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Sequence data are well established in the reconstruction of the phylo-

genetic and demographic scenarios that have given rise to outbreaks of

viral pathogens. The application of similar methods to bacteria has been

hindered in the main by the lack of high-resolution nucleotide sequence

data from quality samples. Developing and already available genomic

methods have greatly increased the amount of data that can be used to

characterize an isolate and its relationship to others. However, differences

in sequencing platforms and data analysis mean that these enhanced data

come with a cost in terms of portability: results from one laboratory may

not be directly comparable with those from another. Moreover, genomic

data for many bacteria bear the mark of a history including extensive recom-

bination, which has the potential to greatly confound phylogenetic and

coalescent analyses. Here, we discuss the exacting requirements of genomic

epidemiology, and means by which the distorting signal of recombination

can be minimized to permit the leverage of growing datasets of genomic

data from bacterial pathogens.
1. Introduction
A single genome from one isolate of a species provides a snapshot of that

organism at one point in time. It provides evidence on the loci present and

their function, and the relationship of that species (or the loci within it) to

other species. What it does not tell us is anything about the genetic diversity

within the species, and how it is partitioned among lineages or has arisen

over time through the combination of selective and demographic processes.

We can only detect such variation by sequencing multiple genomes, and the

result is the developing field of population genomics.

In the epidemiology of bacterial diseases there are several important ques-

tions that may be answered using such data: how much time has elapsed

since the most recent common ancestor of a sample (or outbreak), have there

been bottlenecks in transmission or with what rate is the population of an emer-

ging pathogen growing? Genomic data also reveal complementary information

on the distribution of variation in gene content, which may impact on both

virulence and drug resistance. Necessary for both types of analysis is a

means of assessing relationships between sequences using polymorphic sites,

typically using phylogenetics or sequence clustering methods. However,

in order to identify the similarities between strains that are a result of verti-

cally inherited variation indicative of recent common descent, two other

sources of polymorphisms must be addressed. The first is the ‘noise’ genera-

ted by inherent errors in sequencing and analysis, which will vary according

to the technology and software used in research. The second is the ‘confound-

ing signal’ of polymorphisms introduced through horizontal transfer of

sequence mediated by both homologous and non-homologous recombination.

We will consider how these can be best handled from the perspective of

molecular epidemiology.

http://crossmark.crossref.org/dialog/?doi=10.1098/rstb.2012.0202&domain=pdf&date_stamp=2013-02-04
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2. Requirements for genomic data in
epidemiology

The ideal data for epidemiology would be robust finished

genomes with confident assignment of single nucleotide

polymorphisms (SNPs), insertions and deletions through-

out, including repetitive regions and plasmids, generated

economically and quickly (this last point being particularly

important for outbreak analysis). Unfortunately, this is not

currently achievable. As technology stands, with the caveat

that it can change quickly, finished genomes come at an

unacceptably slow pace and at considerable cost. Recent

advances in the molecular studies of bacterial genomes are

the result of the ability to economically generate large sets

of short sequence reads using second generation (Illumina,

454 and SOLiD) or third generation (currently, PacBio) tech-

nologies. These can be processed to give draft genome

sequences as is most appropriate for the particular questions

being studied.

In infectious disease epidemiology, this will largely depend

on whether the study is addressing ‘local’ or ‘global’ (or short

and long term) questions [1]. Short term, local questions focus

on very recently diverged isolates, such as are found in an out-

break, and as a result require methods with great resolving

power (as an example, one recent study found isolates from a

single outbreak differing at between 21 and 0 SNPs over

more than 5 Mb of the genome [2]). Longer-term questions

are concerned with deeper relationships, such as the probable

origin of the Haiti outbreak strain of Vibrio cholerae [3], or

whether antibiotic resistant strains on one continent are

derived from those circulating on another [4]. In contrast

with local epidemiology, these are normally considered to

unfold over decades and at national or intercontinental scales.
3. High-resolution approaches for local
epidemiology

For local or outbreak epidemiology, the crucial concern is the

resolving power. In the pre-genomic era, this has been achieved

by focusing on comparatively rapidly accumulating variation,

for example, pulsed field gel electrophoresis (PFGE) [5–7].

For very uniform species, such as Mycobacterium tuberculosis,

even more highly variable markers, such as the numbers of

tandem repeats [8,9] or insertion sequence (IS) elements

[10,11], are required. However, by virtue of their repetitive

nature, such regions are frequently difficult to infer accurately

using the relatively short reads produced by second genera-

tion sequencing technologies. Nevertheless, there is much

excitement around sequencing platforms such as PacBio that

promise to be able to span such regions with single reads

(although these typically have higher per nucleotide error

rates; for further discussion see [12,13]). There is considerable

interest in mixed sequencing strategies that combine data

from multiple platforms, and combine the strengths of each.

Even without access to the information in such repetitive

regions, second generation sequencing technologies are able

to detect differences between closely related strains with

high sensitivity as they can identify SNP variation across a

large fraction of the genome. This has potential as an alterna-

tive source of variation to discriminate between different

lineages [14]. Such data make use of a much greater proportion
of the genome than repeat sequences, and are far better suited

to downstream analyses [15], such as the generation of phylo-

genies. However, very closely related isolates may differ at a

scant handful of SNPs [2]. In the first instance, it is important

to distinguish those strains that constitute a single outbreak

from other co-circulating conspecific bacteria, which can be dif-

ficult when there is little extant variation to detect. For instance,

a recent TB outbreak in British Columbia was found to be com-

posed of two independent lineages spreading concurrently

using genomic data, where analysis of tandem repeats had

indicated the isolates were clonal [14]. Similarly, genomic

analysis of a methicillin-resistant S. aureus outbreak in a UK

hospital was able to discriminate between outbreak and non-

outbreak strains that were genetically indistinguishable by

conventional methods [16].

Analysing variation within outbreaks requires an even

greater level of precision. For instance, the European E. coli
O104 : H4 outbreak in 2011 included strains that could be dis-

tinguished by just 1 SNP [2]. Under such circumstances, it is

necessary to identify polymorphisms with high confidence.

Such analysis is often performed through ‘read mapping’:

the alignment of large numbers of short sequence reads pro-

duced by high-throughput sequencing against a complete

reference genome. SNPs can then be called when the consen-

sus of the multiple reads spanning a particular nucleotide

specifies a different base to that in the reference sequence.

In practice, there is a great deal of variation in the choice of

threshold conditions (e.g. minimum depth of coverage, pro-

portion of reads that must agree to call a consensus base)

that are used to call SNPs. These have to be optimized to

minimize error rates, which must inevitably strike a balance

between false-negatives that will deprive us of a genuine

signal, or false-positives that exaggerate the amount of

SNP variation. Possible sources of such false-positives and

-negatives are summarized in table 1.

At present, comparison of independent analyses is com-

plicated by differences in sequencing technology, quality of

output data, software and parameter choices. Calling variants

by comparison against a reference genome also introduces

specific concerns around the choice of reference, of which

there are a limited number available. Even if the genome is

closely related to the sequenced isolates overall, divergent

loci can cause problems. If they are sufficiently different

from the sequence reads to preclude mapping in the region,

then the method suffers from a loss of specificity through

not being able to extract information from the whole genome.

However, mobile genetic elements (MGEs) can cause the

converse problem, as their ability to introduce paralogous

sequence at multiple loci, in conjunction with their highly

dynamic nature, can lead to reads being mapped against

non-homologous sequence. This leads to a fall in specificity

owing to the introduction of false-positive polymorphisms

through misalignment.

While it is important that all analyses are tailored to the

species and collection under consideration, there are advan-

tages to applying a consistent set of standards. Making

processed genomic data more easily comparable would

greatly enhance the portability of those data, meaning that

results from one laboratory may be confidently compared

with those from others. This has been a perennial issue in

epidemiology [17–19]. Before Sanger sequencing became

commonplace and widely available, epidemiologists were

forced to use methods that characterize genomic diversity



Table 1. Summary of the processes that generate variation in genomic alignments in epidemiology. It should be noted that of these, point mutations inherited
clonally should form the basis of any phylogenetic analysis.

processes

true variation point mutation

insertions and deletions (tandem repeats/homopolymers, etc)

homologous recombination

mobile genetic elements

false-positives SNPs generated in vitro

mapping errors (frequently associated with repeat sequences)

systematic sequencing errors

‘ectopic’ mapping—reads mapped to paralogous rather than homologous loci in reference.

poor filters

false-negatives failure to assemble repetitive regions

systematic sequencing errors

poor filters

distantly related reference sequence, such that variants cannot be called throughout the genome
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by recording the mobility of proteins or DNA fragments

separated by electrophoresis (such as PFGE or multilocus

enzyme electrophoresis). The data from such methods have

long been recognized as flawed because of the difficulty of

comparing results among laboratories (despite attempts

to standardize methods [7]). In response, the multi-locus

sequence typing (MLST) approach was developed to detect

sequence variation at a small fraction of the genome—

typically seven loci—and use it to characterize and define

the strain [1,19]: alleles at the MLST loci can usually be unam-

biguously determined by Sanger sequencing and compared

with online databases. However, MLST is limited by the

fact that it uses such a small fraction of the genome; hence

the availability of an equivalent system for genome sequences

would be a great improvement.
4. Genomes in long term or global epidemiology
The experience of the MLST databases demonstrates that

community contributions to a common resource can generate

large and valuable datasets [20]. And while the resulting

samples are flawed (being voluntary contributions rather

than the results of systematic surveillance, and hence biased

for population genetic purposes) they are far better than

none at all. However, the optimal form of the processed geno-

mic data that could be made available is not clear. Where no

appropriate reference sequence is available for mapping, or

the samples being analysed are too diverse for such a tech-

nique to produce precise results, comparisons of de novo

draft genome assemblies may be more appropriate. However,

such sequences are inevitably imperfect, and their usefulness

is further limited by the difficulty of multiple genome align-

ment. Hence, studies of diverse collections of bacteria have

often resorted to identifying and aligning groups of ortholo-

gous genes, resulting in data that resemble whole genome

MLST schemes [21] that nevertheless show potential for use

even in local outbreak resolution [22].

Given that methods for such large-scale analysis exist,

the growing use of genome sequencing to inform infection
control in individual hospitals [16] and communities [14]

could thus be combined into a semi-systematic dataset that

would constitute a broader dataset for following the more

‘global’ concerns of epidemiology. Such an approach has

had success in taking local surveillance data on antibiotic

resistance, and making it more globally relevant through

international programs such as WHOnet, designed to stan-

dardize and improve practice in measuring resistance in

clinical laboratories [23–25] but with potential for additional

functions including outbreak detection [26]. It is reasonable

to think a similar approach could be beneficial for genomics.
5. The importance of context
Global datasets can also be used to inform local epidemiol-

ogy. Following an outbreak of disease, investigators

frequently wish to know where it originated. Comparisons

of outbreak genomes with others that have already been

sequenced can shed light on this, but such comparisons

require a larger sample so that the outbreak can be placed

in context. Following the cholera epidemic that arose in

Haiti following the 2010 earthquake [27], rumours suggested

that peacekeepers from Nepal, a region of endemic cholera

transmission, travelling as part of the United Nations relief

operation could have inadvertently introduced the outbreak

strain. Genome sequencing confirmed a close relationship

between the Haiti outbreak strain and recent V. cholerae
isolates from Nepal, consistent with this hypothesis [28].

It should be noted that existing samples of diversity are not

such that we can definitively link the outbreak to Nepal

through sequence data alone—although strong evidence sup-

ports a South Asian origin, closely related genomes have also

been sampled from Cameroon [29]. However, the combi-

nation of traditional and genomic epidemiology suggests a

probable Nepalese origin [3,30].

Another example is the large E. coli O104 : H4 outbreak

that took place in northern Europe in the summer of 2011

[31]. Following the rapid determination of a genome

sequence for the outbreak strain [32], the closest known
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relative for which genome sequence was available was found

to be an O104 : H4 isolate from the Central African Republic

[33]. The outbreak was linked to a sprout farm in Lower

Saxony and specifically a shipment of fenugreek seeds orig-

inating from Egypt [34] (another smaller outbreak in France

was traced back to the same shipment [35]). The link to the

African isolate could be taken to be consistent with the

hypothesis that contamination occurred in Egypt, but we

should be very wary of drawing links between samples

from such different locations, and from a region (North

Africa) from which very few samples are available. We do

not have a sufficient sample of the diversity of O104 : H4

strains to be confident that such phylogeographical con-

clusions would not be spurious. Other isolates with similar

PFGE profiles had been reported [36], but had not been

sequenced prior to the outbreak. We lack the necessary con-

text that would be provided by a better sample of E. coli
diversity in Africa, or indeed anywhere else. Genomes from

such a small number of isolates may be valuable in defining

the gene content of the outbreak strain and the molecular

roots of virulence [37], but we should be cautious of simple

epidemiological conclusions.
6. Recombination
Inevitably, any effort to track the movement of bacteria using

sequence data risks being confounded by the movement of

sequence between bacteria. It was long thought that recombi-

nation, with the exception of plasmid transfer, did not

happen in bacteria. However, this is not the case. Unlike

sexually producing eukaryotes in which recombination typi-

cally occurs through the reciprocal exchange of genetic

material at meiosis, in bacteria genetic material can be trans-

ferred non-reciprocally between members of the same or

different named species. In some cases, usually described

as horizontal gene transfer (HGT), recombination can insert

genes with functions that were not originally present in the

recipient strain. In others, relatively short tracts of DNA hom-

ologous to those that they replace are acquired in a process

similar to gene conversion.

The contribution of recombination to the evolution of

many bacteria is now well recognized [18], as is the potential

for recombination to confound phylogenetic reconstruc-

tion or even render it impossible beyond very short linkage

differences [38]. Because a single recombination event can

introduce multiple polymorphisms, it will confound attempts

to accurately measure the rate with which substitutions arise

by mutation. If recombination occurs at an approximately

homogenous rate relative to substitutions, and each event

increases a taxon’s divergence from the common ancestor,

then using samples collected over time it may be possible

to deduce a combined rate of recombination and substitution

over the course of a lineage’s evolution. This will result in a

measurably evolving population [39], in which the rate of

divergence is a statistical property of how genetic distance

between two isolates relates to the time since they shared a

common ancestor, rather than a mechanistic statement

about mutation rates. However, recombination has the poten-

tial to disrupt or destroy any correlation between time and

divergence, and it is clear that the frequency of recombination

can be highly irregular [40] and the number of polymorphisms

that may be imported [41] can be highly variable. This has the
potential to obscure any correlation between divergence and

time since a common ancestor [42]. Furthermore, recombina-

tion between two lineages in the dataset will also produce

spurious similarities between them, making them appear

more closely related than they are in reality [43], and thereby

scramble phylogenetic signal. The resulting incorrect tree

topology will further bias estimates of clock rates.

Indeed, a classic study of sequences of housekeeping loci

in six bacterial pathogens found that in four of them, the phy-

logeny of one locus was no more similar to that of others than

would be expected by chance [38]. It was concluded that the

rate of homologous recombination was such that it had oblit-

erated all phylogenetic signal beyond the relatively short

term. An attractive and powerful way of handling this pro-

blem is to somehow identify those sites in an alignment

that have been introduced by recombination and remove

them. What is left will then reflect the ‘clonal frame’—being

those sites at which observed variation is the result of vertical

inheritance and reflects recent common descent. These may

then be used to estimate phylogenies free of the distorting

influence of recombination.

ClonalFrame, a statistical model for the identification and

removal of recombinant sequence from MLST data, was

described in an influential paper attempting to deal with

the problems outlined above [44]. This software uses a Baye-

sian approach to fit a sophisticated model of evolution to a set

of sequences using a Markov chain Monte Carlo (MCMC)

method. Recombination events are identified as segments

of the alignment containing an atypically high density of

polymorphisms, similar in principle to Sawyer’s Runs Test

[45]. However, as the model contains a large number of par-

ameters, the algorithm is very slow with large whole genome

datasets. Hence simpler, faster methods that take a similar

approach to identifying SNP-dense regions have recently

been developed and applied to large genome datasets of

two lineages of S. pneumoniae [40,42].

As all of these methods rely on identifying regions with

a high density of SNPs, they are appropriate for the analysis

of closely related isolates. As isolates in such collections

share a recent common ancestor, there is a relatively low

background level of SNPs caused by point mutation, and

there has been little time for selection to skew these SNPs

away from a uniform distribution around the chromosome.

This makes high densities of SNPs acquired through

sequence import easy to identify. However, such methods

need to be modified for the analysis of the more distantly

related isolates that need to be compared to answer more

long term, global epidemiological questions. Such collections

encompass the diversity typically expected between donor

and recipient in recombination events, hence the density

of polymorphisms distinguishing taxa is not necessarily

expected to be higher than average in regions corresponding to

recently occurring recombinations. Hence, it is no longer poss-

ible to identify recombinations through spatial arrangements

of SNPs alone.

Algorithms that address this problem by identifying

recombinations as regions of unexpectedly high similarity

between recipients and potential donors have been applied

in order to detect sequence exchange between branches of a

phylogeny. This is achieved by the program ClonalOrigin

[46] through post-processing of the output of ClonalFrame,

and as such is dependent on a successful ClonalFrame analy-

sis. Localized regions of sequence where the same mutations
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are observed to occur in parallel on different branches of the

tree suggest there is likely to have been an exchange of DNA

in the history of the studied collection. Such an approach has

been used to trace the history of a diverse collection of

Chlamydia trachomatis isolates [47].

An alternative approach has been implemented within a

rapidly converging Bayesian framework by the program

NextGenBRAT [48], which initially defines populations

characterized by distinct allele frequencies in the data, and

then seeks evidence in each sequence for runs of polymorph-

isms (i.e. alleles) that are characteristic of populations other

than the presumed ancestral one. All methods that look for

exchange of sequence occurring in the history of a set of iso-

lates provide useful information on the pairings involved in,

and directionality of, recombination. Yet the caveat remains

that the power to detect these recombinations is reliant on iso-

lates closely related to the donor and recipient being present

in the collection. Hence, as with determining the geographi-

cal source of an isolate, identifying the bacterial source of

DNA is limited by the original sampling.

Finally, we should recall that while recombination is

usually considered a nuisance that impedes straightforward

analysis, it is just as much a record of the evolutionary history

of a genome as mutation, albeit being more difficult to inter-

pret. Recombinant sequence may be of special interest to

epidemiologists because it confers attributes such as drug

resistance, or because it can reflect contact between the

donor and the recipient strain. However, as the interpretation

of horizontally transferred regions is complicated by the huge

diversity of MGEs [49] and the highly variable, mosaic form

of homologous recombination [41], exploiting rather than

removing the signal of recombination will be a challenge.
7. Concluding remarks
The potential for genomic data to improve and inform the

epidemiology of bacterial pathogens is vast, but whether it

is realized will depend on the issues of context and consist-

ency discussed above.

Our ability to place a genome into its proper evolutionary

context, understanding its probable origins, and the processes

that have given rise to it (and any associated properties such

as virulence) all depend on sampling. At present, we have

an extremely narrow and biased sample of the relevant diver-

sity. As such, efforts to improve sampling must be supported.

While this is an important goal, another one linked to it is

care in the interpretation of results. We will only be able to

accurately define ancestry with larger, better samples con-

taining bacteria that share a recent common ancestor with

the isolate of interest.

How these samples should be sequenced is another chal-

lenge in the form of the diverse sequencing platforms and

approaches to analysis. Two samples of the same organism,

sequenced by different methods, can yield drastically different

results [2,37]. Hence, there are advantages to introducing a

degree of consistency, in order to facilitate easier comparisons

of results between publications or studies [17]. A lesson from

the success of prior methods, notably MLST, is that consistency

also leads to larger samples, and thereby allows data collected

for answering local questions to be applied to global analyses.

While making raw data available to other researchers is already

required for publication in most cases, releasing processed
forms would greatly enhance its practical availability to a

large proportion of the research community. Yet there is little

incentive for such public release of processed data at present,

although this is a point that could be addressed by funding

bodies or journals.

Developing a standard approach is likely to be highly

problematic, however, with so many competing alternatives.

Objective evaluations of different sequencing platforms [12]

and analysis algorithms (e.g. the ‘Assemblathon’ [50]) are

valuable, but bacteria with different genetic and epidemiolo-

gical characteristics may merit different approaches. Any

standard method would need to be under frequent review,

as the quality and quantity of genome data continue to

improve, and the sophistication and effectiveness of novel

algorithms facilitates more detailed and accurate analysis.

Otherwise, consistency may come at the cost of stagnation

of analysis techniques and therefore suboptimal use of the

available data.

Making the best use of the data is crucial for robust infer-

ence of relationships between isolates. This is crucial for

constructing phylogenies, calculating clock rates and under-

standing population structure. Our attempts to clean our

data of these sources of the confounding signal of recombina-

tion and the noise of sequencing and analysis errors are

inevitably imperfect. This re-emphasizes the utility of apply-

ing consistent methods to data of consistent quality. In so

doing, we generate alignments in which the effects of noise

are uniformly distributed between the data. Once such

filters have been applied, the output statistics will be limited

in their application to the proportion of the genome that can

be accurately inferred at a high level of confidence given

these constraints.

Yet even with perfect sequences there are still limitations.

It is notable that the way molecular epidemiologists dealt

with recombination in the pre-genomic era was to focus atten-

tion on the very tips of the tree [51]. For all the greater

resolution afforded by genomic data, this remains the case

as we examine individual lineages. We, as yet, have no

decent way of reconstructing the ancestral recombination

graph for diverse genomic datasets; hence, while recombina-

tion can be satisfactorily dealt with in outbreak analyses, it

remains a problem when approaching more global questions.

In fact, this may not be possible. In a sample of 240 genomes

from just one antibiotic resistant clone, 74 per cent of the

genome had been replaced by recombination in at least

one isolate [42]. The inescapable conclusion is that, given

the rates of recombination that are believed to be characteri-

stic of pneumococcus and some other species, the clonal

frame will shrink as additional strains are added and dwindle

to nothing. In other words, there will be no sites that have been

solely inherited by vertical descent since the most recent

common ancestor of any sample of reasonable size. This is

not a barrier to the epidemiology of the pathogen, which

focuses on relatively recent events, but it is a rebuke to the pre-

tense that we will always be able to adequately resolve deep

branching lineages in recombinogenic organisms.
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