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Phylogeography takes a relaxed random walk in continuous space and time
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Research aimed at understanding the geographic context of evolutionary histories is burgeoning across biological dis-
ciplines. Recent endeavors attempt to interpret contemporaneous genetic variation in the light of increasingly detailed
geographical and environmental observations. Such interest has promoted the development of phylogeographic inference
techniques that explicitly aim to integrate such heterogeneous data. One promising development involves reconstructing
phylogeographic history on a continuous landscape. Here, we present a Bayesian statistical approach to infer continuous
phylogeographic diffusion using random walk models while simultaneously reconstructing the evolutionary history in
time from molecular sequence data. Moreover, by accommodating branch-specific variation in dispersal rates, we relax
the most restrictive assumption of the standard Brownian diffusion process and demonstrate increased statistical effi-
ciency in spatial reconstructions of over-dispersed random walks by analyzing both simulated and real viral genetic data.
We further illustrate how drawing inference about summary statistics from a fully-specified stochastic process over both
sequence evolution and spatial movement reveals important characteristics of a rabies epidemic. Together with recent ad-
vances in discrete phylogeographic inference, the continuous model developments furnish a flexible statistical framework
for biogeographical reconstructions that is easily expanded upon to accommodate various landscape genetic features.

Introduction nian diffusion models have found repeated use since the
. . formalization of statistical phylogenetics (Edwards and
Evol_utlonary change 1S only fully cqmprehendgd b valli-Sforza 1964; Cavalli-Sforza and Edwards 1967;
considering its geographic context. This has motivat Isenstein 1973, 1985). Although statistical inference on a

the development of analytical tools to uncover the foo “ontinuous landscape sets a milestone in phylogeographic

print of spatial history in contemporaneous molecular g, so¢ '} emmon and Lemmon (2008) also note that such
ﬂ]u;ncfs\'/iggrmg?tﬂ?sgﬁng’tﬁgac}'r?';[ﬁrgﬁgrzl i[jeecna?csgufen Sdels will benefit significantly from a Bayesian imple-
bey):)rl?d the predigtions arising frogm standa?d epidem[i)olo lentation. In particular, a Bayesian approach permits the
: ; e S gasy integration of different sources of uncertainty and also
ical surveillance. Conditioning on a phylogenetic hIStoryaffords more flexible incorporation of geographic informa-
probabilistic methods generally employ random walks iffon systems data

continuous time to describe how spatial diffusion processes Here we preéent a Bayesian implementation of mul-

unfold over time (Schluter et al. 1997). If sequence Samg e Brownian diffusion models that can be fit simul-
pling locations are considered as discrete states, a MarkQy .o, v with standard models of sequence evolution.
e ocoscaporanl, s cevelopment embec conluous oy
cently Impiemen sticatly Rogeographies into a full probabilistic model that incor-
proach for discrete diffusion in a Bayesian inference fram orates flexible molecular clock and demographic infer-
yvork (Lemey etal. 2009.) and demonstratgd how geografiyce components. Employing a strict Brownian diffusion
ical information can be incorporated as distance-inform model spatial movement makes the assumption that the

priors on the rates at which viruses transition among th Focess remains homo -

X ; ; . geneous over the entire phylogeny,
possml(ta Io”catlfn. sﬁ?ftes. V\éh]!ISt thesekr?etrt\odts pror\: '? sfch that the same rate of diffusion applies to all branches,
cgr;c?g %?C%S r(?tlr?esgsrwsurchﬁli;nc?\gt%rtra%rsiggrg%g n):)?ét all times and between any two places. To remedy this, we
geograp YPOINeses, . : s BBirow from recent developments towards relaxing the rate
plicitly model the diffusion process in continuous space; 'Qonstancy assumption in molecular clock models. More

particular the inferred locations of common ancestors ca ecifically, we propose a relaxed random walk by inte-
only be drawn from the set of observed lacations of th rating a model in which a diffusion rate scalar on each

sampled virus. branch of the rooted [ i
. I phylogeny is drawn independently and
Indeed, samples are often continuously d'St”bth entically from an underlying discretized rate distribution

222]:’?]33:{?23?‘:?2;%(:1Ilfr(]:retll_zeergns]glr?[a).lrl:gngSecrzsanﬁs(IZB% ‘'ummond et al. 2006). We demonstrate improved statis-
piing, al efficiency when accommodating such over-dispersion

P;V(eas;?rﬁggﬂy %rigsgggfl aacr(r)nsasXI:;m(J:rgn :;ﬁﬁgﬁgofj&nrgggo simulated as well as real viral genetic data and we eval-
1ating p : ) . P&te model selection technigues to compare the standard

For continuous geographic coordinates (latitude and lo rownian diffusion model against relaxed random walks.

gitude), Brownian diffusion finds analogues to the Markoyn addition, we illustrate the capacity to reconstruct rich

chain-transition model (Schiuter et al. 1997). Such BroV”é’patial—temporal summaries to characterize and illustrate

o viral epidemic spread through time. In particular, we focus
Browﬁ?;’n"é?f;g;onp?ggggogg’g ‘)Bhixgz;i”ar':iiesrence' random wallyn reconstructing epidemic diffusion for viral genetic data
E-mail: philippe lemey@uz kuleuven.ac.be sampled over three decades during a raccoon rabies epi-
zootic in the north-eastern United States (Biek et al. 2007).
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Methods lihood, enabling us to construct a Gibbs sampler from the
Time-homogeneous continuous diffusion full-condition distribution ofP. A Wishart distribution is

. characterized by a “degrees-of-freedom” and scale matrix.
. X o ) &Rithout further expert knowledge, we set these hyperpa-
to infer evolutionary histories through time and spacg;meters, such that, and p, arerelatively uninformative

Ghdr is Uniform[-1,1]. Metropolis-Hastings updates also

dates a Brownian diffusion (BD) process (Brown 18284 4in available fo 1 and mav outperform the
Wiener 1958; Edwards and Cavalli-Sforza 1964) along ggipps sampler in sorr%pévs?tzﬁa)tions. y outp

unknown phylogenyF in the BEAST software package.
BEAST provides effective methods to estimate phyloge- . . . .

nies rooted with a time-scale, the molecular sequence SEfBe_Iaxmg the time-homogeneous Brownian assumptions
stitution process along these phylogenies and the latent co- BD is a very restrictive process in large part due to
alescent process giving rise to the phylogenies (Drummoagg implicit assumption that the process does not vary over
et al. 2002; Drummond and Rambaut 2007). Under a timgme. To see this, consider diffusion along a single branch
homogeneous spatial diffusion process, the additional pa-F; the likelihood of ending ak(t) at timet given the
rameters we must estimate are the unobserved locatigigcess starts at(s) at time s is multivariate normally-

of the sequence ancestors at all times alépgufficient distributed with a variancB~! x (t —s) thatdepends only
statistics of this continuous process are the unobservgd time differences and not actual values. This restriction
two-dimensional locations at the phylogeny roQi, and  bears similarity to the strict molecular clock assumption in
internalnodesXn-1, . .., X2n—2 andthe infinitesimal pre- the molecular sequence substitution process. With recent
cision matrixP for a bivariate diffusion. Matrix? scales success in relaxing the substitution clock in mind, we in-
arbitrarily in units-time. As~ is unknown, measuring in  vestigate approaches with which to relax time-invariance
units-tree-height maintains data likelihood identifiability. in the continuous diffusion.

If we assume a multivariate normal prior Ofy,, One immediate approach builds on uncorrelated re-
thenthe full-conditional distributions for the root and inter4axed clock models (Drummond et al. 2006) and assigns
nal node locations remain multivariate normally distributegh each branch in F a rate scalag, to produce a relaxed
under a BD process. In the absence of strong pre-existipghdom walk (RRW) model. As the name impligs takes
knowledge, we make the prior oK, uninformatie by the diffusion variance (rate) matrik - andrescales it to
granting the prior a large variance (typically precisions gb-1 x @, allowing the underlying process to vary from
0.001 on root latitude and longitude). Such normality agranch to branch iF.
sumptions present many advantages. First, for estimation, While not all g, areuniquely identifiable in the data
we can construct Gibbs samplers (Gelfand et al. 1990) fikelihood, with the use of appropriate priors, the con-
the root and internal node locations. One choice for thgruction yields an intuitive interpretation. To model over-
Gibbs sampler updates one node-location at a time. Amog@persed continuous observations in a Bayesian frame-
single-parameter update methods, Gibbs sampling is m@yerk, a standard method relaxes the Gaussian assumption
computationally efficient than the Metropolis-Hasting typen the observations using scale mixtures of normals (An-
proposals, as the parameter is guaranteed to move wilews and Mallows 1974; West 1984). Depending on prior
each update (Liu 2001). To handle high correlation amonrgoice ong,, one can generate an extensive number of dis-
internal node locations, normality also grants us the abilityibutions (Fer@ndez and Steel 2000).

to Gibbs sample multiple locations simultaneously, further  An obvious choice
improving mixing (Liu 2001; Roberts and Sahu 1997). Fi- »
nally, we suspect moderate correlation between the internal @ ~ Gammay/2,v/2) (1)

node locations and the phylogeRyWe confront this issue (agjizes the Student- distribution with v degrees-of-

through a collapsed Gibbs sampler (Liu 1994; Redelingg,qqom (Geweke 1989), usefully robust to model misspec-
and Suchard 2007). Nf’rma“ty allows us 1o analyticallication in statistical modeling (Lange, Little and Taylor
integrate the root and internal node locations out of thfgsg)

likelihood, yielding a marginalized likelihood from which S.imultaneously inferrings, with the remaining diffu-

we sample a new phylogerfy. This is intuitively equiva- gjon parameters replaces the normally distributed displace-

lent to integrating out the internal node ancestral sequeng@nts that occur along each branch with Studéntiepen-
states through Felsenstein’s pruning algorithm (Felsenst@igt increments. Fixing = 1 returns the Cauchy distribu-

1981). Redeling.s and Suchard (2005) Cle'ar'ly d'emonstr:ﬁ-t@n, often harnessed to model animal movement in an eco-

that Markov chain Monte Carlo (MCMC) mixing improves)qogica| context (Paradis, Baillie and Sutherland 2002). For

when one marginalizes the ancestral sequence states. |, — 5 the Student-distribution emits infinite variance and
For bivariate diffusion, the precision matrR con-  yerjyes motivation from vy flight models (Viswanathan

tains three parameters: the two strictly non-negativg 5| 1996; Reynolds and Rhodes 2009), while not strictly
marginal precisiong; and p, in each spatial dimension gntorcing power-law tail distributions that remain con-
and the correlation coefficiemtbetween dimensions. T0 antious in animal movement studies (Okubo and Levin

place a prior over the diffusion rates, we assume Mat)ggg: Eqwards et al. 2007). Further,ass «, the Student-
follows a Wishart distribution. The Wishart distribution is; gistribution converges to a normal distribution, returning
a multivariate generalization of the gamma distribution, o time-homogeneous BD process. In keeping with stan-
The Wishart distribution is also conjugate to the BD likega,q modeling practice in evolution, we also consider as an
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alternatve plied to and parameter estimates obtained from the rabies
@ Lognormal(10) @) epidemic analysis. We simulate node location realizations

) ) . X1,...,X2n_2 accordingto both a time-homogeneous BD
where g is an unknown measure of dispersion that abrocess and the RRW process for four different precision

lows for an even greater degree of variability than the ongyatrix parameterizations. The first precision matrix param-
parameter gamma distribution. For either case, we follogter configuration reflects the BD analysis of the rabies data
Drummond et al. (2006) and entertain densely discretizeg, — 7.7 p, = 6.7, andr = 0.4). The remaining configu-
versions of the underlying hyper-distribution to improveations explore no correlatiop{ = 7.7, po = 6.7,r =0),

posterior identifiability. , _ high correlation but with less balanced precisioms &
The scale mixtures of normals formulation consider; n, — 10,r = 0.9), and no correlation and less balanced

ably eases implementation of our MCMC-based eStim@recisions p1 = 1,p, = 10,r = 0). We draw the bivari-

tion. We retain the highly effective Gibbs sampling on thgte oot location.,,, from the uniform distribution span-
internal node locations giveg,. Special branch rate sam-ping [—90,90] x [~180,180], and draw the RRW branch-
plers already exist in BEAST, so we commandeer theggecific scalars from a log-normal distribution with stan-
tools to efficiently integrate over the posterior distributiosrq deviation = 1.7 as estimated from the rabies analysis.
of possible scalars _and unknown hyper-dlstr|but|on_para_m- Our simulation analysis evaluates the performance
eters. Consequentially, the RRW model substantially iBng fit of both BD and RRW models on data simulated
creases the flexibility of our phylodynamic framework with;nqer time-homogeneous BD as well as RRW processes.
very minimal modification to the basic BD model. This two-way evaluation aims to assess the improvement of
o o ) taking a relaxed random walk as diffusion becomes over-
Phylogeographic visualizations and spatio-temporal  dispersed. As primary outcomes, we monitor coverage and
inference mean squared error (MSE) for the precision maRipa-
Following our discrete phylogeographic visualizaf@meters and the root location realizations. The MSE quan-

tions (Lemey et al. 2009), we provide tools to construdifies the amount by which the estimator differs from the

spatial-temporal projections of phylogenies in the ke)}[ue value of the quantity being estimated. Estimator cov-

hole markup language (KML) for visualization in com-€rage reflects the probability that the true value from which

patible geographical software packages such as Gooflé (_Jlata de_rive falls within the moc_jel estimated nominal
Earth (http://earth.google.com). Both the inferred spatigPnfidence interval and hence predicts the performance of
and temporal information (using the TimeSpan KmLihe methods across a wide set of datasets. For example,
function) can be accommodated to animate phylogeB? appropriately constructeo_l 95% frequentist confidence
graphic dispersal over time. We present such a dynaniitirval should show approximately 95% coverage. Such
visualization of the rabies viral diffusion described belo/ Strict relationship does not in general hold for, nor is
at http://www.phylogeography.org/ and an example Kvwvanted qf, Bayesian h_|gh posterior density (HPD) inter-
file is available as Supplementary Information. vals. While many consider coverage to be the paramount
To extract the necessary information from the fufuality of frequentist estimators, coverage Is a!so an im-
posterior distribution, we provide the ability to draw inPortant feature of Bayesian estimators provided in software
ference about location realizations and various summdpfyWhich most users employ the default priors. Here, the
statistics at arbitrary points in time. We achieve this by slicGayesian estimator finds use in the analysis of many inde-
ing through each rooted phylogeny at a particular point RENdent datasets. e
time, imputing the unobserved ancestral locations for the 10 compare different diffusion models, we employ an
time point at which branches are sliced, and summarizi portance sampling (IS) estimator Qf the marginal likeli-
various quantities of interest (e.g., dispersal rate, directiofie®d that is frequently used to obtain (log) Bayes factors
ality, great-circle distance travelled). We also estimate high" Bayesian phylogenetic and coalescent model compari-
probability regions for the ancestral locations at arbitragP" " @n MCMC framework (Suchard et al. 2003; Redel-
times in the diffusion process by contouring the imputeff9s and Suchard 2005). Receiver-operator curves summa-
realizations; this yields natural measures of uncertainty jf\n9 the Bayes factor performance were generated using
these inferences, easily visualized as KML polygons. SoffOCR in R (Sing et al. 2005).
ware for phylogeny conversion to KML and time-slicing

of phylogeographic posteriors is available from the authopgplication to rabies epidemic sequence data

t.
onreques We reconstruct the phylogeographic history of rac-

coon rabies in the north-eastern United States based on pre-
viously published data sampled from a thirty year epidemic
To evaluate the improved statistical properties dBiek et al. 2007). This data set includes 47 sequences en-
guantities estimated under the BD and RRW model, wsmpassing 1365 bp of the nucleoprotein (N) gene, 1359
simulate temporally-spaced sequence data and spatial cadithe glycoprotein (G) gene, and 87 bp for the noncoding
dinates along the MCC rooted phylogeny obtained from tleequence immediately following N. Following the origi-
rabies analysis usin§eq-Gen and theape package irR nal analysis, we consider each sequence sample origin to
respectively (Rambaut and Grassly 1997; Paradis, Claugke the centroid of the county from which the sample was
and Strimmer 2004). We simulate sequence alignmentsaiftained. To model molecular sequence evolution, we em-
3000 bp, according to the same model specifications ggey the Hasegawa, Kishino and Yano (1985) (HKY85)

Performance analysis through simulation
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continuous-timeMarkov chain model of nucleotide sub-A
stitution; we include discrete gamma-distributed rate vari-
ation (Yang 1995) and assume an flexible Bayesian skyline
or skyride effective population-size prior over the unknown
phylogeny (Drummond et al. 2005; Minin, Bloomquist and<
Suchard 2008). 3

1.0

HIzo

—— BD simulation
<=+ RRW simulation
I vos! BD analysis
0.7 | @renseeesrecsenssnns gereee ™" e RRW analysis
[ O p=77,p767, =04
p=7.7,p,=6.7,r=0.0

To evaluate the performance and model fit of the BDS [ szl o P=10,po100. 08
and RRW processes on continuous landscapes, we perform *° [ ® =100, pF10,00
extensive simulations of time-sampled sequence data with
spatial coordinates. These simulations build upon a param- s L L L L L
eter scheme inspired by the viral sequence data analyzed ™ Pa ' ropt rof
below (see Methods). In Fig 1A, we summarize estimat parameters

coverage for the precision matrix parameters and root lo-
cation estimates for 1000 artificial data sets per parameter * oy
configuration. Independent of the precision matrix param-
eterization in the simulation, coverage is close to nominal
(95%) for all estimates considered when applying both BD
and RRW models to data simulated according to a time;
homogeneous diffusion.

Results
Model estimator performance

erage (probabilit:

p=1.7,p,=6.7,r=0.4
p=7.7,p,=6.7,=0.0
p=1.0,p,=10.0, =0.9
p,=10.0, p,=1.0, r=0.0

reduction
eex o

When the diffusion process is simulated with branch-t
specific scalars being drawn from a lognormal distribu—§
tion however, a very different situation arises. Coverage
becomes poor for the precision matrix parameters when
drawing inference under the BD model, whereas nomi-
nal levels are almost entirely recovered when employing
a RRW. Violation of the time-homogeneity assumption ap- P P, r ropt ros
pears to have a less serious impact on root location infer- parameters
ence.

We also recover improved statistical efficiency when Fic. 1.—Results for a two-by-two simulation experiment that fits
exploiting the RRW model compared to the BD model. Fi%:‘h the time-homogeneous Brownian diffusion (BD) and relaxed ran-

0 1 1 1 1 1

1B demonstrates a substantial reduction in mean squal @walk(RRW) models to data simulated under homogeneous and over-
. ispersed diffusion. A. Estimator coverage for the precision matrix pa-

error (MSE) for several pgram_eter estimates under t eters and the root location realizations. B. Percentage reduction of the

RRW model. Large reductions in MSE can be observegkan squared error (MSE) for the RRW over the BD models when fitting

for the precision matrix parameters, which can be almastover-dispersed data.

entirely attributed to lower estimator variances under the

RRW model (as opposed to lower biases, data not shown).

Although the coverage of the root location was not suff marginal likelihoods show an increasingly poor discrim-

fering extensively from ignoring over-dispersion, a cleghatory behavior, which can be attributed to the high vari-
reduction in MSE is also noticeable for these estimates. gnce of the current IS estimator.

The simulations also_ provide us with thg opportunit)habies epidemic analysis
to evaluate model selection procedures using an IS esti-
mator of the marginal likelihood (Suchard et al. 2003; Re-  As an example of pathogen dispersal during an epi-
delings and Suchard 2005), which employs a mixture diemic, we apply the BD and RRW models to examine a
model prior and posterior samples (Newton and RafteB0-yr rabies virus (RABV) epizootic among North Ameri-
1994). Focusing on the difference in marginal likelihoogdan raccoons (Biek et al. 2007). Bayesian coalescent anal-
estimates for the BD and RRW models, a log Bayes fagsis of serially-sampled viral genetic data have previously
tor (BF) threshold around -10 yields low type | and type Iprovided accurate demographic reconstructions of the un-
error rates in discriminating model fits (Fig 2). The negacontrolled RABV epidemic expansion; phylogeographic
tive value accords well with Occam’s Razor, positing suprsights resulted from aad hocgeneralized least-squares
port for the simplest model in the absence of evidence émalysis of the maximum clade credibility (MCC) rooted
the contrary emerging from the data (Berger and Jefferptylogeny (Biek et al. 2007). Comparison of marginal like-
1992). This evaluation was made using a value for the lotjhood estimates for the continuous location data in our
normal standard deviation (1.7) that was informed from tHell probabilistic inference indicates a significantly better
real data we analyse below. When we simulate a RRW priit-of the RRW models (Table 1), log BF=21.33 for gamma-
cess with lower standard deviations, however, the estimaiRRW versus a BD model, log BF=28.77 for lognormal-
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Table 1 Model comparison for the rabies epidemic of the time-
homogeneous Brownian diffusion (BD) process and relaxed random
walks (RRWSs) with either a gamma or lognormal hyper-distribution. We
report estimates of the log marginal likelihood (LnL), its bootstrapped
standard error (SE), the coefficient of variation for the hyper-distributions
and the area size in degréder the 80% highest posterior density (HPD)
contour representing the uncertainty of the root location estimate. Further,

Stdev=0.75

§ A Stdev=0.50 we report posterior mean and 95% HPD estimates of the correlatind
5 < dispersal rate.
2 o BD gamma-RRW lognormal-RR
3 Marginal LnL and SE  -142.57 (0.18) 12124 (0.34) -113.80 (0.29).
2 — coefficient of variation ~ NA 1.22 (0.71-1.76) 2.01 (0.96-3.30)
o root 80%HPD area size  12.86 9.81 9.51
correlationr 0.42 (0.16 - 0.65) 0.23(-0.11-0.553)  0.16 (-0.20 - 0.52)

dispersal rate (km/year) 14.29 (11.39-17.20) 12.37 (10.02- 14.80) 12.22 (10.06 - 14.56)

I vertical branches emanate to complete the rabies virus
o % phylogeography. This corroborates the_findings of_Biek
’ ‘ ‘ ‘ ‘ ‘ et al. (2007) who also show that spatial segregation is

0.0 0.2 0.4 0.6 0.8 . . - . . . .

already imprinted during the initial infection wave; this
Type Il error rate segregation remained true for samples collected from
counties that had experienced their first raccoon rabies

Fic. 2—Evaluation of importance sampling estimates of thease 5 to 25 years earlier.

marginal likelihood to compare diffusion model fit. The thick black curve Phylogenetic dispersal rate summaries for the differ-

summarizes the two-by-two comparisons of BD and RRW models fro . : :
which the over-dispersed diffusion was simulated using a lognormal dg—nt models are also listed in Table 1. Biek et al. (2007)

tribution with a standard deviation of 1.7. The open circle symbols alorfgotained similar estimates for a single phylogeny and us-
the thick black curve represent different Bayes factor cutoff values. ThiBg anad hocpartitioning method to distinguish the initial
four different precision matrix parameterizations generated comparisopgve of infections (38.4- 3.8 km/yr) from the later stages
that resulted in very similar curves, making them appear as single resE_S + 1.4 km/yr). Our over-all estimates fall close to the
Additional simulations of 100 data sets were generated using lower log- - -
normal standard deviations and one particular precision maifxa.7, te of spread observed during the later stage;, Wh'ch e_n'
p2=6.7,r = 0.4). compass the largest part of the phylogeny. Using a simi-
lar phylogenetic definition of initial wave and later stage
branches, inferred by a discrete state reconstruction fol-
lowing Lemey et al. (2009), we obtain posterior mean esti-
RRW versus a BD model, with the lognormal yieldingmates of 27.9 (95% HPD interval: 21.5 - 33.9) km/yr and
the highest marginal likelihood. Not surprisingly, the co6.5 (5.0 - 8.1) km/yr respectively. Moreover, we can ob-
efficient of variation for the lognormal hyper-distributiontain summaries for the tempo of rabies diffusion through
in the RRW model, and to a lesser extent for the gamntiane as illustrated in Figure 3B. In agreement with the high
hyper-distribution, indicates considerable variation in theate branches deeper in the phylogeny, the rate of diffusion
diffusion rate among branches (Table 1). This finding sifgeaks around 1980. Interestingly, a superimposed demo-
in strong agreement with the temporal and spatial variatigmaphic reconstruction demonstrates that a population ex-
in phylogeographic diffusion previously observed for thipansion follows the initial rate of dispersal, but this stabi-
data set (Biek et al. 2007). lizes after the the dispersal rate has declined. Also the last
To further demonstrate the statistical efficiency of thstasis in population growth follows another marked decline
RRW model, we compare estimates of posterior uncen the rate of dispersal. The population estimates have pre-
tainty based on the surface representing the 80% HPD wésusly been shown to yield an accurate reconstruction of
gion of the root location (Table 1). Encouragingly, RRWshe rabies invasion as measured using case data (Biek et al.
result in a decrease in uncertainty, with the lognorm&i007).
RRW attaining a shrinkage in root HPD area of about 25%
in agreement with the reductions in MSE reported in the A major advantage of the current phylogeography im-
simulations. plementation is the ability to frame the dispersal process in
natural time scales. The panels in Figure 4 summarize the
Following our discrete phylogeographic deinferred spatio-temporal dynamics of the rabies epidemic;
velopments (Lemey et al. 2009), we visualize tha fully animated visualization through time is provided at
diffusion patterns using the Google Earth softwareww.phylogeography.org. The 80% HPD region in 1973
(http://earth.google.com). Figure 3A displays the maxepresents the uncertainty on the inferred root location and
imum clade credibility (MCC) rooted phylogeny withalready contains the location of the first raccoon rabies case
branch heights reflecting elapsed time and branch coloeported in 1977 (green circle in Figure 4) even though the
representing relative dispersal rates under the RRWéta do notinclude a sequence for this case. Interestingly,
model. Several branches representing rapid dispersal Byel983 an MCC branch has passed through this location.
located deeper in the phylogeny, with a particularly higfthis does not result from the earliest samples originating
rate for the north-east dispersal. Once the spread hmgticularly close to this location; in fact, the two 1982
been laid out by the relatively horizontal branches, mosamples were found more to the north and northeast of the
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FiG. 3.—A. Rabies epidemic maximum clade credibility rooted phy-
logeny for the relaxed random walk analysis visualized using Google
Earth (http://earth.google.com). The height of the nodes in the phylogeny
are proportional to posterior mean heights in time-units relative to the
most recent sampling date. For older samples, the tip sampling location is
projected onto the surface. The white-red color gradient informs the rel-
ative diffusion rate (slow-fast). The maps are based on satellite pictures
made available in Google Earth. B. Rabies epidemic diffusion rate sum-
mary through time (posterior mean = red line, 95% highest posterior den-
sity (HPD) = transparent red surface) superimposed on the demographic
reconstruction (posterior mean = blue line, 95% HPD = transparent blue
surface) using the Bayesian skyline plot model. Vertical dashed lines mark
the time slices for which we provide visual summaries of rabies spread in
Figure 4.

.Google

root location. The most prominent spread appears to have
occurred between 1983 and 1993. Although this involved
various directions, large distances covered to the north east

are most notable; it is on these branches that the highest
rates of dispersal were observed (Figure 3). Noteworthy,

the 1993 projection of our MCC tree is very similar to

the previously reported portion of the MCC phylogeny that
corresponds to initial infection wave (Figure 1 (B) in Biek

etal. (2007)). During the last time interval, which was char-
acterized by a stasis in the demography (Biek et al. 2007),
rabies spread remains fairly localized and is governed by _ .,
the lineages that were already established. me

Google

—Spatio-temporal dynamics of the rabies epidemic among
North American raccoons. We provide snapshots of the dispersal pat-
tern for August 1973, 1983, 1993 and 2003. Lines represent MCC phy-
Discussion logeny branches projected on the surface. The uncertainty on the of lo-
cation of raccoon rabies is represented by transparent polygons. These

Encouraged by their successful rabies analysis, Bi8R% highest posterior density regions are obtained by contouring a time-

et al. (2007) argue that further integration of genetic ardjce of the posterior phylogeny distribution and imputing the location on

- - . . . each branch in each phylogeny using the precision matrix parameters for
spatl_al d"?‘ta will become mqreasmgly important for €Pkpe respective sample. The white-red color gradient informs the relative
demiological studies of infectious diseases on natural lange of the dispersal pattern (older-recent). A green circle marks Pendle-
scapes. Our Bayesian approach accomplishes this integea-County, WV, where the epizootic's first case was reported in 1977.
The maps are based on satellite pictures made available in Google Earth
(http://earth.google.com). A dynamic visulaization of the spatio-temporal
reconstruction can be explored at http://www.phylogeography.org/.
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tion with the additional advantages of framing the spatiairictive RRWs are one way to hedge against such difficul-
patterns in a timed history and connecting them to demties.
graphic inference. We exploit a fully stochastic process- Inspired by developments towards relaxing molec-
driven, model-based approach, and, in doing so, can dralar clocks, we model branch variation in the phylo-
inference about many summary statistics of the procegsnetic continuous diffusion process. In the rabies epi-
at any point back in time. To this end, we complemertdemic example, the lognormal-RRW appears to fit better
our probabilistic inference methods with software to obtaithan the gamma-RRW, most likely because the former ac-
such summaries. commodates higher levels of over-dispersion. However as
Treating spatial diffusion as a time-homogeneous BBentioned above, the most appropriate underlying hyper-
process implies that displacement on a continuous landistribution may be dataset specific. Extending the anal-
scape is normally distributed with a mean centered on zewgy with molecular clocks, other approaches to accom-
and variance that scales only by differences in time. Weodate rate variation could be pursued. Autocorrelated re-
demonstrate that the time-homogeneous assumption carteb@d clock models preceded uncorrelated relaxed clocks
an unrealistic approximation to viral dispersal and simulgThorne, Kishino and Painter 1998) and are also available
tions corroborate that this restriction may yield poor estin BEAST. If viral phenotypes affect diffusion rates, or per-
mates of the diffusion process. Relaxing the BD assumpaps more likely, if diffusion rates are spatially-correlated,
tion significantly improves the coverage properties of estsuch models may proove useful. We note however that au-
mators of the root location and diffusion precision matriXocorrelation can always be measugegosteriorin uncor-
as well as statistical efficiency. These improvements arelated models. When more specific scenarios of branch
critical, considering that ancestral reconstructions of corate variation can be hypothesizedpriori, local clock
tinuous traits have often been found too variable to be ofodels may also be of interest. In addition, if changing
much practical use in previous applications (Schluter et aémporal factors mainly dictate variation in spatial diffu-
1997). sion, specifically relaxing the random walks across time
For the degree of uncertainty observed in the rabié@stervals via conditionally independent processes may be
epidemic example, marginal likelihood approximations usnore desirable.
ing an IS estimator (Suchard et al. 2003; Redelings and In particular situations, a zero-mean displacement dis-
Suchard 2005) provide a good measure with which to cortribution may not be appropriate for describing the diffu-
pare model fit. Not surprisingly with this tool, it provession process. From the perspective of trait evolution, this is
much harder to discriminate diffusion processes with vetikely the case when there is consistent selection towards a
low over-dispersion from the BD models. This suggestngle optimum trait value. In an attempt to accommodate
that the high estimator variance of IS confounds interpresuch behavior, the Ornstein-Uhlenbeck (OU) process has
ing small differences in marginal likelihoods. Fortunatelyheen proposed as an extension to BD (Hansen 1997; But-
large differences, furnishing large Bayes factors, are comer and King 2004). It should be noted that the OU process
mon when performing Bayesian model selection in a phyaay be poorly suited to model over-dispersed diffusion.
logenetic setting (Suchard, Weiss and Sinsheimer 20(Mpreover, the OU process is ‘mean-reverting’ and can
Edwards, Liu and Pearl 2007; Drummond and Suchaldirdly be considered as a natural generalization of Brown-
2008) In border-line cases, more powerful Bayes factor éan motion. Advocating full probabilistic approaches, we
timators are readily available, e.g. path-sampling (Lartilldielieve that appropriate OU implementations require a
and Philippe 2006), and they are currently being impldurther level of stochastic modeling on the mean of the
mented in the BEAST framework. displacement distribution across the phylogeny. However,
Although it remains to be established how much ovethere are undoubtedly considerable technical hurdles to
dispersion characterizes real spatial diffusion processegfform inference under such models.
the relatively simple case of raccoon rabies expansion al- We hope that the Bayesian framework presented here
ready shows branch-specific diffusion rates varying withisets the scene for more realistic spatial inference from ge-
almost 200% of the mean rate. We therefore anticipate thragtic data and offers an inference methodology for ances-
a considerable deviation from the BD model may hold truteal traits in general. This complements our previous efforts
for phylogeographic dispersal of many organisms. Hoven discrete phylogeographic diffusion within a similar sta-
ever, we caution readers against the indiscriminate usetistical framework (Lemey et al. 2009). There are however
the most flexible models, such as the lognormal-RRW, ovstill important limitations to phylogeography in continu-
more restrictive processes, such as the gamma-RRW withs space that need to be considered for future applica-
random or fixed degrees-of-freedom, when the data do nimns. We have for example not taken into account the geo-
demand the additional variation. The theoretical propegraphical uncertainty of the viral isolates and only consid-
ties of these RRWs still warrant further study to deteered the centroid of the county as location point estimates.
mine the data sampling conditions under which each RRW@ achieve more realism, tip locations could be integrated
is guaranteed to return a proper posterior distribution. Facross geographical regions, which would also be of par-
example, when the degrees-of-freedom are random undieular interest for speciation studies to incorporate species
the gamma-RRW, the diffusion increments are Studentranges. Such developments will be a major focus for fur-
distributed. Even here, recording exactly equal samplinber research and could go hand in hand with incorporating
locations for two or more taxa, often through roundindandscape heterogeneity. Both directions require new ana-
generates an improper posterior with multivariate Studentytic or numerical tools to incorporate location constraint
increments (Fremndez and Steel 1999). Appropriately rethrough probability distributions at points along the phy-
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logery, or more generally, transition probabilities that apprummond A, Rambaut A, Shapiro B, Pybus O. 2005. Bayesian
propriately reflect spatial heterogeneity. If this could be ac- coalescent inference of past population dynamics from molec-
complished, an attractive research direction would be to ular sequences. Molecular Biology and Evolution. 22:1185-
further inform such landscapes by ecological niche model- 1192. _
ing (Kozak, Graham and Wiens 2008). We note that phyl&"ummond A, Suchard M. 2008. Fully Bayesian tests of neutral-
geographic work on siowly-evoling organisms vil rarehy. 1 (S0 Eneclogeal sumery Satstics BMC Genet %
benefit from the availability of heterochronous sequence ary trees. In: Heywood V. McNeiiJ, editors, Phenetic and Phy-
data except for the contribution of ancient DNA studies |ggenetic Classification, Systematics Association Publ. Lon-
(Drummond et al. 2003). However, samples collected early gon, 6, pp. 67-76.
in the time course do not only inform evolutionary rate esdwards A, Phillips R, Watkins N, et al. (11 co-authors). 2007.
timation, but in the rabies case, they also provide critical Revisiting Levy flight search patterns of wandering alba-
spatial information that allows us to infer a more precise trosses, bumblebees and deer. Nature. 449:1044-1048.
origin of invasion and to detect significant diffusion raté&dwards S, Liu L, Pearl D. 2007. High-resolution species trees
to be Euclidean and we acknowledge that diffusion over Of Sciences, USA. 104:5936-5941. - .
g?lsensteln J. 1973. Maximum likelihood estimation of evolution-

larger areas than investigated here may be more reali “ary trees from continuous characters. American Journal of Hu-

cally modeled on a sphere. We therefore hope that future .- ' cconetics. 25:471-492.

advances will open up more opportunities for unravellinge|senstein J. 1981. Evolutionary trees from DNA sequences: a
biogeographical processes from genetic data and phylo-maximum likelihood approach. Journal of Molecular Evolu-

geographic hypothesis testing. tion. 17:368-376.
Felsenstein J. 1985. Phylogenies and the comparative method.
Acknowledgments American Naturalist. 125:1-15.

. Ferrandez C, Steel M. 2000. Bayesian regression analysis with
PL was supported by a postdoctoral fellowship from ¢4 mixtures of normals. Econometric Theory. 16:80-101.
the Fund for Scientific Research (FWO) Flanders and fyerandez C, Steel M. 1999. Multivariate Studéntegression
FWO grant G.0513.06. AR was supported by The Royal models: pitfalls and inference. Biometrika. 86:153—167.
Society. JJW was supported by grant BB/D017750/1 fromgelfand A, Hills S, Racine-Poon A, Smith A. 1990. lllustration
the BBSRC. MAS is supported by NIH R0O1 GM086887, of Bayesian inference in normal data models using Gibbs sam-
NSF 0856099 and the Marsden Fund. We thank Romanpling. Journal of the American Statistical Association. 85:972—

Biek for providing the raccoon rabies data and Alexei 985 _ _
Drummond for helpful discussions. Geweke J. 1989. Bayesian treatment of the independent student-

linear model. Journal of Applied Econometrics. 8:519-S40.
Hansen T. 1997. Stabilizing selection and the comparative analy-
sis of adaptation. Evolution. 52:1341-1351.
Andrews D, Mallows C. 1974. Scale mixtures of normal distribuHasegawa M, Kishino H, Yano T. 1985. Dating the human-ape
tions. Journal of the Royal Statistical Society, Series B. 36:99— splitting by a molecular clock of mitochondrial DNA. Journal

Literature Cited

102. of Molecular Evolution. 22:160-174.
Berger J, Jefferys W. 1992. Ockham’s razor and bayesian ana§ezak K, Graham C, Wiens J. 2008. Integrating GIS-based en-
sis. American Scientist. 80:64—72. vironmental data into evolutionary biology. Trends in Ecology

Biek R, Henderson JC, Waller LA, Rupprecht CE, Real LA. 2007. and Evolution. 23:141-148.

A high-resolution genetic signature of demographic and sphange K, Little R, Taylor J. 1989. Robust statistical modeling us-
tial expansion in epizootic rabies virus. Proc Natl Acad Sci U ing thet-distribution. Journal of the American Statistical As-
S A. 104:7993-8. sociation. 84:881-896.

Brown R. 1828. A brief account of microscopical observationkartillot N, Philippe H. 2006. Computing Bayes factors using
made in the months of June, July and August, 1827, on the thermodynamic integration. Systematic Biology. 55:195-207.
particles contained in the pollen of plants; and on the genelda¢mey P, Rambaut A, Drummond A, Suchard M. 2009. Bayesian
existence of active molecules in organic and inorganic bodies. phylogeography finds its root. PLoS Computational Biology.
Philosophical Magazine. 4:161-173. 5:21000520.

Butler M, King A. 2004. Phylogenetic comparative analysis: &emmon AR, Lemmon EM. 2008. A likelihood framework for
modeling approach for adaptive evolution. American Natural- estimating phylogeographic history on a continuous land-
ist. 164:683-695. scape. Syst Biol. 57:544—-61.

Cavalli-Sforza L, Edwards A. 1967. Phylogenetic analysis: mod-u J. 1994. The collasped Gibbs sampler in Bayesian computa-
els and estimation procedures. American Journal of Human tions with applications to a gene regulation problem. Journal
Genetics. 19:233-257. of the American Statistical Association. 89:958—966.

Drummond A, Ho S, Phillips M, Rambaut A. 2006. Relaxed phytiu J. 2001. Monte Carlo Strategies in Scientific Computing. New
logenetics and dating with confidence. PLoS Biology. 4:€88. York, NY: Springer.

Drummond A, Nicholls G, Rodrigo A, Solomon W. 2002. Esti-Minin V, Bloomquist E, Suchard M. 2008. Smooth skyride
mating mutation parameters, population history and genealogythrough a rough skyline: Bayesian coalescent-based inference
simultaneously from temporally spaced sequence data. Genet-of population dynamics. Mol Biol Evol. 25:1459-71.
ics. 161:1307-1320. Newton M, Raftery A. 1994. Approximate Bayesian inference

Drummond A, Pybus O, Rambaut A, Forsberg R, Rodrigo A. with the weighted likelihood bootstrap. Journal of the Royal
2003. Measurably evolving populations. Trends in Ecology & Statistical Society, Series B. 56:3-48.

Evolution. 18:481-488. Okubo A, Levin S. 1989. A theoretical framework for data anal-

Drummond A, Rambaut A. 2007. BEAST: Bayesian evolutionary ysis of wind dispersal of seeds and pollen. Ecology. 70:329—
analysis by sampling trees. BMC Evol Biol. 7:214. 338.



Continuousphylogeographic diffusion 9

Paradis E, Baillie S, Sutherland W. 2002. Modeling large-scale visualizing classifier performance in R. Bioinformatics.
dispersal distances. Ecological Modelling. 151:279 — 292. 21:3940-3941.

Paradis E, Claude J, Strimmer K. 2004. APE: analyses of phylSuchard M, Kitchen C, Sinsheimer J, Weiss R. 2003. Hierarchical
genetics and evolution in R language. Bioinformatics. 20:289— phylogenetic models for analyzing multipartite sequence data.
290. Systematic Biology. 52:649-664.

Rambaut A, Grassly N. 1997. Seq-Gen: an application for tfguchard M, Weiss R, Sinsheimer J. 2001. Bayesian selection of
Monte Carlo simulation of DNA sequence evolution along continuous-time Markov chain evolutionary models. Molecu-
phylogenetic trees. Comput Appl Biosci. 13:235-238. lar Biology and Evolution. 18:1001-1013.

Redelings B, Suchard M. 2005. Joint Bayesian estimation @horne J, Kishino H, Painter |. 1998. Estimating the rate of evo-
alignment and phylogeny. Systematic Biology. 54:401-418. Iution of the rate of molecular evolution. Molecular Biology

Redelings B, Suchard M. 2007. Incorporating indel information and Evolution. 15:1647-1657.
into phylogeny estimation for rapidly emerging pathogend/iswanathan G, Afanasyev V, Buldyrev S, Murphy E, Prince P,
BMC Evolutionary Biology. 7:40. Stanley H. 1996. evy flight search patterns of wandering al-

Reynolds A, Rhodes C. 2009. Théwy flight paradigm: random  batrosses. Nature. 381:413-415.
search patterns and mechanisms. Ecology. 90:877—887. West M. 1984. Outlier models and prior distributions in Bayesian

Roberts G, Sahu S. 1997. Updating schemes, correlation strucdinear regression. Journal of the Royal Statistical Society, Se-
ture, blocking and parameterization of the Gibbs sampler. ries B. 46:431-439.

Journal of the Royal Statistical Society, Series B. 59:291-31Wiener N. 1958. Nonlinear Problems in Random Theory. MIT

Schluter D, Price T, Mooers A, Ludwig D. 1997. Likelihood of Press and Wiley.
ancestor states in adaptive radiation. International Journal ding Z. 1995. A space-time process model for the evolution of
Organic Evolution. 51:1699-1711. DNA sequences. Genetics. 139:993-1005.

Sing T, Sander O, Beerenwinkel N, Lengauer T. 2005. ROCR:



