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a b s t r a c t

Predicting species abundance is one of the most fundamental pursuits of ecology. Combining the in-
formation encoded in functional traits and metacommunities provides a new perspective to predict the
abundance of species in communities. We applied a community assembly via trait selection model to
predict quadrat-scale species abundances using functional trait variation on ontogenetic stages and
metacommunity information for over 490 plant species in a subtropical forest and a lowland tropical
forest in Yunnan, China. The relative importance of trait-based selection, mass effects, and stochasticity
in shaping local species abundances is evaluated using different null models. We found both mass effects
and trait selection contribute to local abundance patterns. Trait selection was detectable at all studied
spatial scales (0.04e1 ha), with its strength stronger at larger scales and in the subtropical forest. In
contrast, the importance of stochasticity decreased with spatial scale. A significant mass effect of the
metacommunity was observed at small spatial scales. Our results indicate that tree community assembly
is primarily driven by ontogenetic traits and metacommunity effects. Our findings also demonstrate that
including ontogenetic trait variation into predictive frameworks allows ecologists to infer ecological
mechanisms operating in community assembly at the individual level.

Copyright © 2021 Kunming Institute of Botany, Chinese Academy of Sciences. Publishing services by
Elsevier B.V. on behalf of KeAi Communications Co., Ltd. This is an open access article under the CC BY-

NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

Predicting species abundance is one of the most fundamental
pursuits of ecology (Laughlin et al., 2012) and has inspired
tremendous interest and debate (Shipley et al., 2006; Laughlin and
Laughlin, 2013). A rich body of literature has arisen to model
species abundance patterns among assemblages (McGill et al.,
2007). These range from the classic descriptive analyses of spe-
cies abundance distributions (Preston, 1948) to mechanistic
models such as those derived from neutral theory (Caswell, 1976;
Hubbell, 1979, 2001) and niche theory (MacArthur, 1957; Tokeshi,
ropical Forest Ecology, Xish-
demy of Sciences, Kunming,

e of Plant Diversity.

tany, Chinese Academy of Sciences.
nse (http://creativecommons.org/li
1990). Understanding the mechanisms and processes that
generate and shape the differences in species abundance are
crucial steps toward a predictive theory for forest dynamics. A
trait-based theory of community assembly posits that local abiotic
conditions and biotic interactions impose deterministic filters on
the membership and relative abundance of species in local com-
munities (Shipley, 2010; Laughlin and Laughlin, 2013). However,
local communities exist in a regional metacommunity context.
Therefore, the processes that underlie species abundances at the
metacommunity scale may also contribute to local community
assembly via mass effects on a species pool (Leibold et al., 2004;
Ricklefs, 2008). Ecologists have translated this intuitive notion into
mathematical models that encode functional traits and meta-
community data to predict species abundance in local commu-
nities (Shipley, 2010; Laughlin and Laughlin, 2013). Unfortunately,
the importance of traits, metacommunities and stochasticity for
Publishing services by Elsevier B.V. on behalf of KeAi Communications Co., Ltd. This
censes/by-nc-nd/4.0/).
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species abundance and distributions in different forest types has
not been widely investigated.

An intriguing approach has been proposed that leverages sta-
tistical mechanics and the principle of maximum entropy (Max-
Ent) to predict species abundances in communities based on their
traits (Shipley et al., 2006; Shipley, 2010). The Shipley community
assembly by trait selection model rests on the principle that
abundances are determined by the match between a trait value
and the environment. Here, the environment is the abiotic envi-
ronment, where the abundance-weighted trait mean of a com-
munity reflects the optimal trait value for the given abiotic
environment (Shipley, 2010). Thus, in a sense, it is a maximum
entropy formalization of trait-based abiotic filtering. In their
original work, Shipley et al. (2006) demonstrated that the MaxEnt
model, also known as community assembly by trait selection
(CATS) model, could be utilized to predict the relative abundances
of species with surprising success, however, some have claimed
that the high predictive ability of the model is largely a statistical
artifact when the number of species is close to the number of
parameters (i.e., traits) (Marks and Muller-Landau, 2007). Subse-
quent work has sought to address these concerns and others (e.g.,
Roxburgh and Mokany, 2007) by using randomizations (Shipley,
2009, 2014). An additional limitation of the original CATS
formulation is that it did not consider the metacommunity
context. Specifically, the original model assumed the abundance
of species at the larger landscape scale was effectively equivalent.
However, differences in abundance on the metacommunity scale
will influence the probability of arrival in a local community
because more abundant species in the metacommunity will tend
to produce more propagules. Therefore, metacommunity abun-
dances will contain relevant information and may be used to
refine CATS model (Shipley, 2009; Sonnier et al., 2010). However,
metacommunity abundances add another constraint to the
approach and therefore may be best applied when the number of
species in the metacommunity far exceeds the number of con-
straints used in the inference.

Central to the CATS framework is the idea that individuals are
sorted along environmental gradients upon the basis of their
functional traits, which determine their fitness and performance in
a given environment (McGill et al., 2006; Webb et al., 2010).
Therefore, traits are expected to drive differences in the relative
abundances of different species across local communities (Warton
et al., 2015). However, mechanistic inferences based on this trait-
based approach are complicated by the fact that ecologically
important sources of trait variation are generated through a com-
bination of interspecific, intraspecific (Jung et al., 2010; Messier
et al., 2010), and ontogenetic trait variation (H�erault et al., 2011;
Spasojevic et al., 2014; Kari~nho-Betancourt et al., 2015). Yet, most
studies of trait-based assembly have focused on interspecific trait
variation typically measured at a single ontogenetic stage (e.g.,
Kraft et al., 2008), or used trait data from adults as a crude surrogate
for trait values across life stages (e.g., Swenson and Enquist, 2009).
Ontogenetic trait variation may reflect community assembly across
environmental gradients (Spasojevic et al., 2014). For example,
early ontogenetic stages such as seedlings and saplings often live in
low-light environments (Zhu et al., 2015). This low-light environ-
ment will reduce the probability of colonization for light-
demanding species because of their inability to maintain a posi-
tive carbon balance in light-limited environments. In contrast,
canopy adults in high-light environments may be more strongly
limited by nutrient resources, resulting in stronger abiotic filtering
of leaf traits across soil-resource gradients (Spasojevic et al., 2014).
Thus, trait-based assembly based on a single ontogenetic stage may
mask inferences about the relative importance of community as-
sembly processes (Swenson and Enquist, 2009).
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The present study aims to estimate the relative importance of
trait-based selection, mass effects, and stochasticity on the as-
sembly of tree communities using the CATS modeling approach
(S6). Specifically, we used trait and inventory plot (i.e., meta-
community) data to predict the relative abundances of 490 species
from two large forest dynamics plots with different terrains (e.g.,
seasonal tropical and subtropical forests) in Yunnan, China. Thus,
the approach seeks to quantify the relative impact of traits and
metacommunity context. Additionally, the work focuses on hun-
dreds of species using relatively few traits. Thus, the work avoids
trivial predictions arising from a large number of trait constraints
relative to the number of species, thereby providing a robust test of
CATS approaches for predicting species abundances. Lastly, we use
information on differences in trait values across ontogeny within
species across the gradient. Ultimately, the work aims to decom-
pose the deviance in local relative abundances as a proportion of
the total biologically relevant deviance to quantify the relative
contributions of trait-based filtering and the influence of the
known relative abundance of all species in a metacommunity. We
ask the following specific questions: (i) does ontogenetic trait
variation influence species relative abundance in tree community
assembly? (ii) what is the relative importance of metacommunity
context, trait-based filtering and stochasticity in the assembly of
tree communities? and (iii) does the importance of the meta-
community context, trait-based filtering and stochasticity vary
between subtropical and tropical forests?

2. Materials and methods

2.1. Study site

This study was conducted in two large forest dynamics plots,
one from a tropical and the other from a subtropical area in
southwestern China. The tropical area is the 20-ha Xishuangbanna
Forest Dynamics Plot (FDP) (21�360N,101�340E, Fig. 1). The elevation
in this plot varies greatly with the lowest elevation 709.27 m and
the highest elevation 869.14 m. Moreover, the plot contains three
gullies with a gentle bottom but steep slopes on both sides. The
subtropical area is the 20-ha Ailaoshan FDP (24�320N, 102�010E,
Fig. 1). The elevation of this plot is relatively high, but the terrain is
flat, and elevation changes within the plot are small. The species
richness of the two FDPs is, respectively, 390 and 101. The Xish-
uangbanna FDP is characterized as a seasonal tropical rainforest
and dominated by large individuals of Parashorea chinensis (Dip-
terocarpaceae). The Ailaoshan FDP is characterized as an evergreen
broad-leaved forest and dominated by Castanopsis wattii (Fagaceae)
and Lithocarpus xylocarpus (Fagaceae). All freestanding woody
stems with DBH (Diameter at Breast Height, 1.3 m above
ground) � 1 cm were measured, mapped, tagged and identified to
species. We used the second census data from the Xishuangbanna
plot in 2012, and the first census data from the Ailaoshan in 2014 in
the present study. Summary information of the two FDPs is given in
Table S1. Detailed information of the two plots regarding the spe-
cies composition and distribution can be found in Cao et al. (2008),
Gong et al. (2011) and Huang et al. (2017).

2.2. Functional traits measurement

To make inferences about the importance of ontogenetic trait
variation, we divided individuals within species into 4 size clas-
ses: saplings (1 cm � dbh <5 cm), small trees (5 cm � dbh
<10 cm), intermediates (10 cm� dbh <20 cm) and large trees (dbh
�20 cm). The number of individuals in the different size classes in
each plot is given in Table S2. Classification of ontogenetic stages
based on species age would be preferable, but estimating the age



Fig. 1. Xishuangbanna 20-ha forest dynamics plot and Ailaoshan 20-ha forest dynamics plot.

Y.-Y. He, K. Srisombut, D.-L. Xing et al. Plant Diversity 44 (2022) 360e368
of trees across species based upon their diameters is fraught with
difficulty and building species-specific models of diametereage
relationships is not feasible for the large number of species
studied and particularly for tropical trees that frequently do not
have growth rings. Thus, we use the size cut-offs instead of age as
an imperfect estimate of ontogenetic stage in this study. Lastly,
because we are interested in how traits vary with the environ-
ment (e.g., light), and the environment experienced by an indi-
vidual is likely more related to size than age per se, traits specific
to size classes may actually be preferable to traits specific to age.
For example, a five-year-old pioneer tree that is 15 cm in diameter
and in the canopy cannot be logically compared to a five-year-old,
shade-tolerant sapling in the shaded understory.

For each tree size, leaf traits were measured using at least 15
sun-exposed leaves (for shaded plants, leaves from the crowns),
sampled from 5 individuals. We measured 9 key functional traits
in each ontogenetic stage: leaf thickness, leaf toughness, specific
leaf area (SLA), relative leaf chlorophyll content, leaf dry matter
content (LDMC), leaf N content, leaf C content, leaf P content, leaf
K content. Information on these 9 functional traits is given in
Table S3. All measurements of functional traits followed the same
methodologies used in Yang et al. (2014) with one exception. Leaf
toughness was measured via a punch test, which measures the
maximum force to punch out the leaf lamina (originally measured
as kilogram-force). In this instance, toughness was determined
using the mass needed to penetrate a leaf, employing a pene-
trometer with a column of 3 mm in diameter (digital force gauges:
Imada Co., Ltd, Aichi Japan). Due to differences in sample sizes
between ontogenetic stages and species, we focus here on
species-level trait means for each ontogenetic stage, calculated as
the mean trait value across all the measured individuals of the
given ontogenetic stage.
2.3. Environmental variables and spatial scales

Following the sampling design described in John et al. (2007),
we measured variations in topography (aspect, convexity, mean
elevation and slope) at both FDPs. For the Xishuangbanna FDP, we
also measured 9 soil nutrients (pH, total N, total P, total K, avail-
able N, extractable P, extractable K, total C and bulk density) in the
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plot. All measurements of topography and soil data followed the
same methodologies used in Yang et al. (2014). For the Ailaoshan
FDP, we also measured soil moisture and canopy openness. Soil
moisture (per volume) was measured with a soil conductivity
probe meter (Theta probe MPM-160B, ICT International Pro-
prietary Limited, Armidale, Australia). Canopy openness was
measured using a digital camera (Nikon Coolpix 4500, Nikon
Corporation, Japan) with a fisheye lens (Nikon FC-E8 Fisheye
Converter, Nikon Corporation, Japan) to take hemispherical pho-
tographs. Detailed information of soil moisture and canopy
openness in the Ailaoshan FDP can be found in Song et al. (2017).
Finally, we used Kriging to estimate values of all environmental
variables in each 20 � 20 m quadrat, 50 � 50 m quadrats and
100 � 100 m quadrats using the geoR package (Ribeiro and Diggle,
2001) in R.

The process of community assembly was conceptualized by the
CATS model, which explains significant variation in species abun-
dances based on their functional traits (Shipley et al., 2006, 2012;
Shipley, 2014). In the CATSmodel, the metacommunity was defined
local communities that may exchange propagules and that expe-
rience different environmental conditions on a larger spatial scale,
and the local communities were defined plants in an area with a
sufficiently small spatial scale with no obvious environmental
gradients occurring (Shipley, 2010). Based on the terms “meta-
community” and “local community” in the CATS model (Shipley,
2014), we defined each FDP as a “metacommunity”, and the 3
spatial scales (20 � 20 m quadrats, 50 � 50 m quadrats and
100 � 100 m) of each FDP as the “local community” (Table S4). The
local communities were always nested within the corresponding
metacommunity in each analysis. However, not all of the 20� 20 m
quadrats had the requisite number of species (10, traits þ 1) for
MaxEnt analysis. To maintain a relatively high degree of freedom,
we therefore performed our analysis on quadrats in which the
number of species was more than 10.
2.4. Statistical analyses

To predict the relative abundances of the local community, we
constructed four different CATS models by using two different
priors and two different trait constraints based on the CATS model
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across the scales (Shipley, 2014; Table S4). We used uniform
abundance distribution of species as a non-informative prior and
the relative abundances for each species in the metacommunity as
an informative prior. These two priors represent the two extreme
scenarios of neutral or trait-based selection dominant community
(Shipley, 2014). The trait constraints were expressed using
observed local mean traits versus randomly permuted traits. To
distinguish the ontogenetic trait variation effects on species
R2KLðmeta; traitsÞ ¼ R2KLðuniform; traitsÞ þ bR
2
KLðmeta;nullÞ � R2KLðmeta; traitsÞ � bR

2
KLðuniform;nullÞ

1� bR
2
KLðuniform;nullÞ

(3)
relative abundance in tree community assembly, we calculated
both the average value per trait for each species as species mean
traits, and the average value per trait for each ontogeny for each
species in a quadrat as species ontogenetic mean traits in a local
community. Then we used the species mean traits and species
ontogenetic mean traits as the actual trait constraints. We per-
formed a randomization test following Shipley (2010) to test the
significance of the trait constraints in predicting the species
relative abundance in each local community across scales.

To examine the relative importance of the trait-based selection,
metacommunity effects and unidentified causes, we decomposed
the variation of the relative abundance distribution in each local
community into separate components using the Kullback-Leibler
index (R2KL) given the four different models (Table 1 and Table S4;

Shipley et al., 2012; Shipley, 2014). We used the R2KL here instead of
the classical model R2 because of the exponential regression of
CATS model and the R2 is not suitable for measuring the goodness
of fit of the exponential regression model (Shipley, 2014). We
decomposed the total explained uncertainty into four biological
relevant components: (1) pure trait effects; (2) pure meta-
community effects; (3) joint effects; (4) unexplained deviance. The
details of the four proportions are shown as follows.

The contributions due to trait differences among species
R2KLðuniform; traitsÞ:

R2KLðuniform; traitsÞ¼R2KLðmeta; traitsÞ � bR
2
KLðmeta;nullÞ

1� bR
2
KLðuniform;nullÞ

(1)

The contributions due to the metacommunity neutral prior

bR
2
KLðmeta;nullÞ:
Table 1
Estimated proportions (R2KL) of the total information in the local observed species relative

Plot R2
kL value Ontogenetic trait means

20 � 20 50 � 50

Xishuangbanna
bR
2
KLðuniform;nullÞ 0.25 0.21

R2KLðuniform; traitÞ 0.35 0.50

bR
2
KLðmeta;nullÞ 0.57 0.64

R2KLðmeta; traitÞ 0.65 0.77

Ailaoshan
bR
2
KLðuniform;nullÞ 0.22 0.19

R2KLðuniform; traitÞ 0.41 0.50

bR
2
KLðmeta;nullÞ 0.60 0.62

R2KLðmeta; traitÞ 0.66 0.75

The results show both in ontogenetic-level traits means and plot species traits means.
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bR
2
KLðmeta; nullÞ¼R2KLðmeta; traitsÞ � R2KLðuniform; traitsÞ

1� bR
2
KLðuniform;nullÞ

(2)

The contributions due jointly to species trait differences and the
metacommunity priorR2KLðmeta; traitsÞ:
The unexplained information of residuals bR
2
KLðuniform;nullÞ:

bR
2
KLðuniform; nullÞ¼ 1� R2klðmeta; traitsÞ

1� bR
2
KLðuniform;nullÞ

(4)

To describe the pure trait effects variation in the environmental
conditions among the different scales, we used a principal
component analysis (PCA) of the environmental variables described
above. Because our primary focus was to test the influence of
ontogenetic trait variation on trait selection environmental
gradient rather than to compare its importance on different envi-
ronmental conditions, in our PCA we focused on the axis that
described the most variation among the environmental variables
(Table S5). We tested our hypotheses that pure trait effect re-
lationships differ between ontogenetic stage using a simple linear
model with PC1 as a continuous independent variable and pure
trait-selected values as response variables. To compare trait-
environment patterns among the ontogeny stages, we estimated
the strength of traiteenvironment relationships (r2) across the
environmental gradient described by PC1.

3. Results

3.1. Predicted species relative abundance in local communities

Comparison of observed and predicted relative abundances il-
lustrates that the relative abundances prior and traits constraint was
the best model for prediction (Table 1). The relative abundances and
traits combined model explained up to 84.5% of the relative abun-
dances at the 100� 100m scale, although this percentage decreased
to 65% at the 20� 20 m scale (Fig. 2). However, the pure trait-based
abundances of the four CATS models across scales in the two forest dynamics plots.

Metacommunity trait means

100 � 100 20 � 20 50 � 50 100 � 100

0.21 0.14 0.10 0.10

0.65 0.19 0.21 0.25

0.69 0.34 0.41 0.49

0.85 0.40 0.47 0.52

0.17 0.12 0.10 0.09

0.68 0.17 0.20 0.25

0.64 0.35 0.40 0.41

0.82 0.44 0.48 0.54



Fig. 2. Predicted relative abundance of the CATS model using observed relative abundances prior and ontogenetic trait means constraint over all quadrats at three scales in each
forest dynamics plot.
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model explained 68% of the relative abundances at the 100 � 100 m
scale, which decreasing to 35% at the 20 � 20 m scale. The neutral
prior model explained 25% of the relative abundance at the three
scales of the two plots (Table 1). The predictive ability of the four
models was always greater when using ontogenetic traits than
species mean traits (Table 1). The trait constraints were significant in
34.5% and 32.1% of the 0.04-ha scale when using the meta-
community prior, percentages of which increased with spatial scale
(Fig. 3). Significant trait constraints were positively correlated with
the environmental PC1 axis at the 20 � 20 m scale (Fig. 4).

3.2. Decomposed information content of relative abundance
distribution

We found a strong scale-dependent effect of processes on the
relative species abundance distribution (Table 2). The meta-
community effects explained species abundance up to 39% at the
20 � 20 m scale and this percentage decreased to 16% at the
100 � 100 m scale. The residual explained up to 46% at the
20 � 20 m scale and this percentage decreased to 20% at the
100 � 100 m scale. However, the estimated contribution of pure
trait-based selection was very low at three scales in the two plots,
which explained 0.08%e0.21% from fine to large scale (Table 2). The
estimated joint contribution of trait-based selection and the met-
acommunity prior increased across scales, being relatively lower at
a fine scale but up to the largest components at the large scale.
3.3. Community assembly and forest type

The predictive ability of the four models between different
forest types was always greater when using ontogenetic traits than
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species mean traits (Table 1). The relative abundances prior and
traits constraint explained 84.5% of the species abundance in the
tropical forest at the 100 � 100 m scale (Fig. 2). The effect of pure
trait-based selection was found to depend on the scale of analyses,
with the great contribution for tropical community assembly at fine
and medium scales, and subtropical community assembly at a
larger scale. The estimated contribution of metacommunity effects,
and the joint contribution of trait-based selection and the meta-
community prior were larger for tropical forest than subtropical
forest. However, the largest part of the decomposed variation was
the residuals in tropical forest across scales (Table 2).

4. Discussion

Our study aimed to predict relative species abundances from
metacommunities using the CATS model, which obtains the even-
est probability distribution subject to community-weighted mean
trait constraints. We used four different models and estimated the
relative importance of trait effects, metacommunity effects, joint
effects and stochasticity effects across scales in two forest dynamic
plots. The present results support the hypothesis that ontogenetic
trait variation and metacommunity effects together influence
species relative abundance in tree community assembly in two
forest types. Our results also quantify the relative importance of
metacommunity context, trait-based filtering and stochasticity
from the fine to large scales of tree communities that varied be-
tween tropical and subtropical forests.

4.1. Ontogenetic trait variation influences relative abundance

Our results show the overall predictive ability of the fourmodels
was always greater when using ontogenetic traits instead of species



Fig. 3. Significance of contribution from trait constraints in predicting local species relative abundance in CATS models using observed relative abundances prior and ontogenetic
traits means constraint over all quadrats at three scales in each forest dynamics plot. Black quadrats are those in which trait constraints significantly (p < 0.05) improve model fit
while grey quadrats are not significant.

Fig. 4. Ontogenetic trait selection across environmental gradients at 20 � 20 m scale. Regression lines indicate significant linear relationship (p < 0.05) between pure trait effects
and the environmental gradient from linear regression.
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mean traits (Table 1). These results provide evidence that ontoge-
netic trait variation influences relative abundance in community
assembly. Specifically, pure trait selection and the joint contribu-
tion of trait-based selection and metacommunity effects generally
had a greater predictive ability when ontogenetic trait variation
was considered, suggesting that trait selection is an important
factor when species co-occur at different stages of ontogeny
(Table 2). This result is consistent with the finding that ontogenetic
trait variation influences tree community assembly across envi-
ronmental gradients in the temperate forests in North America
(Spasojevic et al., 2014). The relative abundance of a species at a
365
place is the outcome of the species’ suitability to the site. This is the
central concept of the CATS model (Shipley et al., 2012) and also the
hierarchical community assembly rule via trait-based environ-
mental filtering (Keddy, 1992). This concept posits that individuals
at a local site have arisen from a regional pool after having passed
through an environmental filtering process, expressed as selective
forces on functional traits. Thus, we can predict the relative abun-
dance of species from the species pool using the differences in their
functional traits; species with traits more suited to the environ-
ment at a particular site are expected to increase in abundance,
whereas species that are imperfectly adapted to the local



Table 2
Decomposition of results of the total uncertainty in local species relative abundance across scales in the two forest dynamics plots.

Plots Scale N Ontogenetic trait means Metacommunity trait means

a b c d a b c d

Xishuangbanna 20 � 20 m 500 0.10 0.39 0.04 0.46 0.02 0.20 0.04 0.74
50 � 50 m 500 0.17 0.35 0.19 0.29 0.06 0.29 0.05 0.59
100 � 100 m 625 0.20 0.25 0.36 0.20 0.04 0.30 0.14 0.53

Ailaoshan 20 � 20 m 80 0.08 0.33 0.16 0.44 0.04 0.25 0.01 0.70
50 � 50 m 80 0.16 0.31 0.23 0.30 0.09 0.31 0.03 0.58
100 � 100 m 100 0.21 0.16 0.41 0.22 0.13 0.32 0.04 0.51

a Pure trait-based selection.
b Pure mass effect from the metacommunity prior.
c Joint effect of trait-based selection and mass effect from the metacommunity prior.
d Residual. Numbers show the average proportion of variation explained across scales in each forest dynamics plot.

N is the number of quadrats at each scale of each plot.
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environment are expected to decrease (Shipley, 2010). However,
mechanistic inferences based on patterns of functional diversity are
complicated by the fact that trait variation can emerge through a
combination of functional trait variation across ontogenetic stages
(Poorter, 2007; Lasky et al., 2015). For example, light limitation
strongly affects sapling and small tree leaf traits (Laurans et al.,
2012; Dent et al., 2013), while water and nutrient resources affect
adult tree traits. Our predictions of species abundances were more
accurate than those of previous studies because we used variation
in ontogenetic traits, which provides information on how in-
dividuals at different stages in life history respond to trait selection
via environmental filtering; in contrast, most studies use inter-
specific trait variation, which is usually measured at a single
ontogenetic stage (Table 2). Accurate prediction of the abundance
of species is increasingly crucial given the need to understand the
species composition and distribution in such rapidly changing
world (Laughlin and Laughlin, 2013). Previous applications of the
CATS model on herbaceous plant communities have detected
strong signals of trait-based community processes (Shipley et al.,
2016; Mokany and Roxburgh, 2010). However, this same
approach in studies of forest trees has failed to provide strong ev-
idence for trait-based selection in shaping tree communities at
either a local or regional scale (Shipley et al., 2012; Xing et al., 2014).
Many of these previous applications used metacommunity trait
means in tree assemblage, but ignored intraspecific trait variation
and ontogenetic trait variation, which are ecologically important
sources of trait variation in plant communities. Note that another
predictive model, which contains intraspecific trait variation,
showed that there are significant positive correlations between
observed relative abundances along a temperature gradient
(Laughlin et al., 2012). Despite this exception, meager evidence for
trait-based community assembly in forests may result from
analyzing single ontogenetic stages, which mask inferences about
the trait-based selection of community assembly processes
(Swenson and Enquist, 2009).

4.2. Relative importance of different processes in the community
assembly

The amount of variation in species composition among local
sites, or beta diversity, is a primary tool for connecting the pattern
of species assemblages to ecological processes (Legendre et al.,
2005; Legendre, 2014), e.g., partitioning beta diversity between
environmental variables or/and spatial variables (Legendre and De
C�aceres, 2013). However, in a metacommunity context, where local
communities are connected to each other through dispersal, spatial
differences in community composition can be due to a combination
of different processes, including selection by species sorting,
dispersal, and stochastic events (Leibold et al., 2004). The local
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dispersal or demographic effects from ametacommunity is difficult
to detect by partitioning the variationwith spatial scales. Therefore,
we disentangled the degree to which the relative importance of the
trait-selected, metacommunity effects (dispersal from meta-
community), joint effects and unexplained effects contribute to the
observed abundance of each species in local community using the
CATS model.

Our results show little support for pure trait-based selection in
shaping tree communities at the fine scale and medium scale in
tropical forest or subtropical forest, although this support is
stronger at a larger scale. Specifically, we found that at the large
scale pure trait-based selection can explain 21% of species abun-
dance in a community, although this contribution decreases to 8%
at a fine scale. This pattern is consistent with previous studies
(Siefert et al., 2013; Xing et al., 2014; Shipley et al., 2012). As pre-
viously discussed, trait variation within species may explain the
weak evidence for trait-based selection in the forest. Two addi-
tional explanations are possible. First, traits that are strongly
selected by the environmentmay not have beenmeasured andmay
be largely independent of traits that were measured. For instance,
in our study physiological traits related to tree hydraulic and
photosynthetic physiological processes that determine species
fitness and performance in tree communities are not considered. As
a result, the effect of trait-based filtering could be underestimated.
Second, the selection pressure for functional traits more often re-
sults from strong environmental gradients occurring mostly at
large spatial scale, an effect small scales may largely cancel out
when averaged (Shipley et al., 2012). This is, thus, may explain the
weak relationship between pure trait selection and the environ-
ment at small scales in our study plots.

This is also consistent with empirical tests that decomposed
phylogenetic and functional beta diversity patterns between local
communities and environmental types using spatial information
and environmental variables to estimate the relative importance of
deterministic and stochastic differences in the Xishuangbanna plot
(Yang et al., 2015). Moreover, we found that the joint effect of
metacommunity and the ontogenetic trait constraints increased
from fine to large scales. However, the proportion of meta-
community effects declined across spatial scales. This may imply
that the trait-selection effects have greater weight than the pure
trait-selection we observed (Table 2).

The proportion of the residual declined with spatial scale, sug-
gesting that stochastic processes would be weaker across scales. If
all important functional traits are included in the work, then this
residual component would represent local demographic stochas-
ticity. However, although we used 9 key functional traits in our
study, we may have excluded relevant traits that could provide
additional ecological axes of the species. Also, there are some
processes occurring in the larger landscape that have not been
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completely captured in the data; thus, the decomposition of this
component only provides an upper bound on the importance of
demographic stochasticity at different scales.

4.3. Community assembly in different forest types

Although the CATS model has been used to examine different
vegetation types, studies that compare tropical and subtropical
forests across spatial scales are still lacking. We found that the
predictive power of the CATS model both for the tropical forest and
subtropical forest is good (Figs. 2 and 4). Our results indicate that
the CATS model can be used to study community assembly in for-
ests in different climate zones. However, the relative abundance
predicted by the CATS model suggests that in subtropical forest the
distribution of local abundance may be influenced greatly by trait-
based selection, whereas in tropical forest local abundance may be
more strongly affected by stochastic forces (Fig. 2). The subtropical
forest environment is more stressful than that of the tropical forest.
In subtropical forests, resources are scarcer, the climate is harsher
and forest dynamics are relatively slow. Under these conditions,
trait selectionmay have a greater influence on themetacommunity.
Our results from the decomposed information content of relative
abundance support this inference. Specifically, we found the signal
for trait selection was stronger in subtropical than tropical forest,
indicating that the contribution of the pure trait-selection and its
joint effect with metacommunity increased from tropical to sub-
tropical forest. Conversely, tropical forest harbors a wider range of
functional traits, reducing the trait selection signal. In addition, the
unexplained residual variation, which can be attributed to de-
mographic stochasticity, increased from subtropical to tropical
forest likely because subtropical forests have relatively more stable
demographic rates than those of tropical forest.

5. Conclusion

Predicting species abundance is one of the most fundamental
goals of community ecology. We applied a community assembly by
trait selection model to predict quadrat-scale species abundances
using functional trait variation on ontogenetic stages and meta-
community information for over 490 plant species in a subtropical
forest and a lowland tropical forest. Our results support the idea
that ontogenetic traits variation influence species relative abun-
dance in tree community assembly. At the same time, both mass
effects and trait selection played an important role in tree com-
munity assembly, with the former significant at small spatial scales,
whereas the latter was stronger at large spatial scales and in sub-
tropical forest. We believe that future community trait-based
research will be more effective in inferring the ecological mecha-
nisms at the individual level by incorporating ontogenetic trait
variation into prediction frameworks.
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