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Abstract

Phylogenetic analysis of bacterial strains has been used in a number of clinical applications including
outbreak detection of bacterial strains. The decrease in both time and cost of sequencing full genomes
has resulted in much larger data sets, with higher resolution, which has generated the need for new
and efficient computational phylogenetic methods. In particular, to match the change from multi-locus
sequence typing (MLST) to full genome data, giving approximately 1000-times more information, efficient,
genome-wide simulation methods are required. Recombination is known to complicate phylogenetic
inference, therefore by developing an efficient bacterial genome evolution simulator with homologous
recombination we can test the accuracy of a number of techniques aimed at reconstructing the ancestries

of samples.

Introduction

Sequencing of bacterial genomes has rapidly become more cost-effective in recent years, allowing for greater genetic
detail when analysing bacteria such as Escherichia coli and Staphylococcus aureus [1, 2]. With the increased facility
with which DNA sequences can be extracted have come a number of phylogenetic tools designed to infer the genealogies
underlying the ancestries of the samples. These genealogies have been further used in a number of clinical applications
including outbreak detection [3] or detecting the phylogenetic context for emergence of levels of strain virulence [4, 5].
The inferred ancestries of species have a great number of uses when identifying the species or strain of unknown sequences
and the age of strains, given by the phylogeny, offers insight into the origin of strains. Phylogenies can also be used to
identify the geographical origin of strains, to study selective forces such as in drug resistance and phenotype-genotype

associations via ‘phylogeography’ [6].
The Coalescent Model

The coalescent process has been established as a statistical model for genealogical relationships under which one
can simulate the ancestries of lineages within a population. The Kingman Coalescent model [7] can be thought of as
a generative model, simulating genealogies backward in time, with genealogies coalescing with rate (g) per generation,
where k is the number of lineages present in the current sample, with each pair of lineages equally likely to coalesce.
Forward in time, a coalescent event is a reproduction event producing two separate lineages within the species. An
example of a coalescent tree can be seen in Figure 1 with the three samples traced back to the Most Recent Common
Ancestor (MRCA) of the three sampled lineages. By tracing the length of each branch of the tree, we are able to calculate
the ancestral distance between present day lineages of different species. On each branch of the coalescent tree, mutations
are often assumed to occur as a Poisson process with rate /2, where § = 2N, is the given mutation rate. Here, N, is
the effective population size and p is the mutation rate per site per generation. This method of coalescence and mutation
creates genetic diversity in the sampled population, with those lineages further from each other in the coalescent tree

likely to be separated by more mutations than those lineages closer together.

Coalescent theory can be used to estimate key evolutionary parameters [8] such as mutation rate, 6, via the Watterson
estimator [9], Tajima’s D [10] or Bayesian likelihood-based inference, e.g. [11], the age of the MRCA [12, 13, 14] or
the recombination rate, p [15, 16, 17]. Estimating these quantities for a phylogeny gives an indication of how much
recombination certain species undergo, the different mutation rates experienced across species and can identify a strain

as the source of certain phenotypic traits.
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Fig. 1: Example of a homoplasy. A demonstrates the same mutation occurring on two lineages, resulting in two sequences with
the same mutation from C—G at the third site arising through two separate mutations events (1) and (2). B demonstrates the
same sequences arising through a single mutation (1) followed by a recombination event (2) where the fourth lineage acts as the

donor and the second sequences receives the mutated site as part of the recombinant interval.

Tree Reconstruction

A number of techniques have been developed for reconstructing ancestral lineages using sequence data. Three tech-
niques used here are Unweighted-Pair Group Method with Arithmetic Means (UPGMA) [18], Neighbor Joining (NJ) [19]
and Maximum Likelihood (ML) [20]. Tree topology can be constructed backward in time by coalescing those lineages
which have highest similarity at the sequence level. Under UPGMA and NJ this takes the form of a scoring matrix, where
the distance between each sequence is determined by a metric calculating the pair-wise genetic distance between each
sequence. The Maximum Likelihood approach attempts to find the tree that gives the highest probability of observing
the data. RAxML [21] performs this by adding lineages one at a time and relaxing branch lengths, giving the tree as the
phylogeny with highest likelihood. By estimating the mutation rate, the length of each branch can be further inferred by

finding the value which best corresponds to the sequence data.

Homologous Recombination

Bacterial species do not undergo the same methods of gene sharing as is common in Eukaryotes as they do not
reproduce sexually, meaning there is no mixing of DNA sequences between parents. Bacteria, however, reproduce clonally
by ‘binary fission’, with all of the genetic material coming from one parent. Homologous recombination, however, allows for
facultative exchange of DNA between two cells, whereby short fragments of DNA can be shared or transmitted. There
are three main methods by which bacteria undergo homologous recombination: transduction (where a virus transfers
DNA from one cell to another), transformation (where DNA is taken up by a recipient cell from its surroundings) and
conjugation (which requires contact between the donor and recipient cells, where the DNA fragment is transferred from
one cell to another via a pilus bridging the two cells) [22].

This is a key aspect of gene transfer in bacteria: Homologous recombination occurs not just between isolates from
the same bacterial species at varying rates [23], but also between different bacterial strains, allowing for wider genetic
diversity [24]. The rate at which bacteria undergo both within- and between-species recombination varies largely from

species-to-species [23], with some bacteria sharing large portions of their genetic material with other bacterial strains.

The introduction of recombination to the standard coalescent model creates two events that can occur in the history:
a coalescent event or a recombinant event. Backward in time, a recombinant event manifests itself as a lineage splitting

into two parent lineages, a donor and a recipient. A larger number of recombination events results in more lineages in the



simulated graph, increasing the height of the graph and thus the time taken to simulate. We will refer to the coalescent

tree with recombination as the Ancestral Recombination Graph (ARG).

The Clonal Frame

The clonal frame [25] is defined as the phylogeny of the sites that have not undergone recombination in each lineage.
Under the model of homologous recombination described above, this can be described as the ancestry of the recipient
lineages, excluding those lineages donating DNA fragments. Under the standard neutral model with bacterial recombi-
nation, the clonal frame follows the standard coalescent model [26]. If a bacterial species undergoes many recombination
events, it is expected that the small number of sites contained in the clonal frame will result in a poor estimate of the
clonal frame by conventional phylogenetic methods. Recent results, however, found that up to a moderate recombination
rate of 1% per-site, per-generation, reconstruction of the clonal frame using standard methods was remarkably accurate
with >97% accuracy in reconstructing the topology of the clonal frame [27]. Here, we aim to further test this finding by

performing phylogenetic reconstruction under simulated datasets with higher recombination rates.

Homoplasies

Under the infinite-sites assumption [28], one expects only one mutation at any site in the genome in a species’ lineage.
This is motivated by the relatively small number of mutations evidenced in a species genealogy compared to its genome
size. A number of phylogenetic tools incorporate this assumption, but is an approximation of the truth, given the finite
length of the genomes. This implies that any site variation must be due to a single mutation at some point in the
ancestry of the species of interest. Any site variation that requires two or more mutations on the clonal frame to explain
the variation is called a homoplasy and can only be explained by a recombination event under the infinite-sites assumption
(Fig. 1). Although only an approximation, this is useful for detecting recombinant events when both the sequences and
the clonal frame are known. By detecting the number of homoplasic events that have occurred in the ancestry of a set of

bacterial strains, we can infer the prevalence of recombinant events in the past.

Methods

To simulate the evolution of the bacterial population, an ARG is simulated to determine the recombinant breaks for
recombinant lineages and coalescent events. The ARG includes both those lineages in the clonal frame, but also includes
"donor’ lineages responsible for the DNA fragments imported during recombination events. Working backwards in time,
starting with the lineages in the present-day sample, the time to next coalescent event is distributed as an exponential
distribution with rate (g) where k is the number of lineages currently in the sample. The time to next recombinant event

is traditionally distributed exponentially with rate kp/2 where p is the recombination rate per generation per lineage.

Comparison to SimMLST

We wish to test the accuracy of existing phylogenetic tools under homologous recombination and as such require a
simulator of bacterial genomes under a model of coalescence and recombination. The work carried out here was designed
to extend the software SImMMLST [29] which was built to simulate multilocus sequence typing (MLST) data of usually a
few (~7) 450-500bp fragments [30]. As such, SimMLST takes a long time to simulate entire genomes. Here we present
SimBac, which has been built with several new features, allowing efficient simulation of whole-genome data.

In SimBac, we assume a circular genome reflecting the usual state of affairs found in bacteria. If loci, rather than the
entire genome are chosen to be simulated, the user can define a finite distance separating each fragment, as opposed to
independent loci, as in SimMLST. A new addition is the introduction of recombination events from external species to
the ARG. These events are simulated similarly to internal, within-species recombination events, however the recombinant
intervals created this way undergo a high rate of mutation to simulate the foreign sequence being introduced to the lineage.
Figure 2 shows an example ARG with external recombination. The imported fragment (shown in red) is inherited by all

subsequent lineages in the ARG.
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Fig. 2: Examples of Ancestral Recombination Graphs (ARGs). The Nodes represent lineages and the events that make up the
ARG. A shows the clonal frame in black, with the non-clonal lineage in grey and a recombinant event involving an external species
in red. B shows the ancestral material in each lineage of the ARG. The ancestral material is shown at each node in grey. Material
shown in red represents genetic material imported from an external species. The graphs were written in the DOT language [34]
and adapted from SimMLST [29].

To reduce the time and memory used storing the ancestral information at each lineage of the ARG, the ancestral
material is stored as a set of intervals, instead of as boolean vectors with length equal to the length of the genome, which
can be very large. Under this implementation each lineage requires less memory to store the genetic material currently
present. In particular, it allows for fast checking of fully-coalesced material, which can be removed from the ARG. Finally,
in order to avoid rejection sampling, as used in SInMLST, of recombinant events that arise when recombination events do
not intersect the ancestral material present as the chosen lineage, the recombination rates and probabilities are calculated

as follows.

Not all genetic material contained in each lineage will be ancestral to the genomes of the sampled individuals. As such,
the ancestral material of each lineage is defined as the set of nucleotides in the genome that are ancestral to at least one
of the sampled lineages. As we are only interested in the recombination events that affect the ancestral material in the
present-day lineages, we wish to avoid simulating any recombinant events that do not fall into this criterion. For lineages
in the clonal frame, we wish to include any recombinant intervals that intersect the ancestral material in the lineage. For
non-clonal lineages we only include recombinant events where the recombinant interval intersects the ancestral material
and splits the ancestral material in two non-empty sets, avoiding any events where the recombinant interval contains all
of the ancestral material present in the lineage. We simulate recombination events in a clonal lineage in which the entire
ancestral material is recombinant as we are still interested in clonal lineages which do not contain any of the ancestral

material and indeed we expect this at very high recombination rates.

For each lineage, the ancestral material is made up of a set of intervals Iy, ..., I, where I; = [s;, e;] and the length of
each interval is given by L; = e; — s; + 1. To take into account the circularity of the bacterial genome, define eg = e, — G,

where G is the length of the genome. For a given site-specific recombination rate R and average recombinant break length



d, the rate of a recombinant interval first affecting the first element of an ancestral interval, I;, is given by:
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Where (1 — 5’1)j for j=1,...,(s; — e;—1 — 1) is the probability that a recombinant interval has length which includes

the site s;, given that the recombinant interval begins j base pairs before s;. This result follows from the cumulative
distribution function of a geometric distribution, where:

P{G>g}=(1-p)’ (2)
For a geometric distribution with probability of success p.

The rate of a recombinant interval beginning at any other element of ancestral material in a lineage is given by R/2.
Therefore if we define L, = Z?il L. to be the total amount of ancestral material in lineage = where b, is the total
number of ancestral blocks, the rate of recombination satisfying r N a, # @, where r is the recombinant interval and a,

is the ancestral material in lineage x, is given by:
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For a non-clonal lineage, we also satisfy a — r # (). The recombination rate in non-clonal lineages is:
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Where (1 — 6‘1)G (i) §5 the probability of a recombinant interval starting at site s; and ending beyond the point
ei—1, taking the entire ancestral material in the recombinant interval. Similarly, (1 — 5*1)G71 gives the probability of a
recombinant interval including the entire genome, i.e: starting at site ¢ and having length of at least G — 1, including all
sites of the genome, ancestral or otherwise.

For a clonal lineage, the probability of the start site of a recombinant interval being the first site of an ancestral

interval and satisfying r N a, # 0 is given by:
Rm,si

Rz,a

For i in 1...b,, and the probability of starting at any other site of the ancestral material is:

P(s;) = (5)

R
Rm,a

(6)

The end site of the recombinant interval is then chosen according to a geometric distribution with mean §, incorporating
the memoryless property of the geometric distribution to model a recombination interval commencing at the start of an
ancestral block.

For a non-clonal lineage, the probability of a recombinant interval starting at the beginning of an ancestral interval
and satisfying r Na; # 0 and a, —r # () is given by:

Ry (1—(1- 571)0—(81-—@1-71)
PI(Si) = ( — ) (7)

T,a
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Fig. 3: Comparison of run-time between SimMLST and SimBac. A shows average time to simulate the ARG for a fixed
recombination rate R = 0.01 and genome length from 100bp to 1Mbp. B shows the average time to simulate the ARG for a
fixed genome length of 1Mbp and recombination rate increasing from R = 0 to R = 0.05. 100 Simulations were performed (10 for
SimMLST R = 0.02 and R = 0.05) and error bars show +1 standard deviation.

The end site of the recombinant interval is then chosen from a truncated geometric distribution with mean § conditional

on |r| <G — (s; — e;—1). The probability of the recombinant interval beginning at another ancestral site is given by:

R(1-(1-61)%")

/
Rm,a

(8)

and the end site is chosen via a truncated geometric distribution, conditioned on |r| < G — 1.

To verify the accuracy of the new implementation, simulations were performed in both SimMLST and SimBac to
calculate the average height of the tree and the number of recombination events (Fig. S1). The similarity in tree height
suggests correct simulation of the ARG and the number of recombination events implies correct adaptation of the rejection
sampling through the equations above.

For a full description of the algorithmic implementation, see Supplementary Material: Algorithmic Implementation.

Results

To test the efficiency of SimBac in comparison to SimMLST), a series of simulations for a range of parameter values
were tested (Fig. 3). Figure 3A shows, for a fixed recombination rate of R = 0.01, the time taken to simulate the ARG
for increasing genome length. The time to simulate the ARG is significantly less for SimBac and in particular, when
the length of the genome reached 1Mbp, comparable to bacterial genome length, there was an approximately 50-fold
reduction in running time with the ARG requiring approximately 3 minutes to simulate in SimBac, compared to 2%
hours in SImMMLST. Figure 3B demonstrates that for a fixed genome of 1Mbp the time taken to simulate the ARG was
reduced using SimBac. The time to simulate the ARG for 100 taxa and 1Mbp genomes with R = 0.05 was approximately
2 hours for SimBac and approximatly 53 hours for SiImMLST.

Of particular interest when simulating bacterial evolution is the accuracy of phylogenetic tree construction under
recombination. Three methods of phylogenetic tree inference were tested for increasing rates of recombination, namely
UPGMA [18], NJ, [19] and ML [20]. Simulations were performed for a species with 100 isolates, with each having a
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Fig. 4: Accuracy of constructing the clonal frame for increasing recombination rate, R. In A, phylogeny estimation methods
used were Neighbour Joining (NJ), Unweighted Pair Group Method with Arithmetic Mean (UPGMA) and Maximum Likelihood
(ML). The genome length and mutation rate, 6 were fixed at 1Mbp and 0.01, respectively. 100 simulations (10 for R = 0.1) were
performed and error bars represent +1 standard deviation. In B, the accuracy of branches are grouped by age into old, middle-aged
and young branches so as to create equal-sized groups. Shown is proportion of accurately reconstructed branches for each age group
by ML.

genome of length 1Mbp. The rate of mutation, 6 was fixed at 0.01 per-site, per-generation and the recombination rate,

R was increased from 0 to 0.1 per-site, per-generation.

The proportion of branches correctly identified was calculated by finding the symmetric Robinson-Foulds metric [35],
giving the number of branches in each tree not present in the other tree, as such it gives twice the number of incorrectly

inferred branches in the clonal frame. The proportion of correctly identified branches is then given by:

o) (52)

P= 2(n—1) ©)

Where n is number of lineages and Sgp is the Robinson-Foulds score. 2(n — 1) is the number of branches in a tree with
n tips, however given that the clonal frame and the predicted trees both include the same tips, all tip branches will be
correctly identified, meaning that of 2(n — 1) branches, n will always be correct. In figure 4A, an accuracy of 91% for

ML with recombination rate R = 0.1 corresponds to 18 branches incorrect out of a possible 98 branches.

In [27], tree topology reconstruction was found to be accurate at a recombination rate of 1% per-site, per-generation,
corresponding to R = 0.01. The simulations performed with SimMLST [29] restricted the rate of recombination that
could be tested, with the time taken to simulate genomes growing too large. Figure 4A demonstrates that, by simulating
genomes using SimBac, up to R = 0.1, or a recombination rate of 10% per-site, per-generation, the accuracy of tree
topology construction is reasonably accurate, with only 8% or 9% error in reconstructing the clonal frame, which may be

acceptable for many purposes.

The accuracy of reconstructing certain branches within the phylogenetic trees offers insight into how much faith one
can place in tree reconstruction techniques. Figure 4B shows the accuracy of branch reconstruction by mean branch age.
Branches were grouped into old (distance from root <1.32) middle-aged (1.32 < distance < 2.09) and young (distance
> 2.09), chosen to create equal-sized age-groups, and a branch was counted as correctly identified if it is contained



in the reconstructed tree. There is a striking difference in the accuracy of branch reconstruction when looking at the
older branches, nearer the root of the tree. At a recombination rate of R = 0.1, less than 70% of older branches are
correctly identified, compared with 85-90% accuracy for the younger branches. This result demonstrates that when using
techniques such as RAXML [21], one can have a certain degree of confidence with the immediate grouping of taxa and
the topologies of branches near the tips of the tree, but nearer the root, it is difficult to say with much confidence that
the inferred topology is the true topology. This is consistent with the result found in [36] that recombination leads to

‘star-like’ phylogenies, with poorly resolved interval branching.

To offer an explanation for the difficulty found in reconstructing the clonal frame from DNA sequences, we investigated
the proportion of site mutations that were homoplasies. Here, any site with more than one mutated lineage that could not
be described by a single mutation on the clonal frame was defined as a homoplasy, in accordance with the infinite-sites
assumption. Figure 5 demonstrates that even at relatively low levels of recombination (1%), the majority of mutations
affecting multiple lineages are homoplasic. The high proportion of mutated sites that are explained by recombination
even at a relatively modest level of recombination suggests that enough information about the true phylogeny can be
recovered from the distribution of mutations across the population. By excluding homoplasic sites from the analysis, it
is likely that the majority of informative mutated sites that affect a large number of sequences would be removed. This

may offer an explanation for the distorted phylogenies recovered in [27] by removing homoplasies from the analysis.

Discussion

SimBac presents a significant reduction in time to simulate full bacterial genomes under homologous recombination
and offers several new features. Simulating 100 isolates with 1Mbp length genome with recombination rate of 5% takes a
couple of hours in SimBac, whereas the same simulations take approximately two days with SimMLST (Figure 3B). Given
the ease with which long sequences with high recombination rates can now be simulated, testing existing phylogenetic
software has revealed their effectiveness under high recombination rates (Figure 4). At recombination rates of R = 0.05,
standard tree reconstruction programs are able to reconstruct the clonal frame with fairly high accuracy (>94%) but the

techniques begin to fall down at R = 0.1.

The tree reconstruction techniques demonstrate the difficulty in detecting the true topology of the ‘deep’ branches of
the tree, or those closer to the MRCA. This result suggests that caution should be exercised when inferring phylogenies

of species which undergo high rates of recombination, for example in Neisseria gonorrhoeae [23].

The rate of recombination in a species is often given in terms of the proportion of variable sites in the genome due
to recombination and mutation, r/m. Relating this fraction to the rates used in the model above, we incorporate the

notation of [32], where r/m can be expressed as:

- (10)

mo

Where v is the rate of mutation in an interval introduced to the genome through recombination and all rates are per-site,
per-generation. In the model presented above, internal recombination results in mutations being introduced with rate f,
the same as the rate of mutation forward in time. As such, the ratio r/m can be calculated by finding Rj. In Figure
4, as 6 = 500 for all simulations, a recombination rate of R = 0.1 corresponds to r/m= 50. This value is less than that
seen for Flavobacterium psychrophilum (r/m = 63.6) or Pelagibacter ubique (SAR 11) (r/m = 63.1) [23] corresponding to
R = 0.13. For such highly recombinant species, traditional score-based or maximum-likelihood phylogenetic techniques
can not be used to reliably infer the true topology of the clonal frame and especially not for older branches of the
tree. However, for bacterial species such as Staphylococcus aureus (r/m = 0.1), Neisseria meningitidis (r/m = 7.1) or
Helicobacter pylori (r/m = 10.1), this corresponds to R in the range (0.0002,0.02). For rates of recombination in this
range, phylogenetic inference is still reasonable reliable, with > 97% accuracy in reconstructing the clonal frame (Figure

4A) and ~ 95% accuracy of determining internal branches of all ages (Figure 4B).
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Fig. 5: Folded site frequency spectra for differing recombination rates with number of homoplasies highlighted. For a genome of
length 1Mbp, 100 simulations were performed and the number of homoplasies was calculated for the generated sequences based on
the true clonal frame. The separate figures show the proportion of homoplasies with: A: R = 0; B: R = 0.001; C: R = 0.01; D:
R=0.02; E: R=0.05; F: R=0.1



Future Work

The reduction in time to simulate bacterial genomes with high rates of recombination has allowed for more rigor-
ous testing of phylogenetic methods aimed at reconstructing the clonal frame. Further work can be done to test the
effectiveness of techniques that incorporate a model of recombination as part of their implementation. Software such as
ClonalFrame [31] or ClonalOrigin [37] not only aim to reconstruct the clonal frame, but also detect the regions of the
genome that have undergone recombination. In conjunction with SimBac, these techniques can be tested with the aim
of finding at what thresholds of internal and external recombination these methods become non-viable. Of particular
interest is the accuracy of the two techniques mentioned above as ClonalFrame models each recombination event as
importing a genetic sequence from outside of the ARG, and ClonalOrigin models each recombination event as a node
in the ARG. These two different modelling assumptions are likely to lead to differing levels of accuracy under different

recombination scenarios.

By simulating population evolution under recombination, we can test hypotheses regarding estimation of rate pa-
rameters (e.g. p, 0, etc.) and we can detect selection in a population which contradicts the neutral model we have
simulated under here. The simulations could be further used to detect demographic change or determine the structure

of populations, applying the simulated techniques to whole-genome datasets.
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