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Abstract Quantifying pathogen transmission in multi-host systems is difficult, as exemplified in
bovine tuberculosis (bTB) systems, but is crucial for control. The agent of bTB, Mycobacterium
bovis, persists in cattle populations worldwide, often where potential wildlife reservoirs exist.
However, the relative contribution of different host species to bTB persistence is generally
unknown. In Britain, the role of badgers in infection persistence in cattle is highly contentious,
despite decades of research and control efforts. We applied Bayesian phylogenetic and machine-
learning approaches to bacterial genome data to quantify the roles of badgers and cattle in M.
bovis infection dynamics in the presence of data biases. Our results suggest that transmission
occurs more frequently from badgers to cattle than vice versa (10.4x in the most likely model) and
that within-species transmission occurs at higher rates than between-species transmission for both.
If representative, our results suggest that control operations should target both cattle and
badgers.
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elLife digest Disease-causing microbes that infect more than one type of animal can be difficult
to control. This is especially true when they infect wildlife. For example, Mycobacterium bovis is a
bacterium that causes tuberculosis in tens of thousands of cattle in Britain every year and also infects
badgers and other wildlife. Controlling the infections in cattle is essential, as it helps prevent the
bacteria from infecting humans, improves cattle welfare and reduces the substantial costs to the
livestock industry.

Analysing the relatedness of M. bovis genomes from infected cattle and badgers may help
scientists work out how often badgers infect cattle and vice versa. Scientists have collected data and
M. bovis samples from infected badgers in Woodchester Park, in England, for over three decades.
Using these data and additional information about M. bovis infecting nearby cattle may help
scientists learn how the bacteria spreads and how to stop it.

Now, Crispell et al. show that complex patterns of contact between cattle and badgers likely
drive the persistence of tuberculosis in cattle, also known as bovine tuberculosis. In three separate
analyses, Crispell et al. compared the genomes of M. bovis found in cattle and badgers, the animals’
locations, when they were infected, and whether they could have been in contact. The analyses
found that M. bovis was likely to have been transmitted more frequently from badgers to cattle
rather than from cattle to badgers. They also showed that transmission within each species
happened more often than transmission between species.

If these results are confirmed by other studies, they may help scientists develop better strategies
for controlling tuberculosis in British cattle. In particular, controversial control strategies — such as
badger culls — could be more targeted to better combat tuberculosis in cattle but have less of an
impact on badgers. These insights might also aid control efforts in other countries where bovine
tuberculosis is a problem and an important source of human tuberculosis.

Introduction

Control of a pathogen in a system where it can infect multiple species requires an understanding of
the role of each host species in the infection dynamics (Haydon et al., 2002). For example, when
each host species is capable of maintaining infection independently, control operations in one spe-
cies can be rendered ineffective as a result of spillover from another. Mycobacterium bovis infection
in cattle populations (resulting in bovine tuberculosis - bTB) is a problem around the world
(Ayele et al., 2004; Cousins and Roberts, 2001; de Kantor and Ritacco, 2006; Godfray et al.,
2013; Reviriego Gordejo and Vermeersch, 2006; Schmitt et al., 2002), with many wildlife species
implicated in its spread and persistence in different bTB systems (Delahay et al., 2002;
Gortazar et al., 2003; Miller and Sweeney, 2013; Nugent, 2005; Nugent et al., 2015). On the
islands of Britain and Ireland, the current evidence suggests that effective control of infection in cat-
tle is hindered by transmission from an infected wildlife population — the European badger (Meles
meles) (Godfray et al., 2013).

Although a considerable amount of research demonstrates an association between M. bovis
found in sympatric cattle and badger populations (Balseiro et al., 2013; Goodchild et al., 2012;
Olea-Popelka et al., 2005; Vial et al., 2011, Woodroffe et al., 2005), quantification of the direction
and extent of transmission remains elusive. Recent studies using whole genome sequences (WGS)
have demonstrated a close genetic relationship among M. bovis isolates taken from sympatric cattle
and wildlife populations (Biek et al., 2012; Glaser et al., 2016; Patané et al., 2017). However, the
low genomic variability of M. bovis and imbalanced sampling across host species has limited the
ability to identify the direction of transmission. Evidence to date suggests that, even with access to
pathogen sequence data, obtaining directional estimates of transmission might only be possible at
the population level and will require dense targeted sampling and fine-grained epidemiological
metadata (Kao et al., 2016; Kao et al., 2014), as has previously been demonstrated in investiga-
tions of M. tuberculosis outbreaks in humans (Bryant et al., 2013, Gardy et al., 2011,
Guthrie et al., 2018; Walker et al., 2012, Walker et al., 2018; Yang et al., 2017) and in tracing
between cattle herds for outbreaks of M. bovis (Biek et al., 2012; Salvador et al., 2019). However,
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these approaches have yet to be applied to situations where dense multi-host pathogen data are
available.

Since the 1970s, a high-density naturally infected badger population at Woodchester Park in
southwest England has been the subject of detailed study (Delahay et al., 2013). Both the resident
badgers and sympatric cattle herds are frequently infected with M. bovis, providing the potential for
inter-species transmission of infection to occur in either direction (DEFRA, 2017, Delahay et al.,
2013). The data and samples associated with bTB occurrence in and around Woodchester Park are
uniquely detailed, with individual-level host life history data and archived M. bovis isolates available
for both the cattle (Orton et al., 2018) and badger (Delahay et al., 2013) populations. By combin-
ing WGS of selected cattle and badger isolates, with detailed local population data from this excep-
tionally in-depth study system, our work aimed to quantify the relative roles of the local badger and
cattle populations in the spread and persistence of M. bovis in an endemic area.

Based on previous evidence of transmission between cattle and badgers, and the success of com-
bining detailed tracing methods with WGS for M. tuberculosis, our hypothesis is that M. bovis circu-
lation in our endemic setting is not limited to a single maintenance host and that it involves bi-
directional transmission between the two host populations. Our research aimed to test this hypothe-
sis and to quantify transmission patterns by analysing the Woodchester Park data using a series of
statistical and observational analyses linking pathogen genome data with diagnostic testing and
population movement and demographic data for both cattle and badgers.

Results

Selecting the isolates, generating and processing the sequencing data
Archived M. bovis isolates were available from 116 badgers and 189 cattle living in and around
Woodchester Park. Multiple isolates were available from the sampled badgers, resulting in a total of
230 isolates sourced from badgers. These isolates were whole genome sequenced, and, after quality
assessments, 193 badger-derived (from 98 individual badgers taken from 2000 to 2011) and 159 cat-
tle-derived sequences (from 1988 to 2013) were retained for further analyses.

Evidence of epidemiological signatures in the genetic data

To investigate the presence of spatial, temporal, and network signatures associated with infection
dynamics in the M. bovis genomic data, inter-sequence genetic distances were calculated between
all the cattle- and badger-derived sequences and compared to population metrics. The metrics
described the spatial-, temporal-, and network-based relationships that were expected to be associ-
ated with pathogen transmission. The genetic and epidemiological data were compared using Ran-
dom Forest (Liaw and Wiener, 2002) and Boosted Regression (Elith et al., 2008) models in R
(v3.4.3; R Development Core Team, 2016) to separately analyse badger—badger (n = 12483), cat-
tle—cattle (n = 1927), and badger—cattle (n = 4838) comparisons.

The Random Forest (and Boosted Regression) models were able to explain approximately 67%
(62%), 60% (54%) and 75% (70%) of the variation observed in the inter-sequence genetic distance
distributions associated with the badger-badger, cattle—cattle, and badger—cattle comparisons,
respectively. For each of these models, metrics based on spatial and temporal distances were the
most informative in explaining the variation in the genetic distances. Generally, as the temporal and
spatial distances associated with the sampled animals decreased, the number of differences
between the M. bovis genomes decreased (Appendix 1—figures 5, 6 and 7). There was substantial
agreement in the variable rankings between the Random Forest and Boosted Regression models
(Appendix 1—figures 2, 3 and 4). For the within-species comparisons metrics, the network data
were also highly informative. Generally, the number of differences between the genomes associated
with a pair of animals of the same species decreased as the connectedness of their social groups
(badgers) or herds (cattle) increased. The variation explained by the Random Forest models and the
high ranking of spatial-, temporal-, and network-based metrics was robust to the presence of highly
correlated or non-informative metrics and those with missing data (data not shown).
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Figure 1. A Maximum Likelihood phylogenetic tree constructed using RAXML (v8.2.11; Stamatakis, 2014) and rooted against the Mycobacterium bovis
reference sequence, AF2122/97 (Malone et al., 2017). Badger and cattle isolates are represented at the tips of the phylogeny by circles and triangles,
respectively. Five clades, labelled 1-5, are highlighted with cyan, pink, green, purple, and brown branches, respectively. Cattle and badger isolates
within the clades can be distinguished by their shape and colour. Each internal node in the phylogeny is shown as a grey to black shaded circle, with
the intensity of the shading indicating the amount of support each node had across 100 bootstraps.

The online version of this article includes the following figure supplement(s) for figure 1:

Figure supplement 1. Each of the clades from Figure 1 in the main manuscript are plotted separately.
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Figure 2. Life history summaries of the sampled and in-contact cattle and badgers associated with clade 4 in Figure 1. (a) The number of in-contact
badgers associated with the sampled badgers (total in grey, number of animals that have tested positive in red). (b) The number of in-contact cattle
associated with the sampled cattle (total in grey [right axis], number of animals that reacted inconclusively [red] or positively [blue] to routine skin test

Figure 2 continued on next page
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[left axis]). In-contact animals are those that lived in the same herd (cattle) or social group (badgers) at the same time as the sampled animals. (c) The

recorded lifespans of the sampled cattle (black horizontal bars) and badgers (grey horizontal bars) associated with clade 4.
The online version of this article includes the following figure supplement(s) for figure 2:

Figure supplement 1. Life history summaries of the sampled and in-contact cattle and badgers associated with clade 1 in Figure 1.

Figure supplement 2. Life history summaries of the sampled and in-contact cattle and badgers associated with clade 2 in Figure 1.

Figure supplement 3. Life history summaries of the sampled and in-contact cattle and badgers associated with clade 3 in Figure 1.

Figure supplement 4. Life history summaries of the sampled and in-contact cattle and badgers associated with clade 5 in Figure 1.

Inter-species clades identified in the phylogeny

The relatedness of M. bovis genomes sampled from the cattle and badgers was evaluated by con-
structing a phylogenetic tree (Figure 1) using RAXML (v8.2.11; Stamatakis, 2014). Genetic diversity
was observed between the cattle- and badger-derived M. bovis sequences, with the number of Sin-
gle Nucleotide Variants (SNVs) between sequences ranging from 0 to 150 (median = 20). Five clades
including cattle- and badger-derived sequences were identified (Figure 1 and Figure 1—figure sup-
plement 1), using a 10 SNV threshold (informed by thresholds used for M. tuberculosis
[Bryant et al., 2013; Jajou et al., 2018; Roetzer et al., 2013; Yang et al., 2017)).

Four of the five clades (1-4) identified contained highly similar (within three SNVs) badger- and
cattle-derived M. bovis sequences. The badger-derived M. bovis sequence in clade 5 was six SNVs
away from its closest cattle-derived sequence. The similarities between the cattle-derived and bad-
ger-derived M. bovis sequences in clades 1-4 indicate recent shared transmission histories
(Meehan et al., 2018). Clade 4 (highlighted in purple in Figure 1) contained the majority (156/193)
of the badger-derived M. bovis sequences and represents the main lineage circulating within the
Woodchester Park badger population. In addition, the presence of 16 cattle-derived sequences in
clade 4, 15 of which were distant (up to 12 SNVs) from the clade root is consistent with multiple bad-
ger-to-cattle transmission events. In contrast, the presence of cattle-derived sequences close to the
roots of clades 1-5 suggests that these lineages might have originated in cattle, although these pat-
terns could also be explained by the cattle population being sampled up to 12 years prior to the
badger population (cattle were sampled from 1988 to 2013 and badgers from 2000 to 2011).
Although clades 1 and 5 contained highly similar sequences originating from cattle and badgers,
each clade was associated with only eight animals, making meaningful inference of inter-species
transmission patterns difficult. In addition to inter-species clades, several cattle-only clades were
identified (Figure 1).

Consistent with our hypothesis, the close proximity of M. bovis genomes sourced from cattle and
badgers suggests that inter-species transmission occurred in the sampled system. In addition, the
presence of clades dominated by a single species suggests that sustained within-species transmis-
sion has been occurring in both the cattle and badger populations.

The life histories of the sampled cattle and badgers and in-contact animals associated with the
inter-species clades (clades 1-5) identified in Figure 1 were interrogated. In this manuscript, a bad-
ger or cow is considered ‘sampled’, if one of the M. bovis genomes analysed here was sourced from
it. In-contact animals were defined as those that lived in the same herd (for cattle) or social group
(for badgers) at the same time as one or more of the sampled animals, according to the available
data. From the interrogations of the life history data, further evidence indicative of inter-species
transmission and disease maintenance in the Woodchester Park badger population was identified
for the animals associated with clade 4 (Figure 2; equivalent figures for the remaining clades can be
found in Figure 2—figure supplements 1, 2, 3, and 4). Infection was detected in the majority of the
sampled badgers before it was detected in the majority of the sampled cattle. Sampled badgers
were present in Woodchester Park at least from 1993 until 2011, based on the available capture and
sampling data (Figure 2c). The sampled badgers were in contact with 575 captured badgers, 291
(51%) of which had tested positive for M. bovis infection at some point in their lives (Figure 2a). In
contrast, the sampled cattle were in contact with 1760 cattle, of which only 312 (18%) tested positive
for M. bovis (Figure 2b). In the animals associated with clade 4, infection was detected earlier in
badgers, except in the case of one cow, despite the cattle population being sampled over a broader
temporal and spatial window (see Materials and methods section: ‘Selecting the isolates’ for more
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Figure 3. Comparison of likelihood scores and inter-species transition rate estimates from the BASTA analyses. Model structure is described in

Figure 6, and for each model the sizes of defined demes were held equal or allowed to vary. (a) The Akaike Information Criterion Markov Chain Monte
Carlo (AICM; Baele et al., 2013) scores (lower is better) calculated for each of the representations of a structured population analysed in BASTA
(Figure 6). The vertical lines show the lower and upper (2.5% and 97.5%, respectively) bounds of the AICM scores computed on 100 bootstrapped
posterior likelihoods. (b) Estimated inter-species transition rates for each model. Where multiple badgers-to-cattle and cattle-to-badgers transition rates

Figure 3 continued on next page
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were estimated (see Figure 6), the values were summed. The values above each vertical line represent the posterior probability of each rate, either as a
mean of probabilities associated with multiple estimated rates (for the 3Deme_outerlsBadgers, 4Deme, 6Deme, and 8Deme models) or a single
probability (for the 2Deme, 3Deme_outerlsBoth, and 3Deme_outerlsCattle models). (c) The number of transitions between the known and estimated
states counted on each phylogenetic tree in the posterior distribution produced by the '2Deme_equal’ structured population model analysed in BASTA
(counting is illustrated in Figure 3—figure supplement 1). The vertical lines show the lower and upper (2.5% and 97.5%, respectively) bounds of the

distributions.

The online version of this article includes the following figure supplement(s) for figure 3:

Figure supplement 1. Diagrams illustrating how the transmission events were counted on each of the phylogenies in the posterior distributions

produced by BASTA.

details). In addition, the badgers were the most represented species in clade 4. These two observa-
tions suggest that the clade 4 lineage was being maintained in the badger population. The single
cattle-derived sequence that was found closest to the root node of clade 4 (Figure 2c) was sourced
from an animal sampled six years prior to any sequences derived from badgers being available.
Across all inter-species clades investigated, the sampled cattle (n = 71) were in contact with approxi-
mately 11,732 animals, 1356 of which tested positive for M. bovis infection, whereas the sampled
badgers (n = 97) were in contact with approximately 650 badgers, over half of which (329) tested
positive.

Estimated inter-species transmission rates

Although the patterns observed in the phylogenetic and animal life history data were consistent with
inter-species transmission in both directions, further analyses were required to quantify the inter-spe-
cies transmission rates. These further analyses should account for the temporal and spatial sampling
biases resulting from the broader sampling window applied to the cattle population in time (1988 to
2013 versus 2000 to 2011) and space (cattle were sampled from up to 100 km away from the Wood-
chester Park area, whereas the badgers were only sampled from within Woodchester Park).

A series of analyses were conducted using the Bayesian Structured coalescent Approximation, or
BASTA, package (De Maio et al., 2018) available as part of Bayesian evolutionary analyses platform
BEAST2 (Bayesian Evolutionary Analysis by Sampling Trees; Bouckaert et al., 2014). These analyses
aimed to estimate the M. bovis inter-species transmission rates between the sampled badger and
cattle populations. BASTA is capable of estimating evolutionary dynamics in a structured population
and accounting for sampling biases. Here the sampled M. bovis population was structured as it was
circulating largely separately in the sampled cattle and badger populations, as seen in Figure 1 and
the strong population-specific epidemiological signatures found by the Random Forest and Boosted
Regression analyses. In addition, further structure exists within the cattle and badger populations as
these were subdivided into herds and social groups, respectively. A series of increasingly spatially
structured population models were defined to determine whether the inter-species transmission
rates estimated using BASTA were affected by the spatial patterns evident from the Random Forest
and Boosted Regression analyses. Structured population models were also chosen to address the
spatial sampling biases, by introducing an increasingly structured unsampled badger population.
Previous analyses have used BASTA in a similar fashion to estimate evolutionary dynamics in the
presence of unsampled populations (De Maio et al., 2015). To further reduce the influence of the
spatial and temporal biases and the computational load, the BASTA analyses used a subset of the
cattle- (n = 83) and badger-derived (n = 97) M. bovis sequences obtained between 1999 and 2014
within 10 km of Woodchester Park.

The AICM (Akaike's Information Criterion Markov Chain Monte Carlo) score (Baele et al., 2013)
was used to compare the BASTA analyses based on different structured populations (Figure 3a).
The structured population with two demes (M. bovis populations in badgers and cattle) had the best
(lowest) AICM score, although there was considerable overlap with the bootstrapped AICM score
interval for one of the four deme models (splitting the M. bovis populations in badgers and cattle
into inner and outer populations based on being within or beyond 3.5 km from Woodchester Park
[Figure 3a)). The estimated inter-species transition rates provided from each BASTA analysis demon-
strated considerable variation, with some estimated cattle-to-badger transition rates bounding zero
(Figure 3b). The estimated transition rates can be considered equivalent to the transmission rates,
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because the states (between which the transition rates were estimated) considered here represented
different species. The estimates of the inter-species transition rates from the two-deme model with
the best AICM score support the existence of both badger-to-cattle transmission (0.045 times per
lineage per year, lower 2.5%: 0.028, upper 97.5%: 0.069) and cattle-to-badger transmission (0.0044
times per lineage per year, lower 2.5%: 0.00021, upper 97.5%: 0.017). Figure 3b shows the order of
magnitude differences between the estimated inter-species transmission rates, with the highest sup-
ported two-deme model estimating that badger-to-cattle transmission events occurred on average
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Outer: 10km ® Badger
A Cow

Figure 5. Sampling locations of the 97 badgers and 83 cattle associated with the Mycobacterium bovis sequences selected for analysis in BEAST2.
Location represents the registered address of each sampled farm or the centroid of the estimated sampled badger social group's territory boundary
(indicated by the red polygons). The overlaid circles were used to split the cattle- and badger-derived M. bovis sequences into ‘inner’ and ‘outer’
populations, the distances refer to the radius of each circle. The ‘inner’ circle was defined such that it contained all the locations associated with the
available badger-derived and closest (within the badger’s recorded home range of <1 km? [Gittleman and Harvey, 1982; Garnett et al., 2005;
Macdonald et al., 2008; Roper et al., 2003]) surrounding cattle-derived M. bovis sequences.

10.4 times more frequently than cattle-to-badger transmission events in the sample population.
Figure 3c represents the lower bound on the number of times (according to the analyses based on
the favoured two-deme model) that the sampled M. bovis population was transmitted from one ani-
mal to another (regardless of sub-population and, where possible, assuming the ancestral node and
one of its daughter nodes represent infection in the same animal [Figure 3—figure supplement 1]).
The estimated counts of these transmission events are consistent with the estimated inter-species
transition rates and demonstrate that within-species transmission occurs at a higher rate. Specifically,
badger-to-badger transmission was estimated to occur at least 2.7 times more frequently than bad-
ger-to-cattle transmission (lower 2.5%: 2.2, upper 97.5%: 3.8). In cattle, analyses estimated that at
least 46 cattle-to-cattle transmission events occurred (lower 2.5%: 40, upper 97.5%: 56), whereas the
estimated number of cattle-to-badger events bounded zero (lower 2.5%: 0, upper 97.5%: 4, with a
median value of zero). The counts of events between individual animals outputted by BASTA repre-
sent the lower bound of the number of transmission events that occurred over the evolutionary
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Figure 6. Deme assignment diagrams illustrating the different demes (sub-populations) defined in a range of structured population analyses conducted
using BASTA.. In each analysis, the Mycobacterium bovis sequences available were assigned to each deme based upon the sampled species and their
sampling location. The grey doughnut in the badger demes represents an un-sampled population. These diagrams are based on the spatial
associations of the badger and cattle-derived M. bovis sequences shown in Figure 5.

history of the sampled M. bovis population because they are estimated on the transmission chains
between the sampled and ancestral host animals and do not account for missing individuals in these
chains.

Taken together, the results from the BASTA analyses are consistent with the hypothesis that circu-
lation of M. bovis in our study populations involved transmission within and between the badgers
and cattle. In addition, the directional inter-species transmission rates indicate that transmission
from badgers to cattle occurred more frequently than transmission from cattle to badgers and inter-
species transmission rates were estimated to be considerably lower than intra-species transmission
rates.

Discussion

We hypothesised that the sampled M. bovis population was circulating within and between the sam-
pled cattle and badger populations. Testing our hypothesis across multiple analyses, we found that,
while none of these analyses are definitive in their own right, our results are consistent with our
hypothesis and suggest that there has been a long history of within- and between-species transmis-
sion in the Woodchester Park area, and an important role for badgers in disease persistence.
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Our choice of analytical methods was based in part on our awareness of underlying data biases.
Ideally, sampling should be proportionate to prevalence in the host populations and matched over
the same spatial and temporal ranges. Here, the combination of poor sensitivities of the standard
tests for cattle (~50-80%; de la Rua-Domenech et al., 2006) and badgers (~50-70%;
Chambers et al., 2009) and a reliance on historical archived isolates, meant data biases were
unavoidable. Counterbalancing this weakness are the dense sampling of both host populations and
the exceptionally detailed metadata.

Random Forest and Boosted Regression models identified strong epidemiological signatures of
M. bovis transmission within and between host populations. Within species, metrics capturing the
spatial, temporal, and network dynamics were all highly informative, indicative of M. bovis circulation
being dependent on these factors. Between species, the variation observed between M. bovis
sourced from cattle and badgers was found to be well explained by where the animals resided and
when they were infected. Changes in these relationships could be exploited to rapidly identify
changes in the epidemiology, as might be caused by badger social perturbation under culling opera-
tions (Tuyttens et al., 2000; Woodroffe et al., 2006).

The present study identified further evidence of within- and between-species transmission in the
phylogenetic relationships between the M. bovis genomes (Figure 1). Five clades containing highly
similar M. bovis genomes derived from infected cattle and badgers were identified, suggesting that
substantial inter-species transmission had occurred. The presence of clades dominated by a single
host species was also consistent with sustained within-species transmission. However, these phyloge-
netic relationships are particularly sensitive to sampling biases and should be interpreted with cau-
tion. For example, one interpretation of the basal location of the cattle-derived M. bovis genomes in
the clades shown in Figure 1 is that they originated in cattle. Alternatively, this pattern could be the
result of sampling the cattle population over a broader temporal range (from 1988 to 2013) than the
badgers (2000 to 2011).

Further interrogation of the cattle and badger life histories associated with clade 4 (Figure 1)
revealed evidence of prolonged persistence of this lineage in the badger population (Figure 2).
Despite the cattle population being sampled over a longer time period, the badgers associated with
clade 4 were predominantly infected earlier than the cattle and that strain persisted in the badgers
for over 10 years. The remaining clades examined suggested that cattle could have been infected
before badgers; however, it was not possible to determine whether badgers outside of Woodches-
ter Park could be driving these interactions. Our results do suggest that inter-badger transmission is
likely to be dominated by short-range interactions, given that short spatial distances (all less than 3.7
km) were highly informative in describing the genetic relationships examined in the machine learning
analyses. Therefore, badgers further away from Woodchester Park are unlikely to be directly driving
the patterns observed in our sampled badger population, and the ‘invading’ clades observed here
are more parsimoniously explained by introductions of M. bovis from cattle. An additional limitation
of these analyses is that no other wildlife species were sampled. Previous research by Delahay et al.
(2007) found other mammal species infected with M. bovis in the area, albeit at lower prevalence
(7.2% in Fallow deer and 6.8% in Muntjac deer) than the sampled badger population (~30%;
Delahay et al., 2013).

Given considerable evidence in the present study for inter-species transmission of M. bovis, we
next used BASTA, an analysis platform that can account for sampling biases (De Maio et al., 2018),
to quantify these processes (Figure 3b). The BASTA analyses estimated transition rates between
demes within a structured population. As the demes within the structured model were species-spe-
cific, the estimated between-species transition rates can be considered equivalent to transmission
rates between populations of badgers and cattle. The most favoured two-deme model estimated
badgers-to-cattle transmission rates were, on average, 10.4 times higher than cattle-to-badgers
transmission rates (Figure 3a and b). However, the second most favoured four-deme model (which
included a more complex population structure) estimated that inter-species transmission rates were
close to equal. Although even structured coalescent models do not accurately reflect spatial contact
patterns, that the simplest ‘two-deme’ model is favoured is encouraging (i.e. more spatially struc-
tured models do not perform better). However, the two-deme model may also have been favoured
because of the limited genetic diversity available to estimate the evolutionary parameters and there-
fore further exploration with explicitly spatial approaches is an important next step.
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In the process of quantifying inter-species transmission rates, the BASTA analyses also provide
counts of the number of transmission events within and between the sampled badgers and cattle
(Figure 3c). These counts provide a conservative estimate of the minimum number of transitions
between the sampled animals and their ancestors. Although it is not appropriate to directly compare
the counts within- and between-species, they do demonstrate that, at a minimum, within-species
transmission occurs at least twice as frequently as between-species transmission. The high degree of
within-species transmission estimated here is consistent both with the results of other studies that
highlight the importance of cattle-to-cattle transmission (Costello et al., 1998; Gilbert et al., 2005;
Goodchild and Clifton-Hadley, 2001; Green et al., 2008; Menzies and Neill, 2000), and the persis-
tent long-term infection observed in the Woodchester Park badger population (Delahay et al.,
2013).

The high-density badger population in Woodchester Park is likely to be similar to populations
found in other parts of southwest England (Judge et al., 2017). However, broader representative-
ness should be confirmed by comparison to sympatric cattle and badger populations elsewhere in
Britain and Ireland, particularly in areas with high bTB incidence. In addition, we selected only iso-
lates of spoligotype SB0263, as this was the dominant type in the badger population. The selection
of SB0263 could artificially inflate the badgers-to-cattle transition rates estimated here, as the high
prevalence of this spoligotype in the badgers could be a reflection of host preference. However,
though there are known phenotypic differences between spoligotypes, there is no evidence that
these fundamentally change the epidemiology (Garbaccio et al., 2014; Wright et al., 2013). In
addition, many different M. bovis spoligotypes have been observed in sympatric badger and cattle
populations (Smith et al., 2003) and SB0263 is not only one of the most common spoligotypes in
the UK (Smith et al., 2003), it is also highly prevalent in the cattle around Woodchester Park.

If the transmission interactions estimated in our research are replicated elsewhere, this could help
to explain the failure of efforts to address recurrent and persistent infection in cattle herds that co-
exist with badger populations (Gallagher et al., 2013; Karolemeas et al., 2011). In addition, the bi-
directional transmission of M. bovis between species has the potential to combine local persistence
in badgers with the long-distance mobility of the cattle. In line with a recent evidence review
(Godfray et al., 2018), our research also suggests that coordinated bTB control in both cattle and
badgers may be necessary to control infection in cattle. More generally, our analyses illustrate the
complex interplay that underpins multi-host pathogen problems and demonstrate that, despite this
complexity, appropriately defined suites of methods can be used to overcome issues of data biases
and identify important epidemiological properties of these systems.

Materials and methods

Analyses layout

Figure 4 describes the complete set of analyses conducted on the M. bovis whole genome sequen-
ces sourced from infected cattle and badgers living in and around Woodchester Park. These analyses
are described in the sections that follow.

Selecting the isolates
Since 1976, the Woodchester Park badger population has been the subject of a capture-mark-recap-
ture study whereby each badger social group is trapped four times a year (Delahay et al., 2013).
Social group territories are delineated annually using bait-marking (Delahay et al., 2000). During
trapping operations, each captured badger is given a unique tattoo and at each capture event a
number of samples are obtained to determine M. bovis infection status (full details described in
Delahay et al., 2013). From 1990 onwards, any M. bovis isolated from samples taken during trap-
ping were spoligotyped (spacer-oligo typing) using conventional methods (Aranaz et al., 1996) and
archived. Spoligotyping reports the presence or absence of 43 known spacer sequences within a sin-
gle direct repeat region of the M. bovis genome. In total, 230 isolates were available from the
archive, which originated from samples taken from 116 different badgers from 2000 to 2011.

The cattle herds surrounding Woodchester Park undergo statutory annual testing for M. bovis
infection as a part of routine surveillance, and results are stored in APHA's cattle testing (SAM) data-
base (Lawes et al., 2016). Test-positive cattle are slaughtered, selected tissues taken for culture and
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any M. bovis isolates are spoligotyped and archived. In addition, the movements of every cow in the
UK are recorded in the Cattle Tracing System (CTS). For the present study 124 cattle-derived M.
bovis isolates, each collected from an individual cow between 1988 and 2013, were selected from
the archives. Cattle isolates were selected if they were of the same spoligotype as the badger iso-
lates and were from herds within 10 km of Woodchester Park. More than 90% of the badger-derived
isolates were spoligotype SB0263. More than 75% (1096/1442) of the isolates available from cattle
within 10 km of Woodchester Park shared the same spoligotype and it is the second most common
type found across England (Smith et al., 2003; Smith et al., 2006). To increase the chances of
sequencing strains that were shared with the badgers in Woodchester Park, rather than circulating in
the cattle population independently, only cattle-derived isolates of spoligotype SB0263 were
selected. Additional spoligotype SB0263 isolates from cattle that lived in herds within 100 km of
Woodchester Park (n = 65) were included to provide a broader spatio-temporal context, resulting in
a total of 189 isolates.

Generating and processing the sequencing data

Badger-derived M. bovis isolates were prepared for sequencing by the Agri-Food and Biosciences
Institute in Northern Ireland (AFBI-NI) and for the cattle-derived isolates by APHA. M. bovis isolates
were selected from the frozen archives and re-cultured on Léwenstein-Jensen medium. Prior to DNA
extraction the isolates were heat killed in a water bath at 80°C for a minimum of 30 min. DNA was
extracted from these cultures using standard high salt and cationic detergent cetyl hexadeycl tri-
methyl ammonium bromide (CTAB) and solvent extraction protocols (Parish and Stoker, 2001;
van Soolingen et al., 2001). Extracted DNA was sequenced at the Glasgow Polyomics facility using
an lllumina Miseq producing 2 x 300 bp paired end reads (badger derived isolates) and at the
APHA central sequencing unit in Weybridge using an lllumina Miseq producing 2 x 150 bp paired
end reads (cattle derived isolates). The 65 additional cattle-derived isolates were sequenced at the
APHA central sequencing unit in Weybridge using an lllumina NextSeq producing 2 x 150 bp paired
end reads (cattle-derived isolates).

Following quality assessments in FASTQC (v0.11.2; Andrews, 2010; RRID:SCR_014583), the raw
WGS data were trimmed using PRINSEQ (v0.20.4; Schmieder and Edwards, 2011; RRID:SCR_
005454) and adapters were removed using TRIMGALORE (v0.4.1; Krueger, 2015; RRID:SCR_
016946). The trimmed data were aligned to the M. bovis reference genome (AF2122/97,
Malone et al., 2017) using the Burrows-Wheeler aligner (BWA, v0.7.17; Li and Durbin, 2009; RRID:
SCR_010910). Regions encoding proline-glutamate and proline-proline-glutamate surface proteins,
or annotated repeat regions were excluded (Sampson, 2011). Mapping quality information on all
the SNVs identified was retained for each isolate.

The allele frequencies at each position in the aligned (against reference) sequence from each iso-
late were examined. For a haploid organism these frequencies are expected to be either 0 or 1, with
some random variation expected from sequencing errors (Sobkowiak et al., 2018). A heterozygous
site was defined as one where the allele frequencies were >0.05 and <0.95. Four cattle-derived
sequences that had more than 150 heterozygous sites, and allele frequencies that were clustered
and non-random (data not shown), were removed. In addition, 26 badger-derived and 16 cattle-
derived M. bovis sequences were removed because of suspected errors in the metadata (Appendix
1: Investigating isolate metadata discrepancies).

For the sequences from the remaining isolates (204 badger- and 169 cattle-derived isolates),
alleles were called at each variant position if they had mapping quality >30, high-quality base
depth >4 (applied to reverse and forward reads separately), read depth >30, and allele
support >0.95. For any site that failed these criteria, if the allele called had been observed in a dif-
ferent isolate that had passed, a second round of filtering was conducted using a high-quality base
depth of 5 (total across forward and reverse reads) and the same allele support. As recombination is
thought to be extremely rare for mycobacteria (Namouchi et al., 2012), variants in close proximity
could indicate a region that is difficult to sequence or under high selection. To avoid calling variants
in these regions, variant positions within 10 bp of one another were removed. Following filtering,
sequences from 11 badger and 10 cattle isolates that had insufficient coverage (<95%) of the variant
positions were removed. Once the alignment was generated, sites with a consistency index less than
1, generally considered homoplasies (Farris, 1989), were removed (n = 4, of 14,991 sites) using
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HomoplasyFinder (v0.0.0.9; Crispell et al., 2019; RRID: SCR_017300). All the scripts necessary for
the processing of the WGS data are freely available online.

Comparing genetic and epidemiological distances

Our research hypothesized that within- and between-species transmission was occurring in the study
system. If bi-directional transmission was occurring, then there should be epidemiological signatures
in the genomic data linked to these events. These signatures are likely to relate to the spatial, tem-
poral, and network dynamics of the sampled badger and cattle populations, as these will determine
their contact patterns.

To investigate whether there were any epidemiological signatures of within- and between-species
transmission of the sampled M. bovis isolates, the genetic distances between sequences were com-
pared to epidemiological metrics describing the spatial, temporal, and network relationships
between the animals associated with each sequence. Inter-sequence genetic distances were calcu-
lated, for every pair of sequences, by dividing the number of differences present between the pair
of sequences by the total number of sites considered (n = 14,987). In addition, epidemiological met-
rics were calculated to identify any similarities among animals associated with a particular pair of iso-
lates. Epidemiological metrics were calculated using the data, where available, on each animal
obtained from its capture or movement and testing history (further details in Appendix 1: Defining
the epidemiological metrics). Two additional dummy metrics, samples from a uniform distribution
and a Boolean distribution, were included to determine a threshold of importance that distinguishes
noise from signal. Inter-isolate genetic distances and associated epidemiological metrics were com-
pared using Random Forest (RRID:SCR_015718; Liaw and Wiener, 2002) regression and Boosted
Regression (RRID:SCR_017301; Elith et al., 2008) models in R (v3.4.3; R Development Core Team,
2016). These machine learning approaches were used to separately analyse badger-badger, bad-
ger—cattle, and cattle-cattle comparisons. For each set of comparisons, a training dataset was con-
structed using 50% of the data available and, following training using these data, the model was
tested on the remaining 50% of the data. Genetic distances < 15 SNVs were used for these analyses
to avoid larger inter-sequence distances that were not likely to relate to the fine resolution epidemi-
ological relationships of interest.

Random Forest and Boosted Regression approaches were selected as these methods can deal
with large datasets with many highly correlated variables whose relationship to the response variable
(genetic distances) cannot readily be defined (Auret and Aldrich, 2012). A broad range of epidemi-
ological metrics were defined as the Random Forest and Boosted Regression models are robust to
non-informative and/or highly correlated variables (Auret and Aldrich, 2012; Elith et al., 2008;
Liaw and Wiener, 2002). The two independent approaches were used to ensure that any patterns
observed were robust.

The influence of including highly correlated and non-informative predictor variables and variables
with a large amount of missing data in the machine learning approaches was investigated using the
Random Forest models. For highly correlated variables, clusters of correlated variables were defined
and the least informative variable from each cluster was incrementally removed and the impact on
the fitted Random Forest regression models was examined. A similar approach was used twice more
to evaluate the influence of retaining non-informative predictor variables and of including predictor
variables with large amounts of missing data in the models.

Building phylogeny and interrogating clusters

Following investigation of population level epidemiological signatures in the sequence data, a phylo-
genetic tree was constructed to describe the evolutionary relationships among our set of M. bovis
genome sequences. If inter- and intra-species transmission events were occurring in the sampled sys-
tem, there should be evolutionary signatures in the phylogenetic tree. For example, if M. bovis
sequences sourced from cattle and badgers have a very close phylogenetic relationship, this sug-
gests that inter-species transmission has occurred. The phylogeny was constructed with the maxi-
mum likelihood algorithm in RAXML (v8.2.11; Stamatakis, 2014; RRID:SCR_006086) using a GTR
(generalized time reversible) substitution model with 100 bootstraps. The maximum likelihood algo-
rithm was selected as a fast alternative to Bayesian approaches. Although Bayesian approaches will
better explore the phylogenetic tree space, this space is expected to be small for phylogenies based

Crispell et al. eLife 2019;8:e45833. DOI: https://doi.org/10.7554/eLife.45833 15 of 36


https://scicrunch.org/resolver/SCR_017300
https://github.com/JosephCrispell/GeneralTools/tree/master/ProcessingPipeline
https://scicrunch.org/resolver/SCR_015718
https://scicrunch.org/resolver/SCR_017301
https://scicrunch.org/resolver/SCR_006086
https://doi.org/10.7554/eLife.45833

LI FE Epidemiology and Global Health | Microbiology and Infectious Disease

on M. bovis data given its highly conserved genome. The GTR model was the most appropriate
based on analyses using the modelTest () function in the R package PHANGORN (v2.3.1;
Schliep, 2011; RRID:SCR_017302).

Based on the range of SNV thresholds (3-12) used to define recent M. tuberculosis transmission
(Bryant et al., 2013; Jajou et al., 2018; Roetzer et al., 2013; Yang et al., 2017), clades containing
highly related (<10 SNVs apart) cattle-derived and badger-derived sequences (inter-species clades)
were identified (Figure 1). The testing histories and recorded movements (for cattle), and capture
information (for badgers) of the sampled and in-contact animals associated with each cluster were
available. These data were investigated to determine whether they provided any additional evidence
to support the phylogenetic relationships indicative of inter-species transmission. ‘In-contact’ animals
were defined as those badgers that resided in the same badger social group, or those cattle that
lived in the same herd, at the same time as one or more of the sampled badgers or cattle (respec-
tively) associated with a particular inter-species clade.

Estimating inter-species transmission rates

To further investigate patterns of inter- and intra-species transmission, additional evolutionary analy-
ses were completed to estimate directional inter-species transmission rates and quantify their fre-
quency relative to intra-species transmission events. A subset of the sequences available (from 97
badger- and 83 cattle-derived isolates) was selected to estimate the transmission rate of M. bovis
between the sampled cattle and badger populations. The selected sequences were within the parent
clade containing all the inter-species clades (shown in Figure 1) and were sampled from within 10
km of Woodchester Park between 1999 and 2014. The subset of sequences was split into ‘inner’ and
‘outer’ groups, based on a 3.5 km radius from Woodchester Park (Figure 5). The 3.5 km radius size
was selected to contain the sampling locations associated with all the badger-derived sequences
and the closest cattle-derived sequences, based on the reported home-ranges of badgers in south-
ern England being <1 km? (Garnett et al., 2005; Macdonald et al., 2008; Roper et al., 2003).

The presence of a temporal signal among the selected M. bovis sequences was examined
(Appendix 2: Testing the presence of a temporal signal). A temporal signal was supported by a posi-
tive trend, calculated within TEMPEST (v1.5; Rambaut et al., 2016; RRID:SCR_017304), between
each sequence’s root-to-tip distance and its sampling time and the results of a tip-date randomisa-
tion procedure (Firth et al., 2010).

The Bayesian Structured coalescent Approximation (BASTA v2.3.1; De Maio et al., 2015; RRID:
SCR_017303) tool, available in BEAST2 (Bayesian Evolutionary Analysis by Sampling Trees — v2.4.4
(Bouckaert et al., 2014), RRID:SCR_017307), uses an approximation of the structured coalescent
approach (Vaughan et al., 2014) to estimate migration rates within a structured population. The
structured population in the current context is the M. bovis population, whose structure was likely to
relate to host species and their spatial relationships. BASTA, in contrast to previously popular meth-
ods such as discrete trait analyses (Lemey et al., 2009; Pagel et al., 2004), can estimate the ances-
tral structure of the population in the presence of biased sampling (De Maio et al., 2015). There
were two biases associated with the set of sequences available. First, the prevalence of M. bovis in
the sampled cattle and badger populations was likely to be different as a result of the on-going con-
trol operations in the cattle, therefore the sampling proportions of these different populations rela-
tive to the prevalence of M. bovis were likely to be unequal. Second, although the badger
population within Woodchester Park has been intensively monitored and sampled, the surrounding
badger population is less well understood and unsampled, whereas cattle both within and outside
the Woodchester Park area have been sampled.

Based on the ‘inner’ and ‘outer’ populations of the sampled cattle and badgers (shown in Fig-
ure 5), a series of BASTA analyses, splitting the sampled M. bovis population into different demes,
were designed to estimate the inter-species transition rates while accounting for the two sampling
biases discussed (Figure 6). For each of the nine separate population structures, two separate analy-
ses were conducted, one where the deme sizes were constrained to be equal and another where
they were allowed to vary. Each of these 18 analyses was repeated three times and estimates were
combined across replicates. The inter-species transition rates from each model were compared using
the Akaike’s Information Criterion through Markov Chain Monte Carlo (AICM; Baele et al., 2013),
for further details see Appendix 2: Structured coalescent analyses using BASTA.
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Code availability

All the code generated for this manuscript is freely available on GitHub. General scripts are available
within the ‘WoodchesterPark’ of the GeneralTools repository (https://github.com/JosephCrispell/
GeneralTools; Crispell, 2019a; copy archived at https://github.com/elifesciences-publications/Gen-
eralTools). The Java source code files can be found in a separate respository (https://github.com/
JosephCrispell/Java; Crispell, 2019b; copy archived at https://github.com/elifesciences-publica-
tions/Java). These scripts are licenced under the General Public Licence v3.0.

Data availability

All WGS data used for these analyses have been uploaded to the National Centre for Biotechnology
Information Short Read Archive (NCBI-SRA: PRINA523164). Because of the sensitivity of the associ-
ated metadata, only the sampling date and species will be provided with these sequences.

Acknowledgements

We thank APHA and DEFRA staff for providing valuable comments on the manuscript, particularly
James McCormack and Eleftheria Palkopoulou. Thanks to Stephen Gordon for providing access to a
high-performance computing cluster maintained at the University College Dublin and advice during
the generation of the manuscript. Glyn Hewinson holds a Ser Cymru Il Research Chair. Daniel J Wil-
son is a Sir Henry Dale Fellow, jointly funded by the Wellcome Trust and Royal Society. Samantha
Lycett was supported by BBSRC Institute Strategic Programme Grant to the Roslin Institute, Univer-
sity of Edinburgh: Control of Infectious Diseases and by a University of Edinburgh Chancellor’s Fel-
lowship. Joseph Crispell conducted the analyses as part of his BBSRC funded PhD studentship and
post-doctoral position at the University of Glasgow and continued the research at his current posi-
tion as a Post-Doctoral Research Fellow at University College Dublin funded on an SFI grant. Daniel
Balaz is funded by the BBSRC as a post-doctoral researcher. Rowland Kao was initially supported by
a Wellcome Trust Senior Research Fellowship. The long-term study of badgers at Woodchester Park
is funded by DEFRA. Thanks to the reviewers and editors for advising on manuscript revisions.

Additional information

Funding

Funder Grant reference number  Author

Science Foundation Ireland 16/BBSRC/3390 Joseph Crispell
Wellcome Trust 714 101237/2/13/Z Daniel J Wilson
Biotechnology and Biological ~ BBS/E/D/20002173 Samantha J Lycett
Sciences Research Council

Biotechnology and Biological ~ BB/L010569/1 Joseph Crispell
Sciences Research Council Daniel Balaz

Rowland Raymond Kao

Biotechnology and Biological ~ BB/L010569/2 Daniel Balaz

Sciences Research Council Rowland Raymond Kao
Wellcome Trust 081696/2/06/Z Rowland Raymond Kao
Biotechnology and Biological ~ BB/P010598/1 Samantha J Lycett
Sciences Research Council Rowland Raymond Kao

The funders had no role in study design, data collection and interpretation, or the
decision to submit the work for publication.

Author contributions

Joseph Crispell, Formal analysis, Visualization, Methodology, Writing—original draft, Writing—
review and editing; Clare H Benton, Hannah Trewby, Data curation, Methodology, Writing—review
and editing; Daniel Balaz, Roman Biek, Samantha J Lycett, Methodology, Writing—review and edit-
ing; Nicola De Maio, Daniel J Wilson, Software, Methodology, Writing—review and editing; Assel

Crispell et al. eLife 2019;8:e45833. DOI: https://doi.org/10.7554/eLife.45833 17 of 36


https://github.com/
https://github.com/JosephCrispell/GeneralTools
https://github.com/JosephCrispell/GeneralTools
https://github.com/elifesciences-publications/GeneralTools
https://github.com/elifesciences-publications/GeneralTools
https://github.com/JosephCrispell/Java
https://github.com/JosephCrispell/Java
https://github.com/elifesciences-publications/Java
https://github.com/elifesciences-publications/Java
https://doi.org/10.7554/eLife.45833

e LI FE Research article

Epidemiology and Global Health | Microbiology and Infectious Disease

Ahkmetova, Adrian Allen, Eleanor L Presho, James Dale, Glyn Hewinson, Javier Nunez-Garcia, Robin
A Skuce, Data curation, Writing—review and editing; Ruth N Zadoks, Supervision, Methodology,
Writing—review and editing; Richard J Delahay, Conceptualization, Data curation, Methodology,
Writing—review and editing; Rowland Raymond Kao, Conceptualization, Data curation, Supervision,
Funding acquisition, Methodology, Writing—review and editing

Author ORCIDs

Joseph Crispell @ https://orcid.org/0000-0002-0364-7112
Daniel Balaz () https://orcid.org/0000-0003-3958-8748
Samantha J Lycett @ http://orcid.org/0000-0003-3159-596X
Daniel J Wilson (@ http://orcid.org/0000-0002-0940-3311

Ruth N Zadoks () http://orcid.org/0000-0002-1164-8000
Rowland Raymond Kao (i https://orcid.org/0000-0003-0919-6401

Decision letter and Author response
Decision letter https://doi.org/10.7554/elife.45833.sa
Author response https://doi.org/10.7554/elife.45833.5a2

Additional files

Supplementary files
e Transparent reporting form

Data availability

All sequence data used for these analyses has been uploaded on to the National Centre for Biotech-
nology Information Short Read Archive (NCBI-SRA). Due to the sensitivity of the associated meta-
data, only the sampling date and species will be provided with these sequences.

The following dataset was generated:

Database and

Author(s) Year Dataset title Dataset URL Identifier
Crispell Joseph 2019 Mycobacterium tuberculosis variant https://www.ncbi.nlm. NCBI Sequence Read
bovis Raw sequence reads nih.gov/bioproject/ Archive,
PRJNAS523164 PRINAS523164
References

Andrews S. 2010. FastQC: A quality control tool for high throughput sequence data.

Aranaz A, Liébana E, Mateos A, Dominguez L, Vidal D, Domingo M, Gonzolez O, Rodriguez-Ferri EF,
Bunschoten AE, Van Embden JD, Cousins D. 1996. Spacer oligonucleotide typing of Mycobacterium bovis
strains from cattle and other animals: a tool for studying epidemiology of tuberculosis. Journal of Clinical
Microbiology 34:2734-2740. PMID: 8897175

Auret L, Aldrich C. 2012. Interpretation of nonlinear relationships between process variables by use of random
forests. Minerals Engineering 35:27-42. DOI: https://doi.org/10.1016/].mineng.2012.05.008

Ayele WY, Neill SD, Zinsstag J, Weiss MG, Pavlik I. 2004. Bovine tuberculosis: an old disease but a new threat to
africa. The International Journal of Tuberculosis and Lung Disease 8:924-937. PMID: 15305473

Baele G, Li WL, Drummond AJ, Suchard MA, Lemey P. 2013. Accurate model selection of relaxed molecular
clocks in bayesian phylogenetics. Molecular Biology and Evolution 30:239-243. DOI: https://doi.org/10.1093/
molbev/mss243, PMID: 23090976

Balseiro A, Gonzalez-Quirds P, Rodriguez O, Francisca Copano M, Merediz |, de Juan L, Chambers MA, Delahay
RJ, Marreros N, Royo LJ, Bezos J, Prieto JM, Gortazar C. 2013. Spatial relationships between eurasian badgers
(Meles meles) and cattle infected with Mycobacterium bovis in northern spain. The Veterinary Journal 197:739-
745. DOI: https://doi.org/10.1016/j.tvjl.2013.03.017, PMID: 23602422

Biek R, O'Hare A, Wright D, Mallon T, McCormick C, Orton RJ, McDowell S, Trewby H, Skuce RA, Kao RR. 2012.
Whole genome sequencing reveals local transmission patterns of Mycobacterium bovis in sympatric cattle and
badger populations. PLOS Pathogens 8:e1003008. DOI: https://doi.org/10.1371/journal.ppat. 1003008,

PMID: 23209404

Bouckaert R, Heled J, Kiihnert D, Vaughan T, Wu CH, Xie D, Suchard MA, Rambaut A, Drummond AJ. 2014.
BEAST 2: a software platform for bayesian evolutionary analysis. PLOS Computational Biology 10:e1003537.
DOI: https://doi.org/10.1371/journal.pcbi. 1003537, PMID: 24722319

Crispell et al. eLife 2019;8:e45833. DOI: https://doi.org/10.7554/eLife.45833 18 of 36


https://orcid.org/0000-0002-0364-7112
https://orcid.org/0000-0003-3958-8748
http://orcid.org/0000-0003-3159-596X
http://orcid.org/0000-0002-0940-3311
http://orcid.org/0000-0002-1164-8000
https://orcid.org/0000-0003-0919-6401
https://doi.org/10.7554/eLife.45833.sa1
https://doi.org/10.7554/eLife.45833.sa2
https://www.ncbi.nlm.nih.gov/bioproject/PRJNA523164
https://www.ncbi.nlm.nih.gov/bioproject/PRJNA523164
https://www.ncbi.nlm.nih.gov/bioproject/PRJNA523164
http://www.ncbi.nlm.nih.gov/pubmed/8897175
https://doi.org/10.1016/j.mineng.2012.05.008
http://www.ncbi.nlm.nih.gov/pubmed/15305473
https://doi.org/10.1093/molbev/mss243
https://doi.org/10.1093/molbev/mss243
http://www.ncbi.nlm.nih.gov/pubmed/23090976
https://doi.org/10.1016/j.tvjl.2013.03.017
http://www.ncbi.nlm.nih.gov/pubmed/23602422
https://doi.org/10.1371/journal.ppat.1003008
http://www.ncbi.nlm.nih.gov/pubmed/23209404
https://doi.org/10.1371/journal.pcbi.1003537
http://www.ncbi.nlm.nih.gov/pubmed/24722319
https://doi.org/10.7554/eLife.45833

e LI FE Research article

Epidemiology and Global Health | Microbiology and Infectious Disease

Bryant JM, Schiirch AC, van Deutekom H, Harris SR, de Beer JL, de Jager V, Kremer K, van Hijum SA, Siezen RJ,
Borgdorff M, Bentley SD, Parkhill J, van Soolingen D. 2013. Inferring patient to patient transmission of
Mycobacterium tuberculosis from whole genome sequencing data. BMC Infectious Diseases 13:110.

DOI: https://doi.org/10.1186/1471-2334-13-110, PMID: 23446317

Chambers MA, Waterhouse S, Lyashchenko K, Delahay R, Sayers R, Hewinson RG. 2009. Performance of TB
immunodiagnostic tests in eurasian badgers (Meles meles) of different ages and the influence of duration of
infection on serological sensitivity. BMC Veterinary Research 5:42. DOI: https://doi.org/10.1186/1746-6148-5-
42, PMID: 19919697

Costello E, Doherty ML, Monaghan ML, Quigley FC, O'Reilly PF. 1998. A study of cattle-to-cattle transmission of
Mycobacterium bovis infection. The Veterinary Journal 155:245-250. DOI: https://doi.org/10.1016/51090-0233
(05)80019-X, PMID: 9638070

Cousins DV, Roberts JL. 2001. Australia’s campaign to eradicate bovine tuberculosis: the battle for freedom and
beyond. Tuberculosis 81:5-15. DOI: https://doi.org/10.1054/tube.2000.0261, PMID: 11463220

Crispell J, Balaz D, Gordon SV. 2019. HomoplasyFinder: a simple tool to identify homoplasies on a phylogeny.
Microbial Genomics 5:€000245. DOI: https://doi.org/10.1099/mgen.0.000245

Crispell J. 2019a. A selection of perl, python, bash, and R scripts used in general analyses. 3548748. GitHub.
https://github.com/JosephCrispell/GeneralTools

Crispell J. 2019b. Java code related to 'https://github.com/elifesciences-publications/GeneralTools’. 6010ba1.
GitHub. https://github.com/elifesciences-publications/Java

de Kantor IN, Ritacco V. 2006. An update on bovine tuberculosis programmes in Latin american and Caribbean
countries. Veterinary Microbiology 112:111-118. DOI: https://doi.org/10.1016/j.vetmic.2005.11.033,

PMID: 16310980

de la Rua-Domenech R, Goodchild AT, Vordermeier HM, Hewinson RG, Christiansen KH, Clifton-Hadley RS.
2006. Ante mortem diagnosis of tuberculosis in cattle: a review of the tuberculin tests, gamma-interferon assay
and other ancillary diagnostic techniques. Research in Veterinary Science 81:190-210. DOI: https://doi.org/10.
1016/j.rvsc.2005.11.005, PMID: 16513150

De Maio N, Wu CH, O'Reilly KM, Wilson D. 2015. New routes to phylogeography: a bayesian structured
coalescent approximation. PLOS Genetics 11:e1005421. DOI: https://doi.org/10.1371/journal.pgen.1005421,
PMID: 26267488

De Maio N, Worby CJ, Wilson DJ, Stoesser N. 2018. Bayesian reconstruction of transmission within outbreaks
using genomic variants. PLOS Computational Biology 14:e1006117. DOI: https://doi.org/10.1371/journal.pcbi.
1006117, PMID: 29668677

DEFRA. 2017. Quarterly Publication of National Statistics on the Incidence and Prevalence of Tuberculosis (TB) in
Cattle in Great Britain — To End June 2017: Department for Environment Food & Rural Affairs.

Delahay RJ, Brown J, Mallinson PJ, Spyvee PD, Handoll D, Rogers LM, Cheeseman CL. 2000. The use of marked
bait in studies of territorial organisation of the european badger (Meles meles). Mammal Review 30:73-87.
DOI: https://doi.org/10.1046/j.1365-2907.2000.00058.x

Delahay RJ, De Leeuw AN, Barlow AM, Clifton-hadley RS, Cheeseman CL. 2002. The status of Mycobacterium
bovis infection in UK wild mammals: a review. The Veterinary Journal 164:90-105. DOI: https://doi.org/10.
1053/tvjl.2001.0667, PMID: 12359464

Delahay RJ, Smith GC, Barlow AM, Walker N, Harris A, Clifton-Hadley RS, Cheeseman CL. 2007. Bovine
tuberculosis infection in wild mammals in the South-West region of England: a survey of prevalence and a semi-
quantitative assessment of the relative risks to cattle. The Veterinary Journal 173:287-301. DOI: https://doi.
org/10.1016/j.tvjl.2005.11.011

Delahay RJ, Walker N, Smith GC, Smith GS, Wilkinson D, Clifton-Hadley RS, Cheeseman CL, Tomlinson AJ,
Chambers MA. 2013. Long-term temporal trends and estimated transmission rates for Mycobacterium bovis
infection in an undisturbed high-density badger (Meles meles) population. Epidemiology and Infection 141:
1445-1456. DOI: https://doi.org/10.1017/50950268813000721, PMID: 23537573

Dijkstra EW. 1959. A note on two problems in connexion with graphs. Numerische Mathematik 1:269-271.

DOI: https://doi.org/10.1007/BF01386390

Elith J, Leathwick JR, Hastie T. 2008. A working guide to boosted regression trees. Journal of Animal Ecology
77:802-813. DOI: https://doi.org/10.1111/j.1365-2656.2008.01390.x, PMID: 18397250

Farris JS. 1989. The retention index and the rescaled consistency index. Cladistics 5:417-419. DOI: https://doi.
org/10.1111/j.1096-0031.1989.tb00573.x

Firth C, Kitchen A, Shapiro B, Suchard MA, Holmes EC, Rambaut A. 2010. Using time-structured data to estimate
evolutionary rates of double-stranded DNA viruses. Molecular Biology and Evolution 27:2038-2051.

DOI: https://doi.org/10.1093/molbev/msq088, PMID: 20363828

Gallagher MJ, Higgins IM, Clegg TA, Williams DH, More SJ. 2013. Comparison of bovine tuberculosis recurrence
in irish herds between 1998 and 2008. Preventive Veterinary Medicine 111:237-244. DOI: https://doi.org/10.
1016/j.prevetmed.2013.05.004, PMID: 23746572

Garbaccio S, Macias A, Shimizu E, Paolicchi F, Pezzone N, Magnano G, Zapata L, Abdala A, Tarabla H, Peyru M,
Caimi K, Zumérraga M, Canal A, Cataldi A. 2014. Association between spoligotype-VNTR types and virulence
of Mycobacterium bovis in cattle. Virulence 5:297-302. DOI: https://doi.org/10.4161/viru.27193, PMID: 243
98919

Gardy JL, Johnston JC, Ho Sui SJ, Cook VJ, Shah L, Brodkin E, Rempel S, Moore R, Zhao Y, Holt R, Varhol R,
Birol I, Lem M, Sharma MK, Elwood K, Jones SJ, Brinkman FS, Brunham RC, Tang P. 2011. Whole-genome

Crispell et al. eLife 2019;8:e45833. DOI: https://doi.org/10.7554/eLife.45833 19 of 36


https://doi.org/10.1186/1471-2334-13-110
http://www.ncbi.nlm.nih.gov/pubmed/23446317
https://doi.org/10.1186/1746-6148-5-42
https://doi.org/10.1186/1746-6148-5-42
http://www.ncbi.nlm.nih.gov/pubmed/19919697
https://doi.org/10.1016/S1090-0233(05)80019-X
https://doi.org/10.1016/S1090-0233(05)80019-X
http://www.ncbi.nlm.nih.gov/pubmed/9638070
https://doi.org/10.1054/tube.2000.0261
http://www.ncbi.nlm.nih.gov/pubmed/11463220
https://doi.org/10.1099/mgen.0.000245
https://github.com/JosephCrispell/GeneralTools
https://github.com/elifesciences-publications/Java
https://doi.org/10.1016/j.vetmic.2005.11.033
http://www.ncbi.nlm.nih.gov/pubmed/16310980
https://doi.org/10.1016/j.rvsc.2005.11.005
https://doi.org/10.1016/j.rvsc.2005.11.005
http://www.ncbi.nlm.nih.gov/pubmed/16513150
https://doi.org/10.1371/journal.pgen.1005421
http://www.ncbi.nlm.nih.gov/pubmed/26267488
https://doi.org/10.1371/journal.pcbi.1006117
https://doi.org/10.1371/journal.pcbi.1006117
http://www.ncbi.nlm.nih.gov/pubmed/29668677
https://doi.org/10.1046/j.1365-2907.2000.00058.x
https://doi.org/10.1053/tvjl.2001.0667
https://doi.org/10.1053/tvjl.2001.0667
http://www.ncbi.nlm.nih.gov/pubmed/12359464
https://doi.org/10.1016/j.tvjl.2005.11.011
https://doi.org/10.1016/j.tvjl.2005.11.011
https://doi.org/10.1017/S0950268813000721
http://www.ncbi.nlm.nih.gov/pubmed/23537573
https://doi.org/10.1007/BF01386390
https://doi.org/10.1111/j.1365-2656.2008.01390.x
http://www.ncbi.nlm.nih.gov/pubmed/18397250
https://doi.org/10.1111/j.1096-0031.1989.tb00573.x
https://doi.org/10.1111/j.1096-0031.1989.tb00573.x
https://doi.org/10.1093/molbev/msq088
http://www.ncbi.nlm.nih.gov/pubmed/20363828
https://doi.org/10.1016/j.prevetmed.2013.05.004
https://doi.org/10.1016/j.prevetmed.2013.05.004
http://www.ncbi.nlm.nih.gov/pubmed/23746572
https://doi.org/10.4161/viru.27193
http://www.ncbi.nlm.nih.gov/pubmed/24398919
http://www.ncbi.nlm.nih.gov/pubmed/24398919
https://doi.org/10.7554/eLife.45833

e LI FE Research article

Epidemiology and Global Health | Microbiology and Infectious Disease

sequencing and social-network analysis of a tuberculosis outbreak. New England Journal of Medicine 364:730-
739. DOI: https://doi.org/10.1056/NEJMoa1003176, PMID: 21345102

Garnett BT, Delahay RJ, Roper TJ. 2005. Ranging behaviour of european badgers (Meles meles) in relation to
bovine tuberculosis (Mycobacterium bovis) infection. Applied Animal Behaviour Science 94:331-340.

DOI: https://doi.org/10.1016/j.applanim.2005.02.013

Gilbert M, Mitchell A, Bourn D, Mawdsley J, Clifton-Hadley R, Wint W. 2005. Cattle movements and bovine
tuberculosis in Great Britain. Nature 435:491-496. DOI: https://doi.org/10.1038/nature03548, PMID: 15917808

Gittleman JL, Harvey PH. 1982. Carnivore home-range size, metabolic needs and ecology. Behavioral Ecology
and Sociobiology 10:57-63. DOI: https://doi.org/10.1007/BF00296396

Glaser L, Carstensen M, Shaw S, Robbe-Austerman S, Wunschmann A, Grear D, Stuber T, Thomsen B. 2016.
Descriptive epidemiology and whole genome sequencing analysis for an outbreak of bovine tuberculosis in
beef cattle and White-Tailed deer in northwestern Minnesota. PLOS ONE 11:e0145735. DOI: https://doi.org/
10.1371/journal.pone.0145735, PMID: 26785113

Godfray HCJ, Donnelly CA, Kao RR, Macdonald DW, McDonald RA, Petrokofsky G, Wood JLN, Woodroffe R,
Young DB, McLean AR. 2013. A restatement of the natural science evidence base relevant to the control of
bovine tuberculosis in Great Britain. Proceedings of the Royal Society B: Biological Sciences 280:20131634.
DOI: https://doi.org/10.1098/rspb.2013.1634

Godfray C, Donnelly CA, Hewinson RG, Winter M, Wood J. 2018. Bovine TB Strategy Review: Department for
Environment, Food and Rural Affairs.

Goodchild AV, Watkins GH, Sayers AR, Jones JR, Clifton-Hadley RS. 2012. Geographical association between
the genotype of bovine tuberculosis in found dead badgers and in cattle herds. Veterinary Record 170:259.
DOI: https://doi.org/10.1136/vr.100193, PMID: 22331501

Goodchild AV, Clifton-Hadley RS. 2001. Cattle-to-cattle transmission of Mycobacterium bovis. Tuberculosis 81:
23-41. DOI: https://doi.org/10.1054/tube.2000.0256, PMID: 11463222

Gortazar C, Vicente J, Gavier-Widén D. 2003. Pathology of bovine tuberculosis in the european wild boar (Sus
scrofa). Veterinary Record 152:779-780. DOI: https://doi.org/10.1136/vr.152.25.779, PMID: 12846290

Green DM, Kiss IZ, Mitchell AP, Kao RR. 2008. Estimates for local and movement-based transmission of bovine
tuberculosis in british cattle. Proceedings of the Royal Society B: Biological Sciences 275:1001-1005.

DOI: https://doi.org/10.1098/rspb.2007.1601

Guthrie JL, Delli Pizzi A, Roth D, Kong C, Jorgensen D, Rodrigues M, Gardy JL. 2018. Genotyping and Whole-
Genome sequencing to identify tuberculosis transmission to pediatric patients in british Columbia, Canada,
2005-2014. The Journal of Infectious Diseases 4:1155-1163.

Hasegawa M, Kishino H, Yano T. 1985. Dating of the human-ape splitting by a molecular clock of mitochondrial
DNA. Journal of Molecular Evolution 22:160-174. DOI: https://doi.org/10.1007/BF02101694, PMID: 3934395

Haydon DT, Cleaveland S, Taylor LH, Laurenson MK. 2002. Identifying reservoirs of infection: a conceptual and
practical challenge. Emerging Infectious Diseases 8:1468-1473. DOI: https://doi.org/10.3201/eid0812.010317,
PMID: 12498665

Jajou R, de Neeling A, van Hunen R, de Vries G, Schimmel H, Mulder A, Anthony R, van der Hoek W, van
Soolingen D. 2018. Epidemiological links between tuberculosis cases identified twice as efficiently by whole
genome sequencing than conventional molecular typing: a population-based study. PLOS ONE 13:e0195413.
DOI: https://doi.org/10.1371/journal.pone.0195413, PMID: 29617456

Judge J, Wilson GJ, Macarthur R, McDonald RA, Delahay RJ. 2017. Abundance of badgers (Meles meles) in
England and wales. Scientific Reports 7:276. DOI: https://doi.org/10.1038/s41598-017-00378-3, PMID: 28325
904

Kao RR, Haydon DT, Lycett SJ, Murcia PR. 2014. Supersize me: how whole-genome sequencing and big data are
transforming epidemiology. Trends in Microbiology 22:282-291. DOI: https://doi.org/10.1016/j.tim.2014.02.
011, PMID: 24661923

Kao RR, Price-Carter M, Robbe-Austerman S. 2016. Use of genomics to track bovine tuberculosis transmission.
Revue Scientifique Et Technique De I'OIE 35:241-268. DOI: https://doi.org/10.20506/rst.35.1.2430,

PMID: 27217181

Karolemeas K, McKinley TJ, Clifton-Hadley RS, Goodchild AV, Mitchell A, Johnston WT, Conlan AJ, Donnelly
CA, Wood JL. 2011. Recurrence of bovine tuberculosis breakdowns in great Britain: risk factors and prediction.
Preventive Veterinary Medicine 102:22-29. DOI: https://doi.org/10.1016/j.prevetmed.2011.06.004,

PMID: 21767886

Krueger F. 2015. Trim Galore: A Wrapper Tool Around Cutadapt and FastQC to Consistently Apply Quality and
Adapter Trimming to FastQ Files. https://www.bioinformatics.babraham.ac.uk/projects/trim_galore/

Lawes JR, Harris KA, Brouwer A, Broughan JM, Smith NH, Upton PA. 2016. Bovine TB surveillance in great
Britain in 2014. Veterinary Record 178:310-315. DOI: https://doi.org/10.1136/vr.i1616, PMID: 27013568

Lemey P, Rambaut A, Drummond AJ, Suchard MA. 2009. Bayesian phylogeography finds its roots. PLOS
Computational Biology 5:€1000520. DOI: https://doi.org/10.1371/journal.pcbi. 1000520, PMID: 19779555

Li H, Durbin R. 2009. Fast and accurate short read alignment with Burrows-Wheeler transform. Bioinformatics 25:
1754-1760. DOI: https://doi.org/10.1093/bioinformatics/btp324, PMID: 19451168

Liaw A, Wiener M. 2002. Classification and regression by randomForest. R News 2:18-22.

Macdonald DW, Newman C, Buesching CD, Johnson PJ. 2008. Male-biased movement in a High-density
population of the eurasian badger (Meles meles). Journal of Mammalogy 89:1077-1086. DOI: https://doi.org/
10.1644/07-MAMM-A-185.1

Crispell et al. eLife 2019;8:e45833. DOI: https://doi.org/10.7554/eLife.45833 20 of 36


https://doi.org/10.1056/NEJMoa1003176
http://www.ncbi.nlm.nih.gov/pubmed/21345102
https://doi.org/10.1016/j.applanim.2005.02.013
https://doi.org/10.1038/nature03548
http://www.ncbi.nlm.nih.gov/pubmed/15917808
https://doi.org/10.1007/BF00296396
https://doi.org/10.1371/journal.pone.0145735
https://doi.org/10.1371/journal.pone.0145735
http://www.ncbi.nlm.nih.gov/pubmed/26785113
https://doi.org/10.1098/rspb.2013.1634
https://doi.org/10.1136/vr.100193
http://www.ncbi.nlm.nih.gov/pubmed/22331501
https://doi.org/10.1054/tube.2000.0256
http://www.ncbi.nlm.nih.gov/pubmed/11463222
https://doi.org/10.1136/vr.152.25.779
http://www.ncbi.nlm.nih.gov/pubmed/12846290
https://doi.org/10.1098/rspb.2007.1601
https://doi.org/10.1007/BF02101694
http://www.ncbi.nlm.nih.gov/pubmed/3934395
https://doi.org/10.3201/eid0812.010317
http://www.ncbi.nlm.nih.gov/pubmed/12498665
https://doi.org/10.1371/journal.pone.0195413
http://www.ncbi.nlm.nih.gov/pubmed/29617456
https://doi.org/10.1038/s41598-017-00378-3
http://www.ncbi.nlm.nih.gov/pubmed/28325904
http://www.ncbi.nlm.nih.gov/pubmed/28325904
https://doi.org/10.1016/j.tim.2014.02.011
https://doi.org/10.1016/j.tim.2014.02.011
http://www.ncbi.nlm.nih.gov/pubmed/24661923
https://doi.org/10.20506/rst.35.1.2430
http://www.ncbi.nlm.nih.gov/pubmed/27217181
https://doi.org/10.1016/j.prevetmed.2011.06.004
http://www.ncbi.nlm.nih.gov/pubmed/21767886
https://www.bioinformatics.babraham.ac.uk/projects/trim_galore/
https://doi.org/10.1136/vr.i1616
http://www.ncbi.nlm.nih.gov/pubmed/27013568
https://doi.org/10.1371/journal.pcbi.1000520
http://www.ncbi.nlm.nih.gov/pubmed/19779555
https://doi.org/10.1093/bioinformatics/btp324
http://www.ncbi.nlm.nih.gov/pubmed/19451168
https://doi.org/10.1644/07-MAMM-A-185.1
https://doi.org/10.1644/07-MAMM-A-185.1
https://doi.org/10.7554/eLife.45833

e LI FE Research article

Epidemiology and Global Health | Microbiology and Infectious Disease

Malone KM, Farrell D, Stuber TP, Schubert OT, Aebersold R, Robbe-Austerman S, Gordon SV. 2017. Updated
Reference Genome Sequence and Annotation of Mycobacterium bovis AF2122/97 . Genome Announcements
5:17-18. DOI: https://doi.org/10.1128/genomeA.00157-17

Meehan CJ, Moris P, Kohl TA, Pecerska J, Akter S, Merker M, Utpatel C, Beckert P, Gehre F, Lempens P, Stadler
T, Kaswa MK, Kithnert D, Niemann S, de Jong BC. 2018. The relationship between transmission time and
clustering methods in Mycobacterium tuberculosis epidemiology. EBioMedicine 37:410-416. DOI: https://doi.
org/10.1016/j.ebiom.2018.10.013, PMID: 30341041

Menzies FD, Neill SD. 2000. Cattle-to-cattle transmission of bovine tuberculosis. The Veterinary Journal 160:92—
106. DOI: https://doi.org/10.1016/51090-0233(00)20482-9, PMID: 10985801

Miller RS, Sweeney SJ. 2013. Mycobacterium bovis (bovine tuberculosis) infection in north american wildlife:
current status and opportunities for mitigation of risks of further infection in wildlife populations. Epidemiology
and Infection 141:1357-1370. DOI: https://doi.org/10.1017/50950268813000976, PMID: 23657134

Namouchi A, Didelot X, Schéck U, Gicquel B, Rocha EP. 2012. After the bottleneck: genome-wide diversification
of the Mycobacterium tuberculosis complex by mutation, recombination, and natural selection. Genome
Research 22:721-734. DOI: https://doi.org/10.1101/gr.129544.111, PMID: 22377718

Nugent G. 2005. The role of wild deer in the epidemiology and management of bovine tuberculosis in New
Zealand. Lincoln University.

Nugent G, Buddle BM, Knowles G. 2015. Epidemiology and control of Mycobacterium bovis infection in
brushtail possums (Trichosurus vulpecula), the primary wildlife host of bovine tuberculosis in New Zealand .
New Zealand Veterinary Journal 63:28-41. DOI: https://doi.org/10.1080/00480169.2014.963791

Olea-Popelka FJ, Flynn O, Costello E, McGrath G, Collins JD, O'keeffe J, Kelton DF, Berke O, Martin SW. 2005.
Spatial relationship between Mycobacterium bovis strains in cattle and badgers in four Areas in Ireland.
Preventive Veterinary Medicine 71:57-70. DOI: https://doi.org/10.1016/j.prevetmed.2005.05.008, PMID: 15993
963

Orton RJ, Deason M, Bessell PR, Green DM, Kao RR, Salvador LCM. 2018. Identifying genotype specific
elevated-risk Areas and associated herd risk factors for bovine tuberculosis spread in british cattle. Epidemics
24:34-42. DOI: https://doi.org/10.1016/j.epidem.2018.02.004

Pagel M, Meade A, Barker D. 2004. Bayesian estimation of ancestral character states on phylogenies. Systematic
Biology 53:673-684. DOI: https://doi.org/10.1080/10635150490522232, PMID: 15545248

Parish T, Stoker NG. 2001. Mycobacterium Tuberculosis Protocols. Humana Press. DOI: https://doi.org/10.1385/
1592591477

Patané JSL, Martins J, Casteldo AB, Nishibe C, Montera L, Bigi F, Zumarraga MJ, Cataldi AA, Junior AF, Roxo E,
Osdrio ALAR, Jorge KS, Thacker TC, Almeida NF, Aradjo FR, Setubal JC. 2017. Patterns and processes of
Mycobacterium bovis evolution revealed by phylogenomic analyses. Genome Biology and Evolution 9:521-535.
DOI: https://doi.org/10.1093/gbe/evx022

R Development Core Team. 2016. R: A language and environment for statistical computing. Vienna, Austria: R
Foundation for Statistical Computing. https://www.r-project.org/

Rambaut A, Lam TT, Max Carvalho L, Pybus OG. 2016. Exploring the temporal structure of heterochronous
sequences using TempEst (formerly Path-O-Gen). Virus Evolution 2:vew007. DOI: https://doi.org/10.1093/ve/
vew(007

Reviriego Gordejo FJ, Vermeersch JP. 2006. Towards eradication of bovine tuberculosis in the european union.
Veterinary Microbiology 112:101-109. DOI: https://doi.org/10.1016/].vetmic.2005.11.034, PMID: 16388921

Roetzer A, Diel R, Kohl TA, Riickert C, Niibel U, Blom J, Wirth T, Jaenicke S, Schuback S, Risch-Gerdes S,
Supply P, Kalinowski J, Niemann S. 2013. Whole genome sequencing versus traditional genotyping for
investigation of a Mycobacterium tuberculosis outbreak: a longitudinal molecular epidemiological study. PLOS
Medicine 10:e1001387. DOI: https://doi.org/10.1371/journal.pmed.1001387, PMID: 23424287

Roper TJ, Ostler JR, Conradt L. 2003. The process of dispersal in badgers Meles meles. Mammal Review 33:314—
318. DOI: https://doi.org/10.1046/j.1365-2907.2003.00031.x

Roring S, Brittain D, Bunschoten AE, Hughes MS, Skuce RA, van Embden JD, Neill SD. 1998. Spacer oligotyping
of Mycobacterium bovis isolates compared to typing by restriction fragment length polymorphism using PGRS,
DR and 1S6110 probes. Veterinary Microbiology 61:111-120. DOI: https://doi.org/10.1016/50378-1135(98)
00178-3, PMID: 9646470

Salvador LCM, O'Brien DJ, Cosgrove MK, Stuber TP, Schooley AM, Crispell J, Kao RR. 2019. Disease
management at the wildlife-livestock interface: using whole-genome sequencing to study the role of elk in
Mycobacterium bovis transmission in Michigan, USA. Molecular Ecology 15061:2192-2205. DOI: https://doi.
org/10.1111/mec.15061

Sampson SL. 2011. Mycobacterial PE/PPE proteins at the Host-Pathogen interface. Clinical and Developmental
Immunology 2011:1-11. DOI: https://doi.org/10.1155/2011/497203

Schliep KP. 2011. Phangorn: phylogenetic analysis in R. Bioinformatics 27:592-593. DOI: https://doi.org/10.
1093/bioinformatics/btq706, PMID: 21169378

Schmieder R, Edwards R. 2011. Quality control and preprocessing of metagenomic datasets. Bioinformatics 27:
863-864. DOI: https://doi.org/10.1093/bioinformatics/btr026, PMID: 21278185

Schmitt SM, O'Brien DJ, Bruning-Fann CS, Fitzgerald SD. 2002. Bovine tuberculosis in Michigan wildlife and
livestock. Annals of the New York Academy of Sciences 969:262-268. DOI: https://doi.org/10.1111/].1749-6632.
2002.tb04390.x

Crispell et al. eLife 2019;8:e45833. DOI: https://doi.org/10.7554/eLife.45833 21 of 36


https://doi.org/10.1128/genomeA.00157-17
https://doi.org/10.1016/j.ebiom.2018.10.013
https://doi.org/10.1016/j.ebiom.2018.10.013
http://www.ncbi.nlm.nih.gov/pubmed/30341041
https://doi.org/10.1016/S1090-0233(00)90482-9
http://www.ncbi.nlm.nih.gov/pubmed/10985801
https://doi.org/10.1017/S0950268813000976
http://www.ncbi.nlm.nih.gov/pubmed/23657134
https://doi.org/10.1101/gr.129544.111
http://www.ncbi.nlm.nih.gov/pubmed/22377718
https://doi.org/10.1080/00480169.2014.963791
https://doi.org/10.1016/j.prevetmed.2005.05.008
http://www.ncbi.nlm.nih.gov/pubmed/15993963
http://www.ncbi.nlm.nih.gov/pubmed/15993963
https://doi.org/10.1016/j.epidem.2018.02.004
https://doi.org/10.1080/10635150490522232
http://www.ncbi.nlm.nih.gov/pubmed/15545248
https://doi.org/10.1385/1592591477
https://doi.org/10.1385/1592591477
https://doi.org/10.1093/gbe/evx022
https://www.r-project.org/
https://doi.org/10.1093/ve/vew007
https://doi.org/10.1093/ve/vew007
https://doi.org/10.1016/j.vetmic.2005.11.034
http://www.ncbi.nlm.nih.gov/pubmed/16388921
https://doi.org/10.1371/journal.pmed.1001387
http://www.ncbi.nlm.nih.gov/pubmed/23424287
https://doi.org/10.1046/j.1365-2907.2003.00031.x
https://doi.org/10.1016/S0378-1135(98)00178-3
https://doi.org/10.1016/S0378-1135(98)00178-3
http://www.ncbi.nlm.nih.gov/pubmed/9646470
https://doi.org/10.1111/mec.15061
https://doi.org/10.1111/mec.15061
https://doi.org/10.1155/2011/497203
https://doi.org/10.1093/bioinformatics/btq706
https://doi.org/10.1093/bioinformatics/btq706
http://www.ncbi.nlm.nih.gov/pubmed/21169378
https://doi.org/10.1093/bioinformatics/btr026
http://www.ncbi.nlm.nih.gov/pubmed/21278185
https://doi.org/10.1111/j.1749-6632.2002.tb04390.x
https://doi.org/10.1111/j.1749-6632.2002.tb04390.x
https://doi.org/10.7554/eLife.45833

LI FE Research article

Epidemiology and Global Health | Microbiology and Infectious Disease

Smith NH, Dale J, Inwald J, Palmer S, Gordon SV, Hewinson RG, Smith JM. 2003. The population structure of
Mycobacterium bovis in Great Britain: clonal expansion. PNAS 100:15271-15275. DOI: https://doi.org/10.
1073/pnas.2036554100, PMID: 14657373

Smith NH, Gordon SV, de la Rua-Domenech R, Clifton-Hadley RS, Hewinson RG. 2006. Bottlenecks and
broomsticks: the molecular evolution of Mycobacterium bovis. Nature Reviews Microbiology 4:670-681.

DOI: https://doi.org/10.1038/nrmicro1472, PMID: 16912712

Sobkowiak B, Glynn JR, Houben RMGJ, Mallard K, Phelan JE, Guerra-Assuncdo JA, Banda L, Mzembe T, Viveiros
M, McNerney R, Parkhill J, Crampin AC, Clark TG. 2018. Identifying mixed Mycobacterium tuberculosis
infections from whole genome sequence data. BMC Genomics 19:1-15. DOI: https://doi.org/10.1186/s12864-
018-4988-z

Stamatakis A. 2014. RAXML version 8: a tool for phylogenetic analysis and post-analysis of large phylogenies.
Bioinformatics 30:1312-1313. DOI: https://doi.org/10.1093/bioinformatics/btu033, PMID: 24451623

Tuyttens FAM, Delahay RJ, Macdonald DW, Cheeseman CL, Long B, Donnelly CA. 2000. Spatial perturbation
caused by a badger (Meles meles) culling operation: implications for the function of territoriality and the
control of bovine tuberculosis (Mycobacterium bovis). Journal of Animal Ecology 69:815-828. DOI: https://doi.
org/10.1046/}.1365-2656.2000.00437 .x, PMID: 29313991

van Soolingen D, de Haas PE, Kremer K. 2001. Restriction fragment length polymorphism typing of
mycobacteria. Methods in Molecular Medicine 54:165-203. DOI: https://doi.org/10.1385/1-59259-147-7:165,
PMID: 21341076

Vaughan TG, Kithnert D, Popinga A, Welch D, Drummond AJ. 2014. Efficient bayesian inference under the
structured coalescent. Bioinformatics 30:2272-2279. DOI: https://doi.org/10.1093/bioinformatics/btu201,
PMID: 24753484

Vial F, Johnston WT, Donnelly CA. 2011. Local cattle and badger populations affect the risk of confirmed
tuberculosis in british cattle herds. PLOS ONE 6:€18058. DOI: https://doi.org/10.1371/journal.pone.0018058,
PMID: 21464920

Vicente J, Delahay RJ, Walker NJ, Cheeseman CL. 2007. Social organization and movement influence the
incidence of bovine tuberculosis in an undisturbed high-density badger Meles meles population. Journal of
Animal Ecology 76:348-360. DOI: https://doi.org/10.1111/].1365-2656.2006.01199.x, PMID: 17302842

Walker TM, Ip CLC, Harrell RH, Evans JT, Kapatai G, Dedicoat MJ, Eyre DW, Wilson DJ, Hawkey PM, Crook DW,
Parkhill J, Harris D, Walker AS, Bowden R, Monk P, Smith EG, Peto TEA. 2012. Whole-genome sequencing to
delineate Mycobacterium tuberculosis outbreaks: a retrospective observational study. The Lancet. Infectious
Diseases 12:51473-53099.

Walker TM, Merker M, Knoblauch AM, Helbling P, Schoch OD, van der Werf MJ, Kranzer K, Fiebig L, Kréger S,
Haas W, Hoffmann H, Indra A, Egli A, Cirillo DM, Robert J, Rogers TR, Groenheit R, Mengshoel AT, Mathys V,
Haanperé M, et al. 2018. A cluster of multidrug-resistant Mycobacterium tuberculosis among patients arriving
in Europe from the horn of africa: a molecular epidemiological study. The Lancet Infectious Diseases 18:431—
440. DOI: https://doi.org/10.1016/51473-3099(18)30004-5

Woodroffe R, Donnelly CA, Johnston WT, Bourne FJ, Cheeseman CL, Clifton-Hadley RS, Cox DR, Gettingby G,
Hewinson RG, Le Fevre AM, Mclnerney JP, Morrson WI . 2005. Spatial association of Mycobacterium bovis
infection in cattle and badgers Meles meles. Journal of Applied Ecology 42:852-862. DOI: https://doi.org/10.
1111/j.1365-2664.2005.01081.x

Woodroffe R, Donnelly CA, Cox DR, Bourne FJ, Cheeseman CL, Delahay RJ, Gettingby G, Mclnerney JP,
Morrison WI. 2006. Effects of culling on badger Meles meles spatial organization: implications for the control of
bovine tuberculosis. Journal of Applied Ecology 43:1-10. DOI: https://doi.org/10.1111/].1365-2664.2005.
01144.x

Wright DM, Allen AR, Mallon TR, McDowell SW, Bishop SC, Glass EJ, Bermingham ML, Woolliams JA, Skuce RA.
2013. Field-isolated genotypes of Mycobacterium bovis vary in virulence and influence case pathology but do
not affect outbreak size. PLOS ONE 8:e74503. DOI: https://doi.org/10.1371/journal.pone.0074503, PMID: 240
86351

Xia E, Teo YY, Ong RT. 2016. SpoTyping: fast and accurate in silico Mycobacterium spoligotyping from sequence
reads. Genome Medicine 8:19. DOI: https://doi.org/10.1186/s13073-016-0270-7, PMID: 26883915

Yang C, Luo T, Shen X, Wu J, Gan M, Xu P, Wu Z, Lin S, Tian J, Liu Q, Yuan Z, Mei J, DeRiemer K, Gao Q. 2017.
Transmission of multidrug-resistant Mycobacterium tuberculosis in Shanghai, China: a retrospective
observational study using whole-genome sequencing and epidemiological investigation. The Lancet Infectious
Diseases 17:275-284. DOI: https://doi.org/10.1016/51473-3099(16)30418-2, PMID: 27919643

Crispell et al. eLife 2019;8:e45833. DOI: https://doi.org/10.7554/eLife.45833 22 of 36


https://doi.org/10.1073/pnas.2036554100
https://doi.org/10.1073/pnas.2036554100
http://www.ncbi.nlm.nih.gov/pubmed/14657373
https://doi.org/10.1038/nrmicro1472
http://www.ncbi.nlm.nih.gov/pubmed/16912712
https://doi.org/10.1186/s12864-018-4988-z
https://doi.org/10.1186/s12864-018-4988-z
https://doi.org/10.1093/bioinformatics/btu033
http://www.ncbi.nlm.nih.gov/pubmed/24451623
https://doi.org/10.1046/j.1365-2656.2000.00437.x
https://doi.org/10.1046/j.1365-2656.2000.00437.x
http://www.ncbi.nlm.nih.gov/pubmed/29313991
https://doi.org/10.1385/1-59259-147-7:165
http://www.ncbi.nlm.nih.gov/pubmed/21341076
https://doi.org/10.1093/bioinformatics/btu201
http://www.ncbi.nlm.nih.gov/pubmed/24753484
https://doi.org/10.1371/journal.pone.0018058
http://www.ncbi.nlm.nih.gov/pubmed/21464920
https://doi.org/10.1111/j.1365-2656.2006.01199.x
http://www.ncbi.nlm.nih.gov/pubmed/17302842
https://doi.org/10.1016/S1473-3099(18)30004-5
https://doi.org/10.1111/j.1365-2664.2005.01081.x
https://doi.org/10.1111/j.1365-2664.2005.01081.x
https://doi.org/10.1111/j.1365-2664.2005.01144.x
https://doi.org/10.1111/j.1365-2664.2005.01144.x
https://doi.org/10.1371/journal.pone.0074503
http://www.ncbi.nlm.nih.gov/pubmed/24086351
http://www.ncbi.nlm.nih.gov/pubmed/24086351
https://doi.org/10.1186/s13073-016-0270-7
http://www.ncbi.nlm.nih.gov/pubmed/26883915
https://doi.org/10.1016/S1473-3099(16)30418-2
http://www.ncbi.nlm.nih.gov/pubmed/27919643
https://doi.org/10.7554/eLife.45833

e LI FE Research article Epidemiology and Global Health | Microbiology and Infectious Disease

Appendix 1

Comparing genetic and epidemiological distances

Defining the epidemiological metrics

A series of epidemiological metrics (Appendix 1—table 1) were designed to capture how
epidemiologically related a pair of sampled animals were. These metrics were compared to
the inter-sequence genetic distances using Random Forest (Liaw and Wiener, 2002) and
Boosted Regression (Elith et al., 2008) models. Three different analyses were conducted
based on badger-badger, cattle—cattle, and badger—cattle comparisons. The metrics were
defined based on the sampling times and locations, and the life histories of the sampled
animals. Life history data for the sampled badgers included all capture event data; specifically,
the capture date, the social group the badger was captured in, and the bTB status were used.
The bTB status of badgers at a capture event was determined using bacteriological culture
(from 1982), Brock Test ELISA (from 1982), gamma-IFN test (from 2006), and Stat-Pak test
(from 2006) (tests are described in Chambers et al., 2009). For the sampled cattle, the life
histories were made up of the cattle movement data (stored in the Cattle Tracing System) and
testing (stored in APHA's cattle testing SAM database) histories. As part of the national TB
surveillance program, cattle are tested using the Single Intradermal Comparative Cervical
Tuberculin (SICCT) test and results are stored in the SAM database. For each sampled badger,
its main social group was defined as the group in which it spent the majority of its recorded
life, its sampled group was that in which it was captured when it was sampled, and its infected
group was that in which it was captured when infection was first detected. For each sampled
cow, the main and sampled herds were identified in a similar way. Weighted adjacency
matrices were constructed counting the number of cattle/badgers that moved/dispersed
between each herd/social group. Using these matrices, the shortest path lengths between
herds or social groups were calculated using Dijkstra’s algorithm (Dijkstra, 1959). The
epidemiological metrics for comparing each pair of sampled animals were calculated using
custom Java code (available here). Random Forest and Boosted Regression models, within R,
do not handle missing data explicitly, and so where it was not possible to calculate a metric
because of insufficient data a ‘—1" was inserted. The influence of missing data was
investigated by sequentially removing metrics with the highest amounts of missing data. These
analyses demonstrated little effect on the variation explained by the Random Forest models or
the importance rankings of the metrics (data not shown). The nature of the epidemiological
metrics meant that many were highly correlated. The influence of highly correlated metrics on
the Random Forest regression models was investigated by sequentially removing metrics from
highly correlated clusters. These analyses demonstrated minimal effects on the importance
rankings of the epidemiological metrics (data not shown).

Appendix 1—table 1. Epidemiological metrics capturing the spatial, temporal, and network
relationships between a pair of sampled animals. Whether or not the metric was used in the
badger-badger, cattle—cattle, and badger—cattle comparisons is indicated.

Badger-  Cattle- Badger-

Epidemiological metrics Badger Cattle Cattle
Same main [herd/social group]? YES YES NO
Same sampled [herd/social group]? YES YES NO
Same infected [herd/social group]? YES NO NO
Spatial distance between main [herd/social groupls YES YES YES
Spatial distance between sampled [herd/social group]s YES YES YES
Spatial distance between infected [herd/social group]s YES NO NO
Distance from closest land parcel to main [herd/social group] using NO NO YES
centroids

Appendix 1T—table 1 continued on next page
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Badger-  Cattle- Badger-
Badger Cattle Cattle

Distance from closest land parcel to sampled [herd/social group] using NO NO YES
centroids

Number of days overlap between the recorded lifespans YES YES YES
Number of days overlap between the infected lifespans YES NO NO
Number of days spent in same [herd/social group] YES YES NO
Number of days between infection detection dates YES NO YES
Number of days between sampling dates YES YES NO
Number of days between breakdown dates NO YES NO
Number of recorded [cattle movements/dispersal events] between main YES YES NO
[herd/social group]s

Number of recorded [cattle movements/dispersal events] between YES YES NO
sampled [herd/social group]s

Number of recorded [cattle movements/dispersal events] between YES NO NO
infected [herd/social group]s

Shortest path length between main [herd/social group]s YES YES NO
Mean number of [cattle/badgers] traversing edges of shortest path YES YES NO
between main [herd/social group]s

Shortest path length between sampled [herd/social group]s YES YES NO
Mean number of [cattle/badgers] traversing edges of shortest path YES YES NO
between sampled [herd/social group]s

Shortest path length between infected [herd/social group]s YES NO NO
Mean number of [cattle/badgers] traversing edges of shortest path YES NO NO
between infected [herd/social group]s

Number of [cattle/badgers] recorded in both main [herd/social group]s YES YES NO
Number of [cattle/badgers] recorded in both sampled [herd/social YES YES NO
group]s

Number of [cattle/badgers] recorded in both infected [herd/social YES NO NO
group]s

Shortest path length between main [herd/social group]s (some [herd/ NO YES NO
social group]s excluded)

Mean number of [cattle/badgers] traversing edges of shortest path NO YES NO
between main [herd/social group]s (some [herd/social group]s ex-

cluded)

Shortest path length between sampled [herd/social group]s (some NO YES NO
[herd/social group]s excluded)

Mean number of [cattle/badgers] traversing edges of shortest path NO YES NO
between sampled [herd/social group]s (some [herd/social group]s

excluded)

Shortest path length between infected [herd/social group]s (some NO YES NO

[herd/social group]s excluded)

Mean number of [cattle/badgers] traversing edges of shortest path NO YES NO
between main [herd/social group]s (some [herd/social group]s ex-

cluded)

Investigating isolate metadata discrepancies

The consistency between preliminary phylogenetic data and the spoligotype (spacer-oligo
type) data for the cattle- and badger-derived M. bovis sequences was manually examined.
Spoligotyping reports the presence and absence of 43 known spacer sequences within a
single direct repeat region of the M. bovis genome. The phylogenetic relationships of 26
badger- and 16 cattle-derived sequences were inconsistent with their spoligotype data, as
they were phylogenetically dissimilar to sequences sharing their nominal spoligotype. These
inconsistencies were indicative of mislabelling and therefore all the cattle- and badger-
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derived sequences were investigated to determine the extent and effect of any mislabelling
present. As cattle- and badger-derived sequences were sourced from different archives of M.
bovis (isolates held by APHA or the Animal and Plant Health Agency in Weybridge for cattle,
and York for badgers), it was assumed that species identification was correct.

Badger isolates

Detailed epidemiological data describing the badger population in Woodchester Park were
available. Each isolate was linked to a sampled badger via a unique identifier.
Epidemiological metrics were created to summarise the spatial-, temporal-, and network-
based relationships between the sampled badgers. Any mislabelled sequence would be
associated with the incorrect badger. Potentially mislabelled isolates were identified as those
where the variation in their genetic distances to all others was poorly explained by the
available epidemiological data. The inter-sequence genetic distances were compared to the
epidemiological metrics using a Random Forest regression model (Liaw and Wiener, 2002)
and a Boosted Regression model (Elith et al., 2008), separately in R (v3.4.3; R Development
Core Team, 2016). Only genetic distances <15 SNVs were included in these analyses to
avoid larger distances that were not likely to relate to the fine resolution epidemiological
data available.

Both the Random Forest and Boosted Regression models were able to accurately predict
the inter-sequence genetic distances using the epidemiological metrics (Pearson’s correlation
statistics of 0.8 and 0.77, respectively). The median difference between the predicted and
actual inter-isolate genetic distances was calculated for each isolate. Sequences with medians
in the highest 5% of values produced by the Random Forest or Boosted Regression models
were identified as potentially mislabelled and removed (Appendix 1 - table 2). In addition,
the 11 badger-derived M. bovis sequences whose spoligotype data did not match the
phylogenetic information but were not identified by the Random Forest or Boosted
Regression models were removed from any further analyses to ensure as many of the
mislabelled sequences as possible were removed.

Appendix 1—table 2. The 15 M. bovis isolates whose inter-isolate genetic distances were
poorly predicted (median difference between actual and predicted genetic distances outside
95% percentile) by the Random Forest and/or Boosted Regression models. Those isolates
whose spoligotypes did not match the phylogenetic patterns are also listed.

Isolate Outlier - Random Outlier - Boosted Phylogenetic-Spoligotype
ID Forest Regression mismatch
WB65 YES YES NO
WB15 YES YES NO
WB137 NO YES NO
WB70 YES YES NO
WB98 YES YES NO
WB99 YES YES NO

WB71 NO YES YES
WB105 YES YES YES
WB106 YES YES NO
WB74 YES YES NO
WB75 YES YES NO
WB107 NO NO YES
WB72 NO NO YES
WB96 YES NO NO
WB100 YES NO YES
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To determine if there was evidence of further significant errors, the effect of shuffling the
metadata associated with the badger-derived sequences was examined. If the extent of the
mislabelling was considerable, further shuffling should not affect the accuracy of the Random
Forest model. Varying proportions of the sequences were shuffled, and a Random Forest
model was used to fit the resulting inter-isolate genetic distances to the epidemiological
metrics. As the proportion of the isolates shuffled increased the accuracy of the Random
Forest model declined rapidly (Appendix 1—figure 1). The accuracy of the Random Forest
model was determined by estimating the proportion of the variation in the inter-isolate
genetic distance distribution that was explained by the epidemiological metrics.

1.0 1

S 0.8

)

©

)

O

()]

xx

9 06 —

(0]

35

7]

o

©

(0]

=

8 04 -

x

1]

C

S

©

g 02
0.0 -

[ I I I I |
0.0 0.2 0.4 0.6 0.8 1.0

Proportion of Isolates Shuffled

Appendix 1—figure 1. The impact of shuffling varying proportions of the M. bovis isolate
sequences on the variation explained by the Random Forest model. The mean of 10 replicates
is shown as a black point, with vertical lines representing the min and max values.

Cattle isolates
The approach to investigation of the mislabelled badger-derived sequences described above
was replicated for the cattle-derived sequences using modified epidemiological metrics. The
Random Forest regression model (using the epidemiological metrics to explain variation in
the inter-cattle-sequence genetic distances) performed well (producing an Rsq of
approximately 61%) with no outlier sequences with poorly explained genetic distances being
identified. As the Random Forest approach found no evidence of mislabelling in the cattle-
derived M. bovis sequences, an additional approach was used to investigate the potential for
mislabelling.

Spoligotype data were available for the cattle-derived M. bovis sequences. Spoligotyping
indexes the presence or absence of 43 spacer sequences within a single direct repeat region
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of the M. bovis genome (Roring et al., 1998). The spacer sequences present in each cattle-
derived Whole Genome Sequence (WGS) were extracted and compared to a reference
library of the 43 spacer sequences (Xia et al., 2016). The spoligotype information extracted
from each M. bovis isolate's WGS data was compared to the spoligotype originally assigned
to the isolate from conventional typing. The spoligotype information did not match that
assigned from the conventional typing for 16 cattle-derived sequences. In addition, these
isolates were found to be genetically more similar to sequences sharing the spoligotype
derived from the WGS data than to sequences sharing the recorded spoligotype. Therefore,
the spoligotype information originally available for these 16 sequences was considered
incorrect — either as a result of a typing mistake or through mislabelling. These cattle-derived
M. bovis sequences were removed. As no other spoligotype-WGS data mismatches were
observed, the extent of the mislabelling in the cattle-derived sequences was considered to
be minimal. In addition, as the cattle archive included isolates across a broad range of
spoligotypes, there was a high chance that mislabelling would result in a different
spoligotype being assigned, and the low number of wrongly assigned spoligotypes therefore
indicative of a limited mislabelling.

Metric importance in Random Forest and Boosted Regression
analyses

Comparisons between the genetic distances and associated epidemiological metrics were
completed using Random Forest and Boosted Regression models in R. Two different
machine learning approaches were used to ensure that measures of variable importance
were robust to the analyses chosen. Genetic distances < 15 SNVs were selected to avoid
between-clade comparisons and their associated large genetic distances that are unlikely to
relate to fine scale epidemiological relationships. The Random Forest (and Boosted
Regression) models were able to explain approximately 67% (62%), 60% (54%) and 75%
(70%) of the variation in the genetic distances associated with the badger-badger

(n = 12,483), cattle—cattle (n = 1927), and badger—cattle (n = 4838) comparisons,
respectively. The importance of the epidemiological metrics in the Random Forest and
Boosted Regression models is shown in Appendix 1—figure 2, Appendix 1—figure 3, and
Appendix 1—figure 4. For the Random Forest models, importance was measured by the %
increase in the Mean Squared Error (MSE) value when each epidemiological metric was
randomly permuted. For the Boosted Regression models, the relative influence of each
variable was calculated by counting the number of times each variable was selected to split
the response data in a decision tree weighted by the squared improvement to the model fit
that resulted from that variable being used at each split (Elith et al., 2008). There was good
agreement between the ranking of the epidemiological metrics by the Random Forest and
Boosted Regression models as both models predicted that metrics based upon the spatial,
temporal, and network information were important in explaining variation in the genetic
distance distribution.
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Appendix 1—figure 2. The importance of each epidemiological metric in explaining variation
in the inter-badger-sequence genetic distance distribution. Metrics are coloured according to
whether they used temporal (gold), spatial (red), or network (blue) information. The
correlation (Pearson’s correlation) of the variable importance from the Random Forest and
Boosted Regression models is reported in the legend. Two random metrics were included, a
sample from a uniform distribution and a sample from a Boolean distribution, in the
regression models.
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Appendix 1—figure 3. The importance of each epidemiological metric in explaining variation
in the inter-cattle-sequence genetic distance distribution. Metrics are coloured according to
whether they used temporal (gold), spatial (red), or network (blue) information. The
correlation (Pearson’s correlation) of the variable importance from the Random Forest and
Boosted Regression models is reported in the legend. Two random metrics were included, a
sample from a uniform distribution and a sample from a Boolean distribution, in the

regression models.

Crispell et al. eLife 2019;8:e45833. DOI: https://doi.org/10.7554/eLife.45833

29 of 36


https://doi.org/10.7554/eLife.45833

eLI FE Research article Epidemiology and Global Health | Microbiology and Infectious Disease

Relative Influence (BR)
I R S

Lo
@

Spatial distance between sampled herd/social groups /| | | | | | | |

|
7

Number of days between infection detection dates | | | | | | | | | | | | | | | | | | | | | | | | | | | | |

)

Number of days overlap between the recorded lifespans 8 | | | | | | | | | | | |
07,7

Spatial distance between main herd/social groups

Distance from closest land parcel to sampled social group using centroids

w

Distance from closest land parcel to main social group using centroids

Random uniform sample
corr = 0.85
M Boosted Regression
Random Forest
Temporal
Spatial
Network
Random boolean sample

A B

T T T T 1
4 7 1" 15 19

% Increase MSE (RF)
Appendix 1—figure 4. The importance of each epidemiological metric in explaining
variation in the badger-cattle-sequence genetic distance distribution. Metrics are coloured
according to whether they used temporal (gold), or spatial (red), or network (blue)
information. The correlation (Pearson’s correlation) of the variable importance from the
Random Forest and Boosted Regression models is reported in the legend. Two random

metrics were included, a sample from a uniform distribution and a sample from a Boolean
distribution, in the regression models.

Partial dependence plots were used to estimate the direction of the effect between each
of the epidemiological metrics (predictor variables) and the genetics distances (response
variable) (Appendix 1—figure 5, Appendix 1—figure 6, and Appendix 1—figure 7). These
relationships should be interpreted with caution as the presence of highly correlated
epidemiological metrics in the data analysed will affect the accuracy of estimating the
direction of effects (Auret and Aldrich, 2012).
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Appendix 1—figure 5. Partial dependence plots estimating the average marginal effect of
each epidemiological metric fitted in the Random Forest regression models on the inter-bad-
ger-sequence genetic distance distribution. The Y axis in each sub-plot represents the genetic
distance distribution of the number of the differences between the M. bovis genomes. The X
axis of each plot corresponds to the range associated with the corresponding
epidemiological metrics. The red line represents the average marginal effect on the
predicted genetic distance for each value of the epidemiological metric. Metrics with low
importance in the Random Forest models were removed (% Mean Squared Error change

of < 0.5%).
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Appendix 1—figure 6. Partial dependence plots estimating the average marginal effect of
each epidemiological metric fitted in the Random Forest regression models on the inter-cattle-
sequence genetic distance distribution. The Y axis in each sub-plot represents the genetic
distance distribution of the number of the differences between the M. bovis genomes. The X
axis of each plot corresponds to the range associated with the corresponding

epidemiological metrics. The red line represents the average marginal effect on the

predicted genetic distance for each value of the epidemiological metric. Metrics with low
importance in the Random Forest models were removed (% Mean Squared Error change

of < 0.5%).
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Appendix 1—figure 7. Partial dependence plots estimating the marginal effect of each epide-
miological metric fitted in the Random Forest regression models on the badger-cattle-
sequence genetic distance distribution. The Y axis in each sub-plot represents the genetic
distance distribution of the number of the differences between the M. bovis genomes. The X
axis of each plot corresponds to the range associated with the corresponding

epidemiological metrics. The red line represents the average marginal effect on the

predicted genetic distance for each value of the epidemiological metric. Metrics with low
importance in the Random Forest models were removed (% Mean Squared Error change

of < 0.5%).

For the inter-badger distances, the partial dependence plots (Appendix 1—figure 5)
suggest the following: as the overlap between recorded/infected lifespans increases, M.
bovis genetic similarity decreases; as temporal distance between infection/sampling times
increases, genetic similarity decreases; as the connectedness of sampled/infected/main social
groups decreases, similarity decreases; and as spatial distance between infected/main/
sampled social groups increases, genetic similarity increases. Although we interpret these
relationships with caution, that M. bovis genetic similarity appears to increase as spatial
distance increased is contrary to our expectation. This relationship between spatial distance
and M. bovis similarity suggests that at the spatial scale we are examining the Woodchester
Park badger population, other factors such as the connectedness of social groups could be
adding noise to the spatial signal. Vicente et al. (2007) explored the complex relationship
between social group organisation and movement and the incidence of bovine tuberculosis
in the Woodchester Park badger population. Vicente et al. (2007) found that movement
patterns within a core subset of intensively studied, and likely highly connected, social
groups had a different effect to movements outside the core area, which could explain the
deviations from our expectation that as spatial distance increases, M. bovis similarity should
decrease.

For the inter-cattle distances, the partial dependence plots (Appendix 1—figure 6)
suggest the following: cattle from the same herd were more likely to share similar M. bovis;
more overlap in lifespans increased genetic similarity; increases in temporal and spatial
distances were associated with a decrease in M. bovis similarity; and as network
connectedness increases, M. bovis similarity decreases. There was considerable noise around
these trends and many of the slopes were shallow and their direction of effect tended to flip
with large genetic distances. One of the clearest factors influencing this noise was number of
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data points, with larger genetic distances there were little data available to determine
whether a discernible signal was present.

For the badger—cattle distances, the partial dependence plots (Appendix 1—figure 7)
suggest the following: increased lifespan overlap was associated with increased M. bovis
similarity, and as temporal and spatial distances increased, M. bovis similarity decreased.
There was a lot of noise around these relationships, but these trends were in line with our
expectations that cattle and wildlife in close proximity in time and space are more likely to
transmit infection to one another.
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Appendix 2

Phylogenetic analyses

Testing the presence of a temporal signal

Prior to any evolutionary analyses, which will assume a clock-like substitution rate, the
existence of a temporal signal was investigated. Only those isolates selected to be analysed
using BASTA (Bayesian Structured coalescent Approximation v2.3.1; De Maio et al., 2015)
were investigated. A maximum likelihood tree was constructed and bootstrapped using
RAXML (v8.2.11; Stamatakis, 2014). The clade containing only the selected isolates was
extracted and re-rooted in TEMPEST (v1.5; Rambaut et al., 2016). The patristic distances
(sums of the phylogenetic branch lengths) from each of the tips in the phylogeny to the root
were calculated and compared to the sampling times. A slight positive trend (R? = 0.12, p
value < 0.001) was observed, indicating the presence of a weak temporal signal (Firth et al.,
2010).

The presence of a temporal signal was further examined using a tip-date randomisation
procedure (Firth et al., 2010). A simple two-population analysis (badgers and cattle) allowing
the population sizes to be different and using a relaxed clock model was used to analyse the
selected isolates in BASTA. The estimated substitution rate, resulting from the BASTA analysis,
was compared to those resulting from BASTA analyses where the dates associated with the
isolates were randomly shuffled (Appendix 2—figure 1). The substitution rates estimated
using randomly shuffled dates were considerably different from those estimated using the true
dates, supporting the existence of a temporal signal in these data.
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Appendix 2—figure 1. The substitution rate estimates from BASTA using either true or ran-
domly shuffled sampling dates. The upper (97.5%) and lower (2.5%) bounds of each distribution
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are shown as blue points, the horizontal dashed lines represent the same bounds for the
estimates based on the actual dates. Each BASTA analysis using a two population (badgers
and cattle) structure, allowed different but constant population sizes, and relaxed clock model
based upon an HKY substitution model.

Structure coalescent analyses using BASTA

A set of 18 BASTA analyses was derived based on different structured populations and
constraining the deme (sub-populations) sizes or allowing them to vary. Each of the 18 BASTA
analyses was replicated three times using a relaxed clock model and an HKY (Hasegawa-
Kishino-Yano; Hasegawa et al., 1985) substitution model. The relaxed clock model was
chosen to avoid assuming a constant evolutionary rate across the sampled M. bovis population
and because preliminary analyses using the relaxed clock had a higher likelihood score in
comparison to analyses using the strict clock (data not shown). The HKY substitution model
was selected as it was the simplest such model with the lowest number of parameters that still
allowed the rate of transitions and transversions to differ.

Figure 3 in the main manuscript illustrates the inter-deme transition rate parameters
estimated for each structured population, the necessity of each of these parameters was
assessed using a variable rate flag parameter (either 0 or 1). If a transition rate parameter
was not informative in describing the evolutionary relationships of the sampled M. bovis
population, its flag would be frequently assigned a zero value. The estimates of inter-deme
transition rates resulting from each BASTA analysis were combined across replicates, with the
first 10% of the posterior samples removed. For each inter-deme transition rate posterior
values were removed if their associated variable rate flag was set to zero and the remaining
values were converted to forward transition rates according to De Maio et al. (2015). Each
BASTA analysis was repeated but the nucleotide alignment was replaced with an empty
alignment. By using an empty alignment, the parameter estimates for the BASTA analysis will
rely entirely on the prior distributions, this type of analysis can therefore be used to check
whether the genetic data are informative for estimation of each parameter. If the estimate for
a particular parameter in a BASTA analysis is similar with and without the sequence alignment,
there is insufficient information in the genetic data to estimate it. For each BASTA analysis, the
posterior distributions for each parameter were considerably different in the presence and
absence of the sequence alignment, suggesting that there were sufficient data available to
estimate them.
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