Comment on “Neutral Ecological
Theory Reveals Isolation and Rapid
Speciation in a Biodiversity Hot Spot”
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Latimer et al. (Reports, 9 September 2005, p. 1722) used an approximate likelihood function to
estimate parameters of Hubbell's neutral model of biodiversity. Reanalysis with the exact likelihood
not only yields different estimates but also shows that two similar likelihood maxima for very
different parameter combinations can occur. This reveals a limitation of using species abundance data

to gain insight into speciation and dispersal.

Hubbell’s (2) neutral model of biodi-

versity to study speciation and dispersal
limitation in a Fynbos community in South
Africa. This community has been known for its
high speciation rates (3, 4) and low migration
rates (9). By fitting the neutral model to species
abundance data from this community, Latimer
et al. (1) suggested that the neutral model can
simultaneously confirm these facts. They
obtained a very high value for 6, the parameter
that reflects speciation rate, and a very low
value for m, the immigration parameter (Table
1). However, in their estimation procedures
they used a likelihood function that is based on
an approximation rather than an exact deri-
vation from Hubbell’s neutral model (6, 7).
Now that the exact likelihood has been derived
(7), it should be used in future studies using
neutral theory to analyze species abundance
data. Here, we present a reanalysis of the data
presented in Latimer ef al. (/) using the exact
likelihood, and we show that the use of this
likelihood function not only gives accurate
parameter estimations but also leads to impor-
tant new insights into the application of neutral
theory to species abundance data.

First, the exact likelihood provides com-
putational advantages over the approximation
and allows more efficient searching of pa-
rameter space, which in some cases can sub-
stantially change results. In our reanalysis, we
obtained maximum likelihood estimates, which
are listed in Table 1; this table also contains
estimates for the tropical forest data sets that
Latimer et al. (1) used for comparison. For two
of the three data sets from the Cape Floristic
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region, and all the tropical moist forest data
sets, the exact likelihood yields estimates of 6
and m that are similar to, although not pre-
cisely the same as, the estimates provided by
the approximation likelihood. However, the
Cape Hangklip data yield an immigration pa-
rameter m that is two orders of magnitude
larger and a corresponding 0 value that is one
order of magnitude lower than the respective
estimates obtained by Latimer et al. (/). There
is a local likelihood maximum near the values
previously reported, but the reanalysis reveals
that this is not the global maximum. For rea-
sons provided in Latimer et al. (1), this high
estimate of m is biologically unrealistic. The
fact that the biologically more plausible pa-
rameter values are not the most likely under
the neutral model demonstrates that caution is
warranted in drawing ecological inferences
when applying the neutral model to static spe-
cies abundance data.

Second, our reanalysis demonstrates that
potentially two maxima can occur, and this
seems to happen only at strongly contrasting
parameter values. The likelihood surfaces for
all the data sets (except Zuurberg, which has
an intermediate value of m) possess a sec-
ondary, local likelihood maximum (indicated
by the subscript L in Table 1). Although it

has not been rigorously proven mathematical-
ly under what conditions dual maxima exist,
numerical experiments unmistakably indicate
the possible existence of two maxima, and there
is an inductive argument that makes this plau-
sible. For this we need to use the fundamental
dispersal constant / (8) that is related to m
by I =m(J — 1) / (1 — m). When there is no
dispersal limitation, we have 0 = 0, and / =
oo. When dispersal limitation is extreme, the
situation is exactly the opposite: 0 = o0 and / =
I,. In both cases, the exact likelihood (7) re-
duces to the same formula—the Ewens sam-
pling formula (9)—but in the former case the
parameter is 6, and in the latter case the param-
eter is /. In other words, if 0 = 6, and / = o
together give a likelihood maximum, then 6 =
oo and I = I, (with the value of /; equal to 0)
give an equally large likelihood maximum.
Hence, species abundance data cannot distin-
guish between these two (extreme) cases. Al-
though the latter can be rejected because it is
biologically unrealistic, the data themselves
do not contain this information. When neither 6
nor / is infinite, the complete symmetry is lost,
yet it is still plausible that multiple but un-
equally likely maxima exist. In the data sets
analyzed here, one of the maxima is more
likely than the other, but the likelihood values
of the maxima are relatively similar, especially
considering the enormously unlikely parameter
combinations around these maxima (Fig. 1).
The existence of two similar maxima reveals
a previously unappreciated limitation of species
abundance data. Pragmatically, the problem may
be solved by using a Bayesian approach (1, 10)
with priors that contain our independent knowl-
edge about the parameters (in this example,
there is little doubt that the most dispersal-
limited maximum is the realistic one), but the
question still remains how much the data really
tell us. It appears that in data sets drawn from
communities with high species diversity and/or
very low migration (i.e., when 0 grows large
and/or m becomes very small), the neutral
model will support alternative parameter com-
binations, and relatively slight differences in the

Table 1. Parameter estimates under neutral theory obtained with the approximation likelihood
used by Latimer et al. (1) and obtained with the exact likelihood published recently (6, 7). There are
actually two local maxima in all but one of the data sets; the parameters corresponding to the
lower maximum are denoted by 6, and m,. The log likelihoods in these two maxima are also shown,

the lower log likelihood being denoted by loglik,.

Old MLE
estimates (1)

New MLE estimates (6, 7)

0 m 0 m Loglik 0, m, Loglik,
Cederberg, South Africa 394.6 0.0055 384.1 0.0056 -255.3 55.51 0.19 -257.0
Cape Hangklip, South Africa 640.3 0.0020 44.24 0.27 -346.1 597.0 0.0021 -354.8
Zuurberg, South Africa 30.2 0.037 31.76 0.036 —261.2 none none  none
Manu National Park, Peru 187.4 0.53 187.3 0.53 -189.5 4510 0.022 -193.0
Yasuni National Park, Ecuador 152.8 0.50 152.6  0.50 -177.7 2753 0.020 -182.3
Barro Colorado Island, Panama  47.7 0.093 47.67 0.093 -308.7 241.9 0.0030 -312.6
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data sets may deter- In sum, the neutral model is a simple, useful
mine which combina-  exploratory tool to test hypotheses about speci-
tion is more likely. ation and dispersal limitation using the most
Thus, it is clear that basic and ubiquitous community data, species’
further study is needed  abundances. It is critical that such an analysis
to explore how ecolog-  be done with the best tools available (6, 7), as
ical community char- this has far-reaching consequences for the
acteristics, sampling parameter estimates and for the limitations of
effects, and temporal  using species abundance data.

and spatial sampling
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