Received: 2 August 2021

Revised: 26 December 2021

Accepted: 17 January 2022

DOI: 10.1111/ele.13980

METHOD

ECOLOGY LETTERS [ RVYMNES

Predictions of biodiversity are improved by integrating trait-based
competition with abiotic filtering

Loic Chalmandrier">? |
William G. Lee®

"Department of Botany, University of
Wyoming, Laramie, Wyoming, USA
*Centre for Integrative Ecology, School
of Biological Sciences, University of
Canterbury, Christchurch, New Zealand

*Theoretical Ecology, Faculty of Biology
and Pre-Clinical Medicine, University of
Regensburg, Regensburg, Germany

“Titoki Landcare, Hamilton, New Zealand

SLandcare Research, Dunedin, New
Zealand

®Ecosystems and Global Change Group,
University of Cambridge, Cambridge, UK

Correspondence

Loic Chalmandrier, Department of Botany,
University of Wyoming, Laramie, WY,
USA.

Email: loic.chalmandrier@biologie.uni-
regensburg.de

Funding information

University of Canterbury; University of
Waikato; H2020 Marie Sktodowska-Curie
Actions, Grant/Award Number: 840946;
University of Wyoming; Manaaki Whenua
- Landcare Research; New Zealand
Government, Grant/Award Number: 16-
UOC-008 and RDF-13-UOC-003

Editor: Akira Mori

INTRODUCTION

Daniel B. Stouffer? |
| Andrew J. Tanentzap®

Adam S. T. Purcell* |
| Daniel C. Laughlin'

Abstract

All organisms must simultaneously tolerate the environment and access limit-
ing resources if they are to persist. Approaches to understanding abiotic filter-
ing and competitive interactions have generally been developed independently.
Consequently, integrating those factors to predict species abundances and com-
munity structure remains an unresolved challenge. We introduce a new synthetic
framework that models both abiotic filtering and competition by using functional
traits. First, our framework estimates species carrying capacities along abiotic
gradients. Second, it estimates pairwise competitive interactions as a function of
species trait differences. Applied to the study of a complex wetland community,
our combined approach more than doubles the explained variance of species abun-
dances compared to a model of abiotic tolerances alone. Trait-based integration of
competitive interactions and abiotic filtering improves our ability to predict spe-
cies abundances, bringing us closer to more accurate predictions of biodiversity
structure in a changing world.
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few explicitly model species abundances (Zakharova
et al., 2019).

Predicting species abundances is a major focus of com-
munity ecology (McGill et al., 2006). In recent decades,
trait-based ecology has proposed that species mor-
phological, physiological or phenological features de-
termine how abiotic filtering and species interactions
affect local community structure (Kraft, Adler, et al.,
2015; Violle et al., 2007). However, trait-based analy-
ses of communities often focus on functional diversity
(Chalmandrier et al., 2017; Spasojevic et al., 2014) and

Trait-based models of abiotic filtering that statistically
estimate species abundances assume that there are opti-
mum trait values within a given environment. Species able
to attain these trait values will be more likely occur in that
environment (Laughlin et al., 2012; Shipley, 2010). In par-
allel, theoretical models of species interactions have a long
and storied history in ecology (Chesson, 2000; Lotka, 1926)
and have been used to understand the foundational condi-
tions for coexistence among competing species. For species

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium,

provided the original work is properly cited.
© 2022 The Authors. Ecology Letters published by John Wiley & Sons Ltd.

Ecology Letters. 2022;00:1-13.

wileyonlinelibrary.com/journal/ele 1


www.wileyonlinelibrary.com/journal/ele
mailto:﻿
https://orcid.org/0000-0002-2631-0432
https://orcid.org/0000-0001-9436-9674
https://orcid.org/0000-0001-7717-0807
https://orcid.org/0000-0002-2883-1901
https://orcid.org/0000-0002-9651-5732
mailto:loic.chalmandrier@biologie.uni-regensburg.de
mailto:loic.chalmandrier@biologie.uni-regensburg.de

PREDICTIONS OF BIODIVERSITY ARE IMPROVED BY INTEGRATING TRAIT-BASED

2 |

COMPETITION WITH ABIOTIC FILTERING

to coexist stably, niche differences among species must
be greater than differences in competitive ability (Adler
et al., 2007; Chesson, 2000) and recent work suggests that
those differences can be linked to functional traits (Kraft,
Godoy, et al., 2015). Advances in these two classes of mod-
els have largely proceeded independently (Kraft, Adler,
et al., 2015), and hence, we still lack well-established and
broadly testable approaches that capture both perspectives
(but see D’Amen et al., 2015; Ovaskainen et al., 2017).

Three primary obstacles have prevented the mathemat-
ical integration of models of abiotic filtering and models of
species interactions. First, they lack a common numerical
currency through which they could be linked. Trait-based
models of abiotic filtering yield probabilities that a species
occurs in an environment given its traits, whereas models of
species interactions describe the dynamics of populations
over time or equilibrium abundances given growth rates,
carrying capacities and pairwise interaction coefficients
(Chesson, 2000; Lotka, 1926). Second, the complexity of
estimating pairwise interactions increase exponentially
with the number of species in the community, and there
has been no obvious method for estimating interaction
coefficients without implementing laborious competition
experiments (Kraft, Godoy, et al., 2015; Narwani et al.,
2013). Finally, there have been no adequate tools to model
classical community ecology sampling schemes. For in-
stance, plant abundance is often visually assessed through
percent cover classes that do not necessarily fit well with
existing statistical frameworks. Recently, authors have for-
malised the use of beta distributions to adequately model
these sampling schemes (Damgaard & Irvine, 2019), but
they have yet to be implemented in biodiversity modelling.

Here, we present a new synthetic framework that over-
comes these three obstacles. This framework, which we
call Banquo (Shipley, 2010), integrates Traitspace, a trait-
based model of abiotic filtering (Laughlin et al., 2012), with
a Lotka—Volterra competition model. First, we assume
that the probability that a species occurs in an environ-
ment given its traits determines its local carrying capacity,
that is, the maximum population size that a species can
reach locally in the absence of interspecific competition
(MacArthur & Levins, 1967). Second, we assume pair-
wise interaction coefficients can be represented as a func-
tion of observed trait differences between species (Kraft,
Godoy, et al., 2015), thereby substantially reducing the
number of parameters needed to estimate pairwise inter-
action coefficients (Chalmandrier et al., 2021). Drawing
inspiration from coexistence theory (Adler et al., 2007,
Chesson, 2000), the parameterisation of this function al-
lows for competitive outcomes to be affected by a mixture
of niche partitioning (i.e. strong competitive interference
among functionally similar species) and competitive hi-
erarchies (i.e. species have strong competitive impacts on
species with inferior trait values). Third, we use the recent
methodological developments of Irvine et al. (2019) to link
the output of our framework to observed plant species
covers estimated through cover classes.

We illustrate our framework by modelling plant spe-
cies covers along a flooding gradient in an ephemeral
wetland (Purcell et al., 2019). After presenting our frame-
work, we calibrated 18 assembly models that include abi-
otic filtering and/or biotic filtering tested on different
sets of functional traits. Then, we compared the statis-
tical performance of these 18 assembly models. Finally,
we analysed how the parameterisation and output of the
calibrated models inform our knowledge about the as-
sembly of wetland plant communities.

METHODS
The framework

Step 1—Estimating species carrying capacities
along environmental gradients

We started with the Traitspace framework to model spe-
cies’ probabilities of occurrence along environmental
gradients (Laughlin et al., 2012). Traitspace characterises
the size and shape of the environmental filter based on
a multivariate linear model with a vector of individual
plant traits (7)) as the response and a vector of environ-
mental gradients (£) as the predictors, that is, the func-
tion T= f(FE). Traitspace uses this linear model to estimate
the conditional distributions of traits 7 given the environ-
mental conditions in site k (P(T'|E,)). Second, it uses the
intraspecific trait distribution of each species across sites,
that is, the conditional distributions of traits given spe-
cies identity (P(7]S,)). The posterior distribution of spe-
cies presence S, of species i in site k is conditioned on
both the trait state 7 and the environmental conditions
E,. P(S,|T, E,) is computed using Bayes theorem:

P(T|S;)P (Sy)

P(Sile, Ek) = Z[})(TlSl)P (Sik) .

)

The posterior is computed by integrating with respect to
traits to obtain the probability of occurrence of a species
given the environmental conditions:

P (SylE,) :[P(Sile, E)dT. ©)

In practice, we use Monte Carlo integration to es-
timate the average probability of the presence of each
species in each site by randomly sampling 500 trait val-
ues per site based on the estimated trait-environment
relationship (7 = f(E)) and then average the probabil-
ity distribution for each site and each species. In the
end, Traitspace produces a site-by-species probability
matrix.

Extending the original Traitspace framework, we then
assumed that the carrying capacity (in percent cover) K, of
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species 7 in a site k can be estimated from its probability of c 1 [Al—pu . it
presence in that site using an increasing log—log function: ;= "eXp - D) c i) @)

P(Sy|Ey)
max,; (P (SylEy))

K,=a 3)

With a € [0, 1], and 4 is positive real number (b € RY).

We standardised the probability value P(S[klEj) by the
maximum value across all species i and all sites k to ensure
that carrying capacities K, are all set between O and 1 (as a
percent cover variable). This implies that the parameter a
then represents the maximum possible value of K, .

Step 2—Estimating competitive interactions

Formulation of the interaction matrix

Here, we assume that the interaction coefficient a; that
measures the competitive impact of species j on species i
is a function of trait differences. We test a formulation of
a;asa function of the empirical trait difference between
species i and species j (A’tj =1, tj):

1 ifi=j

withC € R*, y € R, 6 € R*.

Interspecific coefficients follow a Gaussian function
of trait differences where y is the peak position of the
Gaussian, o is its width, and C controls the amplitude
of interspecific coefficients. Species intraspecific coef-
ficients were fixed to 1. For small values of C, the ma-
trix of interaction coefficients can be approximated by
the identity matrix (a = I) and estimated species covers
simplify to species carrying capacities. For large values
of 6 (6 — o), interspecific coefficients are all equal to C
and represent a situation where interspecific interactions
among species are constant and do not depend on spe-
cies traits.

The formulation of Equation 4 can be directly related
to competitive hierarchies and niche partitioning among
species (Chesson, 2020). The value of the parameter u
determines if the studied trait relates more to niche par-
titioning, hierarchical competition or a mixture of the

(@ (b) (c)
Niche partitioning Hierarchical competition Between niche partitioning
1004 : 1004 ! and hlerarchllcal competition
£ 1 £ 1 1.00 1 1
2075 ' 2075 ! %) !
B T | . 1 | |
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(%] 1 177} 1 _‘3
[ g c 4
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I3] 1 © ks !
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FIGURE 1 [Illustration of our modelling of interspecific pairwise interaction coefficients. They are defined as a function of standardised

trait differences that depend on peak position (x) and width (6) parameters (see Methods). (a) Niche partitioning (C=1, u =0, 6 = 1.5). (b)
Hierarchical competition (C= 1, y = =3, 0= 2). (c) Intermediate situation between niche partitioning and hierarchical competition (C=1, u = 1.5,

o= 1.5). (d) Niche partitioning along the two trait dimensions (C =1, y,

=p,=0,0,=2,0,=1.5, p, =0). (¢) Niche partitioning along trait 1

differences and hierarchical along trait 2 differences (C=1, u, =0, u, = =2, 6, = 3, 6, = 2, p,, = 0). (f) Niche partitioning along trait 1 differences
and hierarchical along trait 2 differences with an interaction among both dimensions (C=1, 4, =0, u, = =1, 6, =4, 6,= 2, p,; = 0.8). Orange
diamonds in panels (d—f) indicate the position of the largest pairwise interaction coefficient
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two. Specifically, for u close to 0, pairwise interaction
coefficients are high for small trait differences and low
for large trait differences, indicating a predominance
of niche partitioning among species (Figure la). For a
large and negative value of y, the left hand part of the
bell-shaped curve falls outside of the range of observed
trait differences. Thus, the curve approaches a monot-
onous function that indicates a predominance of com-
petitive hierarchy: Species with a large trait value are
competitively superior over species with small trait val-
ues (Figure 1b). Conversely, a large and negative value
of u indicates that species with a small trait value are
competitively superior over species with large trait val-
ues. Less extreme values of u indicate an intermediate
situation (Figure 1c): Niche partitioning is predominant
among species with large trait differences, but among
species with small trait differences, competition is not
symmetric (as in a case of ‘pure’ niche partitioning) and
hierarchical competition is the predominant coexistence
process. We further show in the supplementary informa-
tion how these features relate to the classical two-species
coexistence framework (Chesson, 2020).

Finally, our formulation can be extended to multiple
trait dimensions using a multivariate Gaussian function.
Interaction coefficients are then formulated as a func-
tion of the vector of trait differences between species i
and j, Atij: 7~ hjplyi— IZJ]'

1 T -1 o
alj:{C.exp [_E(Atij_”) X (Atij_ﬂ)] ifis#j )
! ifi=j

with C € R, u=[u,, pp,...] € RY. T is a covariance ma-
trix (symmetric and positive semidefinite matrix of dimen-
sion N x N).

This equation describes an N-dimensional Gaussian
function of Atl.j of peak position (u,, p,, ...) across the
successive trait dimensions. X is a covariance matrix ob-
tained from the width parameters 6,, 6,, ... and param-
eters p,, (1 <m <1< N). If m=1, p,, is the correlation
coefficient between trait / and trait m. If 1 > 1, p, is the
partial correlation coefficient between trait / and trait m
after removing the effect of trait 1 to m — 1. The param-
eters p,, control the Cholesky factorisation of the cor-
relation matrix among trait dimensions (more details in
Forrester and Zhang 2020).

Properties and interpretations of the parameters
are similar to their unidimensional counterparts. For
instance, in a two trait case, u; = u, = 0 indicates that
there is niche partitioning along both trait dimensions
(Figure 1d), but g, = 0 and u, # 0 indicate that there is
niche partitioning along the first trait dimension and hi-
erarchical competition along the second trait dimension
(Figure le). Finally, p,, determines if trait differences
independently contribute to the pairwise interaction
coefficients (p,; = 0; Figure 1d,e) or if they interact
(0 <|p,| <1, Figure If).

Step 3—Integrating the abiotic and biotic filter

We assumed that species' covers could be modelled
though a Lotka—Volterra competition model:

1 dNy  ry
L2k Tk [ g N, |, 6
oa ~ & | K 2 [ ©)

1

where N, and r, are, respectively, the percent cover and
the intrinsic growth rate of species i in site k. Note that
this formulation of Lotka—Volterra competition model is
slightly different from the formulation used in the two-
species coexistence framework of Chesson (2020, see sup-
plementary information).

Within this model, the vector of all strictly positive
species covers at equilibrium Nk* satisfies the equation:

N;=a'K,, (7)

where K, = [K, ] is the vector of species carrying capaci-
ties, and a = [a,.j] is the matrix of pairwise interaction co-
efficients estimated as described above. As percent cover
variables, Kij are less than or equal to 1 (see Equation 3)
and interactions are strictly competitive, the estimated
percent covers N, are also less than or equal to 1.

For a given set of parameters, we estimate the in-
teraction matrix @ and computed its Moore—Penrose
inverse a~'. The Moore—Penrose inverse is identical to
the usual matrix inverse when «a is invertible; it also
approximates the inverse matrix when a is not invert-
ible, providing the least-squares solution when a single
unique solution does not exist. We multiply a”' to each
site's vector of species carrying capacities (Equation 7).
Species local cover estimated in this way can be nega-
tive, reflecting that this equilibrium state is not feasi-
ble. To find a feasible equilibrium, for each vector of
equilibrium species covers, we sequentially set to 0 the
species with the most negative cover and re-estimate
the equilibrium state. This procedure is repeated until
finding an equilibrium state where all remaining spe-
cies covers are positive.

A test of the framework

We tested our framework on a data set from a com-
plex ephemeral wetland in New Zealand (latitude
44.374143°S, longitude 169.890052°E). The herbaceous
vegetation is dominated by grasses (e.g. Agrostis capil-
laris, Anthoxanthum odoratum), sedges (of genera Carex
and Eleocharis) and forbs (e.g. Lilaeopsis ruthiana,
Lobelia perpusilla). In wetland ecosystems, plant com-
munity structure is filtered by flooding duration (Moor
et al., 2017) but is also determined by plant competition
(Merlin et al., 2015).

In this test, we assumed that plant community as-
sembly is determined by three functional traits (root
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porosity, height and SLA) that are filtered by flooding
duration (abiotic filter), and by plant—plant competition
(biotic filter).

Analyses of the data set are available in previous
studies (Purcell et al., 2019; Tanentzap & Lee, 2017;
Tanentzap et al., 2014). Detailed methods about data
collection are available in the supplementary materials.
We analysed the vegetation structure with a subset of
the complete data set (see Supplementary materials):
67 quadrats 25 x 25 cm in size set along four transects
that run from the lowest point of the basin and advance
upslope to the kettle hole margin. Foliar cover was es-
timated for each species using the following cover esti-
mates: 0%, 0.5%, 1%, 2%, 3%, 4%, 5%, 10%, 15%, 20%,
30%, 40%, ..., 100%. We restricted the analysis to the 15
most abundant species in the study area for which we
sampled traits on at least 20 individuals. These species
collectively represented at least 80% of the total of plant
cover in each quadrat (Pakeman & Quested, 2007). In
each quadrat, a single individual of each species present
in the quadrat was collected. Vegetative height, specific
leafarea (SLA) and root porosity were measured on each
collected individual (see supplementary information).

To estimate the carrying capacities with Traitspace,
root porosity, as a percentage variable, was logit-
transformed. Height and SLA trait values were log-
transformed prior to the analysis to approach a normal
distribution. We modelled the relationship between root
porosity, SLA, height and the flooding gradient and
weighted trait observations by species cover. The intra-
specific trait distribution of each species was modelled
using a multivariate normal distribution (R-function
mclust::dens Scrucca et al., 2016). We then modelled the
probability of occurrence of each species in each site
given the local duration of flooding using the Traitspace
framework described earlier.

To calibrate the interaction matrices, we used the log-
arithm of species maximum height along the gradient
(calculated as the 95% quantile of each species' height
values) and the logarithm of species median SLA and
species median root porosity.

Using the Banquo framework, we tested a total of
18 assembly models. Combining the different steps de-
scribed above, those assembly models aim to solve for
each site k the following equation to estimate the vector
of species cover Nk* at equilibrium:

a( P(S\|Ey) > a( P(Sy|Ep) >b
max; (P (SylE)) )~ \maxi, (P (SklE)) )’
—(lef:O. ®)

(Model 1) One null model without any assembly pro-
cesses: Species carrying capacities are equal in every site
(a €10, 1], b=0) and there is no interspecific competition

(@=1).

(Model 2) One abiotic filtering model: Species carry-
ing capacities are estimated by the Traitspace framework
(Equation 3, a € [0, 1], » > 0) and there is no interspecific
competition (a = I).

(Models 3-10) Eight biotic filtering models without
abiotic filtering: Species carrying capacities are equal in
every site (Equation 3, a € [0, 1], b = 0), but species cover
is determined by competitive interactions (a = I) that
could be constant (¢ — o, Model 3), depend on a sin-
gle trait (Models 4-6), depend on a combination of two
traits (Models 7-9) or depend on all three traits (Model
10).

(Models 11-18) Eight abiotic and biotic filtering mod-
els: Species carrying capacities are estimated by the
Traitspace framework (Equation 3, a €[0, 1], » > 0) and
species cover is also impacted by competitive interac-
tions (a = I) that could be constant (¢ — <, Model 11),
depend on a single trait (Models 12-14), depend on a
combination of two traits (Models 15-17) or depend on
all three traits (Model 18).

We summarise the characteristics of each assembly
model and their parameters in Table 1.

Calibration and comparison

We used the likelihood function proposed by Irvine et al.
(2019) given that observed species covers were recorded
as percent cover classes. Briefly, this likelihood function
links the ordinal observations of plant cover to a latent
beta distribution of mean N [k* (in our case estimated by
the assembly models) and uncertainty parameter ¢. One
drawback of using the beta distribution is that it cannot
model zero percent covers. To circumvent that issue, we
added a small offset (0.05%) to zero percent cover values,
as suggested by Irvine et al. (2019).

Depending on the assembly models, there were two
(null model) to 13 parameters (abiotic + biotic model with
height, root porosity and SLA) to estimate. We set regu-
larising priors on all parameters (Banner et al., 2020): we
avoid making a priori assumptions about the nature of
the relationship between traits, carrying capacities, pair-
wise interactions and species cover, but we limited the
extent of the parameter space that was uninformative.
Details about the prior functions and their hyperparam-
eterisation are available in the supplementary materials.

We used a Differential Evolution Markov Chain
Monte Carlo algorithm (DEzs MCMC, R-package
BayesianTools, Hartig et al., 2017) to estimate the pos-
terior distributions of the parameters. For each model,
we ran four chains for 4 x 10° steps. We initialised the
Z matrix, that contains the current and past states of
the MCMC chains, with four 1000-step runs of a dif-
ferential evolution optimiser (Oberpriller et al., 2021;
R-package DEoptim, Ardia et al., 2011). Z is the matrix
that contains the current and past states of the MCMC
chains. By initialising it with the output of DEoptim, this
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allows us to start the chains nearer to the optimum and
thus avoids massive burn-in. Convergence was assessed
through Gelman's multivariate convergence criterion
(MPSRF, Gelman et al., 2014).

Assembly model comparison

We compared the fits of the calibrated models using
two metrics: the Deviance information criterion (DIC,
Gelman et al., 2014) and Nagelkerke's pseudo R* metric
(Nagelkerke, 1991), which lends itself well to models that
use a beta distribution and gives an indication of the
variance they explain (Nakagawa & Schielzeth, 2013).
Nagelkerke's pseudo R* was calculated from the ratio
of a model's posterior likelihood and the likelihood of
the null model (see above). Furthermore, we evaluate the
ability of the models to predict species presence/absence
by evaluating the area under the curve (AUC) scores of
each assembly model (R-package pROC Robin et al.,
2011).

Code availability
The R-scripts and data to run the analysis are available
at https://doi.org/10.5281/zenodo0.5749620.

RESULTS

Relationship between flooding and functional
traits

Root porosity increased significantly with flooding du-
ration (¢ = 7.714, df = 224, p < 0.0001. Adjusted R> = 0.21,
Figure 2). Plant height decreased (1 = —3.91; df = 224,
p = 0.0001) and specific leaf area increased with flood-
ing duration (¢ = —3.10; df = 224, p = 0.002), but these two
latter relationships explained only a negligible portion
of trait variation along the flooding duration gradient
(Height adjusted R*=0.036; SLA adjusted R* = 0.060).

Model comparison

Regardless of the performance statistic, there was a
clear hierarchy across the assembly models (Table 1).
The biotic models without abiotic filtering performed
the worst (DIC > 2443.2, median pseudo R* < 0.074,
AUC < 0.681). Three among them did not converge
(Gelman's multivariate convergence criterion over 1.1),
but the associated pseudo R> was low across their pos-
terior distribution (Table 1). The abiotic model without
biotic interactions performed better than the biotic mod-
els (DIC: 2405, median pseudo R* 0.091, AUC: 0.678).
The models that included both abiotic filtering and bi-
otic interactions performed the best both in explained
plant cover variance (0.089 < median pseudo R < 0.217;
2286.0 < DIC < 2407.9) and species presence/absence
(0.678 < AUC < 0.787). Among these models, the model

that assumed fixed pairwise interaction coefficients
among competing species had the lowest performance
(median pseudo R* 0.089; DIC: 2407.9, AUC = 0.678),
while the SLA-based interaction models were the best
performing. Among these, the model that calibrated bi-
otic interactions using all three functional traits was the
best-fitting model (DIC: 2286.1, pseudo R*: 0.217, AUC:
0.787).

Calibrated pairwise interaction matrices

Among the assembly models that included both abiotic
filtering and biotic interactions, the pairwise interac-
tion matrix calibrated with all three traits was the best
supported by the data. It indicated a situation with a
mixture of niche partitioning and hierarchical com-
petition across the three functional traits (4, (root po-
rosity): 95% 1Q [-0.067, 2.48]; u, (SLA): 95% 1Q [-2.10,
0.05]; u5 (height): 95% 1Q [-2.81, 0.0048], Supplementary
Figure 23). More specifically, the distributions of u,, u,
and y, indicated a competitive advantage for species that
have high maximum height, large SLA values and small
values of root porosity (Figure 3e,f).

Comparison between the abiotic model and the
abiotic and biotic assembly models

We compared the abiotic model to the best assembly
model (i.e. abiotic and biotic model with pairwise inter-
actions calibrated all three functional traits). The abiotic
model did not predict species absences well. The dis-
tribution of cover values was thus approximately nor-
mal around a median value of 3.30% (Supplementary
Figure 5). Consequently, species presence along the
flooding gradient was often overestimated with numer-
ous species being predicted to be present in sites where
they were not observed (e.g. see Epilobium angustum,
Figure 4). In contrast, when biotic interactions are in-
cluded, the assembly model tends to predict more ab-
sences and non-null percent cover values were less even
among species (Figure 4, Supplementary Figure 5).

DISCUSSION

Predictive models of community assembly have focused
on incorporating abiotic filters and have generally ig-
nored biotic interactions. Here, we show that trait-based
assembly rules can be used to directly model species
abundances in communities by simultaneously account-
ing for both abiotic filtering and competitive interactions
(Keddy, 1992). There are two major implications of this
study. First, we introduced a trait-based formulation
of pairwise competitive interactions that allowed us to
calibrate 210 interaction coefficients from observational
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data with up to 10 parameters. This new approach sub- Chalmandrier et al., 2021). Second, the inclusion of com-
stantially improves our ability to infer interaction matri- petitive interactions among species improved predictions
ces with little additional complexity (Cabral et al., 2017, of local plant covers, which bolsters the argument that
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the modelling of species distribution must include both
abiotic tolerances and species interactions (Alexander
et al.,, 2015; Evans et al., 2016).

Our trait-based modelling approach explicitly specifies
classical assembly mechanisms and evaluates their abil-
ity to predict species the local abundance using common

modelling statistics. This contrasts with both diversity
pattern analyses and neutral models (Hubbell, 2001; Webb
et al., 2002) that test the structure of communities but do
not provide an explicit modelling of each individual spe-
cies. The core feature of the Banquo model is the formula-
tion and calibration of pairwise competition coefficients



PREDICTIONS OF BIODIVERSITY ARE IMPROVED BY INTEGRATING TRAIT-BASED

10 COMPETITION WITH ABIOTIC FILTERING
Agrostis capillaris Amphibromus fluitans Anthoxanthum odoratum Carex gaudichaudiana
801 ° 801 80 80
[ ] (X ] [ ]
50 1 50 1 50 1 50 °
[ ] [ ] [ __X ]
J
20 20 N 204 @ 20
[ X J
5 5 5 5
. [ ]
(KX ) 0o 00 @& a, e o o O eEd
0 50 100 150 200 250 0 50 100 150 200 250 0 50 100 150 200 250 0 50 100 150 200 250
Eleocharis acuta Eleocharis pusilla Epilobium angustum Galium perpusillum
80 1 80 1 80 1 80 N
00
50
ee0o ) 204
[ ] [ ]
—_ 5 S
S f". \kh
GL) @6 00 ¢ 00 [l o o e
3 0 50 100 150 200 250 0 50 100 150 200 250 0 50 100 150 200 250 0 50 100 150 200 250
o
3 Juncus articulatus Lachnagrostis lyallii Lachnagrostis striata Lilaeopsis ruthiana
' 801 801 801 801
[}
o
W 50+ 50 1 50 50
[ J
[ ] [ ] [ ]
201 ° 20 °

100 150 200 250 0 50
Lobelia perpusilla Pilosella officinarum
80 80
50 50
[ ] [ ]
[ J [}
20 °
[ J
o o
5 4

100 150 200 250

— it .

0 50 100 150 200 250 O 50 100 150 200 250
Pilosella piloselloides

80 1

50 1

0 50 100 150 200 250 O 50

100 150 200 250

0 50 100 150 200 250

Days submerged per year

= Observed === Abiotic model === Abiotic + Biotic model

FIGURE 4 Comparison of observed and modelled species cover along the flooding gradient. Orange response curves are fitted on the
species cover as predicted by the abiotic model (Model 2, see Table 1). Green response curves are fitted on the species cover as predicted by the
best abiotic and biotic model (Model 18, see Table 1). Both refer to species cover prediction at the median of parameter posterior distribution of
their respective assembly model. Black nonlinear response curves are fitted directly to the observed cover for each species. All curves are fitted

using a generalised additive model

as a function of species trait differences. Compared to
estimating pairwise interaction coefficients individually,
this considerably reduces the number of parameters to es-
timate (Chalmandrier et al., 2021; Zakharova et al., 2019).
This formulation was directly inspired by coexistence
theory and how it has informed the study of functional
diversity patterns (Chesson, 2000; HilleRisLambers et al.,
2012). Traditionally, diversity pattern studies have as-
sumed that niche partitioning was the main competition
mechanism behind community assembly (MacArthur &

Levins, 1967). Niche partitioning would promote the co-
existence of functionally dissimilar species and oppose
itself to environmental filtering that promotes the coexis-
tence of functionally similar species. In recent years, this
framework has been criticised (Kraft, Adler, et al., 2015;
Miinkemdiller et al., 2020) as coexistence theory posits
that functionally similar species can coexist also through
hierarchical competition, and more generally that coex-
istence is determined by a balance between niche parti-
tioning and hierarchical competition (Adler et al., 2007).
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Our framework has the benefit of not assuming niche
partitioning or hierarchical competition as the main
trait-based competitive mechanism among species, but
rather permits the fit of a mixture of the two processes.
Our empirical example illustrates that the pairwise inter-
action matrices of the assembly models were consistent
with strong niche partitioning among species but with a
degree of hierarchical competition advantaging species
with high stature and high SLA.

However, our approach is essentially phenomenolog-
ical and does not explicitly model the mechanisms be-
hind plant-plant competition. Future developments may
aim at formulating competition as an explicit function of
species’ ability to consume local soil resources (Letten
& Stouffer, 2019) or intercept light (Falster et al., 2017).
Moreover, Falster et al. (2021) showed that pairwise inter-
actions that arise from those models are not necessarily
Gaussian functions of trait differences. However, im-
plementing those more mechanistic frameworks would
also require modelling species interactions as non-linear
functions of species abundances (e.g. Letten & Stouffer,
2019), thus going beyond the classic Lotka—Volterra
competition model at the core of our framework. Beyond
competition, a more complex modelling of plant biotic
interactions could also include facilitative interactions
or acknowledge that the nature of species interactions
can shift along environmental gradients (Bimler et al.,
2018; Maestre et al., 2009). Finally, phylogenetic differ-
ences may be used, albeit with caution, as a proxy for
missing functional trait dimensions that are evolutionary
conserved (Miinkemiiller et al., 2020; Webb et al., 2002).

One of the limitations of established trait-based mod-
els is that they tend to overestimate species occurrences
(e.g. Merow et al., 2011). This drawback also affects other
types of biodiversity models such as stacked species dis-
tribution models (Pottier et al., 2013) leading to inaccu-
rate predictions of community structure at small spatial
scales (Thuiller et al., 2015). This has been interpreted
as a consequence of not properly accounting for biotic
interactions. Our study supports for this conjecture:
including competitive interactions improves the mod-
elling of species occurrences and further decreases the
predicted diversity (a-diversity) and increases the pre-
dicted turnover (p-diversity) bringing them closer to the
observed diversity values (Supplementary Figure 4). Our
results follow the classical expectation that the realised
niche of species is smaller than the fundamental niche
because species interactions limit where species actually
occur (MacArthur & Levins, 1967). More specifically,
the abiotic filtering model predicts remarkably even spe-
cies abundances (Figure 4, Supplementary Figure 5), in
contrast to the usual strong heterogeneity that character-
ises species abundance distributions (McGill et al., 2007).
The inclusion of biotic interactions predicts a more real-
istic distribution of species abundances within communi-
ties with more species absences and a stronger hierarchy
among species (Figure 4, Supplementary Figure 5).

By applying our framework, we were able to get in-
sights into the ecological mechanisms that determine
wetland community structure along a strong flooding
gradient. First, we found that a trait-based model of
abiotic filtering led to a modest improvement in model
fit compared to the null model. This suggested flood-
ing filtered the species pool primarily by porous root
tissue that enhances the ability of species to tolerate
flooded and anoxic soil (Moor et al., 2017; Tanentzap
& Lee, 2017). When we added trait-based competitive
interactions to this assembly model, we significantly
improved the modelling of species covers and, con-
sequently, of community structure. The ‘best’” model
was the model that calibrated biotic interactions as a
function of all three functional traits. Out of all single
trait models, the SLA-based model explained the most
species cover variance almost to the extent of the three
functional traits model. This suggests that competitive
interactions among plants in this ecosystem could be
mainly mediated through leaf economics (Tanentzap
& Lee, 2017; Violle et al., 2009) and, to a lesser extent,
stature and root morphology. Root porosity in itself is
not usually considered to influence competitive interac-
tions. However, it is related to root tissue density which
aligns with the resource conservation axis within the
root economics space (Bergmann et al., 2020; Freschet
et al., 2021).

However, even the best assembly model explained a
relatively modest portion of species abundances. This
points both to the limitations of the available data and
of our framework. Only root porosity was found to vary,
and only moderately, along the flooding gradient (ad-
justed R*=0.21). Thus, the modelled carrying capacities
of species along the flooding did not vary as strongly as
could be a priori expected (see Figure 4). The intraspe-
cific variability of root porosity was substantial (32% of
total root porosity variance was intraspecific) and may
dampen our ability to use this trait to model species’
abiotic niches (Read et al., 2017). It is also possible that
other unmeasured functional traits may be involved in
the filtering of species along the flooding gradient (Moor
et al., 2017).

CONCLUSION

It has been argued that complex ecological processes
can be modelled with limited data input by leveraging
the generality of functional traits (McGill et al., 2006).
In community ecology, functional traits are mainly used
in diversity pattern analyses codified by assembly theory
(Keddy, 1992). Those analyses have numerous pitfalls:
non-random functional diversity patterns can be inter-
preted in multiple ways thus rendering difficult a con-
fident inference of community assembly rules (Kraft,
Adler, et al., 2015; Miinkemiiller et al., 2020). In con-
trast, our approach specifies explicit assembly rules and
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model directly local species abundances. Ultimately, our
framework provides a process-based approach to predict
community structure and quantify its statistical support.
Such trait-based modelling opens a new general way to
model natural communities and will improve our abil-
ity to understand and predict biodiversity structure and
dynamics under global change.
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