10

11

12

13

bioRxiv preprint doi: https://doi.org/10.1101/069195; this version posted August 12, 2016. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

New method to reconstruct phylogenetic and transmission trees with

sequence data from infectious disease outbreaks

Don Klinkenberg"", Jantien Backer, Xavier Didelot?, Caroline Colijn®, Jacco Wallinga®

! Department of Epidemiology and Surveillance, National Institute for Public Health and the
Environment, Bilthoven, The Netherlands

2 Department of Infectious Disease Epidemiology, Imperial College London, London, United
Kingdom

® Department of Mathematics, Imperial College London, London, United Kingdom

*Corresponding author

E-mail; don.klinkenberg@rivm.nl



mailto:don.klinkenberg@rivm.nl
https://doi.org/10.1101/069195

bioRxiv preprint doi: https://doi.org/10.1101/069195; this version posted August 12, 2016. The copyright holder for this preprint (which was not

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Abstract

Whole-genome sequencing (WGS) of pathogens from host samples becomes more and
more routine during infectious disease outbreaks. These data provide information on possible
transmission events which can be used for further epidemiologic analyses, such as identification
of risk factors for infectivity and transmission. However, the relationship between transmission
events and WGS data is obscured by uncertainty arising from four largely unobserved processes:
transmission, case observation, within-host pathogen dynamics and mutation. To properly
resolve transmission events, these processes need to be taken into account. Recent years have
seen much progress in theory and method development, but applications are tailored to specific
datasets with matching model assumptions and code, or otherwise make simplifying assumptions
that break up the dependency between the four processes. To obtain a method with wider
applicability, we have developed a novel approach to reconstruct transmission trees with WGS
data. Our approach combines elementary models for transmission, case observation, within-host
pathogen dynamics, and mutation. We use Bayesian inference with MCMC for which we have
designed novel proposal steps to efficiently traverse the posterior distribution, taking account of
all unobserved processes at once. This allows for efficient sampling of transmission trees from
the posterior distribution, and robust estimation of consensus transmission trees. We
implemented the proposed method in a new R package phybreak. The method performs well in
tests of both new and published simulated data. We apply the model to to five datasets on
densely sampled infectious disease outbreaks, covering a wide range of epidemiological settings.
Using only sampling times and sequences as data, our analyses confirmed the original results or
improved on them: the more realistic infection times place more confidence in the inferred

transmission trees.
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Author Summary

It is becoming easier and cheaper to obtain whole genome sequences of pathogen
samples during outbreaks of infectious diseases. If all hosts during an outbreak are sampled, and
these samples are sequenced, the small differences between the sequences (single nucleotide
polymorphisms, SNPs) give information on the transmission tree, i.e. who infected whom, and
when. However, correctly inferring this tree is not straightforward, because SNPs arise from
unobserved processes including infection events, as well as pathogen growth and mutation
within the hosts. Several methods have been developed in recent years, but none so generic and
easily accessible that it can easily be applied to new settings and datasets. We have developed a
new model and method to infer transmission trees without putting prior limiting constraints on
the order of unobserved events. The method is easily accessible in an R package implementation.
We show that the method performs well on new and previously published simulated data. We
illustrate applicability to a wide range of infectious diseases and settings by analysing five
published datasets on densely sampled infectious disease outbreaks, confirming or improving the

original results.

Introduction

As sequencing technology becomes easier and cheaper, detailed outbreak investigation
increasingly involves whole-genome sequencing (WGS) of pathogens from host samples [1].
These sequences can be used for studies ranging from virulence or resistance related to particular

genes [1, 2], to the interaction of epidemiological, immunological and evolutionary processes on
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the scale of populations [3, 4]. If most or all hosts in an outbreak are sampled, it is also possible
to use differences in nucleotides, i.e. single-nucleotide polymorphisms (SNPs), to resolve
transmission clusters, individual transmission events, or complete transmission trees. With that
information it becomes possible to identify high risk contacts and superspreaders, as well as
characteristics of hosts or contacts that are associated with infectiousness and transmission [5, 6].
Much progress has been made in recent years in theory and model development, but existing
methods typically include assumptions to address specific datasets, with fit-for-purpose code for
data analysis. An easily accessible method with the flexibility to cover a wide range of infections
is currently lacking, and would bring analysis of outbreak sequence data within reach of a much
broader community.

The interest in easily applicable methods for sequence data analysis in outbreak settings
is demonstrated by the community’s widespread use of the Outbreaker package in R [7-10].
However, the model in Outbreaker assumes that mutations occur at the time of transmission,
which does not take the pathogen’s in-host population dynamics into account, nor the fact that
mutations occur within hosts. The publications by Didelot et al [11] and Ypma et al [12] revealed
that within-host evolution is crucial to relate sequence data to transmission trees, as is illustrated
in Fig 1A: there are four unobserved processes, i.e. the time between subsequent infections, the
time between infection and sampling, the pathogen dynamics within hosts, and mutation. The
difference in sequences between host b and infector a result from all of these processes. As a
result, a host’s sample can have different SNPs from his infector’s (Fig 1B: hosts a and b); a host

can even be sampled earlier than his infector with fewer SNPs (Fig 1B: hosts a and c).
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80 Fig 1. Sketch of stochastic processes involved in data generation process. (A) The four
81  processes indicated by host a infecting host b. (B) Examples of resulting differences in sequences
82  for host a infecting both hosts b and c.

83

84 Several recently published methods do allow mutations to occur within the host, but
85 make other assumptions not fully reflecting the above-described process, such as using a
86  phenomenological model for pairwise genetic distances [13], presence of a single dominant
87  strain in which mutations can accumulate [14], or absence of a clearly defined infection time
88  [15]. To take the complete process into account, Didelot et al [11] and Numminen et al [16] took
89 a two-step approach: first, phylogenetic trees were built, and second, these trees were used to
90 infer transmission trees. Didelot et al [11] used the software BEAST [17, 18] to make a timed
91  phylogenetic tree, and used a Bayesian MCMC method to colour the branches such that changes
92 in colour represent transmission events. Numminen et al [16] took the most parsimonious tree
93 topology, and accounted for unobserved hosts by a sampling model (which is an additional
94  complication). This two-step approach is likely to work better if the phylogenetic tree is properly
95 resolved (unique sequences with many SNPs), but less so if there is uncertainty in the
96 phylogenetic tree. However, also in that case construction of the phylogenetic tree is done
97  without taking into account that only lineages in the same host can coalesce, and that these go
98  through transmission bottlenecks during the whole outbreak. That is likely to result in incorrect
99  branch lengths and consequently incorrect infection times.
100 Hall and Rambaut [19] implemented a method in BEAST for simultaneous inference of
101  transmission and phylogenetic trees. BEAST allows for much flexibility when it comes to

102  phylogeny and population dynamics reconstruction (for which it was originally developed [17,
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103  18]), e.g. by allowing variation in mutation rates between sites in the genome, between lineages,
104 and in time. However, datasets of fully observed outbreaks often do not contain sufficient
105 information for reliable inference: they typically cover only a few months up to at most several
106  years (as in Didelot et al [11], with tuberculosis) and do not contain many SNPs (usually of the
107  same order of magnitude as the number of samples). A more important limitation is that the
108  transmission model implemented in BEAST is rather specific: it allows for transmission only
109 during an infectious period constrained by positive and negative samples, during which
110 infectiousness is assumed to be constant. This may put prior constraints on the topology and
111 order of events in the transmission and phylogenetic trees, which is undesirable if the primary
112 aim is to reconstruct the transmission tree with little or no prior information about when hosts
113 were infectious.

114 Previously, Ypma et al [12] had also developed a method for simultaneous inference of
115 transmission and phylogenetic trees, albeit with rather specific assumptions on the within-host
116  pathogen dynamics and the time and order of transmission events, and with no available
117  implementation. However, their view on the phylogenetic and transmission trees was quite
118  different. Instead of a phylogenetic tree with transmission events, they regarded it as a
119  hierarchical tree. The top level is the transmission tree, with hosts having infected other hosts
120  according to an epidemiological transmission model. The lower level consists of phylogenetic
121 “mini-trees” within each host. A mini-tree describes the within-host micro-evolution. It is rooted
122  at the infection time and has tips at transmission and sampling events. The complete
123 phylogenetic tree then consists of all these mini-trees, connected through the transmission tree.
124 That description allowed them to develop new MCMC updating steps, some changing the

125  transmission tree, some the phylogenetic mini-trees.
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We built further on that principle to reconstruct the transmission trees of outbreaks, in a
new model and estimation method. The method requires data on pathogen sequences and
sampling times. The model includes all four underlying stochastic processes (Fig 1A), each
described in a flexible and generic way, such that we avoid putting unnecessary prior constraints
on the order of unobserved events (Fig 1B). This allows for application of the method to a wide
range of infectious diseases, including new emerging infections where we have little quantitative
information on the infection cycle. The method is implemented in R, in a package called
phybreak. We illustrate the performance of the method by applying it to both new and previously
published simulated datasets. We demonstrate the range of applicability by applying the model to
to five datasets on densely sampled infectious disease outbreaks, covering a wide range of

epidemiological settings.

Results

Outline of the method

The method infers infection times and infectors of all cases in an outbreak. The data
consist of sampling times and sequences of all cases, where some of the sequences may be empty
if no sequence is available. Using simple models for transmission, sampling, within-host
dynamics and mutation, samples are taken from the posterior distributions of model parameters
and transmission and phylogenetic trees, by a Markov-Chain Monte Carlo (MCMC) method. The
main novelty of our method lies in the proposal steps for the phylogenetic and transmission trees
that are used to generate the MCMC chain. It makes use of the hierarchical tree perspective, in
which the phylogenetic tree is described as a collection of phylogenetic mini-trees (one for each

host), connected through the transmission tree (see Methods for details).

7
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The posterior samples are summarized by medians and credible intervals for parameters

and infection times, and by consensus transmission trees. Consensus transmission trees are based

on the posterior support for infectors of each host, defined as the proportion of posterior trees in

which a particular infector infects a host. The Edmonds’ consensus tree takes for each host the

infector with highest support, and uses Edmonds’ algorithm to resolve cycle and multiple index

cases [20], whereas the Maximum Parent Credibility (MPC) tree is the one tree among the

posterior trees with maximum product of supports [19].

The models and parameters used for inference are as follows:

transmission: assuming that all cases are sampled and the outbreak is over, the mean
number of secondary infections must be 1. The transmission model therefore consists
only of a Gamma distribution for the generation interval, i.e. the time interval
between a primary and a secondary case. The model contains two parameters: the
shape ag, which we fixed at 3 during our analyses, and the mean mg, which is
estimated and has a prior distribution with mean xc and standard deviation og. In an
uninformative analysis, uc = 1, and og = .

sampling: the sampling model consists of a Gamma distribution for the sampling
interval, which is the interval between infection and sampling of a case. The model
contains two parameters: the shape as, which is fixed during the analysis, and the
mean mg, which is estimated and has a prior distribution with mean us and standard
deviation os. In an uninformative analysis, us = 1, and os = oo; in a naive analysis we
additionally set as = 3.

within-host dynamics: The within-host model describes a linearly increasing

pathogen population size W(z’) =rr, at time 7 since infection of a host. The slope r
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171 has a Gamma distributed prior distribution with shape a, and rate b,. In an
172 uninformative analysis, ar = b, = 1.

173 - The mutation model is a site-homogeneous Jukes-Cantor model, with per-site
174 mutation rate x. The prior distribution for log(x) is uniform.

175  Analysis of the newly simulated datasets

176 We generated new simulated datasets were generated with the above model, in a
177  population of 86 individuals and a basic reproduction number Ry = 1.5, to obtain 25 datasets of
178 50 cases. Parameters were ag =as =10, mg=ms=r=1, u = 10" and sequence length 10%,
179  resulting in 1 genome-wide mutation per mean generation interval of one year.

180 Table 1 shows some summary measures on performance of the method (see S1 Results
181  for additional measures and results for more simulations). Sampling a single chain of 25,000
182 MCMC cycles took about 30 minutes on a 2.6 GHz CPU (Linux). Four sets of results are shown:
183  one with all parameters fixed at their correct value, and three with different levels of prior
184  knowledge on mg only: informative with correct mean, uninformative, and informative with
185 incorrect mean. The top of the table shows effective sample sizes (ESSs) for x and ms and for the
186 infection times to evaluare mixing of continuous parameter samples. To evaluate mixing across
187  and within chains of infectors per host, we tested for differences between the chains and for
188  dependency within the chains by Fisher’s exact tests: the proportion of accepted tests (P > 0.05)
189 is a measure of mixing. The MCMC mixing is generally good for tree inference and model
190 parameters, as most ESSs are above 200 and an expected 95% of Fisher’s tests is accepted; the
191  only exceptions are the within-host parameter r (ESSs between 100 and 200, S1 Results), and ms
192 with an uninformative prior.

193


https://doi.org/10.1101/069195

bioRxiv preprint doi: https://doi.org/10.1101/069195; this version posted August 12, 2016. The copyright holder for this preprint (which was not

194

195

196

197

198

199

200

201

202

203

204

205

206

207

certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Table 1. Performance on 25 newly simulated datasets of 50 cases, with shape parameters as

=ag = 10.
Level of prior information on ms
Reference ? Informative Uninformative ° Informative
Correct” Wrong ¢

MCMC sampling
Continuous parameter samples (95% interval of ESS)
U 6520 ; 9763 631 ; 1853 226 ; 1327 548 ; 1764
Mg 270 ; 319 31;111 309 ; 789
tins 1499 ; 8378 765 ; 4437 212 ;982 425 ; 4314
Infectors (% Fisher’s exact tests accepted)
between chains 98.6% 98.3% 98.7% 98.6%
autocorrelation 96.1% 97.0% 94.9% 96.9%
Tree inference
Infection times (coverage: % of 95% Cls containing the true value)

| 958% | 96.2% | 96.8% | 44.6%
Infectors (number correct/number identified)
Edmonds’ 34.9/50 34.6/50 34.3/50 34.5/50
MPC 33.4/50 32.4/50 32.6/50 30.7/50
>50% support 27.9/33.0 28.3/34.0 28.1/34.1 21.6/24.4
>80% support 15.2/15.7 15.2/15.8 15.4/16.0 8.2/8.4

Results are based on two MCMC chains of 25,000 samples each; ESS, effective sample size; Cl,

credible interval; MPC, maximum parent credibility. *mg, mg, r = 1; ® us =1, 65 = 0.1; S s = 1,

0's=00;d,us:2,0'520.1

The bottom part of Table 1 shows the results on tree inference. Infection times (using all

MCMC samples) are well recovered if the mean sampling interval does not have a strong

incorrect prior. For this simulation scenario, consensus transmission trees contained almost 70%

(35 out of 50) correct infectors, as determined by counting infectors and resolving multiple index

cases and cycles in the tree (Edmonds’ method [20]) and slightly fewer when choosing the

maximum parent credibility (MPC) tree [19] among the 50,000 posterior trees. Infectors with

high support are more likely correct: 82% (28 out of 34) are correct if the support is above 50%,

and 96% (15.4 out of 16) are correct if the support is above 80%. These numbers are similar in

10
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208  smaller outbreaks, and lower if sampling and generation interval distributions are wider (S1
209  Results). Using prior information on the mean sampling interval did not improve on this, but if
210  prior information is incorrect, fewer hosts have a strongly supported infector, which makes
211 inference more uncertain. In conclusion, the method is fast and efficient if applied to simulated
212  data fitting the model. In that case, no informative priors are needed for transmission tree

213 inference.

214  Analysis of previously published simulated data

215 We applied the method to previously published outbreak simulations [19]. Briefly, a
216  spatial susceptible-exposed-infectious-recovered (SEIR) model was simulated in a population of
217 50 farms, with a latent period (exposed) of two days and a random infectious period with mean
218 10 days and standard deviation 1 day, at the end of which the farm was sampled. Two mutation
219  rates were used, either Slow Clock or Fast Clock, equivalent to 1 or 50 genome-wide mutations
220  per generation interval of one week, respectively.

221 Table 2 shows performance of the method with naive and informative prior information
222  on the sampling interval distribution (see S1 Results for uninformative). Effective sample sizes
223  are a bit smaller than with the new simulations, but in most cases still good for infection times,
224  whereas sampling of infectors was excellent. The low variance of the sampling interval
225  distribution caused some problems in efficient sampling of ms because of its high correlation
226  with the associated infection times. This is best seen in the ESS of mg and infection times in the
227  uninformative Slow Clock analysis (S1 Results), but it also causes problems in the burn-in phase
228 if inference starts with parameter values far from their actual values (not shown). Posterior
229  median mutation rates are slightly higher than used for simulation, which could be due to

230  different rates for transition and transversion in the simulation model [19].

11
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Table 2. Performance on 25 published simulated datasets in populations of size 50 [19].

Slow Clock simulations

Fast Clock simulations

Prior information Naive 2 Informative ° Naive 2 Informative °
MCMC sampling
Continuous parameter samples (95% interval of ESS)
u 225 ; 505 355 ; 979 24 ;710 62 ; 702
Mg 44 ;114 37 ;88 88 ; 932 79 ; 390
tins 170 ; 1475 197 ; 608 170 ; 2064 236 ; 2571
Infectors (% Fisher’s exact tests accepted)
between chains 95.9% 97.3% 87.3% 96.8%
autocorrelation 94.2% 96.7% 81.7% 94.8%
Parameter inference (95% interval of posterior medians)
10g10(1) -4.86 ; -4.66 -4.93 ; -4.77 -3.29; -3.17 -3.20; -3.16
Mg 2.1;4.9 3.6;5.7 4.2;6.4 4.7;6.1
Ms 6.6;10.3 11.3;12.8 9.9;155 11.6;12.6
r 0.40; 1.6 0.13; 0.59 0.49; 2.6 0.24;1.3
Tree inference
Infection times (coverage: % of 95% Cls containing the true value)

| 76.6% | 976% | 95.4% 94.7%
Infectors (number correct/number identified)
Edmonds’ 28.8/49.3 30.7/49.3 31.8/49.3 45.3/49.3
MPC 25.1/49.3 30.2/49.3 29.8/49.3 45.3/49.3
>50% support 12.9/14.3 25.4/31.4 22.6/28.7 45.0/48.7
>80% support 3.0/3.1 18.8/20.2 4.4/4.8 41.0/42.2

Results are based on two MCMC chains of 25,000 samples each. The mean outbreak size was

49.3 cases; ESS, effective sample size; Cl, credible interval; MPC, maximum parent credibility. ®

as=3,us=1,05=00;"as =144, us= 12, 55 = 1

Consensus trees with uninformative and informative settings were almost as good as in

the original publication [19], in which spatial data were used and in which it was known that

there was a latent period and that hosts could not transmit after sampling. In the Slow Clock

simulations about 62% of infectors were correct, and in the Fast Clock simulations about 92%.

Infection times were also well recovered in most cases, but not in the uninformative Slow Clock

12
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analysis (S1 Results). In the naive analyses, the Slow Clock consensus trees are only slightly less
good (but mixing of the chain much better), whereas the Fast Clock consensus trees become
much worse, with only 65% of infectors correct. In conclusion, the method performs well if
applied to data simulated with a very different model. Good prior information on the variance of
the sampling interval can significantly improve transmission tree inference, especially if the

genetic data contain many SNPs.

Analysis of published datasets

We finally applied the method to five published datasets on outbreaks of Mycobacterium
tuberculosis (Mtb, [11]), Methicillin-resistant Staphylococcus aureus (MRSA, [21]), Foot-and-
mouth disease (FMD2001 and FMD2007, [12, 22-24]), and H7N7 avian influenza (H7N7, [19,
25-27]).

The results for the four smaller datasets are shown in Table 3, which shows that mixing
of the MCMC chains was generally good. Fig 2 shows the Edmond’s consensus trees (full details
in S1 Results), with each host’s estimated infection time and most likely infector, colour coded
to indicate posterior support. Fig 3 shows one sampled tree for each dataset (from the posterior
set of 50,000), matching the MPC consensus tree topology.
Table 3. Summary statistics for four published datasets.

Mtb MRSA FMD2001 FMD2007

Prior information Naive Informative " Naive ? Naive ?
MCMC sampling
Continuous parameter samples (ESS)
u 244 2183 200 561
Mg 213 478 774 686
Mg 42 431 176 317
r 214 147 286 297

13



https://doi.org/10.1101/069195

bioRxiv preprint doi: https://doi.org/10.1101/069195; this version posted August 12, 2016. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

260

261

262

263

264

265

266

267

268

269

270

271

272

273

274

275

276

277

278

tif (range of ESSs) | 133 ; 961 | 61;2131 | 160;1217 | 2701584
Infectors (% Fisher’s exact tests accepted)

between chains 33/33 35/36 15/15 11/11
autocorrelation 31/33 35/36 15/15 11/11
Parameter inference (95% interval of posterior medians)

logio(u) 9.4 (-9.7 ; -9.1) -8.1(-83;-79) | -44(-45;-43) | -45(-4.8;-4.3)
Mg 102 (55 ; 170) 23 (16 ; 33) 14 (10; 21) 8(5;13)

Ms 425 (180 ; 684) 30 (20 ; 45) 13 (7 ; 22) 9(5;17)

r 0.057 (0.0099 ; 3.3) | 0.58 (0.020;3.1) | 1.3(0.29;3.9) | 0.89(0.098 ; 3.9)

Results are based on two MCMC chains of 25,000 samples each; ESS, effective sample size; ? as

=3, us=1,05=0;"as=1, us = 15,05 =5

Fig 2. Consensus Edmonds’ transmission trees for four of the five analysed datasets.
Vertical bars indicate sampling days, coloured links indicate most likely infectors, with colours
indicating the posterior support for that infector. (A) Mtb data [11]; (B) MRSA data [21]; (C)
FMD2001 data [22]; (D) FMD2007 data [23].

Fig 3. Consensus MPC transmission and phylogenetic trees for four of the five analysed
datasets. Each tree is one posterior sample matching the MPC tree topology. Colours are used to
indicate the hosts in the transmission tree: connected branches with identical colour are in the
same host, and a change of colour along a branch is a transmission event. (A) Mtb data [11]; (B)

MRSA data [21]; (C) FMD2001 data [22, 24]; (D) FMD2007 data [23, 24].

The Mtb data were analysed with naive prior information, which resulted in a median
sampling interval of 425 days (similar to estimated incubation times [28]), a median generation
interval of 102 days, and a mutation rate equivalent to 0.3-1.3 mutations per genome per year, as
estimated before [29, 30]. The Edmonds’ censensus transmission tree (Fig 2a) shows low support
for most infectors, which is mainly a reflection of the low number of SNPs. However, the same

index case K02 and three clusters as identified in Didelot et al [11] are distinguished: one starting

14
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279  with K22, one with K35, and the remaining cases starting with K16 or infected by the index case.
280  The main difference compared to the original analysis lies in the shape of the phylogenetic tree
281  and the estimated infection times (Fig 3a). Whereas the topology is very similar, the timing of
282  the branching events is different: in the original tree, internal branches decrease in length when
283  going from root to tips, consistent with a coalescent tree based on a single panmictic population.
284 By taking into account the fact that coalescent events take place within individual hosts, our
285  analysis shows branch lengths that are more balanced in length across the tree. Importantly, this
286  results in a more recent dating of root of the tree: early 2008 (Fig 3a) instead of early 2004 [11].

287 The MRSA data were analysed with an informative prior for the mean sampling interval
288 ms and a shape parameter as based on data on the intervals between hospitalisation and the first
289  positive sample. The estimated mutation rate is similar to literature estimates [31, 32], but the
290  posterior median mg of 30 days is considerably higher than the prior mean of 15 days (Table 3).
291  This may be explained by the two health-care workers (HCW_A and HCW_B), which have very
292  long posterior sampling intervals that were not part of the data informing the prior (Edmonds’
293  consensus tree, Fig 2b). In contrast with the original analysis, we now identify a transmission
294  tree rather than only a phylogenetic tree, resulting in the observation that the two health-care
295  workers may not have infected any patient in spite of their long infection-to-sampling interval.
296  Almost all transmission events with low support (<20%) involved unsequenced hosts. Three of
297  them were identified as possible infector, in the initial stage of the outbreak, when only few
298  samples were sequenced. This indicates that some unsequenced hosts may have played a role in
299  transmission, but that it is not clear which. Finally, a major difference between our results and
300 those in the original publication is the shape of the phylogenetic tree and the dating of the tree

301  root: around 1st January (Fig 3b) instead of 1st September the year before [21].
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302 Analysis of the FMD2001 and FMD2007 datasets resulted in posterior sampling intervals
303  with means of 13 and 9 days, respectively, close to the 8.5 days estimated from epidemic data
304  [33] . Generation intervals were about the same (Table 3). Both datasets contained more SNPs
305 than the Mtb and MRSA data, with unique sequences for each host and higher mutation rates,
306  similar to published rates in FMD outbreak clusters [34]. This resulted in equal Edmonds’ and
307  MPC consensus transmission trees, and much higher support for most infectors (Figs 2cd, 3cd).
308  Our transmission tree is almost identical to the one from Ypma et al [12], who used a closely
309 related method but did not allow for transmission after sampling. When comparing to the
310 analysis of these data by Morelli et al [24], the topologies of the phylogenetic trees (Fig 3cd)
311  match the topologies of the genetic networks (Fig S18 in [24]), but the transmission trees are
312  quite different. The main differences are that in the FMD2001 outbreak, they identify farm B as
313  the infector of C, E, K, L, O, and P; and in the FMD2007 outbreak, they have IP4b infecting
314  IP3b, IP3c, IP6b, IP7, and IP8. Differences are likely the result of their use of the spatial data
315 [24]. Use of additional data is expected to improve inference, although their estimates of
316 infection-to-sampling intervals (about 30 days) were unrealistically long.

317 The H7N7 dataset was analysed with the sequences of the three genes HA, NA, and PB2
318  separately, and combined; with informative priors for both the mean sampling and mean
319  generation intervals. Five parallel chains were run, and mixing was generally good (Table 4); it
320 took about 7 hours on a 2.6GHz CPU to obtain 25,000 unthinned samples in a single chain.
321  Analysis of the three genes combined resulted in a posterior median mg of 8.5 days, slightly
322  longer than the 7 days on which the informative prior was based [35], and longer than in the
323  separate analyses. The mean generation time was shorter than the prior mean: 3.9 days with all

324  genes. We also calculated the parsimony scores of the posterior sampled trees, defined as the
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325 minimum numbers of mutations on the trees that can explain the sequence data [36], and

326  compared these with the numbers of SNPs in the data (Table 4). It appeared that with the genes

327  separately analysed, parsimony scores were 6-13% higher than the numbers of SNPs, indicating

328  some homoplasy in the phylogenetic trees (this was not seen with any of the other datasets). The

329 analysis of all genes together resulted in parsimony scores of 18% higher than the number of

330  SNPs. The estimated mutation rates are among the highest estimates for Avian Influenza Virus,

331 as already noted before in earlier analyses of the same data [25, 37]. Fig 4 shows the Edmonds’

332  consensus tree in generations of infected premises, indicating locations and inferred infection

333  days (full details in S1 Results). Without the use of location data, there is a large Limburg

334  cluster, a Central cluster including two sampled Limburg cases, and a small Limburg cluster of

335 three cases with an exceptionally long generation time (about 8 lines from the bottom). A closer

336  look at the sequences makes clear that the first of these cases (L22/34) has 3 SNPs different from

337  assigned infector G4/11, and 4 SNPs different from cases in the large Limburg cluster. Using

338  geographic data as in earlier analyses [19, 27] will probably place these cases within that cluster.

339

340 Table 4. Summary statistics for H7N7 dataset.

Sequenced gene
HA NA PB2 All genes

MCMC sampling
Continuous samples
u 1428 1366 2036 798
Mg 854 838 1039 720
Mg 330 240 311 232
r 119 108 82 70
tins (range) 400 ; 4873 409 ; 3920 538 ; 4225 82 ;793
Infectors °
between chains 93.8% 92.9% 95.9% 93.8%
autocorrelation 97.1% 97.1% 95.9% 97.9%
Parameter inference °
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l0g10(1) -4.41 (-4.52 ; -4.31) | -4.42 (-4.54 ; -4.31) | -4.54 (-4.65 ; -4.44) | -4.50 (-4.56 ; -4.43)
Mg 36(3.1;4.2) 3.4 (2.9 4.0) 3.8(3.3; 4.4) 3.9 (3.4 ; 4.5)
Ms 75 (6.7 ; 8.5) 7.6 (6.6 ; 8.6) 75 (6.7 :8.5) 8.5 (7.6 ; 9.5)

r

0.21 (0.024 ; 1.5)

0.25 (0.023 ; 1.5)

0.085 (0.0026 ; 0.74)

0.35 (0.029 ; 1.4)

Phylogenetic inference

Tree parsimony scores

102 (101 ; 103)

83 (82 ; 85)

100 (99 ; 101)

313 (312 ; 315)

#SNPs in data

90

73

94

257

341

342

343

344

345

346

347

348

349

350

351

352

353

354

355

356

357

358

Results are based on five MCMC chains of 25,000 samples each, with as = 10; us = 7; o5 = 0.5;
ag = 3; uc = 5; o = 1; a, = b, = 1. SNP = single nucleotide polymorphism. ? effective sample

sizes; b fraction of Fisher’s exact tests with P > 0.05: © medians and 95% credible intervals

Fig 4. Consensus Edmonds’ transmission tree for the H7N7 dataset [19, 25, 27]. Infected
premises are (not uniquely) coded by location (as in [19]), median posterior infection day, and
sampling day. Coloured arrows indicate most likely infectors, with colours indicating the

posterior support for that infector.

Discussion

We developed a new method to reconstruct outbreaks of infectious diseases with
pathogen sequence data from all cases in an outbreak. Our aim was to have an easily accessible
and widely applicable method. For ease of access, we developed efficient MCMC updating steps
which we implemented in a new R package, phybreak. We tested the method on newly simulated
data, previously published simulated data, and published datasets. Our model is fast: 25,000
iterations took roughly 30 minutes with the Mtb and MRSA datasets of about 30 hosts, and 7
hours with the full three-genes H7N7 dataset in 241 hosts. Two chains with 50,000 posterior
samples proved sufficient (measured by ESS) for tree inference (infectors and infection times)

and most model parameters with simulated and published data. The package contains functions
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359  to enter the data, to run the MCMC chain, and to analyse the output, e.g. by making consensus
360 trees and plotting these (as in Fig 3).

361 We tested the method on five published datasets, with outbreaks of viral and bacterial
362 infections, and in diverse settings of open and closed populations, in human and veterinary
363  context. The method performed well on all datasets in terms of MCMC chain mixing and tree
364  reconstruction. With uninformative priors on mean sampling intervals and mutation rates, we
365  obtained estimates that were all very accurate when compared to literature, and the inferred
366  transmission trees seemed as good, or even better when considering estimated infection times.
367  With two datasets (MRSA and H7N7) we included some prior information on sampling and/or
368  generation intervals, which mainly affected the inferred infection times, but not so much the
369  transmission trees.

370 For wide applicability, we kept the underlying model simple without putting prior
371  constraints on the order of unobserved events such as infection and coalescence times. Four
372  submodels with only one or two parameters each were used for sampling, transmission, within-
373  host pathogen dynamics, and nucleotide substitution. The sampling model, a gamma distribution
374  for the interval between infection and sampling, has a direct link to inferred infection times, and
375 is the model for which it is most likely that prior information is available from epidemiological
376  data in the same or other outbreaks. We used simulated data to study the effect of uninformative
377  or incorrect prior information on shape parameter as and mean ms. It appears that an incorrect as
378 or an incorrect informative prior for mg does reduce accuracy of inferred infection times.
379  However, consensus trees are hardly affected, at least if the number of SNPs is in the order of the
380  number of hosts as we saw in the actual datasets (Table 1 and Table 2 Slow Clock). Only the

381  precision of consensus trees is reduced, i.e. there are fewer inferred infectors with high support.
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382  Results with the Fast Clock simulations did show a significant reduction in consensus tree
383  accuracy. In that case, there are so many SNPs that the phylogenetic tree topology and times of
384  coalescent nodes are almost fixed; then, too much variance in sampling intervals (low as) results
385 in many incorrect placements of infection events on that tree. Possibly, with so many SNPs it
386 could be more efficient to first make the phylogenetic tree, and then use that tree to infer
387  transmission events [11, 16], but it is questionable whether genome-wide mutation rates are ever
388  so high that this becomes a real issue [38].

389 The submodel for transmission is relevant for transmission tree inference in describing
390 the times between subsequent infection events. Transmission is modelled as a homogeneous
391  branching process, implicitly assuming that there was a small outbreak in a large population,
392  with a reproduction number (mean number of secondary cases per primary case) of 1. Our
393  approach assumes that everyone in the outbreak was known, which is a potential limitation, as
394 even with good surveillance, contact tracing, and case identification, there is always the
395  possibility that some infectors are not known to outbreak investigators. If all, or almost all,
396 infectors are in the data, the generation interval distribution reflects the course of infectiousness,
397  separating the cases in time along the tree. Apart from not taking heterogeneity across hosts into
398 account (an extension we wish to leave for future development, see below), this neglects the
399  possibility that susceptibles can have contact with several infecteds in a smaller population or
400  more structured contact network. That could be modelled by a force of infection, which would
401  more realistically describe contraction of the generation interval during the peak of the outbreak,
402  and provide estimates for relevant quantities such as reproduction ratios [6]. However, it requires
403 information about uninfected susceptibles in the same population and a more complicated

404  transmission model, which is a significant disadvantage when it comes to general applicability,
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405  one of our primary aims. More importantly, for transmission tree inference it does not seem to be
406 a problem: the analyses of the published simulations were almost as accurate as in the original
407  publication [19], and these simulations were in very small populations with almost all hosts
408 infected.

409 The role of the within-host model is to integrate over all possible phylogenetic mini-trees
410 and mutation events within the hosts. Therefore, the sometimes less efficient mixing of the
411  within-host growth rate r (small ESS) is not problematic as it does not prevent good mixing of
412  the tree topology. The role of the substitution model is to explain the genetic diversity in the
413  data, through the likelihood of the genetic data (Eq (8)). We have used a wide prior on the
414  mutation rate u, and assumed a homogeneous site model. In principle these choices can easily be
415  made more general in the same MCMC framework, but we have found that on the time scale of
416  outbreaks, the likelyhood in very much dependent on the number of mutations in the tree
417  (parsimony score). The method finds the phylogenetic tree with fewest mutations and matches
418  the posterior u to the number of mutations and the sum of the tree’s branch lengths, resulting in
419  accurate estimates with both simulated and actual data. Allowing different rates for different sites
420  (or for transversion vs. transition) will not change this, and will mainly result in more mutation
421  rate estimates.

422 With two exceptions, the parsimony scores of posterior tree samples were always equal to
423  the number of SNPs in the datasets (the minimum possible). The first exception is the set of Fast
424  Clock published simulations, which had so many SNPs that many of the same mutations had
425  occurred in parallel. The second exception is the H7N7 dataset. In that case, the analyses of the
426  three genes separately resulted in parsimony scores with 6-12 (6%-13%) more mutations than the

427  number of SNPs, whereas the analysis of all genes together resulted in a parsimony score of 313
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428  (median) to explain only 257 SNPs, a surplus of 56 mutations (18%). The results for separate
429  genes could indicate positive selection, confirming the analysis by Bataille et al [25], who even
430 identified specific mutations that had occurred multiple times. The even higher discrepancy for
431  the combined analysis is suggestive of reassortment events, also recognised by Bataille et al [25].
432 The proposed method and implementation opens perspectives for further extending the
433  methodology to reconstruct phylogenetic and transmission trees from pathogen sequence data.
434  One possible set of extensions arises from changes to the models embedded in our method, to
435 include additional aspects of outbreak dynamics. For instance, the generation time distribution
436  (infectiousness curve) could be made dependent on the sampling interval, which may be relevant
437  for the MRSA outbreak analysis in which the two health-care workers may have transmitted the
438  bacterium until late after infection. This dependence is implicit in methods in which transmission
439 is modelled more mechanistically (e.g. [12, 13, 19]), but we chose not to do that to keep the
440  model more generic. Another important extension would be to relax the assumption of a
441  complete bottleneck at transmission; the bottleneck may be larger in reality [39, 40] and it has
442  has previously been relaxed by looking at transmission pairs [41] or modelling it as separate
443  transmission events [15], but not yet in a timed transmission tree. In our model, this would mean
444  that a host can carry multiple phylogenetic mini-trees, rooted at the same infection time to the
445  same infector. A third extenstion would be to include the possibility of reassortment of genes
446  within a host, primarily motivated by the results of the H7N7 analysis. This may be done by
447  modelling the coalescent process within hosts, the phylogenetic mini-trees, differently for
448  different genes, but constrained by a single transmission tree. Finally, it would be possible to
449  allow for multiple index cases, which may play a role in open populations with possible re-

450 introductions (as in the MRSA setting), or when only a subset of a large epidemic is analysed
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451  (the FMD2001 dataset). This is implemented in models using genetic models based on pairwise
452  genetic distances [7, 13], but is considered a major challenge with a coalescent model [42].
453  Multiple index cases could also reflect unobserved hosts in the outbreak itself, recently addressed
454 by Didelot et al [43] in their two-step approach of first inferring a phylogenetic and then a
455  transmission tree.

456 A second type of extension would stem from incorporating additional data. An example
457 s the use of data that make particular transmissions more or less likely, such as contact tracing
458  data, or censoring times for infection times per host or transmission times between sets of hosts,
459  motivated by the MRSA dataset in which admission and discharge days are known for each
460  patient. Sampling of infection times and infectors could be constrained by these additional data
461 (as in [19, 27]). Another example is the use of spatial data in combination with a spatial
462  transmission kernel, so that the likelihood of infectors includes a distance-dependency, a possible
463  extension motivated by the FMD and H7N7 analyses (as in [24, 27]). A third example is the use
464  of host characteristics to model infectivity as a function of covariates. With the MRSA data, it
465  would then be possible to test for increased infectivity of the health-care workers, or to test for
466  differences in transmissibility in the three wards. In general, the use of additional host data
467  would make dealing with hosts for which a sequence is not available less problematic: the
468  method currently can include these hosts, but without additional data their role is unclear and

469  they are often placed at the end of transmission chains in consensus trees (Fig 2b, Fig 3).
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470  Methods

471 Data

472 We developed our model for fully observed outbreaks of size n hosts. Data consist of the
473  sampling times S and DNA sequences G, which means that for each host i we know the time of
474  sampling or diagnosis S; and the sequence G; associated with the sampling time. It is not
475  necessary to have a sequence for each host.

476

477 We illustrate the method with the following five datasets from earlier publications (all in
478  S3 Data):

479

480 1. Tuberculosis (Mycobacterium tuberculosis, Mtb). This dataset was analysed by
481 Didelot et al [11]. It consists of 33 Mtb cases in a population of drug users (approximate
482  population size 400) , with samples collected in a 2.5 years time frame. The 20 SNPs were part
483  of a 4.4 Mbp long sequence. Analysis of this dataset tests the performance of this method in an
484  outbreak with relatively few cases in a large population.

485 2. Methicillin-resistant Staphylococcus aureus (MRSA). This is the dataset from Nubel et
486  al [21], with 36 MRSA cases in a neonatal ICU sampled within a time period of 7 months.
487  Sampling dates were available for all cases, but sequences only for 28 cases, revealing 26 SNPs
488 in the non-repetitive core genome of 2.7 Mbp. Analysis of this dataset tests for the performance
489  of this method in an outbreak in a small population, including cases without sequence.

490 3. Foot-and-mouth disease (FMD2001). This is the dataset from Cottam et al [22] also

491 analysed by several others [12, 24], with 15 infected premises within a time period of 2 months.
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492  Sequences were available for all cases, with 85 SNPs among 8196 nucleotides. Analysis of this
493  dataset and the next tests for the performance of this method in a small completely sampled
494  outbreak in a large population and allows comparison of the estimated transmission tree to earlier
495  results.

496 4. Foot-and-mouth disease (FMD2007). This is the dataset from Cottam et al [23], also
497  analysed by Morelli [24], with 11 infected premises within a time period of 2 months. Sequences
498  were available for all cases, with 27 SNPs among 8176 nucleotides

499 5. H7N7 avian influenza (H7N7). This dataset has been analysed by several authors [19,
500 25-27], and consists of 241 poultry farms in a time period of about 2.5 months. Sequences of the
501 HA, NA, and PB2 genes were available on GISAID for 228 farms, with associated sampling
502  dates. The total number of SNPs was 257 in 5541 nucleotides. For the 13 unsampled farms we
503  used the culling date minus 2 days as the observation day (the mean sampling-to-culling interval
504  was 2.4 days in the 228 sampled farms). We analysed the data for the three genes separately, and
505 combined. To inform a prior distribution for the interval from infection to sampling, we used
506 estimated infection times from Boender et al [35]. Analysis of this dataset tests for the
507  performance of this method in a large outbreak, including cases without sequence.

508

509 The model and likelihood

510 The model describes the spread of an infectious pathogen in a population through contact
511  transmission, the dynamics of the pathogen within the infected hosts, and mutation in the DNA
512  or RNA of that pathogen. Furthermore, it describes how these dynamics are observed through
513 sampling of pathogens in infected hosts. We infer the transmission tree and parameters

514  describing the relevant processes by a Bayesian analysis, using Markov-Chain Monte Carlo
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515 (MCMC) to obtain samples from the posterior distributions of model parameters and
516  transmission trees (infectors and infection times of all cases). We first introduce the models and
517 likelihood functions; then we explain how we update the transmission trees and parameters in the
518 MCMC chain.

519 The posterior distribution is given by
520 Pr(1,M,P,8[S,G ) Pr(S,G|I,M,P,0)-Pr(I1,M,P,0). (1)

521  Equation (1) is the probability for the unobserved infection times I, infectors M, phylogenetic
522  tree P, and model parameters 0, given the data (sampling times and sequences). The posterior
523  probability can be split up into separate likelihood terms representing the four processes, times a

524 prior probability for the parameters (see S2 Methods):
525 Pr(1,M,P,8[S,G) o Pr(G|P,0)-Pr(P|S,1,M,0)-Pr(S[1,6)-Pr(I,M|[0)-Pr(6).  (2)

526 We now introduce the four models, the associated likelihoods, and prior distributions for

527  associated parameters.

528  Transmission. We assume that the outbreak started with a single case. Each case produced
529  secondary cases at random generation intervals after their own infection (Gamma distribution
530  with shape ag and mean mg). We consider that all untimed transmission tree topologies are
531 equally likely, so that the probability of the transmission tree only depends on its timing. The
532  outbreak is described by the vectors | and M with infection times I; and infectors M; for all

533  numbered cases i. The infector of the index case is 0. The likelihood is the product of probability

534 densities (d.,_ . ,()) of all generation times in the outbreak:
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535 Pr(1,Mlag,mg )= [T dyamy (li =T )- 3)

iIM; >0

536  Sampling. We assume that all cases are observed and sampled at random times after they were
537 infected, according to a Gamma distribution with shape as and mean ms. Transmission and
538 sampling are independent, so transmission can take place after sampling, and a case can be
539 sampled earlier than its infector. The likelihood is the product of probability densities of all
540  sampling intervals in the outbreak:

541 Pr(Sitag,mg)=]Tdrum,(Si=1)- (4)

542  Within-host dynamics. The main function of the within-host model is to allow for a stochastic
543  coalescent process within the host. Each host i harbours its own phylogenetic mini-tree P;, with
544  the tips being the transmission and sampling events, and the root being the time of infection.

545  Thus, the likelihood is the product of all likelihoods per host:

546 Pr(PS,1.M,r)=]]Pr(R[S;. 1.M.r), ()

547  in which r is the parameter describing the within-host dynamics (see below). The dependency on
548 all infection times and infectors remains for the mini-trees, because these determine the
549  transmission times with host i as infector.

550 Going backwards in time, coalescence between any pair of lineages within a host takes

551  place at rate 1/w(z,r), where w(z,r)=rz denotes the linearly increasing within-host pathogen

552  population size at (forward) time z since infection of the host. With this particular function

553  coalescent nodes tend to be close to the transmission events if r is small, whereas they tend to be
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554  soon after infection of the infector if r is large. This function also naturally results in only one
555 lineage at the time of infection (complete transmission bottleneck), as the coalescence rate goes
556  to infinity near the time of infection.

557 In the complete phylogenetic tree P, three types of nodes x are distinguished: nodes x =
558 1...n are the sampling nodes of the corresponding hosts i = 1...n, i.e. the tips of the tree at which
559  sampling took place; nodes x = n+1...2n-1 are the coalescent nodes; nodes x = 2n...3n-1 are the
560 transmission nodes, i.e. the points in the tree at which a lineage goes from one host to the next.
561 By hy we identify the host in which node x resides; for transmission nodes it identifies the

562  primary host (infector). The mini-tree P; is the set of nodes within host i, and z, is the time of
563  node x since infection of host hy. Let L (z) denote the number of lineages in host i at time ¢

564  since infection:

565 Li(r)=1+ Z u(z—7,)— Z u(z-r7,)-u(z—1), (6)

x|xeRNn<x<2n x|xeRNx=2n

566  in which u(z) is the heaviside step function, i.e. u(z)=0 if <0, and u(z)=1if > 0. In other

567 words, L;(0)=1 by definition because of the complete transmission bottleneck, and then it

568 increases by 1 at each coalescent node and decreases by 1 at each transmission event and at

569  sampling. The likelihood for each mini-tree can then be written as

570 Pr(Pi|Si,I,M,r):exp(—jow[l‘igf)) ! dTJ I W(; @)
X|xeR,Nn<x<2n

w(z,r) 7,r)’
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0 1
571  with (Z]E(Z]EO' The first term is the probability to have no coalescent events during the

572 intervals in which there are two or more lineages, the second term is the product of coalescent

573 rates at the coalescent nodes.

574  Mutation. We use a single fixed mutation rate x for all sites, with mutation resulting in any of
575  the four nucleotides with equal probability (Jukes-Cantor). This parameterisation means that the
576  effective rate of nucleotide change is 0.75u. Given the phylogenetic tree, this results in the

577 likelihood:

578 Pr(GlPu)=] X H(%—%exp(—,u(tx—tvx)))lm-(%+%exp(—,u(tx—tvx)))lImm. 8)

loci {A,C,G ,T}Z”’l X

579  Here, we multiply over all coalescent and transmission nodes X, which occur at time t, and have
580 parent node Vy; Iy indicates if a mutation occurred on the branch between x and vy. The

581 likelihood is calculated using Felsenstein’s pruning algorithm [44].

582  Prior distributions. Here we describe our general choice of prior distributions, not the particular
583  parameterization in our analyses (Section Evaluating the method). We chose fixed values for ag
584  and as, the shape parameters of generation and sampling intervals. For their means mg and mg,
585  we used prior distributions with means uc and us and standard deviations o and os, which are

586 translated into Gamma-distributed priors for rate parameters b = ac/mg and bs = as/ms,

587  distributed as T'(a,,h,¢ ) and T'(a,s,h,5) (see S2 Methods). For the slope r of the within-host

588  growth model, we chose a Gamma-distributed prior with shape and rate a, and b,. We chose

589  log(u) to have a uniform (improper) prior distribution, equivalent to Pr(,u) ~u.
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590 Inference method

591 We use Bayesian statistics to infer transmission trees and estimate the model parameters
592  from the data, and MCMC methods to obtain samples from the posterior distribution. The
593  procedure is implemented as a package in R (phybreak), which can be downloaded from GitHub

594  (www.github.com/donkeyshot/phybreak). The package also contains functions to simulate data,

595  and to summarize the MCMC output.

596 The main novelty of our method lies in the proposal steps for the phylogenetic and
597  transmission trees, used to generate the MCMC chain. It makes use of the hierarchical tree
598  perspective, in which the phylogenetic tree is described as a collection of phylogenetic mini-trees
599  (one for each host), connected through the transmission tree. Most proposals are done by taking
600 one host, changing its position in the transmission tree, and simulating the phylogenetic mini-
601 trees in the hosts involved in that change. In a second type of proposal, the transmission tree is
602 changed while keeping the phylogenetic tree intact.

603 Initialization of the MCMC chain requires initial values for the six model parameters (ag,
604 mg, as, ms, r, and x). The transmission tree is initialized by generating an infection time for each
605 host (sampling day minus random sampling interval). The first infected host is the index case,
606 and for the remaining hosts an infector is randomly chosen, weighed by the density of the
607  generation time distribution. Finally, the phylogenetic mini-trees in each host are simulated
608 according to the coalescent model and combined with one another to create a complete
609  phylogenetic tree.

610 Each MCMC iteration cycle starts with updates of the transmission and phylogenetic
611 trees, followed by updates of the model parameters. To start with the latter, the parameters ms

612 and mg are directly sampled from their posterior distribution given the current infection times
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613 and transmission tree (Gibbs update). This is done by sampling the rate parameters bs and bg,

614  which were given conjugate prior distributions (see above). If T :ZSi — 1, is the sum of n

615 sampling intervals in the tree, ags and by s are the shape and rate of the prior distribution for bs,

616  then a new posterior value is drawn as
617 b ~T'(shape =a, +asn,rate=b; +T;), (9)

618  from which ms is calculated as ag /b . Posterior values for mg are drawn from a similar

619  distribution, with T, =Z l; -1y, the sum of n —1 generation intervals. The parameters r and x
620 are updated by Metropolis-Hastings sampling; proposals r’ and x’ are generated from lognormal

621 distributions LN(r,o—r) and LN (,u,aﬂ), i.e. with current values as mean. The standard

622  deviations are calculated based on the expected variance of the target distributions, given the

623  outbreak size for oy, and number of SNPs for g, (see S2 Methods).

624  Updating the phylogenetic and transmission trees. The phylogenetic and transmission trees,

625  described by the unobserved variables Z = {I,M, P} , are updated by proposing a new tree with

626  proposal density H (Z'|Z,S,B), and accepting with Metropolis-Hastings probability (using Eq

627 (1)) a,
(. Pr(s,G|z',0)-Pr(z'6)-H(Z|Z'S,0)
628 a=min| 1, . (10)
Pr(s,G|z.,0)-Pr(z,0)-H(Z'|z,S,0)
629 Per MCMC iteration cycle, n proposals are done with each host as a focal host once, in

630 random order. Each proposal starts by taking a focal host i, drawing a sampling interval
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631 T ~T(2a5,mg) from a Gamma distribution with shape parameter Za; and mean ms, and

632 calculating a preliminary proposal for the infection time I,'=S, —T . Based on this preliminary

633  proposal, the topology of the transmission tree is changed (see below), and in most cases the
634  phylogenetic tree as well (80% probability). However, we also allowed for proposal steps
635  without changing the phylogenetic tree (20% probability); this greatly improves mixing of the
636 MCMC chain if there are many SNPs, which more or less fixes the phylogenetic tree topology.
637  The 80%-20% distribution for the two types of proposal was not optimized but chosen such that
638  mixing of the phylogenetic tree is only limitedly less efficient than without the second type of

639  proposal (keeping the phylogenetic tree fixed).

640  Proposals for changes in transmission and phylogenetic trees. Here we describe how changes
641 in the transmission and phylogenetic trees are proposed for six different situations, based on the
642  preliminary proposal for the infection time I;” and on whether the index case is involved. Fig 5
643 shows the proposed changes. More detail on the proposal distribution and calculation of

644  acceptance probability is given in the S2 Methods.

645 A. The focal host i is index case, and the preliminary I’ is before the first transmission
646 event. In that case, the infection time of host i becomes I, and no topological changes
647 are made in the transmission tree (Fig 5A).

648 B. The focal host i is index case, and the preliminary I;’ is after the first transmission event,
649 but before host i’s second transmission event, if there is any. In that case, the infection
650 time of host i becomes I;’, and host i’s first infectee becomes index case, transmitting to i
651 (Fig 5B).

652 C. The focal host i is index case, and the preliminary I;’ is after host i’s second transmission
653 event, if there is any. In that case, the infection times of host i and its first infectee are
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switched, and host i’s first infectee becomes index case. They may or may not exchange
infectees, with 50% probability (Fig 5C).

D. The focal host i is not index case, and the preliminary I’ is before infection of the index
case. In that case, the infection time of host i becomes I;’, and host i becomes index case,
transmitting to the original index case (Fig 5D).

E. The focal host i is not index case, and the preliminary I;” is after infection of the index
case, but before host i’s first transmission event. In that case, the infection time of host i
becomes I;’, and a new infector is proposed from all hosts infected before I; (Fig 5E).

F. The focal host i is not index case, and the preliminary I;” is after host i’s first transmission
event. In that case, the infection times of host i and its first infectee are switched, as well
as their position in the transmission tree. They may or may not exchange infectees, with

50% probability (Fig 5F).

Fig 5. Graphics depicting proposal steps A-F for new transmission and phylogenetic trees.
In panels A, B, D, and E, the initial situation is at the top, and the proposal below. In panels C
and F, the initial situation is in the middle, and two alternative proposal above and below. Every
panel shows an outbreak with four hosts, with red arrows indicating transmission: the purple host
is the focal host, with the purple arrow indicating the proposal for the new infection time I;’;
filled hosts have a new phylogenetic mini-tree proposed; greyed-out hosts do not play a role in
the proposal. (A) the focal host is the index case, and I’ is before the first transmission event; (B)
the focal host is the index case, and |’ is after the first, but before the second secondary case;
(C) the focal host is the index case and I;’ is after his second secondary case; (D) the focal host is

not the index case and I;” is before infection of the index case; (E) the focal host is not the index
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677 case and I;’ is before his first secondary case; (F) the focal host is not the index case and I;’ is
678 after his first secondary case.

679

680 Each change in the transmission tree is followed by proposing new phylogenetic mini-
681 trees for all hosts involved, i.e. if their infection time was changed or transmission nodes were

682  added or removed (grey hosts in Fig 5).

683  Proposals for changes in the transmission tree only. Here we describe how changes in the
684  transmission tree are proposed without changing the phylogenetic tree, based on the preliminary
685 I;” and on whether the index case is involved. Fig 6 shows the proposed changes. More detail on

686  the proposal distribution and calculation of acceptance probability is given in the S2 Methods.

687 G. The focal host i is the index case. If the preliminary I;” is before the first coalescence
688 node, the infection time of host i becomes I;’, and no changes are made in the
689 transmission and phylogenetic trees. If the preliminary I;’is after the first coalescence
690 node, the proposal is rejected.

691 H. The focal host i is not the index case, and the preliminary Ii’is after the most recent
692 common ancestor (MRCA) of the samples of host i and his infector j, which is a
693 coalescent node in infector j. In that case, the infection time of host i becomes I;’, and
694 infectees may move from host i to infector j or vice versa (Fig 6A).

695 I. The focal host i is not the index case, but his infector j is the index case, and the
696 preliminary I;’ is before the MRCA of the samples of host i and his infector j. In that
697 case, an infection time Iy’ is proposed for the infector j. If I;* is after the MRCA, the
698 infection time of the infector j becomes I;’, and the infection time of host i becomes the
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699 original infection time of his infector j. Infectees may move from host i to infector j or
700 vice versa (Fig 6B). If I;’ is before the MRCA, the proposal is rejected.

701 J. The focal host i is not the index case, and neither is his infector j, and the preliminary Iy’
702 is before the MRCA of the samples of host i and his infector j, but after the MRCA of the
703 samples of host i and infector j’s infector. In that case, an infection time I;’ is proposed
704 for the infector j. If I}’ is after the MRCA, the infection time of the infector j becomes I;’,
705 and the infection time of host i becomes I;’. Infectees may move between host i, infector
706 J, and infector j’s infector (Fig 6C). If I;’ is before the MRCA of host i and infector j, or
707 Ii” is before the MRCA of host i and infector j’s infector, the proposal is rejected.

708

709 Fig 6. Graphics depicting proposal steps H-J for new transmission trees, keeping the
710  phylogenetic tree unchanged. In all panels, the initial situation is at the top, and the proposal
711  below. Every panel shows part of an outbreak, with red arrows indicating transmission to
712  depicted or undepicted hosts. Only in panel B host | must be the index case. The purple host is
713  the focal host, with the dark purple arrow indicating the proposal for the new infection time 1;’;
714 the light purple arrow in panels B and C indicate the proposal for the new infection time I’ of the
715  focal host’s infector. The grey parts of the phylogenetic tree are moved between the hosts. (A)
716  the focal host is not the index case, and I;’ is after MRCA,;; of the focal host and his infector; (B)
717  the focal host is not the index case, and I;” is before MRCA, ), of the focal host and his infector
718  (the index case), and Iy’ is after MRCA,;;; (C) the focal host is not the index case, and I;’ is
719  before MRCA, ;i of the focal host and his infector, but after the MRCA,;; of the focal host and

720  his infector’s infector; also, I;” is after MRCA; .
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721  Evaluating the method

722 We took three approaches to evaluate our method: analysis of newly simulated data,
723  analysis of published simulated data [19], and analysis of published observed data. When not
724 specified, the following parameter settings and priors were used: shape parameters for sampling
725 and generation interval distributions as = ag = 3, uninformative priors for mean sampling and
726  generation intervals with us = uc = 1 and os = o = o, and an uninformative prior for within-host
727  growth parameter r with a, = b, = 1. The prior for log(x) (mutation rate) is always uniform.

728 Analyses were done by two MCMC chains, in each taking 25,000 samples (25,000
729  MCMC cycles). Burn-ins were different: 2000 MCMC cycles for the newly simulated data,
730 10,000 for the published simulated data [19], and 5000 for the observed data. With the H7N7
731  data, five MCMC chains were run, with a burn-in of 5000 samples, followed by 25,000 samples.

732

733 Analysis of newly simulated data. Four outbreak scenarios were simulated, each replicated 25
734 times: outbreak sizes of 20 and 50 cases, each with ag = as = 3, resulting in overlapping
735  generations and cases sampled earlier than their infector, or ac = as = 10, resulting in more
736  discrete generations and cases mostly sampled in order of infection. Further, the mean generation
737 and sampling intervals were mg = ms = 1 year, the mutation rate x = 10™ per year in a DNA
738 sequence with 10 sites resulting in a genome-wide mutation rate of 1 per year and a number of
739  SNPs in the same order of magnitude as the outbreak size. For the within-host model we used r =
740 1 per year.

741 The transmission trees were simulated assuming populations of size 35 or 86 individuals
742 and Ry = 1.5, corresponding to expected final outbreak sizes of about 20 and 50 [45],

743  respectively. Simulations started with one infected individual. All individuals were assumed to
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744 be equally infectious, resulting in a Poisson-distributed number of contacts at times since
745 infection drawn from the generation time distribution; these contacts were made with randomly
746  selected individuals and resulted in transmissions if that individual had not been infected before.
747  Simulations were repeated until 25 outbreaks were obtained of the desired size.

748 Given the infection times, sampling times were drawn, and phylogenetic mini-trees were
749  simulated for each host. These were combined into one phylogenetic tree on which random
750  mutation events were placed according to a Poisson process with rate 1. Each mutation event was
751 randomly assigned to one site, and generated one of the four nucleotides with equal probabilities
752  (reducing the effective mutation rate by 25%). By giving the root an arbitrary sequence, the
753  sampled sequences were obtained by following the paths from root to sample and changing the
754 nucleotides at the mutation events.

755 The simulated data (sampling times and sequences) were analysed with four sets of

756  parameter settings:

157

758 - Reference: ag = 3, all other parameters at simulation value (except for w);

759 - Informative Correct: as at simulation value, informative prior for ms with us = 1 and os =
760 0.1,

761 - Uninformative: as at simulation value;

762 - Informative Wrong: as at simulation value, informative prior for ms with us = 2 and o5 =
763 0.1.

764  Analysis of published simulated data. We used two sets of 25 simulated outbreaks, identified
765  as Fast clock and Slow clock in the original paper [19], in which full details on the simulations

766  can be found. Briefly summarizing some characteristics, 50 hosts were placed on a grid and a
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767  spatial transmission model was run, with exponential transmission kernel. Outbreaks with fewer
768 than 45 cases were discarded. An SEIR (susceptible — exposed — infectious — removed)
769  transmission model was used, with fixed latent period of 2 days and normally distributed
770  infectious period (mean(sd) of 10(1) days). Sampling occurred at the time of removal.

771  Phylogenetic mini-trees were simulated using a logistic within-host growth model

772 w(r)=0.1(1+€° )/(1+ e**"), starting at w(0)=0.1, then growing to w(4)=20.2 and going to

773 w(oo) =40.4. Sequences were generated with a 14,000 base pair genome and a mutation rate of

774 107 per site per day (Slow clock) or 5-10™ per site per day (Fast clock). The Slow Clock resulted
775 in a mean number of mutations of 0.14 per day, or 0.98 per mean generation time of 7 days
776  (latent period plus half infectious period), equivalent to the rate used in the new simulations; the
777  Fast Clock was 50 times as fast.

778 The simulated data (sampling times and sequences, not locations and removal times)

779  were analysed with three levels of prior knowledge on the sampling interval distribution:

780 - Naive: default settings;
781 - Uninformative: as = 144 (coefficient of variation of 0.083, as in the simulation);
782 - Informative: as = 144, an informative prior for ms (us = 12, os = 1).

783  Analysis of published datasets. The published Mthb, FMD2001, and FMD2007 datasets were
784  analysed with default settings. The MRSA data contained information on times between hospital
785  entry and first positive sample for 32 patients. Because of their mean and standard deviation of
786 20 days, we analysed these data with different prior information on the sampling interval only: as
787 =1, us =15, o5 =5. For the H7N7 outbreak data, infection times of the flocks had been estimated

788  [35], from which the mean and standard deviation of the sampling interval was calculated (7.0
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789 and 2.2 days). We used this to inform the sampling intervals with: as = 10, us = 7, s = 0.5.
790  Because transmission after culling is not possible, we also used a weak informative prior for the

791  mean generation interval: uc =5, oc = 1.

792  Performance and outcome measures. The aim of the method is to reconstruct outbreaks in
793  terms of infection times of all hosts and the transmission tree. This requires good mixing of the
794  MCMC chain, especially of infection times and infectors, and a useful method to summarize all
795  sampled transmission trees into a consensus tree.

796 To test for good mixing, we used effective sample sizes (ESS, calculated with the coda
797  package in R) to evaluate mixing of the parameters and infection times. There are no strict
798  thresholds, but in BEAST, an ESS < 100 is considered too low, whereas an ESS > 200 is
799  considered sufficient [46]. Mixing of the tree topology (infector per host) was evaluated as
800 follows. To test for 200 independent samples, the chains were thinned by 250, giving 100
801 samples per chain. Then two Fisher’s exact tests were done for each host, the first to compare the
802  posterior frequency distributions of infectors across the chains (100 infectors per chain), the
803  second to test for independency of subsequent samples, i.e. autocorrelation, within the chains
804 (198 pairs of infectors). We used the proportion of successful tests (i.e. P > 0.05) as a measure of
805  mixing, expecting 95% successful tests with good mixing.

806 Two methods were used to make consensus transmission tree topologies (who infected
807  whom), both based on the frequencies of infectors for each host among the 50,000 posterior
808 trees. The support of host j being the infector of host i is defined as the proportion of posterior
809 trees in which host i infected host j. The first consensus tree is the maximum parent credibility
810 (MPC) tree [19], which is the tree among all posterior trees that has the highest product of

811 infector supports. The second consensus tree is the tree constructed using an adaptation of
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Edmond’s algorithm, which starts by taking the infector with highest support for each host, and
resolves cycles if there are any [20]. Because the actual algorithm requires prior choice of an
index case, we adapted it by repeating the algorithm for all supported index cases, and selecting
the tree with highest sum of posterior supports (the measure used in the algorithm itself).
Posterior infection times were summarized either outside the context of a consensus tree,
i.e. based on all MCMC samples, or for a particular consensus tree, i.e. for each host based only
on those samples in which the infector was the consensus infector. The latter is to improve
consistency between topology and infection times, although even then consistency is not
guaranteed. For plotting transmission trees only, we used the Edmond’s consensus tree; for
plotting transmission and phylogenetic trees together, we used the MPC consensus tree, which

comes with a consistent phylogenetic tree because it is one of the sampled trees.

Acknowledgements

We wish to thank Matthew Hall for sharing his simulated data [19], and authors of the

publications [21-23, 25] for publicly sharing their outbreak data.

40


https://doi.org/10.1101/069195

bioRxiv preprint doi: https://doi.org/10.1101/069195; this version posted August 12, 2016. The copyright holder for this preprint (which was not

829

830

831

832

833

834

835

836

837

838

839

840

841

842

843

844

845

846

847

848

849

850

851

certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

References

1. Gilchrist CA, Turner SD, Riley MF, Petri WA, Jr., Hewlett EL. Whole-genome
sequencing in outbreak analysis. Clin Microbiol Rev. 2015;28(3):541-63. doi:
10.1128/CMR.00075-13. PubMed PMID: 25876885, PubMed Central PMCID:
PMCPMC4399107.

2. Koser CU, Ellington MJ, Peacock SJ. Whole-genome sequencing to control antimicrobial
resistance. Trends Genet. 2014;30(9):401-7. doi: 10.1016/j.tig.2014.07.003. PubMed PMID:
25096945; PubMed Central PMCID: PMCPMC4156311.

3. Pybus OG, Rambaut A. Evolutionary analysis of the dynamics of viral infectious disease.
Nat Rev Genet. 2009;10(8):540-50. doi: 10.1038/nrg2583. PubMed PMID: 19564871.

4, Volz EM, Koelle K, Bedford T. Viral phylodynamics. PLoS Comput Biol.
2013;9(3):1002947. doi: 10.1371/journal.pchi.1002947. PubMed PMID: 23555203; PubMed
Central PMCID: PMCPMC3605911.

5. Kenah E. Semiparametric Relative-risk Regression for Infectious Disease Transmission
Data. J Am Stat Assoc. 2015;110(509):313-25. doi: 10.1080/01621459.2014.896807. PubMed
PMID: 26146425; PubMed Central PMCID: PMCPMC4489164.

6. Kenah E, Britton T, Halloran ME, Longini IM, Jr. Molecular Infectious Disease
Epidemiology: Survival Analysis and Algorithms Linking Phylogenies to Transmission Trees.
PLoS Comput Biol. 2016;12(4):e1004869. doi: 10.1371/journal.pchi.1004869. PubMed PMID:
27070316; PubMed Central PMCID: PMCPMC4829193.

7. Jombart T, Cori A, Didelot X, Cauchemez S, Fraser C, Ferguson N. Bayesian

reconstruction of disease outbreaks by combining epidemiologic and genomic data. PL0S

41


https://doi.org/10.1101/069195

bioRxiv preprint doi: https://doi.org/10.1101/069195; this version posted August 12, 2016. The copyright holder for this preprint (which was not

852

853

854

855

856

857

858

859

860

861

862

863

864

865

866

867

868

869

870

871

872

873

certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Comput Biol. 2014;10(1):e1003457. doi: 10.1371/journal.pcbi.1003457. PubMed PMID:
24465202; PubMed Central PMCID: PMCPMC3900386.

8. Kanamori H, Parobek CM, Weber DJ, van Duin D, Rutala WA, Cairns BA, et al. Next-
Generation Sequencing and Comparative Analysis of Sequential Outbreaks Caused by
Multidrug-Resistant Acinetobacter baumannii at a Large Academic Burn Center. Antimicrob
Agents Chemother. 2016;60(3):1249-57. doi: 10.1128/AAC.02014-15. PubMed PMID:
26643351; PubMed Central PMCID: PMCPMC4775949.

0. Onori R, Gaiarsa S, Comandatore F, Pongolini S, Brisse S, Colombo A, et al. Tracking
Nosocomial Klebsiella pneumoniae Infections and Outbreaks by Whole-Genome Analysis:
Small-Scale Italian Scenario within a Single Hospital. J Clin Microbiol. 2015;53(9):2861-8. doi:
10.1128/JCM.00545-15. PubMed PMID: 26135860; PubMed Central PMCID:
PMCPMC4540926.

10. Stoesser N, Giess A, Batty EM, Sheppard AE, Walker AS, Wilson DJ, et al. Genome
sequencing of an extended series of NDM-producing Klebsiella pneumoniae isolates from
neonatal infections in a Nepali hospital characterizes the extent of community- versus hospital-
associated transmission in an endemic setting. Antimicrob Agents Chemother.
2014;58(12):7347-57. doi: 10.1128/AAC.03900-14. PubMed PMID: 25267672; PubMed Central
PMCID: PMCPMC4249533.

11. Didelot X, Gardy J, Colijn C. Bayesian inference of infectious disease transmission from
whole-genome  sequence  data. Mol Biol Evol.  2014;31(7):1869-79.  doi:
10.1093/molbev/msul21l. PubMed PMID: 24714079; PubMed Central PMCID:

PMCPMC4069612.

42


https://doi.org/10.1101/069195

bioRxiv preprint doi: https://doi.org/10.1101/069195; this version posted August 12, 2016. The copyright holder for this preprint (which was not

874

875

876

877

878

879

880

881

882

883

884

885

886

887

888

889

890

891

892

893

894

certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

12. Ypma RJ, van Ballegooijen WM, Wallinga J. Relating phylogenetic trees to transmission
trees of infectious disease  outbreaks.  Genetics.  2013;195(3):1055-62.  doi:
10.1534/genetics.113.154856. PubMed PMID: 24037268; PubMed Central PMCID:
PMCPMC3813836.

13. Worby CJ, O'Neill PD, Kypraios T, Robotham JV, De Angelis D, Cartwright EJ, et al.
Reconstructing transmission trees for communicable diseases using densely sampled genetic
data. Ann Appl Stat. 2016;10(1):395-417. PubMed PMID: 27042253; PubMed Central PMCID:
PMCPMCA4817375.

14, Lau MS, Marion G, Streftaris G, Gibson G. A Systematic Bayesian Integration of
Epidemiological and Genetic Data. PLoS Comput Biol. 2015;11(11):e1004633. doi:
10.1371/journal.pcbi.1004633. PubMed PMID: 26599399; PubMed Central PMCID:
PMCPMC4658172.

15. De Maio N, Wu C-H, Wilson DJ. SCOTTI: efficient reconstruction of transmission
within outbreaks with the structured coalescent. ArXiv [Internet]. 2016. Awvailable from:

https://arxiv.org/abs/1603.01994.

16. Numminen E, Chewapreecha C, Siren J, Turner C, Turner P, Bentley SD, et al. Two-
phase importance sampling for inference about transmission trees. Proc Biol Sci.
2014;281(1794):20141324. doi: 10.1098/rspb.2014.1324. PubMed PMID: 25253455; PubMed
Central PMCID: PMCPMC4211445.

17. Drummond AJ, Bouckaert RR. Bayesian evolutionary analysis with BEAST 2.

Cambridge: Cambridge University Press; 2015. xii, 249 pages p.

43


https://arxiv.org/abs/1603.01994
https://doi.org/10.1101/069195

bioRxiv preprint doi: https://doi.org/10.1101/069195; this version posted August 12, 2016. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

895 18. Drummond AJ, Suchard MA, Xie D, Rambaut A. Bayesian phylogenetics with BEAULi
896 and the BEAST 1.7. Mol Biol Evol. 2012;29(8):1969-73. doi: 10.1093/molbev/mss075. PubMed
897 PMID: 22367748; PubMed Central PMCID: PMCPMC3408070.

898 109. Hall M, Woolhouse M, Rambaut A. Epidemic Reconstruction in a Phylogenetics
899  Framework: Transmission Trees as Partitions of the Node Set. PLoS Comput Biol.
900 2015;11(12):e1004613. doi: 10.1371/journal.pchi.1004613. PubMed PMID: 26717515; PubMed
901 Central PMCID: PMCPMC4701012.

902  20. Gibbons A. Algorithmic graph theory. Cambridge: Cambridge University Press; 1985.
903  xii, 259 p. p.

904 21 Nubel U, Nachtnebel M, Falkenhorst G, Benzler J, Hecht J, Kube M, et al. MRSA
905 transmission on a neonatal intensive care unit: epidemiological and genome-based phylogenetic
906 analyses. PLoS One. 2013;8(1):e54898. doi: 10.1371/journal.pone.0054898. PubMed PMID:
907  23382995; PubMed Central PMCID: PMCPMC3561456.

908 22.  Cottam EM, Thebaud G, Wadsworth J, Gloster J, Mansley L, Paton DJ, et al. Integrating
909 genetic and epidemiological data to determine transmission pathways of foot-and-mouth disease
910 virus. Proc Biol Sci. 2008;275(1637):887-95. doi: 10.1098/rspb.2007.1442. PubMed PMID:
911  18230598; PubMed Central PMCID: PMCPMC2599933.

912 23. Cottam EM, Wadsworth J, Shaw AE, Rowlands RJ, Goatley L, Maan S, et al.
913  Transmission pathways of foot-and-mouth disease virus in the United Kingdom in 2007. PLoS
914  Pathog. 2008;4(4):e1000050. doi: 10.1371/journal.ppat.1000050. PubMed PMID: 18421380;
915  PubMed Central PMCID: PMCPMC2277462.

916  24. Morelli MJ, Thebaud G, Chadoeuf J, King DP, Haydon DT, Soubeyrand S. A Bayesian

917 inference framework to reconstruct transmission trees using epidemiological and genetic data.

44


https://doi.org/10.1101/069195

bioRxiv preprint doi: https://doi.org/10.1101/069195; this version posted August 12, 2016. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

918 PL0S Comput Biol. 2012;8(11):e1002768. doi: 10.1371/journal.pcbi.1002768. PubMed PMID:
919  23166481; PubMed Central PMCID: PMCPMC3499255.

920 25. Bataille A, van der Meer F, Stegeman A, Koch G. Evolutionary analysis of inter-farm
921 transmission dynamics in a highly pathogenic avian influenza epidemic. PLoS Pathog.
922  2011;7(6):e1002094. doi: 10.1371/journal.ppat.1002094. PubMed PMID: 21731491; PubMed
923  Central PMCID: PMCPMC3121798.

924  26. Ypma RJ, Bataille AM, Stegeman A, Koch G, Wallinga J, van Ballegooijen WM.
925  Unravelling transmission trees of infectious diseases by combining genetic and epidemiological
926 data. Proc Biol Sci. 2012;279(1728):444-50. doi: 10.1098/rspb.2011.0913. PubMed PMID:
927  21733899; PubMed Central PMCID: PMCPMC3234549.

928 27. Ypma RJ, Jonges M, Bataille A, Stegeman A, Koch G, van Boven M, et al. Genetic data
929  provide evidence for wind-mediated transmission of highly pathogenic avian influenza. J Infect
930 Dis. 2013;207(5):730-5. doi: 10.1093/infdis/jis757. PubMed PMID: 23230058.

931 28. Soetens LC, Boshuizen HC, Korthals Altes H. Contribution of seasonality in transmission
932  of Mycobacterium tuberculosis to seasonality in tuberculosis disease: a simulation study. Am J
933  Epidemiol. 2013;178(8):1281-8. doi: 10.1093/aje/kwt114. PubMed PMID: 23880353.

934  20. Ford CB, Lin PL, Chase MR, Shah RR, lartchouk O, Galagan J, et al. Use of whole
935 genome sequencing to estimate the mutation rate of Mycobacterium tuberculosis during latent
936 infection. Nat Genet. 2011;43(5):482-6. doi: 10.1038/ng.811. PubMed PMID: 21516081;
937  PubMed Central PMCID: PMCPMC3101871.

938 30. Walker TM, Ip CL, Harrell RH, Evans JT, Kapatai G, Dedicoat MJ, et al. Whole-genome

939 sequencing to delineate Mycobacterium tuberculosis outbreaks: a retrospective observational

45


https://doi.org/10.1101/069195

bioRxiv preprint doi: https://doi.org/10.1101/069195; this version posted August 12, 2016. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

940  study. Lancet Infect Dis. 2013;13(2):137-46. doi: 10.1016/S1473-3099(12)70277-3. PubMed
941 PMID: 23158499; PubMed Central PMCID: PMCPMC3556524.

942 31 Nubel U, Dordel J, Kurt K, Strommenger B, Westh H, Shukla SK, et al. A timescale for
943  evolution, population expansion, and spatial spread of an emerging clone of methicillin-resistant
944  Staphylococcus aureus. PLoS Pathog. 2010;6(4):€1000855. doi: 10.1371/journal.ppat.1000855.
945 PubMed PMID: 20386717; PubMed Central PMCID: PMCPMC2851736.

946  32. Young BC, Golubchik T, Batty EM, Fung R, Larner-Svensson H, Votintseva AA, et al.
947  Evolutionary dynamics of Staphylococcus aureus during progression from carriage to disease.
948 Proc Natl Acad Sci U S A. 2012;109(12):4550-5. doi: 10.1073/pnas.1113219109. PubMed
949  PMID: 22393007; PubMed Central PMCID: PMCPMC3311376.

950 33.  Chis Ster I, Dodd PJ, Ferguson NM. Within-farm transmission dynamics of foot and
951  mouth disease as revealed by the 2001 epidemic in Great Britain. Epidemics. 2012;4(3):158-609.
952  doi: 10.1016/j.epidem.2012.07.002. PubMed PMID: 22939313.

953 34 Pedersen CE, Frandsen P, Wekesa SN, Heller R, Sangula AK, Wadsworth J, et al. Time
954  Clustered Sampling Can Inflate the Inferred Substitution Rate in Foot-And-Mouth Disease Virus
955  Analyses. PLoS One. 2015;10(12):e0143605. doi: 10.1371/journal.pone.0143605. PubMed
956 PMID: 26630483; PubMed Central PMCID: PMCPMC4667911.

957  35. Boender GJ, Hagenaars TJ, Bouma A, Nodelijk G, Elbers AR, de Jong MC, et al. Risk
958 maps for the spread of highly pathogenic avian influenza in poultry. PLoS Comput Biol.
959  2007;3(4):e71. doi: 10.1371/journal.pcbi.0030071. PubMed PMID: 17447838; PubMed Central
960 PMCID: PMCPMC1853123.

961 36. Fitch WM. Toward defining the course of evolution: minimum change for a specific tree

962  topology. Syst Zool. 1971;20:406-16.

46


https://doi.org/10.1101/069195

bioRxiv preprint doi: https://doi.org/10.1101/069195; this version posted August 12, 2016. The copyright holder for this preprint (which was not

963

964

965

966

967

968

969

970

971

972

973

974

975

976

977

978

979

980

981

982

983

984

certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

37. Chen R, Holmes EC. Avian influenza virus exhibits rapid evolutionary dynamics. Mol
Biol Evol. 2006;23(12):2336-41. doi: 10.1093/molbev/ms|102. PubMed PMID: 16945980.

38. Biek R, Pybus OG, Lloyd-Smith JO, Didelot X. Measurably evolving pathogens in the
genomic era. Trends Ecol Evol. 2015;30(6):306-13. doi: 10.1016/j.tree.2015.03.009. PubMed
PMID: 25887947; PubMed Central PMCID: PMCPMC4457702.

39. Shaw GM, Hunter E. HIV transmission. Cold Spring Harb Perspect Med. 2012;2(11).
doi: 10.1101/cshperspect.a006965. PubMed PMID: 23043157; PubMed Central PMCID:
PMCPMC3543106.

40.  Varble A, Albrecht RA, Backes S, Crumiller M, Bouvier NM, Sachs D, et al. Influenza A
virus transmission bottlenecks are defined by infection route and recipient host. Cell Host
Microbe. 2014;16(5):691-700. doi: 10.1016/j.chom.2014.09.020. PubMed PMID: 25456074,
PubMed Central PMCID: PMCPMC4272616.

41. Worby CJ, Chang HH, Hanage WP, Lipsitch M. The distribution of pairwise genetic
distances: a tool for investigating disease transmission. Genetics. 2014;198(4):1395-404. doi:
10.1534/genetics.114.171538. PubMed PMID: 25313129; PubMed Central PMCID:
PMCPMC4256759.

42. Baele G, Suchard MA, Rambaut A, Lemey P. Emerging concepts of data integration in
pathogen phylodynamics. Syst Biol. 2016. doi: 10.1093/sysbio/syw054. PubMed PMID:
27288481.

43. Didelot X, Fraser C, Gardy J, Colijn C. Genomic infectious disease epidemiology in
partially sampled and ongoing outbreaks. bioRXiv [Internet]. 2016. Available from:

http://dx.doi.org/10.1101/065334

47


http://dx.doi.org/10.1101/065334
https://doi.org/10.1101/069195

bioRxiv preprint doi: https://doi.org/10.1101/069195; this version posted August 12, 2016. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

985 44, Felsenstein J. Evolutionary trees from DNA sequences: a maximum likelihood approach.
986 J Mol Evol. 1981;17(6):368-76. PubMed PMID: 7288891.

987  45. Diekmann O, Heesterbeek H, Britton T. Mathematical tools for understanding infectious
988  disease dynamics. Princeton, N.J.: Princeton University Press; 2013. xiv, 502 pages p.

989  46. Drummond AJ, Ho SY, Phillips MJ, Rambaut A. Relaxed phylogenetics and dating with
990 confidence. PLoS Biol. 2006;4(5):e88. doi: 10.1371/journal.pbio.0040088. PubMed PMID:
991 16683862; PubMed Central PMCID: PMCPMC1395354.

992

993

48


https://doi.org/10.1101/069195

bioRxiv preprint doi: https://doi.org/10.1101/069195; this version posted August 12, 2016. The copyright holder for this preprint (which was not

994

995

996

997

998

certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Supporting Information

S1 Results. Tables with additional results on simulated data.
S2 Methods. Extensive treatment of model and MCMC updating steps.

S3 Data. Sequence data and sampling times of analysed actual datasets.

49


https://doi.org/10.1101/069195

bioRxiv preprint doi: https://doi.org/10.1101/069195; this version posted August 12, 2016. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

infection to transmission

infection to sampling

coalescence to transmission/sampling
mutation

BN =

< R >
34 o 2

g C.
—eXyz ]

X 'z

b.
b\ ® xyZ ]

999

1000 Fig 1. Sketch of stochastic processes involved in data generation process. (A) The four
1001  processes indicated by host a infecting host b. (B) Examples of resulting differences in sequences
1002  for host a infecting both hosts b and c.

1003

50


https://doi.org/10.1101/069195

bioRxiv preprint doi: https://doi.org/10.1101/069195; this version posted August 12, 2016. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

-9

JHCW A

posterior infector support
® <20% ® <80%
® <40% ® <100%

<60%
| {HCW B
0 ,:P
A B B ey
[ T | T T T T T T 1 -1 - - T T T T T T 1
1/2007  1/2008  1/2009  1/2010  1/2011 1 January 1 April 1 July 1 October
—1P2c
P1b/1
Py
IP1b/2
® | | [P5
Q= [P3c
1) S [P4D
—;-P_"Pﬁb
c 3b
E D IP8
C P7
I T T | T T 1
1 March 1 April 1 May 1 June 1 August 1 September 1 October

1004
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1011  Fig 3. Consensus MPC transmission and phylogenetic trees for four of the five analysed
1012  datasets. Each tree is one posterior sample matching the MPC tree topology. Colours are used to
1013  indicate the hosts in the transmission tree: connected branches with identical colour are in the
1014  same host, and a change of colour along a branch is a transmission event. (A) Mtb data [11]; (B)
1015 MRSA data [21]; (C) FMD2001 data [22, 24]; (D) FMD2007 data [23, 24].
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1023  Fig 5. Graphics depicting proposal steps A-F for new transmission and phylogenetic trees.
1024 In panels A, B, D, and E, the initial situation is at the top, and the proposal below. In panels C

1025 and F, the initial situation is in the middle, and two alternative proposal above and below. Every
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1026  panel shows an outbreak with four hosts, with red arrows indicating transmission: the purple host
1027 is the focal host, with the purple arrow indicating the proposal for the new infection time I;’;
1028 filled hosts have a new phylogenetic mini-tree proposed; greyed-out hosts do not play a role in
1029 the proposal. (A) the focal host is the index case, and I;’ is before the first transmission event; (B)
1030 the focal host is the index case, and 1;’ is after the first, but before the second secondary case;
1031  (C) the focal host is the index case and I;’ is after his second secondary case; (D) the focal host is
1032  not the index case and I;’ is before infection of the index case; (E) the focal host is not the index
1033 case and I;’ is before his first secondary case; (F) the focal host is not the index case and I;’ is
1034  after his first secondary case.
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1037  Fig 6. Graphics depicting proposal steps H-J for new transmission trees, keeping the

1036

1038 phylogenetic tree unchanged. In all panels, the initial situation is at the top, and the proposal

1039  below. Every panel shows part of an outbreak, with red arrows indicating transmission to
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depicted or undepicted hosts. Only in panel B host | must be the index case. The purple host is
the focal host, with the dark purple arrow indicating the proposal for the new infection time I;’;
the light purple arrow in panels B and C indicate the proposal for the new infection time I;” of the
focal host’s infector. The grey parts of the phylogenetic tree are moved between the hosts. (A)
the focal host is not the index case, and I;’ is after MRCA, ;; of the focal host and his infector; (B)
the focal host is not the index case, and I;’ is before MRCA,;, of the focal host and his infector
(the index case), and I’ is after MRCA,;; (C) the focal host is not the index case, and Ii’ is
before MRCA,;; of the focal host and his infector, but after the MRCA, j;; of the focal host and

his infector’s infector; also, I;’ is after MRCA; 1.
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