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Abstract

Question: Whereas similar ecological requirements lead to
trait-convergence assembly patterns (TCAP) of species in
communities, the interactions controlling how species
associate produce trait-divergence assembly patterns
(TDAP). Yet, the linking of the latter to community
processes has so far only been suggested. We offer a
method to elucidate TCAP and TDAP in ecological
community gradients that will help fill this gap.

Method: We evaluated the correlation between trait-based
described communities and ecological gradients, and
using partial correlation, we separated the fractions re-
flecting TCAP and TDAP. The required input data
matrices describe operational taxonomic units (OTUs) by
traits, communities by the quantities or presence-absence
of these OTUs, and community sites by ecological vari-
ables. We defined plant functional types (PFTs) or species
as community components after fuzzy weighting by the
traits. The measured correlations for TCAP and TDAP
were tested by permutation. The null model for TDAP
preserves the trait convergence, the structure intrinsic in
the fuzzy types, and community total abundances and
autocorrelation.

Results: We applied the method to trait-based data from
plant communities in south Brazil, one set in natural
grassland experimental plots under different nitrogen and
grazing levels, and another in sapling communities colo-
nizing Araucaria forest patches of increasing size in a
forest-grassland mosaic. In these cases, depending on the
traits considered, we found strong evidence of either
TCAP or TDAP, or both, that was related to the environ-
mental gradients.

Conclusions: The method developed is able to reveal
TCAP and TDAP that are more likely to be functional
for specified ecological gradients, allowing establishment
of objective hypotheses on their links to community
processes.

Keywords: Assembly rules; Environmental filters; Limit-
ing similarity; Null model; Plant functional types; Species
coexistence.

Abbreviations: OTU = Operational Taxonomic Unit;
PFT = Plant Functional Type; TCAP = Trait-conver-
gence assembly pattern, TDAP = Trait-divergence as-
sembly pattern.

Introduction

Community assembly has puzzled ecologists be-
cause it apparently involves two paradoxical trends.
Species in a community tend to be more similar in
their ecological requirements, which may lead to
trait convergence (underdispersion), but species co-
existence may be restricted by their trait similarity,
leading to trait divergence (overdispersion). Limiting
similarity (MacArthur & Levins 1967) is a form of
assembly rule (Diamond 1975), in which a pattern
arising from the interactions controls how species
associate, while trait convergence is a pattern that
arises from environmental filters (Keddy 1992; Wei-
her & Keddy 1995; Weiher et al. 1998; Wilson 1999).
If this is true, a community is not only a random
gathering of species with traits enabling the species
to overcome environmental filters but also enabling
the species to coexist. There is therefore a need to
elucidate trait patterns of convergence and diver-
gence in community assembly. Further, how these
patterns relate to ecological gradients may reveal as-
sembly rules or constraints that can be used to
predict community structure (Weiher & Keddy 1995)
and ecosystem function (Diaz et al. 2007).

Since both convergence and divergence refer to
patterns resulting from different processes of com-
munity assembly from a regional species pool, and
to avoid uncertainty in the accepted usage of the
term ‘assembly rule’ (Keddy 1992; Weiher & Keddy



- Discriminating trait-convergence and trait-divergence assembly patterns - 335

1995; Keddy & Weiher 1999; Wilson 1999), we
adopt here the terms trait-convergence assembly
pattern (TCAP) and trait-divergence assembly pat-
tern (TDAP). Both patterns can be found in the
species composition of communities along ecologi-
cal gradients. A TCAP is identified when sites
nearby on the ecological gradient consistently con-
tain species with similar traits and changes in these
traits are related to the gradient. Generally speak-
ing, a TDAP is identified when the turnover in trait-
based community components is related to the gra-
dient but the communities contain species with
dissimilar traits. As explained later, to reveal TDAP,
the effects of TCAP must be filtered out.

The idea of TCAP related to ecological gra-
dients has antecedents in Raunkiaer (1934), in the
development of methods of data analysis (Dolédec
et al. 1996; Legendre et al. 1997), and in rules
predicting community composition (e.g. Box 1981;
van der Valk 1981). Moreover, the idea of TDAP
has antecedents in Warming (1909): “‘species dif-
fering widely, not only in physiognomy but also in
their whole economy, may be associated.” While
evidence of TDAP is used to justify community
ecology (Wilson 1999, 2007; Grime 2006), actually
finding TDAP is not easy, in comparison to finding
TCAP.

There is some empirical support for limiting si-
milarity in communities where plants with similar
functional traits coexist less often than expected at
random (Wilson 2007). For instance, limiting simi-
larity was evidenced for pollinators in plant
communities (Armbruster 1986), for plant height,
shoot biomass, leaf area, and stem diameter in wet-
land communities (Weiher et al. 1998), for traits
related to rooting patterns and leaf water control in
a sand dune community (Stubbs & Wilson 2004),
and for the proportion of leaf area exposed for re-
moval by mowing in a lawn community (Mason &
Wilson 2006). Further evidence for limiting similar-
ity has been found indirectly based on guild
proportionality (Wilson & Roxburgh 1994; Mason
& Wilson 2006).

Nevertheless, the constraints linking TDAP to
community processes have so far only been sug-
gested, e.g., that species can more readily coexist if
they reduce competition for pollinators (Armbruster
1986), have differing water-use patterns (Stubbs &
Wilson 2004), different leaf angles and canopy
structures (Wilson & Roxburgh 1994), or different
light capture and response to defoliation (Mason &
Wilson 2006). Fukami et al. (2005) observed over
time, in a succession, a trend of increasing con-
vergence in trait-based species groups and a steady

divergence in species composition, but the latter was
not demonstrated using traits. Weiher et al. (1998)
found plant trait dispersion varied along a gradient
of soil P in wetlands, which was interpreted as in-
creasing competition for light, where available light
at the soil surface would decrease with increasing
soil fertility. Notwithstanding, an operational ap-
proach to discriminating TDAP from TCAP and
relating the patterns to community processes is still
lacking. An analysis of trait-based community data
that takes into account ecological gradients could
perhaps fill the gap mentioned by Wilson (2007) and
disentangle processes leading to TDAP. Compre-
hensive trait-based data sets are now readily
available (Knevel et al. 2003) and would allow sear-
ches for such patterns. In this regard, searching for
TDAP linked to gradients would also align with re-
commendations offered by McGill et al. (2006) for
creating more quantitative and predictive commu-
nity ecology. One problem in this task is that
responses of species to the physical environment
may obscure the search for patterns (Wilson 1999),
sincc TCAP and TDAP may show paradoxical
trends.

In this paper, we offer a new method to dis-
criminate between TCAP and TDAP in
communities. While previous attempts did not ex-
plicitly consider ecological gradients in the analysis
(e.g., Stubbs & Wilson 2004), or only looked for
TCAP (Dolédec et al. 1996; Legendre et al. 1997), in
our method we evaluated the correlation between
trait-based described communities and ecological
gradients, and using partial correlation, were able to
separate components reflecting TCAP and TDAP.
We used a null model to test the magnitude of the
measured correlations between TCAP, TDAP, and
ecological gradients. We then applied this method to
cases illustrating its utility to search for TDAP and
TCAP in exploratory analysis and in testing related
hypotheses. One strength of the method is that it can
be used for either a priori specified plant types, such
as species, or for plant functional types (PFTs)
found by cluster analysis and based on traits.

Methods

Required input data

For the analysis, we need (Fig. l1a) data con-
taining a matrix B of species described by traits that
are believed to be functional for the ecological pro-
cesses of interest; another matrix W containing
the abundances or presence-absence of these species
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Fig. 1. Scaling up of trait-based data to the community level to reveal trait-convergence and trait-divergence assembly pat-
terns related to ecological gradients. The three data matrices needed for the analysis are in (a), where B describes Operational
Taxonomic Units (OTUs) by traits, W the communities by abundances or presence-absence of OTUs, and E the community
sites by one or more ecological variables. The procedure in (b) finds trait-convergence assembly patterns (TCAP) related to
E, via the computation of p(TE), the matrix correlation between dissimilarity matrices Dt and Dg computed after T and E,
where T = B'W. The procedure in (c) finds trait-divergence and trait-convergence assembly patterns related to E, via the
computation of p(XE), the matrix correlation between Dx and Dg computed after X and E, where X = U’W, and U contains
degrees of belonging of OTUs to a priori defined types, such as species, or to types defined by the traits. See main text for

additional explanations.

in communities; and a matrix E that describes
the community sites according to one or more
ecological variable of interest. Such a three-matrix
approach has antecedents (Pillar & Orloci 1993a, b;
Dolédec et al. 1996; Legendre et al. 1997; Pillar
1999b). The variables in E may refer to factors to
which the plant community responds or to effects of

the plant community on ecosystem processes (La-
vorel & Garnier 2002; Blanco et al. 2007). When the
trait description in B is local, B and W may refer to
individuals or local populations instead of species,
in which case within-species variation may be taken
into account (Pillar & Sosinski 2003; Miiller et al.
2007). Data may also refer to genera or other taxo-
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nomic units. Henceforth, for the sake of generality,
we use the well-known term operational taxonomic
unit (OTU) for individuals, local populations,
species, or any other taxonomic units to which the
trait description refers.

The data in B may contain a mixture of binary
and quantitative (ordinal, interval, ratio scales)
traits, but may not have qualitative (nominal) traits.
Nominal traits can be expanded into binary traits
for the analysis. Ordinal traits should be appro-
priately treated (Podani 2005); their transformation
to ranks, taking ties into account (Kendall & Gib-
bons 1990), is a reasonable solution (Podani 1999).

Scaling-up of traits

A comparative trait-based analysis of commu-
nities will require scaling up of the trait-based data
held in B to the community level, so far described by
W. There are various ways to scale up traits and, as
we will see, the choices have consequences for the
perception of TCAP and TDAP.

In one alternative (Feoli & Scimone 1984; Diaz
et al. 1992; Diaz & Cabido 1997), matrix multi-
plication defines T = B'W with the trait quantities in
the communities (Fig. 1b). As we explain later, the
scaling-up of traits to T enables perception of
TCAP. W may be adjusted to unit column totals
prior to multiplication, in which case a row in T will
hold the averages of a trait in each community.
Since the trait set may be a mixture of binary and
quantitative data obtained using different measure-
ment scales, correct standardization of the traits
(rows) in T is needed. Other methods are based on
analogous matrix multiplication, but involve the
three matrices B, W, and E: the RLQ method (Do-
ledec et al. 1996), which requires the inclusion of
weight matrices, and the fourth-corner method (Le-
gendre et al. 1997), for which W must be a binary
matrix.

In another alternative (Pillar & Orloci 1993a, b;
Pillar 1999b; Pillar & Sosinski 2003, with applica-
tions in Louault et al. 2005; Blanco et al. 2007;
Miiller et al. 2007), which can be traced back to Or-
l6ci & Orloci (1985), the OTUs are classified into
types (Fig. 1c). The classification may be based on
the traits in B or be specified a priori (see further
explanation below). The classification of OTUs in a
given number of ¢ types defines an incidence matrix
C of each OTU i for each type g; and from this a
matrix U with crisp or fuzzy degrees of belonging of
the OTUs to the types is derived (see further ex-
planation below). By matrix multiplication,
X = U'W will contain the composition of the com-

munities in terms of these types (each row in X will
refer to a type). As we will see, the scaling-up of
traits to X enables perception of TDAP.

Both T and X can be related to E indirectly by
matrix correlation, by measuring how the patterns
in T and X are associated to ecological gradients in
E. To relate T to E (Fig. 1b), a proper distance ma-
trix of communities (D) is computed using T, and
another distance matrix of the community sites (Dg)
is computed using E. Then the matrix correlation
p(TE) = p(D1;Dg) will measure the level of con-
gruence between variations in T and E, analogous to
the correlation used in a Mantel test. Similarly, the
matrix correlation p(XE)= p(Dx;Dg) between X
and E is defined (Fig. 1c).

PFTs or species

When the classification of OTUs into types is
based on the traits in B, we may refer to such a type
as a plant functional type (PFT). In this case, the
rows in X will be PFTs. Cluster analysis of OTUs
may be monothetic (Pillar & Orléci 1993a, b; Pillar
1999b) or polythetic (Pillar & Sosinski 2003). Any
clustering method may be used. In this way, cluster
analysis and the resulting classification at a given
partition level will define incidence matrix C.

However, incidence matrix C may be defined by
any a priori classification of OTUs, not necessarily
by cluster analysis of the trait data in B. Thus, our
method is also applicable when the interest lies not
on TDAP based on PFTs but on other units such as
species, in which case matrix C refers to the classifi-
cation of OTUs into species. In this case, the rows in
X will be species, which is the focus of this paper.
Further, as shown below, fuzzy weighting is a
method to transfer trait information to the commu-
nity level without the need to use the traits to define
PFTs.

Crisp or fuzzy types

Crisp types are defined when each OTU can
only belong to one type, i.e., the degrees of belong-
ing for a given OTU are u;, =1 for one type and
u;e = 0 for all other types. In this case U = C.

In this paper we use fuzzy types only, which are
defined by degrees of belonging u,, in the interval
[0, 1], i.e., each OTU may simultaneously belong to
more than one type with certain degrees of belong-
ing (Pillar & Orloci 1991, see also Zadeh 1965 and
Roberts 1986). Furthermore, for each OTU, the de-
grees of belonging to the ¢ types must add to a unit.
When U is fuzzy, X will thus contain the perfor-
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mances of the types (PFTs or other types such as
species) fuzzy weighted by the traits.

We derived fuzzy degrees of belonging of OTUs
to the types by averaging resemblances, based on the
traits in B, i.e.,

n
-1 O
ig = g E :Sljcjg,
=1

where u;, is the degree of belonging of OTU i in
group g, n, is the number of OTUs in type g, s;;1s the
resemblance between OTUs i and j, and ¢;, =0 or 1
is one element of C indicating whether OTU ; be-
longs to type g. This is followed by adjustment of the
degrees of belonging to a unit total for each OTU.
When the resemblances between OTUs are simila-
rities, e.g., using the Gower index, which gives a
similarity in the range 0 to 1, the computation of
degrees of belonging ends here. When the resem-
blances are dissimilarities, e.g., Euclidean distances,
the one-complement of the degrees of belonging is
taken and further adjusted to a unit total for each
OTU. The use of the Gower index is advantageous
for handling mixed measurement scales in B (Podani
1999).

To avoid artefacts arising from the possible
presence of OTUs that are identical in terms of the
traits in B, in a first step the computation of fuzzy u;,
should involve only the subset of non-identical
OTUs. Then, in a second step, the original set is re-
composed by attributing to the other OTUs the
same computed u;, of their identical OTUs.

Trait-convergence and trait-divergence assembly
patterns

What are the implications of scaling trait-based
data into T or X? We use examples with artificial
data to illustrate this point in Fig. 2. In Fig. 2a, the
community average trait value increases along the
gradient E; in Fig. 2b, it is constant; and in Fig. 2c, it
increases and then remains constant on the same
gradient. When p(TE) is large, communities that are
more similar in traits are also more similar for the
ecological factor(s) or effect(s) of interest. Thus
p(TE) measures convergence of traits (TCAP) on
the ecological gradient. Indeed, p(TE) = 1 in Fig. 2a
and p(TE) =0 in Fig. 2b, and in Fig. 2¢ trait con-
vergence is intermediate.

By scaling up traits into X, p(XE) is high for the
data in both artificial examples in Fig. 2a and b.
Thus, a large p(XE) may indicate that either or both
TCAP and TDAP are related to E. To remove the
trait-convergence component from p(XE), we com-

pute the partial matrix (Mantel) correlation
p(XE) — p(XT)p(TE)

\/l—pXT \/l—pTE

where p(XT) = p(Dx;Dr) is the matrix correlation
between the abovementioned distance matrices Dy
and Dt. The function is not defined when p(TE) = 1
or p(XT) = 1, in which case p(XE.T) = 0. The partial
matrix correlation p(XE.T) will measure the magni-
tude of the effect of TDAP in p(XE). The example
with artificial data in Fig. 2b shows maximum
p(XE.T) (which is minimum in Fig. 2a and inter-
mediate in Fig. 2¢).

Why can we always deduce that p(XE.T) ex-
presses TDAP? First, there will be no TCAP
detected by p(TE) when trait averages are constant
or not related to the environmental gradient, i.c.,
p(TE) = 0. Second, there will be neither TCAP nor
TDAP in p(XE) when community composition after
fuzzy weighting by the traits is constant or not re-
lated to the environmental gradient, i.e., p(XE) =0
Thus, by definition, if p(XE) is not null, it may ex-
press only TCAP (i.e., p(XE.T) =0), only TDAP
(i.e., p(TE) = 0), or both. Further, it should be noted
that TCAP is defined when trait convergence is
found consistently along the gradient (Fig. 2a),
while for TDAP, trait divergence is observed only in
parts of the gradient (Fig. 2b).

Equivalent results can be obtained by applying
regression models. In one model, the n(n — 1)/2 dis-
tances for n communities in Dt form the
explanatory variable, and the corresponding dis-
tances in Dy the response variable. Another model
uses the same explanatory variable D, with Dg as
the response variable (Legendre 2000). The residuals
of these models (Dxes and Dg,es) define matrix cor-
relation p(XE.T) = p(Dxyes;DEres), Which is identical
to p(XE.T) computed by partial correlation.

p(XE.T)

Searching for optimal traits

The iterative method of Pillar & Sosinski (2003)
can be used to search for an optimal trait subset ta-
ken from B in order to maximize the chosen
objective function. The objective function in this
case is p(XE.T) for TDAP and p(TE) for TCAP. To
search for optimal traits to reveal TDAP of species
(or other specified types) related to one or more
ecological factors, the classification of OTUs is gi-
ven a priori, and the computation algorithm will
take from B all possible trait combinations, starting
with one trait, and then for each trait subset will
perform all the analytical steps needed to evaluate
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(a) Trait convergence only (b) Trait divergence only
1 1000 1 00 0 1
2 1000 2 0010
3 1100 3 010 1
4 1100 4 1110
5 0110 5 1000
B= W= = =
6 0110 B 6 w 1000
7 00 11 7 1110
8 00 11 8 0101
9 0001 9 0010
10 0001 10 00 0 1
E=01 2 3 4] E=[1 2 3 4]
p(TE) =1 (strong TCAP related to E) p(TE) =0 (no TCAP related to E)
p(XE) =1 p(XE) = 0.972
p(XT) =1 p(XT)=0
p(XE.T) = 0 (no TDAP related to E) p(XE.T) = 0.972 (strong TDAP related to E)
(c) Both TCAP and TDAP
1 10 0 1
2 1010
3 110 1
4 1110
_ 5 _00O00O
B=6 W 0vo0o0o0
7 0110
8 0101
9 0010
10 0001
E=11 2 3 4
p(TE) = 0.447 (TCAP related to E)
p(XE) =0.476
p(XT) = 0.996
p(XE.T) = 0.396 (TDAP related to E)

Fig. 2. Examples with artificial data showing maximum expression of (a) only trait-convergence assembly pattern (TCAP),
(b) only trait-divergence assembly pattern (TDAP), or (¢) both TCAP and TDAP. Matrices B and E are the same in (a-c),
where B describes 10 species by one quantitative trait, with states ranging from 1 to 10. Matrix correlation p(XE) was com-
puted after fuzzy weighting of species in X. Fuzzy weighting was based on Gower similarities between species computed on
their trait description in B. Matrix E indicates a gradient. Binary matrix W is arranged in such a way to maximize TCAP,
TDAP, or to produce a combination of both according to the gradient in E. See main text and Appendix S1 for details.

p(XE.T). For TCAP, the same algorithm will be
used, but maximizing p(TE). To search for TDAP of
PFTs (we do not do this in the examples in this pa-
per), the computation algorithm will in addition
apply cluster analysis to the data defined by each
trait subset before evaluating the objective function
for a specified range of partition levels (see Pillar &
Sosinski 2003). The output will indicate the trait
subset and, if this is the case, partition levels, thus
maximizing the objective function for each number
of traits.

Null model

In order to check for statistical significance, the
observed partial correlation p(XE.T) for TDAP is
tested by permutation against a null model. The null

model should retain most of the real data structures
except for the one that is to be tested (Tokeshi 1986;
Stubbs & Wilson 2004). For this, the row vectors
(OTUs) of U are randomly permuted among rows,
keeping each row vector intact. By matrix multi-
plication, Xgpnp = U'rnpW  defines one possible
composition of the same types in each community
under the null model. In this way, the null model
preserves the intrinsic correlation structure between
types in U. Also, since matrix W is unchanged, the
total performance in each community is preserved,
which also incorporates any temporal or spatial au-
tocorrelation in the null model. Further, matrix B,
and therefore T, as well as E, are kept unchanged
over randomization, since any trait convergence ex-
pressed in the correlation p(TE) between Dt and Dg
must be incorporated into the null model.
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At each random permutation, a new value of
p(XrnpE.T) is computed and compared to the ob-
served p(XE.T). The probability P sought for the
hypothesis test is the proportion of p(XgrnpE.T) va-
lues that are not smaller than the observed p(XE.T)
in a large number of permutations (at least 1000
permutations in our analyses). We reject the null
model when P < 0.05. A significant p(XE.T) will
indicate the existence of non-random TDAP related
to the traits and ecological gradient(s) considered.

Type I error of this permutation test was as-
sessed using simulated data sets taken from the real
data we analyzed in Case Studies 1 and 2 (see next
sections). For this, we produced a large number of
possible combinations of traits (up to six traits) by
using the iterative algorithm described in the pre-
vious section. After this, the rows of matrix U for
each data set were randomly permuted among rows
and the data used as input in a permutation test. In
this way, for Case 1, a total of 2509 random data sets
were generated, for which the proportion of null
hypothesis rejection was 0.0502 when adopting
oo =0.05. For Case 2, a total of 21 777 random data
sets were generated and the proportion of null hy-
pothesis rejection was 0.0509 with the same o. Thus,
we consider the permutation test unbiased within
the range of data sets used in this paper.

Adopting the same principles, we also tested the
statistical significance of the matrix correlation
p(TE) for TCAP against a null model. For this, the
row vectors of trait matrix B were permuted among
rows, keeping each row vector intact. The correla-
tion between traits in B is kept constant and matrix
W is unchanged. By matrix multiplication, Trnp =
B’rnpW defines one possible configuration of trait
averages in each community under the null model.
Next, to find the probability P for p(TE) under this
null model, we adopted an analogous procedure to
that already explained for testing p(XE.T). A sig-
nificant p(TE) indicates non-random TCAP related
to the traits and ecological gradient(s) considered.

Further analyses

After identifying TCAP and TDAP, it may be
necessary to perform exploratory analysis in order
to simplify data complexity and ease interpretation.
Among other possibilities, we may apply well-
known ordination techniques to matrices B, T, and
X separately, and canonical ordination on T or X
restricted by E. Further, when TDAP of species are
identified, the species may be grouped after into
types using cluster analysis based on the same traits

in B responsible for the patterns at the community
level.

We could apply non-metric ordination
(NMDS) to the abovementioned matrix Dy, to re-
veal a synthetic view of TDAP. Non-metric
ordination (NMDS) is required since Dx;es 1S un-
likely to hold Euclidean metric properties. However,
correctly interpreting TDAP in NMDS with regard
to the species or other types does not seem possible,
since in the removal of Dt from Dx the link between
Dx (now in D) and the species composition (in
X) may be lost. Therefore, for interpreting the pat-
terns, we are left with using ordination of matrix X,
understanding that it may reflect both TDAP and
TCAP. Yet, defining X based on traits that max-
imize the expression of TDAP minimizes this
problem.

Computer program

The method was implemented by V.P using the
software SYNCSA, available at http://ecoqua.eco-
logia.ufrgs.br.

Case Studies

Case study 1: natural grassland, experimentally
controlled factors

We tested the method using the data of Pillar &
Sosinski (2003) from an experiment evaluating the
effect of N fertilizer and grazing levels on natural
grassland in Eldorado do Sul, Brazil (30°05'52"S,
51°41'14"W, 31m a.s.l.). Fourteen experimental
plots were subjected during 5 years to limited com-
binations of N fertilizer (0, 30, 100, 170, and
200kgNha~'yr ') and grazing levels (4, 6, 9, 12,
and 14 kg of forage dry matter per 100 kg of cattle
live weight) using a central composite design. In the
fifth year, each experimental plot was described by
five systematically placed quadrats of 0.5mx0.5m.
The species found were estimated for cover abun-
dance and locally described for traits in each
quadrat. We used seven quantitative (ordinal) traits
(Table 1a), which were transformed to ranks for the
analysis. Within-species variation was taken into
account and therefore the data in matrix B included
the trait description of 827 populations (OTUs) be-
longing to 81 species. The quadrats in each
experimental plot were pooled for the analysis (for
this, matrix B remained intact while columns in W
were pooled and the extra ones in E were trimmed).
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Table 1. Plant traits chosen for description of populations in the natural grassland experiment in south Brazil in (a), and the
trait subsets maximizing, at the community level, the expression of trait-divergence and trait convergence assembly patterns
related to nitrogen and grazing gradients in (b). All traits were taken as ordinal.

(a) Traits

Labels Traits and trait states

pi Plant inclination (1:prostrate, 2:semi-erect, 3:erect)

he Canopy height at estimated “center of gravity” of standing biomass (1: <7.5cm; 2: 7.5-14; 3: 14-22.5; 4: 22.5-30; 5: 30-40; 6: > 40cm)
1l Leaf length (1: <4.3cm; 2: 4.3-8.6; 3: 8.6-13; 4: 13-17.3; 5: 17.3-21; 6: > 2l cm),

sh Leaf shape (width/length rescaled into classes: 1: <0.38; 2: 0.38-0.76; 3: 0.76-1.13; 4: 1.13-1.56; 5: 1.56-2.25; 6: > 2.25)

la Leaf area (leaf length xwidth rescaled into classes: 1: <11.2 cm?; 2: 11.2-22.3; 3: 22.3-36.48; 4: 36.48-38.85; 5: 38.8-67.2; 61 > 67.2 sz)

tx
ts

Leaf texture (1: membranous; 2: herbaceous; 3: coriaceous or fibrous)
Leaf resistance to traction (4 classes, estimated by pulling by hand until broken)

(b) Trait-divergence (TDAP) and trait-convergence (TCAP) assembly patterns

Gradient TDAP TCAP
Nitrogen Grazing Nitrogen Grazing
Optimal trait subset Plant inclination Leaf texture, resistance Plant inclination Leaf resistance
and height, leaf area and shape and length and leaf shape and area
p(TE) 0.269 0.232 0.521 0.420
P=0.115 P=0.100 P =0.002 P =0.007
p(XE) 0.500 0.392 0.585 0.481
p(XT) 0.901 0.882 0.967 0.965
p(XE.T) 0.617 0.408 0.374 0.318
P =0.001 P=0.010 P=0.017 P=0.035

With this data set, we searched for traits reveal-
ing TDAP of fuzzy species related to the N fertilizer
levels in one case, and to the grazing levels in an-
other case. In both cases, we also searched for traits
maximizing the expression of TCAP.

The results (Table 1b) show that the traits
maximally revealing TDAP of fuzzy species asso-
ciated to N levels, at a highly significant level of
partial correlation (p(XE.T)=0.617, P=0.001),
were plant inclination and height, and leaf area and
shape. The traits maximally revealing TDAP of
species related to grazing levels, at a significant par-
tial correlation level (p(XE.T) = 0.408, P =0.010),
were leaf texture, resistance, and length. On both
gradients, the level of TCAP expressed by these
traits was moderate and marginally significant
(p(TE) =0.269, P =0.115 for N, and p(TE) = 0.232,
P =0.100 for grazing).

Although TDAP of fuzzy species were identi-
fied, in order to simplify the presentation of results,
after finding optimal traits, we classified the species
into groups using the optimal traits and called such
groups PFTs. For this, we applied cluster analysis
(complete linkage method) on the Gower similarity
matrix of species computed on the average matrix of
traits by species, considering only the traits that
were optimal for each ecological gradient. We tested
group partition sharpness by bootstrap resampling
and chose a number of groups that were sharp at a
probability threshold of P> 0.05 (Pillar 1999a).

The communities were then compared (chord
distances on matrix X) using the composition of
species after fuzzy weighting by the optimal traits,
and then analyzed by Principal Coordinates Analy-
sis (Fig. 3a and b). Also, the variation of these and
the other traits at the population level is depicted in
the PCOA ordination in Fig. 3¢ and d, which used
the trait averages for each species (from matrix B;
and all traits, including the ones not selected as
optimal for the gradients are projected on the ordi-
nation space). As seen in Fig. 3c and d, there is a
high level of redundancy among traits, which is in-
dicated by the large proportion of total variation in
the trait data accounted for by the first two ordina-
tion axes. Further, more correlated traits are closer
in the diagrams.

By integrating the information at community
(Fig. 3a) and population (Fig. 3¢) levels along the N
gradient, and the groups (PFTs) already identified
(see also Supporting Information, Appendix S2a),
we find, in a broad view, that plants that were taller,
more erect, and with smaller, linear leaves (PFT-2),
and plants of medium height and medium inclina-
tion, with larger, linear leaves (PFT-1), co-occurred
in communities under higher N levels, while PFT-1
and shorter, very prostrate plants, with medium-
size, round leaves (PFT-3) co-occurred in commu-
nities under lower N levels.

Similarly (Fig. 3b and d, and Appendix S2b),
along the grazing gradient, plants with shorter,
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Fig. 3. Trait-divergence assembly patterns of species in natural grassland communities under experimental levels of nitrogen
(N) and grazing in south Brazil. The diagrams in (a) and (b) were generated by PCOA of communities based on chord
distances computed on the composition of species after fuzzy weighting by traits; the labels in (a) identify N levels and in (b)
the grazing levels of the experimental plots; in both diagrams the species are plotted according to their rescaled correlations
with the ordination axes and identified in (a) by the same group labels as in (¢), and in (b) by the same group labels as in (d).
In (a) fuzzy weighting was defined by plant inclination, height, and leaf area and shape, and in (b) by leaf texture, resistance
and length, which were the optimal traits for the expression of trait-divergence assembly patterns related to the specified
gradients (see Table 1). The PCOA diagram in (¢) shows the species as described by the optimal traits mentioned in (a); the
labels identify the traits (see Table 1a) and the species by the corresponding group (PFT) found by cluster analysis based on
the optimal traits, using complete linkage method on Gower similarities of species; the optimal and the other traits were
projected on the diagram based on their correlations with the axes. The diagram in (d) followed the same procedure, but

using the same traits as in (b).

round leaves, with a softer texture and low re-
sistance to traction (PFT-b) characterized the
heavier grazing plots (lower forage on offer levels),
while plants with longer, linear leaves, a harder leaf
texture and high resistance to traction (PFT-c), and
plants with longer, linear leaves with a medium tex-
ture and medium resistance to traction (PFT-a) co-
occurred in lighter grazing level plots.

The traits maximizing the expression of TCAP
along the N gradient were plant inclination and leaf
shape, with a relatively high and significant matrix
correlation (p(TE)=0.521, P=0.002, Table 1b).
The traits maximizing TCAP along the grazing gra-
dient were leaf resistance and area, and the
correlation was somewhat lower but significant

(p(TE) = 0.420, P =0.007, Table 1b). Some of these
traits coincide with those maximally revealing
TDAP related to the gradients. The fact that the
same trait can be both a component of TCAP and a
component of TDAP is illustrated by the example in
Fig. 2c, where both convergence and divergence are
present for the same trait. The association between
some of these traits and the ecological gradients is
shown in Fig. 4: plants were more erect with in-
creasing N levels (Fig. 4a), while they had stronger
leaves with increasing forage on offer (decreasing
grazing levels, Fig. 4b).

On both N and grazing gradients, TDAP ex-
pressed by the same traits maximizing TCAP was
weaker but significant (p(XE.T)=0.374, P=0.017
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Fig. 4. Patterns of trait convergence found in natural grassland communities under experimental levels of nitrogen and
grazing in south Brazil. The diagrams relate community-level averaged traits with nitrogen (a) and grazing (b) gradients; the
traits were among those that, with other traits or individually, maximized the expression of trait convergence on these gra-
dients (see Table 1b), i.e., plant inclination and leaf resistance to traction.

Table 2. Plant traits chosen for description of woody plant species colonizing Araucaria forest patches of different
development stages in south Brazil in (a), and the trait subsets maximizing, at the community level, the expression of
assembly rules and trait convergence related to the patch size gradient in (b). Seed size was taken as quantitative, seed
number and diaspore size as ordinal (transformed to ranks) and the others as binary traits.

(a) Traits and trait states

ss Seed size (mean seed diameter in mm)

sn Seed number (1: single seeded diaspore, 2: two to five seeds per diaspore, 3: more than five seeds per diaspore)
ds Disapore size (1. small, 2: medium, 3: large)

be, dr, ar, ot
ye, or, re, wh, gr, vi, bl, br

Diaspore type (be: berry, dr: drupe, ar: arillate seed, ot: other)
Diaspore color (ye: yellow, or: orange, wh: white, gr: green, vi: violet, bl: black, br: brown)

(b) Trait-divergence (TDAP) and trait-convergence (TCAP) assembly patterns

Optimal traits TDAP

TCAP

Drupe, fruit color (yellow, violet, black)

Arillate seed, drupe, black fruit

p(TE) 0.154 (P=10.912)
p(XE) 0.265
p(XT) 0.973
p(XE.T) 0.509 (P=0.077)

0.551 (P = 0.050)
0.342
0.373
0.176 (P = 0.650)

for N; p(XE.T) =0.318, P=0.035 for grazing, Ta-
ble 1b).

The results therefore indicate that contrasting
species in terms of traits co-occur in the same com-
munities, and that the change in species
composition, after removing the effect of TCAP, is
highly correlated to the ecological gradient con-
sidered. We interpret this as strong evidence of
TDAP related to N and grazing levels in these
grassland communities. The results evidenced traits,
shared or not with those expressing TDAP, that en-
hance the perception of TCAP, i.e., the similarity
among plants occurring at the same gradient levels.
Therefore, both TDAP and TCAP can be detected
in these communities, depending on traits and eco-
logical gradient.

Case 2: colonization of Araucaria forest patches

In this case, we use trait-based data of woody
species colonizing Araucaria forest patches of dif-
ferent sizes in a forest-grassland mosaic in south
Brazil (Duarte et al. 2007). The data describe 38 co-
lonizer species by seed size, seed number, and
disperser attraction traits related to diaspore size,
type, and color (data published in the Appendix of
Duarte et al. 2007). Ordinal traits were transformed
to ranks. Nominal traits were expanded into binary
data. Thus, 15 traits were considered: seed size, seed
number; and the diaspore traits size, berry, drupe,
other fruit type, with arillate seed, yellow, orange,
red, white, green, violet, black, and brown (Table
2a). The abundance of saplings of these species was
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Fig. 5. Trait-divergence assembly patterns of colonizer plant species in Araucaria forest patches of different patch sizes in a
Campos grassland matrix in south Brazil. The PCOA ordination diagram of communities in (a) was generated on chord
distances computed on the composition of species after fuzzy weighting by the traits fruit type (drupe) and fruit color (yel-
low, violet, black), which maximized the expression of TDAP related to forest patch size (see Table 2b). The letter labels
identify the patch size type (L: large patches, S: small patches, N: nurse plants). The species are plotted according to their
rescaled correlations with the ordination axes and identified by the corresponding PFT shown in (b). The PCOA ordination
of species in (b) was based on the Gower index between species based on the abovementioned traits; the species are identified
by the corresponding PFT found by cluster analysis (Wards’s method, on the same Gower similarities between species); since
there are identical species for the traits, some coordinates overlap; all 15 traits describing the species are projected on the

diagram (see labels in Table 2a).

evaluated in 36 forest patches (Duarte et al. 2006).
Forest patch size, varying from 36 to 1900 m?, from
nurse plants to large patches, was taken as the eco-
logical factor after log transformation. We used
forest patch size as a proxy for forest development
stage. We expect plant community patterns in this
case are determined by a process mediated by eco-
logical mechanisms related to forest patch size that
affect the disperser fauna, such as diet preferences
and habitat use (Duarte et al. 2007).

The results (Table 2b) indicate the traits maxi-
mally revealing fuzzy-weighted species-based TDAP
related to forest patch size, with a marginally sig-
nificant partial correlation level of p(XE.T) = 0.509
(P =10.077), were fruit type (drupe) and fruit color
(yellow, violet, black). The level of TCAP expressed
by these traits was low and not significant (p(TE) =
0.154, P=0.912).

We followed the same procedure as in the
grassland example to explore, by ordination and
classification, the population and community pat-
terns revealed by these traits (Fig. 5a and b, Ap-
pendix S3).

The species in PFT-1 characterized small and
large forest patches (Fig. 5a); some of them pre-
sented larger arillate seeds, others small- to medium-
sized berries that were neither black nor violet (Fig.
5b, Appendix S3). Species in PFT-1 were absent
from nurse plants and only found in small and large
forest patches; while among the other species, some

were also present under nurse plants, in particular
those in PFT-3, PFT-4, and PFT-6. In general, the
species under nurse plants were a subset of the co-
lonizer species pool found in small and large forest
patches. The species in PFT-2 had small- to med-
ium-sized violet and black (also red) berries. The
species in PFT-3 had small to medium black (also
orange or red) drupes. The species in PFT-4 had
small to medium black berries. The species in PFT-5
had medium to large yellow (also red, green, and
violet) berries or other fruit types. The species in
PFT-6 had small drupes that were violet and black
(also red).

The traits maximizing the expression of TCAP
were diaspore type (drupe, arillate seed) and color
(black) (p(TE) =0.551, P=0.050, Table 2b). The
TDAP expressed by the same traits maximizing
TCAP was weak and non-significant (p(XE.T) =
0.176, P = 0.650). The association between some of
these traits and the ecological gradient is shown in
Fig. 6. The proportion of species with drupe fruit
type decreases with patch size (Fig. 6a), while mean
seed size (which was not selected as optimal for
TCAP) shows a weak increasing trend on the gra-
dient.

The results for this case also indicate that
some contrasting species (grouped in PFTs) in
terms of traits co-occurred in the same forest
patches, and that the change in species composi-
tion, after removing the effect of TCAP, was
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Fig. 6. Patterns of trait convergence found in communities of colonizer woody plant species in Araucaria forest patches of
different patch sizes developing in a Campos grassland matrix. The diagrams relate community-level averaged traits (pro-
portion of species with drupes and mean seed size) with log forest patch size. Drupe fruit type, but not mean seed size, was
among the traits that maximized the expression of trait convergence on this gradient (see Table 2b).

correlated with forest patch size, although at a
marginal significance, which can be interpreted as
weaker evidence of TDAP than in the previous
example.

Discussion

The results show that the method is able to dis-
criminate TCAP and TDAP related to a specified set
of ecological variables in community gradients. By
scaling up trait-based data from the population to
the community level, and testing by permutation
against appropriate null models, the method can re-
veal TCAP and TDAP that are more likely
functional for these gradients. This is especially im-
portant for TDAP, since finding divergence patterns
is not as easy as for TCAP (Wilson 1999). Our
method therefore fills an important gap in the lit-
erature, by allowing ecologists to search and test for
TCAP and TDAP with field data, or with field data
in combination with data drawn from trait data-
bases (e.g., Knevel et al. 2003). The available
methods either search for TCAP only (Dolédec et al.
1996; Legendre et al. 1997), or do not consider eco-
logical gradients when looking for divergence. Most
evidence of divergence patterns (Wilson & Rox-
burgh 1994; Stubbs & Wilson 2004; Mason &
Wilson 2006) does not consider any explicit ecolo-
gical gradient apart from within community
variance in guild proportions, trait distances and
other test statistics for limiting similarity, which for
some traits were found to be more extreme than ex-
pected by chance, allowing only the suggestion of
links between pattern and ecological gradients.

Further, the method used by Weiher et al. (1998) to
relate trait dispersion to an environmental gradient
may be limited when the same traits also show con-
vergence.

There is consensus in the literature that both
patterns of trait convergence and trait divergence
exist in communities, but there is no consensus on
the contexts in which trait convergence or diver-
gence would be more relevant (Grime 2006; Wilson
2007). One hypothesis is that local disturbances en-
hance species coexistence and trait divergence, while
productivity-related plant traits would be less vari-
able on a local scale, and thus enhance the
expression of trait convergence along productivity
gradients (Thompson et al. 1996; Grime 2006). En-
vironmental effects in our method are no longer a
“nuisance, obscuring or mimicking the assembly
rules” (Wilson 1999) but rather are the effects being
searched for. By finding how TCAP and TDAP re-
late to ecological gradients, community ecologists
may be able to state and test objective hypotheses on
the links of patterns to community processes, and
may be closer to finding assembly rules or con-
straints predicting community structure and
ecosystem function.

Since, in our method, we find TCAP and TDAP
that are linked to the specified ecological gradients,
the lack of TCAP or TDAP related to the gradient
considered in one context does not necessarily in-
dicate there is no TCAP or TDAP related to other
gradients, or to the same gradients but measured on
a different spatial or temporal scale. Further, trait
divergence may just as well arise by stochastic pro-
cesses (Hubbell 2001; Ulrich 2004), in which case
it would be evidenced by methods not taking into
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account environmental gradients (e.g., Stubbs &
Wilson 2004), but not by our method. That is, the
sole fact that more similar organisms are found co-
existing less often than expected at random may
reveal divergence patterns that are unrelated to any
known ecological factor. The TDAP we found by
correlation to the ecological gradients may reflect
real responses to these or other correlated ecological
factors.

The described method is flexible and applicable
under different data frameworks. We now summar-
ize some of its strengths. It applies to traits measured
using different scales (binary and quantitative). The
OTUs may be taxonomic units, such as species, or
may be individuals or local populations, in which
case the study of community patterns related to
within-species variation is allowed. Community
data may contain presence-absence or quantities.
The proposed iterative algorithm may find trait
subsets maximizing the expression of either TCAP
or TDAP related to specified ecological variables.
Further, and above all, since the community com-
ponents are fuzzy weighted by the traits, the method
is applicable to identify TDAP of a priori types, such
as species. Grouping species into functional types is
not a prerequisite for distinguishing TDAP and,
obviously, is not needed for TCAP. If the types were
not fuzzy weighted by the traits, we could not define
TDAP of species and identify the traits most re-
sponsible for the pattern. As in our study cases,
TDAP of species can be identified and then the spe-
cies further classified in PFTs based on the traits,
but this is not part of the method for discriminating
TCAP and TDAP. Finding TDAP of species is par-
ticularly advantageous because the patterns are not
dependent on the partition level used to identify
PFTs (Pillar & Sosinski 2003).

Phylogenetic relationships among the OTUs
may also influence to some degree the assembly
patterns in response to environmental gradients
(Westoby et al. 1995; Duarte et al. 2007). Procedures
for controlling phylogeny on species traits could be
employed prior to analyses (e.g., Duarte et al. 2007),
but whether this would be the most appropriate way
to evaluate the influence of phylogeny on commu-
nity assembly patterns remains an open question.

Acknowledgements. This work was funded by CNPq
(grants 302032/2006-1 and 141810/2003-3) and IAT/CRN-
2005 (grant NSF GEO-0452325). E.S. was supported by a
post-doctoral fellowship from FAPESP (grant 05/59168-
1). We thank the Department of Mathematics of the Uni-
versita di Roma La Sapienza for hospitality during the

initial development of this paper by V.P., Rafael Machado
for providing part of the forest community data, Marcos
Carlucci for the trait description of the species in these
communities, Carolina Blanco for assistance in data pre-
paration, Sandra Miiller for comments and for asking if
we could find TDAP of species, and Jands Podani and two
anonymous referees for stimulating suggestions on the
manuscript.

References

Armbruster, W.S. 1986. Reproductive interactions
between sympatric Dalechampia species: are natural
assemblages ‘“‘random” or organized? Ecology 67:
522-533.

Blanco, C.C., Sosinski, E.E., Santos, B.R.C., Abreu da
Silva, M. & Pillar, V.D. 2007. On the overlap between
effect and response plant functional types linked to
grazing. Community Ecology 8: 57-65.

Box, E.O. 1981. Macroclimate and plant forms: an
introduction to predictive modelling in phytogeography.
Junk, The Hague.

Diamond, J.M. 1975. Assembly of species communities.
In: Cody, M.L. & Diamond, J.M. (eds.) Ecology and
evolution of communities. pp. 342-444. Harvard
University Press, Cambridge.

Diaz, S. & Cabido, M. 1997. Plant functional types and
ecosystem function in relation to global change.
Journal of Vegetation Science 8: 463—474.

Diaz, S., Acosta, A. & Cabido, M. 1992. Morphological
analysis of herbaceous communities under different
grazing regimes. Journal of Vegetation Science 3: 689—696.

Diaz, S., Lavorel, S., de Bello, F., Quetier, F., Grigulis, K.
& Robson, M. 2007. Incorporating plant functional
diversity effects in ecosystem service assessments.
Proceedings of the National Academy of Sciences of
the United States of America 104: 20684-20689.

Dolédec, S., Chessel, D., ter Braak, C.J.F. & Champely, S.
1996. Matching species traits to environmental
variables: a new three-table ordination method.
Environmental and Ecological Statistics 3: 143—166.

Duarte, L.S., Machado, R.E., Hartz, S M. & Pillar, V.D.
2006. What saplings can tell us about forest expansion
over natural grasslands. Journal of Vegetation Science
17: 799-808.

Duarte, L.S., Carlucci, M.B., Hartz, S.M. & Pillar, V.D.
2007. Plant dispersal strategies and the colonization of
Araucaria forest patches in a grassland-forest mosaic.
Journal of Vegetation Science 18: 847-858.

Feoli, E. & Scimone, M. 1984. A quantitative view of
textural analysis of vegetation and examples of
application of some methods. Archivio Botanico e
Biogeografico Italiano 60: 73-94.

Fukami, T., Bezemer, T.M., Mortimer, S.R. & van der
Putten, W.H. 2005. Species divergence and trait
convergence in experimental plant community
assembly. Ecology Letters 8: 1283-1290.



- Discriminating trait-convergence and trait-divergence assembly patterns - 347

Grime, J.P. 2006. Trait convergence and trait divergence in
herbaceous plant communities: mechanisms and
consequences. Journal of Vegetation Science 17: 255-260.

Hubbell, S.P. 2001. The unified neutral theory of
biodiversity and biogeography. Princeton University
Press, Princeton.

Keddy, P.A. 1992. Assembly and response rules: two goals
for predictive community ecology. Journal of
Vegetation Science 3: 157-164.

Keddy, P.A. & Weiher, E. 1999. Introduction: the scope
and goals of research on assembly rules. In: Weiher, E.
& Keddy, P.A. (eds.) Ecological assembly rules:
perspectives, advances, retreats. pp. 1-20. Cambridge
University Press, Cambridge, UK.

Kendall, M.G. & Gibbons, J.D. 1990. Rank correlation
methods. 5th ed. E. Arnold, Oxford University Press,
London, New York.

Knevel, I.C., Bekker, R.M., Bakker, J.P. & Kleyer, M.
2003. Life-history traits of the Northwest European
flora: the LEDA database. Journal of Vegetation
Science 14: 611-614.

Lavorel, S. & Garnier, E. 2002. Predicting changes in
community composition and ecosystem function from
plant traits: revisiting the Holy Grail. Functional
Ecology 16: 545-556.

Legendre, L. 2000. Comparison of permutation methods for
the partial correlation and partial Mantel tests. Journal
of Statistical Computation and Simulation 67: 37-73.

Legendre, P., Galzin, R. & Harmelin-Vivien, M.L. 1997.
Relating behavior to habitat: solutions to the fourth-
corner problem. Ecology 78: 547-562.

Louault, F., Pillar, V.D., Aufrére, J., Garnier, E. &
Soussana, J.-F. 2005. Plant traits and functional
types in response to reduced disturbance in a semi-
natural grassland. Journal of Vegetation Science 16:
151-160.

MacArthur, R. & Levins, R. 1967. The limiting similarity,
convergence, and divergence of coexisting species.
American Naturalist 101: 377-385.

Mason, N.W.H. & Wilson, J.B. 2006. Mechanisms of
coexistence in a lawn community: mutual
corroboration between two independent assembly
rules. Community Ecology 7: 109-116.

McGill, B.J., Enquist, B.J., Weiher, E. & Westoby, M.
2006. Rebuilding community ecology from functional
traits. Trends in Ecology & Evolution 21: 178-185.

Miiller, S., Overbeck, G., Pfadenhauer, J. & Pillar, V.
2007. Plant functional types of woody species related
to fire disturbance in forest-grassland ecotones. Plant
Ecology 189: 1-14.

Orloci, L. & Orloci, M. 1985. Comparison of communities
without the use of species: model and example. Annali
Di Botanica 43: 275-285.

Pillar, V.D. 1999a. How sharp are classifications? Ecology
80: 2508-2516.

Pillar, V.D. 1999b. On the identification of optimal plant
functional types. Journal of Vegetation Science 10:
631-640.

Pillar, V.D. & Orloci, L. 1991. Fuzzy components in
community level comparisons. In: Feoli, E. & Orloci,
L. (eds.) Computer assisted vegetation analysis. pp. 87—
93. Kluwer, Dordrecht.

Pillar, V.D. & Orloéci, L. 1993a. Character-based
community analysis; the theory and an application
program. SPB Academic Publishing, The Hague.

Pillar, V.D. & Orloci, L. 1993b. Taxonomy and
perception in vegetation analysis. Coenoses 8: 53—66.

Pillar, V.D. & Sosinski, E.E. 2003. An improved method
for searching plant functional types by numerical
analysis. Journal of Vegetation Science 14: 323-332.

Podani, J. 1999. Extending Gower’s general coefficient of
similarity to ordinal characters. Taxon 48: 331-340.

Podani, J. 2005. Multivariate exploratory analysis of
ordinal data in ecology: pitfalls, problems and
solutions. Journal of Vegetation Science 16: 497-510.

Raunkiaer, C. 1934. The life forms of plants and statistical
plant geography; the collected papers of C. Raunkiaer.
Clarendon Press, Oxford, GB.

Roberts, D.W. 1986. Ordination on the basis of fuzzy set
theory. Vegetatio 66: 123—131.

Stubbs, W.J. & Wilson, J.B. 2004. Evidence for limiting
similarity in a sand dune community. Journal of
Ecology 92: 557-567.

Thompson, K., Hillier, S.H., Grime, J.P., Bossard, C.C. &
Band, S.R. 1996. A functional analysis of a limestone
grassland community. Journal of Vegetation Science 7:
371-380.

Tokeshi, M. 1986. Resource utilization, overlap and
temporal community dynamics: a null model analysis
of an epiphytic chironomid community. Journal of
Animal Ecology 55: 491-506.

Ulrich, W. 2004. Species co-occurrences and neutral
models: reassessing J. M. Diamond’s assembly rules.
Oikos 107: 603—-609.

van der Valk, A.G. 1981. Succession in wetlands: a
Gleasonian Approach. Ecology 62: 688—696.

Warming, E. 1909. Oecology of plants: an introduction to the
study of plant-communities. Clarendon Press, Oxford.

Weiher, E. & Keddy, P.A. 1995. Assembly rules, null
models, and trait dispersion: new questions from old
patterns. Oikos 74: 159-164.

Weiher, E., Paul Clarke, G.D. & Keddy, P.A. 1998.
Community assembly  rules, morphological
dispersion, and the coexistence of plant species. Qikos
81:309-322.

Westoby, M., Leishman, M.R. & Lord, J.R. 1995. On
misinterpreting the ‘phylogenetic correction’. Journal
of Ecology 83: 531-534.

Wilson, J.B. 1999. Assembly rules in plant communities.
In: Weiher, E. & Keddy, P.A. (eds.) Ecological
assembly rules: perspectives, advances, retreats. pp.
130-164. Cambridge University Press, Cambridge,
UK.

Wilson, J.B. 2007. Trait-divergence assembly rules have
been demonstrated: limiting similarity lives! A reply to
Grime. Journal of Vegetation Science 18: 451-452.



348 Pillar, Valério D. et al.

Wilson, J.B. & Roxburgh, S.H. 1994. A demonstration of
guild-based assembly rules for a plant community, and
determination of intrinsic guilds. Oikos 69: 267-276.

Zadeh, L.A. 1965. Fuzzy sets. Information and Control 8:
338-353.

Supporting Information

Additional Supporting Information may be
found in the online version of this article:

Appendix S1. Detailed computations for the ex-
amples using artificial data presented in Fig. 2. The
data show (a) maximum expression of trait-con-
vergence assembly pattern (TCAP), (b) trait-
divergence assembly pattern (TDAP), or (¢) both
TCAP and TDAP.

Appendix S2a. Traits revealing TDAP maxi-
mally related to nitrogen levels and the

corresponding PFTs (groups of species) identified
by cluster analysis.

Appendix S2b. Traits revealing TDAP maxi-
mally related to grazing levels and the
corresponding PFTs (groups of species) identified
by cluster analysis.

Appendix S3. Plant traits in woody plant species
colonizing Araucaria forest patches of different de-
velopment stages.

Please note: Wiley-Blackwell are not re-
sponsible for the content or functionality of any
supporting materials supplied by the authors. Any
queries (other than missing material) should be di-
rected to the corresponding author for the article.

Received 20 January 2008;
Accepted 13 June 2008.
Co-ordinating Editor: P. M. Dixon.



