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Species abundance distributions (SADs) play an important role in the current dispute over mechanisms shaping commu-
nity assembly. Niche theory assumes differential occurrence of species in different habitats while neutral theory emphasizes 
stochastic events and dispersal. The previous tests of niche and neutral models shaping SADs lead to the claim that SADs 
are not informative for inferring underlying processes. Using spatial statistical models in a fully mapped 24-ha subtropical 
forest in China, we first demonstrate that one can not distinguish between the effect of habitat heterogeneity and dispersal 
limitation on SADs by inspecting whether the observed SADs fall within 95% confidence intervals of the simulated SADs. 
Subsequently, we demonstrate that SADs can be used to detect mechanisms shaping SADS by comparing alternative 
process-based models using model selection techniques. We found that dispersal limitation explain SADs at smaller spatial 
scales, while the combination of niche and dispersal limitation explain SADs at larger scales. These processes are linked 
with the degree of conspecific aggregation, informing further attempts to refine and parameterize the statistical theory of 
sampling SADs.
Species abundance distributions (SAD) describe richness 
as well as dominance structure for a community in space 
or time (McGill et al. 2007). Recently, SAD patterns have 
played an important role in the search for the underly-
ing mechanisms of community assembly (Hubbell 2001, 
 Magurran and Henderson 2003, Sugihara et al. 2003, Volkov  
et al. 2005, 2007, Šizling et al. 2009). Theoretical as well as 
empirical studies have explained the form of SAD in terms 
of niche differentiation or neutral processes (Volkov et al. 
2005, McGill et al. 2007, Ulrich et al. 2010). Niche theory 
assumes that species differ in their habitat use and thus can 
avoid competition by habitat partitioning (Nee et al. 1991, 
Sugihara et al. 2003). In contrast, neutral theory emphasizes 
the importance of stochastic events and dispersal (Hubbell 
2001, Volkov et al. 2003). It was shown that SADs varying 
from straight lines to entirely concave curves can be gen-
erated assuming only different dispersal distances (Hubbell 
2001, Chave et al. 2002). However, most of current meth-
ods inferring underlying processes shaping SADs could not 
separate the effect of neutral and niche processes (McGill  
et al. 2006, Ulrich et al. 2010, but see Chave et al. 2006). This 
leads to the general consensus that analyzing SADs may not 
be particularly informative for underlying processes (Chave  
et al. 2002, Purves and Pacala 2006, Ulrich et al. 2010).

Current testing of the importance of neutral or niche 
processes in shaping SADs is usually based on curve fitting 
or model community simulation using different combina-
tions of mechanisms (McGill et al. 2006). Curve-fitting 
approaches, i.e. estimating parameters from observed SADs, 
use free parameters of questionable ecological relevance to 
maximize fit (Alonso et al. 2008, McGill 2003, McGill  
et al. 2006). These approaches usually fail to reject com-
peting mechanistic explanations based on either neutral or 
niche theory (McGill 2003, McGill et al. 2006, 2007). An 
alternative is to simulate model communities based on differ-
ent combinations of ecological processes (Chave et al. 2002,  
Zillio and Condit 2007). However, the parameters chosen 
to simulate these communities are only rarely extracted 
from real data and thus lead to unrealistic scenarios (Chave  
et al. 2002, McGill et al. 2006). This restricted the results of 
these simulations to qualitative assessments, concluding that  
the same patterns of SAD can be qualitatively yielded by 
niche or neutral processes (Chave et al. 2002, Purves and 
Pacala 2006, Ulrich et al. 2010). Recently, Alonso et al. 
(2008) theoretically demonstrated that the SADs predicted 
by different underlying processes will be essentially differ-
ent although they are qualitatively very similar. They argued 
that it is possible to detect the underlying processes shap-
ing empirical SADs by comparing alternative process-based 
models using model selection techniques such as Chave  
et al. (2006). We here attempt to separate the effect of disper-
sal limitation and habitat heterogeneity on SADs by compar-
ing process-based models using model selection techniques.

SAD of a community is determined by the abundance 
distribution of the species, i.e. it results from the aggregation 
of all species-level (population-level) abundance distribution 
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(Plotkin and Muller-Landau 2002, Harte et al. 2005, Green 
and Plotkin 2007, Alonso et al. 2008). Green and Plotkin 
(2007) and Alonso et al. (2008) derived exact expressions 
of SADs as functions of sampling scale and degree of con-
specific clustering respectively. Both habitat filtering as 
assumed by niche based approaches and dispersal limitation 
as assumed by neutral approaches are mechanisms inducing 
conspecific spatial aggregation. Habitat parameters, such as 
elevation, slope and soil nutrients that usually vary at large 
scales along environmental gradients would be expected 
to cause lower degree of conspecific aggregation (Wiegand  
et al. 2007, Getzin et al. 2008), while short distance dispersal 
is expected to generate higher level of local conspecific clus-
tering (Plotkin et al. 2000, Seidler and Plotkin 2006, Shen 
et al. 2009). Therefore, to empirically link between mecha-
nistic forces to degree of conspecific aggregation would shed 
light on statistical theory of sampling SAD.

We employ recently developed spatial statistics methods 
(Waagepetersen 2007, Waagepetersen and Guan 2009) to 
separate effects of habitat heterogeneity as assumed by niche 
based approaches, dispersal limitation as assumed by neutral 
approaches, and their combination on SADs. We used four 
spatial statistical processes, 1) homogeneous Poisson pro-
cesses representing pure random effects; 2) heterogeneous 
Poisson processes for the effect of habitat heterogeneity 
(Illian et al. 2008); 3) homogeneous Thomas processes, also 
called Poisson cluster models, implementing the effect of 
dispersal limitation without habitat heterogeneity (Plotkin  
et al. 2000, Potts et al. 2004, Seidler and Plotkin 2006, John 
et al. 2007); (4) and finally heterogeneous Thomas processes 
for the joint effect of habitat heterogeneity and dispersal 
limitation (Shen et al. 2009, Waagepetersen 2007, Waagepe-
tersen and Guan 2009). Unlike traditional spatial statistical 
models, these models do not require unrealistic assumptions 
such as stationarity in geostatistics (Stoyan and Stoyan 1994, 
Shen et al. 2009) and easily integrate habitat heterogeneity 
and dispersal limitation.

In this study we first attempt to distinguish the effect of 
niche (habitat heterogeneity) or neutral (dispersal) based on 
a comparison to empirical data by using spatial statistical 
models as null models from a 24-ha stem-mapping plot in 
a subtropical forest in China. Second, we use information 
criteria to separate niche or neutral effects by comparing 
competing models. This analysis allows us to compare the 
contribution of all mechanisms discussed above to the form 
of observed SADs in subtropical forests at multiple spatial 
scales. Finally, we also explore the relationship between these 
mechanisms and the population-level abundance distribu-
tion, and suggest further refinement and parameterization in 
the statistical theory of sampling SADs.

Material and methods

The study site and plot description

Gutianshan National Nature Reserve (29°10’19.4”–
29°17’41.4”N, 118°03’49.7”–118°11’12.2”E) is located in 
the west of Kaihua County, Zhejiang Province. The evergreen 
broad-leaved subtropical forest in the Reserve, representative 
vegetation of subtropical China, is dominated by Castanopsis 
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eyrei (Fagaceae), Schima superba (Theaceae) and Pinus mas-
soniana (Pinaceae). Detailed descriptions of climate, topog-
raphy and flora can be found in Legendre et al. (2009) and 
Zhu et al. (2010).

The 24-ha Gutianshan plot (29°15.101’–29°15.344’N, 
118°07.010’–118°07.400’E), a rectangle of 600  400 m, is 
established according to CTFS plot census protocol (www.
ctfs.si.edu/). All trees with DBH 1 cm in the plot were 
tagged, identified, measured, and georeferenced. We recorded 
140 700 individuals belonging to 48 families and 159 species.

Data and spatial statistical models

Abundance of 102 tree species with DBH 1cm is used 
in this study. Species having less than 24 individuals were 
excluded from analyses due to requirement of minimal pop-
ulation sizes for the accuracy of spatial pattern modelling 
(Baddeley et al. 2005). In this study, we employ topographic 
and edaphic variables to represent habitat heterogeneity. 
During plot establishment in 2004–2005, elevations for each 
intersection of the 20 m grid (651 intersections) and part of 
intersections of the 10 m and 5 m grids (212 intersections) 
throughout the plot were measured in a topographic sur-
vey. We obtained elevation of four corners for every 5  5 m 
quadrat using ordinary kriging following John et al. (2007). 
The topographic variables of every 5  5 m quadrat includ-
ing altitude, convexity, slope and aspect were calculated (see 
details in Legendre et al. 2009). We also sampled soil in GTS 
plot following the protocols of BCI soil sample (http://
ctfs.si.edu/datasets/bci/soilmaps/BCIsoil.html). Initially, 
we divided the whole 24-ha plot into 30  30 m cells except 
an extra area of 6000 m2, which was portioned into 60 cells 
of 30  10 m. We then sampled soil at the cell intersection 
points together with two additional points at 2, 5 or 15 m 
in a randomly chosen direction to obtain the distribution 
information of soil nutrients at finer scales, but the cells in 
the extra area do not have additional points. Overall, we 
took 892 soil samples in the whole plot (see detail in Zhang  
et al. 2011). Finally, we measured soil moisture, bulk den-
sity, nitrogen mineralization rate (Nmin), pH, together with 
16 soil nutrients including total carbon (TC), total nitrogen 
(TN), total phosphor (TP), available Fe, Mn, Zn, Cu, K, P, 
Ca, Mg, Na, B, Si, N (including NH4

   and NO3
-), and Al 

following the lab protocol of BCI soil sampling protocols 
(John et al. 2007). We obtained spatial predictions of eleva-
tions and edaphic variables for the 5  5 m blocks using 
ordinary kriging following John et al. (2007). Subsequently, 
we chose the first four principal components (PCs) of 25 
topographic and edaphic variables explaining 99.94% of the 
variation of 25 variables (Supplementary material Appen-
dix A1) to reduce redundant information among covarying 
habitat variables and minimize the possibility of overfitting 
(John et al. 2007, Shen et al. 2009).

Model description

We employ four spatial statistical processes, i.e. the homo-
geneous Poisson process, the heterogeneous Poisson process, 
the homogenous Thomas process and the heterogeneous 
Thomas process, to investigate the contribution of different 
mechanisms in structuring SADs.



1)  The homogeneous Poisson process randomly generates 
points with average density a of each species in a given 
area (Plotkin et al. 2000, Illian et al. 2008). This process, 
assuming that each individual is distributed randomly and 
independently, represents pure random arrangement and 
provides a null model of spatial pattern in ecology.

2)  Compared with the homogeneous Poisson process, the 
heterogeneous Poisson process incorporates habitat vari-
ables influencing the distribution of points into model. It 
produces clustered distributions with respect to environ-
ment variables and generally improves the prediction of 
population distribution. The process has four more param-
eters (bj, j  1 – 4) than the homogeneous Poisson process 
because it models the correlation between tree density and 
habitat variables represented by first four PCs of environ-
mental variables (Illian et al. 2008, Shen et al. 2009).

3)  The homogeneous Thomas process is a cluster process 
formed by randomly located cluster centers from a Pois-
son process with intensity k. The offspring trees are also 
assumed to be a Poisson process with intensity m, and 
the locations of offspring trees are isotropically and 
normally distributed around each cluster center with a 
mean being zero and a standard deviation d. For each 
species, the distribution is defined by three parameters 
in the process, k, m and d (Potts et al. 2004, Seidler and 
Plotkin 2006). This process represents the effect of dis-
persal limitation without habitat heterogeneity.

4)  The heterogeneous Thomas process is similar to the 
homogeneous Thomas process except that the tree 
density in each quadrat is associated with the habitat 
variables (thus assuming niche processes in commu-
nity assembly) in the quadrat. Additional parameters, 
bj(j  1 – 4) were also used to model the correlations 
between the tree density and habitat variables repre-
sented by the first four PCs of the environmental vari-
ables (Waagepetersen 2007, Waagepetersen and Guan 
2009). Thus, this process includes the joint effects of 
habitat heterogeneity and dispersal limitation.

Model parameterization

We estimate the model parameters from data of Gutian plot. 
Parameter a is simply estimated by density of each species 
in the homogeneous Poisson process, and parameters of spe-
cies-habitat association (bj, j   1 – 4) in the heterogeneous 
Poisson process are estimated using maximum likelihood 
(Møller and Waagepetersen 2004). Dispersal related param-
eters (k, m, d) are estimated by comparing the empirical K̂(r) 
with the theoretical K function using minimum contrast 
methods (Stoyan and Stoyan 1994, Diggle 2003); param-
eters in the heterogeneous Thomas process were estimated 
using Waagepetersen and Guan (2009)’s two-step approach 
(Supplementary material Appendix A4). When the species-
habitat association can be quantified by habitat variables, 
inhomogeneous K functions are used instead of homoge-
neous K functions (Baddeley et al. 2000).

Simulations of communities

Under assumption of species independence (Volkov et al. 
2005, 2007, Alonso et al. 2008), we use the four parameterized  
models to simulate the spatial distribution of each species 
in the entire plot, and then overlaid simulated trees of all 
species to get the simulated community composition. In  
this study, we obtained 100 simulated communities for 
each processes. Then we randomly place a quadrat with size 
10  10 m onto the simulated community, and constructed 
the SADs of Preston-like and rank-abundance type. We 
obtain 10 SADs from each simulated community. Finally 
the predicted SADs of each model at the scale of 10  10 m 
are obtained with the mean value of 1000 SADs of Preston-
like and rank-abundance type from 100 simulated commu-
nities, and a 95% confidence interval is constructed for each 
predicted SAD. We also construct SADs of rank-abundance 
type and Preston-like at scales 20  20, 40  40, 80  80, 
100  100 and 200  200 m using the same method.

Statistical analyses

We first assess models by inspecting whether the observed 
empirical SADs fall within 95% confidence intervals of 
the simulated SADs. Subsequently, the performance of the 
four models is compared with an approximation of Akaike’s 
information criterion (AIC) and Bayesian information crite-
rion (BIC). The AICs and BICs of the four models can be 
approximated as following (Webster and McBratney 1989, 
Shen et al. 2009):

AIC ∼ n ln R 1 2k (1)
BIC ∼ n ln R 1 k lnn (2)

where n is the number of ranks or octaves classes, k is the 
number of parameters in a model and R is the sum of residual 
squares of difference in species abundance at each species rank 
or octave class (Supplementary material Appendix A5).

Since forms of SADs are strongly influenced by the degree 
of conspecfic spatial aggregation (Plotkin et al. 2000, Plotkin 
and Muller-Landau 2002, Harte et al. 2005, Green and 
Plotkin 2007), we compare the degree of conspecific spatial 
aggregation between simulated and observed communities. 
For this, we first estimate the degree of conspecific aggre-
gation using nearest neighbor distance function G(r) for all 
observed and simulated communities except those generated 
by the homogeneous Poisson process, which is not expected 
to cause spatial aggregation. Next we compare the degree of 
conspecific aggregation between observed distribution and 
simulated distribution using major axis regression (Legendre 
and Legendre 1998). If the regression line is below identity 
line, the model underestimates the degree of spatial aggrega-
tion, whereas if the regression line is above identity line, the 
model overestimates the degree of spatial aggregation.

The PCs of environmental variables was extracted using 
the package ‘vegan’ (Oksanen et al. 2010), major axis regres-
sion was implemented using the package ‘lmodel2’ (Legendre 
2009), and simulations of spatial distribution were carried 
out using the Package ‘spatstat’ (Baddeley and Turner 2005).

Results

In this study, we present results of Preston-like and rank-
abundance type distribution at scales from 10  10 to 
200  200 m2. The results in Fig. 1 and Supplementary 
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material Appendix A2–A3 show that the observed SADs of 
rank-abundance type and Preston-like fall within the 95% 
confidence intervals estimated by heterogeneous Poisson pro-
cesses, homogeneous Thomas processes and heterogeneous 
Thomas processes, while not including the SAD generated 
by homogeneous Poisson processes at all scales. However, 
using approximated AIC and BIC values, models can be dis-
criminated (Table 1). Additionally, on all but one scale scale, 
both Preston-like and rank-abundance type SADs supported 
the same model. None of the models using purely random or 
4

only niche-based processes was chosen across all scales, how-
ever, on small scales, homogenous Thomas processes assum-
ing dispersal limitation only were preferred, while on larger 
scales heterogeneous Thomas processes assuming dispersal 
limitation as well as niche separation performed best.

At a scale of 10  10m, homogenous and heterogeneous 
Poisson processes often underestimate abundance of abundant 
species, and overestimate abundances of rare species (Supple-
mentary material Appendix A5a). At larger scales, estimation 
of abundant species improves, but rare species continue to be 
Figure 1. 95% confidence intervals of the four models at scales of 40  40 m (upper) and 100  100 m (lower). Solid line represents 
observed mean value of species abundance distribution (SAD) of 100 samples at corresponding scales. Dotted lines are the average values 
of SADs from 1000 (10 of each simulated communities) samples at corresponding scale, and dashed lines are 95% confidence intervals 
constructed using the 25th-lowest and 25th-highest value of 1000 simulated SADs. Different symbols represents different SADs simulated 
by different processes: ∆: homogeneous Poisson process, : heterogeneous Poisson process, °:homogeneous Thomas process, ∇:heteroge-
neous Thomas process. 95% confidence intervals of the four processes at scales of 10  10 m, 20  20 m, 80  80 m, 200  200 m were 
shown in Appendix 3.



overestimated (Supplementary material Appendix A5b–f ). 
In contrast, homogenous and heterogeneous Thomas pro-
cesses slightly overestimate abundance of abundant species 
and underestimate abundance of rare species at small scales 
(Supplementary material Appendix A5a–c). With increasing 
scales, estimation of abundant species improves, but underes-
timation of less abundant species at the tail of SADs remains 
for homogeneous Thomas processes (Supplementary mate-
rial Appendix A5d–f ). There is greater discrepancy between 
observed SADs and simulated SADs by homogeneous and 
heterogeneous Poisson processes, although addition of envi-
ronmental factors greatly improves the estimation of SADs 
for heterogeneous Poisson process (Supplementary material 
Appendix A5a–e). Yet at scales of 200  200 m, the het-
erogeneous Poisson process, as well as the heterogeneous 
Thomas process, seems to be a good estimator of abundance 
of common species.

The results of Preston-like SADs exhibit similar pat-
tern as those of rank-abundance type at scales of 10  10 
– 200  200 m (except at scale of 20  20 m, see the results 
from AIC, BIC and MRa in Table 1, Supplementary material 
Appendix A5, A6). Patterns of observed Preston-like SADs 
vary with sampling scales (Fig. 2). As sample scale increases, 
SADs change from typical log-series SAD with a large num-
ber of singletons (Fig. 2a–b) to log-normal type (Fig. 2c–f ). 
The homogeneous Poisson process often predicts more rare 
and common species, but less abundant species. The hetero-
geneous Poisson process also predicts more rare and com-
mon species than observed distribution, but did a bit better 
than homogeneous Poisson process (Table 1). The Preston-
like SADs predicted by Thomas processes, including both 
homogeneous and heterogeneous Thomas processes, seem 
flatter when shifting from rare species to abundant ones than 
Poisson processes, and are closer to observed distribution. 
But as the scale increases, the homogeneous Thomas pro-
cess estimates less rare species compared to observed distri-
butions, while heterogeneous Thomas process predict more 
octaves than observed distribution at most scales (Fig. 2).

As shown in Fig. 3, the heterogeneous Poisson and the 
heterogeneous Thomas process usually underestimate the 
degree of conspecific aggregation, whereas the homoge-
neous Thomas process usually overestimates the degree of 
conspecific aggregation. At all examined scales, the hetero-
geneous Poisson process underestimates the degree of con-
specific aggregation (except at scale of 200  200 m where 
the heterogeneous Poisson process overestimates the degree 
of aggregation of species with lower clustering, Fig. 3). In 
contrast, homogeneous Thomas process usually overesti-
mates the degree of conspecific aggregation at larger scales 
(40  40 – 200  200 m). But the conspecific aggregation 
simulated by homogeneous Thomas process is close to the 
observed aggregation at small scales (10  10 – 20  20 m) 
(Fig. 3). The conspecific aggregation simulated by the het-
erogeneous Thomas process is between those simulated by 
heterogeneous Poisson process and homogeneous Thomas 
process (Fig. 3) on most spatial scales.

Discussion

Exploration of mechanisms structuring SAD of commu-
nity is a central question of ecology. The previous tests of 
niche and neutral models lead to the claim that SADs are 
not informative for inferring underlying processes (Chave  
et al. 2002, McGill et al. 2006, Purves and Pacala 2006). 
However, Alonso et al. (2008) argued that this claim is too 
crude because it is possible to detect the underlying mecha-
nisms shaping SADs using quantitative alternative process-
based model comparison. Here we show that mechanisms 
shaping SAD can be detected by comparing quantitatively 
predicted SADs from alternative process-based models with 
empirical SADs. Integrating niche, neutral and combined 
processes into spatial point process models at multiple spa-
tial scales in a subtropical forest, we first demonstrate that 
SADs cannot be separated based on 95% confidence inter-
vals. Subsequently, we quantitatively separate mechanisms 
shaping the same SADs and show that different processes 
shape SADs at small as opposed to large spatial scales.

We could not separate the effect of habitat heterogeneity, 
dispersal limitation and their joint effect by inspecting whether 
the observed SADs fall with 95% confidence intervals of  
simulated SADs at different scales as previous tests found 
(Fig. 1, S1–2) (Chave et al. 2002, McGill et al. 2006, Purves 
and Pacala 2006). This parallels Chisholm and Pacala’s (2010) 
Table 1. Approximated Akaike’s information criterion (AIC) and Bayesian information criterion (BIC) (in brackets) values of four spatial point 
pattern models for species abundance distributions (SADs) of Preston-like and rank–abundance type.

SAD type Scale (m2)
Homogeneous Poisson

(purely random)
Heterogeneous 
Poisson (niche)

Homogenous Thomas 
(dispersal)

Heterogeneous Thomas 
(niche  dispersal)

Preston-like 10  10 26.4396 (26.3855) 27.7114 (27.4410) 10.5345 (10.3723) 24.4457 (24.0130)
20  20 40.8054 (41.1079) 40.5983 (42.1112) 26.1243 (27.0320) 28.7906 (32.6698)
40  40 44.7240 (45.1219) 41.4363 (43.8608) 36.4261 (37.6198) 22.1818 (26.0611)
80  80 51.8551 (52.3400) 39.0015 (41.4261) 40.6793 (42.1340) 26.2544 (30.7740)

100  100 50.0912 (50.5761) 39.0930 (41.5176) 41.4759 (43.1708) 23.6288 (28.1484)
200  200 56.8818 (57.4467) 46.4603 (49.2850) 49.7586 (47.6757) 42.4023 (47.5147)

Rank- 
  abundance  
type

10  10 64.0878 (65.7253) 39.3313 (47.4681) –16.5805 (–12.27849) –1.76156 (8.8960)
20  20 156.6813 (158.7588) 119.0804 (129.3905) 33.8626 (39.53806) 17.21254 (32.3471)
40  40 243.9256 (246.3200) 157.5563 (169.4664) 139.7302 (146.5602) 43.3616 (61.5749)
80  80 351.4052 (354.0104) 192.8835 (205.4378) 119.3711 (126.7342) –97.7453 (–76.1105)

100  100 359.8841 (362.4992) 195.5229 (208.3965) 97.3080 (104.8074) –122.5364 (–102.3621)
200  200 339.6987 (342.3236) 107.9668 (121.0917) 105.7122 (113.5575) –152.6998 (–131.7000)

The lowest AIC value in the four spatial process models was bolded. The abundance of rank-abundance type SADs are log-transformed using 
ln(Ai  0.5), where Ai is the abundance of the ith species.
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findings that a strong niche model using many parameters 
produces the same form of SAD as a much simpler neutral 
model. The observed patterns of SADs at multiple scales fall 
within the 95% of CI of four models except the homoge-
neous Poisson process (Fig. 1, S1–2). This non-parametric 
test indicates that species aggregation is important in shap-
ing SADs, and random placement inadequately describes 
spatial patterns of species composition as well as SADs 
6

regardless the spatial scale (Plotkin et al. 2000, Green et al. 
2003, Green and Plotkin 2007). Random placement slightly 
underestimated abundances of abundant species and clearly 
overestimated abundances of rare species (Supplementary 
material Appendix A5), consistent with findings of Harte  
et al. (2005).

However, quantitative model comparison enables us to 
choose between the competing models (Table 1, Supplementary 
Figure 2. Plots of the observed and simulated species-abundance distribution (SAD) at different scales in Gutian plot at scales of 10  10 – 
200  200 m. Solid line represents observed mean value of SADs from 100 samples. Blue dotted-lines represents homogeneous Poisson 
process, pink dotted-lines represents heterogeneous Poisson process, red dotted-lines represents homogeneous Thomas process, green dotted-
lines represents heterogeneous Thomas process. The SADs are plotted using Preston’s binning method. The numbers on the x axis represent 
Preston’s octave classes, and octaves represent the number of species with abundance of 1, 2, 3–4, 5–8, 9–16, and so on (Hubbell 2001).



material Appendix A5). We found that dispersal limitation 
is sufficient to explain pattern of SADs at smaller scales 
(10  10 – 20  20 m), whereas the joint effect of dispersal 
limitation and habitat heterogeneity performs best at larger 
scales (40  40 – 200  200 m; Table 1, Fig. 2, Supple-
mentary material Appendix A5). This result complement 
the finding of Alonso et al. (2008) that qualitatively simi-
lar SADs generated by different underlying processes will be 
essentially different. The patterns of SADs have been shown 
to vary with the degree of conspecific spatial aggregation  
and sampling scale (Plotkin et al. 2000, Plotkin and Muller-
Landau 2002, Harte et al. 2005, Green and Plotkin 2007,  
Šizling et al. 2009). Habitat heterogeneity often causes 
spatially aggregated patterns at larger scales. Gong et al. 
(2007) found that 79% of the examined species showed 
significant correlation with at least one habitat type in the 
Figure 3. Comparison of observed aggregation of 100 species (having 24 individuals/24ha) with aggregation simulated by three spatial 
statistical models at scales of (a) 10  10 m; (b) 20  20 m; (c) 40  40 m; (d) 80  80 m; (e) 100  100 m; (f ) 200  200 m. Filled 
circles represent the comparison between observed aggregation and aggregation simulated by heterogeneous Poisson process, while open 
circles stands for the homogeneous Thomas process, and open triangles represent the heterogeneous Thomas process. The solid line stands 
for the identity relationship with equal aggregation of observed and simulated point patterns, the dashed line for major axis regression line 
between observed aggregation and simulated aggregation by heterogeneous Poisson process, and the dotted line for the homogeneous 
Thomas process, and the dot-dashed line for the heterogeneous Thomas process.
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Gutian plot. But large-scale habitat heterogeneity alone 
modeled by heterogeneous Poisson process often underes-
timates conspecific aggregation (Fig. 3) (Shen et al. 2009), 
resulting in the underestimation of abundant species at the 
head of SADs and overestimation of less abundant species 
at tail of SADs (Supplementary material Appendix A5).  
Particularly at smaller scales (10  10 – 20  20 m),  
habitat heterogeneity cannot explain structure in SADs 
(Table 1). On the other hand, dispersal limitation is another 
important force inducing aggregated conspecific pattern  
at smaller scales and shaping SADs demonstrated by  
Volkov et al. (2003), Etienne and Olff (2005) and numer-
ous other studies. Legendre et al. (2009) found that disper-
sal limitation determines community composition of the  
forest in Gutian plot at smaller scale (10  10 m). However, 
the homogeneous Thomas process representing dispersal 
limitation exaggerates the degree of conspecific aggrega tion 
(Fig. 3), leading to the overestimation of abundant species 
at the head of SADs and underestimation of less abundant 
species at the tail of SADs at multiple scales (Supplementary 
material Appendix A5).

Our results indicate that the joint effect of habitat het-
erogeneity and dispersal limitation can best explain SADs at 
large scales, and confirms the continuum hypothesis (Gravel 
et al. 2006). The heterogeneous Thomas process incorporates 
the joint effect of habitat filtering at larger scales and disper-
sal limitation at smaller scales, and improves the power of 
predicting SADs at larger scales (Table 1). But dispersal limi-
tation without incorporating habitat heterogeneity can still 
fit SADs quite well at smaller scales (10  10 and 20  20 
m), indicating that dispersal limitation is the only leading 
process at smaller scales (Table 1). Our results parallel recent 
findings in Gutian plot: Legendre et al. (2009) found that 
dispersal limitation and habitat heterogeneity equally gov-
ern the community composition at larger scales (20  20 – 
50  50 m). Shen et al. (2009) demonstrated that the joint 
effect of habitat heterogeneity and dispersal limitation can 
best explain the species-area relationship in forest communi-
ties of Gutian plot, partly inconsistent with our results that 
dispersal limitation is the leading process at smaller scales. 
However, this disparity may result from the effort to find a 
single best model across all scales.

When developing a statistical theory of sampling from 
species abundance distributions, Green and Plotkin (2007) 
and Alonso et al. (2008) showed the form of the SADs differ 
depending on spatial scale and population-level abundance 
distribution, i.e. conspecific aggregation respectively. Assum-
ing homogeneous Poisson processes, no conspecific aggre-
gation is generated and the form of the SAD remains the 
same in a smaller sample from a larger region. However, the 
observed SAD shows not as heavy tails as the SAD generated 
by assuming negative binomial distribution. This means that 
we observe relative less abundant as well as rare species than 
we would expect form a negative binomial distribution. Here 
we show two patterns that may be of interest in this respect. 
First, our different models cause different degree of spatial 
aggregation in the simulated communities (Fig. 3). While 
the heterogeneous Poisson process simulating habitat  
filtering consistently produces the lowest aggregation, the 
homogeneous Thomas process simulating dispersal limita-
tion only generally produces the highest agglomeration. The 
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heterogeneous Thomas process combining these two aspects 
results in intermediate agglomeration. Although Green and 
Plotkin (2007) consider both processes to result in agglomera-
tion, they do not differentiate between agglomeration caused  
by habitat filtering and agglomeration caused by dispersal  
limitation. As a second point we show that including these 
processes, the resulting SADs do not result in more abun-
dant as well as more rare species relative to those simulated 
by the homogeneous Poisson process. While there are indeed 
more abundant species in the simulated communities includ-
ing aggregation (Supplementary material Appendix A5), there 
are less instead of more rare species (Supplementary material 
Appendix A5, Fig. 2). Green and Plotkin (2007) consider the 
case where the intensity of agglomeration may changes with 
the overall abundance of species in. However, our results may 
suggest that the intensity of agglomeration may also change 
with the underlying processes of community assemblage. Our 
results support Šizling et al.’s (2009) finding that a higher degree 
of conspecific aggregation leads to right-skewed SAD when 
accounting for autocorrelation between samples. Our results 
demonstrate that the degree of local conspecific aggregation  
is determined by habitat heterogeneity and dispersal limita-
tion, suggesting that SADs should not be evoked by only statis-
tically convergent processes as found by Šizling et al. (2009).

One of the potential caveats is that the models in the work 
are static and retroactive and ignore community dynamic 
processes such as birth, death, extinction and speciation. 
For example, overestimating abundant species at multiple 
scales by heterogeneous Thomas processes suggests that neg-
ative conspecific density dependence at local scales should 
be taken into account. Another potential caveat is that 57 
(of 159) species with less than 24 individuals are excluded 
from our analysis due to requirement of minimal population 
sizes for the accuracy of spatial pattern modeling, which may 
weaken the general application of our conclusions.

In summary, in this paper we demonstrate that indeed 
underlying mechanisms shaping SADs can be separated. 
This is accomplished by comparing process-based models 
that share the same philosophy and can then be subjected to 
model selection techniques. We find that neutral processes 
shape SADs at smaller scales, while the combined effects of 
niche and neutral processes act at larger scales in a subtropi-
cal forest. We show that these processes are linked with the 
degree of conspecific aggregation, which may inform further 
attempts to refine and parameterize the statistical theory of 
sampling species abundance distributions.
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