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Abstract

Abundance patterns in ecological communities have important implications for biodiversity main-
tenance and ecosystem functioning. However, ecological theory has been largely unsuccessful at
capturing multiple macroecological abundance patterns simultaneously. Here, we propose a parsi-
monious model that unifies widespread ecological relationships involving local aggregation, spe-
cies-abundance distributions, and species associations, and we test this model against the
metacommunity structure of reef-building corals and coral reef fishes across the western and cen-
tral Pacific. For both corals and fishes, the unified model simultaneously captures extremely well
local species-abundance distributions, interspecific variation in the strength of spatial aggregation,
patterns of community similarity, species accumulation, and regional species richness, performing
far better than alternative models also examined here and in previous work on coral reefs. Our
approach contributes to the development of synthetic theory for large-scale patterns of community
structure in nature, and to addressing ongoing challenges in biodiversity conservation at macroe-
cological scales.
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INTRODUCTION

Patterns of commonness and rarity are fundamental charac-
teristics of ecological assemblages. In general, within commu-
nities, most species are very rare, and a few species constitute
most of the community (McGill et al. 2007). Between commu-
nities, individuals of a given species are usually distributed
nonrandomly, with more regions of high and low abundance
than one would expect by chance (Holt et al. 2002). The
strength of this aggregation varies between species, with com-
mon species typically distributed less unevenly than rare spe-
cies (Taylor 1961). These spatial and interspecific abundance
patterns exhibit both commonalities and differences among
taxa and ecosystems that ecologists have sought to explain for
more than a century (Hubbell 2001; McGill et al. 2007). They
also have important implications for ecosystem functioning
(Smith & Knapp 2003; Loreau 2010; Mouillot et al. 2013),
and for how communities may respond to environmental
change (He & Hubbell 2011).
The ecological importance of spatial and interspecific pat-

terns of abundance has made explaining such patterns a core
criterion for testing proposed ‘unified theories of biodiversity’.
Such theories are formulated to explain patterns of abundance
and species richness based on a limited set of biological or
statistical axioms. Sometimes, these axioms consist of a small
subset of ecological processes believed to be responsible for
ubiquitous ecological patterns. Neutral theory of biodiversity,
for instance, assumes that species are ecologically and demo-
graphically equivalent, and thus all abundance variation is
driven by demographic stochasticity – chance variation in
numbers of births, deaths and dispersal events among species
and local communities (Hubbell 2001). Alternatively, unified
theories may use non-biological algorithms for generating sta-
tistical expectations. Maximum Entropy Theory of Ecology

(METE), for instance, uses Lagrange multipliers to derive
maximum entropy distributions for abundance patterns, such
as species-abundance distributions, by constraining predicted
distributions to have the same mean value (i.e. the same num-
ber of individuals and number of species) as the empirical
data (Harte 2011). Models derived from unified theories often
produce compelling agreement with data when individual pat-
terns, such as species-abundance distributions, are considered
in isolation (McGill et al. 2007). However, they have been less
successful when used to explain multiple patterns simultane-
ously (Adler 2004; McGill et al. 2005; Dornelas et al. 2006;
Xiao et al. 2015). In addition, when tested against individual
patterns, alternative models often make very similar predic-
tions (for instance, truncated lognormal abundance distribu-
tions strongly resemble log-series distributions); in such cases,
the model with fewer parameters may well be favoured even if
more comprehensive sampling, or testing against multiple pat-
terns, would yield a different result.
An alternative to constructing predictions from a restrictive

set of axioms, as existing unified theories do, is to begin with
distributions or functional relationships that are known to be
ubiquitous in nature, and that can be generated by a broad
range of realistic processes (Lawton 1999). Provided that the
assumptions required to produce the component relationships
are not mutually inconsistent, one could then ask whether a
tractable, parsimonious unification of these distributions and
functional relationships (hereafter termed a ‘unified model’)
can simultaneously predict multiple macroecological patterns
more successfully than unified theories can. If so, the unified
model can provide a benchmark against which unified theories
can be compared.
Here, we present a new model of metacommunity biodiver-

sity, which unifies four well-known and common macroeco-
logical patterns, and we test it on reef-building corals and
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labrid fishes, which encompass some of the most critical func-
tional groups on coral reefs (Bellwood et al. 2004). We anal-
yse surveys of fifteen meta communities of reef corals and
labrid fishes, encompassing three habitat types in five different
regions in from the tropical western and central Pacific (Con-
nolly et al. 2005; Hughes et al. 2014). Coral reefs are highly
species-rich ecosystems, consisting of extensive networks of
habitat patches connected by dispersal. This makes them ideal
systems for testing models of metacommunity structure (Con-
nolly et al. 2005, 2009, 2014; Dornelas et al. 2006; Volkov
et al. 2007; Bode et al. 2012). Specifically, we assess our mod-
el’s ability to simultaneously capture species-abundance distri-
butions within local communities, species differences in the
strength of aggregation, patterns of species associations (i.e.
community similarity), and species richness. We evaluate the
model’s relative fit, compared to alternative models for
intraspecific aggregation, for spatial mean–variance scaling of
abundances, and for the metacommunity species-abundance
distribution. We also conduct out-of-sample tests of the mod-
el’s ability to predict species richness at local and metacom-
munity scales. The unified model generates predictions that
are statistically indistinguishable from observed abundance
patterns of corals and reef fishes, and performs considerably
better than any alternative models that we examine, or that
have been proposed to date.

A unified model

Our goal is to formulate a model that specifies the probability
for a distribution of abundances among species, and among
sites, in a metacommunity, Pr(R), where R is the sites x species-
abundance matrix. We begin by choosing a distribution to
describe the spatial pattern of an individual species’ abundances
among sites in that metacommunity, Pr(r). Then, we specify
how the parameters that characterise that spatial abundance
pattern are themselves distributed among species. Finally, we
specify the full distribution for the sites-by-species matrix R.

To describe how a species’ abundances vary across sites, we
use a negative binomial distribution. Empirically, this distribu-
tion characterises aggregation very well (Engen et al. 2008;
Zillio & He 2010). Theoretically, the negative binomial can
arise from a broad range of different mechanisms used to
explain aggregation (Kendall 1949; Boswell & Patil 1970;
Nachman 2000). According to the negative binomial, the
probability that a species i, with mean abundance ki, has a
vector of abundances ri in samples from N sites is:

Pr rijki; kið Þ ¼
YN
j¼1

C rij þ ki
� �

C kið ÞC rij þ 1
� � ki

ki þmjki

� �ki mjki
ki þmjki

� �rij
 !

ð1Þ
where mj is a measure of sampling effort at site j (i.e. mj ki is
the expected abundance of species i in the sample from site j),
rij is the number of individuals of species i in the sample from
site j (i.e. the jth element of the abundance vector ri), and ki is
the shape parameter of the negative binomial distribution. ki
is an inverse measure of aggregation: as ki increases to infin-
ity, a negative binomial sample tends to a poisson (random)
sample.

Eqn 1 contains two unknown parameters: the mean
abundance kι and the shape parameter ki. To move from a
probability distribution of abundances for a single species
across sites, to a probability distribution for all species among
sites in a metacommunity (i.e. a multi-site species-abundance
distribution), we must characterise how these two parameters
vary among species. Our first step is to assume that among
species variation in metacommunity mean abundance follows
a lognormal distribution. This distribution commonly fits spe-
cies-abundance distributions very well, particularly at large
scales (Connolly et al. 2014). Also, the lognormal can arise in
a variety of ecologically plausible ways: from differences
between species traits, such as variation in species’ demo-
graphic rates (Engen et al. 2002), niche hypervolumes (Sugi-
hara et al. 2003; Connolly et al. 2014), or responses to
environmental fluctuations (Engen & Lande 1996b). The log-
normal can also can be derived as a generic mathematical
approximation to departures from pure demographic stochas-
ticity (Pueyo 2006). If the metacommunity species-abundance
distribution is lognormal with parameters l and r2,
f kjl;r2
� �

, and intraspecific variation in abundance follows a
negative binomial, then the probability that an arbitrarily cho-
sen species i has a vector of abundances ri across N sites is:

Pr rijki;l;r2
� �¼ Z1

k¼0

"YN
j¼1

 
C rijþki
� �

C kið ÞC rijþ1
� � ki

kiþmjk

� �ki

mjk
kiþmjk

� �rij
!#

f kjl;r2
� �

dk

ð2Þ

(Because each species’ mean abundance is drawn from a com-
mon metacommunity species-abundance distribution, and we
integrate over that distribution to calculate Pr(r), we drop the
species-specific subscript i from the parameter k.)
Having characterised how mean abundance k is distributed

across species, it remains to characterise how the shape
parameter k of eqn 1 varies among species. To do this, we
employ Taylor’s power-law scaling of the mean and spatial
variance of abundance, which can be generated by common
stochastic demographic processes (Keeling 2000; Engen et al.
2008; see also Eisler et al. 2008 for alternative explanations
for power-law scaling). Taylor’s power-law is:

v ¼ akb ð3Þ
where v is a species’ spatial variance of abundance, and a and
b are parameters. The variance of the negative binomial distri-
bution is

v ¼ kþ k2=k ð4Þ
Setting the right-hand sides of eqns 3 and 4 equal to each

other, and solving for k, we obtain:

k a; b; kð Þ ¼ k

akb�1 � 1
ð5Þ

With the right-hand side of eqn 5 substituted for ki in
eqn 2, only four free parameters remain: the mean and vari-
ance of log abundance in the metacommunity, l and r2, and
the power-law scaling parameters a and b that specify a spe-
cies’ spatial variance, given its mean abundance:
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Last, we assume that species’ abundances are distributed
among sites independently of one another. That is, whether a
species is present or absent from a site, or, if present, whether it
is common or rare, is statistically independent of the species
identities of the other individuals that are present there. This
assumption of statistical independence, an assumption shared by
all unified theories of biodiversity (McGill 2010), can occur if
species’ abundances are ecologically independent of one another.
It may also occur if species interactions are negligibly weak, suf-
ficiently diffuse, or sufficiently variable in nature among loca-
tions that any particular interactions have no detectable effects
on species’ relative abundances across sites (e.g. Callaway 1997).
With this final assumption, the probability distribution of

abundances among species and sites is fully specified by the
unified model:

Pr Rð Þ ¼
YS

i¼1
Pr rija; b; l;r2
� � ð7Þ

where Pr rija; b; l;r2
� �

is eqn 6.

METHODS

Study system

The coral and fish surveys that we conducted spanned c.
10 000 km from Indonesia to French Polynesia (Fig. 1a). For
corals, within each of five regions in the central Indo-Pacific
(Indonesia, Papua New Guinea, Solomon Islands, Samoa and
French Polynesia), twelve sites for each of three habitat types
(crest, flat and slope) were sampled. At each site, species-level
coral composition quantified by means of the line-intercept
method along ten 10-m transects. For fishes, the same habitat
types and regions were sampled, except that Micronesia
replaced the Solomon Islands due to civil unrest in the latter
region. Eight sites were surveyed in each region. At each site,
two timed-swim (20-min) belt transects were run: one 5 m wide,
to identify and count fish > 10 cm length, and one 1 m wide, to
count fish < 10 cm length. To equalise sampling effort, the fish
counted on the wide transects were subsampled, with each fish
given a 20% chance of appearing in the sample for analysis. In
keeping with our previous analyses (Connolly et al. 2005, 2009;
Dornelas et al. 2006), we treat sites from the same habitat type
and region as belonging to the same metacommunity. This pro-
tocol avoids confounding within-habitat aggregation effects
with among-habitat (beta diversity) or biogeographical
(gamma-diversity) variation in species composition.

Testing the unified model

Before fitting the unified model (eqn 7) to these data, we must
modify it to account for the fact that any species appearing in

a community matrix, R, by definition, is observed at least
once (i.e. it does not have abundance zero everywhere). Thus,
our likelihood is:

L Rja; b; l;r2
� � ¼YS

i¼1

Pr rija; b; l;r2
� �

1� Pr 0ja; b; l;r2ð Þ ð8Þ

where Pr(ri|a, b, l, r2) is eqn 6. The denominator zero-
truncates the likelihood: it conditions the probability that a
species has a particular vector of abundances ri on the fact
that the species is observed in at least one of the sites (i.e. it
does not have abundance zero at all sites) (See Appendix S1
for details).
We designed a parametric bootstrap algorithm (Efron &

Tibshirani 1993) to test the goodness-of-fit of the unified
model. The parametric bootstrap involves simulating data
from the best-fitting model, so that the simulated data con-
form to the assumptions of negative binomial aggregation,
power-law scaling, lognormal metacommunity abundance dis-
tributions and independence of species’ abundances from one
another. We then ask whether our model fits the empirical
data significantly worse than it fits the simulated data (which
we know conform exactly to model assumptions). From the
parametric bootstrap simulations, we constructed two test
statistics for the unified model. To test the aggregation,
mean–variance scaling, and metacommunity species-abun-
dance assumptions, we generated an expected distribution of
ĉ, a normalised measure of model fit based on the likelihood
function (Connolly et al. 2009), under the null hypothesis that
the model is true, and compared it with ĉ for the empirical
data. This test performs better than a previously used para-
metric bootstrap test, where each site was fitted independently
(Appendix S1). To test the independent-species assumption,
we calculated Horn’s similarity index for each pair of sites
from the same metacommunity (Jost et al. 2011), and we
asked whether the distribution of similarity values from the
empirical data was significantly different from that produced
by the simulations. (See Appendix S1 for further details.)
The unified model (and the alternatives we consider) predict

numbers of unobserved species; however, such species make no
contribution to the likelihood (eqn 8), and thus a model may
fit the observed data well, regardless of whether it predicts real-
istic numbers of unobserved species. Therefore, we also tested
the model by generating predictions about local and metacom-
munity species richness. Given the observed number of species
in the data for a metacommunity, and the estimated probabil-
ity that a species is present in the metacommunity, but not
observed in the data (which depends on the maximum likeli-
hood estimates â; b̂; and ĥ), we can estimate the total number of
species in the metacommunity species pool, Spool:dSpool ¼ Sobs

1� Pr 0j â; b̂; l̂; br2
� � ð9Þ

Because this prediction depends upon the number of unob-
served species, which is unknown, we assess the plausibility of
the unified model estimates by comparing them with those
produced by the non-parametric jackknife, which makes no
assumptions about the distribution of species abundances
(Burnham & Overton 1979; Connolly et al. 2005). To conduct
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an out-of-sample test of the model to compare more directly
with observations, we also re-fitted the unified model to each
metacommunity multiple times, each time omitting one site
from the fitting procedure in turn. We then used the parame-
ter estimates from each fitted data set to predict the number
of species observed at one or more of the fitted sites that
would not be observed at the excluded site:

Ŝþ0 nð Þ ¼ dSpool

Z
k

1� Pr 0n�1jkð Þ½ �Pr 0jkð Þf gf kj l;r2
� �

dk ð10Þ

where n is the number of sites sampled (n = 1. . .N), and 0n�1

is a vector of n-1 zeroes (one for each site included in the fit-
ting procedure).

Alternative models

In addition to evaluating the absolute fit of the unified model
to the data, we compared its fit to that of alternative charac-
terisations of intraspecific aggregation, spatial mean–variance
scaling, and the metacommunity species-abundance distribu-
tion.
For aggregation, we consider three additional possibilities:

the Poisson distribution (i.e. no aggregation), the Poisson-log-
normal distribution, and the generalised Poisson distribution
of Consul and Jain (1973). The Poisson-lognormal has also
been used to characterise aggregation (Engen et al. 2002). The
generalised Poisson can approximate the binomial, Poisson
and negative binomial distributions very closely, and it also
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Figure 1 (a) Study sites for Indo-Pacific corals (circles) and fishes (stars), along with observed and fitted species-abundance distributions for (b) corals and

(c) fishes, for slope habitats. Bars represent the means of the observed number of species per site, averaged across all sites in each metacommunity. Black

whiskers show standard errors of the mean. Red lines represent the best-fit unified model fitted to the field data; red whiskers represent expected standard

errors, generated by parametric bootstrapping of the unified model. Species are plotted in log2 classes of abundance, with the addition of a zero-class

(species observed somewhere in the metacommunity, but not present at a given site) at the far left of each panel.
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allows for under-dispersed data (where the variance is less
than the mean: Consul & Jain 1973). We tested between these
alternative models of aggregation independently of assump-
tions about functional or distributional relationships among
species (i.e. mean–variance scaling or species-abundance distri-
butions). (See Appendix S1 for details.)
For mean–variance scaling, a recent study found that a

model assuming a single shape parameter k for all species in
a metacommunity (and thus a quadratic mean–variance scal-
ing relationship) performed better than Taylor’s power law
(Karlson et al. 2011; also see He & Gaston 2003). Therefore,
we consider an alternative model of interspecific variation in
the strength of aggregation by fitting a negative binomial dis-
tribution with a single shape parameter k for all species (i.e.
eqn 2 with ki = k). We tested between the power-law and
constant-k models by taking the best-fitting aggregation dis-
tribution from the test above, and then comparing the fit of
these two models for the scaling of mean and spatial variance
of abundance.
For the metacommunity species-abundance distribution, we

consider the gamma distribution as an alternative to the log-
normal. Many species-abundance models are either limiting
cases of, or are closely approximated by, samples from a
gamma distribution. Such models include several neutral mod-
els, the log series, the negative binomial and the gamma-bino-
mial (‘GamBin’) model (Fisher et al. 1943; Ugland et al. 2007;
Connolly et al. 2009, 2014). We therefore compare our origi-
nal unified model with an alternative unified model for which
metacommunity mean abundances follow a gamma distribu-
tion (i.e. eqn 6, but using a gamma distribution for the func-
tion f instead of a lognormal).
In all cases, we use AIC to identify the best-fitting models,

both for each metacommunity considered individually, and in
an ‘overall’ test that combines evidence across all metacom-
munities for each taxon. We consider a model as strongly sup-
ported if it has an Akaike weight > 0.95.

Test of additional data set

As a further test of the unified model, we repeated all of the
goodness-of-fit tests, model selection, and out-of-sample pre-
diction analyses, using data for reef fishes on the Great Bar-
rier Reef collected by the Australian Institute of Marine
Science Long-Term Monitoring Program (Sweatman et al.
2008). We used the same year of data as a previous study of
species-abundance distributions (Connolly et al. 2014). We
considered all sampled mid and outer shelf reefs within a
given latitudinal sector as a metacommunity, and we consid-
ered each reef as a local community, since all transects con-
ducted on each reef sample are undertaken as near to the
northeast flank as possible, and are within a common, narrow
depth range. This yielded 59 local communities distributed
among seven metacommunities (Fig. S5).

RESULTS

The unified model successfully and simultaneously explains
patterns of commonness, rarity and species richness within
and among local communities. Local species-abundance

distributions are extremely well-characterised by the unified
model (Fig. 1b and c, Fig. S1). The unified model also
explains patterns of spatial variation in abundance. Intraspeci-
fic mean–variance scaling relationships predicted by the model
closely match the data: both the average mean–variance scal-
ing relationship and the amount of variation around that rela-
tionship are consistent between the model and the data
(Fig. S2). A likelihood-based goodness-of-fit statistic confirms
that the model fits the data as well as if the model were true,
regardless of whether the testing is done separately at the
metacommunity level, or for each taxonomic group in the
aggregate (Table S1).
The unified model also captures patterns of species associa-

tion exceptionally well (Fig. 2): observed distributions of
Horn similarity do not differ significantly from unified model
predictions. Again, this conclusion holds regardless of whether
one tests each metacommunity separately, or tests corals and
fishes in the aggregate (Table S2).
The model also produces robust estimates of species rich-

ness at both local and metacommunity scales. Specifically, the
number of species observed in the metacommunity, but miss-
ing from any given site, is accurately estimated by the model
(the leftmost, zero-class of abundances in Fig. 1, Fig. S1).
Also, the model produces estimates of the total metacommu-
nity richness (including unobserved species) that are highly
consistent with non-parametric estimates (Fig. 3), and it
reproduces the well-documented regional and between-habitat
differences in species richness (Fig. S3). Moreover, the out-of-
sample validation indicates that the model accurately pre-
dicted numbers of unshared species: residuals from the unity
line did not differ significantly from zero for corals or fishes
(Wilcoxon signed-ranks test, P = 0.27 and 0.57 respectively:
Fig. 4).
The individual components of the unified model also out-

perform several alternatives. Model selection strongly favours
a negative binomial distribution for within species aggrega-
tion, compared with the alternatives we considered. There was
overwhelming support for this distribution in most metacom-
munities, and there were no metacommunities where an alter-
native model was strongly supported. Thus, in the aggregate,
support for the negative binomial distribution was unequivo-
cal (Table S3). Similarly, the power-law model was much
more strongly supported than the constant-k model. The
power law was very strongly favoured in the aggregate, and
individually in 18 of the 30 metacommunities; conversely, the
constant-k model was strongly favoured in only three meta-
communities (Table S4).
At the metacommunity scale, the unified model’s lognormal

distribution is more plausible than a gamma distribution. Con-
sidered individually, the lognormal has over 95% support in
only three of the 30 metacommunities, with the rest giving very
similar levels of support to both models. However, in the aggre-
gate, the lognormal is strongly favoured (Table S5). In addition,
a gamma metacommunity distribution predicts species richness
values that are implausibly large, exceeding, in several cases, the
global richness of reef corals or labrid fishes by several orders of
magnitude (Fig. S4a and b). The gamma metacommunity
model also fails to reproduce well-documented among-habitat
and among-region biodiversity differences (Fig. S4c and d).
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The unified model also performed well when tested against
the Great Barrier Reef fish data. The model successfully char-
acterised local species-abundance patterns and mean–variance
scaling relationships (Fig. S5, Fig. S6). Parametric bootstrap
goodness-of-fit testing indicated that the model fits the data as
well as if the model were true (Fig. S7; Table S6, S7). The
model’s estimates of metacommunity richness are consistent
with non-parametric estimates (Fig. S8). The out-of-sample
validation indicated good agreement between the model and
the data: residuals from the unity line (observed = predicted)
did not differ significantly from zero (Wilcoxon signed-ranks
test, P > 0.67: Fig. S9).

As with the Indo-Pacific data, model selection for Great
Barrier Reef fishes supported the unified model. It favoured
negative binomial aggregation over the alternatives in all
metacommunities individually, and in the aggregate
(Table S8). Power-law mean–variance scaling was favoured
over the constant-k model in the aggregate, but only slightly,
with most metacommunities giving similar support to both
models (Table S9). At the metacommunity scale, the lognor-
mal is strongly favoured over the gamma distribution in four
metacommunities, and in the aggregate (Table S10). More-
over, predictions of metacommunity richness from the gamma
metacommunity model are as unrealistic as they are for the
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Indo-Pacific data: they are more than an order of magnitude
greater than those of the lognormal model and the non-para-
metric jackknife (Fig. S10).

DISCUSSION

Recent tests of proposed unified theories of biodiversity
(McGill 2010) have shown that such theories often fit individ-
ual patterns well, but fail when tested simultaneously against
multiple patterns (Adler 2004; Dornelas et al. 2006; Xiao
et al. 2015). Our model successfully captures several aspects
of coral reef metacommunity structure, even though it, like
unified theories, predicts a broad range of ecological patterns
with few free parameters (two for the regional species-abun-
dance distribution, and two power-law scaling parameters for
aggregation). These patterns include classical local species-
abundance distributions and mean–variance scaling relation-
ships, but also the distribution of pairwise community similar-
ity values, the proportion of species in the community matrix
that are absent from any given site (the zero-class of abun-
dances), metacommunity richness levels, and numbers of
unshared species between sites.
The unified model explains more aspects of community

structure than its four component elements (a lognormal
metacommunity species-abundance distribution, power-law
scaling of mean and spatial variance in abundance, negative
binomial patterns of intraspecific aggregation and statistical
independence of species spatial abundance patterns from one
another) considered separately. For instance, none of those
elements could independently fit a full sites-by-species matrix
of abundances, predict species pool size at the metacommu-
nity scale, or predict numbers of unshared species. Moreover,
the fact that, in our model, interspecific variation in abun-
dance follows a lognormal distribution, whereas spatial varia-
tion in abundance follows a negative binomial distribution
(i.e. a poisson-gamma mixture distribution), implies strong
differences in intraspecific and interspecific abundance

patterns, with interspecific variation exhibiting greater hetero-
geneity (i.e. a thicker tail of very highly abundant species)
than intraspecific variation. Similarly, between species vari-
ance in mean abundance substantially exceeds spatial variance
in abundance within species (by a median factor of 8).
Our unified model’s predicted distributions of community

similarity are much more consistent with the data than previous
multi-scale tests of neutral theory on coral reefs, using three
different models. Hubbell’s original formulation of neutral the-
ory could not reproduce the high variance observed in commu-
nity similarity distributions (i.e. the spread of the histograms in
Fig. 2), using the same reef coral data analysed here (Dornelas
et al. 2006). A similar inability to reproduce high variance in
community similarity distributions was found for fossil Carib-
bean reefs, using a spatially explicit neutral model (Bode et al.
2012). Volkov et al. (2007) attempted to explain the community
similarity distributions in our data with an independent-species
neutral model, where all species have the same density-indepen-
dent per-capita birth and death rates, and the same immigra-
tion rates. However, that model implies community similarity
values that are far too low to be realistic (Appendix S2).
A potential limitation of our approach is that the unified

model is not explicitly process-based (i.e. derived explicitly
from a metacommunity model whose parameters correspond
to demographic rates of the constituent species). It is common
in the species-abundance literature to classify species-abun-
dance models as either process-based or mechanistic on one
hand, or purely statistical or descriptive on the other (McGill
et al. 2007; Harte 2011). One risk of conceptualising species-
abundance models in this way is that it invites one to infer
process parameter values (such as dispersal and speciation
rates) from fits of process-based models to data. However,
many such models produce very similar species-abundance
distributions. For instance, several neutral models generate
species-abundance distributions that are very well-approxi-
mated by a gamma distribution (Pueyo 2006; Connolly et al.
2014), but so does a process-based model in which species
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respond differently to environmental fluctuations (Engen &
Lande 1996a).
Conversely, many abundance distributions that are consid-

ered statistical or descriptive nonetheless have ecological expla-
nations, and in some cases can be generated by explicitly
process-based models, including the components of our unified
model. For instance, the lognormal species-abundance distri-
bution can be produced by stochastic community dynamics
models that incorporate environmental stochasticity and inter-
specific variation in demographic rates (Saether et al. 2013).
This class of models can also produce power-law spatial
mean–variance scaling (Engen et al. 2008). Power-law mean–
variance scaling can also be produced by other population-
dynamic models with dispersal and demographic or environ-
mental stochasticity; moreover, such models can simultane-
ously produce patterns of aggregation that are identical or
similar to a negative binomial distribution (e.g. Anderson et al.
1982; Keeling 2000). Finally, an explanation need not be
derived explicitly from a process-based model to be ecological.
For instance, lognormal distributions of species-abundance
can arise as a consequence of interspecific variation in niche
hypervolumes (Sugihara et al. 2003; Connolly et al. 2009), or
as a second-order mathematical approximation to arbitrary
departures from pure demographic stochasticity (Pueyo 2006).
Explanations of this kind have also been offered for power-law
scaling (e.g. Eisler et al. 2008) and negative binomial patterns
of aggregation (e.g. Boswell & Patil 1970).
The fact that different process-based models can generate

the same distributions of species-abundance, and that some
statistical models of abundance patterns can be generated by
one or more process-based models, indicates that the kind of
inferences that can be drawn from fits to these two classes of
models are broadly similar. Good or bad fit of either type of
model to species-abundance data provides information about
the processes that could plausibly generate the observed pat-
terns, and, conversely, can potentially falsify process-based
explanations if models that include those processes cannot gen-
erate a distribution that fits the data well. For instance, neutral
models consistently produce species-abundance distributions
that are better-characterised by gamma than lognormal distri-
butions (Pueyo 2006; Connolly et al. 2014). Consequently, our
finding that lognormal abundance distributions remain supe-
rior to gamma distributions, even after accounting for the con-
tribution of local aggregation to skew in species-abundance
distributions at the local scale, indicates that neutral models
omit key processes determining commonness and rarity of spe-
cies on coral reefs. An additional question, given that our
model unifies four well-known macroecological patterns, is
whether unified model parameters covary across different taxa
or assemblages from different types of ecosystems: for
instance, do communities with stronger mean–variance scaling
relationships tend to have more even or uneven abundance dis-
tributions? If so, do particular process-based models reproduce
those patterns more readily than others?
Despite strong interest in applying macroecological theory

to conservation problems (Hubbell 2001; Harte et al. 2009;
McGill 2010; Economo 2011), there has been little uptake of
unified theories in applied ecology, due in part to reservations
about the restrictive suite of processes incorporated by such

theories, or their inability to make successfully predict multi-
ple patterns simultaneously (Clark 2012; Driscoll & Linden-
mayer 2012). However, applications of the unified model
proposed here do not hinge on restrictive assumptions about
which processes generate macroecological patterns, but only
on the nature of the patterns themselves. This makes the uni-
fied model potentially useful in conservation applications.
Existing approaches to predicting changes in abundance from
occupancy, for instance, require substantial species-level base-
line occupancy data for each species of interest (Sileshi et al.
2006; Hui et al. 2012). The unified model provides a way to
overcome this limitation, by leveraging assemblage-level abun-
dance information to infer abundance patterns of rare species,
including species missing from field samples. Similarly, whole-
assemblage approaches to conservation often rely heavily on
patterns of biotic turnover, but estimates of beta diversity are
notoriously biased by incomplete sampling (Chao et al. 2006).
Our approach, however, produces estimates of biotic turnover
(change in community composition and abundance) that
explicitly account for incomplete sampling. Consequently,
they can provide a foundation, for instance, for the more rig-
orous delineation of habitat and regional faunal boundaries in
conservation priority-setting. Thus, the unified model offers a
robust way to apply our understanding of macroecological
regularities in nature to the regional-scale conservation and
biodiversity management problems that are so pressing in the
contemporary world.
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