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ABSTRACT

Understanding the causes of spatial variation in species richness is agsegoch focus

of biogeography and macroecology. Gridded environmental data and species richness
maps have been used in increasingly sophisticated curve-fitting analystsgdaeut

methods have not brought us much closer to a mechanistic understanding of the patterns.
During the past two decades, macroecologists have successfully addeessecal

problems posed by spatial autocorrelation, intercorrelation of predictor vayiaides
non-linearity. However, curve-fitting approaches are problematic beczaste

theoretical models in macroecology do not make quantitative predictions, and they do not

incorporate interactions among multiple forces.

As an alternative, we propose a mechanistic modeling approach. We describeecomput
simulation models of the stochastic origin, spread, and extinction of speciesg@ogr
ranges in and environmentally heterogeneous, gridded domain and describe poogress t
date regarding their implementation. The output from such a general simulation model
(GSM) would, at a minimum, consist of the simulated distribution of species ranges
map, yielding the predicted number of species in each grid cell of the domain.rbstont
to curve-fitting analysis, simulation modeling explicitly incorporatetioeesses

believed to be affecting the geographic ranges of species and generates a number of
guantitative predictions that can be compared to empirical patterns. We ddsebeft

the “control knobs” for a GSM that specify simple rules for dispersal, evolutionary
origins, and environmental gradients. Binary combinations of different knob settings

correspond to eight distinct simulation models, five of which are alreadgsesged in
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the literature of macroecology.

The output from such a GSM will include the predicted species richness perligtidece
range size frequency distribution, the simulated phylogeny, and simulaigglec

ranges of the component species, all of which can be compared to empiricakpatte
Challenges to the development of the GSM include the measurement of goodness of fit
between observed data and model predictions, as well as the estimation, optimizati

and interpretation of the model parameters. The simulation approach offers nésinsig
into the origin and maintenance of species richness patterns, and may provide a common
framework for investigating the effects of contemporary climate, deolary history,

and geometric constraints on global biodiversity gradients. With further developheent, t
GSM has the potential to provide a conceptual bridge between macroecology and

historical biogeography.

KEYWORDS Species richness, macroecology, biogeography, geographic range, mid-

domain effect, mechanistic simulation modeling
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INTRODUCTION

If a Cartesian grid is superimposed on the earth’s surface, counts of sptiessi

within each grid cell will not be uniform or distributed randomly in space. For ey
species richness is correlated with geometric and geographic propéthegyrid cells—
their surface area, isolation, latitude, longitude, and elevation or depth. Thesegsopert
are themselves often correlated with grid-cell measures of contenppgbnaate, such as
average temperature and annual precipitation. Understanding the mechasistif ba
these patterns remains the holy grail of modern biogeography and macroecoiligy (W
et al. 2003). This “richness problem” has been studied for over two centuries (Forster
1778; Wallace 1878; Rosenzweig 1995), and over 100 ecological and evolutionary
hypotheses have been proposed to resolve it (Rohde 1992; Palmer 1994). Because of the
large spatial grain and extent of these patterns, experimental apprasehaely

possible, and we must infer mechanisms from modeling and statistical @analyse
(Diamond 1986). Correlative procedures for analyzing macroecological data have
become increasingly sophisticated and powerful, but we are not necegstiilyg much

closer to a definitive understanding (Rohde 1992; Wdligl. 2003).

In this paper, we briefly review the “curve-fitting” approach that has dominated
contemporary analyses of species richness data. We argue that moreistiecha
approaches that model the origin and spread of species geographic ranges in a
heterogeneous landscape offer a potentially more powerful framewrarkvéstigating
species richness and associated macroecological patterns. This giemaliction model

(GSM) is a relatively simple form of pattern-oriented modeling (Griehad. 2005), in
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155 which a bottom-up model is used to predict system-level properties. In this paper, we
156 describe a GSM for macroecology: a general stochastic modelmgwvirark for

157 simulating processes such as speciation, dispersal, and extinction in a hetausgen

©CoO~NOUTA,WNPE

158 landscape.

13 159

15 160 THREEGRIDDED DATA LAYERS

18 161 Three kinds of data layers are typically used to analyze spatial pattesmescods

20 162 richness: (1) a gridded map of a biogeographic domain, such as a continent or bmoclimati
22 163 region; (2) species occurrence records within each grid cell of the domair3)anset of

25 164 contemporary (or increasingly, historical or future) environmental varial#asumed for

27 165 each grid cell in the domain, such as average temperature, net primary pitydocti

29 166 topographic relief. These data layers are used in analyses of spduiessipatterns and

32 167 form the inputs to the GSM.

34 168

169 Although beyond the scope of this paper, we note that many potential sources of error are
39 170 associated with each data layer, and that the effect of these errorohbalbly vary with

41 171 the spatial scale of the analysis. Recent studies have begun to explorectseoéffe

44 172 measurement errors (e.g., Sabthl. 2002; Mathiast al. 2004; Guralnick & van Cleve

46 173  2005; Hurlbert & Jetz 2007). However, in most analyses, process and measureonent err
48 174 are not distinguished, and they are pooled into a single error term. For now, we take the
51 175 same approach and assume that, for high-quality data sets analyzed at anaa@propri

53 176 spatial scale, the underlying biogeographic signal of the data is not sedmishyed by
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inevitable uncertainty in the data layers. Explicit modeling of the progéisaegive rise

to sampling errors is a promising avenue for future research.

CURVE-FITTING ANALYSES OFSPECIESRICHNESSPATTERNS

How are the three kinds of data layers (gridded domain, species occurrences, and
environmental variables) typically analyzed? Until recently, the mostnmmapproach
has been to treat each grid cell as an independent sample, and then searchdtort®rre
between species richness and climate variables within the domain. For exaspiple
linear regression of species richness of South American birds with net primary
productivity (Rahbelet al. 2007) accounts for 44% of the variation in species richness
among 1 x 1 degree grid cells (Figure 1). This curve-fitting approach, whiclltypic
uses linear functions and log-transformed data, has characterized hundreds légublis
analyses that invoke measures of contemporary climate as arguablyncaclsahisms

of patterns in species richness. The strength of the mechanism is oftediffenn the
goodness of fit (usually measurediB), and by the frequency of studies that show such
patterns. For example, Hawkiasal. (2003) concluded from a meta-analysis that 83 of
85 studies strongly supported some aspect of the water-energy hypothesis, because
species richness was significantly correlated with grid-cedlsmess of temperature or
precipitation. In single-factor regression analyses, climatic vasabtplained on

average 60% of the variation in species richness in continental areas (Hetvakins

2003).
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199 LIMITATIONS OF CURVE FITTING

200 The technical challenges of spatial autocorrelation (Rastgél 2006), inter-correlated

©CoO~NOUTA,WNPE

201 predictor variables (MacNally 2002), non-linear responses of species richness

202 environmental variables (Mittelbaehal. 2001), and effects of spatial scale (Nogues-

13 203 Bravoet al. 2008) have defined much of the research program in macroecology for the
15 204 past decade. Curve-fitting analyses have successfully identifiededpedterns of

18 205 correlation between species richness and climatic variables. Howesexxtinsive

20 206 curve-fitting activity has not led to satisfying explanations for the unaerlgauses of

22 207  species richness gradients (Cugti@l. 2004).

o5 208

27 209 As noted by Curriet al. (1999), the core problem is that most hypotheses to account for
29 210 large-scale variation in species richness are specified so vaguely thdothiepredict

32 211 anything more precisely than a qualitative latitude-richness coarel@tihich served to

34 212 motivate many of the hypotheses in the first place) or a simple correlatpecés

213 richness with measures of contemporary climate (which does not lead to unique

39 214  predictions for different hypotheses). Notable exceptions include the speeigy e

41 215 model (Wright 1983), the mid-domain effect (Colwell & Lees 2000), and metabolic

a4 216 theory (Allenet al. 2002), all of which have recently been used to derive quantitative
46 217 predictions of species richness patterns and to test those predictions withadrdatec

48 218 (Currieet al. 2004, Jetz & Rahbek 2001, Hawkiisal. 2007). A second problem is that
51 219 both contemporary and historical factors influencing species richneskedydd interact

53 220 in complex ways. We lack a body of theory to explain how these mechanisms will

55 221 interact. Although causal modeling (Shipley 2009) is a potential approach to this
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problem, it has rarely been used in macroecology. The more common approach of using
simple or multiple regression analysis is not an effective way of deaithg w
multicollinearity (Burnham & Anderson 2002). A final problem with curve-fittinghist t

the response variable in the statistical model—species richness pegligrid ¢he total

number of species whose geographic ranges overlap each grid cell in the domain. A
mechanistic understanding of species richness patterns should be based on modeling the
actual species ranges themselves, rather than the aggregate vatiabiesoimmed

overlap in each grid cell. The GSM directly addresses all three of theserpsolit

generates quantitative predictions of species richness per grid celbarates multiple

interacting processes, and models species ranges directly.

BioCLIMATIC DISTRIBUTION MODELING STRATEGIES

Bioclimatic species distribution models (Pearson & Dawson 2003; dElith 2006) use
occurrence data to infer the environmental niche limits of a species, emplosangtst

of model-fitting tools (Thuiller 2003; Latimest al. 2006) and validation criteria (Aradjo

et al. 2005). Although bioclimatic species distribution models are essentially a form of
sophisticated curve fitting, they are becoming more mechanistic (@iradifll. 2008).
Recent models have incorporated processes such as dispersal and extincsion (lve
2004, De Marceat al. 2008), and have been coupled with stochastic population models
(Keith et al. 2008). As species distribution models become more mechanistic, they

converge in strategy with the modeling approach we advocate here.
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244  Why not, then, simply apply bioclimatic species distribution models to each speares
245 assemblage, and then sum the predictions for each grid cell to derive expeatsd spec

246 richness (McPherson & Jetz 2007; Fitzpateckl. 2008)? The primary reason we do not

©CoO~NOUTA,WNPE

247 pursue this approach is that it requires estimating potentially hundreds of {ssaase

13 248 each species distribution is fitted, optimized, and “trimmed” using historical and

15 249 ecological considerations. In contrast, we prefer a modeling strat@gyich a set of

18 250 similar, but not identical, species are modeled with a much smaller number of {gasame
20 251 (perhaps less than a dozen). An intermediate strategy for characteadatgon among

22 252  species would be a “random effects” model in which species differencelsaaeeterized
25 253 by a probability distribution for each model parameter, or a model in which speeies

27 254  assigned to different functional groups, each with a different set of specifeadgiar

29 255 values.

32 256

34 257 Of course, these deliberate simplifications can introduce other problems afgolex

258 estimating dispersal with a single dispersal kernel for all specgtd give very different

39 259 results from a model in which the dispersal kernel for each species waatedtim

41 260 separately. Colwelt al. (2009) have shown that, even in a homogeneous domain with a
a4 261 simple Poisson dispersal kernel, there is a strong interaction betweenalidjgasce |

46 262 and geographic range size in their effects on species richness per grid selallrand

48 263 intermediate, but identical, range sizes, a simple spreading dye model prooiugdsx

51 264 species richness patterns that do not resemble a simple mid-domain effeetl(& al.

53 265 2009). These effects of range size would be more accurately represented wétesepa

10
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parameters for each species in an assemblage than with a model thatlltegeecies

identically.

However, we can point to several examples of important models in ecology, including
equilibrium theory (MacArthur & Wilson 1967), neutral theory (Hubbell 2001), and the
metabolic theory of ecology (Browat al. 2004), that assume species are “similar” and
are fitted with common parameters. These models have been surprisinglyssuicat
explaining many patterns in large multi-species assemblages. Indeed, tHgingde
premise of macroecology is that much of the variation in species assemblagesis dr
by only a small number of deterministic forces that can be described with simple

stochastic equations (Brown 1995, Maurer 1999).

Finally, suppose the bioclimatic species distribution modeling perspectivgést; and

the distribution of each species in nature must be represented by a unique model with
parameters that are distinct from those of other species in the assenilitagevere

true, the resulting pattern of species richness might be expected to bexcantplaghly
variable, but would not necessarily correlate very well with environmentgagraphic
variables because the predicted set of optimum conditions would be different for each
species. In fact, species richness of many taxonomic groups correlatsgoegyy with
latitude, longitude, elevation, and a suite of associated environmental variables
(Rosenzweig 1995). For the same reason that macroecologists have been successful

using curve-fitting models to describe species richness as a functioneofandtenergy

11
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288 variables (Hawkingt al. 2003), we believe there is merit in pursuing a modeling
289 approach that does not focus on idiosyncratic differences among species.

290

©CoO~NOUTA,WNPE

291 MECHANISTIC SIMULATION MODELS FOR SPECIES RICHNESS PATTERNS

13 292 To overcome the limitations of the curve-fitting approach, and to avoid the unwieldy

15 293 strategy of predicting species richness by stacking species distnilbatidels for

18 294 individual species, we propose a third alternative: mechanistic models thatsimul

20 295 speciation, dispersal, and extinction of species in a heterogeneous landsgagse(ted

22 296 as a gridded domain). Simulation models are characteristically probalaihst

25 297 stochastic, so that multiple iterations of the same model can be used to diypirica

27 298 estimate the expected number of species (and its variance) in eachlgidteel

29 299 domain, under the conditions of the model. A comprehensive, general simulation model
32 300 must be flexible enough to incorporate and adjust major driving mechanisms of

34 301 contemporary, past, or future climates, evolutionary and historical forces, @meétge

302 constraints. These mechanisms can be accommodated in a single GSM, potentially

39 303 providing a common framework for investigating hypotheses about the relativenadlue
41 304 on species richness of geometric constraints, climatic factors, anddailsppocesses.

a4 305

46 306 However, the GSM poses some new challenges. It forces an explicit considefdtie

48 307 precise rules that govern the origin of species and the expansion of theipheogra

51 308 ranges in a bounded domain, and it requires an estimate of the parameters that control
53 309 these processes. Because the GSM approach predicts species richrmessgsatiey

55 310 arise from the overlap of species ranges, the mechanisms by whictdyawageics occur

12
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must be explicitly defined and coded as computer algorithms that operate witlifia spe

time step and in a logical sequence.

The algorithms in the GSM represent a set of rules that govern the location, figbabil
and mechanism of speciation, the inheritance of niche characteristics by wesjrenees
from its immediate ancestor, and the ability of each species to disperse goichewalls

and successfully colonize them based on their environmental characteristiosodéle

could be run for a given number of evolutionary time steps, until a particular number of
species ranges are simulated, or until a balance between speciation anaexsncti
achieved, leading to a stationary distribution of species richness.

CONTROL KNOBS OF THEGSM

Each algorithm or procedure in the GSM can be thought of as controlled by a rotary
knob, switch, or dipswitch (Rosenzweig & Abramsky 1997). The setting of the control
knob specifies the value of either a continuous parameter (e.g., like a watdt) ta a
discrete multi-state parameter (e.g., like an automobile headliglchdwiven a

relatively simple model might have a dozen such control knobs. For purposes of
discussion, it is useful to think of one of the settings on each knob as a “ground” or “null”
state (the “off” position on the water faucet or the headlight switch) theggents a
parsimonious or unconstrained condition for the process. As an illustration, we consider
just three of the control knobs in a GSM and their possible settings: dispersatalista

evolutionary origins, and environmental gradients.

13
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Dispersal Limitation This control knob specifies limits on the distance, in grid-cell units,

that each species is able to disperse in a single time step of the model, po¢eakiglly
colonizing a grid cell that it does not already occupy. The “ground statdfisocdntrol

knob would be dispersal within the domain that is unconstrained by distance, so that a
species could potentially reach any grid cell in the domain in a single dispeesit.

Many models in macroecology fit this scenario (Brown 1995); they describaldages

for which species richness is ultimately determined by energetitraios and other
factors operating within a grid cell, unconstrained by the ability of spteriesch those
grid cells (Brownret al. 2004). At the other extreme, initial models of the mid-domain
effect (Colwell & Lees 2000) invoked strict range cohesion, so that speciesgeagr
ranges could spread only through contiguous, unoccupied grid cells. This constraint may
reflect many biologically realistic processes that limit rangeasgion at smaller spatial
scales, including environmental heterogeneity (Connolly 2005), strong @dispers
limitation (Swenson & Howard 2005), source-sink dynamics (Cusbatt 1996), and
metapopulation structure (Keét al. 2001). Between the extremes of unconstrained
dispersal and strict range cohesion, the dispersal limitation control knob couldde set
allow for dispersal across intervening grid cells (e.g., Rangel & Diittio-2005b, Dunn

et al. 2006, Colwellet al. 2009). Patch dynamics models reflect cases in which the

intervening habitat is unsuitable for colonization (Connolly 2005).

The shorter this dispersal distance, the more closely the model will resémalbhnge

cohesion model, and the longer the dispersal distance, the more closely the hhodel wi

resemble unconstrained, spatially homogeneous dispersal. The longer theldispersa

14
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distance, the more holes or discontinuities will be generated in each specgraphen
range. Alternatively, patchy distributions could also arise in models withgoois

range expansion if local extinction is allowed to occur within occupied gi&l (@skma

et al. 2001; Rangel & Diniz-Filho 2005b; Daviesal. 2005; Connolly 2009). We have

had good success with a simple dispersal model in which dispersal distancesfollow
Poisson distribution with a common dispersal parameter p for all species in the
assemblage (Gotelit al. 2007, Colwelkt al. 2009). Modeling dispersal in this way

allows for occasional long-distance dispersal events, but requires thegatastd make
decisions about which occupied grid cells are more likely to serve as dispersaksour
Does dispersal depend on the environmental conditions in the source and/or the target
grid cell, or does it depend on the location of the source cell within the currently occupied
range (edge versus interior grid cells)? What is the fate of propdgudesed to disperse
beyond the edge of the domain? Are these propagules “lost” or can they "stoposhort” t
colonize unoccupied cells at the edge of the domain? If the grid cells in the doeain a
fairly large, a model of contiguous dispersal into adjacent cells may teeappropriate.

In this case, the algorithm is similar to cellular automata, with rulesfigglefor

spreading into the adjacent 4 or 8 cells (von Neumann or Moore neighborhoods,
respectively). In preliminary trials (Gotelli, unpublished data), both methedsgnilar
results, although the 8-cell Moore neighborhood is more efficient and leads to [@mss por

species distributions.

Evolutionary originsThis control knob sets the number of independent evolutionary

origins for modeling the biota. The ground state of this control knob defines
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independent evolutionary origins for a biotanaspecies. The origin of each species is a
unique event, and evolutionary history (i.e. the position of the geographic range of the
ancestor species) does not have an influence on the resulting pattern. Morebeger, nic
inheritance and niche conservatism (Losos 2008) are not explicit in this modatliae

of each species is independent of the niche of all other species. Most exristiaghased
models of species richness (Jetz & Rahbek 2001; Grytnes 2003; Connolly 2005gStorch

al. 2006; Rahbekt al. 2007) treat the origin of each species as an independent event.

At the other extreme, a single evolutionary origin might initiate an esiticee that is
distributed within a domain. In this class of models, each new species originbtes
within (or adjacent to) the geographic range of its ancestor. Evolutionary history
potentially influences the pattern of species richness, and the model generateg not onl
the expected species richness per grid cell, but also a phylogeny, both of whithecoul
compared to empirical data. Bokreaal. (2001), Rangel & Diniz-Filho 2005a, Rangel

al. (2007), and Roy & Goldberg (2007) provide examples of such evolutionary models
that include a single ancestral taxon that gives rise to a sextdnt taxa within a

domain. As our understanding of the evolutionary relationships and biogeographic
history of real organisms improves, it will become possible to set empiricabvaluthe
nindependent origins parameter. For example, Pennington & Dick (2004) estimated that
up to 20% of tree taxa in a sample of an Ecuadorean forest were members of clades

descended from long-distance immigrants from Africa.

16



©CoO~NOUTA,WNPE

401

402

403

404

405

406

407

408

409

410

411

412

413

414

415

416

417

418

419

420

421

422

423

Ecology Letters Page 18 of 50

Gotelli et al. A GSM For Macroecology
Ecology Letters (I & P)

The algorithmic details will need to address the geographic mode of speciation. |
speciation is sympatric or from long-distance dispersal (peripheratasyl then the
algorithm must specify the cell of origin and the dispersal kernel. If sjp@tis

allopatric, then the algorithm must specify how existing geographic ranges ar
fragmented and whether the probability of fragmentation depends on measured
environmental variables. Rangglal. (2007) successfully used a stochastic sine-wave
function to simulate climate change and fragment ranges in an evolutionary ok
authors also used two simple, stochastic variables to control the “heritabilthyg of
environmental niche from ancestor to descendant taxon—one for the niche center in
niche space and the other for niche breadth. The niche center parameter encompassed the
extremes between perfect niche conservatism (the daughter taxon tregains t
environmental niche center of the parent taxon) to rapid evolutionary adaptation (the
niche center of the daughter taxon evolves to match the mean environmental conditions
of the parental range fragment from which the daughter originates). The nialdénbre

parameter controls the range of conditions tolerated around the niche center.

Environmental gradient§ his control knob determines whether speciation, dispersal, or

extinction are equiprobable among grid cells or depend on particular environmental
variables. Although most analyses and discussion of environmental variables focus on
contemporary climate, new reconstructions of paleoclimates (Beeakr2007, Salzman

et al. 2008) and paleo-richness (FAUNMAP 2009) may provide data for realistic
historical models that can be analyzed with the GSM. Several control knobs may be

necessary because the environmental factors that affect speciatidmatige the same

17
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424  ones that determine dispersal or extinction. For terrestrial biotas, teurpexat
425 precipitation are two variables that are important correlates of laeje{satterns of

426 species richness, and therefore are likely candidate variables fotlthg-cell

©CoO~NOUTA,WNPE

427  weighting of dispersal and net speciation rates. The water-energy modelegran

13 428 emerging framework that may eventually yield functional forms foenand energy

15 429 variables derived from first principles of physiology and physical constré@iBrien,

18 430 2006). For now, however, these models are either conceptual only (Vetaas, 2006; McCain
20 431 2007), or derived from regression parameters fitted to particular data $te(Q’

22 432 1998). Regardless of the details of the algorithms that determine the way In whic

25 433 climate affects the size and location of geographic ranges, the grounof skasecontrol

27 434 knob is a model in which all grid cells are equiprobable within a pre-defined geographic
29 435 domain and zero elsewhere.

32 436 MODEL VARIATIONS

34 437 Thus far, our simplified GSM has three control knobs (dispersal distance [DD],

438 evolutionary origins [EO], and environmental gradients [EG]) that specify soyme ke

39 439 algorithms for simulating geographic ranges of species. If we considercentrol knob

41 440 in its dichotomous off-on settings (where “off” represents the ground stae)enerate

a4 441 a set of eight qualitatively different kinds of simulation models (Table 1).dfitleese

46 442 models correspond well with recently published analyses and large-scaldismsula

48 443

51 444  The simplest model, with all three control knobs in the ground state [0-0-0; no dispersal
53 445 limitation, n-evolutionary origins, equiprobable environments], would yield a Poisson

55 446  distribution of species richness per grid cell because each speciegoceusrplaced
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randomly, equiprobably, and independently throughout the domain. This model
corresponds to the statistical null hypothesis that is tested in manysiegrasd curve-
fitting analyses. Levins' (1969) original formulation of a single-speuigspopulation
model also matches this category, as colonization occurs among patches in a
homogeneous environment with no dispersal limitations. However, the Levins (1969)
model is dynamic, as it includes continuous local extinction and recolonization, and it is

not spatially explicit.

Imposing range cohesion and allowing each species to originate independemtly, in a
equiprobable environment [1-0-0] describes the algorithm for the spreading dye model
(Jetz & Rahbek 2001), in which each species originates in a randomly chosen grid cell,
and then its range expands randomly and equiprobably into contiguous unoccupied grid
cells until its specified range is filled. The spreading dye model isrtiydest two-
dimensional simulation model of the mid-domain effect (Colwell & Lees 2000). The
analytical models of Grytnes (2003) and Connolly (2005) also fall in this category,
although they do not constrain the frequency distribution of range sizes to match the
empirical data. This category also includes models with partial dispiengakion in a

patchy environment (Connolly 2005).

Including only the constraint of evolutionary origins [0-1-0, a single geographigal or
for all species] in an equiprobable, but bounded environment probably will not generate
any geographic gradients in species richness, because all cells in the d@ma

equivalent and are equally accessible to colonists. However, because the aregin of

19
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470 species is no longer independent of the placement of previous species, this class of
471 models could generate important deviations from a Poisson distribution of species

472 richness and variance per grid cell.

©CoO~NOUTA,WNPE

473

13 474 A model with no dispersal limitation and multiple origins but with environmental

15 475 gradients that affect origination, extinction, or migration [0-0-1] is consistgntmany

18 476 hypotheses that invoke contemporary climatic or environmental effects (e.g.,

20 477 temperature, precipitation, productivity, harshness, or environmental heteropaseity
22 478 the primary determinants of species richness patterns. These scenariisedesc

25 479 *“range scatter” models by Rahbetkal. (2007), assume that historical and evolutionary
27 480 forces are relatively unimportant in determining patterns of contempspagyes

29 481 richness. Species are potentially able to reach all suitable gsdiagtiin the domain, so
32 482 that local species richness is controlled by some aspects of energy owootkeengorary

34 483 abiotic variables. Predictions of models in this category would be similar pbesim

484 regression-based analyses of species richness, which implicitlyeafsamnspecies

39 485 richness within a grid cell does not depend on its location within the domain and is

41 486 determined only by those environmental variables included in the regression model and a
a4 487  stochastic error term (e.g. Hawkietsal. 2003).

46 488

48 489 Imposing a dispersal constraint on a model with environmental gradients and multiple
51 490 origins [1-0-1] produces a hybrid model that combines climatic and mid-domaitseffec
53 491 leading to a spreading dye model in a heterogeneous environment &r@006;

55 492 Rahbeket al. 2007). For the South American avifauna, these “range cohesion” models
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did a better job of predicting species richness for wide-ranging spkaieslid either
simple spreading dye models [1-0-0] or range scatter models [0-0-1] (Retldbek

2007).

Models that specify a single evolutionary origin and dispersal limitation in a
equiprobable environment [1-1-0] capture the spirit of the neutral model (Hubbell 2001),
but differ from classic neutral models in specifying a bounded domain. At large
biogeographic scales, with strong dispersal limitation, these models caatgenil-

domain peaks of species that are qualitatively similar to the predictions pirédagling

dye and other two-dimensional mid-domain effect models (Rangel & Diniz-Filho 2005b)
Models that characterize speciation, colonization, and extinction dynainties @atch

scale (rather than as individual births and deaths) also belong in this category
(evolutionary origins models of Boknahal. 2001; Davies et al 2005; analytical patch

occupancy models of Connolly 2009).

Models that include effects of environmental gradients and a single evolutmrginy
but no dispersal constraint [0-1-1] have not been explored. Depending on the details of
the speciation mechanism that is modeled, the lack of a dispersal constraintnmagy or

not erase historical effects that arise during speciation.

The most complex combination in the GSM proposed here includes dispersal limitation, a

single evolutionary origin, and effects of environmental gradients [1-1-1]. R&nge

Diniz-Filho (2005a) pioneered models in this class (in one and two dimensions), with a
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single, bounded, environmental gradient or geographical mosaic; a singleanaruti
origin; and simple (peripatric) speciation and extinction rules. They showedti¢hat t
resulting pattern of species richness is a balance between gradiegithséned geometric
constraints. Ranget al.’s (2007) recent simulation of avian biogeography incorporates
all of these effects on a complex map (South America), and incorporates many othe
“control knobs” that specify rules for environmental fluctuation, range fragmemtatic
extinction, and the inheritance of the environmental niche characteristicaficestor to

descendant species.

Although each of the studies discussed here involves much more detail, specification of
just three of the control knobs in the GSM effectively encompasses andetasgibt

published analytical and simulation models in macroecology.

ESTIMATING, OPTIMIZING, AND INTERPRETINGM ODEL PARAMETERS

Even a relatively simple simulation model can potentially contain many ptgesnit is
unlikely that all of these can be estimated independently with empiricalRiatdefs

2003), so values of such parameters will have to be chosen on the basis of biological
insight, expert opinion, or parsimony. The parameters can then be adjusted or optimized
to generate the best possible fit between the model output and empirical datsetBar
optimization for a GSM may be especially computationally intensive becalarge

number of model simulations will have to be run for each parameter combination to
estimate the model’s predicted values of response variables. Moreover, aptayidagrd

algorithms for finding best-fit parameter values (e.g., simplex, gragiestimulated
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annealing approaches; Kelly 1999) is also problematic because goodnesshd&fies
for these stochastic models will not necessarily be smooth, so simplex amshgradi
algorithms may not converge on the optimal parameter sets. Genetic proggaonm
reverse engineering algorithms (Bongard & Lipson 2007) may be needed to#fficie

locate optimal (or near optimal) parameter combinations.

This strategy of adjusting and optimizing the parameters would produce a singkisynt
model that incorporates several interacting mechanisms. Such a model would probably
reflect the intuition of many macroecologists about the multiple factoraftieat species
richness (Harrison & Cornell 2007). However, such a model is likely to be unnelgessari
complex. An alternative approach is to begin “turning off the control knobs” of Table 1,
and trying to construct simpler models to account for variation in species sciRether
than optimizing parameters to generate a single complex model, this appresitheus
GSM to generate a suite of simple (null) models that can be viewed as aléernat
hypotheses. If there arebinary control knobs, there aré@arameter combinations or
gualitatively distinct models. This number may become prohibitively large &alistic
GSM, but it may not be necessary to test all model combinations to address the

interactions of a few key mechanisms.

Finally, a comparative approach could be use@faniori comparisons of taxonomic

groups that differ in dispersal ability or other features, or comparisonsrafla si

taxonomic group among different biogeographic domains that differ in gedlogica
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561 histories. In this way, the GSM can be used to explore complex narratives and hggpothes
562 in historical biogeography (se@TfURE CHALLENGES).

563
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564 DEFINING THERESPONSEVARIABLE

13 565 Explaining the observed pattern of species richness per grid cell is th@alroigective

15 566 for building the GSM. In theory, different models can be assessed or rankecbsdliety

18 567 basis of their ability to account for variation in species richness. Howeves, roase

20 568 arise in which two different models predict a similar pattern of speciesass. For

22 569 example, an evolutionary model that posits higher speciation rates closetrapite

25 570 (Rohde, 1992, Allen & Gillooly 2006, Alleet al. 2002, 2006), a niche conservatism

27 571 model with tropical origins (e.g. Rangglal. 2007), and an energetic model that posits
29 572 more species where there is higher temperature or more energy av&laiieet al.

32 573 2004) would all predict a positive correlation between species richness and tengpera
34 574

575 How can we decide between competing models in such cases? @ranrf2005)

39 576 advocate the analysis of multiple response variables in assessing the outpuopleikc

41 577 simulation models. One of the great benefits of using the GSM is that it can generat
a4 578 many secondary predicted patterns for analysis. The output from any single run of the
46 579 GSM can be organized as a binary presence-absence matrix, in which columns are the
48 580 grid cells, rows are species, and the matrix elements represent ther@genr absence
51 581 (0) of a given species in a particular grid cell (Gotelli 2000). Traditiordtics derived

53 582 from presence-absence matrices include the column sums (yielding tresspetiess

55 583 per site, our primary response variable) and the row sums (resulting in ther rdrsibes
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in which each species occurs). In this context, the row sums represent thiegredic
range-size frequency distribution, which can be a possible secondary regpasisie

(Rangel et al. 2007).

Moving beyond the simple row and column sums, presence-absence matrices enable the
generation of additional response variables, including the “dispersion fielaVé&&

Rahbek 2005), which is the set of geographic range sizes of species occurring m a give
cell, and the “diversity field”, which is the set of richness values of céllsnithe range

of a given species (Aritet al. 2008). Patterns of dispersion and diversity fields may

assist in model discrimination and evaluation. Other potential response vaitiables

exploit the structure of the full matrix include the location of centers of esde(detzt

al. 2004), the degree of nestedness of the species assemblagedldiri@®09),

measures of beta diversity (Andersaal. 2006, Jost 2007, Chao et al. 2008), and

patterns in the scaling of species richness, including the speciesiatieaship (Arita

& Rodriguez 2002; Lyons & Willig 2002).

An entirely different dimension can be added to all these metrics if rowsdspane
classified according to a phylogeny generated by the model itself, agddgeaphic
position of columns (grid cells) is explicitly included in the model. This enalties t
analysis of response variables in spatial and temporal evolutionary cohtxtaght
allow a finer tuning of contrasting models. First, the shapes of the gehpategenies
themselves can be compared with observed phylogenies using metrics sueh as tre

balance (e.g, Heard & Cox 2007) and the pattern of lineage-branching patbeght
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time (e.g., Whitest al. 2006; Alroy 2008; Phillmore & Price 2008). Second, the
phylogenetic community structurseisu Webb 2000) of taxa co-occurring in samples of
spatially contiguous cells can be compared between observed and simulated@eases
expect high phylogenetic clustering at these biogeographic scaleswie dispersal
limitation is high and a spatial signature of speciation persists for a loag@mham &
Fine 2008), or when strong environmental gradients are combined with strong
phylogenetic niche conservatism (Wiens & Graham 2005; Losos 2008). Thirdjcspecif
phylogeographic patterns can be examined: e.g., how often in simulated cases do tax
within some spatially- or environmentally-defined region form a cladeeo§ame size

and shape as is seen in the observed phylogeographic distribution? A latituatinethtgr

of species richness could thus be examined, shedding light on the many competing
evolutionary hypotheses that have been proposed to explain the pattern (Wiens &
Donoghue 2004; Jablons#tial. 2006, Mittelbactet al. 2007; Arita & Vazquez-
Dominguez 2008; Jablonski 2008). Finally, if additional traits or attributes of species
have been measured, there are numerous indices for describing the distribution of trai

states among terminal taxa (e.g. Blombetrg. 2003).

In combination with species richness per cell, all these secondary pattéitesda
discrimination among models. However, there are difficulties with this approaahdsec
not all of the response variables are produced by all of the models, and some models
make use of the empirical distribution of some of the response variables. Fm&xa

the evolutionary model af independent origins does not generate a phylogeny;

conversely, many simple spreading dye models use the observed rangegsieady
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distribution to generate model predictions, so these variables could not used to evaluate
models. Indeed, it is arguable that formal model selection statistics slubidd nsed for

any response variables when comparing, e.g., a model that uses the obsee/stzean
frequency distribution and one that predicts the range size frequency distribArion.
additional challenge is that models that optimize the fit to one of the respoisd@egr

(such as the number of species in each grid cell) may do so at the expense afuthers (
as the range size frequency distribution). Although the GSM predicts spebresssand

a number of other macroecological patterns, it is unclear how much weighting bleoul

given to secondary patterns for the purposes of assessing goodness-of-fit.

ASSESSINGVIODEL ADEQUACY AND COMPARING MODELS

For a GSM to be useful, we must be able to identify models that fit the observed data
well, to measure the adequacy of the fit for each model, and to rank competing models
against one another in terms of their predictive power. We focus here on modeling the
number of species in each grid cell, leaving aside other model predictions such as

phylogenetic patterns or range size frequency distributions.

A good model will have little or no bias, meaning that it will accurately pretserved
species richness in each grid cell. In the best case scenario, a gooavithadisd be
precise, meaning that repeated stochastic trials of the same modehertigea small
variance in species richness in each grid cell. A classical meagteeadequacy of a

univariate estimatordy), calculated from a sample of siXdo estimate a parameteris
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652 the mean square errdMEE, e.g., Lehmann & Casella 1998), which includes the two
653 components of bias and variance:

654
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655 MSE = E(Uy-0)’

13 656 = [E(Un) —6]°+ Var(Uy)

15 657 = [BiasUn)]* + Var(Un)

18 658

20 659 For our purposes, we shall ignore measurement error and treat the observedidgata a
22 660 “parameters” to be estimated by the model. Although more complex models mayde m
25 661 accurate, they may also generate greater variances among simtrlats and therefore

27 662 be less precise. On the other hand, simpler models may be less variable amoad repeat
29 663 simulation trials but may also be less accurate.M8€ therefore identifies models that

32 664 strike a good balance between accuracy and parsimony.

34 665

666 The observed (empirical) data consist of a discrete count of the number of sptures wi
39 667 each ofc grid cells on a two-dimensional surface, which we will denote by the v@ctor

41 668 with element®,, O,, ..., O.. Similarly, for a given model, a single stochastic outcome
a4 669 from a simulation of the model produces a species richness value within eacteof thes
46 670 grid cells. LetN be the number of simulations agdbe the value in thi" grid cell k =

48 671 1,...,c) for thei™ simulation { = 1,...,N). An individual simulation surface will be

51 672 denotedS, which, likeO, is a vector of length. For a large number of independent,

53 673  stochastic simulations (say,= 10000), the estimated expectation forkfgrid cell is

55 674 the average species richness:
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Ek ~ % Zi’\il Sk

We denote the vector of these expectations (also of lehgsE.

Each vector of richness values can be represented as a poditriensional space.
From this perspective, the squared Euclidean distanceHrtm®, here denoted by
[D(O, E)]?, measures bias because it is the sum of the squared deviations of the observed

species richnes©j from the expected species richness predicted by the nidel (

> (biag?® =[D(0,E)J* = >, (O, —E\)*

Next, we can calculate a measure of the variability or (thinking geiadt) the

relative dispersion of the simulation poilgsgn multivariate space (Anderson 2006). The
Euclidean distance from simulation surf&#¢o the average surface (or centroid) for all
simulations from that model 3(S;, E). Dispersion is then calculated as the sum of
squared distances from the individual simulation vectors to their cefiroligdided by

(N —1). This dispersion is equal to the sum (across all cells) of the variances in the

simulation values (calculated within each cell):

Y (van=giy Y. [D(S.E)*

To compare the models directly with one another for their predictive capabiditcan

use the sum of the MSEs, as follows:
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> (MSE$ =[D(O,E)l* + 5 >, [D(S  E)?

Better models will have smaller values for this sum, which includes the compafent

bias (D(O, E)J?) and imprecision {9 2l D(S B

).This index should not be used
to compare models if the parameters used in the models were themselvateddtiom
the observed data. It can, however, be used to compare mechanistic models that
incorporate parameters that were derived independently of the observedatis can

be ranked on the basis of this index or other metrics that implicitly or exphogthsure

and trade off accuracyersus precision.

In addition to ranking a set of models according to their precision and low bias, it wil
often be informative to assess the adequacy of a single model against therdatstirig
the goodness-of-fit (GOF) of a particular model based on count data such as species
richness, we suggest using the Kullback-Leibler (or K-L) distance (Kullbdoilgler
1951). The K-L distanceK(O,E)) compares the observed (empirical) dataith species

richness predicted by the modEl,

n 1< O
MQEFm{i}F—Zom{JJ
nO nO k=1 “ Ek

wheren. = E, andn, = O,. For models in which the observed range size

frequency distribution is preserves, = no, so the first term collapses to zero, and the K-
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L distance depends only on the difference between the observed and predicted species
richness for each grid cell. The K-L distance test differs by only a comstatplier
from a likelihood ratio test of a given modefsus a saturated model (see p. 336 in

Burnham & Anderson 2002).

The next step is to assess the distribution of the K-L distances under the null hgpothes
that the model is correct (i.e., its output accurately matches the empirealAlat

intuitive way to estimate this distribution is to simulate a large numberaftets &,

S, ...S..., S\) thatdo conform exactly to the model's assumptions, and then calculate
the K-L distances associated with the simulated data sets (Tsay 1992; 20a8¢

These K-L distancels(S, E), i = 1, 2, ...,N form a parametric bootstrap distribution
(Efron & Tibshirani 1993; White 2002) that can be used directly for hypothesis testing
TheP-value is estimated directly as the proportion of simulKi&l E) distances that is
greater than or equal KO, E). This empirical testing procedure assumes that
simulations are independent of one another, but (importantly) does not assume
independence among the cells within a given simulation, nor does it make any

assumption about the nature of the distribution of the K-L distances.

Analyses such as comparisons of MSE values and tests based on K-L distaradéswill
investigators to quantify the accuracy and precision of different simulatdels) to

rank competing models, and to perform GOF tests for individual models. Thesartests ¢
be performed on contemporary species distributions and environmental variables, but

they can also be adapted for evaluating changes in species richnegh thmau In
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743 addition, diagnostic tools and residual plots can be used to identify individual gsid cell
744  or geographic regions in which a model’'s predictions consistently over or unidesitest

745  species richness.
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746

13 747 FUTURE CHALLENGES

15 748 We have argued that stochastic simulation models of species occurrences provide a
18 749  powerful complement to traditional curve-fitting and more recent bioclimatmespe

20 750 distribution modeling. However, the GSM is not a panacea. As with traditional curve
22 751 fitting and bioclimatic species distribution modeling, the results will beisea to the

25 752  spatial scale and taxonomic resolution of the data. Moreover, our ability to testhls
27 753 hypotheses will be limited by the availability of good phylogenies and dedly:

29 754  environmental data layers for historical climates. Nevertheless, siomutaodels hold

32 755 great promise for understanding the role of historical and contemporary fosiesing
34 756 species richness patterns and for projecting species richness undes charage.

757

39 758 In closing, we note that the subdiscipline of historical biogeography (Morrones&i Cri
41 759 1995) also has tried to link patterns of species diversity to historical and evolationar
a4 760 processes through the mapping of contemporary diversity on phylogenies, @ cgrd
46 761 vicariant events (Platnick & Nelson 1978; Rosen 1978; Nelson & Platnick 1980). Perhaps
48 762 the development of a detailed GSM will provide a conceptual bridge between

51 763 macroecology and historical biogeography (Brooks 1990; Cracraft 1994).

53 764
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Model Dispersal Evolutionary Environmental | References

Limitation Origins Gradients

Poisson 0 0 0 Implicit null hypothesis in

Random most curve-fitting analyses

Variable Levins (1969)

Spreading Dye 1 0 0 Jetz & Rahbek (2001),
Grytnes (2003), Connolly
(2005)

Evolutionary 0 1 0

Origins

Range Scatter 0 0 1 Implicit mechanistic model
in most curve-fitting
analyses (e.g., Hawkins et
al. 2003)

Range 1 0 1 Storch et al. (2006),

Cohesion Rahbek et al. (2007)

Neutral Model 1 1 0 Bokma et al. (2001),
Rangel & Diniz-Filho
(2005b), Davies et al.
(2005) Connolly (2009)

Evolutionary 0 1 1

Origins +

Environmental

Gradients

Saturated 1 1 1 Bokma et al. (2001),

Model Rangel and Diniz-Filho

(2005a), Rangel et al.
(2007), Roy & Goldberg
(2007)

48

Table 1. Knob settings of a hypothetical GSM for simulating species richatsesns in
a gridded domain. Knob settings of O represent a “ground state” for each knob. Dispersal
Limitation: 0 = none, 1 = range cohesion or limited dispersal; Evolutionary Origjms:
independent evolutionary origins for a faunanaipecies, 1 = (1) independent

evolutionary origins, generally 1; Environmental Gradients: O = colonization aadipe
expansion into all grid cells equiprobable, 1 = probabilistic colonization and/or range

expansion into grid cells as a function of measured environmental variables.
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Figure 1. Linear regression of species richness of South American endetsiedysus

net primary productivity (NPPY{= 0.44, p < 0.001). Each point represents a

single P x 1° latitude-longitude grid celin(= 1676). (Data from Rahbek al.

2007.)
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