assumption does not hold:
(a) real phylogeny with branch lengths proportional to the number of substitutions introduced and (b)
UPGMA reconstruction based on data from (a).

A number of variants of the UPGMA algorithm exist, such as single linkage, where
the distance between two clusters is the minimum (rather than the average) of the distances
of their members, or complete linkage, where it is the maximum. Figure 3.4 shows the
UPGMA tree corresponding to our example data set. Almost every phylogenetic software
includes the UPGMA method, including PHYLIP (Felsenstein, 1989), PAUP (Swofford,
2002), START (Jolley et al., 2001), and MEGA (Tamura et al., 2007).

The UPGMA algorithm has the advantage to be simple and fast, even for large
numbers of isolates, which is the reason why it is still very popular in spite of its limita-
tions compared to the more elaborate algorithms described below. An important assump-
tion behind the UPGMA algorithm is that differences between sequences are accumulated
according to a molecular clock. If the molecular clock exists and large amounts of
sequence data are available (so that the pairwise distances are very precisely measured),
then UPGMA is guaranteed to reconstruct the correct tree.

However, the UPGMA procedure offers little robustness against deviations from
the molecular clock assumption. To illustrate this problem, consider the tree shown in
Fig. 3.5a where the lengths of the branches are proportional to the number of substitutions
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introduced in the sequence. The smallest distance between two sequences is found for 2
and 3, and the UPGMA will therefore cluster these two sequences together first, and then
sequences 4 and 1 as shown in Fig. 3.5b. Thus, not only is the UPGMA algorithm unable
to reconstruct the lengths of branches correctly, but the long branches also confuse the
topology reconstruction so that the reconstructed clustering order is wrong.

3.3.3 Neighbor Joining

The neighbor-joining method (Saitou and Nei, 1987) is another hugely popular method of
phylogeny reconstruction. Like the UPGMA algorithm, it uses a matrix of pairwise dis-
tances between the sequences. Sequences are iteratively clustered together as in the
UPGMA algorithm until all sequences are grouped. The main difference is that in order
to find which clusters to group, a modification of the distance matrix is used, which cor-
rects for the possibility of having different rates of evolution on the different branches of
the tree. The details of this modification are not important here. Furthermore, when a new
cluster is formed, it is not assigned an age as in the UPGMA algorithm, but a distance to
the two clusters it is made of and the clusters that are yet to group. For this reason, the
trees produced by the neighbor-joining method are unrooted, unlike those produced by
UPGMA.

Figure 3.6 shows the neighbor-joining algorithm applied to our example data set.
Comparison with the UPGMA reconstruction of Fig. 3.4 reveals some similarities in the
clustering order (e.g., concerning the sequences 61, 442, 659, and 656) but also some
differences (e.g., the sequences 120/399 are most closely related to 420 in the UPGMA
reconstruction and to 425/426 in the neighbor-joining tree).

Because it does not assume a molecular clock, the neighbor-joining algorithm is
usually regarded as superior to UPGMA. It is almost as quick to apply and is widely
available in many phylogenetic software (cf. list for UPGMA). However, UPGMA can be
preferable if one wants to enforce a molecular clock in order to reconstruct a rooted ultra-
metric tree (i.e., where all distances from root to leaves are the same).

425

Figure 3.6 Neighbor-joining tree for the
example data set, built using PHYLIP (Felsenstein,
1989) with Jukes—Cantor distances (Jukes and
Cantor, 1969).
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The neighbor-joining method is based on an assumption of additivity, whereby if two
successive branches have lengths A and B, then the distance from the beginning of the
first branch to the end of the second one is A + B. This assumption is correct, for example,
under the infinite site model of Kimura (1969). If additivity holds and sufficient data are
used (so that the pairwise distances are precisely known), then the neighbor-joining tech-
nique is guaranteed to reconstruct the right phylogeny. However, if two mutations occur
on different branches and on the same site, then the additivity assumption is violated. In
bacteria, the effect of recombination is likely to seriously compromise the additivity rule.
More generally, distance-based methods such as UPGMA or neighbor joining are limited
by the fact that they use a distance matrix to summarize the sequence data, thus potentially
discarding a significant part of the information contained about the evolutionary history
of the sample.

3.3.4 Parsimony

Parsimony (Camin and Sokal, 1965) is another method of phylogeny reconstruction that,
unlike UPGMA and neighbor joining, is not based on pairwise distance summaries but
uses the sequence data directly. The idea is to find the unrooted tree topology, which
minimizes the cost, defined as the number of substitutions required to explain how the
data arose. Calculating the cost of a tree would be easy if the ancestral genotypes of the
internal nodes were known: it would simply be the sum over all branches of the number
of sites that differ on each side of the branch. To calculate the cost of a tree when the
genotypes of the internal nodes is unknown requires considering all possibilities for these
ancestral genotypes. Luckily, there exists a dynamic procedure that allows doing this
quickly (Fitch, 1971), the details of which are not important here.

All that remains to be done is therefore to explore the space of possible trees.
Unfortunately, the number of trees becomes very large with the number of sequences
(Felsenstein, 1978a), so that it is impossible to consider all trees for much more than 10
sequences. The first solution is to use a method known as branch and bound (Hendy and
Penny, 1982), which cuts down the number of trees to consider while guaranteeing that it
finds the best tree. This method is, however, too slow to be used for much more than 25
sequences. Larger data sets require the use of heuristics that are not certain to find the best
tree. One such method consists in adding the sequences one by one to the tree at the place
where it minimizes the cost (Felsenstein, 1981). Another possibility is to propose small
modifications to an existing tree and accepting them only if they reduce the cost.

Maximum parsimony techniques are implemented in many phylogenetic software,
including PHYLIP (Felsenstein, 1989), PAUP (Swofford, 2002), and MEGA (Tamura
et al., 2007). Figure 3.7 shows the result of applying maximum parsimony to the example
data set. The tree agrees with neighbor joining rather than with UPGMA concerning the
phylogenic relationships of 120, 299, 425, 426, and 420. However, it disagrees with both
distance-based methods in that it finds a more recent common ancestor of 61 with 656
than with 442/659.

The idea behind maximum parsimony is simple and appealing. Its increased compu-
tational cost compared to distance-based methods has long been an issue, but heuristic
approaches to finding the best tree have greatly improved its usability, so that it can now
be applied to thousands of sequences. Yet, the method has met criticism, most famously
from Felsenstein (1978b), because it is unable to reconstruct the correct tree when different
branches evolved at different rates. The problem known as “long branch attraction” arises,
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for example, if four sequences are related as shown in Fig. 3.5a with very long branches
leading to 1 and 4 and short branches everywhere else. In that case, 2 and 3 will be identi-
cal for many sites, whereas 1 and 4 will often by substituted, and when they both are at
the same site, there is a chance that they will become equal to one another but different
from 2 and 3, thus pointing toward a wrong tree where they would have a more recent
common ancestor than with 2 and 3.

Maximum parsimony, like distance-based methods, but in contrast with other methods
described below, is not based on an explicit model of sequence evolution (Sanderson and
Kim, 2000). This is perceived as an advantage by supporters of the parsimony method
since it means that no simplistic assumption is made. However, it also means that its usage
is limited purely to tree reconstruction, and that it is of no use for statistical hypothesis
testing.

3.3.5 Maximum Likelihood

The maximum likelihood method of phylogeny reconstruction was first introduced by
Edwards and Cavalli-Sforza (1964) but only became applicable in practice thanks to the
theoretical work of Felsenstein (1981). The idea is to find the unrooted tree, which maxi-
mizes the probability of the data under some evolutionary model. The model commonly
assumed is that substitutions are introduced at a constant rate along the branches of the
tree. The simplest model is that all substitutions are equally likely to occur (Jukes and
Cantor, 1969), although more sophisticated models can easily be used too (as discussed
in Section 3.3.2).

As for the parsimony cost, calculating the probability of the data if the genotypes of
the ancestral nodes were known would be easy, but doing it without this knowledge
requires considering all possibilities of the ancestral genotypes. This can be done effi-
ciently using the pruning algorithm described by Felsenstein (1981). The main difficulty
is therefore to find the tree that maximizes the likelihood. This is done using similar heu-
ristics as for maximum parsimony, with the added difficulty that the likelihood (unlike the
parsimony cost) is a function of branch lengths. Although the use of heuristics is only
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Figure 3.8 Maximum-
likelihood tree for the example
data set, built using PHYLIP
(Felsenstein, 1989).

approximate, Kuhner and Felsenstein (1994) showed using simulated data that the true
phylogeny is very often reconstructed.

The maximum likelihood method is implemented in PHYLIP (Felsenstein, 1989) and
in PAML (Yang, 2007). Figure 3.8 shows the maximum likelihood phylogeny reconstruc-
tion for our example data set. The tree structure is exactly the same as that of the parsimony
reconstruction shown in Fig. 3.7.

The maximum likelihood method has many similarities with the maximum parsimony
approach, at least when a simple substitution model is assumed (Tuffley and Steel, 1997).
It is the only method we described that really uses all the information contained in the
data set (maximum parsimony does not use the nonpolymorphic sites). The maximum
likelihood approach is guaranteed to reconstruct the best tree if the model assumed is
correct and if large amounts of data are being used. In practice, the model is never abso-
lutely correct, which can result in mistakes in the estimated branching structure and branch
lengths. Maximum likelihood is the most computationally expensive of the four methods
we described so far, although efficient implementations that can handle large data sets
exist.

3.4 MEASURES OF UNCERTAINTY

The previous section described four methods to reconstruct a single phylogeny given an
aligned sequence data set. However, they do not offer the possibility to directly assess the
reliability of the reconstruction. The first approach to this issue is to use a bootstrapping
procedure, whereas recent years have seen the development of Bayesian approaches to
phylogeny, which offer more reliable measures of confidence.

3.4.1 Bootstrapping

Bootstrapping (Felsenstein, 1985) is a method that can be applied to any of the methods
of reconstruction described in the previous section in order to assess how well supported
the reconstruction is. The idea is to generate a fake data set, of the same size as the real
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Figure 3.9 Bootstrapped UPGMA tree for the example data set, built using MEGA (Tamura et al., 2007)
with Jukes—Cantor distances (Jukes and Cantor, 1969).

one, and where each site corresponds to a randomly chosen site of the real one. Thus,
some sites of the real data set may be found more than once in the new data set, and others
not at all. The fake data set is then analyzed using the same method as the real one. The
procedure is repeated a large number of times (at least 1000 times). For each cluster in
the tree made from the real data set, the percentage of times that this cluster appears in
the trees made from fake data sets is counted. This value is called the bootstrap support
of a cluster.

Figure 3.9 shows the UPGMA reconstruction of Fig. 3.4 for our example data set, but
with the bootstrap support of each cluster indicated. Whereas some clusters are very
strongly supported (e.g., the cluster made of 421, 427, and 428, which was found in all
fake data sets), many others are only weakly supported, with values of the bootstrap
support going as low as 33%. Typically, clusters with support below 50% are considered
untrustworthy and are often removed from the tree representation.

The bootstrapping method has the advantage to be reasonably quick to apply, at least
for distance-based methods such as UPGMA or neighbor joining. One common mistake,
however, is to consider that the bootstrap support of a cluster is equal to the probability
that this cluster is correct given the data (Soltis and Soltis, 2003). This interpretation is
wrong as only a Bayesian method can reveal this probability.

3.4.2 Bayesian Inference

The Bayesian approach to phylogeny reconstruction was first outlined by Yang and
Rannala (1997) and by Mau and Newton (1997) and has proved very popular since. The
Bayesian approach is similar to the maximum likelihood approach (cf. Section 3.3.5) in
that it is based on a probabilistic model of how the tree and the data are interrelated, but
it presents two very important differences with the maximum likelihood approach.

First, the suitability of a tree is not evaluated on the basis of its likelihood (i.e., the
probability of the data given the tree, as in the maximum likelihood approach) but based
on its posterior probability (i.e., the probability of the tree given the data). Evaluating this
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Figure 3.10 Consensus tree based on the output of BEAST (Drummond and Rambaut, 2007) for the
example data set.

probability involves the likelihood, but also the prior probability of a tree. This prior
probability is given by a model that describes our expectation of what trees look like,
before observing the data. One very popular prior model is the coalescent model
(Kingman, 1982).

Second, the Bayesian approach returns a sample of trees from the posterior rather than
a single optimal tree as in the maximum likelihood approach. Consequently, the probabil-
ity of any feature of interest (e.g., whether a subsample of the isolates has a most recent
common ancestor than with the rest of the sample) can be evaluated on the basis of the
proportion of the trees that support it. Such sampling from the posterior distribution typi-
cally involves the use of a Markov chain Monte Carlo (MCMC; Hastings, 1970).

The fact that the Bayesian approach returns a sample of trees is very useful to evaluate
the probability of any specific clustering, but it does pose the problem of how to present
such results. One commonly used method is to draw a consensus tree (Adams, 1972), for
example, a tree that contains only the clusters found in at least 50% of the sampled trees
(otherwise known as a 50% majority-rule consensus tree).

Bayesian phylogeny reconstruction is available in MrBayes (Huelsenbeck and
Ronquist, 2001) and BEAST (Drummond and Rambaut, 2007). In order to apply BEAST
to our example data set, a coalescent prior with constant population size was assumed, as
well as a Jukes—Cantor model of nucleotide substitution, and the program was run for 10
million iterations, leaving all other settings as default. The first half of the iterations was
discarded to allow for the MCMC to converge to the posterior distribution, and a consensus
tree was built based on the trees sampled in the second half. Two runs were compared
and showed good convergence using Tracer (Rambaut and Drummond, 2007). Each run
took approximately 10 min. Figure 3.10 shows a consensus tree based on our results. The
tree structure is the same as that of parsimony and maximum likelihood, except that iso-
lates 423 and 424 have been inverted in relationship with the rest of the sample.

One difficulty with Bayesian approaches to phylogeny reconstruction is that they are
highly demanding computationally, which makes them impractical for very large data sets.
Yet, they are the only way to obtain a complete measure of uncertainty, which makes them
highly desirable. Inference is always only as good as the model assumed, and if this model
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Figure 3.11 Neighbor-joining trees for each of the seven genes in the example data set. Each tree was built using PHYLIP (Felsenstein, 1989) with
Jukes—Cantor distances (Jukes and Cantor, 1969).
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is violated, the reconstruction can be wrong, including the confidence ascertainment.
Extensions of the Bayesian methods have therefore been developed in order to deal with
complex evolutionary scenarios such as changes in demography (Drummond et al., 2002),
relaxed molecular clock (Drummond et al., 2006), or even recombination (cf. Section
3.5.3).

3.5 BEYOND THE TREE MODEL
3.5.1 Introduction

The methods described in the previous section can be used to assess the support in a
phylogeny reconstruction. They still assume that there exists a unique tree that gave rise
to the data, but they attempt to quantify the uncertainty that there is when inferring this
tree from given genetic sequences. Such a tree might, however, not exist at all. For
example, let us consider three isolates, A, B, and C, such that A and B are more closely
related to each other than to C. If we now consider that A has recently imported a gene
from C through recombination, then it means that for this gene, A and C are more closely
related to each other than to B. In other words, recombination can cause different parts of
the genomes to have different phylogenies.

We can illustrate this on our data set by estimating a different tree for each of the
seven housekeeping genes. Figure 3.11 shows the result using the neighbor-joining method
(cf. Section 3.3.3). The seven trees have very little in common, apart from the fact that
120 and 299 are always clustered together and that 421, 427, and 428 often cluster together
(except for genes abcZ and fumC). These are the only two clusters found by building a
consensus tree from the seven trees. We can therefore conclude that recombination has
played a very important role on our data set, which is consistent with the fact that N.
meningitidis is highly recombinogenic (Feil et al., 1996, 1999; Jolley et al., 2000, 2005).
More clonal species (e.g., Staphylococcus aureus; Feil et al., 2003) show a much better
agreement between gene trees.

Because all the methods described so far assumed that evolution followed a tree, they
can be mistaken when applied on data that have been affected by recombination. Therefore,
even if the Bayesian reconstruction of Fig. 3.10 was given a very strong support, it may
not have much evolutionary relevance. Building a tree for each of the seven genes as we
did in Fig. 3.11 is useful to illustrate the effect of recombination, but it does not take into
account the possibility that each gene may not have evolved according to a single tree
(i.e., recombination may have affected only parts of a gene) and cannot be applied to data
sets where there is no unit of sequencing (e.g., whole genome data).

3.5.2 Split Networks

The concept of a split network is a natural extension of phylogenetic trees: if the data
support not just one but several trees, then it makes sense to attempt building a network
that contains all those trees. There exist many different methods to build split networks,
reviewed by Huson and Bryant (2006). The most famous one is called the split decomposi-
tion (Bandelt and Dress, 1992) and is implemented in the program SplitsTree (Huson,
1998). Here we use an improvement called neighbor net (Bryant and Moulton, 2004) and
which is implemented in SplitsTree4 (Huson and Bryant, 2006).

53
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Figure 3.12 Neighbor-net graph (Bryant and Moulton, 2004) for the example data set, drawn using
SplitTree4 (Huson and Bryant, 2006).

Figure 3.12 shows the result of applying the neighbor-net algorithm to our example
data set. The network contains many cycles that are indicators of conflicting signals of
phylogeny, and therefore of a potential effect of recombination. Isolates 120 and 299 are
on the same branch because they share the same ST. A few clear clusters exist, such
as 425 and 426, or 421, 427, and 428. These correspond to the clusters that we often
find in the gene trees shown in Fig. 3.11. The deep phylogeny is, however, completely
unresolved.

Split networks are useful to represent large data sets suspected to have been affected
by recombination. Like distance-based methods, their main advantage is their speed. The
neighbor-net method in particular is very fast and can be applied to data sets containing
hundreds of isolates in a few minutes. Split networks are, however, unable to distinguish
whether recombination really took place or whether the data are simply unclear about
which tree is correct. When tree-based methods give strong support to a single tree (as we
saw in the Bayesian analysis of our example data set; cf. Section 3.4.2), then we can
strongly suspect recombination to be the cause of the cycles observed in a split network.
In that case, the exact position of the cycles in the network may even give indication as
to which recombination events happened. However, split networks only ever give indica-
tions as to what may have happened and are mostly useful as a guide for further analysis
(Huson and Bryant, 2006).
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Figure 3.13 Consensus tree based on the output of ClonalFrame (Didelot and Falush, 2007) for the
example data set.

3.5.3 ClonalFrame

ClonalFrame (Didelot and Falush, 2007) follows the Bayesian approach to reconstructing
phylogenies outlined in Section 3.4.2: It is based on an explicit evolutionary model and
uses an MCMC to sample from the distribution of evolutionary scenarios likely to have
given rise to the observed data. The main difference with the previous Bayesian methods
we described is that the evolutionary model at the heart of ClonalFrame accounts for the
effect of recombination. Thus, it can reconstruct the clonal genealogy, as well as the muta-
tion and recombination events that took place on the branches of the genealogy. Explicitly
modeling recombination presents two advantages over methods that do not: The recon-
struction of the phylogeny is more accurate since the recombination events are likely to
confuse other methods, and the analysis reveals some information about the recombination
process itself.

ClonalFrame is able to infer the rates at which mutation and recombination events
occur over time, as well as the average size of recombination events. However, since our
example data set is very small and is unlikely to contain enough information to estimate
all these parameters, we decided not to estimate the mutation rate in ClonalFrame but
instead to use the Watterson estimator (Watterson, 1975), which was equal to 118.61. For
the same reason, we did not attempt to estimate the mean recombination tract length, but
we set it equal to 1000bp, in agreement with previous findings based on a much larger
data set (Jolley et al., 2005). The remainders of the ClonalFrame parameters were left as
default, and four instances of 100,000 iterations each were run to evaluate convergence.
Each run took approximately an hour.

Figure 3.13 shows a consensus tree based on the output of ClonalFrame for our
example data set. The recent phylogeny is similar to that found by BEAST (cf. Fig. 3.10,
with clusters inferred with high probability for 421/427/428, 120/299, 425/426, and
422/655). One further potential relationship was found between 442 and 659, although
ClonalFrame is a lot less assertive than BEAST (posterior probability of 0.64 vs. 0.99).
ClonalFrame was, however, unable to reconstruct any deep phylogeny at all, unlike all the
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previous methods we have seen so far. This is because ClonalFrame takes recombination
into account and infers that most of the phylogenic signal found for the deep clusters
comes from recombination rather than clonal relationship, and that it is therefore impos-
sible to reconstruct the deep clonal relationships between the members of the sample.

One important advantage of ClonalFrame over other methods is that it can be used
to analyze the mutation and recombination events that happened on the branches of the
clonal genealogy. Figure 3.14 shows the events found on 10 of the branches from
the consensus tree, as labeled from A to J in Fig. 3.13. Each row corresponds to one of
the branches, and each column corresponds to one of the seven MLST gene fragments.
Crosses indicate genetic differences between the genotype at the top and at the bottom of
the branch, while the height of the lines in each box indicates the probability that recom-
bination took place on that branch for each site. For example, line A contains no crosses
and the line remains at the bottom of the boxes, meaning that no mutation or recombination
event happened on branch A. On branch B, however, two recombination events have been
detected affecting the second half of fumC and the first half of pgm. Three substitutions
have been found on gene abcZ on branch C, which may be caused either by recombination
(with probability of approximately a third as indicated by the height of the line) or by
mutation. Branches D and E exhibit many more mutation and recombination events, which
is consistent with the length of these branches. Branch F shows a single recombination
event, whereas branch G shows a mutation on gene gdh and a recombination event on
gene pdhC. Branches H and I show several events, and finally, branch J shows that recom-
bination affected the first half of gene abcZ and that the second half of this gene was
affected either by recombination or by a couple of mutations.
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As ClonalFrame identifies the mutation and recombination events that may have taken
place, it can be used to estimate the relative contributions of those two forces on the
observed patterns of genetic diversity. One measure for this is the ratio r/m of the rates at
which recombination and mutation introduce substitutions over time. This measure was
first introduced by Guttman and Dykhuizen (1994) and has since been extensively used
by Feil et al. (1999, 2000, 2001). A survey of previously estimated values can be found
in Didelot and Falush (2008), whereas Vos and Didelot (2008) used ClonalFrame to esti-
mate and to compare the values of r/m in over 40 bacterial species.

One difficulty with ClonalFrame is that it is based on a rather complex model, so that
it can be slow to converge. This needs to be tested using multiple runs as described above.
For very large MLST data sets, containing more than 500 isolates, ClonalFrame is unlikely
to give an answer in a reasonable amount of time. One way around this problem, if pos-
sible, is to split the data into clades of, at most, a few hundred isolates each, and to run
ClonalFrame on each clade separately. For example, in N. meningitidis, there exist seven
well-defined hypervirulent lineages (Wang et al., 1992, 1993; Seiler et al., 1996; Maiden
et al., 1998), which could be analyzed separately with no loss of power (in fact, the power
to detect interlineage recombination events is increased).

3.5.4 A Nonphylogenic Model of Population Structure

Since recombination occasionally erases the clonal signal in its entirety, it may be better
not to attempt to reconstruct the whole phylogeny in species that are highly recombino-
genic. For example, in the ClonalFrame results shown in Fig. 3.13, a lot of time is spent
trying to infer the deep phylogeny only to conclude that this is not possible. It can therefore
be interesting to use models of population structure that are not based on a phylogeny.
One example is the model within Structure (Pritchard et al., 2000), which assumes that
the individuals from a sample come from a number of populations, but makes no attempt
at modeling the relationships of these populations with one another or the relationships of
the individuals within each population.

Three versions of the STRUCTURE population model have been implemented.
The no-admixture version assumes that each individual in the data set comes entirely
from one of the populations. In the admixture version, each individual is made of a mixture
of each population. These two versions of the model assume complete linkage equilibrium
between loci, which is a very strong assumption, not very well suited to the analysis
of sequence data where we know that the linkage between two sites decreases approxi-
mately linearly with the distance that separates them. In order to relax this assumption,
the linkage version of the model was implemented (Falush et al., 2003a), where each
site of each sequence originates from one of the populations. The linkage version
assumes a correlation between the origins of close sites, which decreases linearly as their
distance on the genome increases. The linkage version of the STRUCTURE model can
therefore be used to identify individuals that are entirely or mostly from one population,
and others that are hybrids, that is, have imported fragments of DNA from different
populations.

Our example data set is too small for STRUCTURE to be run effectively. Interesting
applications of the STRUCTURE method can, however, be found for species as diverse
as Helicobacter pylori (Falush et al., 2003b), E. coli (Wirth et al., 2006), S. enterica
(Falush et al., 2006), or Campylobacter jejuni (Sheppard et al., 2008).
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Chapter 4

4.1

Genetic Recombination and
Bacterial Population Structure

DARREN P. MARTIN AND ROBERT G. BEIKO

INTRODUCTION

The transmission of genetic information can be achieved via means other than parent-to-
offspring inheritance. The lateral or horizontal transfer of genes can occur between closely
or distantly related organisms, facilitated by any of a number of different mechanisms.
Transfers that occur between closely related organisms (e.g., individuals within the same
species) are often termed recombination events if they are driven by homologous pro-
cesses. Conversely, de novo gene acquisition can occur through illegitimate, or nonho-
mologous, recombination processes; such events are typically called horizontal or lateral
gene transfers (LGTs). For the purposes of this chapter, we use LGT to refer to any transfer
of genetic information between a donor and a recipient cell, regardless of the mechanism
by which the genetic material is integrated into the recipient genome or of the degree of
relatedness between donor and recipient.

LGT can facilitate the spread of adaptive mutations through a population in a manner
similar to sexual recombination, and in so doing, it has the potential to disrupt the strictly
vertical patterns of inheritance that are usually thought to dominate the population genetics
of clonally reproducing organisms. By shuffling alleles within a population, homologous
recombination-driven LGT can yield novel genetic combinations that can facilitate, among
other things, the evasion of host immunity, the emergence of multiple drug resistance, host
range modification, adaptation to new environments, and the evolution of increased patho-
genicity (Arnold et al., 2008). While LGT can enhance the genetic and phenotypic diver-
sity within populations, it can also yield an effect similar to that of concerted evolution,
in which these populations are continuously purged of deleterious mutations (Michod
et al., 2008). Finally, illegitimate recombination allows the acquisition of novel genes and
operons, and consequently, completely novel phenotypes. Such gains of function are
evident in the gene distribution patterns seen in closely related genomes such as members
of the genus Pseudomonas (Schmidt et al., 1996).

While a recipient organism can potentially gain a selective advantage from
LGT, many introduced sequences including viral genes such as the clII protein from
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bacteriophage A (Kedzierska et al., 2003), B-lactamase enzymes in isolation (Morosini
et al., 2000; Hossain et al., 2004), and restriction enzymes (unless accompanied by a pro-
tective methyltransferase gene; Jeltsch and Pingoud, 1996) can be deleterious. Indeed,
most evidence suggests that none of the processes that facilitate the acquisition of genes
initially arose for that specific purpose: instead, transformation processes typically degrade
DNA upon its introduction into the cell, while other transfer mechanisms may arise as a
side effect of the propagation of selfish elements (Redfield, 2001). DNA repair has been
suggested as a primary purpose for the evolution of transformation (Michod et al., 1988),
but this hypothesis is controversial and is contradicted by the regulatory processes that
govern competence (Redfield, 1993). However, once a molecule of DNA has crossed into
a recipient cell, genes can potentially be recruited into the genome and expressed in
integrons (Mazel, 2006). These structures, which include an enzyme that facilitates the
recombination of novel elements into the genome, have been found associated with both
genes of unknown function and genes conferring antibiotic resistance and environmental
adaptations.

While LGT as a phenomenon has been known for many decades (Jones and Sneath,
1970; Heinemann and Sprague, 1989), the importance of LGT as an evolutionary process
has risen to greater prominence with the advent of large-scale whole-genome sequencing.
When the first few genomes of cellular organisms became available for comparison, it was
quickly recognized that many genes had either unusual nucleotide compositional proper-
ties or displayed discordant phylogenetic relationships that set them apart from the prin-
cipal “genomic signature” (Karlin et al., 1997) of the genomes in which they resided. This
was particularly true for the archaea and thermophilic bacteria for which early analyses
indicated that >20% of genes in some genomes may have had xenologous origins (Koonin
et al., 1997; Nelson et al., 1999). While controversies surrounded the interpretation of
discordant phylogenies and the predictions of composition-based approaches (Ragan,
2001; Kurland et al., 2003), even a comparison of the homologous gene contents of dif-
ferent Escherichia coli strains (Welch et al., 2002) revealed the existence of many genes
that were unique to specific strains. The distributions of homologous and orthologous
genes across all prokaryotic life also indicated an important role for LGT.

It is important to point out that the apparent pervasiveness of LGT events discovered
in comparative genome scans could, at least in part, be explained by gene loss rather than
by gene acquisition through LGT. If, for example, a gene present in a distant common
ancestor was lost in multiple descendant lineages, it could appear as though the gene was
laterally transferred to the lineages that retained it. However, since invoking a gene loss
hypothesis for every potential instance of LGT would require an impossibly large cenan-
cestral “genome of Eden” (Doolittle et al., 2003; Dagan and Martin, 2007), it is almost
certain that a large proportion of apparent “gain-of-function” LGT events are genuine
instances of gene acquisition.

Besides examining the evolutionary value and biological consequences of LGT, this
chapter also deals with the technical issues of both analyzing signals of genetic recombina-
tion using nucleotide sequence data and accounting for the potentially misleading effects
that LGT can have on various evolutionary analyses.

4.2 CONSTRAINTS ON LGT

Gogarten et al. (2002) enumerated five factors that influence LGT between organisms:
two of these (propinquity and gene transfer mechanisms) reflect the opportunity for an
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organism to acquire a gene from a potential donor, while the other three (metabolic
compatibility, compatibility of gene expression mechanisms, and environmental adapta-
tion) will influence the probability that an acquired and integrated gene will spread to
fixation in the recipient population. Constraints on opportunity have been considered
extensively elsewhere (Kurland et al., 2003; Thomas and Nielsen, 2005); we note here
that individuals within the same population are likely to share compatible LGT vectors
such as transducing phages, conjugation mechanisms, or uptake sequences for transforma-
tion (Fitzmaurice et al., 1984). Propinquity may not be necessary if DNA can be transferred
between habitats, either as naked DNA (Levy-Booth et al., 2007; Vlassov et al., 2007) or
packaged in a vector (Snyder et al., 2007).

Although precise definitions vary, genetic exchange between organisms can be driven
by homology-dependent or homology-independent recombination processes (e.g., nonho-
mologous or illegitimate recombination), or through the transmission of self-replicating
genetic elements such as plasmids. Closely related genomes can potentially use homolo-
gous recombination as the integrative process due to higher average sequence similarity.
However, homologous recombination frequency drops off exponentially with decreasing
sequence identity (Vuli¢ et al., 1997). Unless recombination can rapidly purge all genetic
variants from a population, mutational drift and nonhomologous recombination events
may raise barriers to homologous recombination within the genome and may serve as
speciation “seeds” that lead to strain diversification (Lawrence, 2002). Vetsigian and
Goldenfeld (2005) used simulation techniques to show that homologous recombination
mechanisms that require sequence identity at both ends of the recombined region can give
rise to “propagating fronts” following the introduction into genomes of initial seed
sequences by nonhomologous recombination. Homologous recombination in the genus
Bacillus is known to require high degrees of sequence identity at both ends of transferred
sequences to operate (Majewski and Cohan, 1999), and examination of several Bacillus
genomes has revealed a steplike pattern of sequence similarity that suggests the existence
of diversifying regions within these genomes.

Once acquired DNA has been integrated into a recipient genome, either as a plasmid
or via recombination, its fate in population genetic terms will depend on its contribution to
the fitness of the organism. Genes may be lethal to the cell due to their disruption of impor-
tant processes. For instance, Sorek et al. (2007) claimed that some transfers between closely
related genomes were less likely due to the potentially disruptive effects of modified gene
copy number. If two homologous copies of a given gene (one “native,” one xenologous)
are both expressed within a cell, these products may indeed disrupt multisubunit complexes
(such as the ribosome) that require specific ratios of constituent proteins for correct assem-
bly. However, this situation may not arise for many introgressed genes (or gene fragments)
if they go unexpressed because they possess promoters or other regulatory elements that
are unrecognized by the host transcription and/or translation machinery. Expression of such
genes would require their being brought under the control of endogenous promoters. This
process could in turn also involve homologous recombination with the homologous locus
in the host genome, in which case the original copy might be lost. Conversely, fortuitous
nonhomologous recombination immediately downstream of unsuitably strong promoters
could lead to the expression of the xenologous gene products at toxic concentrations.

There is no mechanistic barrier to homologous recombination occurring within gene
boundaries. Gene conversion, in which recombination occurs within the coding sequences
of homologous genes, is a process in many ways analogous to homologous recombination-
driven LGT, and has been shown to occur extensively in both prokaryotic and eukaryotic
systems (Zangenberg et al., 1995; Morris and Drouin, 2007; Palmer and Brayton, 2007).
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Santoyo and Romero (2005) identified several important roles played by gene conversion,
including the reversion of mutants, concerted evolution (the spread of potentially beneficial
mutations among paralogous sequences), and the generation of increased diversity among
positively selected genes such as those encoding antigenic proteins. Although potentially
confounded by other factors such as positive selection, an analysis of a type IV secretion
system in Bartonella has shown evidence for extensive homologous recombination within
certain genes (such as trwJ and trwL) both within and among strains. The roles of these
genes in pilus formation and host cell attachment suggest that homologous recombination
within and between species may be an important generator of sequence diversity (Nystedt
et al., 2008).

Even though they are not constrained by mechanistic barriers, gene conversion events
may be selectively unfavorable if they disrupt conserved domains or the interdomain inter-
actions of an encoded protein. Lefeuvre et al. (2007) found such an effect in virus genomes,
with recombination break points underrepresented in gene regions that separate encoded
amino acids whose interactions are important for the 3-D structure of proteins. Conversely,
Chan et al. (2009) found that inferred break points in a bacterial data set did not appear to
be preferentially associated with domain boundaries. The extent to which protein fold
disruption influences patterns of LGT in natural populations likely varies from gene to gene
according to the structural and selective constraints on the proteins they encode.

Since nonhomologous recombination generally involves the integration of foreign
genetic material at any site within a genome, this process can potentially disrupt any gene.
This is especially significant in prokaryotic genomes where protein-coding genes typically
constitute 70-90% of the genome sequence. Examples of open reading frames (ORFs)
disrupted by nonhomologous recombination have been identified in various sequenced
genomes: for instance, in the Mycobacterium tuberculosis H37Rv genome, gene Rv2353c
has been disrupted by a retrotransposition event (Betts et al., 2000).

The complexity hypothesis (Jain et al., 1999) predicts that the transfer of “informa-
tional” genes involved in conserved processes will, during evolution, be selectively dis-
favored over the transfer of metabolic and regulatory “operational” genes (Rivera et al.,
1998) due to the tendency of the former to participate in large, multisubunit complexes.
Informational genes have been used to define a nontransferrable “core” of genomic content
that is either immune or extremely recalcitrant to successful propagation following LGT.
This assumption and the presence of homologous informational genes in most genomes
have underpinned the use of concatenated sets of these genes (or their encoded amino acid
sequences) to infer organismal histories (Baldauf et al., 2000; Brochier et al., 2004).

The complexity hypothesis has been tested many times in large-scale analyses using
both homology-independent (Ragan, 2001; Nakamura et al., 2004) and homology-depen-
dent (Charlebois et al., 2004; Beiko et al., 2005; Zhaxybayeva et al., 2006) approaches to
identify LGT events. Categories of genes have typically been defined using homology-
based assignments of function and classification schemes such as the NCBI Clusters of
Orthologous Groups based on the groupings of Riley (1993). Statistical contrasts of the
transfer of these two classes of genes have often, but not always (see, e.g., Zhaxybayeva et
al., 2006), shown significantly fewer transfers for informational genes than for operational
ones. Wellner et al. (2007) explored the relationship between connectivity (which includes
a protein’s interactions within and outside of its complex), and found that genes encoding
proteins with high connectivity were not more recalcitrant to successful transfer, except in
cases where they formed part of an essential complex. In spite of these differences, it is clear
that informational genes can be successfully transferred, a hypothesis borne out indirectly
by the presence of informational genes such as 16S rDNA on phage vectors (Beumer and
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Robinson, 2005), and directly by observations of phylogenetic discordance in informational
gene and protein phylogenies (Garcia-Vallvé et al., 2002; Gogarten et al., 2002).

While discordance can potentially be remedied by filtering out these genes or proteins
from concatenated sets (e.g., Ciccarelli et al., 2006), what remains after filtering in such
cases is typically a small “rump” of genes that, due to weakened phylogenetic signals,
potential evolutionary model violations, and the possibility of further undetected LGT
among the remaining genes, might not defensibly constitute the history of the represented
organisms (Dagan and Martin, 2006). Furthermore, the operational versus informational
distinction is an imperfect surrogate for interaction complexity. For example, informa-
tional proteins such as aminoacyl-tRNA synthetases, which interact only with a single
tRNA and one amino acid moiety, show considerable evidence of historical transfers, even
between distantly related taxonomic groups (Woese et al., 2000).

Within species and genera, the relatively slow evolutionary rate of informational
proteins (Wuchty et al., 2003; Aris-Brosou, 2005) may slow the emergence of mutational
barriers to homologous recombination between closely related organisms. The exchange
of proteins with relatively low amino acid sequence divergence is also less likely to disrupt
the protein—protein interactions that underpin complex formation, minimizing the effects
reported by Lefeuvre et al. (2007). Detecting homologous recombination in informational
genes transferred between closely related organisms may also be difficult, since the lower
degrees of sequence divergence commonly found in these genes will diminish the power
of recombination or phylogenetic analyses (see, e.g., Lefébure and Stanhope, 2007). This
effect might significantly bias the relative amounts of recombination observed within
“core” versus noncore genes. On the other hand, the low degrees of sequence divergence
among closely related individuals may mean that gene transfers between them are likely
to be selectively neutral and dependent only on rates of acquisition and recombination.

Beyond the possible negative effects on metabolic networks and protein complexes,
introgressed genes may disrupt important structural aspects of the genome and may con-
sequently reduce the fitness of the recipient organism. Such structural properties can
include supercoiling domains, leading/lagging strand gene organization (reviewed in
Rocha, 2008), codon preference (Medrano-Soto et al., 2004), and features involved in
chromosome partitioning during replication (Hendrickson and Lawrence, 2006). However,
such effects may be small when examined at the level of introgression of single genes or
operons, and a comprehensive model of how such disruptions might impact on the survival
probabilities of a recipient genome has not yet been articulated.

4.3 INFLUENCES OF LGT ON SEQUENCE ANALYSES

When not accounted for, LGT can potentially influence a number of inferences one can
make when considering nucleotide sequence data. Primary among these is the expression
of evolutionary relationships within phylogenetic trees. The combined evolutionary histo-
ries of laterally transferred sequences cannot be accurately portrayed using conventional
bifurcating phylogenetic trees (Posada and Crandall, 2002), and, as a result, any nucleotide
sequence analysis that derives power from the correct inference of phylogenetic tree topolo-
gies and branch lengths will be at least mildly confounded by recombination. Such analyses
include the detection of positive selection (Scheffler et al., 2006), ancestral sequence pre-
diction (Posada and Crandall, 2002), molecular clock estimates of evolution rates (Schierup
and Hein, 2000), identification of coevolving sites (Shapiro et al., 2006), and nested
clade-based phylogeographic tracing of migration routes or transmission pathways.
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By influencing the linkage between nucleotide polymorphisms, frequent homologous
recombination between the sequences of closely related individuals (such as occurs
during parasexual reproduction) will also influence a variety of population genetic
analyses that do not necessarily rely on the correct inference of phylogenetic trees. By
a process called “genetic hitchhiking,” neutral nucleotide polymorphisms (or alleles) can
be driven to high frequencies within populations due to their occurring within close
proximity to high fitness polymorphisms. Relative to other genome regions, this process
will result in decreased genetic variability in those regions surrounding high fitness poly-
morphisms. Conversely, in genome regions that are distantly separated (or “unlinked”)
from high fitness polymorphisms, frequent homologous recombination might extensively
mix neutral polymorphisms and, in so doing, might create increased genetic diversity
in these regions. In the presence of recombination, effective population size estimates
will therefore be alternatively biased downward when they are derived using genome
loci carrying strongly selected polymorphisms and upward when they are derived using
loci that are distantly separated from positively selected polymorphisms. Such biases
will strongly influence summary statistics that rely on accurate estimates of population
sizes. These include Tajima’s (1989) D-statistic and Fu and Li’s (1993) F-statistic that
describe the relative neutrality of evolution. Unless carefully estimated recombination
rates are explicitly accounted for when interpreting the values of these statistics, it could
result in the false inference of either selective sweeps or population expansion (both of
which can be inferred from a departure from neutral expectations; for a review, see
Awadalla, 2003).

4.4 THE DETECTION OF INDIVIDUAL LGT EVENTS

In general, the detection of individual LGT events involves the analysis of nucleotide
sequence data sampled from a number of taxa within either the same or different species.
Although the nucleotide sequence analysis tools that have been devised to perform this
task are mostly geared toward detecting homologous recombination, they can also be used
to identify potential nonhomologous recombination events. This chapter will, however,
focus on their use for detecting signals of homologous recombination, which for the sake
of simplicity will simply be referred to as “recombination.” Also, as the tools that will be
described are largely blind to the conceptual differences between whole gene transfers
(traditionally known as LGT events) and partial gene transfers (traditionally referred to as
gene conversion events), all detectable sequence exchanges will simply be referred to here
as “recombination events.”

Many, if not the vast majority, of the recombination events that have taken place
during the evolutionary history of a sampled data set of DNA molecules will have left no
detectable trace of their occurrence (Posada and Crandall, 2001). These undetectable
recombination events will include those that have occurred either between identical
sequences or prior to the last common ancestor(s) of the sampled DNA sequences. Even
recombination events that have occurred between quite distantly related sequences might
never be detectable if either only a small fragment of sequence was exchanged or sequences
resembling the recombinant’s parents remain unsampled.

Identification of recombination within a group of DNA sequences usually requires
one or more statistical or phylogenetic tests to assess whether individual members of the
group have evolutionary histories that vary depending on the genome or gene region
considered. The power of such recombination tests (see Table 4.1 for examples) is heavily
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Table 4.1 Recombination Analysis Methods

Analysis approach

Gives p Gives breakpoint  Identifies

Program Method(s) implemented Partition Scan value positions recombinants Reference
3Seq 3Seq DM E + + - Boni et al. (2007)
Barce Barce DM E/Q +/— + - Husmeier and McGuire (2003)
Chimaera Chimaera MW E + + - Posada and Crandall (2001)
ClonalFrame ClonalFrame DM E/Q - + + Didelot and Falush (2007)
DualBrotherS DualBrothers DM Q - + + Minin et al. (2005)
EEEP EEEP RS Q - - + Beiko and Hamilton (2006)
GARD GARD DM E + + - Kosakovsky Pond et al. (2006)
GENECONV GENECONV DM E + + - Sawyer (1989)
Homoplasy Homoplasy test DM E + - - Maynard Smith and Smith (1998)
HorizStory HorizStory RS Q - - + McLeod et al. (2005)
jpHMM jpHMM DM Q - + + Schultz et al. (2006)
LARD LARD MP/DM E/Q +/— + - Holmes et al. (1999)
MaxChi MaxChi MW E/Q + + - Maynard Smith (1992)
SplitsTree Phi test DM + MW E + - - Bruen et al. (2006)
PhylPro PhylPro MP E - + + Weiller (1998)
PIST PIST MW Q + - - Grassly and Holmes (1997)
PLATO PLATO MW Q + + - Worobey (2001)
RAT RAT MW E/Q - + - Etherington et al. (2005)
RDP3 RDP, GENECONY, 3Seq, MW/DM E + + + Martin et al. (2005b)

BootScan, MaxChi,

Chimaera, Dss, SiScan,

PhylPro, LARD, VisRD
RecPars RecPars MW E - + - Hein (1990)
Rega Rega Bootscan MW Q + + + de Oliveira et al. (2005)
RIP RIP MW Q + + + Siepel et al. (1995)
SimPlot SimPlot Bootscan MW Q - + + Lole et al. (1999) and Salminen

et al. (1995)

SiScan SiScan MW E +/— + - Gibbs et al. (2000)
TOPAL Dss MW E + + - McGuire and Wright (2000)
TOPALIi Dss, Barce, Jambe MW/DM E/Q + + - Milne et al. (2004)
VisRD VisRD MW E + + + Forslund et al. (2004)

DM = multiple dynamically placed partitions; MW = moving window-based partitioning; MP = single moving partition; RS = rigid single user-specified partition; E = exploratory
scanning approach with no prior specification of a nonrecombinant set of reference sequences; Q = query versus reference scanning approach in which a potential recombinant
(the query) is scanned against a set of known nonrecombinant sequences (the references).
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dependent on both the nature of the recombination events being detected and the thorough-
ness of sampling. Most tests will fail unless all of the following criteria are met:

1. Along with the recombinant sequence, at least one sequence resembling one of its
parents must be sampled.

2. Recombination must have occurred between parental sequences carrying enough
polymorphisms that the origin of recombinant sequences can be unambiguously
traced back to at least one parental lineage.

3. The distribution of polymorphisms observed within recombinant sequences must
not be credibly attributable to other evolutionary processes such as convergent
point mutations or mutation rate variation.

The process of detecting recombination can be illustrated by depicting the evolutionary
histories of recombinant sequences using phylogenetic trees (Fig. 4.1). Given a multiple
sequence alignment containing one recombinant and its two parental sequences (respec-
tively labeled recombinant, “major parent,” and “minor parent” in Fig. 4.1), two phyloge-
netic trees can be constructed from the two nonoverlapping segments of the nucleotide
sequence alignment that correspond to the two tracts of the recombinant sequence that were
inherited from its different parents. When these trees are compared, the recombinant
sequence apparently “jumps” between clades. While many recombination detection methods
directly apply such phylogenetic approaches, others rely on different measures of sequence
relatedness. Without exception, however, all recombination detection methods work by
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Figure 4.1 Phylogenetic signals betraying the presence of recombination in a sample of five nucleotide
sequences. The patterned lines represent aligned nucleotide sequences of five individuals sampled from
nature. The phylogenetic trees depict the probable evolutionary histories of the five sequences as inferred
from different portions of the nucleotide sequence alignment. Notice how the recombinant sequence “jumps”
between the “major parent”—sequence X clade and the “minor parent”—sequence Y clade in the A-B and
B-C fragment trees. The recombinant sequence has inherited genome fragment A-B from a sequence
resembling that labeled “major parent” and fragment B—C from a sequence resembling that labeled “minor
parent.” Note that neither of these “parental” sequences are the actual parents of the recombinant but are
simply sequences in the sample that most closely resemble the recombinant’s actual parent. The probability
of sampling a recombinant and its two actual parents is very small.
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identifying shifting relationships between sequences in different genomic regions. Such
shifts or jumps in sequence relatedness are often referred to as “recombination signals.”

Recombination signals might be detected in a number of ways. Most recombination
detection methods have two basic components: (i) a mechanism for partitioning sequences
into two or more tracts and (ii) a test statistic that can be used to compare the relatedness
of sequences in different partitions.

4.4.1 Partitioning Schemes

The most simple form of alignment partitioning is that involving the comparison of dif-
ferent genes where partitions are placed at gene boundaries. For example, methods such
as EEEP and HorizStory (Table 4.1) detect recombination signals by either comparing
phylogenetic trees constructed from different genes (often called gene trees) or comparing
phylogenetic trees for individual genes with that obtained using either full genome
sequences, concatenated informational gene trees, or some other preferably LGT-free (or
at least mostly LGT-free) genomic portion (with these latter trees often claimed to be
species trees).

By dynamically optimizing the location of sequence partitions, many recombination
detection methods can also infer the locations of recombination break points. The simplest
of the dynamic partitioning approaches use a so-called sliding partition to split a sequence
alignment into two pieces (e.g., those implemented in programs such as LARD and
PhylPro; Table 4.1). In this approach, a partition is moved one or more nucleotides at a
time along the length of the alignment with the tracts of sequence on the left-hand side of
the partition being compared to those on the right. The partition position at which the two
segments of the alignment are most different is taken to be the most probable recombina-
tion breakpoint position.

More sophisticated dynamic partitioning schemes involve two or more moving parti-
tions. Having more than one partition makes good sense when one considers that most
recombination events in long DNA molecules, and all recombination events in circular
molecules, involve two recombination break points. However, even when considering just
two moving partitions, comparing every possible tract of sequence with every other one
can be quite computationally intensive. Therefore, many methods test only a subset of all
the possible partitions. Most commonly, a pair of partitions called a sliding window is
moved one or more nucleotides at a time along the alignment. The piece of the alignment
within the window is then either compared to the remainder of the alignment or to imme-
diately adjacent windows.

Although some sliding window recombination detection methods incorporate a win-
dow-size optimization step (e.g., the MaxChi and Chimaera implementations in the program
RDP3), most of these methods are strongly influenced by the arbitrary choice of an initial
window size. The key issue is that the optimal window size for identifying any particular
recombination signal will be the distance between the pair of recombination break points
comprising the signal. When a data set contains a variety of recombination signals produced
by the exchange of both large and small pieces of DNA, it can be quite difficult to select
a suitable window size. Some of the most sophisticated recombination breakpoint detection
methods such as GARD and DualBrothers (Table 4.1) therefore employ quite complex
“windowless” partitioning schemes. In these, large numbers of dynamically placed parti-
tion sets (often involving 10 or more partitions) are evaluated and compared to one another
to yield the most probable locations of recombination break points.
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4.4.2 Test Statistics

There are many possible statistics that could be used to compare the relatedness of
sequences in different genome locations. The simplest and most intuitively obvious of
these are based on genetic distances, codon usage biases, or GC content. These simple
tests are based on the reasonable (but not always true) assumption that any given sequence
will be most similar to whichever sequence it shares a most recent common ancestor. Such
tests will often involve moving a sliding window along an alignment and calculation of
the relative differences/similarities between each pair of sequences in each window along
the alignment. Whereas, for example, the genetic distances between nonrecombinant
sequences should remain consistent across all alignment partitions, this should not be the
case with recombinant sequences. The relative distances between a recombinant sequence
and sequences closely related to its parents should shift at one or more points along the
alignment. The points at which such shifts occur should correspond with recombination
breakpoint positions.

Although evolutionary relatedness usually correlates well with pairwise genetic dis-
tances, similarities in GC content, and similarities in codon usage biases, this is not always
the case. Therefore, using phylogenetic methods to more accurately determine the relative
relatedness of sequences has been extensively explored in the context of recombination
signal detection (examples include the Dss, DualBrothers, PLATO, RecPars, GARD,
Barce, ClonalFrame, and BootScan methods; Table 4.1). The popular BootScan method
uses a sliding window partitioning scheme in which bootstrapped neighbor-joining trees
are constructed for segments of the alignment within each window. The relative related-
ness of the sequences in each window is then expressed in terms of bootstrap support for
the phylogenetic clusters within which they occur in the tree. Recombination signals are
detectable as taxa “jumping” between different branches of the tree. Recombination break
points are, in turn, detectable as the points along the alignment where there is a sudden
change in bootstrap support grouping the potential recombinant with sequences resembling
its potential parental sequences.

A major drawback of the pure phylogenetic methods is that they tend to be a lot slower
than, for example, genetic distance-based methods. As a result of this, a diverse group of
methods has been devised that, while primarily genetic distance based, also take some
phylogenetic information into account. Methods such as VisRD, RDP, and SiScan (Table
4.1), for example, will note the relationships between sequences in a phylogenetic tree
and, when calculating genetic distances, only consider nucleotide sequence differences
that map to specific branches of the tree.

Regardless of whether phylogenetic, genetic distance, GC content, or codon bias-
based measures of relatedness are used to detect potential recombination signals, it is
usually desirable to determine the probability that the observed signals could have arisen
in the absence of recombination. To achieve this, many methods will use a specific statisti-
cal test such as one based on the binomial, normal, or chi-squared distributions. As the
validity of these tests is not entirely obvious (the actual underlying probability distribution
is invariably unknown and some tests may be undermined by evolutionary processes such
as selection), many methods such as Dss, GENECONY, VisRD, and LARD (Table 4.1)
additionally employ either “permutation” or “parametric bootstrap” tests. Although these
tests can better account for underlying probability distributions, they are generally very
slow in that they involve reanalysis of hundreds or thousands of data sets. Whereas in
permutation tests alignment columns in the real data set are simply reshuffled to yield
“permuted data sets” (reshuffling usually destroys the patterns of sites that are detectable
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as recombination signals), for parametric bootstrapping, data sets that superficially resem-
ble the actual data set are simulated in the absence of recombination.

4.4.3 Advantages and Disadvantages of Different
Recombination Analysis Approaches

Very little is currently known about the relative merits of different recombination analysis
methods. The main problem with comparing different methods is that they often require
different types of data and provide information on different aspects of the recombination
process. For example, a method might quite accurately identify evidence of intraspecies
recombination but will suffer an intolerably high false-positive rate if used to infer inter-
species recombination (e.g., homoplasy test; Posada and Crandall, 2001). Alternatively, a
method might simply give an estimate of the most likely recombination breakpoint posi-
tions but provide no indication of the probability of recombination having occurred or not
(e.g., the SimPlot Bootscan, DualBrothers, and LARD methods; Table 4.1).

Although the relative abilities of 21 recombination analysis methods to detect recom-
bination have been tested using the same simulated and real data sets (Posada and Crandall,
2001; Posada, 2002; Martin et al., 2005a; Bruen et al., 2006; Carvajal-Rodriguez et al.,
2006; Kosakovsky Pond et al., 2006; Boni et al., 2007), nearly nothing is known about
how accurately these methods identify recombination break points and recombinant
sequences. There is, however, some indication that methods vary quite widely in their
abilities to detect both the presence of recombination (Posada and Crandall, 2001) and the
positions of recombination break points (Chan et al., 2006).

Whereas the more sophisticated, computationally intense methods tend to perform
slightly better than the simple methods with respect to recombination detection power,
relatively simple methods such as Phi test and MaxChi seem to be only slightly less pow-
erful than these but are capable of analyzing much bigger and more complex data sets.
Also, while the breakpoint detection accuracies of sophisticated methods such as GARD,
jpHMM, and DualBrothers are apparently very high relative to some simple methods
(Kosakovsky Pond et al., 2006; Schultz et al., 2006; Chan et al., 2006), they have never
been thoroughly compared either to one another or to the most promising simple break-
point identification methods such as MaxChi and Chimaera.

The accuracy with which available recombination analysis methods can be used to
identify recombinant sequences is currently completely unknown. In fact, it is unlikely
that without either prior knowledge of a set of nonrecombinant parental sequences or a
reference “nonrecombinant” phylogeny, any of the most widely used recombination analy-
sis methods other than VisRD, PhylPro, EEEP, and HorizStory could be productively used
to identify recombinant sequences. Given a set of known nonrecombinant sequences or a
nonrecombinant phylogeny, most methods that identify recombination break points could
also be used to identify recombinant sequences using a so-called query versus reference
analysis approach (see below).

Methods such as VisRD and PhylPro do not require any help identifying recombinants
because they effectively scan every sequence in a data set against all others and in so
doing identify the sequences in an alignment that generate the strongest recombination
signals. EEEP and HorizStory compare phylogenetic trees constructed from different
genome regions and attempt to infer the minimum number of unique recombination events
that could account for changes in topology between the trees. By directly inferring the tree
permutations needed to create the observed recombination signals, these methods also
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identify a credible subset of recombination events in the tree and in so doing identify the
probable recombinants.

It is important to point out, however, that despite their promise, VisRD, PhylPro,
EEEP, and HorizStory probably still have a high failure rate when identifying recombi-
nants. With the PhylPro and VisRD methods, for example, nonrecombinant sequences will
often generate the strongest recombination signals when parental sequences have remained
unsampled or when reciprocal or nearly reciprocal recombinants (recombinants that are
mirror images of one another) have been sampled. Also, the most parsimonious set of
recombination events proposed by the HorizStory and EEEP methods is likely to be neither
unique (there may be many equally parsimonious sets of events) nor entirely accurate for
even modest-sized data sets (i.e., those containing 20 or more sequences) and as a result,
at least a small percentage of all recombinant designations are likely to be incorrect.
Different approaches can be used to choose from a set of equally parsimonious recombina-
tion scenarios (Beiko and Ragan, 2008), but these rely on assumptions about which lin-
eages are more likely to participate in transfer, thereby potentially conflating the hypothesis
with the method used to aggregate results.

One of the reasons that there are so many methods with which to detect individual
recombination events is that no single general approach, let alone any one method, has
yet emerged as being best under all possible analysis conditions. The powerful, very
sophisticated methods such as GARD, DualBrothers, and Barce are also extremely slow
and are currently only applicable to relatively small or simplified analysis problems. Some
simpler methods, while slightly less powerful, can easily handle enormous extremely
complex data sets. Also, unlike phylogenetic methods, simple genetic distance-based
methods can detect recombination events that do not alter tree topologies. Probably as a
consequence of this ability, however, these methods also probably suffer from a higher
false-positive rate than phylogenetic methods when the assumption that smaller genetic
distances equate with more recent common ancestry is violated—such as often occurs
when different lineages in a data set are evolving at vastly different rates.

The difficulty of rationally choosing an appropriate analysis method has spawned
recombination analysis tools such as RDP3 (Martin et al., 2005b) and TOPALi (Milne
et al., 2004), which provide access to multiple recombination signal detection methods
that can be used in conjunction with one another. Not only can these methods be used for
cross-checking recombination signals identifiable by individual methods but, in the case
of RDP3, they can be collectively combined to analyze large data sets for evidence of
recombination. While this may seem like a good idea, it is still unclear how much extra
credibility should be given to recombination signals that are detectable by multiple recom-
bination detection methods.

4.4.4 Recombination Analysis Using Exploratory
and “Query versus Reference” Methods

There are two basic approaches that can be used to detect and characterize individual
recombination events. Choosing which to use depends primarily on the availability of
reliable “nonrecombinant” reference sequences or recombination-free phylogenies. Some
recombination analysis tools such as SimPlot, DualBrothers, RIP, jpHMM, and many
others implemented in the program RDP3 allow the comparison of potentially recombinant
query sequences with a set of known nonrecombinant, or reference, sequences and can
potentially identify (i) recombination events during the evolutionary history of the query
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sequence, (ii) the approximate locations of recombination break points, and (iii) the paren-
tal sequences (or at least sequences closely related to the parental sequences if these are
among the chosen references). Other tools such as HorizStory and EEEP allow one to
compare phylogenetic trees constructed using sequences derived from specific genomic
loci (called gene trees) with a reference phylogeny (often representing a credible “species”
history of vertical descent) that can, for example, be derived using full genome sequences.
Although these methods will not provide information on recombination breakpoint posi-
tions, they will identify (i) genes that have been obtained through recombination, (ii) the
origins of these genes, and (iii) relatively unbiased estimates of recombination event
numbers in the history of the sequences examined. Methods such as HorizStory, EEEP,
jpHMM, and DualBrothers might be broadly referred to as query versus reference methods.

Another class of methods, called exploratory methods, adopt a different analysis
approach in that, unlike the query versus reference methods, they can be used to identify
individual recombination events without any nonrecombinant reference sequences or
recombination-free reference phylogenies. Examples of these methods include RDP,
MaxChi, Chimaera, GENECONYV, 3Seq, SiScan, RecPars, VisRD, GARD, and PhylPro
(Table 4.1). It should also be pointed out that methods that compare phylogenetic trees (such
as HorizStory and EEEP) might be used in an exploratory way. An example of how this
could be achieved is described in Hickey et al. (2008), where two unrooted trees are com-
pared using a search procedure that originates from both trees simultaneously: an approach
that trades accurate identification of recombinant sequences for unbiased recombination
analysis in the absence of a reference phylogeny. Although these exploratory methods are
fundamentally more objective than the query versus reference methods (which rely on the
subjective and often flawed assembly of a recombination-free reference data set), it is
important to point out that they have two serious drawbacks that diminish their appeal.

To blindly enumerate the recombination signals evident within a data set, the explor-
atory methods will often perform millions of sequence comparisons. This creates serious
multiple testing problems that must be accounted for when assessing the statistical signifi-
cance of potential recombination signals. For large data sets, such as those containing
hundreds of sequences, multiple testing corrections can erode statistical power to the point
that even relatively obvious recombination signals are missed.

The second problem with exploratory recombination detection methods is that they
usually provide no real indication of which sequences in a data set are recombinant. What
they will usually provide are either pairs or triplets of sequences within which individual
recombination signals are evident. Although the PhylPro method identifies recombinant
sequences and the program RDP3 uses this and other accessory methods (based largely
on the PhylPro, HorizStory, and EEEP methods) to identify recombinants, the failure rate
of these approaches is currently unknown. As a result, the high degrees of objective analy-
sis automation afforded by exploratory recombination detection methods are counterbal-
anced by the largely subjective and time-consuming manual process of figuring out which
sequences are recombinant. This can be a particularly difficult to do by, for example,
identifying recombinants as those sequences that “jump” around on phylogenetic trees (the
approach generally used to identify recombinant sequences), because in many cases,
exploratory methods will detect recombination events between parental sequences that are
themselves recombinant—that is, two or three of the sequences used to detect a recombi-
nation signal might all jump around in a tree.

Another consideration when choosing a recombination analysis method is that some
query versus reference approaches such as those implemented in EEEP and HorizStory
rely on extrinsically inferred phylogenetic trees rather than on the sequences themselves.
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As noted above, they cannot be used to detect recombination break points or to identify
recombined regions: Typically, such methods are applied to gene or protein trees with the
implicit assumption that the source data were not subjected to recombination within the
blocks of sequence used to infer trees. Also, these and other phylogenetic methods (such
as Bootscan, RecPars, DualBrothers, and Dss; Table 4.1) generally consider only the
branching order of phylogenetic trees and not their branch lengths. Consequently, recom-
bination events that do not change tree topologies might be detectable by nonphylogenetic
methods such as MaxChi, Chimaera, GENECONYV, and 3Seq (Table 4.1), but would not
be identified by phylogenetic methods. An advantage of these approaches, however, is that
both homologous and illegitimate recombinations can produce discordant phylogenies,
and both types of event can potentially be identified.

Given a reasonably reliable reference phylogeny or a set of known nonrecombinant
sequences, one should therefore always consider using a hybrid exploratory and query
versus reference approach that utilizes both phylogenetic and nonphylogenetic recombina-
tion detection methods. For, example, exploratory analyses can be used either to test the
“nonrecombinant” status of reference sequences (recombinants may have inadvertently
been identified as being nonrecombinant) or to derive a credible set of potentially nonre-
combinant reference sequences. Exploratory methods could also be used to identify tracts
of sequence or genes that should be excluded during the construction of reference phy-
logenies. Following the exploratory identification of recombination signals, query versus
reference analyses with carefully curated reference data sets could then be used to identify
the recombinant sequences that are responsible for detectable recombination signals.

4.5 THE ESTIMATION OF HOMOLOGOUS RECOMBINATION RATES

Whereas identifying and characterizing individual LGT events can give qualitative
information on gross patterns of sequence exchange between and within species, it cannot
provide quantitative estimates of how frequently recombination events occur. The main
reason for this is that most recombination events that occur between very similar sequences
(such as LGT between members of the same species) are completely undetectable by
even the most powerful methods used to characterize individual recombination events.
Although simply counting detectable recombination events and mapping their locations
can yield valuable information on relative recombination frequencies in different parts
of a genome, there is no way that this approach can yield estimates of absolute recombina-
tion rates.

Absolute recombination rates can perhaps be best calculated within the framework of
traditional population genetics. The concept of linkage disequilibrium in population genet-
ics refers at least in part to the tendency of adjacent sites along a eukaryote chromosome
to be inherited together from the same parent following meiotic recombination during
sexual reproduction. Generally, the closer two genes are on a chromosome, the smaller
will be the probability that a recombination break point will occur between them during
meiosis. When closely linked genes are not inherited independently of one another, they
are said to be in linkage disequilibrium. Although not all genes in linkage disequilibrium
are physically linked on a chromosome (i.e., there are causes of linkage disequilibrium
other than low probabilities of recombination occurring between linked sites), tools devised
for the analysis of linkage disequilibrium are ideally suited to the estimation of recombina-
tion rates.
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Given any population with some degree of neutral genetic diversity (i.e., a genetically
diverse population of equally fit individuals) and a constant recombination rate, one would
expect a specific degree of linkage disequilibrium within the population. Randomly sam-
pling individuals from the population and estimating average degrees of linkage disequi-
librium at different pairs of linked polymorphic sites can therefore yield an estimate of
linkage disequilibrium that is easily translatable into a recombination rate.

There are various programs that will estimate such “population-scaled” recombination
rates. These include LDHAT (McVean et al., 2002), DnaSP (Rozas et al., 2003), LAMARC
(Kuhner, 2006), and SITES (Hey and Wakeley, 1997). The recombination rates that these
programs calculate are probably better described as recombination frequencies as they
have no easily definable time component and are not simply estimates of recombination
break points per site per generation. Such recombination frequency estimates can only be
translated into genuine recombination rate estimates if the neutral mutation rate is known.
However, even without this conversion, recombination frequency estimates can be very
useful in that they can be used to compare relative recombination rates within populations
known to have similar neutral mutation rates even when these neutral rates are unknown.

It is important to realize, however, that besides physical genetic linkage, degrees of
linkage disequilibrium (and hence recombination rate estimates) that are detectable within
a sample of nucleotide sequences drawn from a population can be influenced by various
other factors including (i) natural selection disfavoring the disruption of intragenome
interaction networks that is expected to occur following recombination, (ii) mutation rates,
and (iii) biological (e.g., varying migration rates or positive assortative mating) and envi-
ronmental (e.g., geographic barriers or niche variation across a geographic range) factors
that influence the randomness of genetic exchange within the population. Meaningful use
of population-scaled recombination rates or recombination frequency estimates is therefore
heavily contingent on the quality of sequence sampling, and great care must therefore be
taken to assemble appropriate data sets. As a rule, sequences should be sampled as ran-
domly as possible, and these methods should only be applied in comparative studies where
the data sets being compared contain evidence of very similar neutral mutation rates
(estimated, e.g., using Tajima’s [1989] D-statistic or Fu and Li’s [1993] F-statistic in the
program DnaSP) and degrees of nonrandom mating and population structure (e.g., estimated
with programs such as STRUCTURE [Falush et al., 2007] or LAMARC [Kuhner, 2006]).

4.6 PROPERLY ACCOUNTING FOR LGT
DURING SEQUENCE ANALYSES

There are a number of ways in which LGT can be factored into the evolutionary analysis
of nucleotide sequences. From the perspective of graphically depicting the evolution of
recombining sequences, network-based representations of nucleotide sequence relation-
ships can prove more meaningful than standard bifurcating phylogenetic trees. While
programs such as SplitsTree (Huson, 1998), CombineTrees (Cassens et al., 2005), and
NETWORK (Forster et al., 2007) can be used to produce such network graphs, it should
be pointed out that, strictly speaking, these graphs are not simply phylogenetic trees that
represent LGT. There are currently no methods that will construct true phylogenetic
network graphs in which branch lengths accurately represent evolutionary distances and
internal “cycles” (the branches between branches that make the networks) represent actual
LGT events (Woolley et al., 2008). Therefore, rather than being used as an alternative to
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conventional phylogenetic tree construction and recombination analysis, these network
construction tools should always be used in conjunction with these other methods.

LGT can also be accounted for in most other sequence analysis methods that require
the inference of phylogenetic trees. While the most obvious way in which this might be
achieved is for the methods to use phylogenetic networks rather than bifurcating trees, the
lack of proper phylogenetic network construction algorithms has meant that other simpler
approaches have been used to deal with LGT.

The most widely used of these do not deal with LGT directly but rather mitigate the
influences of LGT on the accuracy of phylogenetic tree construction by adopting an “aver-
aging over tree space” methodology. Put simply, LGT is expected to have a largely
unpredictable impact on the topology and branch lengths of phylogenetic trees, and these
average-over-tree-space methods minimize this impact by considering large numbers of
possible alternative tree topologies and branch lengths. Also called Markov chain Monte
Carlo (MCMC) methods, they are expected to be more robust to the influences of LGT
than other phylogenetic-based sequence analysis approaches. The programs that apply
these methods can be used to infer ancestral sequences (MrBayes; Ronquist and
Huelsenbeck, 2003), to identify the occurrence of purifying or diversifying selection
(MrBayes), to estimate evolution rates (BEAST; Drummond and Rambaut, 2007), to infer
demographic processes (BEAST), and to study migration patters (BEAST).

Other approaches deal with recombination directly. One of these relies on the use of
standard recombination analysis methods to identify recombination break points and then
uses separately inferred phylogenetic trees for the different “nonrecombinant” sections of
the data set. While accounting for LGT in this way has only proven successful in the
detection of positive selection in coding sequences (Scheffler et al., 2006), it should be
applicable to any other phylogenetic-based methods. In fact, given a set of recombination
breakpoint positions, methods implemented in programs such as MrBayes, BEAST, and
HyPhy (Pond et al., 2005) can be set up to directly account for recombination breakpoint
positions.

LGT can also be directly accounted for in many population genetic-based analyses
by first inferring the population-scaled recombination rate from a sequence data set using
a program such as LDHAT (McVean et al., 2002) and then by using this rate in subsequent
analyses. For example, given a recombination rate and the DNA sequences used to infer
this rate, a program such as DnaSP (Rozas et al., 2003) can be used to test whether esti-
mates of Tajima’s D-statistic or Fu and Li’s F-statistic represent significant departures
from neutrality.

4.7 QUESTIONS RELATING DIRECTLY TO LGT

While LGT can be treated as potentially confounding in analyses seeking to quantify
evolutionary processes such as selection and speciation, LGT is an important evolutionary
phenomenon in its own right. The acquisition of novel functions via laterally transferred
genes can provide new metabolic and ecological opportunities, but also poses a risk to the
acquiring organism. The analysis of gene flow patterns within a population of microorgan-
isms can also reveal a great deal about both the pressures faced by that population and the
barriers to free sharing of DNA among close relatives. These questions have been reviewed
extensively (Ochman et al., 2000; Lawrence, 2002; Gogarten and Townsend, 2005; Ragan
and Beiko, 2009); here we review some of the major themes of LGT research and address
recent work in microbial population dynamics.
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4.7.1 What Are the Global Patterns
of Gene Sharing among Lineages?

Questions about the frequency of LGT typically focus on the relative rarity of such events.
Even if LGT is sufficiently frequent to obscure the relationships among major microbial
lineages, in generational terms, the acquisition of a xenologous gene and its subsequent
fixation may be extremely rare. Furthermore, the patterns that emerge from large phyloge-
nomic analyses suggest that gene trees depicting most evolutionary time scales have defi-
nite nonrandom structures that apparently represent the “mostly” vertical descent of genes.
It is not the consistency of phylogenomic results across many analyses (e.g., the splitting
of bacteria from archaea or the apparent monophyly of proteobacteria) that argues against
a dominant role for LGT but rather the internal support from any given data set. For
instance, Creevey et al. (2004) used permutation tests to show that the observed phyloge-
netic support for the monophyly of relatively recent groups is considerably greater than
random, although the deepest relationships did not reject a null hypothesis of no phylo-
genetic signal (i.e., rampant LGT). Heat map analyses of phylogenetic signals in several
prokaryotic groups (Bapteste et al., 2005) have shown that for many genes, there are
insufficient data to achieve the statistical power needed to reject a substantial number of
alternative tree topologies, thus calling into question the use of gene trees to address
relationships among these groups.

If a majority or plurality phylogenetic signal can be recovered from a set of genomes,
then this signal might be taken to represent the “vertical” history of genes that have been
inherited without LGT (but see Doolittle and Bapteste, 2007). Using the taxon relation-
ships represented by such trees as a null hypothesis, other topologies that reject the “refer-
ence” tree can be examined to see whether they support a dominant evolutionary role for
LGT. Of particular interest is testing the possibility that preferential sharing of genes
within discrete biomes is a fundamental cohesive force shaping the emergence and evolu-
tion of novel bacterial communities, such that otherwise distantly related taxa (e.g.,
members of different phyla) might share a disproportionately large number of laterally
transferred genes.

Several types of extremophilic organisms show considerable evidence for gene
sharing within their preferred habitats. The phylogenetic position of hyperthermophilic
bacterial lineages such as Aquificae and Thermotogae remains controversial (Cavalier-
Smith, 2002; Gupta and Griffiths, 2002; Beiko et al., 2005; Boussau et al., 2008), but there
is considerable evidence that these groups have shared genes extensively with other ther-
mophilic lineages such as Pyrococcus (Noll et al., 2008). Similarly, halophiles such as
Salinibacter ruber possess numerous genes that have apparently been derived from species
within halophilic genera such as Halobacterium. Confounding the inference of such “envi-
ronmental LGT highways,” however, is the tendency for extremophilic organisms to
display similar biases in protein composition, with halophiles having higher frequencies
of acidic residues (Mongodin et al., 2006). Nonetheless, phylogenetic inferences of LGT
in such bacteria are supported by distributional analyses of homologous and orthologous
proteins, which have shown that distributions of particular protein sets are all similarly
restricted to the same sets of cohabiting extremophilic taxa.

Among mesophiles, the genomes of many soil bacteria appear to have been shaped
by extensive LGT. The Rhizobiales (a group of o-proteobacteria) and the B-proteobacterial
genus Ralstonia appear to have exchanged a large number of genes (Kaneko et al., 2002;
Kunin et al., 2005). Plant pathogens such as the gamma-proteobacterial Xanthomonadales
also appear to have acquired many genes via LGT (van Sluys et al., 2002; Comas et al.,
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2006), thus contributing to the unstable positioning of this lineage in genome phylogenies
(Beiko et al., 2005). The y-proteobacterium Pseudomonas aeruginosa is a remarkable
generalist that can survive in many environments and infect many eukaryotic organisms:
its diverse lifestyle appears to be supported by extensive within-genus gene sharing and
acquisition of genes from other bacterial lineages (Shen et al., 2006).

The extents to which potential pathways of LGT are constrained by DNA acquisition
mechanisms are not well understood. Prokaryotes that can develop competence can theo-
retically acquire any DNA from the environment, while mechanisms that require vectors
such as transduction by phage or conjugation will only shuttle genes between their poten-
tial hosts (Thomas and Nielsen, 2005). Although the detection and characterization of LGT
can identify potential gene sharing pathways, it cannot directly propose mechanisms for
individual transfer events. Conversely, so-called surrogate (sensu Ragan, 2001) and
genomic context analyses (Hsiao et al., 2005; Nakamura et al., 2004) can potentially
suggest mechanisms of transfer but may not be able to precisely identify donor lineages.

Given the apparently nonrandom nature of LGT, it is difficult to meaningfully express
a global rate of gene sharing, particularly if one is primarily interested only in those LGT
events that are “successful,” that is, those events that are not immediately purged by natural
selection but instead are spread through a population either through neutral drift or due to
their providing some selective advantage. In addition to biased patterns of sharing between
organisms, there is very likely variation in LGT rates over time, as the physical properties
and microbiota of habitats change. Possibly as a result of this, it is apparent that many
LGT events are transient in that many laterally transferred genes are subsequently lost
within a few generations of acquisition (Berg and Kurland, 2002; Hao and Golding, 2006).

4.7.2 What Is the Metabolic and Ecological
Significance of Apparent Biases in the Types
of Gene That Are Transferred?

Genes acquired via LGT can replace existing homologous sequences, typically through
homologous recombination, or can confer a new function if no existing homologue was
present in the recipient genome. The latter genes often cluster into genomic “islands” that
are patchily distributed across closely related genomes (Hacker and Kaper, 2000). Given
that the greatest bacterial sequencing effort has thus far been focused on the genomes of
closely related pathogens, it is not surprising that many of the genomic islands examined
thus far confer adaptations that relate directly to host interactions. While viral genes and
transposable elements are frequent in genomic islands (suggesting mechanisms by which
they arise; see, e.g., Zaneveld et al., 2008), also common are genes encoding antibiotic
resistance, secretion systems, and toxin production (Dobrindt et al., 2004). Such genes can
apparently be transferred between very distantly related taxa: for instance, the ermB gene
encoding a methylase modification system appears to have originated in gram-positive
bacteria such as Streptococcus or Clostridium and then has been transferred to members
of the gram-negative genus Bacteroides (Shoemaker et al., 2001).

Environmental genomic islands are similar in nature to pathogenicity islands: indeed,
the two are the same if one considers a host to be a highly specialized environment. While
different strains of the marine picocyanobacterium Prochlorococcus marinus differ by
>3% in the sequence of their 16S ribosomal DNA, they show considerably greater diver-
sity in niche adaptation and genome content. A great deal of these differences are due to
the presence of genomic islands enriched in nutrient uptake and stress response functions
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(Coleman et al., 2006). Other common functions associated with such islands include
xenobiotic degradation and the expression of toxins (Dobrindt et al., 2004).

Comprehensive genome analyses using phylogenetic or nonphylogenetic methods
support an overrepresentation within genomic islands of genes encoding specific types of
functions (e.g., Nakamura et al., 2004; Beiko et al., 2005; Hsiao et al., 2005). Phylogenetic
analysis has revealed that novel metabolic pathways can be assembled from genes laterally
transferred even between bacteria and archaea. For example, Fournier and Gogarten (2008)
have shown that acetoclastic methanogenesis with the Methanosarcina was initiated by
the ancestral acquisition of two clostridial genes, ackA and pta. The successful transfer of
informational genes (sensu Rivera et al., 1998) is generally less common than that of other
gene categories (Wellner et al., 2007), but evidence is still seen for transfer of even core
informational genes including elongation factor 1o (Inagaki et al., 2006) and 16S rDNA
(Yap et al., 1999).

Several studies have assessed the role played by transferred genes in metabolic net-
works. P4l et al. (2005) found that whereas LGT plays a much greater role than gene
duplication in producing metabolic innovations in E. coli, acquired genes were much more
likely to map to the periphery of metabolic networks. Lercher and Pal (2008) extended
this observation by noting that transferred genes appear to remain at the fringes of net-
works and that they probably acquire only a few additional interaction partners over time.
Such observations support the notion of a metabolic “core” that is highly connected by
protein—protein interactions and whose predominant mode of inheritance is vertical rather
than lateral. However, such core metabolic genes might still be susceptible to replacement
by orthologous copies from other genomes. Transferred genes need to be expressed in the
recipient cell to provide any sort of selective advantage: This requires the presence of
cis-acting sequences such as promoters and operators as well as trans-acting transcription
factors. Accordingly, the majority of genes acquired by E. coli appear to be peripheral in
regulatory as well as in metabolic terms (Cosentino Lagomarsino et al., 2007), although
Price et al. (2008) distinguished between “global” regulators in E. coli such as crp, which
are inherited vertically, and “neighbor” trans-acting regulators that are adjacent to their
regulatory targets and show evidence of acquisition via LGT.

Although these studies are compelling, it is worth highlighting the drawbacks of
generalizing to a broad spectrum of prokaryotic lifestyles when the studies have dealt
largely with E. coli. Kreimer et al. (2008) examined the metabolic network structure and
modularity of over 300 different prokaryotic genomes and showed that the connectivity
patterns as well as the proteins comprising these networks varied dramatically both
between pathogenic and nonpathogenic taxa, and between different types of pathogen—it
is very likely that these differences will strongly influence global patterns of LGT.

4.7.3 Does LGT Support, or Detract from,
the Notion of Microbial Species?

Bacterial species have historically been defined in operational terms, that is, based on their
phenotypic traits of greatest interest. DNA—DNA hybridization dynamics have been used
since the 1970s as a quantitative method to define microbial species, with 70% hybridiza-
tion as the de facto minimum standard for the assignment of two organisms to the same
species. More recently, molecular techniques such as marker gene (e.g., 16S ribosomal
DNA) analysis and multilocus sequence typing (MLST) have been used to quickly assign
species memberships. These genetic differences do not, however, reflect an underlying
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philosophical species concept (Gevers et al., 2005) and furthermore can be undermined
by LGT. Another challenge to microbial species concepts is the need to deal with temporal
aspects of speciation: For instance, Retchless and Lawrence (2007) have proposed that
different genes that are shared by Escherichia and Salmonella likely diverged at different
times over a span of 70 million years. Consequently, rather than the “clean break” that
might be expected during speciation (such as, e.g., that occurring with eukaryotic allopa-
try), Escherichia and Salmonella required tens of millions of years to speciate. What
terminology would have been appropriate to describe the relationship between these two
groups over this long time span?

A species concept can be applied to different prokaryotic lineages to varying degrees,
depending on the particular evolutionary properties of each lineage. A critical question
is the extent to which genomes within a lineage are homogeneous: Tettelin et al. (2005)
proposed that both group A and group B Streptococcus have “open” pan-genomes, since
every lineage sequenced contributed a substantial number of new genes (>25) to the
pool for that genus. A similar analysis of 12 P. marinus genomes also identified that
the members of this species possess open pan-genomes (Kettler et al., 2007). Conversely,
four examined strains of Bacillus anthracis showed very similar gene content, suggesting
a “closed” pan-genome. Furthermore, within lineages such as group A Streptococcus,
genome composition does not correlate with MLST data (which characterize relationships
among “core” housekeeping elements of the genome) or pathogenicity (Medini et al.,
2005; McMillan et al., 2006). While a pan-genome can theoretically be defined for
any set of genomes at any taxonomic level, there might exist “natural” groupings of
organisms that share a common pan-genome, which is qualitatively different from the
genomic composition of their next closest relatives. If such pan-genomes can be discovered,
then a natural microbial species concept may exist that does not depend on the drawing of
arbitrary lines in a series of gradations of evolutionary relatedness. However, if the capacity
for gene sharing among distantly related taxa is sufficiently high, then it may be impossible
to define species based on their propensity toward gene sharing (Gogarten et al., 2002).
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Chapter 5

Statistical Methods for Detecting
the Presence of Natural Selection
in Bacterial Populations

YUN-XIN Fu AND XIAOMING LIU

5.1 INTRODUCTION

Natural selection is one of the most powerful mechanisms determining the fate of a popu-
lation and thus, elucidating the impact of natural selection has always been an important
aspect of population study. Natural selection in the evolution of a population often leaves
traces at the molecular level. Therefore, samples from a population or from multiple related
populations or species can be used to reveal the signature of natural selection. Many times,
various sampling strategies are required to detect the presence of natural selection at dif-
ferent evolutionary time scales. Molecular sequences sampled from sufficiently divergent
populations or species are needed for dissecting natural selection that persists for long
periods of time. In such situations, many nucleotide sites have accumulated multiple muta-
tions so that the relative tendency of nucleotide changes can be evaluated, which provide
the basis for judging if natural selection is an important evolutionary force and if so, the
type of natural selection. A large body of literature exists in this area (e.g., Nielsen and
Yang, 1998; Suzuki and Gojobori, 1999; Yang and Nielsen, 2002).

When one is interested in the evolutionary forces that govern the recent significant
events of a population, including natural selection that is operating on the extant popula-
tion, samples from individuals within the sample populations or within closely related
populations are necessary. One main characteristic of such samples is that most of the
observed polymorphic sites have experienced few mutations or just one mutation. When
studying a pathogen population, it is often necessary to take multiple samples from the
evolving population over a period of time so that molecular changes can be tracked. To
reveal the presence of natural selection from a sample within a population and from lon-
gitudinal samples, a different statistical approach than those used when studying long-term
evolution is needed.

This chapter focuses on statistical methods for detecting the presence of recent natural
selection that can be revealed from within population samples. The review is not meant to
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be comprehensive as we are more interested in statistical tests that are applicable to bacterial
population studies. We will start with the general predictions of the outcome of natural
selection, then describe a few widely used statistical methods and end with the discussion
of some statistical approaches that are specific to the study of bacterial populations.

5.2 NATURAL SELECTION

Due to the haploidy of a bacterial genome, the type of natural selection in a bacterial
population is limited and the outcome is relatively easy to predict: The better allele will
ultimately win. A straightforward classical demonstration of the prediction is as follows.

Consider two alleles, A and a, at a locus of a bacterial population, with fitness W, and
W,, respectively. Suppose the frequency of the two alleles are p, | and g, at generation
t — 1, then in generation ¢ at reproduction time,

W,
P = _ PaWa 5.1
DPraiWa + g, W,

Therefore, the ratio of p, and ¢ is

PeaWa _ =(&)(ﬂj (5.2)
g, W, 9o W, '

Suppose A is the fitter allele (W, > W,), then the ratio will approach infinity as 7 goes to
infinity, which indicates that A will be fixed in the population eventually.

The above demonstration assumes that population size is sufficiently large so that the
formula for p, is accurate. Since typically bacterial population size is large (at least census
size), it is traditionally thought that random drift is not a significant factor. This may be
appropriate when dealing with a situation in which the new allele is sufficiently advanta-
geous over the existing one; however, in reality, it is often difficult to identify an advanta-
geous allele from a snapshot of the population in the form of a sample of DNA sequences,
in which many polymorphic sites are present. Although collectively a bacterial species is
usually large indeed, its population is often geographically structured, and selection may
proceed differently in different local populations in which random genetic drift can become
a significant factor. The observation of many mutations of various frequencies in a sample
of DNA sequences of reasonable length from a bacterial population is a strong indication
that random genetic drift is important in dealing with the recent evolution of bacteria.

When the locus under study is subject to purifying selection, that is, some mutations are
deleterious, the prediction by Equation 5.2 is that their frequencies should decrease each
generation when the population size is infinitely large. However, random genetic drift has
played a significant role in keeping some deleterious mutations in the population longer, and
the signature of such mutations can be found by the pattern of polymorphism in a sample.

5.3 STATISTICAL METHODS FOR DETECTING
THE PRESENCE OF NATURAL SELECTION

5.3.1 Summary Statistics of Polymorphism

There has been a long history in both biological sciences as well as in the statistical field
to gain insight into a scientific query through the use of quantities that summarize impor-



5.3 Statistical Methods for Detecting the Presence of Natural Selection 89

Figure 5.1 A genealogy of six sequences with five
mutations (a—e) since the most recent common ancestor, three
of which (a, b, and ¢) are of size 1, one of which (d) is of size
1 2 3 4 5 6 2, and one of which (e) is of size 4.

tant features of the data. These quantities are commonly known as summary statistics. The
polymorphism in a sample of DNA sequences from a population can be summarized by
a number of summary statistics from which a number of statistical tests have been devel-
oped. Three most widely known summary statistics are the number of distinct alleles (k),
the number of segregating sites (K), and the mean number of nucleotide differences
between two sequences in a sample (I7). A mutation observed in a sample must have
occurred in the genealogy of the sample and can be further classified into size classes,
which are the number of sequences that carry the mutant nucleotide. For a sample of n
sequences, a mutation is thus of size from 1 to n — 1. Most summary statistics can be
expressed as linear functions of the number of mutations of various classes (§;, i = 1, ...,
n — 1). To illustrate the definitions of various summary statistics, consider the following
hypothetical sample of six sequences of 15bps:

1: GAGGCTCTGATCCCA
2: AAGGCTCTGATCCCA
3: AAGGCTCTGATCCCA
4: AAGGTTCTGATCCCA
5: AAGGCTCTGATCTCG
6: AAGGCTCAGATCTCG

which resulted from the genealogy in Fig. 5.1. By direct counting, it is found that k =5,
and from the genealogy, it follows that & =3, &, = 1, and &, = 1, while & = &, = 0. The
number of segregating sites K is equal to five, which is also the number of mutations in
the genealogy. Let d; represent the number of nucleotide differences between sequences
i and j, then it is easy to see, for example, d\, = dj3 = 1, di4 = 2, and the average of all the
d; leads to IT = 2.07.

Under the infinite allele model, that is, every mutation in the population creates a new
allele, the number of distinct alleles, &, in a sample of n sequences has the following dis-
tribution (Ewens, 1972; Karlin and McGregor, 1972):

_ I5:°
Pr(k|©) 5,(0)” (5.3)
where S,(0) =0(0 —1). ... (0 —n + 1) and S, is the coefficient of 6 when S,(0) is expanded
to the polynomial of 0, also known as the Stirling number of the first kind (Abramowitz
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and Stegun, 1965). Furthermore, if n; is the occurrence of allele type i(i = 1, ... , k),

we have nl
Pr(n.,nz,...,nk |k)zm (54)
n LR Le 7

Under the infinite site model (i.e., every mutation occurs in a new site),

K=& +...+¢&,., (5.5)

which in this example leads to K = 3 + 1 + 0 + 1 + 0 = 5. By definition,
2

= D) 2 jd,-j. When there is no recombination, IT can be expressed as
nin— <
2 n-1

M= i(n—1i)&, 5.6

D) Z (n=i)g (5.6)

In this example, we can compute IT from the above formula, which results in IT equal to

2.07. Many potentially useful linear functions of {(i = 1, ... , n — 1) can be defined, for
example,

1
m:—n_l(gl+2§2+"'+(ﬂ-1)§n71), (57)

which is the mean number (or more appropriately corrected) of mutations in a sequence
since the most recent common ancestor (MRCA). Another interesting quantity is
2
n(n—1)
which places a heavier weight on mutations of large sizes. For the example, m = 1.8 and
h =1.53.

When the sample is taken from a population evolving according to the Wright—Fisher
model with constant population size, and all mutations are selectively neutral (the so-called

(B+2%8+ .+ (n=1)E,). (5.8)

neutral Wright-Fisher model), it follows (Fu, 1995) that E(&;) = 2, where E()) represents
i

the mathematical expectation of &;, from which it is easy to show that

E(K)=a,b, (5.9)
E(TT) =, (5.10)
E(m)=0,and (5.11)
E(h)=6, (5.12)

where a, = 1+% +-- ! I Historically, E(K) and E(I]) (as well as their variances) were

n—
first derived without referring to & by Watterson (1975) and Tajima (1983), respectively.
The variances of these summary statistics are as follows:

Var(K)=a,0+b,0 (5.13)

1 2(n*+n+3

Var(I) =71 g+ (i tn+3) 5, (5.14)
3(n-1) 9(n(n-1))

1 1 . .
where b, = 1+2_2+W+W and Var stands for variance. The variances of all the
n—

summary statistics described above as well as their covariance can be derived from those

of E(i=1, ..., n—1). The case of &, is of special interest since &, is a widely used quan-

tity. Fu and Li (1993) shows that
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Var(§1)=9+2{nan—%}ez, (5.15)

while from Fu (2009) (also see Zeng et al., 2006), we have

Var(m)zme-i-(Z(m) (b,,H—l)—lJeZ, (5.16)

Although it is more powerful to use summary statistics that are linear functions of (i = 1,

., n— 1), sometimes the values of & may be difficult to identify. In such cases, it is
preferabletouse n; =&, +&,_, (i =1, ..., n/2) as the building blocks for summary statistics.
Two such summary statistics are K and I1. The variance and covariance between each
pair of M, are given by Fu (1995). For bacterial and viral population studies, often longi-
tudinal samples are taken. In addition to the summary statistic described above, there are
some new informative quantities. One such quantity is the number of private (unique)
mutations to a sample taken at a specific time.

5.3.2 Statistical Test of Neutrality
Based on Summary Statistics

In the presence of natural selection, for example, some of the mutations in the sample are
deleterious, or some are advantageous, or the sequences are from a locus that is linked to
another one, which is the target of natural selection (genetic hitchhiking). The expectation
is that almost all the summary statistics described in the previous section will be changed,
but the extent of change varies from situation to situation, and more importantly from
statistic to statistic.

When there are some deleterious mutations in the locus being sequenced, it is expected
that most of these deleterious mutations are either quickly removed from the population
or are kept in low frequencies. Therefore, summary statistics that are influenced strongly
by low-frequency mutations are expected to be inflated in the presence of deleterious
mutations. To be more specific, in the presence of many deleterious mutations, the number
of singleton mutations (&) will be high. Therefore, summary statistics that weigh heavily
on &, such as &, will be inflated severely. The number of segregating sites (K) is also
expected to be inflated, even more pronounced when compared with I1, which gives much
less weight on mutations of low frequencies.

A similar effect to most summary statistics will be observed if the sample is taken
from a locus that has experienced (or tightly linked to one) a recent fixation of an advanta-
geous allele. This is because when an advantageous allele reaches fixation from an initial
low frequency, it mimics a population whose size is expanding relatively fast; since &,
represents mutations that are on average young in age, a large population size corresponds
to a large value for &,. Similarly, K is expected to be inflated more severely than the value
of I1. However, if the sample is taken at a time before fixation is completed, the sequences
in the sample may fall into two types: one carries the advantageous alleles (or linked to),
and another does not carry the advantageous allele (or linked to). If the advantageous allele
is nearly fixed, the class that carries the advantageous allele will be in high frequency, and
the mutations that separate the two classes of sequences will be in relatively high frequency
as well. Summary statistics that weigh heavily on high-frequency mutant classes will be
inflated; among the summary statistics described above, h, as defined by Equation 5.8, is
one such statistic.
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It should be pointed out that altered expectations of summary statistics are not always
due to the presence of natural selection. As we have mentioned above, a rapidly growing
population can lead to inflated numbers of low-frequency mutants. A structured popula-
tion, on the other hand, will lead to the presence of an excess of mutations of intermediate
frequencies. Therefore, summary statistics such as IT are likely inflated in the presence of
population structure.

The responses of summary statistics to departure from neutrality (i.e., evolving
according to the Wright—Fisher model with constant population size and all mutations are
selectively neutral) lead to a class of statistical tests that is of the form

Ll - L2
Var(L, - L)
where E(L,) = E(L,) = 6 under neutrality, but are likely to be different in the presence of
natural selection. Therefore, a significant departure from zero is taken as evidence against

neutrality. The reason for the denominator is to standardize the test statistic so that it is
not affected by or at least not sensitive to unknown values of 6. Note that

Var(L,— L,)=Var(L,)+ Var(L,)—2Cov(L,, L,), (5.18)

(5.17)

where Cov(L,, L,) stands for the covariance between L, and L,.

Therefore, as long as the variance of two summary statistics and their covariance are
known, the variance of their difference can be computed. Even with the standardization,
such a statistic does not usually follow some standard distribution. Therefore, its critical
values are normally determined from simulated samples, which can be performed easily
using efficient coalescent algorithms.

The first such statistical test was proposed by Tajima (1989) and was known as Tajima’s

K
D test, which has L; = ITand L, = —. The covariance between L, and L, is found by Tajima

an
(1989) as 0 5
+
Cov(L,L,)=—+_"2¢ (5.19)
a, 2na,
To compute the value of the variance, an estimate of 6 is required. In the case of
Tajima’s test, 0 is estimated by —, which is known as Watterson’s estimator
K(K-1)
a+b,
Fu and Li (1993) proposed several tests utilizing rare mutants. Their D test

an
(Watterson, 1975), and 6 is estimated by

K . . .
correspondsto L;=— and L, = &,. For this test, the covariance between L, and L, is

' K

COV(—, glj —0+-4 g, (5.20)
. n—1

Again, to evaluate the variance, 0 is estimated by Watterson’s estimator. Fay and Wu

(2000) proposed a test using L, = I and L, = h, but it turns out that this is equivalent to

a test with L, = I'T and L, = m. The covariance between I1 and m is given by Fu (2009)

(also, see Zeng et al., 2006) as

n+1 +7n2+3n—2—4n(n+l)b,,

(n—1) 2(n-1)°

Another line of statistical tests is to utilize Ewens’ sampling formula (Ewens, 1972;

Karlin and McGregor, 1972). The first well-known test of this type is Watterson’s (1978)

192, (5.21)

Cov(IT, m)= 3
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homozygosity test, which was motivated by that conditional on the number of alleles in
a sample, the frequencies of each allele are independent of population parameter 6. The

test statistic is as follows: )
n;
H= Z(—) : (5.22)
T\

Although Watterson’s test is appropriate when detailed DNA sequence variation is not
available, it is in general less powerful when compared with statistical tests that utilize
such detailed patterns of DNA variation. One way to utilize Ewens’ sampling formulas is
to compare the number of distinct alleles in a sample with a predicted number under certain
assumptions. Given the value of 0, too many k and too few k can be taken as evidence
against neutrality. Fu (1997) proposed to substitute 6 by I, and this led to the following
test:

Fo= 1og(i), (5.23)
1-s

where s =X} Pr(k|0=1IT)and Pr(k|0=1II) is computed by Equation 5.3. This test is

found to be particularly powerful for detecting the access of rare alleles; it is also sensitive

to the presence of recombination.

Most of the statistical tests described above as well as the test to be described in the
next section can be found in a number of popular softwares used for analyzing population
data. These include DnaSP (Librado and Rozas, 2009), Arlequin (Excoffier et al., 2005),
and NeutralityTest (Li and Fu, 2009).

5.3.3 Statistical Test Utilizing Both within
and between Population Variations

The statistical tests described in the previous section utilize only within-sample polymor-
phism; often, samples from multiple closely related species are available, and it is desirable
to utilize interspecific variation as well. There are two well-known tests of the kind known
as the MK test (McDonald and Kreitman, 1991) and the HKA test (Hudson et al., 1987).
We shall describe the MK test in this section.

Consider two closely related populations from each of which a sample of DNA
sequences of a protein-coding region is taken. In the total sample, a polymorphic site may
be such that all the sequences in one sample possess one particular nucleotide, while all
the sequences in the other sample possess another different nucleotide. This type of poly-
morphism is called between-sample variation; otherwise, it is called within-sample varia-
tion. Since the sequences are from a protein-coding region, each polymorphism will be
either a synonymous change or a nonsynonymous change. The pattern of polymorphism
in the total sample can thus be summarized in a 2 X 2 table:

Within sample Between sample
Synonymous a b
Nonsynonymous c d

where a, for example, is the number of polymorphic sites that are both within-sample
variation and synonymous change. When mutations are selectively neutral, it is expected
that the ratio of nonsynonymous and synonymous changes (dN/dS) remains constant over
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time. That is, under neutrality, 4_ s This equality can be tested statistically by a chi-
c
square test, which results in the following test statistic:

- n(ad - be)’ (5.24)

[(a+b)(a+c)(b+d)(c+d)]

where n = a + b + ¢ + d is the total number of polymorphic sites. When n is sufficiently
large, X* can be approximated by a X* variable with one degree of freedom (df). Significantly
large values of X* are taken as evidence against neutrality. Alternatively, the G test or
Fisher’s exact test can be used when n is small. Note that such a test can easily be extended
to more than two species.

Typically, a significant departure in the MK test is caused by an excess of nonsynony-
mous between-sample variation, which is taken as evidence of positive selection in favor
of some amino acid changes. Since MK is a widely applicable and powerful test, its valid-
ity has been a subject of debate. Early debate partially stemmed from confusion of termi-
nology. A discussion can be found in Fu (2000). Eyre-Walker (2002) found that existence
of some deleterious mutations and increasing population sizes can lead to a significant
MK test. Rocha et al. (2006) suggested that for closely related populations, dN/dS depends
on their separation time and that a lag in the removal of slightly deleterious mutations may
explain the change of dN/dS over time. Therefore, caution is also needed for inferences
of selection based on the MK test.

5.4 STATISTICAL METHODS FOR BACTERIAL POPULATIONS
5.4.1 Longitudinal Samples

Longitudinal samples are samples taken at different time points from the same population
(Fig. 5.2). For genetic studies of most organisms with relatively low mutation rates, lon-
gitudinal samples can be pooled together as a single sample taken at the same time, which
simplifies the analysis. The justification of such convention is that the sampling interval
is so small that the possible mutations accumulated on the sequences studied within the
sampling intervals are negligible. However, for fast-evolving organisms, including some
bacteria, some sampling intervals (in years) may be sufficiently long to allow for the
observation of significant genetic change within samples. Although new statistical methods
have been developed for analyzing longitudinal DNA samples (see review by Drummond
et al., 2003), few methods are available for detecting the presence of natural selection. On
the other hand, if longitudinal samples can be safely pooled as a single sample, more
methods for selection detection can be applied (see Sections 5.3.2 and 5.3.3). For longi-
tudinal samples taken from fast-evolving bacterial populations, it is suggested to test
whether there are significant genetic changes between longitudinal samples as the first
step. If not, the samples can be pooled as a single sample and methods for selection detec-
tion for single samples can be used. Otherwise, the methods designed for longitudinal
samples should be applied.

Liu and Fu (2007) proposed several methods for testing genetical isochronism or for
detecting significant genetical heterochronism in longitudinal samples. Here we introduce
a test based on the number of private mutations within samples. Suppose there are two
samples taken from an evolving haploid population at time #, and #, + #, respectively, where
t is the sampling interval in generations. Let n; and n, be the sizes of samples taken at #,
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Figure 5.2 A genealogy of three longitudinal samples,
s1, 52, and 53, sampled at three different time points. Each

sample has three sequences.

and #, + t, respectively. The number of private mutations within a sample is the number
of sites that are not only polymorphic in that sample but are monomorphic in the other
samples. Let K,(i)(i = 1, 2) be the number or private mutations of sample i. Then the test
statistic is

- _ (K= E(K, (D) +(1-0)(K,(2)- E(K,(2))) 525

' JVar(cK (1) +(1-c)K ,(2))

The detailed computation of mean and variance can be found in Liu and Fu (2007),
in which several values of ¢ were compared using simulation. It was found that the test

n;

statistic with ¢, = or ¢;= has the highest power. The significance level

n +n, ni +n;
of the test can be determined by either permutation or coalescent simulation.

If significant genetical heterochronism between longitudinal samples is suggested by
the test, then the samples should not be pooled and analyzed as a single sample.
Unfortunately, there are only a very few studies on detecting potential selection with
longitudinal samples.

Goode et al. (2008) extended Nielsen and Yang’s (1998) codon model for protein-
coding sequences to apply to longitudinal samples. Using their model, nucleic sites can
be assigned to different selection categories (negatively selected, positively selected, and
neutral). However, their method is based on an inferred phylogenetic tree and does not
take into account the uncertainty of phylogeny reconstruction.

Edwards et al. (2006) and later Drummond and Suchard (2008) tried to overcome this
shortcoming and to take into account the uncertainty of the gene genealogy and the param-
eters of the mutation model and the demographic model at the same time. To do so, their
methods sample gene genealogies of the sequences, along with model parameters using a
Markov chain Monte Carlo (MCMC) framework (Drummond et al., 2002). More specifi-
cally, the genealogy and parameters are sampled according to the posterior probability
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distribution Pr(G, Q, 01Y), where G is the gene genealogy, 6 is the mutation parameters,
and Q is the parameter for an exponential growth model. Given each sampled genealogy,
six different statistics are calculated. They include one classic neutrality test statistic (Fu
and Li’s [1993] D-statistic), two measures of branch length distribution (age of the MRCA
and total tree length), and three measures of tree imbalance (Kirkpatrick and Slatkin’s
[1993] B,, McKenzie and Steel’s [2000] C,, and Colless’s [1982] /). With a large number
of genealogies sampled, empirical null distributions of these statistics can be obtained. If
the same statistics observed in the original sample are significantly unlikely to be observed
from the null distributions, the null hypothesis of neutrality is rejected. This method is
theoretically promising, although several caveats need to be considered. First, it assumes
no recombination in the sequences and so far, it is unknown how robust the method is
when recombination cannot be ignored. Second, a large parameter space needs to be
explored, so the power and reliability of the conclusion may be a concern if the sample
size is not large. Third, there are always some technical issues for the application of
MCMC, such as prior choices and convergence detection.

5.4.2 Selection Based on DNA Fingerprints

In the area of studying bacterial populations, DNA fingerprints are often used to determine
the polymorphic level or diversity of the population. Typically, bacteria (or clones, or
strains) were sampled from a population. Then, a specified locus was amplified using
polymerase chain reaction (PCR) for each bacterium. Finally, certain DNA fingerprinting
methods (such as PCR-SSCP and PCR-DGGE) were used to identify the alleles of the
locus (Nocker et al., 2007). If each bacterium can be independently genotyped using DNA
fingerprinting, the frequencies of different alleles n,(i = 1, ... , k) can be directly counted.
Then, Watterson’s homozygosity test (Equation 5.22) can be applied.

Sometimes, the smallest sampling unit may still consist of multiple bacteria. For
example, a host was infected by multiple strains of pathogens, and a sample taken from
that host may contain more than one strain. Targeting this problem, Rannala et al. (2000)
used a Poisson distribution to model the number of strains in each sample and a multino-
mial distribution to model the number of allele copies carried by these strains. Based on
this model, they proposed a maximum likelihood estimator of the allele frequency given
the observed presence/absence frequency of each allele. Anderson and Scheet (2001)
derived another estimator of allele frequency from the same model, and their estimator is
supposed to be less biased when compared to Rannala et al.’s (2000) original estimator.
After the allele frequency is estimated, a similar test based on Ewens’ sampling formulas
can be conducted. However, it is not clear to what extent uncertainty in the allelic frequen-
cies will affect the neutrality test.

5.4.3 Selection Based on the Presence/Absence
of Certain Genomic Islands (Gls)

One important mechanism of bacterial genome evolution is horizontal gene transfer. Many
of the accessory genes transferred by this mechanism form a distinct DNA segment called
GI (Juhas et al., 2009). Studies have shown that GIs may be associated with many impor-
tant adaptive functions, such as pathogenicity, symbiosis, sucrose, aromatic compound
metabolism, mercury resistance, and siderophore synthesis (Juhas et al., 2009). However,
since GIs typically carry various novel genes (no detectable homologues in other species)
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(Hsiao et al., 2005), a statistical test of association between a GI and a phenotype is needed
to detect adaptive GIs. Instead of testing the correlation between the concentration of the
presence/absence of one binary character with the presence/absence of another binary
character, as Maddison (1990)’s concentrated changes test, here we propose a test of
nonrandom copresence/coabsence of two binary characters (one GI, one phenotype, or two
Gls) on branches of a given phylogeny. It is possible to further extend the method by
taking gene genealogy uncertainty into account, as Edwards et al. (2006) and Drummond
and Suchard (2008) did. We assume that in addition to the presence/absence data of Gls
of interest, each strain in the sample is also assayed by other markers, such as multilocus
sequence typing (MLST).

First, a phylogenetic tree is reconstructed using MLST. Then, given the presence/
absence states of the GIs on the external nodes of the tree and the phylogeny, the presence/
absence states of the internal nodes of the tree (ancestors of the sample) can be inferred
using available phylogeny reconstruction programs, such as PAUP* (Swofford, 2003;
http://paup.csit.fsu.edu/), PHYLIP (Felsenstein, 1989; http://evolution.genetics.washing-
ton.edu/phylip/), or PAML (Yang, 2007; http://abacus.gene.ucl.ac.uk/software/paml.
html). Similarly, the presence/absence of certain adaptive phenotypes of the internal nodes
can also be inferred. After the states of the GI or phenotype on internal nodes are inferred,
the number of state change (i.e., presence to absence or absence to presence) events on
the branches of the phylogeny can be counted.

Then some statistical measures of the correlation between the (inferred) phenotype
and the (inferred) GI states are calculated, such as Gini impurity (Breiman et al., 1984).
For example, if we use 0 and 1 to represent the absence or the presence of a particular
trait (GI or phenotype), then ngy, 1y, 1,9, and n;; are the counts of nodes that have both
traits absent, the first absent and the second present, the first present and the second absent,
and both present, respectively. Let ny = ngy + ng;, 1, = nyo + 14y, and n = ny + n,. Then, the
Gini impurity is calculated as

Sl HE Rt Rt

(5.26)

A larger Gini impurity measure means a better correlation. The Gini impurity measure
can be calculated for internal nodes only, external nodes only, and all nodes combined on
the phylogenetic tree.

To test the significance of correlation between a GI and a phenotype, a Monte Carlo
simulation can be used by superimposing the state change events onto the phylogeny while
fixing their number according to their inferred counts using original data (see details
below). For each replication, Gini impurity measures are compared to those calculated
with original data, which are designated as G,. After a large number of replications, the
percent of the replications with a larger Gini impurity measure than G, was counted. This
is the empirical p value for the significance of correlation between the GI and the pheno-
type, with the null hypothesis that the presence/absence events of each trait independently
occur on the phylogeny.

To reasonably simulate the horizontal transfer of the GI, the superimposing process
used in the simulation needs to be carefully designed. The process begins with all nodes
having the same states (0/1) as the root. If the root state is “1,” an absence (deletion) event
is randomly superimposed onto a branch with a probability that equals to its branch length
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divided by the total length of the branches with state “1.” If the root state is “0,” then a
presence (insertion) event is superimposed onto the phylogeny. After an event is super-
imposed onto a branch, all the descendant nodes of the branch change their states accord-
ingly. After an event is superimposed, the probability of whether an insertion or deletion
is the next event to superimpose is determined by the relative ratio of the total length of
the remaining branches with state “0” and state “1.” There are two restrictions of the above
process. One is that the number of insertions/deletions to be superimposed needs to be
fixed to the number of events as inferred using the original data. If an internal node has
undetermined states (due to their equality according to the criteria used in the phylogenetic
algorithm, such as maximum parsimony) within each replication, its state is randomly
assigned while fixing the total number of event changes. The other restriction is that to
superimpose an event, there must be some eligible branches to be superimposed. If we
encounter a situation, such as an insertion event that needs to be superimposed because
the deletion quotas have already dried up, but there are no eligible remaining branches
with state “0,” then we have to stop the process and restart from the beginning. So this
superimposing process is a trial and error simulation. Another limitation of the process is
that it does not allow two events to be superimposed onto the same branch. Further devel-
opments addressing these problems are needed.

5.5 AN EXAMPLE

A recent example of applying various statistical tests described in this chapter is given by
Zhao and Qin (2007). The data set was originally from a study of the phycoerythrin (ppe)
gene in two ecotypes of Prochlorococcus, which are specifically adapted to high light
(HL) or low light (LL) conditions (Steglich et al., 2003). In its original analysis, the authors
only did phylogenetic analysis and found the monophyletic origin of the HL and LL
sequences. They concluded ppe is suitable as a sensitive molecular marker to study
Prochlorococcus populations. Zhao and Qin (2007) reanalyzed the data and applied mul-
tiple methods for selection detection.

Zhao and Qin (2007) applied different intraspecific neutrality tests, including Tajima’s
(1989) D-statistic and Fu and Li’s (1993) D*- and F*-statistics on the HL- and LL-ppeB
locus. They found significant negative values for the tests on HL-ppeB (D = —1.9542,
p <0.01, D* =-4.2708, p < 0.01, F* = —-4.1726, p < 0.01), which suggests an excess of
rare variants probably due to directional selection or population bottleneck. As to the LL
sequences, Tajima’s D showed a marginally significant positive value (D = 3.4205,
p <0.05), suggesting an excess of intermediate variants possibly due to balancing selection
or population subdivision. However, Fu and Li’s D*- and F*-statistics did not show sig-
nificant departure from the expectation under neutrality, although their values are also
positive. Considering the possibility of mutation rate heterogeneity along sites, they also
applied Misawa and Tajima’s D* test (Misawa and Tajima, 1997) on the same data, which
is a modified version of Tajima’s D under the finite site model. D" also showed significant
negative values in the HL-ppeB sequences but no significant departure from neutrality in
the LL-ppeB sequences. A likelihood ratio test for neutrality based on phylogeny (Yang
and Nielsen, 2002) was then conducted. The result confirmed the hypothesis of positive
selection on the HL-ppeB sequences. Besides intraspecific tests, Zhao and Qin (2007) also
conducted interspecific neutrality tests, including the MK test (McDonald and Kreitman,
1991) and the likelihood ratio test mentioned above. The MK test showed an excess of
nonsynonymous fixed substitutions in the ppeB and ppeA loci (Fisher’s exact test,
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p < 0.001), which suggests a positive selection on those loci since the divergence of
Prochlorococcus and Synechococcus. This hypothesis was confirmed using the likelihood
ratio test. By inferring the selection pressures acting on the ppeB loci along with the
functional structural information, the authors conclude that HL- and LL-ppeB should be
under different selective pressures, and positive selection may drive HL-ppeB to obtain a
new function.

5.6 DISCUSSION AND PERSPECTIVE

The theory and statistical methods for detecting the presence of natural selection using
samples from within a population or within closely related populations are reviewed in
this chapter, and several new statistical approaches specifically designed for bacterial
populations, such as for fast-evolving bacterial pathogens and for GIs, are also presented.
While many statistical approaches developed earlier can be applied to bacterial popula-
tions, there is also the need for methods that are more specific to microorganisms, includ-
ing bacterial populations. Longitudinal samples from pathogen populations present some
challenges that are not found in the traditional one-sample analysis. New summary statis-
tics as well as new statistical methods for detecting natural selection for longitudinal
samples likely will be developed in the future. We note that even for a single sample
analysis, there is still considerable room for developing new and useful summary statistics,
some perhaps in the form described in Fu (2009).

Bacterial genomes often evolve by acquiring novel and foreign genomic elements or
sometimes by eliminating some existing segments; such a mechanism many times creates
a pattern of presence/absence of a certain element (GI). How to evaluate the importance
of the presence or absence event is not trivial. Although we have presented a method to
do so, further analysis of this method as well as developing more powerful methods is
desirable.

As far as a statistical approach is concerned, most of the methods described are based
on comparisons between two summary statistics. One useful extension is to consider such
multiple tests simultaneously (e.g., Innan, 2006; Zeng et al., 2006, 2007). Also note that
all such tests of natural selection are based on the comparison of data to the prediction of
the null model, which usually assumes a variation of neutrality. Such an approach in many
ways is desirable since a neutral model is well accepted as the starting point of the data
analysis and can be clearly defined. Because of the nature of such analysis, a significant
departure from the null model should be interpreted by noting that natural selection is
only, albeit important, one of the possible causes. Other causes include population struc-
ture, population growth or shrinkage, and even sampling bias. Biased sampling may be
even more pronounced in studying bacterial pathogens since samples are often based on
opportunity rather than on design. An alternative statistical approach, such as the maximum
likelihood approach or even the Bayesian test (e.g., Drummond and Suchard, 2008), may
be desirable when the situation warrants. This is typically true when a particular alternative
model of evolution can be identified and justified. Statistical tests that take the specific
alternative model into consideration may be more powerful, but one must also be cautious
in the interpretation because a number of different evolutionary models may all fit the data
adequately.

As far as studying infectious diseases is concerned, it is in an exciting stage since
new sequencing technologies (such as pyrosequencing) are capable of generating large
amounts of data. However, analyzing such data also presents a considerable challenge
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(e.g., Eriksson et al., 2008; Rodrigo et al., 2008), which is not unique to the study of
bacterial populations. This is due to the large intrinsic error as well as other uncertainties
in the sequencing. Developing statistical tests based on such data will be desirable as part

of the effort to meet the challenge.
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Chapter 6

Demographic Influences on
Bacterial Population Structure

FraNcoIs BALLOUX

6.1 BACTERIAL POPULATION SIZE

The population structures of pathogenic bacteria are extraordinarily diverse. This variation
is due to the wide range in life histories and niches exploited by different species, but is
also due to the extensive variation in the dynamics of transfer of genes from one genera-
tion to the next. In particular, bacteria occupy the full continuum between strict partheno-
genesis and essentially free genetic recombination, a factor crucial in conditioning the
distribution of genes in time and space. As a consequence, there are few commonalities
between populations of different bacteria. Possibly, the only overarching characteristic
shared between essentially all bacterial populations is their large census sizes. Population
size is a key factor in gene dynamics and population structure as it conditions genetic
diversity at neutral markers, the efficacy and pace of natural selection, as well as the
evolvability of populations.

Bacterial population sizes are indeed mind-boggling. The number of bacteria on Earth
has been estimated around 5 x 10** (Whitman et al., 1998), over a trillion (10'?) times the
number of stars in the universe or 10 trillion times the number of grains of sand on Earth.
Equally extraordinary is the figure of 10'* bacteria carried by each healthy human mainly
in the gut, a figure outnumbering human body cells by ten to one (Berg, 1996). Such
population sizes remain gigantic even after accounting for the fact that these bacteria
belong to multiple species. Several hundred species have been found on the skin (Gao
et al., 2007), and there have been estimates of up to 1000 species in the human gut (Hooper
and Gordon, 2001), even if 30-40 dominant species represent 99% of the intestinal flora
(Savage, 1977). Most of the species routinely found in the human body represent com-
mensals or even symbionts. Opportunistic pathogens are also expected to form immense
population sizes at least in species where an important fraction of strains are potentially
pathogenic. This seems to be the case in Staphylococcus aureus, Neisseria meningitides,
and Streptococcus mutans, which are all present in a large proportion of the human popu-
lation and where many strains seem to be capable to evolve toward pathogenicity merely
accidentally (Herczegh et al., 2008; van Belkum et al., 2009).
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In some facultative pathogens (e.g., Escherichia coli), only a small proportion of
strains are harmful (Wirth et al., 2006). Thus, the size of the infective population is
expected to be much reduced compared to the global bacterial population. The proportion
of strains capable of pathogenicity—together with their capacity to maintain a sustained
epidemic in humans—is also expected to be a major determinant of the population size in
animal pathogens or free-living bacteria for which humans represent only a secondary
niche. For example, Vibrio cholera (the agent of cholera) occurs naturally in large numbers
in the plankton of fresh, brackish, and salt water, and the global population has been
estimated around 10% cells (Thompson et al., 2004; Fraser et al., 2009a); however, only
a small subset of strains is pathogenic (Waldor and Mekalanos, 1996; Karaolis et al.,
1998). Finally, the population sizes of obligate pathogens are directly constrained by the
number of infected carriers and are expected to be smaller except for the most widespread
diseases. But even such populations can be extraordinarily large. For example, there were
an estimated 14.4 million active cases of tuberculosis in 2006 (WHO, 2008), with each
carrier harboring millions, if not billions, of bacteria.

6.2 MEASURES OF GENETIC DIVERSITY

A central tenet of population genetics is that larger populations are expected to maintain
higher neutral genetic diversity (e.g., synonymous polymorphisms). Genetic diversity is
generally measured as the variation in the sequence polymorphism of genes shared between
all individuals in the population under study. The simplest measure of genetic diversity is
that two genes drawn at random from a population are of different allelic types. It is gener-
ally referred to as gene diversity or expected heterozygosity, even if the concept of het-
erozygosity is obviously not biologically meaningful in haploid organisms:

(1-ﬁp3). (©.1)

The expression simply reads as one minus the sum of the squared frequencies p; for the
k alleles. The sample size is denoted as n, and the (n/n — 1) term is a correction for
small sample size accounting for sampling without replacement. This measure of genetic
diversity can be applied to single polymorphisms (e.g., point mutations or indels) or hap-
lotypes (stretches of DNA sequences including several polymorphic sites). When analyz-
ing multiple markers, gene diversity is simply averaged over loci. Several extensions of
the formula above have been devised specifically for the estimation of genetic diversity
from sequence data. One can measure the average number of differences between pairs
of DNA sequences as

Hp=

n
n—1

k. k
n
m=——"> PpT (6.2)
n—135%
where p; and p; are the frequencies of sequences i and j, and T;; is the number of nucleotide
differences between two sequences. A similar expression can be written for the proportion

of shared nucleotides v;;:
k k
v=—"5Y ppv; (6.3)

n—-135%

In practice, the average genetic distance over all pairs of individuals within a population
is generally used, as this approach allows specifying an underlying model of molecular
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evolution. Variable probabilities can be assigned to the different transitions between
nucleotidic states, and variation in mutation rate among sites can be accounted for
(e.g., Tamura and Nei, 1993).

A complication arises in bacteria because of the highly dynamic nature of bacterial
genomes. For instance, only a small fraction of core genes are shared between different
strains of E. coli (Welch et al., 2002). The recent annotation of 20 E. coli genomes showed
that out of ~18,000 genes observed, only ~2000 were common to all strains (Touchon
et al., 2009). This separation into an essential core and variable “pan-genome” challenges
traditional measures of genetic diversity. While such variation can be modeled in the
context of genome evolution (Didelot et al., 2009), population structuring analyses have
so far been restricted to the variation of genes in the core genome. Population genetics
data will probably be available for pan-genomic variation for some species in the near
future. At that stage, it would be relatively straightforward to consider variation in the
gene complement for instance by measuring the proportion of genes shared between pairs
of individual strains. While this may provide interesting insight into the ecology of various
strains, it will not replace the study of orthologous genes, which allows making inference
on the past genealogy of a population.

6.2.1 Expected and Observed Genetic Diversity

The basic expression of genetic diversity given in Equation 6.1 allows making some rough

quantitative predictions. Indeed, the expected genetic diversity Hy at equilibrium of a

neutral genetic marker with mutation rate per generation L in an idealized random mating
opulation of size N reads

pop 2N,

= . 6.4
1+2N, 9

E

Using this relation, we can make some predictions on the expected genetic diversity of
neutral mutations for hypothetical bacterial populations of different sizes at equilibrium.
We can, for instance, work out the expected genetic diversity of a stretch of 1000 base
pairs (bp) of coding DNA assuming that synonymous mutations are neutral and that all
nonsynonymous mutations are deleterious and will be lost immediately. Estimates for the
mutation rate per nucleotide per division for bacteria lie around 10™'° (Drake et al., 1998;
Ochman et al., 1999; Tago et al., 2005). The probability of a random mutation leading to
a nonsynonymous change has been estimated at 0.761 using the complete genome of the
K12 strain of E. coli (Zhang, 2005). Assuming all nonsynonymous mutations to be delete-
rious and the synonymous ones to be neutral, this would lead to a realized mutation rate
around 2.5 X 107 per nucleotide per division for a coding sequence of 1000bp. We can
conservatively assume that the dominant species have average population sizes of at least
10" per human host. Considering this within-host population in isolation already leads to
an estimate of Hy ~ 1, implying that no pairs of strains are expected to share exactly the
same 1000bp DNA sequence.

The amount of genetic diversity is highly variable between different bacterial species.
Among the well-studied species, the most genetically diverse is the gut bacterium
Helicobacter pylori. Out of 3850 nucleotides located in housekeeping genes, 1418 turned
out to be polymorphic (Falush et al., 2003b), and essentially any isolate genotyped from
unrelated hosts turned out to be unique (Schwarz et al., 2008). This diversity is clearly
exceptional and most pathogenic bacteria have moderate genetic diversities. For 34
species, MultiLocus Sequence Typing (MLST) schemes based on the sequencing of seven
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housekeeping genes are sufficient to identify well-defined sets of strains represented by
multiple isolates (Maiden, 2006). Then there are species characterized by very low genetic
diversity. Such cases include several human pathogens and have been termed “genetically
monomorphic pathogens” by Achtman (2008), as they display very little or essentially no
genetic diversity. This heterogeneous group includes several important pathogens such as
Escherichia coli O157:H7 (Zhang et al., 2006), the agent of plague Yersinia pestis
(Achtman et al., 1999), tuberculosis (the Mycobacterium tuberculosis complex) (Sreevatsan
etal., 1997), the agent of leprosy (Mycobacterium leprae) (Monot et al., 2005), Salmonella
enterica serovar Typhi (Kidgell et al., 2002), and anthrax (Bacillus anthracis).

6.3 THE CONCEPT OF EFFECTIVE POPULATION SIZE

Populations with large census sizes but with low genetic diversity are not unique to bac-
teria. It has been recognized a long time ago that essentially any deviation from an ideal
population model leads to a decrease in genetic diversity. To account for this, Wright
introduced the concept of effective population size nearly 80 years ago (Wright, 1931). It
is defined as the parameter summarizing the amount of genetic drift to which a population
is subjected and quantified as the number of idealized randomly mating individuals, which
experience the same amount of random fluctuations at neutral loci as the population under
scrutiny. The dynamics of idealized randomly mating individuals is described by the
Wright-Fisher model, whose well-studied properties lead to different definitions of the
effective population size depending on whether the quantities of interest are the variance
of change in allelic frequencies or genetic diversity (Whitlock and Barton, 1997).

An alternative way to understand effective population size is to consider the mean
coalescence time instead (the average time taken for a random pair of alleles to coalesce
in a common ancestor), as this quantity is intimately linked to the effective population
size (Slatkin, 1991). In an ideal population size of N individuals, the mean coalescence
time will be N generations back in time (Fig. 6.1). Deviations from the random mating
pattern (e.g., higher variance in reproductive success), population size fluctuations, or
population structuring will have a parallel effect on effective size and mean coalescence
times. Thus, the fluctuations in mean coalescence times along a phylogeny can be used as
a proxy for past demographic fluctuations. Moreover, the concept of mean coalescence
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time is probably more intuitive than effective population size and leads to interesting cross
simplification in analytical work (Balloux et al., 2003).

The effective size of a population is generally much smaller than its census size. For
most plant and animal populations, census size is expected to be one or two orders of
magnitude larger than effective population size (Frankham, 1996). For pathogens such as
viruses, bacteria, or protozoa, this ratio is expected to be much larger. Several of the
features of pathogen populations are expected to reduce effective population drastically.
These include a recent origin due to host shift, variation in population size over time due
to epidemic bursts, the bottlenecks inherent to host-to-host transmission, and the strong
selective pressures induced by host immunity in particular when combined with limited
genomic recombination. In the following, I will explore the main factors that can reduce
effective population size.

6.3.1 Recent Origin

A recent origin would be the most straightforward explanation for reduced genetic
diversity in pathogens (Achtman, 2008). Following a host shift, the founding population
adapting to the new host is expected to undergo a bottleneck or founder event that could
involve only a few or even possibly a single bacterium, thus drastically reducing the
genetic diversity of the population. The population will eventually go back to the equilib-
rium genetic diversity corresponding to its new effective size. However, as this buildup
of genetic diversity relies on the accumulation of new mutations, this is a very slow
process. Thus, if a founding event happened fairly recently, there would not have been
enough time to replenish the genetic diversity of the population.

Acrecent origin could have played a role in all the aforementioned examples of bacteria
with reduced genetic diversity. There is evidence for a possible founder effect accompany-
ing a change in ecological niche associated with the acquisition of two plasmids by the
progenitor of Y. pestis, the agent of plague (Achtman et al., 1999). Another possible
example of recent ancestry is E. coli O157:H7, which is represented by closely related
serotypes and is believed to have arisen as a result of horizontal gene transfer of virulence
factors, some 40,000 years ago (Zhang et al., 2006). Other pathogens with low diversity
are believed to have arisen relatively recently with an estimated age of ~17,000 years
(Van Ert et al., 2007) for anthrax, 10,000-71,000 years (Roumagnac et al., 2006) for
Typhi, and with the origin of the M. tuberculosis complex (M. tuberculosis, Mycobacterium
bovis, Mycobacterium africanum, and Mycobacterium microti) dated at 15,000-20,000
years (Kapur et al., 1994; Sreevatsan et al., 1996, 1997). While all these dates are indica-
tive of a relatively recent origin, these figures have to be taken with some caution as there
is considerable uncertainty around the mutation rates used behind these calculations
(Achtman, 2008). Moreover, while the relatively recent ancestry of these pathogens is
likely to have played a role in their reduced genetic diversity, a recent origin does not
provide a sufficient explanation for their low genetic diversity. For example, H. pylori,
possibly the most genetically diverse bacterium, has been estimated to share a similar age
(54,000-62,000 years; Linz et al., 2007).

6.3.2 Variable Population Size

Few species maintain stable population sizes over extended time periods; this is likely to
be particularly true for pathogens. Population size fluctuations will be affected by changes
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in the host population as well as by environmental conditions. Changes in population sizes
are expected to be particularly dramatic in pathogens characterized by epidemic dynamics.
The effective population (and hence the mean coalescence time) is very sensitive to the
smallest census sizes of a population over time and can be approximated by the harmonic
mean of the census population sizes over generations, which reads

t

-1 17
Z;=oﬁi
where ¢ stands for the time in number of generations and N, is an index for the population
sizes from the first generation considered (N,) to the last parental generation(N, ). The
formula given above is an approximation, and it additionally makes the assumption that
population sizes are uncorrelated over time. However, it helps visualizing the dramatic
effect of small census sizes a lineage may have experienced in the past irrespective of its
average (arithmetic mean) population size. For instance, if we assumed that a population
had the following census size over successive generations: 10,000, 10,000, 10,000, 10, 20,
and 10,000, the effective population (harmonic mean) would be just below 40, despite the
average census size lying around 6672 individuals.

The disproportionate effect of small population sizes on the observed genetic diversity
can be understood more easily when thinking in terms of mean coalescence times. The
probability that two lineages coalesce in the immediately preceding generation is the prob-
ability that they share the same parent. In a haploid population, there are N,_; “potential
parents” in the previous generation, so the probability that two alleles sampled at times ¢
share a parent is 1/(2N,).

Variation in population size will also affect the shape of phylogenetic trees. The shape
of a phylogeny is defined by the topology (the branching order of the taxa) and the length
of the branches, which will be conditioned by the distribution of mutational events along
the tree. As such, the shape of a tree will be affected by past demography. For instance,
a population that underwent a recent demographic expansion will be characterized by a
phylogeny with short branches (Fig. 6.2) and numerous mutations at low frequency on the
tips of the tree. Conversely, populations that have been stable over long evolutionary time
scales will lead to phylogenies with longer branches and mutations that will be shared by
a larger number of strains.
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6.3.3 Outbreaks and Selective Sweeps

The simplest scenario for a rapid population expansion in pathogens is generally referred
to as an outbreak. However, there are also more complex situations where, despite the
rapid expansion of a strain, the population size as a whole remains essentially unchanged.
In such a case, it is the relative frequency of strains that is changing, with a more success-
ful strain replacing others. These could be considered as a form of cryptic outbreak.
Such events of periodic selection, in which a strain recurrently displaces the resident
bacterial population, have been well documented in the lab (Atwood et al., 1951;
Notley-McRobb and Ferenci, 2000). The same phenomenon is believed to be happening
frequently in natural populations and has been invoked to explain the low genetic diversity
of bacteria (Cohan, 2005). Note that similar arguments have been put forward to explain
the lower than expected genetic diversities in organisms with extensive recombination
(Gillespie, 1987, 2001). An important feature is that these selective sweeps well known
to microbiologists concern entire bacteria rather than genes (i.e., total replacement by one
chromosomal linkage group due to complete lack of recombination).

In contrast, a selective sweep has a different meaning for eukaryote geneticists, where
the concept captures the increase in frequency of a specific allele. In the presence of suf-
ficient recombination, the loss of genetic diversity will be limited to the locus under posi-
tive selection and its vicinity. Under extensive recombination, a further signature will be
a progressive loss of genetic diversity with increasing physical distance along the chromo-
some from the locus under selection. This pattern arises because the nucleotides physically
closest to the site under selection had the highest probability to sweep through the popula-
tion together with the positively selected allele, a phenomenon generally referred to as
genetic hitchhiking (Maynard Smith and Haig, 1974). These patterns represent the signal
used by many statistical tests aiming at detecting natural selection in organisms with some
level of genetic recombination (Sabeti et al., 2002; Voight et al., 2006). While this decay
of genetic diversity from the locus under selection can extend over hundreds of kilobases
in eukaryotes, similar patterns will be far more localized under homologous recombina-
tion. Interestingly, selective sweeps specific to particular regions of the genome, similar
to the ones described in eukaryotes, also exist in bacteria. The emergence of BRO-1 and
BRO-2 beta-lactamases in Moraxella catarrhalis is believed to have followed an import
by horizontal gene transfer and to have swept through a large part of the species within a
couple of decades due to antibiotic selection (Bootsma et al., 2000). There are also several
documented examples of antibiotic-driven locus-specific selective sweeps in E. coli
(Milkman et al., 2003; Lescat et al., 2009).

6.3.4 Genetic Recombination and Selection

This brief overview of the concept of outbreaks and selective sweeps exemplifies the
complexity of bacterial population genetics and the crucial role of recombination in the
dynamics of genes. Recombination is generally assumed to be rare in most bacterial
species (e.g., Cohan, 2005). This is likely to be generally true, but the situation is actually
more complex. Given the immense population sizes of bacteria, even minute rates
of recombination can have a dramatic impact on gene dynamics. It is also important to
separate the potential for genetic recombination with its actual effect on the dynamics of
genes; an event of genetic recombination does only leave a genetic trace when it happened
between individuals that are genetically sufficiently differentiated. As an instructive
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parallel, we can consider the situation in human mitochondrial DNA. Human mitochondria
have all the required molecular machinery to recombine (Kraytsberg et al., 2004), and
they probably do so at high rates. However, there is only one case of actual recombination
having been detected (Schwartz and Vissing, 2002), and mitochondrial phylogenies do
not bear the classical hallmarks of recombining DNA sequences (frequent homoplasies
and increasing linkage disequilibrium with physical distance along DNA sequences). The
reason is that mitochondria are inherited strictly maternally and leakage through the pater-
nal line is excessively rare. Moreover, there is a severe bottleneck in the mitochondrial
population passed on from one generation to the next. As such, mitochondrial genetic
diversity within individuals is negligible, and even sustained recombination between the
mitochondrial copies within an individual is unlikely to leave any trace.

The situation is similar in pathogenic bacteria. Homologous genetic recombination
will only leave a trace if it happened between strains that are genetically sufficiently dif-
ferentiated. For strict pathogens, this will require multiple independent infections within
a host. The frequency of such events will vary between species but will probably be
uncommon for most virulent epidemic pathogens. The genetic diversity of coexisting
strains is expected to be particularly low in epidemic species. Strains collected from within
the same outbreak (or sweep) will be genetically very homogeneous due to their recent
common ancestry. If strains from several outbreaks are analyzed jointly, the apportionment
of genetic diversity will be a so-called clonal structure, where sequences form a finite
number of well-defined clusters. This is also a signature of the absence of genetic recom-
bination (Maynard Smith et al., 1993).

Besides, host-to-host transmission will also generally create a strong population
bottleneck. The extent of this population reduction will vary dramatically from species
to species depending on the number of bacteria required for an infection. A single
tuberculosis bacterium is believed to be sufficient to initiate an infection in a healthy host
(Ratcliffe, 1952; Nyka, 1962). Conversely, the infectious dose for cholera ranges from one
million bacteria in certain foods to over one billion bacteria in contaminated water.
Irrespective of this initial transmission bottleneck, the host will harbor a large bacterial
population once the infection has started. Thus, the bacteria introduced through a second-
ary infection will be outnumbered and are unlikely to contribute much to the bacterial
gene pool within the host. Furthermore, the rare recombinants produced may not pass
through the next transmission bottleneck unless they benefit from a fitness advantage.
Thus, the situation where there is a potential for recombination between differentiated
lineages is relatively rare in pathogenic bacteria. Moreover, recombination events will not
systematically affect the evolutionary dynamics of genes because recombination took
place between closely related strains and/or the recombinants did not leave any progeny
themselves.

This impact of recombination is greatly increased when recombinants benefit
from some fitness advantage over the resident population. It is probably no coincidence
that the most striking examples in bacteria of extensive homologous recombination
over short time periods are associated with the spread of antibiotic resistance (Bootsma
et al., 2000; Milkman et al., 2003; Hanage et al., 2009; Lescat et al., 2009). There is also
some evidence that recombination is more widespread in the most pathogenic strains;
this may be due to the higher selective pressure exerted by host immunity on virulent
lineages (Wirth et al., 2006). Outside genomic regions experiencing extraordinary strong
selective pressure, homologous recombination will tend to affect bacterial phylogenies
only over longer evolutionary time periods (Maynard Smith et al., 1993; Feil et al., 2001,
2003).
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6.4 INFERRING PAST DEMOGRAPHY
FROM GENETIC SEQUENCE DATA

As mentioned before, the past demography of a population will affect genetic diversity
and the shape of phylogenetic trees. These signatures can be exploited to infer the past
demography of a genetic sample by fitting an underlying coalescent-based demographic
model to a within-species phylogeny (e.g., Griffiths and Tavare, 1994; Kuhner et al., 1998;
Wilson and Balding, 1998; Beaumont, 1999; Drummond et al., 2002). Over the past years,
the most widely used software for inferences on past demography is BEAST (Drummond
and Rambaut, 2007). It has been extensively applied to the reconstruction of the past
demography of RNA viruses but also of animal mitochondria. Its use in bacteria has been
very limited to date (Eppinger et al., 2006; Roumagnac et al., 2006; Jaenike and Dyer,
2008). The main limitation to the application of such methods is the low genetic diversity
within many bacterial populations. This problem is likely to be alleviated in the near future,
thanks to considerable progress in high-throughput sequencing methods, and there is no
reason to believe methods like the one implemented in BEAST will not be more widely
used in bacterial population genetics.

Despite this potential, there are also reasons why the success in bacterial population
will probably prove more limited than in RNA viruses. These coalescent-based methodolo-
gies are particularly adapted to the reconstruction of simple demographies over short
evolutionary time spans. The most straightforward applications are to disease outbreaks,
where the main questions of interest are the age of the pathogen’s most recent common
ancestor (MRCA) and the basic reproductive rate (R,; the average number of descendents
left by each individual). There are parallel situations in bacteria that would be highly
adequate to such coalescent-based methodologies.

Disease outbreaks are fairly common across nosocomial and foodborne bacteria. For
instance, it might be possible to obtain an even finer picture of the frequency at which
methicillin-resistant Staphylococcus aureus (MRSA) strains arise de novo by mutation
(Enright et al., 2002; Robinson and Enright, 2003; Nubel et al., 2008; Witte et al., 2008)
and to get further insight in the subsequent spread of MRSA lineages using coalescence-
based modeling. However, such methods also have limitations. Foremost, sufficient
polymorphisms must be available. Another limitation is recombination. In the presence of
extensive homologous recombination, different loci will be characterized by different
phylogenies and there will be no single consensus genealogy to recover. Coalescence-
based simulation also do not allow making any inference on the past spatial dynamics
(i.e., they do not allow reconstructing the spatial spread of the lineages). Finally, as for
any quantitative inference in population genetics, great care should be exercised when
selecting genetic markers.

For bacteria with very limited genetic polymorphism, it is tempting to take advantage
of mutation discovery approaches. A limited number of strains are sequenced in depth and
genetic markers are defined on this panel. These polymorphisms are then typed on a larger
sample of strains. While this may sound like a perfectly sensible approach, it is bound to
lead to serious biases affecting later population genetics inferences. The first problem is
that the number of strains used for initial screening is generally small compared to the
final sample and do not contain representatives of all studied populations. As such, this
approach will be limited to the discovery of polymorphisms represented in the discovery
panel. The second problem is that genetic markers are rarely selected at random but
represent a subset that satisfies specific criteria, in particular prior knowledge of them
having high genetic diversity.
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These insidious biases inherent to mutation discovery have been studied extensively
in the field of human genetics where the phenomenon is generally referred to as ascer-
tainment bias (Rogers and Jorde, 1996; Kuhner et al., 2000; Wakeley et al., 2001; Akey
et al., 2003; Bustamante et al., 2005; Romero et al., 2009). An ascertained set of genetic
markers will overestimate the diversity of the strains represented in the discovery panel
and will bias all subsequent population genetics inferences. As there is no satisfying way
to correct for such biases, mutation discovery approaches should be avoided whenever the
objective of the study includes quantitative population genetics inference. If there is really
no alternative to such a procedure, the biases should be minimized by using the largest
and most representative possible panel in the initial stages. Polymorphism selected for
subsequent typing should also be picked up randomly rather than as the most variable set.

6.5 POPULATION SUBDIVISION

There are probably very few species where individuals are randomly distributed over the
entire range or niche. Pathogenic bacteria are no exception to this general rule that related
individuals tend to be clustered in time and space. This pattern will arise through a variety
of factors. First, the geographic distribution of susceptible individuals will generally be
heterogeneous itself. For instance, nosocomial pathogens can spread rapidly within hos-
pital wards due to the high frequency of immunocompromised individuals but are unable
to spread through the general population. If the potential range or niche is geographically
structured, strains will preferentially infect hosts within the same location, and the number
of dispersal events to susceptible individuals in different locations will be low. The relat-
edness of strains found within a locality will be particularly high for species undergoing
periodic clonal outbreaks, as all local strains are likely to share a recent common ancestor
under such epidemic dynamics. An extreme example of epidemic clonal structure as found
in S. aureus is represented in Fig. 6.3a.

When susceptible hosts are distributed more homogeneously, the bacterial population
structure will not necessarily translate into well-defined clusters of related strains. However,
as long as the dispersal capacity of a pathogen is considerably smaller than the entire
distribution range, there may still be a correlation between pairwise relatedness of strains
and geographic proximity, a pattern referred to as isolation by distance (IBD). The strength
of this correlation will depend on a variety of factors linked to the transmission dynamics
but also to the genetics of the species. There can be a complete absence of IBD as in
Salmonella Typhi (Roumagnac et al., 2006), where the genetic relatedness of different
strains seems completely unrelated to their continental origin (Fig. 6.3b). Conversely,
extreme patterns of IBD can be observed for H. pylori (Fig. 6.3¢). In the latter case, they
have been generated by the striking similarities between the spatial distribution of genetic
diversity between H. pylori and its human host, where native populations display very
strong IBD worldwide (Linz et al., 2007). Similar yet less striking correlations between
the genetic structure of human and bacterial populations have been described for tubercu-
losis (M. tuberculosis) (Hershberg et al., 2008; Wirth et al., 2008) and leprosy (Monot
et al., 2005). The general interpretation behind this covariation is that the structure of the
bacterial populations has been shaped by past migration events in human settlement
history.

The differences between the three data sets summarized in Fig. 6.3 run much deeper
than the differences in the large-scale geographic structure. The S. aureus data set in panel
a was analyzed with the eBURST algorithm, which divides an MLST data set into groups
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(a)

(b) ©

Figure 6.3 Representation of three bacterial population structures. (a) eBURST analysis of S. aureus
(courtesy of David Aanensen); (b) minimum spanning tree of worldwide Typhi isolates (reprinted with
permission from Roumagnac et al., 2006, Science 314, 1301-1304); (c) structure output for worldwide strains
of H. pylori (reproduced with permission from Linz et al., 2007, Nature 445, 915-918).

of related isolates and clonal complexes and infers the most likely founding strain for each
clonal complex based on the proportion of identical gene fragments shared between pairs
of strains (Feil et al., 2004; Turner et al., 2007). The Typhi data set was analyzed with a
minimum spanning tree with parsimony-based distances (Fig. 6.3b). Finally, the H. pylori
data set in Fig. 6.3c was analyzed with the software Structure (Pritchard et al., 2000; Falush
et al., 2003a), which infers clusters as random mating populations but allows for individual
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isolates with mixed ancestry to be assigned to multiple clusters. The strong IBD pattern
in H. pylori leads to a high frequency of intermediate genotypes represented by striking
bleeding patterns between clusters.

While in each of these cases the analyses produced striking and biologically meaning-
ful representations of the population subdivision, none of the three data sets would be
amenable to the methodology applied to the two other ones. The eBURST algorithm
applied to S. aureus was specifically devised for epidemic clonal complexes analyzed with
MLST schemes. The minimum spanning tree is an elegant methodological solution for
the analysis of the Typhi data set thanks to the most unusual absence of any homoplasy
in the 88 single-nucleotide polymorphisms (SNPs) analyzed. Finally, the Structure algo-
rithm, which is highly popular in eukaryotic population genetics, could be applied to
H. pylori due to the extensive genetic recombination in this organism. However, it is
unlikely to be adequate for the analysis of population structure in many other bacterial
species. There have been some applications of the Structure algorithm to clonal bacteria
such as tuberculosis or Listeria (e.g., Filliol et al., 2006; Ragon et al., 2008; Wirth et al.,
2008). However, strong correlations in allele frequencies generated by an absence of
recombination clearly violate the underlying assumptions of the methodology and thus
lead to questionable inferences.

6.6 WHAT IS A BACTERIAL POPULATION?

A commonality between the three methods employed to analyze the data sets represented
in Fig. 6.3 is that they do not require a priori grouping of individuals into populations.
Most classical population genetics requires individuals to be assigned into populations.
Ideally, the basic level of population subdivision should represent a level of structure at
which mating is assumed to happen at random. Inference on gene flow can then be reached
using (often implicitly) a model of population structure. The by-default model is the Island
model where random mating populations of equal size are exchanging migrants at a
constant rate with all other populations (Wright, 1931). A further assumption is that
the population is at demographic equilibrium. There are other alternative models such
as the continuous IBD model (Wright, 1943; Malecot, 1948). There are also more complex
models including metapopulation models with local populations arising and going
extinct over time (Levins, 1969), which seem conceptually more adequate for pathogenic
bacteria.

The main problem for the application of any population genetics model is the diffi-
culty to define a bacterial population. The issue is parallel to the problem of the definition
of bacterial species, which has recently received considerable attention in the literature
(Gevers et al., 2005; Achtman and Wagner, 2008; Cohan and Koeppel, 2008; Fraser
et al., 2009a). In the absence of extensive recombination, it is impossible to define popula-
tions as random mating groups. This obviously does not preclude grouping strains into
arbitrary populations depending on the research question investigated. There are a large
number of possible meaningful hierarchical levels at which the grouping may be per-
formed. Bacterial populations can be structured within hosts (Grant et al., 2008), at micro-
geographic levels (Chantratita et al., 2008), and at larger geographic scales (Achtman
et al., 2004; Linz et al., 2007; Hershberg et al., 2008).

The level of grouping that will be chosen will depend on the structure of the popula-
tion and the scientific questions. Meaningful subdivision levels could include strains
collected from human ethnic groups, hospitals, and cities. If the subdivision is arbitrary,
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this largely precludes quantitative population genetics inference. However, the comparison
of the genetic diversity and the pairwise genetic distances between these groups will still
be informative on the genetic similarity and genetic exchanges between the groups.
Additional information can be obtained by correlating the pairwise genetic differentiation
with various environmental factors using Mantel tests. The most classical spatially explicit
analysis is the correlation between genetic distance and geographic isolation indicative of
IBD. However, more sophisticated friction routes can be computed including information
on human travel data to represent connectivity for epidemic species (Fraser et al., 2009b).

One important determinant for population genetic analyses is the quality of the sam-
pling. The availability of strains can be problematic for pathogenic species, and sampling
is often realized in an opportunistic way by analyzing all strains that are available at a
given time. While this is often unavoidable, such data sets are often suboptimal in particu-
lar when sample sizes between the different populations are highly imbalanced. There is
no absolute rule for the ideal sampling strategies of population genetics data sets, but there
are a few rules of thumb.

The populations should be defined with a strict set of invariant criteria. Care should
also be taken to collect a similar number of strains in each population. A hierarchical
sampling strategy (e.g., patients within hospitals within regions within the continent) offers
the most flexibility and the highest chances to detect the important levels of structuring.
The first hierarchical level of sampling should ideally be performed at the lowest possible
biologically meaningful scale, as it is always possible to pool isolates belonging to differ-
ent subsamples at lower hierarchical levels if no population structuring was detected at
that scale.

The ideal sampling scheme should apportion the genetic variance at all relevant levels,
from the smallest spatial units where most individuals are expected to be clone mates to
larger areas encompassing a greater genetic diversity. Sampling at the relevant scale is
crucial for obtaining accurate inferences, and ill-defined a priori sampling units constitute
a major source of misleading results. This will be true regardless of which genetic markers
are assayed and which statistical tests are applied. The sampling strategy should ensure
that there is no hidden genetic structuring within the units defined as subpopulations
to avoid a Wahlund effect, which is known to strongly influence parameter estimates,
such as F-statistics and linkage disequilibrium, and tends to mimic the signal of clonal
reproduction.

Some methods enabling a posteriori partitioning of samples into appropriate biologi-
cal sampling units are available, such as maximization of total genetic variance (Dupanloup
et al., 2002). Alternatively, hierarchical levels that explain a negligible amount of variance
(Excoffier et al., 1992) can be removed. In this context, it can be mentioned that the
Bayesian clustering method implemented in the widely used software Structure (Falush
et al., 2003a) is not ideally suited for organisms reproducing mainly asexually (Drummond
et al. 2003). In addition to spatial subdivision, it is also important to consider possible
temporal structuring. Samples from the geographic locations collected over long periods
of time cannot necessarily be pooled as allele frequencies evolve both over space and time.

6.7 CONCLUSION

Depending on the species, the genomic region, the past demography of the population
analyzed, and the time span over which inferences are made, different methodological
tools are needed. Thus, there is probably no such thing as a unified field of bacterial
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population genetics. When recombination is rare, phylogenetic-based approaches and their
coalescent-based extensions will be the tools of choice. Conversely, in the presence of
recombination, the toolbox of eukaryote geneticists, largely based on summary statistics,
will generally be more adequate. The need to adapt the analytical methodology to the
specific question and the bacterial species under study makes bacterial population genetics
one of the most challenging but also exciting fields.
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Chapter 7

Population Genomics of Bacteria

DAvID S. GUTTMAN AND JOHN STAVRINIDES

7.1 INTRODUCTION

From a single gene taken from a dozen strains in 1990 to a single genome in 2000 to
whole genomes from dozens of strains in 2010, the progress made in genome sequencing
over the past 20 years far exceeds even the most optimistic of expectations. Not surpris-
ingly, microbial genomics has been on the forefront of this advance, and consequently,
our understanding of microbial ecology and evolution has matured immeasurably. These
extraordinary advances permit us to seriously ask what was once only a rhetorical ques-
tion, “What would you do if you could sequence everything?” (Kahvejian et al., 2008).

The advances of the genomics era have brought about dramatic changes in the way
we study and view microbes and microbial populations. The development of cost-effective
and high-throughput sequencing technologies has paved the way for addressing long-
standing and fundamental questions in new and innovative ways. Traditional population
genetic analyses have been expanding from the detailed analysis of only a few specific
loci to whole genome exploration, giving rise to the newly emerging field of population
genomics (Gulcher and Stefansson, 1998; Black et al., 2001; DeLong, 2002, 2004;
Whitaker and Banfield, 2006). Gulcher and colleagues (Gulcher and Stefansson, 1998)
defined population genomics as the study of the evolutionary processes that influence
variation across populations using whole genome data. Population genomics applies estab-
lished population genetic theories and methodologies to whole genome sequences obtained
from multiple individuals that share the potential to exchange genetic material (popula-
tions). It permits the separation of evolutionary forces that affect individual loci (e.g.,
mutation, recombination, selection) from those forces that influence the genome as a whole
(e.g., population bottlenecks, genetic drift) (Black et al., 2001). Genome-wide changes are
more likely to reflect population demographic patterns, while single-gene effects are more
informative for deciphering the selective pressures underlying bacterial adaptation.

We are now well into the post-genomic era dominated by next-generation (next-gen)
sequencing technology. Next-gen platforms can interrogate tens to hundreds of billions of
bases on a single run. A single bacterial genome can be sequenced to high covera