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Abstract.NIn historical biogeography, model-basedinferencemethods for reconstructing the evolution of geographic ranges
on phylogenetic treesare poorly developed relative to the diversity of analogous methods available for inferring character
evolution. We attempt to rectify this dePciency by constructing a dispersal-extinction-cladogenesis (DEC) model for ge-
ographic range evolution that specibesinstantaneous transition rates between discrete states (ranges) along phylogenetic
branchesand apply it to estimating likelihoods of ancestralstates(range inheritance scenarios)at cladogenesisevents.Unlike
an earlier version of this approach, the presentmodel allows for an analytical solution to probabilities of range transitions
asafunction of time, enabling freeparametersin the model, rates of dispersal, and local extinction to be estimated by maxi-
mum likelihood. Simulation resultsindicate that accurate parameter estimatesmay be dif bcult to obtain in practice but also
show that ancestral range inheritance scenariosneverthelesscan be correctly recovered with high successif rates of range
evolution are low relative to the rate of cladogenesis.We apply the DEC model to a previously published, exemplary case
study of island biogeography involving Hawaiian endemic angiosperms in Psychotria(Rubiaceae),showing how the DEC
model canbeiteratively rebPnedfrom inspecting inferencesof range evolution and alsohow geological constraints involving
times of island origin may beimposed on the likelihood function. The DEC model is sufpciently similar to character models
that it might serve asa gateway through which many existing comparative methods for characterscould be imported into
the realm of historical biogeography; moreover, it might also inspir e the conceptual expansion of character models toward
inclusion of evolutionary changeasdir ectly coincident, either ascauseor consequencewith cladogenesisevents. The DEC
model is thus an incremental advance that highlights considerable potential in the nascentbeld of model-based historical
biogeographic inference.[Ancestral state reconstruction; dispersal; extinction; HawaiOi;historical biogeography; Psychotria

speciation; vicariance.]

Inferring the evolution of geographic ranges of
speciesand cladesin a phylogenetic context is a major
focus of historical biogeography. To this end, many
questions about the past may be of interest, such as:
Where were ancestorsdistributed? What was the tempo
and direction of dispersal? How important was range
expansion to lineage diversipcation? The breadth of
potential inquiry is wide, but to date it has not been
matched by an equally diverse set of methods for
reconstructing range evolution on phylogenies. By
and large the development of such methods has been
limited to parsimony-based methods for ancestral-area
optimization (Bremer, 1992, 1995Hausdorf, 1998)and
dispersal-vicariance analysis (Ronquist, 1997).

Compared to parsimony methods, development and
uptake of likelihood-based approaches in historical
biogeography hasbeenslow. The contrast is particularly
apparent considering how for characterevolution, prob-
abilistic models are commonly used, and the develop-
ment of maximum likelihood (e.g.,Schluter, 1997;Pagel,
1994, 1999) and Bayesian (e.g., Huelsenbeck and Boll-
back, 2001;Huelsenbeck et al., 2003;Pagel et al., 2004;
Pageland Meade, 2006)inference methods has been es-
pecially active, yielding arich statistical tool setfor inves-
tigating awide range of macroevolutionary questionsin
aphylogenetic context. Quantitative statistical inference
in historical biogeography has suffered from a lack of
similar models and tools. It stands to reason,then, that
to bring biogeographic inferenceup to the samelevel, it is
worthwhile exploring analogiesbetween charactersand
geographic ranges,to allow existing methods for the for-
mer guide and inform development of methods for the
latter.

In character models, transitions between states are
typically assumed to occur stochastically according to
aMarkov processwith the probability P;;(t) of ancestor
descendantchange from statei to state j on a phyloge-
netic branch of length t being a function of the modelOs
parameter values for instantaneous transition rates. The
matrix of transition probabilities for all pairs of statesis
generally obtained by the equation P(t) = %!, where Q
is the instantaneous rate matrix. The likelihood function
for a phylogenetic treewith observed character data at
its leaves requires calculating P(t) for each branch and
integrates over the conditional likelihoods of all ances-
tral statesat every internal node, weighted by their prior
probabilities (seeFelsenstein,1981,for a recursive algo-
rithm). Transition rate parameters may thus beestimated
from the treeand data by Pnding values that maximize
the overall likelihood, without having to condition on
specibccharacter statesat internal nodes. Likewise, the
ancestral state of any particular node may be estimated
without conditioning on other nodesin the tree,by bnd-
ing the stateat that node that maximizes the overall like-
lihood (seePagel,1999).

Character models have in fact already beenused with-
out modibcation in biogeographic studies to estimate
likelihoods of ancestral areas. Nepokr oeff et al. (2003)
inferr ed historical rangesof Hawaiian Psychotriaunder-
story shrubs in Rubiaceae,the coffee family, by treat-
ing the four principal island groups in the archipelago
as distinct states, using models of nucleotide substitu-
tion (conveniently also having four states)to estimate
ancestral areas on the phylogeny by maximum likeli-
hood. The population terminals ontheir phylogeny, com-
prising 11 species,were all endemic to single islands,
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and their model had no additional statesto accommo-
date widespr ead ranges. Nepokr oeff et al.Osise of max-
imum likelihood character state reconstruction allowed
information from branch lengths to inform inferences,
avoiding the potential with parsimony to underestimate
evolutionary change. It also allowed uncertainty about
ancestral states to be expressedin terms of probabil-
ity. However, in order to properly interpr et the results
of such an exercise, one must decide whether models
of character evolution are indeed appropriate for geo-
graphic ranges.

In character models, state transitions are not assumed
to be an immediate cause or effect of speciation, and
so are never inferred at internal nodes; instead, clado-
genesis events are assumed to yield daughter species
that initially have the same state astheir parent. In the
caseof Nepokroeff et al. (2003), where states are geo-
graphic ranges comprising only single areas, this im-
plies that speciation must occur within a single area,
with daughter lineagesidentically inheriting the ances-
tral area (but not necessarily diver ging in strict sympa-
try). Moreover, following a cladogenesisevent, for the
state of a daughter lineage to change from its parental
area to another area, it must prst disperse to the new
area,thenNinstantaneously , becausewidespr eadranges
are not valid states in the modelNgo extinct in the
original area (Ronquist, 1994). In this light, the bt of
charactermodels equating stateswith single geographic
areas seems poor, notably in its unrealistic process of
range evolution along branches,aswell asin disallow-
ing widespr eadancestralrangesto evolve by subdivision
at cladogenesisevents (seebelow).

Another likelihood-based approach to the inference
of ancestral geographic ranges was described by Ree
et al. (2005), which departed from previous methods
in two signibcant ways. First, they modeled geographic
range evolution by stochasticdispersal and local extinc-
tion events in a set of discrete areasin continuous time,
enabling for the Prsttime the calculation of P;; (t) for phy-
logenetic treebrancheswherei and j representancestor
descendantgeographic ranges. Unlike Nepokr oeff et al.
(2003),widespr eadrangesencompassingtwo or morear-
easarevalid statesfor single speciesin their model, being
the dir ect outcome of dispersal events. Second,with ex-
plicit referenceto the spatial consequencesof speciation,
they considered distinct scenarios of range inheritance
at cladogenesisevents to be the fundamental Oancestral
statesf inter estat internal nodeson phylogenetic trees.
In particular, they reasonedthat for a widespread an-
cestor, lineage diver gencecould occur either between a
single areaand the remainder of its range, or within an
area,e.g.,by peripheral isolate speciation, and described
alatprior expectationfor eachkind of diver gence.Range
evolution asadirectconsequenceof speciation contrasts
dir ectly with charactermodels, which assumethat states
do not change coincidentally with cladogenesisevents.
Mor eover, diver gencewithin an areaallows persistence
of a widespread ancestral range through a speciation
event (see bg. 3 in Reeet al., 2005), highlighting how
their pool of range inheritance scenarios differs from

dispersal-vicariance analysis (Ronquist, 1997)in allow-
ing more ways for widespr ead rangesto be subdivided
and inherited at nodesthan solely the vicariance pattern
of diver gencebetween areas.

Ree et al.Osmethod was novel because,in describ-
ing an explicit model of dispersal and local extinction
underlying transition probabilities P(t) for geographic
ranges and assigning prior probabilities to ancestral
states(range inheritance scenarios)at nodes, it provided
a meansof calculating the biogeographic likelihood of a
phylogenetic tree with range data arrayed at its tips in
a manner directly analogous to character states. How-
ever, it differed from character models in one important
way: it was prohibitively slow for practical applications
of maximum likelihood optimization to estimate either
model parameters (rates of dispersal and local extinc-
tion) or ancestral range inheritance scenarios, because
it relied critically on a time-consuming simulation step
in computing P(t). In developing the method, Reeet al.
emphasized the importance of bringing avariety of tem-
poral information sources other than just the tree and
extant range data to bearon historical inferences,nclud-
ing fossils, sealevels, climate, continental positions, etc.,
in effect, any data relevant to where the organisms of
interest may have occurred. Becausesuch external in-
formation was envisioned to yield arbitrarily complex
functions for dispersal and extinction ratesthrough time,
generalanalytical solutions for P(t) wereforgonein favor
of a Monte Carlo approach, in which relative frequen-
ciesof simulation outcomeswere used to estimaterange
transition probabilities on treebranches.A major advan-
tage of the simulation approachlies in its Rexibility: any
number of temporal or spatial constraints on range evo-
lution may beimposed, either by building them into the
simulation engine or using them as Pblters for accept-
ing valid outcomes. Reeet al. (2005)demonstrated how
temporal information on land bridges in the Northern
Hemisphere could beincorporated into simulations esti-
mating P(t), thus inBuencing likelihood calculations and
ancestral range inferences.However, the computational
burden of simulation severely limits the general applica-
bility of their method.

In this paper, we describe how to rebnethe method
of Reeet al. (2005)to overcome this drawback, show-
ing how instantaneous rates of dispersal and local ex-
tinction can be used to construct a rate matrix for
transitions between geographic ranges that is directly
analogous to the rate matrix Q typically usedin charac-
ter models. This offers an analytical solution to ancestor
descendanttransition probabilities P(t), but likelihoods
under the original and new methods are otherwise cal-
culated identically. The new method makes feasible pa-
rameter estimation and ancestral state reconstruction
by maximum likelihood optimization using commonly
used methods developed for characters, and we test
the accuracy of theseinferencesagainst simulated data.
Substantial Rexibility is retained in allowing conditions
to be imposed on the range evolution process,as we
demonstrate by modeling changesin dispersal opportu-
nity through time. As anillustrative empirical casestudy,
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we revisit and apply the method to Nepokr oeff et al.Os Non-zero cells in the matrix below the diagonal repre-

(2003)study of Hawaiian Psychotria

THE DISPERSAL-EXTINCTION-CLAD OGENESIS (DEC)
M ODEL

In this section we describe the stochastic model of
geographic range evolution, referred to hereafter asthe
dispersal-extinction-cladogenesis (DEC) model, empha-
sizing how it differs from that described by Ree et al.
(2005)in the calculation of transition probabilities from
aninstantaneous rate matrix. Readersshould consult the
former paper for the original description of model fea-
turesretained identically here,particularly in how range
inheritance scenariosare enumerated and assignedprior
probabilities. .

Geographicanges.NWerepresentthe geographic range
of a speciesas a string denoting its presencein a set of
areas.Forthreeareaslabeled 1, 2,and 3,the setof possible
rangesisthus ,1,2,3,12,13,23123.With the exception
of the empty range ( ), these comprise all theoretically
observable statesfor extant species. ~

Rangeevolutionalongphylogenetidranches.Nn the ab-
sence of lineage divergence, the range of a species
evolves by two stochastic processesdispersal between
areas (range expansion) and local extinction within ar-
eas(range contraction). Parametersfor theseare D;;, the
rate of dispersal from areai to area j, and E;j, the rate of
local extinction in areai. For n areas,the most general
model would haven?S nindependent (free)parameters
for dispersal rates: one for eachdir ection between each
pair of areas.In addition, it would have nfreeparameters
representing area-specibclocal extinction rates. Simpler
models would assume fewer free parameters, with the
simplest having a single dispersal rate and a single lo-
cal extinction rate, each uniform acrossthe areasin the
model and acrossthe phylogeny.

Theserate parameterscanbeusedto construct the ma-
trix of instantaneoustransition ratesbetweengeographic
ranges (Q). For threeareas,

1 2 3 12 13 23 123
N oOOOU O 0 O 0
1 EtN O 0 DDz O 0
2 |E2 0 N O Dy O Dy 0
Q= 3|50 ON 0 DyDsp O
12/0 E; E; 0 N 0 0 Dig+ Dy
13/0 E3 0 E; O N Q D12+ D3p
230 0 EzE;, 0 0 N Do+ Dy
1230 0 0 0 E5 E; E; N

1)

(For clarity, geographic ranges at the start and end of a
transition are shown in order of increasingsize along the
Prst column and row, respectively.) We assumethat over
an inbnitesimal time interval, only one event may occur,
so transition rates between ranges that differ by more
than one dispersal or extinction event are set to zero.

sent range contractions by local extinction; those above
the diagonal represent range expansions by dispersal.
Somerange expansions involve a sum of rates; e.g.,the
transition from range 12to 123involves dispersal rates
from areas1 and 2 to area 3. In general, the rate of ex-
pansion from astarting ranger to awider ranger is the
sum of dispersal rates from all areasin r to the area of
expansionin r . The rate of contraction from r backtor
is the rate of local extinction in that area. The elements
along the diagonal of the rate matrix are debned such
that the sum of rows is equal to zero.

Constructing the rate matrix Q algorithmically in this
manner brings us back to the equation for range transi-
tion probabilities asafunction of time, P(t) = €>t, which
can be computed much faster (by orders of magnitude)
than the simulation-based method of Reeet al. (2005).
However,recallthat in order to calculatethe likelihood of
the data given the assumedtree,additional information
is needed; namely, an enumeration of possible ancestral
statesat internal nodes and their prior probabilities.

Rangeevolutionat cladogenesisvents.NFollowing Ree
etal. (2005)and asdescribed in the intr oductory section,
we assumethat if anancestoris widespr eadacrosstwo or
more areas, speciation can happen in one of two ways:
lineage divergence could arise either between a single
area and the rest of the range, or within a single area.
This leads to nonidentical range inheritance, with one
daughter speciesalways inheriting a single-arearange,
and the other inheriting either the remainder of the an-
cestralrange or its entirety, respectively. Reeet al. (2005)
described how a Rat prior for the ancestralrange can be
multiplied by a Rat prior for between- and within-ar ea
diver gence patterns to obtain the overall prior for each
range inheritance scenario.

It is worth noting that the above assumescladogene-
siseventsthat are strictly bifur cating; i.e.,that speciation
gives rise to two, and only two, descendantlineages.We
treatthis asthe general caseand view simultaneous di-
vergenceof morethan two speciesfrom acommon ances-
tor (asdepicted by OhadO phylogenetic polytomies) as
exceptional. For the DEC model to include suchcasesan
explicit rationale for enumerating polytomous range in-
heritance scenarioswould be needed. By contrast, OsoftO
polytomies indicative of phylogenetic uncertainty do not
require such extensions of the model and may be ac-
counted for statistically (seeDiscussion).

Inferring ancestrarangesby maximumlikelihood.Nwith
a matrix of range transition rates (Q) derived from rates
of dispersal between areasand rates of local extinction
within areas,and prior probabilities for rangeinheritance
scenarios,we now have all the components necessaryto
calculate the likelihood of a phylogenetic tree with ob-
servedrange data arrayed at its tips. This is done exactly
asfor characterdata but integrating over the conditional
likelihoods of rangeinheritance scenariosrather than an-
cestralcharacter statesat internal nodes. The closecorre-
spondenceof the DEC model to charactermodels allows
us in principle to use all maximum likelihood methods
that are normally applied to character inference.In the
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following sections we focus specibcally on estimating
model parameters (rates of dispersal and local extinc-
tion) and ancestral range inheritance scenarios, follow-
ing Schluter et al. (1997)and Pagel (1999).

TestingInferencesAgainst SimulatedData

Methods.NTo explore inferences about range evolu-
tion in a controlled setting, we programmed a simula-
tor for concurrent range evolution and phylogenetic tree
growth, combining the DEC model with stochasticclado-
genesis.We used this biogeographic birth-death model
to grow phylogenetic treeswith known histories of dis-
persal and local extinction. The model had three areas,
with a single rate parameter for both dispersal between
areasand local extinction within areas(dispersal and ex-
tinction were thus constrained to be equal). Acrosssim-
ulations, this rate was allowed to vary between 0.01and
0.2,whereasthe speciation rate was held constantat 0.4.
Branch lengths on simulated treesare thus in units of
expecteddispersal and local extinction events. Between-
area and within-ar ea subdivision of widespr ead ances-
tors were equiprobable at cladogenesisevents. For each
simulation the geographic range at the root node was
randomly initialized to a single area, and the tree was
allowed to grow to a predebnedsize (humber of extant
leaf nodes).

Two thousand treeswere simulated in each of two
sizes,20 and 100extant leaf nodes. To approximate em-
pirical studies of extant species,treeswere pruned of
branchesthat went globally extinct asaresult of stochas-
tic local extinction. For each pruned tree, optimal dis-
persal and extinction rateswere brst estimated by global
maximum likelihood, and these values were then used
to estimate most likely range inheritance scenariosat in-
ternal nodes. Scenarios at each node were considered
in isolation, without conditioning on scenariosat other
nodes. ~

Results.NEstimated rates for dispersal and local ex-
tinction are shown compared to their apparent rates in
Figure 1. By apparent rate we mean the number of sim-
ulated eventsthat actually occurred on the pruned tree,
divided by the treelength. Both dispersal and local ex-
tinction tend to be underestimated, with estimated dis-
persal appearing to belower than apparent by aconstant
proportion, and extinction rates being rarely estimated
far from zero acrossthe range of apparent rates. Addi-
tional studies are needed to fully understand these pat-
terns, and amorein-depth analysis of simulation results
isin preparation.

Despite inexact rate estimates, ancestral range inher-
itance scenarioscan be reconstructed with considerable
successif dispersal and local extinction events are rare
relative to speciation. Accuracy declines as the overall
rate of range evolution increasesfor treeswith estimated
values of dispersal plus extinction spanning 0 to 0.05,
binned into bPve 0.01-unit intervals, the mean propor-
tion of nodes reconstructed accurately per 20-taxon tree
declines from 0.957in the brst bin to 0.724in the last,

with similar numbers for 100-taxontrees(Fig. 2). We em-
phasize that this relationship between accuracyand rate
can be interpr eted properly only in light of the value
for speciation rate, 0.4, which was held constant across
all simulations. Further work is needed to be able to
generally predict type | and Il error rates in empirical
studies.

IncorporatingPrior Conditionsand Constraints

We return now to the point made by Reeet al. (2005)
that many factors, both biotic (e.g.,dispersal traits) and
abiotic (e.g.,distancesbetween areas),may inf3uence our
prior expectations about range evolution. They empha-
sized the potential for incorporating external informa-
tion into biogeographic models, especially with regard
to their effect on dispersal opportunities through time
(e.g.,windows of land bridge availability). Probabilities
for dispersal successcan, atleastin theory, be specibedas
arbitrarily complex, continuous-time functions encapsu-
lating any and all factors deemed relevant to the disper-
sal history of the clade of interest. It is straightforwar d
to extend this approach to other aspectsof the model;
e.g.,to develop functions for area-or lineage-specibcex-
tinction probabilities. Such functions are readily incor-
porated into the previously described simulation-based
method for estimating P.

For the DEC model, incorporating prior information
on range evolution requiresa somewhat dif ferent strat-
egy. Variation in dispersal and extinction can be speci-
Ped by time periods in which particular constraints and
conditions apply to parameter values. For example, the
time of origin t, of a volcanic island could be used to
demarcatetwo periods corresponding to its availability
for colonization: in the earlier period, all dispersal rates
to the island are setto zero, and the setof valid rangesin
the model isreducedto thosethat exclude the island. The
later period is unconstrained. The periods thus stratify
the phylogeny of interest, dividing it into branches(and
segmentsof branches)that fall on either side of t,. Calcu-
lating the likelihood of extant range data on aphylogeny
spanning thesestratais then done by iteratively working
backwards in time. Starting with the most recentperiod
and its unconstrained model of range evolution, frac-
tional likelihoods for rangesareevaluated at points along
branchesintersecting t,, conditional on those ranges be-
ing valid outcomes of the preceding period (i.e., ranges
excluding the island originating at t,). These fractional
likelihoods are then input into likelihood calculations
for parts of the tree prior to t,, using probabilities of
rangetransitions from the constrained model. In general,
to evaluate the likelihood of extant range data on a
tree that is stratiPed according to period-specibc con-
straints, all that is required is a postorder (tips-to-r oot)
traversal of the tree that, in addition to evaluating
fractional likelihoods of range inheritance scenarios at
lineage diver gencepoints, also evaluatesfractional like-
lihoods of rangesat points where branchescrossperiod
boundaries.
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FIGURE 1. Maximum likelihood parameter estimatesfor rates of dispersal (a) and local extinction (b) under the DEC model from treesof
two size categoriessimulated according to a geographic birth-death model (seetext), then pruned of extinct branches. For eachsize, a random
sample of 300out of 2000treesare shown. Appar ent rates (the number of actual events simulated on a pruned treedivided by treelength) are
plotted against estimated rates, with points below the diagonal representing underestimates. Bias toward underestimation is evident for both
dispersal and local extinction, with estimatesof the latter consistently being closeto zero.

Implementation

The DEC model and routines for estimating disper-
saland extinction parameters and ancestralrange inher-
itance scenarios are available in the software package
lagrange distributed by the authors from http://code.
google.com/p/lagrange.

RANG E EVOLUTION IN HAWAI IAN PSYCHOTRIA
Objectives

We revisited the case of Hawaiian Psychotria
(Nepokr oeff et al., 2003)as an empirical opportunity to
apply the current model, using the four areasdebned
in that study: (1) KauaQi,ncluding NiOihau;(2) OOahu;
(3) Maui Nui (including MolokaOi, LanaOi,Maui, and
KahoOolawe)and (4) HawaiOi(Fig. 3a), which we label
K, O, M, and H. Our brst objective was to bt their data
to ageneral four-areaDEC model and exploreinferences
on the phylogeny without imposing any temporal con-
ditions on range evolution corresponding to times of is-
land origin. Specibcally under this model we wished
to determine (1) which areawas most likely colonized
by the ancestor of the clade; (2) the relative degree of
within-ar eaversus between-arealineage diver gencefol-
lowing dispersal, asinferr ed from ancestralrange inher-
itance scenarios(i.e., the extent to which dispersal leads
to cladogenesis);and (3) whether simpler models, e.g.,
those allowing only dispersal between adjacentislands,
were favored over the general model. Our second ob-
jective was to construct atemporally stratibed model of
range evolution refl3ecting absolute ages of the Hawai-
ian islands and then compareinfer encesbetween models
with and without suchtemporal constraints.

Methods

We used the maximum likelihood, ultrametric
molecular phylogeny from Nepokroeff et al. (2003),
which included 22 in-group populations representing
the 11 recognized endemic species. We modibed it by
scaling its length to absolute time and editing the topol-
ogy to accommodate the modelOsrequirement that the
tree be completely bifur cating. On the assumption that
ancestral colonization occurred soon after the origin of
KauaOithe oldest extant Hawaiian island, we setthe root
ageof the treeat 5.1 Myr. To resolve polytomies, we com-
bined the two OOahupopulations of P. marinianainto a
single terminal and combined the threeMaui Nui popu-
lations of P. marinianainto a single terminal, placing the
latter assister to the HawaiOipopulation of P. hawaiiensis
We also grouped the Maui Nui populations of P. kad-
uanaand P. mauiensisas sister taxa and assigned a very
short length (10°°) to the subtending branch of that clade.
Thesemodibcations are somewhat arbitrary (e.g.,the an-
cestor could have colonized an island now submerged,
earlier than 5.1 Ma), sowe emphasize that the empirical
results of our re-analysis should be treated with appro-
priate caution, with moreweight given to the illustrative
value of the exercise.

We constructed a stratiPed model of four discretetime
periods corresponding to approximate maximum agesof
KauaOi5.1 Myr), 0Oahu3.7 Myr), Maui Nui (1.9 Myr),
and HawaiQi(0.5Myr; Carsonetal.,1995).In eachperiod,
geographic rangesand dispersal between areaswere re-
stricted to include only extantislands but were otherwise
unconstrained; acrossperiods, rates of dispersal and lo-
cal extinction were assumedto be constant.
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FIGURE 2. Proportion of nodes accurately reconstructed by maximum likelihood for ancestral range inheritance scenariosat cladogenesis
events on simulated trees,in relation to the sum of estimated rates of dispersal and local extinction. Ratesare binned in intervals of 0.01,with
sample size (number of simulated trees)per bin for eachtreesize ranging from 246to 574.All treeswere simulated with a speciation rate of 0.4.

At the root of the tree,we considered only single-area
ranges, reasoning that colonization originally occurred
on asingle island. The likelihood of eachareaat the root
was estimated using locally optimal rates of dispersal
and extinction (i.e., rates were optimized to their max-
imum likelihood values conditional on the root state),
corresponding to the OlocalGnethod of estimating ances-
tral character statesby maximum likelihood (seePagel,
1999).The optimal root area and rates were then bxed
for comparing likelihoods of alternative range inheri-
tance scenariosat internal nodes further up the tree. At
eachnode, the likelihood of eachscenariowas calculated
without conditioning on scenariosat any other nodesin
the tree.

Results

In the unconstrained model, KauaOis the most likely
island of colonization by Psychotria with other ar-
eas having successively lower likelihoods (Table 1), all
outside the conbdence window of two log-likelihood

units (Edwards, 1992).Similarly, at most internal nodes,
optimal range inheritance scenarios also score signib-
cantly better than any alternatives, but in some cases
other scenariosare also statistically plausible, indicating

localized uncertainty. With this in mind, for simplicity

we show and discuss only the optimal reconstruction

(Fig. 3b),which revealsbvebranchesalong which ranges
evolve, all involving dispersal events from single-area
ancestral ranges. Two of the branches also involve lo-
cal extinction events. The predominant pattern is that
widespr ead ranges do not persist for long before being
split by allopatric cladogenesisor reduced by local ex-
tinction. Threeof the branchesterminate in between-area
(vicariant) lineage diver gence, suggesting that disper-
sal was a proximate cause of speciation in those cases
or, in other words, that colonization of a new island
led to rapid coalescenceof a distinct lineage. By con-
trast, one instance of dispersal (O to OM, along the
branch subtending the P. kaduanaclade) leads to within-

arealineage diver gence,with the widespr ead range OM
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TaBLE 1. Inferencesabout the ancestral areaand range evolution
parameters of Hawaiian Psychotriaunder DEC models. The uncon-
strained model (MO) allows geographic rangesto include any combina-
tion of islands in the archipelago and permits dir ectdispersal between
any pair of islands. M1 and M2 restrict rangesto include a maximum
of two adjacent islands. M2 further limits dispersal to be eastward
between adjacentislands. The stratiped model permits dispersal to is-
lands only after their time of geological origin, thus with aroot age of
5.1Ma, the only ancestralareapossible is KauaOi.

Model Area Sin(L) Dispersal Extinction
MO KauaOi 35.758 0.040 0.0358
00ahu 40.700 0.041 0.024
Maui Nui 44.378 0.054 0.076
HawaiOi 45.323 0.058 0.085
M1 KauaOi 34.636 0.093 0.017
00ahu 38.877 0.112 0.052
Maui Nui 48.683 0.207 0.164
HawaiOi 55.396 0.377 0.280
M2 KauaOi 32.434 0.132 0.009
00ahu 106.018 0.174 0.103
Maui Nui 107.701 0.216 0.101
HawaiOi 118.930 0.173 0.066
Stratibed KauaOi 40.777 0.075 0.082

being retained after speciation. In this case, both of
the branchesthat retain OM are relatively short, termi-
nating in between-area diver gence at the base of the
clade containing P. hathewayi further suggesting that
range expansion leads to rapid lineage divergence in
allopatry.

Two other notable patterns emerge from the recon-
struction of biogeographic history shown in Fig. 3b.First,
four out of the bve inferr ed dispersal eventsinvolve ar-
easadjacentto eachother in the Hawaiian chain and are
consistently eastward from older to younger islands. Sec-
ond, widespr ead ancestralrangesgenerally include only
two adjacent areasand, as noted above, apparently de-
cay rapidly to single areas.These patterns suggest that
models more constrained than the initial one, in terms
of dispersal opportunity and allowed rangesthat corre-
spond to the spatial layout of the Hawaiian chain, may
bt the data better.

To investigate this by a posteriori exploration, we
reestimated the likelihood of the data under two
alternative models (M1 and M2) for comparison to the
original model (M0). Both M1 and M2 constrained an-
cestralrangesto a maximum of two adjacent areas(the
set{ , K, O, M, H, KO, OM, MH}), effectively having
a new parameter, bxed at zero, for the prior probabili-

ties of other ranges. M2 constrained dispersal to be only
eastward to adjacentareas effectively having another pa-
rameter, also bxed at zero, for dispersal rates westward
and between nonadjacentislands. Thesemodels are not
nestedin terms of free parameters, asthey are the same
in having one for dispersal and one for local extinction;
rather, they differ in having additional parameters bxed
ataboundary value. Soalthough we wereguided by ini-
tial inferencesin constructing M1 and M2, thereisno a
priori expectation for one of the models to yield higher
or lower likelihood scoresthan the others.

Log-likelihood scores of the data under M1 and M2
were both better than under MO (Table 1), with M2
being the best by 2.21 log-likelihood units. Moreover,
inferencesof range evolution under M2 exhibit lessun-
certainty compared to MO (Fig. 3c). Thus, modifying
the initial model by inspecting unconstrained inferences
leads to a more rebPned model that better bts the data,
independently conbrming expectations of Opiogression
ruleOdispersal basedon the spatial arrangement and rel-
ative agesof the Hawaiian islands (Carson and Clagne,
1995;Funk and Wagner, 1995). ~

IslandagesanddispersatonstraintsN Under the strati-
Ped model that disallows dispersal to islands until their
time of geological origin, the likelihood is substantially
lower relative to the others (Table 1), but to the ex-
tent that phylogenetic diver gencetimes and island ages
are accurate, inferences of range evolution under this
model may be more realistic than unconstrained infer-
ences;we return to this issue in Discussion. Maximum
likelihood reconstructions of range inheritance scenar
ios are depicted in Fig. 3d. A notable difference is at
the base of the P. kaduanaclade: unstratibed models
yielded someuncertainty in whether the ancestralrange
included Maui Nui, OOahuor both; here, the node oc-
curs prior to Maui Nui, resulting in signibcant conbp-
dencethat the ancestralareawas OOahuwnly. Nepokr oeff
etal. (2003)alsofound ambiguous inferenceshere (hode
36 in their bg. 4) with both parsimony and likelihood
methods.

DIscussoON

Methodologicalinks betweerHistorical Biogeography
and CharacterEvolution

In this paper we attempt to bridge a conceptual gap
in phylogenetic biology between models and inference

SN EEEEEESEESEEEEEEEEEEEEEEESEESEEEEEEEEEEEEEEESEESEESEESSGSS S

FIGURE 3. (a) Map of the Hawaiian archipelago showing the four areas(islands or island groups) of interestin the reanalysis of Psychotria
biogeography: KauaOiOOahuMaui Nui, and HawaiOi.(b) Maximum likelihood reconstruction of geographic range evolution under the un-
constrained DEC model. (c) Maximum likelihood reconstruction of geographic range evolution under the simplibed DEC model (M2; seetext)
allowing only rangeswith one area(K, O, M, H), or two areasadjacentalong the Hawaiian chain (KO, OM, MH), with dir ectional, west-to-east
Ostepping-stoneGlispersal. Relative to the unconstrained model, M2 yields a signibcantly higher likelihood score, with lessuncertainty about
ancestralrange inheritance. (d) Maximum likelihood reconstruction of geographic range evolution under the constrained DEC model disallow-
ing colonization of areasbefore their origin. Above each of the four time periods, possible area-to-area dispersal is depicted as a matrix, with
orange and gray cells indicating yes and no, respectively. In b to d, rangesinherited from widespr ead ancestorsfollowing cladogenesisevents
are shown at the basesof diver ging branches;single-area ancestral ranges are shown at nodes. Dashed-line branchesindicate those for which
alternative reconstructions at the basefall within two log-likelihood units of the optimal scenarioshown. Rangetransitions along branchesshow
the inferr ed sequenceof dispersal and extinction events. Taxawith namesfollowed by asterisksrepresentcombinations of taxa from Nepokr oeff
et al. (2003;seetext).
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methods for character evolution and those for geo-
graphic range evolution. We show that constructing an
instantaneous rate matrix of transitions between ranges
from ratesof dispersal and local extinction yields amodel
dir ectly analogous to evolutionary models for discrete
character states:namely, one describing ratesand proba-
bilities of transitions between states(ranges) along phy-
logenetic branches, applicable to maximum likelihood
inferenceof states(range inheritance scenarios)at clado-
genesisevents.Creating this link between charactersand
rangesshould pave the way for avariety of comparative
methods to be ported from the realm of discretetrait evo-
lution to that of historical biogeography. Herewedemon-
strate simple inference of ancestral states at individual
nodeson agiven treeby maximum likelihood, but this is
clearly aminute fraction of the range of possibilities. For
example, hypotheses about dir ectional trends in disper-
sal could be easily examined using likelihood ratio tests,
by comparing models differing in the conbguration of
freeparametersin the dispersal rate matrix (Pagel,1999).
It should be similarly straightforwar d to use the DEC
model in aBayesiancontext; e.g.,with the use of stochas-
tic mapping (Nielsen, 2002;Huelsenbeck et al., 2003),a
method of statistically sampling complete sequencesof
evolutionary change that is particularly well-suited to
applications that integrate over phylogenetic uncertainty
in topology and branch lengths. Applying stochastic
mapping to range evolution would allow statistical infer-
encesto be drawn from the posterior probability distri-
bution of biogeographic histories (dispersal, extinction,
and range inheritance events), without conditioning on
point estimatesof phylogeny or evolutionary rates.The
extentto which biogeographic inferencesunder the DEC
model are robust to uncertainty in these items (what
might be considered nuisance parameters for some hy-
pothesistests)is highly data-dependent, and sohistorical
biogeographers should follow the ample precedentsetin
the literatur e on character evolution to account for this
uncertainty.

The potential benebtsof the DEC model may also Row
in the opposite dir ection, from range evolution to charac-
ter evolution. Forexample,the DEC model could serveas
abasisfor incorporating evolution atcladogenesisevents
into character models, which are currently uniform in
assuming that lineage diver gence occurs with identical
inheritance of the ancestral condition. The analogy of
range evolution highlights the potential for characters
to evolve as an immediate effect of speciation, particu-
larly if character polymorphism or variance is viewed as
equivalent to being geographically widespr ead.

The effect of rangesand characterson the rate of clado-
genesis itself is another factor of common interest in
need of theoretical development. For characters, phy-
logenetic models have by and large only attempted to
correlate particular stateswith distinct rates of diversi-
pcation (e.g., Slowinski and Guyer, 1993;Paradis, 2005;
Ree,2005);state change asa dir ect causeof cladogenesis
events remains unexplor ed territory . In biogeography, it
stands to reasonthat as ranges expand, the probability
of allopatric divergence should increase;however, this

intuition hasyet to be incorporated into stochasticmod-
els for phylogenetic inference.New methods involving
numerical integration of dif ferential equations are likely
to prove useful in this area(Maddison et al., 2007).

Constraintson RangeEvolution

Historical biogeography is grounded in the notion that
Earth history has profoundly inRuenced the geographic
rangesof speciesor, in other wor ds, that the evolutionary
histories of areasand lineages are tightly coupled. This
is the basicrationale of vicariance biogeography, and it is
alsothe reasonwhy Reeetal. (2005)emphasized the im-
portance of bringing information on Earth history, partic-
ularly regarding areaconnections through time, to bear
on inferencesof range evolution. Here we have shown
how the DEC model can incorporate such information
in applying time-dependent constraints on dispersal.
The specibc case, origins of volcanic islands dictating
when colonization could have happened, yields time pe-
riods during which dispersal constraints affect all ex-
tant lineages equally. Ree et al. (2005) suggest several
other kinds of constraints that could be applied, not
just across time periods but specibcto particular lin-
eages(e.g., corresponding to differencesin traits con-
ferring dispersal ability and hence rate) or areas (e.g.,
sizeor habitat considerations inBuencing local extinction
rates).

Such constraints generated from external information
are easily imposed, but whether they are actually sup-
ported by the comparative data at hand is another mat-
ter. In general, it would seem prudent at the outset to
avoid unduly weighting one kind of evidence over an-
other. In some cases,a poor bt of comparative data to
a constrained model might simply be due to bad point
estimates;for example, we constrained Psychotriarange
evolution using bxeddatesfor island origins and lineage
diver gences,resulting in a signibcant decline in likeli-
hood compared to the unconstrained model. A search
for higher likelihoods within the bounds of error in those
estimates could conceivably yield more realistic recon-
structions of biogeographic history. In other cases,con-
straints might bestbe posed as hypothesesto be tested,
e.g.,whether winged fruits confer higher dispersal rates.
In the context of the DEC model, this could be done us-
ing likelihood ratios, comparing models with constant
dispersal rates to those with rates uncoupled between
winged and nonwinged clades.

Moving even further away from the end of the spec-
trum wheregeological information trumps phylogenetic
information, one might imagine optimizing likelihoods
of unconstrained range evolution acrossmultiple clades
inhabiting the samesetof areasto discover whether phy-
logenetic signaturesof Earth history areindeed evident;
i.e., whether geographic constraints themselves can be
discovered from comparative data. For example,the tem-
poral boundaries of a land bridge (its window of dis-
persal opportunity) could becomefreeparametersto be
optimized by maximum likelihood using a DEC model
applied to multiple clades.
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PracticalConsiderationgn Empirical Studies

The DEC model is more complex than character mod-
elsin that Ostates,@hether distinct rangesor inheritance
scenarios,are more numerous than the basicunits of in-
terest,namely areas.The size of the range transition rate
matrix increasesexponentially with the number of ar-
easin the model if all presence-absenceombinations
are allowed; for large rate matrices, the likelihood cal-
culation may incur a substantial computational burden,
hindering optimization. For empirical work it is thus
advantageous to avoid dissecting the Earth too Pnely.
Circumscribing areasin practice should balance biotic
and abiotic factors, consider area identities over the
time period of interest, and aim for geographic gran-
ularity appropriate to the inference objectives. It may
also be worthwhile to consider reducing the set of al-
lowed ranges. In this we recommend taking an empir-
ical approach as done here with Psychotria excluding
ranges that represent noncontiguous or at least widely
disjunct distributions, aswell as ranges that include a
large number of areas,on the grounds that such ranges
are implausible a priori.

Alternative Modelsfor RangeEvolution

In the intr oductory section,we madethe casethat char-
acter models are ill-suited for biogeographic inferenceif
single areaswere considered equivalent to discrete char-
acter states, becausea transition between states along
a phylogenetic branch implies an unrealistic sequence
of range evolution (dispersal followed by instantaneous
local extinction in the source area). The DEC model also
has limitations, such asits assumption that rates of ge-
ographic range evolution and speciation occur indepen-
dently, and soit may not be appropriate for some kinds
of biogeographic inference.In particular (and somewhat
ironically), it may in fact be a poor bt to data on island
biogeography as exemplibed by the caseof Hawaiian
Psychotria i.e., where terminal phylogenetic units rep-
resent populations, which by dePnition are restricted
to single areas (islands). One might surmise that un-
der such conditions, successfulestablishment of a new
population by dispersal to another area actually repre-
sents a lineage diver gence event, not merely range ex-
pansion, as in the DEC model. The rationale for this
view liesin the assumption that allopatric lineage coales-
cenceis rapid (effectively instantaneous with respectto
the phylogenetic timescale)following dispersal to anew
area.

Comparisons of empirical inferencesabout Psychotria
using DEC models support this view. Under the pre-
ferred model M2, ancestralrangesare small and contigu-
ous, and no local extinctions areinferr ed along branches,
asrellectedin the low estimated rate of 0.009(Table 1).
Five out of the six inferred dispersal events precede
between-area cladogenesis events (Fig. 3c), a pattern
consistent with dispersal being the proximate cause of
lineage diver gence.Taken together, the evidence is sug-
gestive of a biogeographic history in which widespread

ancestorsdo not persist for any signibcant amount of
time before diver ging in allopatry.

A cladogenesis-by-dispersalmodel would dif fer from
the DEC model in restricting inferences of ancestral
ranges to single areas. It would differ from both DEC
models and character models in constraining range
evolution events (dispersal) to occur only at phyloge-
netic nodes, becausein those cases,dispersal would
be interpr eted as the immediate cause of lineage di-
vergence. Enumeration of scenarios involving the an-
cestral (source) area, retained by one daughter, and
the destination area of the other dispersed daughter,
would then becomethe ancestralstatesof interest.Along
phylogenetic branches, OhiddenGdispersal eventsyield-
ing only extinct and unobserved descendants would
need to be accounted for when estimating rates of dis-
persal, extinction, and cladogenesis. Fuller exploration
of this model and DEC models await futur e papers.
Clearly, model-based inference in historical biogeogra-
phy is still in its infancy, with much theoretical work
remaining.
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