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Abstract

As the utility of the neutral theory of biodiversity is increasingly being recognized, there

is also an increasing need for proper tools to evaluate the relative importance of neutral

processes (dispersal limitation and stochasticity). One of the key features of neutral

theory is its close link to data: sampling formulas, giving the probability of a data set

conditional on a set of model parameters, have been developed for parameter estimation

and model comparison. However, only single local samples can be handled with the

currently available sampling formulas, whereas data are often available for many small

spatially separated plots. Here, I present a sampling formula for multiple, spatially

separated samples from the same metacommunity, which is a generalization of earlier

sampling formulas. I also provide an algorithm to generate data sets with the model and I

introduce a general test of neutrality that does not require an alternative model; this test

compares the probability of the observed data (calculated using the new sampling

formula) with the probability of model-generated data sets. I illustrate this with tree

abundance data from three large Panamanian neotropical forest plots. When the test is

performed with model parameters estimated from the three plots, the model cannot be

rejected; however, when parameter estimates previously reported for BCI are used, the

model is strongly rejected. This suggests that neutrality cannot explain the structure of

the three Panamanian tree communities on the local (BCI) and regional (Panama Canal

Zone) scale simultaneously. One should be aware, however, that aspects of the model

other than neutrality may be responsible for its failure. I argue that the spatially implicit

character of the model is a potential candidate.
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I N T R O D U C T I O N

Neutral theory in community ecology, strongly revived by

Hubbell (2001) in his already seminal work, is starting to

mature, in the same spirit as its ancestor in population

genetics. Ecologists are increasingly accepting the merits of

neutral theory (Alonso et al. 2006; Adler et al. 2007) as a null

model, both in a philosophical and a technical sense.

Philosophically, the assumption of ecological equivalence,

i.e. differences between species do not matter for their

abundance and diversity in ecological communities, is the

most parsimonious description only to be replaced by a

more complex description when data convincingly tell us so.

Technically, neutrality functions as a first approximation

that may work well for some practical purposes in ecology

(e.g. as an emergent property on the right spatial and

temporal scale, Holt 2006) in the same way that the ideal gas

law has proved useful in physics. However, this does not

mean that neutrality itself is the generally accepted explan-

ation for the structure of ecological communities. On the

contrary, empirical evaluation of neutral theory has shown

many limitations (McGill et al. 2006). Part of those

limitations may be ascribed to other parts of the particular

model formulation than neutrality per se. For example, the
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effect of the assumed speciation mechanism (which has little

to do with neutrality) on the shape of species-abundance

distributions can be large (Etienne et al. 2007b) and a

spatially explicit neutral model has been shown to give a

much better description of species–area relationships than

the original spatially implicit version (J. Rosindell &

S.J. Cornell 2007). At the same time, the effect of the

zero-sum assumption in the model seems to be nil

(R.S. Etienne, D. Alonso, A.J. McKane, unpublished data).

Hence, more model extensions and relaxation of other

assumptions than neutrality are needed to explore the

domain of applicability of the neutrality assumption.

Here, I extend Hubbell’s local community model in such a

way that it can be applied to multiple, spatially separated

samples of species abundances simultaneously. Current

analytical results in neutral theory apply only to a single,

dispersal-limited, local sample that is linked to or embedded in

(Alonso et al. 2006) a metacommunity dictated by a speci-

ation-extinction balance (Volkov et al. 2003; Etienne 2005).

Often, however, data consist of samples from several

discontiguous plots. Lumping these together to produce a

single species abundance data set assumes that all individuals

in the total area sampled have the same probability to colonize

an empty site. In a single sample from a contiguous plot this

assumption is approximately satisfied if the plot is not too

large relative to the dispersal distance, but for several samples

from spatially distinct plots such a hand-waving argument has

little credibility, and thus lumping is not appropriate. This

problem has been recognized and a preliminary solution has

been offered (Jabot, F. Chave, J. & Etienne, R.S., unpublished

data; Munoz et al. 2007), but here I derive a full analytical

sampling formula for this situation. It includes the single

sample formula (Etienne 2005) as a special case. In addition, I

present a new statistical test of the neutral model (given a data

set) that does not require an alternative (niche-based) model.

This is an important step as it avoids discussion of validity of

the alternative model in empirical evaluations. I illustrate the

new formula and test by applying them to three neotropical

forest samples across a rainfall gradient. The results support

the (already known) fact that the three communities are not

ecologically equivalent. However, I also discuss other

interpretations of the test results.

T H E S A M P L I N G F O R M U L A F O R M U L T I P L E

S A M P L E S

Suppose that there are N samples from N different local

communities, each of which contains Ji individuals (i ¼
1…N), summing to a total of J individuals in all samples

together and a total of S different species. The N samples

sizes can be summarized by the vector ~J ¼ ðJ1; . . . ; JN Þ.
The species found in these samples are indicated by an

arbitrary order k ¼ 1…S and the data set of all species

abundances D
!

can be written as a vector of vectors
~D ¼ ð~D1; . . . ; ~DN Þ ¼ ½ðn11; . . . ; n1S Þ; . . . ; ðnN 1; . . . ; nNS Þ�
where nik represents the number of individuals of species k

in sample i. The new sampling formula that I will derive is

an expression for the probability of observing such a data

set under the neutral model. The derivation follows the

genealogical approach (Etienne & Olff 2004b; Etienne

2005). Instead of the assumption that all individuals

regardless of spatial location have the same probability to

colonize an empty site (which would allow lumping the

samples together and implies treating all individuals as

members of the same large local community), I assume that

only individuals in the same plot can colonize an empty site

with equal probability; immigrants from elsewhere can

colonize this site, but these immigrants originate directly

from the metacommunity, i.e. the regional species pool that

is in speciation-extinction balance, and not from one of the

other plots (see Fig. 1). In other words, the plots should be

sufficiently far apart for one plot to have a negligible

contribution to immigration into another plot, compared

with the contribution of the whole metacommunity.

Nevertheless, the plots do depend on one another because

they share a common source pool of immigrants. This set-

up bears some similarity to the scattering and collecting

phases in population genetics (Wakeley 1999).

As in the single-sample case, the metacommunity is

governed by the fundamental biodiversity parameter h
(Hubbell 2001) and there is immigration to each local

community. Hubbell (2001) described the probability of

immigration to the single local community in his model with

the parameter m. This parameter m can be related to the

fundamental dispersal limitation parameter I by m :¼ I
IþJ�1

(Etienne & Alonso 2005) which shows that m depends on

sample size. This becomes problematic in a sampling formula

for multiple samples and instead the fundamental dispersal

number I (or Ii for each sample i) should be used as a measure

of dispersal limitation. Replacing m by I calls for a clear

interpretation of I. This interpretation was first given in

Etienne & Olff (2004a): I is the potential number of

immigrants that compete with the local individuals for

available sites. Thus, I does not depend on sample size, but

rather on sample area, because the number of immigrants

that compete with the local individuals decreases as the

sample area increases and thus the average distance between

immigrants and locals becomes larger. When I is assumed the

same for all local samples, the sampling formula for multiple

samples should therefore be used only on multiple samples

taken from similarly sized and similarly shaped plots. Samples

from plots of different sizes can be dealt with by (repeated)

subsampling of the plots such that all subsamples are

similarly sized. I will provide an example below.

The genealogical approach (Etienne & Olff 2004b)

assigns immigrating ancestors to all individuals in a local
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sample. The ancestors are a random sample from the

metacommunity and the distribution of these ancestors

over species are therefore described by the Ewens

sampling formula with parameter h. The distribution of

the individuals over the ancestors is also described by a

Ewens sampling distribution, but with parameter Ii

(Etienne & Olff 2004b). Combining these Ewens

sampling distributions (with parameter h or parameter Ii)

by summing over all the possible abundance vectors of

the ancestors that are compatible with the local commu-

nity data, one obtains the required probability P ½~Dj~I ; h;~J �.
Here I will only present this resulting sampling formula

and I refer to Appendix S1 in the Supplementary

Material for the complete derivation, because this is quite

technical:

Pbc
~Dj~I ; h;~J
� �

¼ Fbc

YN
i¼1

Ji !

Iið ÞJi

QS
k¼1 nik!

 !
X

fa11;...;aNS g

YS

k¼1

ak � 1ð Þ!
YN
i¼1

s nik; aikð ÞI Ai

i

 !" #
hS

hð ÞA
: ð1Þ

I will elaborate on the indices b and c below. The aik

represent the number of ancestors of species k in sample i.

They are unknown, but they are integrated out by the

summation in eqn (1) which is over all aik (i ¼ 1…N,

k ¼ 1…S) with each aik taking all integer values between 1

and nik. For example, for two samples and two species, the

summation
P

{a11
,a12,a21,a22} meansPn11

a11¼1

Pn12

a12¼1

Pn21

a21¼1

Pn22

a22¼1. The quantities Ai, ak and

A are functions of these aik : Ai ¼
P

k aik and ak ¼
P

i aik

and A¼
P

i Ai ¼
P

i,k aik ¼
P

k ak. The quantity (x)y is the

Pochhammer symbol defined as

xð Þy:¼
Yy

i¼1

x þ i � 1ð Þ ¼ C x þ yð Þ
C xð Þ ¼

Xy

j¼1

�sðy; jÞxj ; ð2Þ

where C(x) is the Gamma function and �sðj ; kÞ is the

unsigned Stirling number of the first kind (Etienne 2005).

The indices b and c, which can both take the values 0 or 1,

indicate whether or not it is necessary to uniquely identify

species and samples, that is, whether or not one puts

specific labels (names) on each individual with respect to its

species name and its sample location (Johnson et al. 1997;

Etienne & Alonso 2005). When species (or samples) are not

labelled, this means that the order of species (or samples) in

the vector ~D is considered irrelevant. For example, if the

nature of each species is considered irrelevant (which is the

standard assumption in the literature on species abundance

distributions), then a data set ~D ¼ ½ða; bÞ; ðc; dÞ� is treated as

indistinguishable from ~D ¼ ½ðb; aÞ; ðd ; cÞ�. But note that
~D ¼ ½ðb; atÞ; ðc; dÞ� is different, that is, species identity is

kept track of; all samples must still have the same (but

arbitrary) order of species. Similarly, if the nature of each

site is considered irrelevant, then ~D ¼ ½ða; bÞ; ðc; d Þ� is

treated as indistinguishable from ~D ¼ ½ðc; dÞ; ða; bÞ�. Evi-

dently, there are four possibilities: (a) both species and

samples are labelled, (b) samples are labelled, but species are

not; (c) species are labelled, but samples are not; and (d)

neither species, nor samples are labelled. The pre-factor Fbc

in (1) deals with these possibilities (see Appendix S1), with

the indices b and c indicating whether species are labelled

(b ¼ 1) or not (b ¼ 0) and whether samples are labelled

(c ¼ 1) or not (c ¼ 0):

F11 ¼
1

S !
; ð3aÞ

Metacommunity (θ) Metacommunity  (θ)

Local
community

Local
community

Local
community

Local
community

I
I
3

I
2

I
1

Previous representation This paper’s representation

Figure 1 Schematic representation of the neutral model considered previously (left) and of the model considered in this article (right). On the

left only one local sample is considered, or samples are lumped together into one big sample. On the left the spatial distinctiveness of the

samples is taken into account. Immigrants come directly from the metacommunity; direct exchange between the local communities in

the sample is assumed to be negligible. In both cases the metacommunity is completely described by the parameter h, and immigration from

the metacommunity into the local communities is described by the parameter Ii for sample i.
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F01 ¼
1Q
~j U~j !

; ð3bÞ

F10 ¼
N !Q
~k W~k!

� �
1

S !
; ð3cÞ

F00 ¼
1Q
l Xl !

N !Q
~k W~k!

� �
1Q
~j U~j !

: ð3dÞ

Here, U~j is the number of species that have abundance

vector~j across the samples (where samples are not labelled)

and W~k is the number of samples that have the same species-

abundance distribution~k (where species are not labelled). The

quantity Xl covers the rare occasions where permuting species

and samples at the same time would give the exactly same

distribution data set. See Appendix S1 for details. Note that

the Fbc are only important when comparing different data sets
~D (see Johnson et al. 1997 and Slatkin 1996), but they do not

matter when estimating the parameters from a data set ~D
using likelihood-based methods such as maximum likelihood

or Bayesian methods. Also note that c ¼ 1 in the case that the

Ii are different, because different Ii already implies that we

distinguish between different samples. If the Ii are identical, it

is most natural to assume c ¼ 0 (see also below). The value of

c only matters in practice if there are samples with exactly the

same size Ji.

If all the Ii are different, eqn (1) is extremely difficult to

evaluate in practice for realistic sample sizes and species

numbers because of the enormous amount of summations

involved (over all the aik). However, if dispersal limitation is

highly correlated between communities (for example

because they are similar samples from the metacommunity),

then we may assume that the Ii are all the same, Ii ¼ I. The

number of parameters reduces to two (h and I) and eqn (1)

can be further simplified to

Pbc
~Dj~I ;h;~J
� �

¼ Fbc

YN
i¼1

Ji !

Iið ÞJi

QS
k¼1 nik!

" #X
A

M ~D;A
� � I AhS

hð ÞA
;

ð4aÞ
where

M ~D;A
� �

:¼
X

fa11;...;aNS j
P

i;k
aik¼Ag

YS

k¼1

ak� 1ð Þ!
YN
i¼1

s nik;aikð Þ
" #

:

ð4bÞ
Equation (4) can certainly be evaluated within reasonable

time. Note that (4) reduces to the formula given in Etienne

(2005) for N ¼ 1 (the value of c is then irrelevant):

Pb
~Dj~I ; h;~J
� �

¼ Fb

J !

Ið ÞJ
QS

k¼1 nk!

" #X
A

K ~D;A
� � I AhS

hð ÞA
ð5aÞ

with

K ~D;A
� �

:¼
X

fa1;...;aS j
P

k
ak¼Ag

YS

k¼1

ak � 1ð Þ!s nk; akð Þ ð5bÞ

thus (4) is a generalization of the formula in Etienne (2005).

‘ E X A C T ’ T E S T O F N E U T R A L I T Y

The sampling formula (4) can be used in likelihood-based

parameter estimation techniques, such as maximum likeli-

hood estimation (MLE) or Bayesian estimation (see Etienne

2005 and Etienne & Olff 2005 for examples for the one-

sample sampling formula), and model comparison and

goodness-of-fit tests. Below I will give an example of

parameter estimation for a real data set, but first I will show

how the sampling formula functions in a novel goodness-of-

fit test of the neutral model. This test is based on the

sequential construction scheme associated with the new

sampling formula.

Distributions (sampling formulas) in the Ewens family

correspond to sequential construction schemes, also called

urn schemes, that generate samples from the distribution.

Hubbell (2001), borrowing from Ewens (1972), presented

the scheme that corresponds to the Ewens Sampling

Formula, to generate a species-abundance distribution when

there is no dispersal limitation. These urns are known as

Hoppe urns in population genetics, after Hoppe (1984, 1987.

Likewise, Etienne (2005) presented the sequential construc-

tion scheme for a single sample from a dispersal limited

community. For applications see for example, Alonso &

McKane (2004) and Etienne & Olff (2005). Here I present

the sequential construction scheme when there are several

samples from different localities. This scheme forms the core

of the neutrality test to be discussed below, and a pseudo-

code for it is provided in Appendix S2 in the Supplementary

Material. It generates the species-ancestry-abundance distri-

bution, given the model parameters h and Ii and sample sizes

Ji. Each individual in each sample is given an ancestry label

and a species label according to some specific rules. When all

individuals have been labelled, the species–ancestry–abun-

dance distribution can easily be computed by counting all

individuals with the same ancestry label and species label. If

one ignores the ancestry labels (i.e. effectively sums over the

ancestries) and only looks at the species labels, one obtains

the species–abundance distribution. As with the sequential

construction scheme for a single sample (Etienne 2005), the

new sequential construction scheme for multiple samples has

a simple but important application in the computation of the

Simpson (1949) diversity (Appendix S3 in the SM).

Even more importantly, the sequential construction

scheme, in combination with the sampling formula and

parameter estimation, gives way to an exact test of neutrality
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without the need for an alternative (niche-based) model.

The sequential construction scheme in Etienne (2005) also

allows such a test for a single sample in a similar fashion.

The test is as follows. First, model parameters are estimated

from the data using MLE. For this set of model parameters

(h,~I ) and sample size vector~J one can generate any number

(let us call this C) of artificial data sets ~Ds (s¼1…C) using

the sequential construction scheme. The sampling formula

(1) gives the probability P0c ½~Dj~I ; h;~J � of any data set ~D
under the neutral model (b must be 0, see Slatkin 1996). If

one generates a large number of artificial data sets ~Ds , then

one can construct a frequency distribution of these

probabilities P0c
~Dsj~I ; h;~Js

� �
, and compare the value

obtained for the real data set ~D to the frequency distribution

of the values for the artificial data sets ~Ds . If the probability

of the real data set is significantly smaller than the bulk of

the artificial data sets, it is unlikely that neutral processes are

responsible for the observed community structure, because

most neutral communities have a larger probability. If the

probability is similar to the values of the artificial data sets,

then the observed species abundance distribution is

consistent with neutrality, and neutrality cannot be rejected

on these grounds. Instead of using parameters estimated

from the data to generate the artificial data sets, it is

preferable to use independent parameter estimates, but

these are often not available.

The neutrality test proposed here is similar to the test

proposed by Slatkin (1994, 1996 for the Ewens distribution

in that it compares the probability (the likelihood) of the

realized configuration with the probabilities of the artificial

configurations, but it has a crucial difference in that it is not

parameter-free. It is a mixture of a Monte Carlo significance

test (Barnard 1963; Bartlett 1963) and the parametric

bootstrap (Efron & Tibshirani 1993) which both make

inferences based on artificially generated data sets. Testing

for goodness-of-fit using percentiles of the distribution of a

test statistic (here the likelihood) over the artificial data sets

stems from Monte Carlo significance testing. The test is

called ‘exact’ in the sense that the type I error can be

precisely specified (Marriott 1979); the type II error can be

minimized by increasing C (Marriott 1979). Using estimated

parameters to generate these is inherited from the paramet-

ric bootstrap, but the parametric bootstrap proceeds by

estimating the parameters for the artificial data sets to obtain

an error estimate for the parameters of the real data set,

whereas the method proposed here computes the likeli-

hoods of the artificial data sets to obtain an estimate of

goodness-of-fit of the model to the real data.

E X A M P L E

I applied the sampling formula and the neutrality test to a

data set consisting of three Panamanian forest plots (Condit

et al. 2002), see Fig. 2. I chose this data set mainly because

the data set is publicly available, allowing anyone to check or

compare with my results. Nevertheless, the data set is

ecologically also very interesting. The three plots, Sherman

(5.96 ha of which 5 ha is in the data file), Barro Colorado

Island (50 ha) and Cocoli (4 ha) lie along a precipitation

gradient (3030, 2616 and 1950 mm year)1 respectively,

Condit et al. 2004) and, although only tens of kilometres

apart, have relatively few species in common (Condit et al.

2004). This may be explained (Bunker & Carson 2005) by

clear habitat affinities (Bazzaz 1998; Clark et al. 1998) or by

extreme dispersal limitation (sensu Hubbell 2001) or both.

The new sampling formula and neutrality test may shed new

light on these alternatives.

Parameter estimation

I used maximum likelihood estimation (MLE) to obtain

parameters for each of the plots separately and combina-

tions of them (lumped and not lumped). The results are

shown in Table 1. A first remarkable result is that the new

multiple-sample sampling formula (4) does not seem to

show multiple likelihood optima, in contrast to the one-

sample formula (5) (Etienne et al. 2006). I have plotted the

loglikelihood surface for further inspection (Fig. 3a) and

indeed it shows only one peak. This result implies that

adding spatial information by using several subsamples can

rule out one of the maxima, and thus increases the

information contained in species abundance data. However,

a second remarkable result is that this single likelihood

Sherman

Cocoli

BCI

Atlantic Ocean

Pacific OceanPanama

Costa Rica

Colombia

Figure 2 Map showing the location of the three Panamanian forest

plots. They lie along a precipitation gradient from the Atlantic (wet)

to the Pacific (dry).
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maximum occurs for high h and low I, indicating high

regional diversity and strong dispersal limitation, whereas

the one-sample likelihood maxima and the likelihood

maximum for the lumped data all occur for low h and

high I, representing low regional diversity and little dispersal

limitation. A third interesting result concerns the bias in

parameter estimates. For the Ewens distribution it is known

that the estimate for h is biased (Johnson et al. 1997),

although this bias decreases with sample size. For my

previous sampling formula, there also seems to be consid-

erable bias in MLE parameters (Jabot, F., Chave, J. &

Etienne, R.S., unpublished data). In contrast, Fig. 3b shows

the MLE parameter combinations for 1000 artificial data

sets generated with the sequential construction scheme (see

below) and these combinations spread nicely around the

values with which they were generated, suggesting very little

bias. Apparently, using multiple samples reduces the bias

substantially. More generally, where the single samples from

Sherman and Cocoli are, by themselves, too small to yield

reliable parameter estimates (particularly Cocoli, see

Table 1), they form an informative data set when combined

with (a subset of) BCI.

As noted above, when I is assumed the same for all local

samples, the sampling formula for multiple samples should

be used preferably on multiple samples taken from similarly

sized and similarly shaped plots. The Sherman-BCI-Cocoli

example clearly violates this condition. For this reason, I

also computed parameter estimates for the combination

of the Sherman and Cocoli plots with a 5 ha subsample of

BCI, and averaged over all 10 combinations (one for each of

10 subsamples from BCI). The estimates of h are all higher

and the estimates of I are all lower than those for the full

data set (Table 1).

Neutrality test

I also applied the ‘exact’ neutrality test to the Panamanian

tree data set described above. I chose two sets of

Table 1 Maximum likelihood estimates of the model parameters and the corresponding maximum loglikelihoods for the three Panamanian

forest plots separately and combined. If there are two local maxima in the loglikelihood surface (Etienne et al. 2006), the second maximum is

also listed. Often this maximum is only marginally lower than the global maximum. The 10 reduced data sets result from combining Sherman

and Cocoli with one of 10 different 5 ha subsamples of the BCI data set. The neutrality test is performed for all data sets consisting of

(sub)samples from all three plots using the parameters estimated from the three samples (which yield the P-value pMLE) or using the

previously reported parameters for BCI only (which yield pBCI).

Data set

Samples size and species richness Maximum likelihood parameter estimation Neutrality test

J
!

S
! bhI

bII LoglikI
bhII

bIII LoglikII pMLE pBCI

Single samples

Sherman 2860 125 29.77 2558 )112.46 264.9 36.31 )112.77 Not performed

BCI 21457 225 47.67 2211 )308.73 242.0 63.54 )312.55 Not performed

Cocoli 1079 99 26.37 ¥ )70.23 ¥ 26.37 )70.23 Not performed

Multiple samples lumped

Sherman + BCI 24317 273 59.04 2483 )332.36 287.7 79.30 )337.37 Not performed

Sherman + Cocoli 3939 209 47.09 18109 )131.513 ¥ 46.94 )131.515 Not performed

BCI + Cocoli 22 536 266 47.28 12651 )316.31 539.4 57.42 )316.17 Not performed

Sherman + BCI + Cocoli 25 396 312 59.53 7499 )339.70 508.0 73.54 )340.79 Not performed

Multiple samples combined

Sherman + BCI (2860, 21457) (125, 225) 215.4 55.10 )756.89 – – – Not performed

Sherman + Cocoli (2860, 1079) (125, 99) 789.3 28.85 )236.81 – – – Not performed

BCI + Cocoli (21 457, 1079) (99, 225) 273.7 48.47 )607.02 – – – Not performed

Sherman + BCI + Cocoli (2860, 21457, 1079) (125, 225, 99) 259.3 44.24 )1091.8 – – – 0.065 < 0.001

Sherman + BCI1 + Cocoli (2860, 2359, 1079) (125, 152, 99) 270.5 39.18 )679.87 – – – 0.392 < 0.001

Sherman + BCI2 + Cocoli (2860, 2151, 1079) (125, 150, 99) 273.9 39.21 )668.84 – – – 0.283 0.002

Sherman + BCI3 + Cocoli (2860, 2076, 1079) (125, 162, 99) 280.0 41.18 )673.74 – – – 0.401 < 0.001

Sherman + BCI4 + Cocoli (2860, 2027, 1079) (125, 171, 99) 282.2 42.63 )680.40 – – – 0.132 0.004

Sherman + BCI5 + Cocoli (2860, 2000, 1079) (125, 166, 99) 290.8 41.71 )679.28 – – – 0.262 < 0.001

Sherman + BCI6 + Cocoli (2860, 2050, 1079) (125, 153, 99) 297.3 39.13 )654.40 – – – 0.379 < 0.001

Sherman + BCI7 + Cocoli (2860, 2364, 1079) (125, 147, 99) 298.6 37.27 )652.12 – – – 0.435 < 0.001

Sherman + BCI8 + Cocoli (2860, 2225, 1079) (125, 138, 99) 296.5 36.32 )640.46 – – – 0.082 < 0.001

Sherman + BCI9 + Cocoli (2860, 2076, 1079) (125, 145, 99) 300.4 37.65 )647.22 – – – 0.173 < 0.001

Sherman + BCI10 + Cocoli (2860, 2129, 1079) (125, 157, 99) 271.5 40.47 )688.08 – – – 0.255 < 0.001
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parameters to generate the artificial data with: first I chose

the MLE parameters for all the samples together (but not

lumped), and second, I chose the parameters estimated

previously (and reported again in Table 1) for BCI only.

For each parameter set I generated 1000 artificial data sets,

each consisting of three subsamples with sample sizes set

equal to those for the real data. Table 1 lists the P-value of

the test, i.e. the fraction of the artificial data sets that have

a lower loglikelihood than the real data set. Although the

P-values are not significant for the data sets generated with

the MLE parameters optimized for the full data set, they

are very significant for the data sets generated with the

parameter values optimized for BCI only. Thus, in the

former case, the model cannot be rejected, whereas in

the latter case, the model is strongly rejected. This means

that if the neutral model is believed to apply to the scale of

BCI, it cannot apply (with the same parameters) to the

scale of the Panama Canal Zone. However, if, from the

outset, the neutral model is hypothesized to apply to

the scale of the Panama Canal Zone, the data used cannot

reject this null hypothesis.

For further analysis, I recorded a second test statistic, the

Sørensen distance or Bray–Curtis dissimilarity index dij

(Sørensen 1948; Bray & Curtis 1957), defined as

dij ¼
PS

k¼1 nik � njk

�� ��PS
k¼1 nik þ njk

: ð6Þ

The results are as follows. The Sørensen distance for the

artificial data is always lower than the observed when the

artificial data sets are generated with the ML estimates for

BCI only, no matter what pair of samples one is looking

at. This may not be surprising, because the model was

rejected for these parameter values. However, even for the

MLE parameters for all three samples a consistent pattern

arises regardless of what subsample is taken from BCI:

Cocoli and Sherman are significantly less similar than

expected under neutrality, but BCI and Sherman are

substantially (consistently but not always significantly)

more similar than expected under the neutral model. This

pattern may be expected given the distances (both

Euclidean and in terms of precipitation) between the

plots, but it is surprising that it is significant even though

neutrality cannot be rejected on the basis of the

loglikelihood in this case.

D I S C U S S I O N

My previous sampling formula (Etienne 2005) was a

generalization of the Ewens sampling formula (Ewens

1972; Hubbell 2001) for a single, local sample for dispersal-

limited communities. In this article, I have provided a

generalization of this previous sampling formula for

multiple local samples from the same metacommunity.

Existing data sets often contain multiple samples that are by

themselves too small to contain sufficient information for

reliable parameter estimates or model comparisons, and the

sampling formula of this article allows the information of all

these samples to be used simultaneously, thereby greatly

increasing the number of data sets the neutral theory can be

tested on.

Above I have already identified a possible limitation of

the new sampling formula: evaluation is extremely difficult

in practice except when the Ii are assumed equal. This

assumption in turn requires that plot sizes must be similar.

(a)

(b)

Figure 3 Characteristics of the sampling formula related to

parameter estimation. (a) Loglikelihood surface for the three plots

combined (full data set). Values below )1140 are indicated with

contour lines, values above )1140 are indicated with colours. (b)

Parameter estimates of each of 1000 simulated data sets generated

with h ¼ 270.5 and I ¼ 39.18, the MLE parameters for subset 1

(see Table 1), and sample sizes ~J equal to those of subset 1. The

cloud of points provides insight in the error in the MLE parameter

values of subset 1. The nice spread around the values with which

the data were simulated (indicated in red) implies that the bias in

the MLE parameter values is small.
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The latter restriction can be overcome by taking subsamples

such that plot sizes are equalized. There is no loss of data if

this is repeated for all different combinations of subsamples.

Still, the equality of the Ii may be considered a limitation.

Indeed, situations where different samples are thought to

have different degrees of dispersal limitation cannot be dealt

with. However, it may be doubted whether such situations

are conceptually consistent with the current model because

the model assumes a homogeneous metacommunity.

Furthermore, for parameter estimation it is often undesir-

able to allow the Ii to differ, because the model would

quickly be overparametrized and because potentially there

are a multitude of local likelihood maxima in a high

dimensional parameter space. In the example, the number of

parameters would be still relatively low (4), but in many

practical cases the number of plots and hence the number of

parameters would be much higher. In fact, the sampling

formula for multiple samples was designed to estimate h and

I to for data sets with many (e.g. 50) small plots each of

which would by itself be too small to allow for reliable

parameter estimation, but together constitute a substantial

data set. Thus, the sampling formula can be seen as a better

alternative to naively lumping data: the additional

information from many other small plots should be used

to estimate h and I more accurately, a benefit that would be

lost if all Ii were allowed to differ. Having said this, I invite

the mathematically and programming oriented reader to find

an algorithm that can evaluate the sampling formula within

reasonable time. It may be reassuring to note that for the

previous, single-sample, formula (Etienne 2005), vastly

faster algorithms were developed than I originally envisaged

(e.g. Tetame by Chave & Jabot, http://www.edb.ups-tlse.fr/

equipe1/chave/tetame.htm). For an impression of the

possible values of the Ii one can use the two-stage approach

of Munoz et al. 2007, but it should be noted that this

approach does not provide simultaneous estimation of h
and Ii (or I) and can therefore point to an incorrect global

likelihood maximum.

The previous paragraph touches upon a question of more

general importance: when is the new sampling formula for

multiple samples applicable? I already pointed out that plot

sizes should be similar (from the outset or after subsam-

pling). Because each sample is considered homogeneous, the

length scale of each plot should not exceed the typical

dispersal distance. I also noted that the samples should be

sufficiently far apart for immigration from one sample to the

other to be negligible (see also Fig. 1), that is, the plots

should be separated by distances longer than the typical

dispersal distance. At the same time, the samples should be

close enough to belong to the same metacommunity,

described by the Ewens distribution. A substantial environ-

mental gradient that is known to strongly influence

community composition should be avoided. Hence, all

plots should be separated by distances less than a

characteristic distance of environmental change (the Pana-

manian example actually violates this condition). As I argue

below, the new sampling formula is most suitable for

samples from different islands that receive immigrants from

a mainland without dispersal limitation.

In this article, I have provided a neutrality test, one that

can be used without the need of sampling formulas of

alternative models. Previously, the performance of neutral

models in fitting species abundance distributions has been

compared with the performance of alternative models,

particularly the lognormal model (McGill 2003; Volkov et al.

2003; Etienne & Olff 2005). Such comparisons are hard to

interpret because these alternative models – that are usually

meant to describe niche differentiation – are often very

different in nature, being a statistical description rather than

a mechanistic one, or being static rather than dynamic, or

they contain some form of neutrality by being symmetric

rather than asymmetric. The lognormal model also suffers

from this. It can be argued to be mechanistic, as it is a

sequential breakage model where breakage occurs inde-

pendently of fragment size (Bulmer 1974; Sugihara 1980),

but sequential breakage models are static (and can be

interpreted as symmetric). Another argument often invoked

for a mechanistic underpinning of the lognormal is that the

abundance of a species is governed by many more-or-less

independent factors that interact multiplicatively rather than

additively (May 1975) and that the Central Limit Theorem

then ensures a lognormal distribution. However, it can be

argued that this still requires species to be symmetric: the

independent factors must affect abundance for each species

in a similar way. Such hard-to-interpret comparisons are no

longer necessary to test the neutral theory, as the test

presented here is an internal test where goodness-of-fit is

determined relative to the goodness-of-fit of data that are

generated by the model itself. Nevertheless, progress should

be still made in the development of dynamical, mechanistic

niche-based models, because rejection of neutrality does not

give us a clue about what type of niche differentiation is

responsible for the rejection.

It cannot be emphasized enough that failure to reject

neutrality does not imply acceptance: pattern does not equal

process (Cohen 1968). This is true for any statistical test of

any (null) model – not just neutral models. In the context of

neutral theory it has indeed been explicitly shown that non-

neutral processes can generate patterns consistent with

neutrality (Purves & Pacala 2005; Walker 2007) and such

patterns would fail to reject neutral theory. Nevertheless,

successful rejection gives us information on the presence of

deviations from the null hypothesis. Whether the neutral

model is a true null model is still debated (Gotelli & McGill

2006), but it is now increasingly accepted as a parsimonious

description of community structure containing factors that
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are always present, such as sampling effects, dispersal

(which can also be seen as a sampling effect, see Etienne &

Alonso 2005) and stochasticity. Neutral theory is therefore

useful in checking whether other factors play a major role as

well.

For illustrative purposes, I have applied the new sampling

formula to a data set consisting of three local samples from

a neotropical forest metacommunity, one of which (BCI)

has served frequently as an example data set in articles on

neutral theory. The other two (Sherman and Cocoli) are, by

themselves, too small to yield reliable parameter estimates

(particularly Cocoli, see Table 1), but form an informative

data set when combined with BCI. The parameter estimates

obtained for the three plots combined are very different

from those obtained for each of them alone, and especially

from those for BCI which have been so often reported in

the literature and which were believed to be reasonable. This

by itself already suggests that neutrality and/or dispersal

limitation is not a sufficient explanation for the structure of

these tree communities at the metacommunity scale; niche

differentiation (the obvious adaptation to the precipitation

gradient) plays a major role at this scale. This is confirmed

by the neutrality test using the parameter estimates obtained

from BCI alone: the observed data occur in the tail of the

neutral loglikelihood distribution meaning that it is highly

unlikely that they are generated by purely neutral (dispersal-

limited) processes. However, the neutrality test based on the

parameter estimates from all three plots does not provide a

significant confirmation (Table 1). Ideally, one should use

truly independent parameter values to perform the neutrality

test, and then the test is completely impartial. By using

parameter values estimated from the data themselves –

which is often the only available option – one introduces

some circularity. This can be most easily understood in the

case of the Ewens distribution (no dispersal limitation).

Because then the observed number of species S is a

sufficient statistic for h, any data set generated with this h
will have an expected number of species of S and are

therefore bound to be similar in this respect to the real data

(this is why Slatkin conditioned his test on S), reducing the

power of the neutrality test to reject it. Hence, the neutrality

test can be considered conservative in this case. That is, it

will sometimes yield false negatives but seldom false

positives: if neutrality is not rejected, this does not

necessarily mean that the observed pattern is generated by

neutral processes, but if neutrality is rejected, then it is with

much confidence.

Strictly speaking, as I already mentioned in the introduc-

tion, the test proposed here can only reject the particular

model formulation under consideration (and the corres-

ponding parameter estimates are then rendered meaning-

less), not neutrality itself. Hence, although it is tempting to

discard neutral theory on the basis of the results of this

article, one must consider other characteristics of the model

that may be responsible for rejection. I have considered the

model’s point mutation assumption and its zero-sum

assumption elsewhere (Etienne et al. 2007; R.S. Etienne,

D. Alonso, A.J. McKane, unpublished data). The conse-

quences of the spatially implicit character of the model,

however, have not been thoroughly explored. The sampling

formula introduced in this article is probably the most

complete sampling formula that is possible within the

spatially implicit model framework using two spatial and

temporal scales in agreement with the principle of ecological

hierarchy (Allen & Starr 1982), and thus enables, for the first

time, an exploration of these consequences. The analysis of

the similarity index exposes the fact that dispersal limitation

in a continuous landscape is a spatial phenomenon that a

spatially implicit model has severe problems dealing with.

Indeed, the model seems inconsistent in that it assumes no

dispersal limitation in the metacommunity, whereas the local

communities embedded in it are dispersal-limited. Perhaps,

this can be remedied by assuming the dispersal-limited

sampling formula (Etienne 2005) rather than the Ewens

sampling formula (Ewens 1972) for the metacommunity.

The mechanistic basis for this needs is not immediately

obvious, however, and at any rate the resulting sampling

formula would become very complicated and have an

additional dispersal limitation parameter for the metacom-

munity scale which should be related to the parameter at the

local scale in some unknown way. Alternatively, if there are

independent data on metacommunity abundances, one can

refrain from using a model distribution for the metacom-

munity altogether, but this still ignores spatial structure in a

continuous landscape. Thus, the model (and these two

variations) seems most appropriate for a mainland-island

system where inter-island dispersal and local speciation can

be neglected and the mainland’s species abundance distri-

bution is well described.

What is needed in a continuous landscape is a spatially

explicit model that is similar in all other aspects. Although

some work on spatially explicit neutral models has been

done (Durrett & Levin 1996; Chave & Leigh 2002; Rosindell

& Cornell 2007), this field is still underdeveloped. Partic-

ularly, it will be extremely demanding mathematically if not

impossible to construct spatially explicit sampling formulas.

The benefit of incorporating spatially explicit information

will probably be offset by the loss of the ability to use the

full abundance vector (~D) rather than summary statistics

(diversity indices). This loss will be limited if informative

summary statistics can be found. The fact that the most

obvious summary statistic species richness (S) is a sufficient

statistic for h in the Ewens sampling formula (Johnson et al.

1997) gives some confidence that such a quest may be quite

successful. Nevertheless, the complexity of the spatially

explicit models will certainly call for an investigation to what
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degree a spatially implicit model can be used as an

approximation of spatially explicit models (see e.g. Vallade

& Houchmandzadeh 2006). I expect that the sampling

formula presented here will provide a valuable tool in this

investigation.
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