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Model description with 0! x,y! 1, and by their ecological charactgr
a\ﬁhich affects their adaptation to the local
environment. The state of the model at any point in
gﬁ'ue is thus fully specified by tripletés, y;, u;) for

all individualsi in the populatn (i = 1, ...,N, where

lr\l is the current population size). Individuals are
affected both by the landscape and by the other
individuals in the model through their death rate (see
QEATH EVENTS).

To test our hypotheses, we constructed
individuatbased model, described bel following
guidelines suggested for the standardized descripti
of such modelgGrimm et al. 2006) The model
description is also intended to follow closely that o
Heinz et al. (2009)itself a descendant doebeli
and Dieckmann (2003)A brief summay of the
model is provided in the main text (see Method

Model summary LANDSCAPE HETEROGENETY

MODEL OVERVIEW The carrying capacity densitg at a bcation(x, y)

The purpose of this model is to understand thfgr ecological charactaris defined as

effects of complex spatial environmental K(u, X, y) =K N, (u" U, (X, y)),
heterogeneity on the process of speciation. The

model is related to the spatialexplicit individual  whereK, is the maximum carrying capacity density,
based stochastic model Bfoebeli and Dieckmann N, (2) = exp(" Z/2! ?) denotes a Gaussian function of
(2003) restricted to the asexual case of that modedtandard deviation/, and uy(x,y) denotes the
Our model replaces the linear spatial environmentaptimal ecological character value (the value that
gradient ofDoebeli and Dieckmann (2008)ith a produces the greatest carrying capacity density) at
complex landscape composed of monlinear the given location; uy(x,y) thus describes the
environmental gradient and continuously varyingnvironmental landscape and is defined as
environmental patchiness. As a consequence of the
individuatbased approach, stochasticity manifests in

several aspects of our r_nodel_, including _\{ariation ith this expression, the centering constaiig always

the landscape, variation in the initiabtate, gejected after landscape generation so as to yield a
demographic stochasticity, random dispersal, aqﬂean value of 0.5 fa,(x, y) over the landscape as a
random mutations during reproduction, as describ%ole’ whileSandC are model parameters defin

in the following sections. the slope and curvature, respectively, of the
environmental gradient in thex-direction. C
represents the maximum environmental gradient due
to curvature (atx=1); with a quadratic curvature
Individuals inhabit a twalimensional continuous term, the coefficient C thus represents the average
landscape. The landscape isnstant in time; its environnental gradient due to curvature. The
spatial heterogeneity is composed of a gradient finction 1, ,(x,y) specifies the autocorrelated
the x-direction, and of patchiness thataries nojse that describes the environmental patchiness,
continuously in both the- and y-directions (see \yhich is further characterized by the autocorrelation
LANDSCAPE HETEROGENENY). Individuals in this length L, and the patchiness amplitude. The
landscape are characterized by their fioea(X, y), function ! is constructed as the convolution of

Uy(X y) =! +Sx+1Cx*+" LAl y).

ENVIRONMENTAL LANDSCAPE AND STATE
VARIABLES
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Gaussian whitenoise and a twaimensional filter PHENOTYPE RANGES ANDINITIALIZATION

function constructed to produce the desirethitially, the model containdN,; individuals with
autocorrelation lengti,,. The model paramete§  state(x;, v, u) for each individuai, wherex andy,
C, Ly, andA thus together govern the generation 0fre drawn from aniform distribution between 0 and
the landscape. For further details on the generatian andu, = 0.5 (matching the mean value af(x, y)
procedure, seeandsape generation over the landscape). No bounds are enforced by the

A survey of some landscapes generated by thisodel on values of the ecological character
model, and of the effects of parameters on th@ereafter.
generated landscape, is shown in Figure 1. This initial state distributes individuals across

the enire landscape, although the poorly adapted

BOUNDARY CONDITIONS individuals typically die almost immediately.
In the x-direction (the direction of the environmentalBiologically, this distribution might represent an
gradient), we tested four bodary conditions: unusual event such as a storm that introduces
stopping, reflecting, reprising, and absorbing. Thedadividuals, propagules, or seeds across a landscape,
boundary conditions differ in the action taken whear might represet a previously homogeneous
a natal dispersal locatio(see BIRTH EVENTS AND landscape suddenly transformed into heterogeneity
DISPERSAL) is drawn outside of the valid rangeby a catastrophic event such as fire, flooding, or
0! x! 1. Stopping boundaries reyge valuesx<0 volcanism. However, additional test realizations (not
or x>1 by values 0 or 1, respectively, causinghown) suggest that the final outcome of realizations
dispersers to stop at the edge of the landscap®es not depend singly upon this initial
Reflecting boundaries replace values 0 or x>1 distribution. With all but the shortest dispersal
by values"x or 2" x, respectively, as if dispersersdistances, the landscape is quickly colonized and the
bounced off of the edge of the laudpe (repeatedly, initial distribution has little effect. With very shert
if necessary, until the location is valid). Reprisingange dispersal, movement across the landscape is
boundaries redraw invalid locations until a validrery slow and the waitg time to branching can thus
location is obtained, as if dispersers avoid are#g much longer, but the final outcome is similar.
beyond the landscapeOs edge. Absorbing boundar@®isen sufficiently long runtimes, then, we expect
finally, remove the individuafrom the population if that different initial conditions would not
an invalid location is drawn; dispersal beyond theubstantially affect our results, other than by
edge of the landscape is in this case lethal. broadening the branching time libution.

In the y-direction, for which only stochastic
environmental heterogeneity exists, periodi¢tNTERACTIONS

boundary conditions were utilized. Periodigndividuals interact only through local competition
boundaries replace valugs<O0 or y>1 by values for resources. The strength of competition felt by
y+1lory" 1, respectively (repeatedly, if necessarygocal individual i is the sum of the competitive
until the location is valid). The landscape wasmpacts of all other individuals in the system, and is
generated in such a manner as to guarantee thagpressed as the effeaivnumber of individuals

meshed seamlessly across the perigdboundaries competing with the focal individual,
(see Landscape generatidn The landscape thus

described is cylindrical in topology for all four n, (U, x,y)=(2/" 2\
. . . . eff i? X|' yl © s

boundary conditions used. Periodic boundafies .

cllne-per|0d|c_ bound_arles_; Heinz et al. ZOCEbu_Id 0% N. (U #u) N (X #x) N. (y, #).

not be used in the-direction because the nonlinear ¢ . :

environmental gradient (see LANDSCAPE - _

HETEROGENEITY) would cause discontinuity in the ~ The strength of competition decreases with

landscape. increasing spatial distance, as described by a
Gaussian function with standard deviatiog the
spatial competition radius. The strength of
competiton also decreases with increasing

j=Ljs$i
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ecological character difference between thpopulation size is at equilibriumheé same number
individuals, as described by a Gaussian functioof individuals is expected to die in that period of
with standard deviation /,, the phenotypic time. For this reason, we refer1éb units of time as
competition width. The parameters and /. can a OgenerationO.

therefore be thought of as scaling ttas for the

impact of spatial differences and phenotypi®ROCESS OVERVIEW ANCSCHEDULING

differences, respectively, on the strength obverlapping generations of individuals are
competition (Doebeli and Dieckmann 20Q3)The implemented in the model using a contogtime
normalization factof2#/ ) " ensures that a spatially birthEdeath process implemented following the so
uniform population is regulated to a given oVeracalled Direct Method ofSillespie (1976) First, the
environmental carrying capacity regardless of thgurrent birth ratéy; and current death ratk of each
value of /¢ Interactions span the periodig- individuali are determined by the state of the model,
boundary; the shortest distance between individuads described abov®EATH EVENTS, BIRTH EVENTS
in the cylindrical landscape is used. As thenp DISPERSAL). From these, the populatidevel
competition felt by an individual increases, thabirth and death rates are calculated as sums over the
individualOs death rate increases, as described belagividual rates,
(DEATH EVENTS). N N
B=1 _bandD=! _d
DEATH EVENTS _ _

o ) respectively. The overall event rate is then calculated
The death rate, of each individual is computed as - g + D, and the waiting time to the next event
Nesi(U, X, Y1) TK(U, X, i), Whereneg(Us, X, ;) denotes sy from an exponential distribution with mean

the strength of competition felt by individua(see /g \yith probabilityB/E this is a birth event, and
INTERACTIONS), andK(u, X, ;) denoteshe carrying 5 jngividual i is chosen for reproduction with

capacity density experienced by individualsee p-pijity 1y /B. Otherwise, with probabilit /E, it
LANDSCAPE HETEROGENETY). Competition in this i 5 geath event, and an individuais chose for
model therefore produces soft selectigVallace removal with probabilityd,/D. At the end of the

_197_5_) and_ car_m_ot lead to extinction. When aRvent, the model state is updated, and the birth and
individual dies, it$ removed from the population.  yeqth rates of all individuals are recalculated.

BIRTH EVENTS AND DISFERSAL OBSERVABLES

The birth rate of every i_nd?v?duail is_ equa_l and The uy(X, y) values that define the landscape were
constz.amt.bi.: b _When_an individual gives birth, an .o, qeq on generation of the d#stape, at the start
offspring individual is generated asexually and¢ each realization of the model. Each generated
ahddedltofthe p(;pulatlon. W.e rr}nodel ha:tal dlsdqi_ias landscape was analyzed to extract metrics describing
the only form of movement; the spatial CoOrdinaes ;o ajiant features: the landscapeOs scaled standard
andy of the offspring are thus drawn from norma eviation /, skewnesss, excess kurtosiss, and

dlstrl?utlo?]s with stalndalrd dev:;:mdm agdhmearr:s autocorrelation length (seeLandscape analysjs
equal to the parental valuasandy; and then the Every 10 generations during each realization a

goundary conditions atl?h app“?d _asl dhescnbed histogram of the ecological character values of the
OUNDARY CONDITIONS The ecological character population was recorded. At the end of each

of the offspring is nearly faithfully inherited from realization, the final staté, y,, u) of all individuals

the Pare”t’ except that with probab|ll|tyn? a  was recorded. Following theecommendations of
mutational offset, drawn from a normal dlstrlbutlorbrimm (2002) regarding the importance of visual
with mean 0 and standard deviatiog, is added to debugging, the landscape and the state of all
'([jhe_parentaldvalgeji to represent a mutation event,q;iquals were also observable graphically during
uring repro uc_tlon. . . _model runs. An example of the information available
Since the birth raté is constant, we scale time¢ . aach realization is presented iiglire 2, and a

by 1/b. In 1/b units of time every individua} is movie showing an examplealézation is provided as
expected to produce one offspring, and if the
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Movie 1 (availablein the Dryad data repository observed branching is due to the effects of spatial

http://dx.doi.org/10.5061/dryad.43cj}/1 heterogeneityDoebeli and Dieckmann 20Q3)
Branching was identified by a heuristic analysis

of the histograms of ecological character valug¥ODEL IMPLEMENTATION

recorded during the realization (for example, Figuréhe model was implemented in Object.i@eusing

2D). The initial distribution of ecological characterthe Cocoa objeetriented toolkit (Mic OS X 10.6.4;

values was unimodal, since we set 0.5 for all  Apple Inc., http://www.apple.com), except for the

individuals. Branching was defined as divergencecheduling module, landscape construction module,

into a visibly bi or mult-modal distribution, and branching analysis module, all of which were

established not only at the end of the realization, byfritten in the R programming language (version

for a substantial period of time (3000 generation$).11.#2.15.1; R Development Core Team,

prior to the end of the realization, to demonstrate thetp://www.r-project.org).

stability of the outcome. An alternative assessment

of branching based on cluster analysisswalso Comparison of hested GAM models

conducted dgee Alternative assessment of
: ; - . The nested models based on the landscape
branching. Finally, for realizations considered to ; . o
gneratlng parametess ¢, a, andlg, in addition to

have _bra_nch_ed, the branf:hing time was determin%}e dispersal distance are compared in Table Al
(seeDistribution of branching timgs and Figure Al. Similarly, the nested models based

on the realizedandscape metrics, $,, $, andl,, in

PARAMETERS " . .
i , i addition tov, are compared in Table A2 and Figure
Parameters of the model, including the metrics take,

from the realized model landscapes, are shown in
Table 1. The parameter, defines a fundamental
length scale of the model, because distance in sp
affects model dynamics through the strength

Interceptonly models correctly predicted the
outcome of 78.4% of realizations, since that
centage of realizations did not branch (Table A3);

. o hese models simply predict that branching will
competition scaled by, Similarly, the paramet€t  poyer occur. The prediction rate observed in other

defines dundamental ecological phenotype scale gf,,qels should thus be evaluated relative to this
the model, because distance in phenotype affe¢iSsqline.

modgl dynamics through the carrying capacity A model including only the generating ACL,
denS|ty., sca_led by . For this reason, following only marginally improved on thimterceptonly null
Doebeli & Dieckmann(2003) we rescaled all other model (Table A1, model #s. #0); similarly, a
parameters with uts involving length or ecological model with the interactiorl,” v only marginally

phenotype, using, and/, to derive dimensionless j,,, v eq on a model without that interaction (Table
scaled parameters. The unscaled param#te8sC, A1 model #8vs. #6). However, both terms did

L, and A were transformed according to the|mprove the BIC score, and were therefore retained.
formulas shown (Table 1) to produce the scale§iher terms were more clearly of nroagligible
parameters, s, ¢, |, anda. These scaled parametersygte ot size, according to both BIC aNdgelkerkeR?
were varied among realizations of the model.  (change in prediction rate is not a good indicator of
Values for the parameters that were not varieSsect size with a binary outcome, because a term

(N, Koo /i /i Hmi !y D) were taken from the .on jmprove the certainty of predictions without
equivalent parameters of Doebeli & D'eCkmam&hanging their direction).

(2003) so as to allow easy comparison m@fsults Binary predictions (not branched vs. branched)

between these models. The exceptiom,ischosen o the hesGAM from each set of nested models

here to explore dynamics in the limit —of GAp and GAM) agreed in 94.8% of realizations

phenotypically indiscriminate competition (largg. (Figure A5).

In this limit, negative freguerjegtependent selection The results presented in this section are for
would not cause branching in the absence ofi@pat,qyrising boundary conditions; qualitative results
heterogeneity; this choice thus guarantees that gll. o the same for other boundary conditions.
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Table Al: Comparson of nested GAM models predicting the outcome of a realization (not branched versus branched)
from the scaled landscajgenerating parametessc, a andly and the scaled dispersal distancéor reprising boundary
conditions.

Model Terms EDF C R? D Match #BIC
0. (Intercept) 0 1.0 .500 .000 .000 .784 159104
1. lq 1 3.2 .507 .000 .000 .784 159098
2. a 1 4.2 .522 .002 .001 .784 158821
3. s 1 4.9 .625 .052 .034 .784 148851
4, c 1 4.9 .703 .130 .088 .784 132781
5. \ 1 5.0 .829 .386 .288 .845 72896
6. stc+a+tl,+v 5 20.0 .922 .600 .493 .882 11585
7. [6] +c" v 6 33.0 .923 .601 .493 .882 11473
8. [6]+1," v 6 33.6 .923 .601 494 .883 11350
9. [6] +s" a 6 33.9 .923 .604 .496 .884 10641
10. [6]+s" v 6 34.8 .924 .604 .496 .884 10629
11. [6]+a"v 6 36.2 .925 .609 .502 .885 8910
12. [6]+s"c 6 36.0 .926 .613 .506 .886 7792
13. [6]+c" a 6 36.4 .928 .617 511 .887 6368
14. [7BP13] 12 112.7 .933 .637 .533 .894 753
15. [14]+s" c¢" a 13 167.0 .935 .642 537 .895 0

Note: The Terms caimn shows the number of terms in the model, while the EDF column gives the estimated degrees of freedom
used.C is the area under the Receiver Operating Characteristic curve (Metz, R9%Z8)he Nagelkerke generaliz&d (Nagelkerke,
1991),D is the Disrimination coefficient (Tjur, 2009), Match is the fraction of cases in which the model prediction matched the
observed binary outcome, a#®IC is the Bayesian Information Criterion relative to the best model (Schwarz, 1978). Baltds mo
are indicated ¥ high values, except fa# BIC, for which a low score is better. Models are sorted by desce#d@; the best
model according to BIC (the OG%@I model) is shown in bold. All terms in all models are significantmitl0.001. See Figure Al
for a graphichdepiction of the besenmodels.

Table A2: Comparison of nested GAM models predicting the outcome of a realization (not branched versus branched)
from the scaled realizeldndscape metrics, $,, $,, andl, and the scaled dispersal distancéor reprising boundaes.

Model Terms EDF C R? D Match #BIC
0. (Intercept) 0 1.0 .500 .000 .000 .784 173875
1. 5, 1 5.0 579 .022 .014 .784 169695
2. EA 1 5.0 .600 .032 .021 .784 167732
3. I, 1 5.0 611 .040 .026 .784 165999
4, ! 1 5.0 .760 .213 .149 .794 129258
5. v 1 5.0 .829 .386 .288 .845 87667
6. I+$+%+I+v 5 20.8 .943 .666 .564 .899 4795
7. [6]+/"vVv 6 355 .943 .668 .568 .900 4055
8. [6]+1," v 6 334 .946 677 577 .904 1087
9. [788] 7 49.3 .947 .681 .582 .906 0

Note: The Terms column shows the number of terms in the model, while the EDF column gives the estimated degrees of freedom
used.C is the area under the Receiver Operating Characteristic curve (Metz, R9&8)he Nagelkerke generaliz&d (Nagelkerke,
1991),D is the Discrimination coefficient (Tjur, 2009), Match is the fraction of cases in which the model prediction matched the
observed binary outcome, a#dBIC is the Bayesian Information Criterion relative to the best model (Schwarz, 1978). Beattds mo
areindicated by high values, except f8BIC, for which a low score is better. Models are sorted by desce#d@; the best
model according to BIC (the OGA®model) is shown in bold. All terms in all models are significant®viti0.001. See Figure A2
for a graphical depiction of the bdsur models.
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Figure A1: Comparison of the best (ABIC < 15000) nested GAMs predicting the outcome of a realization (not branched versus branched) from the scaled landscape-generating
parameters s, ¢, a and [, and the scaled dispersal distance v, for reprising boundary conditions. This figure is a graphical depiction of models 6-15 in Table Al. EDF: the
estimated degrees of freedom used. C: the area under the Receiver Operating Characteristic curve (Metz, 1978). R%: the Nagelkerke generalized R? (Nagelkerke, 1991). D: the
Discrimination coefficient (Tjur, 2009). Match: the fraction of cases in which the model prediction matched the observed binary outcome. ABIC: the Bayesian Information
Criterion, relative to that of the best model (Schwarz, 1978). Better models are indicated by high values, except for ABIC, for which a low value is better. All terms in all models

are significant with P < 0.001. Note that all goodness-of-fit statistics are strongly correlated, and have perfect rank correlation.
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Figure A2: Comparison of the best (ABIC < 15000) nested GAMs predicting the outcome of a realization (not branched versus branched) from the scaled realized-landscape
metrics O, ¥, ¥,, and [, and the scaled dispersal distance v, for reprising boundary conditions. This figure is a graphical depiction of models 69 in Table A2. EDF: the estimated
degrees of freedom used. C: the area under the Receiver Operating Characteristic curve (Metz, 1978). R the Nagelkerke generalized R? (Nagelkerke, 1991). D: the
Discrimination coefficient (Tjur, 2009). Match: the fraction of cases in which the model prediction matched the observed binary outcome. ABIC: the Bayesian Information
Criterion, relative to that of the best model (Schwarz, 1978). Better models are indicated by high values, except for ABIC, for which a low value is better. All terms in all models

are significant with P < 0.001. Note that all goodness-of-fit statistics are strongly correlated, and have perfect rank correlation.
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Table A3: Comparison of results for the four boundary conditions.

Absorbing Reprising Reflecting Stopping

Branched (%) 18.5 21.6 21.9 24.0
Brancheds 0.814 0.804 0.795 0.769
BranchedT 0.358 0.341 0.340 0.336
Brancheda 1.416 1.449 1.473 1.497
Branchedl, 1.555 1.542 1.525 1.524
Branchedv 0.552 0.732 0.728 0.787
Branchedr 2.856 2.770 2.763 2.714
BranchedT; 0.268 0.248 0.248 0.246
BranchedT, 10.784 10.759 10.744 10.717
Branchedl, 1.131 1.115 1.104 1.083
Clustered (%) 19.6 23.0 23.2 25.4
Avg. clusters 2.64 2.63 2.65 2.66
GAM, R? 0.700 0.642 0.651 0.658
GAM, pred. 0.918 0.895 0.895 0.887
GAM, R? 0.728 0.681 0.689 0.689
GAM, pred. 0.926 0.906 0.906 0.897

Note: Branched (%) is the pentage of realizations of the 300,000 realizations conducted for
the given boundary condition that resulted in evolutionary branching according to our
phenotypic history analysis. The Branchsed C, a, I_g v, T, T, T,, and1, are the mean
value of that parameter or metric, among only those realizations that édai@lstered (%) is
the percentage of realizations that resulted in evolutionary branching according to alternative
cluster analysis method of detecting branching; OAvg. clustersO is the average number of clusters
produced, among only those realizatiohattproduced two or more clusters. GAMsults are
for the full GAM model fitted using the model parameters, as in Table A1 model #15; the
Nagelkerke R? and the proportion of realization outcomes correctly predicted are given.
Similarly, GAM, results ardor the full GAM fitted using the landscape metrics, as in Table A2
model #9.

Landscapegenerating parameters versus realized correlaed; for clarity, however, Figure A3A shows
landscape metrics only values for landscapes with no slope or

Although the generating ACL, and its interaction curvatu_re, so that it depicts solely the IO.S.S of
l;! v had very little effect (Table Al and Figure_Correlatlon for large values ¢f due to stochasticity
A3B, and previous section), the realized ACland in the Iandsca_pg generatlon and s_ys_tem siz€ effects.
its interactionl,! v had a substantial effect (Table, The superidty of |, tol in predicting branching
A2 and Figure 5). The generating and realized ACL']é1 one aspect of the larger phenomer_mn that GAM
are correlated whety, is very small, because veryt € best GAM based on the realidaddscape

smallscale patchiness can be accurately reproducglfg'clst; suk:jstanttlr?llyq OLCIItperformedt- GhMhe betst
with little distortion due to stochasticity, but whign model based on e fandscapenerating parameters

is larger the correlation breaks down, because 4arc_€able Al model #3 vs. Table A2 quel #9). This
scale patchiness is stochastic at a sca as the case even thoug_h GAbbntained 13 terms
commensurate with the scale of the Iandscape;itse"i‘lnOI used 167.0 effective degrees_ of freedom,
the realized ACL of the landscape may therefore mpared to 7 terms and 49.3 eﬁect[vg degrees of
quite different from the generating ACL (Figure reedpm for GAN{I‘ Eor largel,, .StOChaSt'C'ty gaused
A3A). Since the environmental gradient slope anfonSiderable variation nonty in I, but also in the

curvature also affect the realized ACL, that iée?llzedli\qﬂsc?p% metrics, lt and ", fortglven
another reason why, and |, are generally poorly values of the landscafgenerating parametess ¢,
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N

a, andly (Figure A4). Unsurprisingly, given this, the -5
realizedlandscape metrics are a better predictor 2
the effect of the landscape than are the landsca
generating paramets; the realized landscape it
what the individuals in the model actually occupyz
and so its properties are what matters. However, it §
perhaps surprising that the simple metrics we us ®
proved so effective; one might ponder whethe
different metrics coul be even better. In any case,
this result suggests that caution must be uUSeghure A3: Comparison ofhe scaled generating autocorrelation
whenever modeling heterogeneous landscapes, toldgyth (ACL)I, to the scaled realized ACI. A: Scatter plot of
sure that the effect of the realized pattern df versusl, for 500 randomly chosen landscapes; the gray line
heterogeneity, and not solely the effect of th&hows the 1:1 line at whicly=1.. The deviation of, from I,

. . . illustrates that autoceelation lengths that are large relative to
landscapegenerating parameteris analyzed, since the spatial scale of the landscape can be unrepresentable because

the two may be quite diﬁere@ an issu'e that has they correspond to spatial features approaching or exceeding the
not, to our knowledge, been raised previously. scale of the landscape itself. B: Predicted branching probabilities
The realizedandscape metrics spanned a widéom GAM,, showing the effects of, and the scaled dispersal
range of types of heterogeneity, although negatistancev; compare the weak relationships shown here (little
skewness, positive kurtosis, and shoi€l& were effect ofl, and little interaction betwedgandv) to the stronger

. . . . _effects from GAM shown in Figure 5. The color scale is as
relatively infrequent (Figure A6). Although this shown in Figures. Results shown are for reprising boundaries;

means that there is less data in some regions of tR6uits for other boundary conditions are qualitatively similar
parameter space, the very large number @fot shown). Other parameters= 0, c=0, a= 1.5 Contour
realizations analyzed mitigates this problem, excefiites above 90% are placed to best show the contours of the
where specifically noted. data.

realized

Scaled dispersay,
0.5

0 1 2 0 0.5 1
Scaled generating AClL Scaled generating AClL

Figure A4: Examples of generated landscapes. These examples provide an illustration of the variability inleealsagpe metrics
resulting from different types of spatially continuous patchiness. Vertical pairs of panels used the same {gadscaiireg
parametes (scaled amplituda and scaled generating AdL, s=0 andc=0 for all panels), but used different random number
generator seeds and thus differ. Sliders in each panel show langsrapating parameters, () and realizedandscape metricd (

"1 ", 1) on an arbitrary scale. Colors indicate locally optimal ecological trait values, ranging from white (low) to dark gitgen (hig
Black lines show locally optimal ecological trait values across one horizontal transect of each landse&pA, Baik, F used short

I, while panels C, D, G, H used lohg Panels A, C, E, G used intermediatevhile panels B, D, F, H used large These results
illustrate that landscapes that share generating parameters will also share similar realized fpetrienall, but whe is large the
realized metrics can be quite divergent because of the stochastic patterns at large spatial scales in the landscapes generate
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Figure A5: Correlation between the predictions of the Scaled std. dev!, Skewnessl
two GAM models, GAM and GAM. A total of > o - - -
300,000 points are plotted; each point represents one 2 §_C 2 § D
realization, showing the predicted probability of “g’_ B ‘lg’_ 8
branching from the GAM model &-axis) and the 3] @
GAM, model -axis). The lower left quadrant, in ® ®
which both models predict no branching, ntains g %
78.9% of realizations, and the upper right quadrant, in 4 2
which both models predict branching, contains 15.9% < ° < ° ]
i i : r T T T T 1 T T 1 1T T 711
of realizations; the two models thus made the same 1 5 1 00 | 04 o8 | 12

prediction in 94.8% of realizations. The upper left . )

quadrant, in which GAMpredicts braniing but GAM, Kurtosis, !, Scaled realized ACLl,

does not, contains 2.8% of realizations, while the loweFigure A6: Distributions of the realizethndscape metrics. A: Scaled
right quadrant, in which GAM does not predict standard deviatior,. B: Sewness,”;. C: Excess kurtosis;,. D: Scaled
branching but GAN does, contains 2.4% of realized ACL/,. A small number of outliers are omitted in panefCAo
realizations. Note also that for the quadrants in whiclllow the remaining data to be better displayed. Distributions shown
the models agree, both models tend torélatively encompass all landscapes generated in realizations utilieimgsing
certain about their predictions (predicted probabilitiehoundary conditions; since landscape generation is independent of the
near 0.0 or 1.0), while predictions are generally muchoundary conditions chosen, this is a representative sample. Note that
less certain for the quadrants in which the modelalthough the landscaggenerating parameters were drawn from uniform
disagree (predicted probabilities near 0.5). Resultdistributions (Methods:Model realizdions), the realizedandscape
shown are for reprising bodaries; results are very metrics were not uniformly distributed, and so the realized metric
similar for other boundary conditions, with small parameter space was not uniformly sampled. Nevertheless coverage was
differences in the proportion of realizations predicted t@xtensive due to the large number of realizations conducted; more than
branch (see Table A3). 1000 realizationbadl, < 0.2, for example.

Effects of boundary conditions on the distribution of branching times followed the

Some basic metrics comparing the four test Rfme pattern, with the modal time to branching

boundary conditions are shown in Table A3 ﬁ'n? tlong;ahst tWith. mgb'n% poundalltrrl]es r?n?h
Boundary condition effects generally followed theortest with - stopping boundaries, afthoug €
findings of previous researcMazzucco et al., dlfferer?ces- were slight (_seeD|s_tr|but|on .Of
unpublishedmanuscript In particular, the stopping tt_)ranchlng timesand Correlations with branching
boundary condition produced the highest branchin eF\?. ising boundaries were chosen for our main
propensity due to its effect of generating disruptive Iteprlsmg 'doduln arie dW imizite infl N
selection, while the absorbing boundary conditioh?SU''S @s a middie groun » Minimizitg: influence
the landscape boundary and thus best

produced the lowest branching propensity due to Igpproximating the effect expected on a landscape of

generan of stabilizing selection. Similarly, . finit tent. Stoppi boundaries cause an
absorbing boundaries produced branching only fgprinite  extent. stopping boun

relatively short dispersal distances, because_longvzceurgq;slat;%r;o?t]:inlndlla\gﬂzzgrier]seficraljtzs ;Oggf?cﬁtrybf
range dispersal was more likely to be lethal, whil 9

stopping boundaries produced branching even fg}dividu'als near the boundary, and these de.n.sity
large  dispersal distances, because lonange effects influence the branching propensity. Reprising

. . o undaries do not bias the branching propensity
dispersal predictably stopped individuals at the ed% . 20
of tF;le Ianzscape. E{‘fectgpof the boundary conditio rough such density effects, and thus insights from
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this case are likely to apply generahyeven when absabing boundaries (since dispersing too far is
the deniy effects of other boundary conditions ardethal). In any case, the qualitative pattern of
added in.Reflecting boundaries would have been iteraction between the realized ACL and the
similarly reasonable choice, and showed very similalispersal distance is similar for all boundary
effects in our analysis. Minimization of boundaryconditions.
effects is preferable for theoretical purposes, to

maximaly reveal the effects of model parameters =
without any obscuring influence from the modelOs
assumptions; however, when comparing our model g o]
results to a particular biological system, the
boundary condition should be chosen that best Z
matches the empirical gisrsal characteristics of the
system.

The effects of different types of heterogeneity on
branching are qualitatively similar under different
boundary conditions (Figure A7). Interestingly, the
intermediate optimum patchiness amplitude is most
apparent foabsorbing boundaries and least apparent
for stopping boundaries. A secondary, weaker
optimal magnitude of curvature is also observed for
all boundary conditions except absorbing; this may
reflect the degree of curvature that produces an
optimal differencebetween the environments at the
extreme left and right edges of the landscape, since
the landscape edges can be exploited as niches with o
nonabsorbing boundary conditions (particularly S
stopping boundaries, for which this secondary -
optimum is strongest). —

The interactions between different types of o
heterogeneity are also qualitatively similar under
different boundary conditions (Figure A8). The
particular contour line shape that indicates the
refugium effect (ResultsAdditivity and the refugium
effec) appeas strongest with reflecting boundaries
for the interaction of slope and amplitude, and
strongest with reprising boundaries for the
interaction of curvature and amplitude, but it is
visible for all boun.dary conditions; this suggests that Scaled realized ACL,
the refugium effetis general.

The interaction between realized ACL and:igureAQ: Predicted branching probabilities from fdt&AMs,
showing a comparison among boundary conditions in their

dlspe_r_sal d'_StanC_e is shown for d'_ﬁerent_ _bc_)undarixteraction between realized autocorrelation length (ACL) and
conditions in Figure A9. The insensitivity oOf gispersal distance. Each row of this figure follows Figure 5, but
branching to the dispersal distance for short realizédplotted for a particular boundary condition; the second row,
ACL is most apparent for stopping boundaries, arfdr reprising boundaries, thus matches Figure 5 exactly. Contour
least apparent for absorbing boundaries; this may [jees show the predicted branching probability; the color scale is

? shown in Figure 5. Branching is always promoted by large

a simple result of dispersal distance being Ieagealized ACL and by short dispersal distance. An interaction

important for stopping boundaries (since fj_iSperSBlaweenv and|, exists for all boundary conditions, causing a
often stops at the edge regardless of the Ointendaeéase in the effect wffor smalll,, but this interaction varies

dispersal distance), and most important fan strength among boundary conditions.
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Figure A7: Predicted branching probabilities from fitted GAMs, showing a compadsmng boundary conditions in the effects of
scaled dispersal distance and different heterogeneity types. Each row of this figure follows Figure 3, but is plottedidataa p
boundary condition; the second row, for reprising boundaries, thus matghes Bi exactly. Contour lines show the predicted
branching probability; the color scale is as shown in Figure 3. The probability of branching is maximized at an interaheeliate

s and c for all boundary conditions, although this optimum value variesrey boundary conditions. Similarly, an intermediate
optimum for! exists for all boundary conditions, but typically only for smaller valueg. &for a, an intermediate optimum that
maximizes branching clearly exists for absorbing boundaries, and magxaséor reflecting and reprising boundary conditions (but
since the optimum in these cases is close to the edge of the parameter space explored, this is uncertaogfinediuetermediate
optimum fora appears to exist for stopping boundaries.
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Figure A8: Predicted branching probabilities from fitted GAMs, showing a comparison among boundary conditions in their
interactions between different heterogeneity types. Each row of this figure follows Figure 4, but is plotted for a gaotiodkny

condition; the second row, for reprising boundaries, thus matches Figure 4 exactly. Contour lines show the predicted branching
probability; the color scale is as shown in Figure 4. Additivity of the effectsanfic is apparent for all boundary conditiorss is

the lack of additivity ofs anda, and ofc anda, due to the refugium effect. The refugium effect, which causes mitigation of the
negative effect on branching of largend largec due to increasing amplitudg is generally visible; however, théfect varies in

strength, and is always stronger witthan withs.
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Effects of skewness and kurtosis both skewness and kurtosis close to zero) may be

The bias towards positive skewness values amofig e © optimal for evolutionary branching. The

our generated landscapes (Figure A6B) is due to i atlatdlsttrlbhutlon of thosedvaluesbls, ?jf coursle, qlso
fact that curvature, as implemented in our model ggportant, - however, and so broad conclusions

increasing gradient slope from left to right, leads tngardlng Fhe optimal pattem of envwonr_nental
positive skewness. For this reason, the causes q(terogenelty for .the prom.ot|on .Of .evolutlonary
positive skewness and negative skewness in o'Brra”Ch'“g will require further investigation.

model are not symmetric; positive skewness is
caused by both patchiness and curvature, while
negative skeness is caused by patchiness alone.
These causes would not segregate in this manner for o
real environments; empirically, the meaning of the
sign of the skewness depends simply on the
ordination of environmental values (whether a cold

Buigiosqy

environment is given a&alue less than, or greater 7
than, a hot environment, for example). Since the
effect of skewness was found to be reasonably o

symmetric around zero (Figure A10), however, this
concern can likely be ignored. In general, then, our
results indicate that larg&eswness, whether caused
by gradient nonlinearity or by an uneven pattern of
patchiness, hinders branching; the optimal level of
skewness appears to be close to zero (Figure A10).

Most kurtosis values were negative, with a peak
near!1 (Figure A6C), indicahg that platykurtic
distributions of environmental conditions were much o
more common than leptokurtic distributions. This is
unsurprising, since an environmental gradient is
inherently platykurtic, resembling a uniform
distribution (kurtosis! 1.2) much moe than a ]
normal distribution (kurtosis 0), not to mention a
more leptokurtic distribution such as a Laplace o
distribution (kurtosis 3). To a first approximation, 0 1 0
then, the landscape kurtosis may be thought of as Skewness Kurtosis,!
representing the degree to which the pattefn Figure A10: Predcted branching propensities from fitted
heterogeneity of the landscape is dominated by GfA\Ms, showing a comparison among boundary _conditions _in
linear gradient that produces a uniform distributioff'® 6ffects of skewness and excess kurtosis. Branching
of environmental values. It is interesting, therefor fopensity is shown o the branching-tels (the logit of the

) J - ranching probability); positive legdds indicate relative

that more negative values of kurtosis hinderegomotion of branching, while negative logids indicate
branching (Figure A10). We tentatively interptieis relative hindrance of branching. The curve in each panekis re
as a different angle on the same refugium effecéntered on a meap value of zero, removing the absolute
discussed previously (Discussiohdditivity and the differences in branching propensity among boundary comdgitio

. . . . . _for ease of interpretation. Gray shaded bands indicate standard
refugium effedt since it shows that a linear gradlen{ X P Y ; _
error confidence intervals. An intermediate skewness maximally

with no other heterogeneity (more negative kurtosl§omotes branching for all boundary conditions. The branching

values) is less effective in promotingabching than propensity generally increases with increasing kurtosis, ajthou

more complexly heterogeneous landscapes. this effect saturates and even, for absorbing boundary
Interestingly, then, our results suggest that @onditions, declines at high kurtosis values. Other parameter

normal distribution of environmental values (Withvalues are unspecified, since no interaction terms involving
skewness and kurtosis are included in the GAM models.
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Alternative assessmeaf branching causing a large number of clusters, suggesting that
adaptive radition in our model is simply adaptive
branching Owrit largeQ; the two metrics are simply
ifferent views on the propensity for adaptive
iyersification.

As described previously Model description
OBSERVABLES), a heuristic analysis of the
distribution of ecological trait values over the finafj
3000 generations was used to determine wheth
evolutionary branchlng had occurred. An altemat_'vﬁ)istribution of branching times
assessment of branching was also conducted using a
Gaussian mixture model cluster analysis performddor each realization that was classified as branched,
on the ecological character values from the-efhdd we also determirte the branching time using a
realization census data, with thdclust() heuristic algorithm that looked backwards from the
function of the R packagemclust (Fraley and end of the realization until finding a generation
Raftery 2003) A Bayesian prior was used on thewithout a bimodal (or multimodal) phenotypic
variance of the cluster analysis, with szale distribution. Since the phenotypic distribution was
parameter value of 0.5 for thiorControl() . saved every ten generatiorse¢ Model description
determined by trial and error to provide a gooBSERVABLES), the branching time was then
detection of clustering as compared to a visu&stimated as the generation found, plus five
determination. (intermediate between the last unbranched and the
For the detection obranching, the heuristic first branched generations). This determination was
method and the cluster analysis method producgénerally robust for a wide variety of pheyuic
similar results, except that cluster analysis, since histories, although a small number (~2%) could not
considered only the pattern of phenotypes in tHge assigned a wetlefined branching time.
final generation of a realization, overestimated the The distribution of branching times for branched
branching rate slightly(Table A3). Despite their realizations using reprising boundary conditions is
very different mathematical bases, the level gshown in Figure A1lA. Most realizations that
agreement between the two methods was quite higiranched @ so quite earlyp within the first ~1000
giving some assurance that our results were notganeration®as indicated by the strong modal peak
consequence, in some way, of our method off the distribution. The distribution also has a long
assessing branching. Furthermore, GAMdels fit tail that asymptotically approaches a ra®TO
using the cluster analysis branching assessmeanstant value. This nerero offset probably
provided a close match to the GAM modelgepresents rdiaations that branched only after
presented. establishing a favorable spatial configuration;
One advantage of the cluster analysis method iewever, there is currently no good theory for
that it produces not just a binary assessment gpatial branching processes that would allow us to
whether branching did or did not occur, but antou quantify this contribution see Discussion Future
of the number of clusters. This ranged from 1 to @lirectiong. Finally, tre bump at the end of the
for the realizations conducted; typically, howevergistribution, comprised of realizations evaluated to
even those realizations that did branch producdwve branched at close to 5000 generations,
only 2 or 3 clusters (Table A3), with the number ofepresents noise in the detection of branching times
clusters produced following roughly a negativeaused by stochastic demographic effects. We fitted
exponential distribution across all realizations (nolognormal and exponential owes with a vertical
shown). Interestingly, the number of clustereffset added, using branching times less than 4500
observed was negatively correlated with branchingenerations to exclude the final bump (Figure
times, suggesting that landscapes that can supporAHlB). The exponential fit is poor, suggesting that
larger number of species also produce more rapidanching is not a Poisson process; the lognormal fit
evoluionary branching (seeCorrelations with is clearly better, and indeed,tsfi the distribution
branching times Ordinal multinomial GLM fits quite closely. In fact this result is expected, since
(not shown) indicated that the factors causing a higitanching is the result of many independent random
branching propensity are the same as the factgtgents that combine multiplicatively (mutation,
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dispersal, survival).Wakano and Iwasa (2013) Figure A1l shows results only for regirig
showed similar results with a subdiatly different boundary conditions; results varied slightly for other
model (their Figure 9). boundary conditions, but showed qualitatively
The predicted probability of branching had nddentical patterns. In particular, the modal time to
effect on the modal branching time (Figures All®ranching estimated by the lognormal fits was
and A11D). This indicates that branching islightly longer for absorbing boundaries (153
essentially a binary process once a favorable spatggneations), slightly shorter for stopping boundaries
configuration is readd: it happens early or does no{(126 generations), and intermediate for reprising and
happen at all. However, the mean and mediaeflecting boundaries (136 and 134, respectively).
branching times were negatively correlated with th€hese results are in accord with the other effects of
predicted probability of branching (Figures A11CGhe boundary conditions (seffects of boundar
and A11D). This was due to a decreased frequencgnditiong. However, the general pattern that most
of early branching for realiions with low realizations branched early or did not branch at all,
predicted branching probabilities, and thus adiscussed above, held across boundary conditions;
increased influence of the labeanching realizations the difference among boundary conditions in
over the mean and median branching time (see theanching propensity is thus not an effect of these

next sectionCorrelations with branching timés differences in the modal waiting time.
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Figure A11: Distribution of branching times for branched realizations, and its relationship to the predicted probability of branching.
A: The distribution of branching times for branched realizations, showing aygtemk indicating that branching typically occurs in

the first ~1000 generations, with a long tail asymptotically approaching-aeronlimit, and a final bump (see text). B: The same
distribution, overlaid with best fit lognormal (red) and exponentikie(bcurves that include a height offset parameter. Curves were
fitted to the branching times4500, to exclude the final bump (since it is an analysis artifact; see tékt).Scatter plots showing

the prediction of GAN (C) and GAM (D) versus the braring time for branched realizations. Red solid, blue dashed, and green
dotted curves respectively show the mean, median, and mode of 25 bins of epaaj the mode is shown only when the early
branching peak is wellefined. The negative relationshipttveen predicted branching probability and branching time shown by the
mean and median curves is due to a progressive shift from early branching with a consistent modal branching time uthelated to
predicted probability (predicted branching probabditre~0.4) to less frequent early branching and thus a higher proportion of
realizations with longer branching times (the long tail; predicted branching probabilitieéd ) and then into a regime in which the

rare detection of branching is usually anlgsia artifact (the final bump; predicted branching probabilitie04). Results shown

are for reprising boundaries; qualitative results were the same for other boundary conditions (see text).

Correlations with branching times (the modal peak of the branching time distribution)
Mean and median branchirtgnes correlated with versus realizations that branched later (the long tail

some parameters and metrics; the modal branchiﬁ the S'St”bu“on; /seelg!stnbgjtlon h‘?f brta}nchlng
time, however, was nearly invariant (Figure A12)I €9. Large mean/median branching times may

These qualitative differences between the mean aHHJS perhaps be understood as iatlitg that a high

median compared to the mode are due to changesfrﬁporslon Oft. rleallz?-tlonst. had _to tesl';abllsrlj'_ a
the proportion of realizations thdranched early avorable spatial configuration prior 1o branching

(see Distribution of branching timgs The effects
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presented are for reprising boundaries; results wemgnimized at an intermediate value of these
gualitatively identical for other bawary conditions parameters (in contrast to Resultsitermediate
with the exception of an interaction between thheterogeneity maximizes branching peapity; this
boundary condition and the effect of dispersak another view on the result that branching time and
distance, discussed below. branching probability are not closely related
Increasing slope increased the mean/medigshenomena in our model. Interestingly, increasing
branching time (Figure A12A), as did increasingatchiness amplitude had no effect on mean/median
curvature (Figure A12B) rad increasing realized branching time, unlike the other types of
landscape heterogeneity (Figure A12E). It is wortheterogeneity (Figure A12C).
noting that the mean/median branching time was not
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Figure A12: Correlations between branching times for branched realizations and landscegpating parameters (top row),
realizedlandscape metrics (middle row), and other parameters and metrics (bottom row). Red solithsbled, and green dotted

curves respectively show the mean, median, and mode of 25 bins okegaal (8 bins, for panel K); the mode is shown only when

the earlybranching peak is wetlefined. The position of the eastyanching peak was nearly comst in all panels, but positive
relationships were observed between the mean/median branching time and several parameters and metrics: slope (AB)curvature (
realizedlandscape standard deviation (E) and autocorrelation length (H), and dispersakdiBtadorizontal jitter was added to

panel K to separate points. Results shown are for reprising boundaries; qualitative results were the same for other boundary
conditions, except that the strength of the effect of dispersal (panel I) varied (see text).
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Large realized ACL increased the mean/mediamoundaries (not shown). This variation appears to be
branching time (Figure A12H), presumably becausgriven by the interaction between dispersal &msl
the scale of heterogeneity was then so large thatbibundary condition (seeEffects of boundary
often took populations a long time simply to reach eondition3. In particular, lonedistance dispersal
part of the environment that was ecologicallwith stopping boundaries does not hinder branching;
different enough to produce branching. Thewhether dispersal is short or long, realizations that
generating ACL had no effect (Figure A12D), asre going to branch typically do so early (see
might be expected (sed.andscapegenerating Distribution of branching tim@s and so the
parameters versus realizédndscape metrigs relationship between dispersal distance and

The mean/median branching time increased wittnean/median branching time is flat. With absorbing
increasing dispersal (Figure A12l). iSheffect was boundaries, longlistance dispersal is lethal and thus
weak with reprising boundaries (Figure Al12l) anaarly branching is hindered; late branching,
reflecting boundaries, stronger with absorbingpowever, can stilfvery rarely) occur.
boundaries, and entirely absent with stopping
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Figure A13: Alternate view of the parameteegion slices shown in Figures 3A (left column), 3B (middle column), and 4C (right
column), showing branching times for branched realizations near those sk&sdiatributions of braching times for each set of
realizations, showing similarity to the overall distribution shown in Figure A11k: Bach set of realizations plotted following the

axes of Figures 3A, 3B, and 4C; colors indicate branching time, from white (0 generatimts]3000 generations). Comparison to
Figures 3A, 3B, and 4C shows that intermediate probabilities of branching do not generally correspond to long branching times
although a weak association may exist in panel F. Instead, large slope and/or larggecap@ar to cause long branching times

(see also Figure A12). Parameter ranges for these plotsaA?D:1,c < 0.1, 631 realizations; B/E < 0.1,s< 0.1, 166 realizations;
C/F:s<0.2,1,<0.3,v<0.225, 166 realizations (parameters not listeslenaunconstrained to maximize the number of realizations
plotted). Results shown are for reprising boundaries; qualitative results are the same for other boundary conditions.
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Finally, short mean/median branching times A few previous models have looked at
were associated with large populatieize (Figure ecological and/or evolutionary dynamics on complex
A12J), a large number of phenotypic clusters (Figutgvo-dimensional  landscapes. = However, the
A12K), and a large ecological trait variance (Figuréandscapes of these studies differ from ours in
Al12L). These associations might appear to bseveral important ways. In some models, the
almost tautological: the faster branching is, the motandscape consists of only two types of terrain,
clusters are produced at equilibriunthe more habitable and uninhabitablée.g., Hiebeler 2000;
variance there is in the ecological trait, and the larg8onte et al. 2010Q)or two discrete resource types
population size can be (due to relaxed competitiaffistributed heterogeneouqlg.g., North et al. 2011b;
resulting from greater phenotypic variance)Karonen 2012)In others, the environment does not
However, it could have been otherwise; if it werehange smoothly from one type to another, but
true here that Oslow and steady winsréoeO, then instead exhibits abrupt transitions between types
realizations with long branching times might havée.g., Birand et al. 2012Commonly, the landscapes
ultimately produced the most variation. Our resulinodeled are considered to vary in suitability in some
suggests instead that radiations producing a largbsolute sense, producing areas that are more
final clade size should be expected to proceed mdnabitable and areas that are less habitable, rather
rapidly than smaller radiations. This yndit with  than allowing local adaptation to the different
empirical results, since some of the largest adaptiemvironment types to occure.g, North and
radiations known are believed to have occurred in@vaskainen 2007; Stoddard 2010; North et al.
short time, such as the radiations of cichlids i2011a) As far as we are aware, our model is unique
African lakes (Seehausen 2002pf plants in the in its incorporation of both spatially and ecologically
Andes(Hughes and Eastwood 200&)d inthe Cape continuous complex spatial heterogeneity that
flora of South Africa(Richardson et al. 2001and determines the locally optimal phenotype extthan
other case¢Schluter 200Q)however, the generality the habitabilityper se
of this pattern is not clear.

Figure A13 shows these results regardingandscape generation

branching times in the light of three particular casegyiven parameters, C, L, and A, the landscapes
following threefigures in the main text (Figures 3A, cad in our model z'areg’constrL’Jcted in a-stap

3B, and 4C). Comparison of Figure A13 to thOSBrocess. These steps are explained here.

figures shows again that branching time and pjot 5 patchiness matrix with resolution
branching probability were unrelated in our modek icient  to represe patchiness  with
but that branching time increased with increasing ..o relation lengthL, (confirmed by post

environmental gradientgbe and curvature. analysis of the generated landscape) is filled with
random values drawn from a Gaussian distribution
with mean 0 and standard deviatian

Some previous work has been done regarding the Second, this patchiness matrix is convoluted
generation of complexly heterogeneous landscapesth a filter function (a modified Bessel function of
A method similar to ours was briefly outlined bythe second kind, order 0) using Fourier transforms.
Cliff and Ord (1973; Appendix 1jut was not fully This yields the desired periodic properties for yhe
specified. Keitt (200) describes a variety of direction; in thex-direction the patchiness matrix is
methods for landscape generation; our method jp@dded prior to convolution to remove the
essentially a special case of one of these. Similaorreldaion that would otherwise result between the
ideas have also been developed in other fields, suleft and right edges.

as materials sciencéHu and Tonder 1992; Wu Third, an environmental gradient matrix is
2000; Uchidate et al. 201.0However, these papers constructed, of the same resolution as the patchiness
are not generally accessible to roathematicians; matrix, expressing the linear and quadratic gradients
we thus felt there would be value in presenting owrs a functione(x) = Sx+ 2 Cx’.

landscape genation algorithm explicitly

Complex landscapes
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Fourth, the final pa&hiness matrix and thelag at which the ACF first crossed below the
environmental gradient matrix are added together threshold valuel/e (using linear interpolation to
produce the preliminary landscape matrix. estimate the exact position of crossing, between the

Fifth, the preliminary landscape matrix islast lag above the threshold and the first lag below
adjusted by adding a consta#it= 0.5! .., Where it). The lag was converted to the model coordinate
Ueny IS the mean of the preliminary landscape matrixsystem by dividing by 512, and was then divided by
this recenters the matrix to have a mean value df, to yield the scaled realized ACU, of the
0.5, so that the initial population is adapted to thandscape. This scaled realized ACL is a
mean environmental valuesde Model description dimensionless metric comparable to the scaled
PHENOTYPE RANGES ANDINITIALIZATION ). generating ACL|,.

Sixth and last, bilinear interpolation is used to Several other ACL estimation methods were
construct the canonical landscape matrix. The size ofed, including fitting an exponential curve to the
this matrix is constant, 512 by 512, for ease 0ACF, and using estimates of Moran@sd GearyOs
implementation. This is a sufficiently high resolutiorc. Although these metrics were all strongly
to represent with high fidelity alllandscapes correlated with I, they produced less accurate
generated by the values 8f C, L, andA used in predictions of the lanching propensity of the
this study. Values afiy(X, y) were obtained from the landscape, indicating that they did not capture as
canonical landscape matrix, scaled to exactly spamuch useful information as thi/e crossing point.

the dimension®" x,y" 1 of the landscape. The 1/e crossing point was therefore used to
estimate the realized ACL,, in all subsequent
Landscape analysis analyses.

The canonical landscape matrifsee previous
section, Landscape generatignwas analyzed to
derive metrics regarding the heterogeneity of thka the analysis presented, we have focused on the
landscape. The scaled standard deviation effects of model parameters on the probability of
skewness’;, and exess kurtosis’, were computed branching during a realization. We have also
across all the values in the canonical landscapeesented data regarding the timing of branching
matrix, thus characterizing the distribution of(see Distribution of branching times and
environmental values represented in the landsca@errelations with branching tim@sand have briefly
without regard to their spatial distribution. Theconsidered the number of branches generated (see
standard deviation was sedl by / (Table 1) in Alternative assessment of branchingand
order to yield a dimensionless metric of theCorrelations with branching timg¢sExcept for the
environmental heterogeneity, example realization shown in Figure 2, however, we
Additionally, a metric of the characteristichave thus far leftunaddressed more qualitative
spatial scale of heterogeneity in the landscape wagsestions: What does the typical pattern of
computed. First, the autocorrelation function (ACFbranching in a realization look like? What do
for thecanonical landscape matrix was computed vi@ndscapes that cause branching, orndb cause
the WienetkKhinchin Theorem, using Fast Fourierbranching, look like? How stable is the branching in
Transforms (FFTs); specifically, the autocorrelatiom typical realization? What doeshet spatial
function isF'*(F(E)F(E)), whereF denotes the distribution of branched and unbranched populations
Fourier transformF'* the inverse transformf the look like? What, if anything, differentiate
complex conjugate, an# the canonical landscapelandscapes that allow a single branching event from
matrix. To eliminate the periodicity in the- landscapes that allow larger adaptive radiatiohs?
direction implicitly imposed by the Fourieranswer these questignsve have chosen a saith
transform, flipped copies of the landscape wergelection of unbranched (Figure A14) and branched
pasted to its left and right edge. Given the ACKFigure A15) realizations that illustrate different
(normalized to a maximum value of 1), theypes ofobservednodel dynamics.
autocorrelation length (ACL) was estimated as the

Patterns of evolutioary branching
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Figure A14: A selection of realizations that did not branch. Each panel is composed of three subpanels: ¢thpdangper left),

the endof-realization population census (upper right), and the evolutionary history (bottom). Landscape colors indicate locally
optimal ecological trait values, while circle colors indicate the actual trait values of individualsabgthgr from white (low) to

dark green (high). The evolutionary history shows ecological trait vajteesg) through time (from the beginning of the realization,

on the left, to the end at 5000 generations, on the right). A: a steep gradient can riahdiiny; note the small population size due

to low mean fitness. B: a shallower gradient allows a larger population size and higher genetic variability. C: a ridatively
landscape with mild patchiness allows even larger population size and genietidlitsarD: curvature pushes the population to the

left, toward the shallower end of the gradient. E:-finained heterogeneity promotes branching, but branches may be ephemeral. F:
strong patchiness promotes branching, but it can be difficult to petststhow the populationOs distribution fits to the shape of the
landscape. G: very sheminge dispersal creates highly localized clusters, but with extreme heterogeneity even this may be
insufficient to allow branching. H: A steep gradient hinders brgmg note the lone colonist on the right, which will surely die. I
Strong patchiness also hinders branching, but refugia may mitigate this; note the lone colonist on the right, whictabtigfhtaest
foothold and found a new branch.



Online Appendix Evolutionary branching in complex landscapes 21

Figure A15: A selection of realizations that branched. Each panel is composed of three subpanels: the landscape (upper left), the
endof-realization population census (upper right), and the evolutionary history (bottom). Landscape colors indicate locally optimal
ecologicaltrait values, while circle colors indicate the actual trait values of individuals, both ranging from white (low) to dark gree
(high). The evolutionary history shows ecological trait valyesx{s) through time (from the beginning of the realization,henléft,

to the end at 5000 generations, on the right). A: simple branching on a gradient; note that branching was somewhat delayed. B
sometimes several branches can become established; however, note the transient branch that went extirsta@pktceness

creates local gradients that can promote branching. D: mestiafa patchiness can support several loeadlgpted groups. E: close

to pure competitive branching (subdivision of a homogeneous resource maintained by character displacememgeétion); a

very slight gradient is present, however. F: strong patchiness can subdivide the landscape into interleaved, fragnangedabit

G: branching with longange dispersal on a curved gradient; note that the flatter part of the graglipatts a larger population,
allowing further branching to occur (although it may not persist). H: very strong patchiness can restrict the populaiiogig¢o a

zone, just as with a very steep gradient. |: A rare example of extreme adaptive radiatpodting of an optimally intermediate

degree of heterogeneity, a short dispersal distance, and luck.
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Beyond remarks on individual realizations (seafter character displacement has equilibrated, stasis
captions, Figure Al4 and Al5), some genera$ generally again observed.
observations can be made. Perhaps the broadest These qualitative patternseanot here developed
observation ishtat branching is a ongay process in to the point of rigorously shown results; rather we
this model; Oreverse speciatiof8@ehausen 2006) offer them as interesting observations, in the spirit of
does not occur, although branches occasionally gnatural philosophyQy spur further inquiry into
extinct. This is likely for two reasons. First, thelessstudied aspects of the process of diversification
collapse of incipient branching due to Ronin biological systers.
assortative mating doemt occur since this model is
asexual; this might be expected to occur in a sexual
version of the model, until the strength of assortative
mating grew sufficiently strong to prevent
hybridization (Felsenstein 1981; Dieckmann and
Doebeli 1999; Doebeli andDieckmann 2003)
Second, the heterogeneity in this model is
temporally invariant, and thus causes a constant
selective pressure towards diversification; temporal
variation in environmental heterogeneity, on the
other hand, might be expected to lead to more
ephemeral divergend&eehausen 2006)
Another common pattern is that of evolutionary
stasis(Estes and Arnold 200@part from branching
and extinction(Qpunctuated equilibriu@ Eldredge
and Gould 1972; Gould and Eldredge 1977; Gould
and Eldredge 1993)The phenotype of unbranched
lineages often wanders over time due to drift (e.g.,
Figures A14B, A14D, A14l), particularly on
landscapes with weak heterogeneity that provide
some variety in local conditions, but not so much
variation (e.g., Figures A14A, AH) as to constrain
evolution through strong selection. Branched
lineages, on the other hand, more typically reach an
equilibrium and exhibit stasis thenceforth (Figure
A15) b although reaching equilibrium may take a
long time, as populations jockey forgtion on both
the physical landscape and on an adaptive landscape
with peaks that shift due to frequerdgpendent
selection. Once equilibrium is reached, each branch
exerts selection on every other branch, due to
competition, and this stabilizes the st
Destabilization occurs, however, when a new branch
arises, causing other branches to evolve away to
avoid competitive pressure (e.g., Figures A15C,
A15D). Similarly, when a branch goes extinct this
may remove previously existing competitive
pressuresallowing other branches to stop diverging
(e.g., Figure A14F) or even evolve toward the now
unoccupied niche (e.g., Figure A15B). Nevertheless,
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