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Appendix 1 
Three types of environmental filtering: an analogy with natural selection 
The processes driving community assembly are classified into four main categories: filtering, 

ecological drift, speciation and dispersal. These are analogous to the well-known ‘big four’ in 

population genetics: natural selection, genetic drift, mutation and gene flow (Vellend 2016). In 

community ecology, this analogy is most commonly used to describe how the abiotic and/or biotic 

environment acts as multiple filters, ‘selecting’ species that enter the community according to their 

functional traits (Keddy 1992). This environmental filtering is based on trait differences between 

genotypes belonging to different species and is a community-level consequence of natural selection 

(Shipley 2010). Here we identify and describe three types of environmental filtering and their 

expected consequences on local communities’ functional structure. 

1) Directional filtering is the local selection of individuals possessing, in average, higher (lower) 

trait values conferring fitness advantage (disadvantage) compared to the mean trait value of the 

regional pool. Consider for example a vegetation community without disturbance. Competition for 

light becomes a major environmental pressure (Huston and Smith 1987), resulting in a race upwards 

for light where individuals of the tallest species occurring in the regional pool have better chances 

to survive, reproduce and become abundant (Newman 1973, Falster and Westoby 2003). This 

should lead to a) the displacement of the trait distribution’s mean towards taller species compared to 

the regional pool (until a limit set by physiological or genetic constraints is reached), b) a reduction 

of the variance and c) an increase of the kurtosis and of the absolute skewness value (Fig. A1a). 

Note that here the optimal trait value is outside the regionally available range (there is a 

physiological constraint to how tall a plant can be) which is an extreme and particularly strong case 

of directional filtering, but optimal trait values can also be within the regionally available range. 

2) In case of stabilizing filtering, there is an optimal trait value within the range of trait values of 

immigrants, so that the probability of species establishment and survival in the community 

decreases when the species trait values depart from the optimum. Tilman (2004) illustrated this with 

a situation where the mean temperature of a local community is 25°C and the range of species-
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specific optimal temperature (Topt) in the regional pool is 20-30°C: A species’ chance to 

successfully establish is proportional to how close to 25°C is its Topt. The main effect on the local 

trait distribution is a decrease of the variance and an increase of the kurtosis (Fig. A1b).  

3) Disruptive filtering, which was previously almost exclusively discussed in population dynamics 

(Atlan et al. 2010), also applies to community assembly when functionally average individuals are 

filtered out. For example, in grasslands with a long grazing history, short (grazing tolerant) and tall 

(canopy dominance) grasses can co-occur as a result of past selection (Milchunas et al. 1988). Thus, 

we would expect the variance of the trait distribution to increase and the kurtosis to decrease (Fig. 

A1c). 

 

 

 

Figure A1. Local trait distribution variation compared to the regional trait distribution according to 

different types of environmental filtering: (a) directional filtering, (b) stabilizing filtering, and (c) 

disruptive filtering. 
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Appendix 2 

Details on the methods of community assembly by trait selection (CATS) 
The community assembly by trait selection (CATS) model was first presented in Shipley et al. 

(2006), was described in much more detail in Shipley (2010) and was developed in many papers 

after that. It is easily implemented in R software (<www.r-project.org>) from the package ‘FD’ 

(Laliberté and Shipley 2011) with the functions ‘maxent’ and ‘maxent.test’. In order to apply this 

model on a given local community, one needs a list of species that can potentially colonize this 

community (regional species pool), a species-trait matrix and at least the community-weighted 

mean (CWM) of the traits in the local community. The CWM can be either observed, estimated, or 

predicted. Here we first present the theoretical and practical bases of this model, followed by the 

rationale and necessary development allowing one to include different moments of a trait 

distribution in the model.  

 

CATS: The basics 

The idea behind the development of CATS was the need to have “[…] a theoretical framework that 

produces explanatory models that can make verifiable and quantitative predictions concerning 

community-level patterns and that is applicable in the field to real plant communities.” (Shipley 

2010, p.83). The model uses Bayesian probabilities (i.e. it starts with a set of prior probabilities that 

we need to provide and from which it produces the predicted probabilities in the light of additional 

information) and the maximum entropy formalism (i.e. that the predicted probabilities will be as 

close as possible to the prior probabilities, while still agreeing with any additional information 

added to the model). In terms of functional ecology, the purpose of CATS is to make the link 

between a species’ functional traits and its quantitative probability to immigrate, survive and 

reproduce in a given local community. In other words, the aim is to predict the local relative 

abundances of all potential colonizing species (predicted abundances) in local communities from a 

prior distribution of abundances (prior abundances) and a set of functional constraints based on the 

species’ traits values (additional information). Hence, the strength of the trait–abundance 

relationship is reflected by how the additional functional information improves the predictive 

performance of CATS.  

The prior distribution can vary according to our degree of knowledge about the system under 

study. If no knowledge is available, then a maximally uninformative (uniform) prior distribution is 

chosen, i.e. that all species from the regional pool are given the same probability of abundance in 

the local community. If the species abundance distribution in the regional pool is known, this can be 

used as the prior distribution as more abundant species in the metacommunity are more likely to be 
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abundant in local communities (Hubbell 2001). However, the rationale of CATS is that local 

community assembly is also a trait-based process, i.e. that there are assembly rules where species 

abundances should be proportional to how functionally well-adapted they are to local environmental 

conditions (Keddy 1992). Hence, we can add in the model a set of functional constraints that are the 

observed community-weighted mean (CWM, Eq. A1) of the local communities for which we want 

to make the predictions.  

               (A1) 

Where pij and tij are respectively the relative abundance and the trait value of species i in the local 

community j. Obviously, while it is absolutely acceptable to work with observed CWM in a 

statistical perspective as long as there are more species than there are constraints (Shipley 2010, pp. 

129-133), the full model would require us to predict the CWM from environmental variables so that 

we can predict relative abundances without having to know them. However, for the purpose of this 

study – which is not to test the performance of CATS but to detect which moments of the local trait 

distribution are related to species’ abundances – the observed moments work just fine as 

constraints. Adding the CWM of a given trait in the model means that the predicted abundance 

distribution from CATS will agree with this constraint: the CWM of the predicted community will 

be the same as the CWM included as constraints. As mentioned, we can include any number of 

constraints (normally from functional traits assumed to be important to determine species’ fitness in 

the system) in the model so long as there are more species than constraints. Briefly, the way to 

calculate this predicted distribution of abundances (p) from the prior distribution (q) is to maximize 

the relative entropy of equation A2 for S species while simultaneously agreeing with every 

constraint entered in the model.  

                (A2) 

This maximization of the relative entropy, as mentioned earlier, results in p deviating as little as 

possible from q. This ensures that any improvement of the fit between predicted and observed 

relative abundances over the fit between the prior and observed relative abundances is due to and 

only to the inclusion of the functional constraints. The detailed methodology maximizing equation 

A2 while p respects each constraint is described in Shipley (2010). CATS thus allows one to 

determine if the information brought by the functional traits of the species improve the prediction of 

their relative abundances beyond the predictions considering only the prior. If yes, this means that 

trait-based processes at least partially drove the assembly of this community. This is why the 

performance of CATS reflects the trait-abundance relationship. 

In summary, the CATS model reconstructs the trait-based filtering shaping local 
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communities. It starts with a simplified neutral model, i.e. it applies at the community-level the 

distribution of species’ relative abundances found at the regional scale. Then it modifies those 

abundances existing at the regional scale according to the functional constraints occurring at the 

community-level, retrieving the filtering effect shaping this community. Note that this ‘simplified 

neutral model’ – i.e. the regional prior – is only neutral relative to the local community, not 

necessarily at the regional scale. Considering only the CWM of the local trait distribution might not 

be adequate under all types of environmental filtering (Shipley 2010, see also main text, Merow et 

al. 2011) and so including higher moments of the local trait distribution could prove useful to define 

trait–abundance relationships and thus to predict community assembly. This was however almost 

never addressed in the literature for higher moments than the variance (but see Cornwell and 

Ackerly 2009, Enquist et al. 2015) and here we present how to include these higher moments in the 

CATS framework.  

 

Including higher moments of the trait distribution as constraints in CATS 

Including higher moments – such as community-weighted variance (CWV), community-

weighted skewness (CWS) and community-weighted kurtosis (CWK) – is actually easily done. To 

include the second moment of the trait distribution, one only needs to include as an additional 

constraint the CWM of the squared values of a trait t: . Equation A3 shows why is actually a 

combination of the CWM and CWV of the trait t.  

  (A3) 

where tij and pi are respectively the trait value and the relative abundance of the species i in the 

community j, and CWMj both are the community-weighted mean of trait t in the community j, 

and CWVj is the community-weighted variance of trait t in the community j. Hence, integrates 

the two first moments of the trait distribution as a constraint in CATS. A similar logic also applies 

to the third (skewness, Eq. A4) and fourth (kurtosis, Eq. A5) moments of the trait distribution, 

which can be added as constraint in the CATS model by including in the constraint set the CWM of 

and , respectively. 
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     (A4) 

where CWSj is the community-weighted skewness of the community j. Note that integrates not 

only the CWS but also the lower moments of the trait distribution. 

     (A5) 

where CWKj is the community-weighted kurtosis of the community j. Again, integrates not only 

the CWK but also the three lower-order moments of the trait distribution. 
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Appendix 3 
Results of CATS for neutral assembly, stabilizing and disruptive filtering, with prior 

distribution based on regional abundances (i.e. regional prior) 
In this appendix we present the results of trait–abundance analyses with CATS for neutral assembly 

(Fig. A5 in Appendix 4), stabilizing filtering (Fig. A6 in Appendix 4), and disruptive filtering (Fig. 

A7 in Appendix 4). Table 2 in main text summarizes the results for the four assembly processes, i.e. 

also for directional filtering. The methods as well as the discussion of these results are included in 

main text.  
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Figure A2. Strength of the trait–abundance relationship in communities undergoing purely 

neutral dynamics, according to immigration intensity (abscissa). Predictions were made using 

a regional prior (except uniform prior in (a), for comparison), but different sets of constraints: 

(a), (b): shuffled community-weighted mean (CWM) breaking any trait–abundance link, (c): 

observed CWM, (d): CWM and community-weighted variance (CWV), (e): CWM, CWV and 

community-weighted skewness (CWS), (f): CWM, CWV, CWS and community-weighted 

kurtosis (CWK). Plain (empty) circles = latest added constraint (did not) significantly 

improve (d) CATS’ prediction compared to a model considering only the prior and, for (c)-

(f), the previous constraints. A significant improvement exceeded the 95% quantile of 

improvement with trait values shuffled across species. The last point on the right shows the 

case of unlimited (infinite) immigration. Note that the y-scale changes between panels (a) – 

(b) and (c) – (f).  
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Figure A3. Strength of the trait–abundance relationship in local communities assembled 

through stabilizing filtering, according to immigration intensity (abscissa). Predictions were 

made using a regional prior (except uniform prior in (a), for comparison), but different sets of 

constraints: (a),(b): shuffled community-weighted mean (CWM) breaking any trait–

abundance link, (c): observed CWM, d): CWM and community-weighted variance (CWV), 

(e): CWM, CWV and community-weighted skewness (CWS), (f): CWM, CWV, CWS and 

community-weighted kurtosis (CWK). Plain (empty) circles = latest added constraint (did 

not) significantly improve(d) CATS’ prediction compared to a model considering only the 

prior and, for (c)–(f), the previous constraints. A significant improvement exceeded the 95% 

quantile of improvement with trait values shuffled across species. The last point on the right 

shows the case of unlimited (infinite) immigration. Note that the y-scale changes between 

panels (a)–(b) and (c)–(f).
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Figure A4. Strength of the trait–abundance relationship in local communities assembled 

through disruptive filtering, according to immigration intensity (abscissa). Predictions were 

made using a regional prior (except uniform prior in (a), for comparison), but different sets of 

constraints: (a), (b): shuffled community-weighted mean (CWM) breaking any trait-

abundance link, (c): observed CWM, (d): observed CWM and community-weighted variance 

(CWV), (e): observed CWM, CWV and community-weighted skewness (CWS), (f): observed 

CWM, CWV, CWS and community-weighted kurtosis (CWK). Plain (empty) circles = latest 

added constraint (did not) significantly improve(d) CATS’ prediction compared to a model 

considering only the prior and, for (c)–(f), the previous constraints. A significant 

improvement exceeded the 95% quantile of improvement with trait values shuffled across 

species. The last point on the right shows the case of unlimited (infinite) immigration. Note 

that the y-scale changes between panels (a)–(b) and (c)–(f).  
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Appendix 4 

Results of CATS with a uniform (maximally uninformative) prior 
In this appendix we present the results of CATS with a uniform (maximally uninformative) 

prior of relative abundances, for neutral assembly, directional filtering, stabilizing filtering 

and disruptive filtering. Compared to the results based on a regional prior (main text and 

Appendix 3), predictive ability was very low with a uniform prior (mean strength = 0.02, 

maximum = 0.08). We present and discuss here the differences that are worth highlighting. 

 

Results and Discussion 
With a uniform prior – i.e. when no information about the structure of the metacommunity 

was included in CATS – the predictive ability increased with immigration but reached an 

asymptote much sooner than with a regional prior, plateauing at about one third of the 

maximum level of immigration (Fig. A5–A8). This was because regionally uncommon and 

abundant species with similar trait values then had the same chances to pass through 

environmental filters in CATS. As a consequence, the relative abundances of well-adapted 

species that were common (rare) in the metacommunity were underestimated 

(overestimated). Note that since we have extremely limited empirical work that quantifies the 

amount of dispersal from a metacommunity to a local community, we cannot know if our 

simulated values are typical, unusually low or high. 

As with the regional prior, there were no trait–abundance relationships under purely 

neutral assembly (Fig. A5) and the community-weighted skewness (CWS) and kurtosis 

(CWK) generally did not improve prediction of local abundances. The exception to this is 

that – when using a uniform prior – the inclusion of the CWS weakly improved prediction 

under directional filtering (Fig. A6), with much stronger impact of CWS under stabilizing 

filtering even if the strength of trait–abundance relationship remained very low (Fig. A7; 

maximum < 0.06). A deeper look at these results showed that this improvement was caused 

by a better assignment of locally rare species when CWS was included (not shown). This is 

probably due to the fact that the species abundance distribution (SAD) in the regional pool 

actually followed a log-series distribution – which is a commonly observed SAD in nature – 

so that there are more rare species than one could expect knowing nothing about the 

metacommunity. Thus, when no information about the metacommunity is available, the 
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CWSs could be useful indicators that some species are rarer than expected considering only 

the CWMs and CWVs. 

 

 

Figure A5. Strength of the trait–abundance relationship in local communities undergoing 

purely neutral dynamics, according to immigration intensity (abscissa). Predictions were 

made using a uniform prior. Plain circles mean that the last included constraint (i.e. (a): 

community-weighted mean CWM, (b): community-weighted variance CWV, (c): 

community-weighted skewness CWS, or (d): community-weighted kurtosis CWK) 

significantly improved CATS’ prediction. A significant improvement exceeded the 95% 

quantile of improvement with trait values shuffled across species. The last point on the right 

shows the result with unlimited (infinite) immigration.  
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Figure A6. Strength of the trait–abundance relationship in local communities assembled 

through directional filtering, according to immigration intensity (abscissa). Predictions were 

made using a uniform prior. Plain circles mean that the last included constraint (i.e. (a): 

community-weighted mean CWM, (b): community-weighted variance CWV, (c): 

community-weighted skewness CWS,or (d): community-weighted kurtosis CWK) 

significantly improved CATS’ prediction. A significant improvement exceeded the 95% 

quantile of improvement with trait values shuffled across species. The last point on the right 

shows the result with unlimited (infinite) immigration. 
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Figure A7. Strength of the trait–abundance relationship in local communities assembled 

through stabilizing filtering, according to immigration intensity (abscissa). Predictions were 

made using a uniform prior. Plain circles mean that the last included constraint (i.e. (a): 

community-weighted mean CWM, (b): community-weighted variance CWV, (c): 

community-weighted skewness CWS, or (d): community-weighted kurtosis CWK) 

significantly improved CATS’ prediction. A significant improvement exceeded the 95% 

quantile of improvement with trait values shuffled across species. The last point on the right 

shows the result with unlimited (infinite) immigration. 
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Figure A8. Strength of the trait–abundance relationship in local communities 

assembled through disruptive filtering, according to immigration intensity (abscissa). 

Predictions were made using a uniform prior. Plain circles mean that the last included 

constraint (i.e. (a): community-weighted mean CWM, (b): community-weighted 

variance CWV, (c): community-weighted skewness CWS, or (d): community-

weighted kurtosis CWK) significantly improved CATS’ prediction. A significant 

improvement exceeded the 95% quantile of improvement with trait values shuffled 

across species. The last point on the right shows the result with unlimited (infinite) 

immigration. 
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Appendix 5 
Results of CATS under directional filtering, with an optimal trait value 

within the trait range and deviating from the species average of the 

regional pool 
The optimum trait value was set to either 0.25 or 0.75 in local communities, while the 

trait values were uniformly distributed between 0 and 1 in the pool (averaging 0.5). 

Half of communities were simulated with optimum value 0.25, the other half with 

optimum value 0.75. The other parameter values and the number of replicates were 

the same as for other scenarios. 
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Figure A9. Strength of the trait–abundance relationship in local communities 

assembled through directional filtering with an optimal trait value deviating from the 

species average in the regional pool, according to immigration intensity (abscissa).  

Predictions were made using a maximally uninformative, uniform prior (equal 

abundances). Plain circles mean that the last included constraint (i.e. (a): community-

weighted mean CWM, (b): community-weighted variance CWV, (c): community-

weighted skewness CWS, or (d); community-weighted kurtosis CWK) significantly 

improved the prediction of CATS. A significant improvement exceeded the 95% 

quantile of improvement with trait values shuffled across species. The last point on 

the right shows the result with unlimited (infinite) immigration. 
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Figure A10. Strength of the trait–abundance relationship in local communities assembled 

through directional filtering with an optimal trait value deviating from the species average in 

the regional pool, according to immigration intensity (abscissa). Predictions were made using 

a regional prior (regional relative abundances). Plain circles mean that the last included 

constraint (i.e. (a): community-weighted mean CWM, (b): community-weighted variance 

CWV, (c): community-weighted skewness CWS or (d): community-weighted kurtosis CWK) 

significantly improved the prediction of CATS. A significant improvement exceeded the 95% 

quantile of improvement with trait values shuffled across species. The last point on the right 

shows the result with unlimited (infinite) immigration.  

 


