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Abstract
Aim: Species Distribution Models (SDMs) are correlative models that predict the oc-
currence or abundance of species in relation to predictor variables. SDMs have be-
come an important part of resource management and conservation biology yet they 
rarely incorporate species’ biology or demography into their predictions. To explore 
the possible influence of biotic relationships in explaining patterns of species’ distri-
bution, abundance and explanatory power of SDMs, we chose two intertidal shell-
fish species with overlapping but different environmental preferences (Austrovenus 
stutchburyi and Macomona liliana) and modelled their distributions with and without 
biotic variables.
Location: New Zealand.
Methods: The relationship between environmental and biotic variables on the abun-
dance of our two species was investigated using Boosted Regression Trees (BRTs) 
with increasing model complexity: (1) BRT models using environmental variables 
were fitted to each species; (2) BRT models using environmental variables and the 
co-occurring abundance of the study taxa not being modelled were fitted; (3) BRT 
models using environmental variables, the co-occurring abundance and the estimated 
abundance of the species’ patch of the study taxa not being modelled were fitted.
Results: A strong, non-linear effect of the abundance of Austrovenus on Macomona 
was observed but only a weak effect of Macomona on Austrovenus. The inclusion of bi-
otic variables improved the model fit metrics for both species, as assessed by withheld 
evaluation data, markedly so for Macomona. The overall deviance explained by the 
models increased, the correlation of predicted vs observed abundance data increased 
and the variability in these measures decreased.
Main conclusions: The combination of the improvement in model performance and 
changes in the influence of variables with the inclusion of biotic variables is of im-
portance when predicting into unsampled space (e.g. when predicting impacts of 
climate change). Our approach improves classic SDMs by integrating ecological theo-
ries of how species interactions can alter species distributions across environmental 
gradients.
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1  |  INTRODUC TION

Characterization of biodiversity patterns across multiple scales 
(varying from meters to hundreds of kilometres) is required for ef-
fective management of ecosystems (Ferrier et al., 2007; Margules 
& Pressey, 2000). One tool that can provide estimates of biodiver-
sity patterns are species distribution models (SDMs, sometimes also 
termed Ecological niche models (ENMs). SDMs are correlative mod-
els that predict the occurrence of species in relation to environmen-
tal variables. By relating species’ data to environmental predictor 
variables, the abundance or probability of taxa occurrence can be 
estimated along with a characterization of the environmental drivers 
of species distributions. SDMs have become an important part of 
resource management and conservation biology. Such models are 
capable of filling knowledge gaps on spatial and temporal distribu-
tions and have been used to predict suitable habitat for a range of 
species (Elith et al., 2006; Weber et al., 2017). However, SDMs rarely 
incorporate species’ biology or demography into their predictions.

Fundamental niches represent all the environmental conditions 
where a species can live, whereas the realized niche is where the 
species actually lives (Hutchinson, 1978). SDMs are models of a spe-
cies’ observed distribution, they therefore represent realized niche 
(the environments where a species is found at the time of sampling), 
as opposed to the (potentially broader) fundamental niche (the en-
vironments where a species can be found, or where the abiotic en-
vironment is appropriate for the survival) (Araújo & Guisan, 2006; 
Soberón, 2007). Despite SDMs explicitly representing a realized 
niche, the effect of facilitation, predation, competition or biogenic 
habitat modification in modifying the realized niche is often over-
looked and not included in estimates of SDMs.

Species’ distributions are driven by both the biotic and abiotic 
environment; distributions are dictated by physical environmental 
gradients, but these limits can be restricted or expanded by both 
negative and positive species interactions. Facilitation can expand 
the fundamental niche (so the realized niche is larger than the fun-
damental), whilst competition and predation can reduce the fun-
damental niche (so realized niche is smaller than the fundamental) 
(He & Bertness, 2014; Louthan et al., 2015; Mason et al., 2014; 
Stachowicz, 2012). Given the role of biotic modifiers in shaping the 
realized niche, accounting for these interactions (or proxies thereof) 
in a quantitative way is crucial when predicting into unsampled envi-
ronmental space (e.g. future predictions with climate change, or pre-
dictions to unsampled populations) (Araújo & Luoto, 2007; Dormann 
et al., 2018).

Despite the potential importance of including biotic interactions 
in SDMs few examples exist compared to the “usual” environmental 
only predictions. This may in part be due to the difficulty in measur-
ing biotic interactions in a quantitative way. Here, we assume that 

biotic variables (e.g. co-occurring species abundances) can repre-
sent biotic interactions noting that this may not always be the case 
(Blanchet et al., 2020; Poggiato et al., 2021) (see discussion for fur-
ther detail). There are three main ways SDMs can attempt to account 
for biotic interaction (but see Dormann et al. (2018) for a compre-
hensive review of methods and considerations): (1) incorporating a 
biotic variable (representing a biotic interaction) as a predictor in an 
environmental model (e.g. as in Leathwick & Austin, 2001); (2) mea-
suring partial correlations of residuals from a model controlling for 
environmental effects (e.g. as in Harris, 2016); and (3) joint SDMs 
(jSDMs), which can account for multiple species (assumed biotic) 
interactions, environmental covariates, species traits and phyloge-
netic relationships through a hierarchical Bayesian modelling ap-
proach (e.g. as in Ovaskainen et al., 2017). The latter method shows 
considerable promise in the ability to account for biotic interactions 
across multiple species (i.e. in community data). Furthermore, the 
method assumes that correlations in species’ co-occurrence or abun-
dance patterns are symmetrical (Ovaskainen & Abrego, 2020), that is 
that there is an equal relationship between two species as opposed 
to an asymmetrical relationship where one species may affect the 
other but not vice versa. This assumption may not be adequate for 
all species’ relationships (e.g. where a species is reliant on another 
facilitator for substrate or where there are competitive interactions 
among the species). However, the simpler approach of incorporating 
a biotic variable as a predictor in an environmental model (e.g. as in 
Leathwick & Austin, 2001) but using flexible machine learning mod-
els may be best suited to account for these types of interactions.

As a case study to explore how the addition of biotic variables 
(which are hypothesized to represent species interactions) improves 
explanatory power of SDMs, we chose two common estuarine spe-
cies, the New Zealand cockle Austrovenus stutchburyi (hereafter 
referred to as Austrovenus) and the wedge shell Macomona liliana 
(hereafter referred to as Macomona). These species modify soft-
sediment seafloor habitats, increase biodiversity, alter benthic-
pelagic coupling, and deliver valued ecosystem services (Lohrer 
et al., 2012, 2016; Maire et al., 2010; Rullens et al., 2019; Thrush 
et al., 2006). Austrovenus and Macomona show strong distributional 
changes across environmental gradients and they both have differ-
ing but overlapping environmental preferences (Douglas et al., 2019; 
Ellis et al., 2017; Hewitt et al., 2009; Thrush et al., 2003).

The intra- and inter-species interactions of Macomona and 
Austrovenus change over the course of the animals’ life cycle. As 
adults, Macomona live at depth (up to 15 cm in the sediment) and 
mainly deposit feed via a long inhalant siphon at the sediment sur-
face, whilst their juveniles live near the surface sediments. At high 
enough densities (e.g. 12 adults per 23  cm diameter core, Thrush 
et al., 1996), the adult's feeding activities at the surface can neg-
atively impact the juvenile conspecifics, though this interaction is 
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highly context dependent (Hewitt, Thrush, et al., 1997; Thrush et al., 
1996, 2000). Macomona adults may also disrupt the settlement 
of juvenile Austrovenus when they exist at high enough densities 
(in the same way they disrupt juvenile conspecifics; Thrush et al., 
1996, 2000). As adults and juveniles, Austrovenus live and suspen-
sion feed at the sediment surface, armouring and stabilizing the bed 
at high densities. When at densities greater than ~1200 adults m−2, 
Austrovenus essentially occur shell to shell in the top 2  cm of the 
sediment and this could disrupt the feeding of Macomona. Given the 
autecology of these species, the net outcome of the biotic interac-
tions on total abundance of these species will likely be asymmetrical 
(i.e. that Austrovenus are likely to have a larger effect on Macomona 
abundance than vice versa).

Recent work investigating species interactions using jSDMs be-
tween Austrovenus and Macomona (and other soft-sediment benthic 
taxa) revealed that there were positive and negative interactions be-
tween the two species (Kraan, Thrush, et al., 2020). Here, we explore 
the influence of (potentially asymmetrical) biotic interactions in ex-
plaining patterns of species’ distribution and total abundance and 
explanatory power of flexible machine learning models. An often 
neglected factor in the analysis of species’ distribution patterns is 
the multi-scale nature of the data (Kraan et al., 2015); biotic interac-
tions are often thought to dominate at small scales whereas environ-
mental influences are often thought to dominate at broader scales 
(Soberón, 2007). Here, we investigate not only the inclusion of abun-
dance information of co-occurring taxa, but also the role of species 

patches (i.e. broad scale aggregations of species) as an important 
meso-scale explanatory variable. Our approach integrates and im-
proves classic SDMs with ecological theories of how other species 
may alter species distributions across environmental gradients.

2  |  METHODS

2.1  |  Data collection

Macrobenthic fauna and associated environmental variables were 
sampled during austral summer 2012 in Kaipara, Manukau, and 
Tauranga harbours, North Island, New Zealand (Kraan, Greenfield, 
et al., 2020) (Figure 1). Full details on data collection, curation and 
processing methods are available in Kraan, Greenfield, et al. (2020). 
Briefly, in each harbour, macrobenthic fauna were collected and 
abundance recorded from 400 cores (13 cm diameter, 20 cm deep) 
sampled along four 1000 m transects (spaced 100 m apart) during 
low tide from the high- to low-water mark (Figure 1). Sampling points 
along the transects were spaced at distances of 1, 5, 10, 30, 50, 100, 
500 and 1000  m (Kraan et al., 2015). Only samples containing at 
least one of either of our study taxa (Austrovenus or Macomona, all 
individuals >1 mm, that is adults and juveniles) were retained for fur-
ther analysis (n = 853).

Key environmental variables that are known to shape our 
study species’ distributions (Hewitt et al., 2005; Thrush et al., 

F I G U R E  1  Location of macrofaunal sampling for three estuaries in New Zealand (a): Kaipara (b), Manukau (c) and Tauranga (d)
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2003) were collected at each sampling point. This included chlo-
rophyll a (Chla) and pheophytin measurements (Pheophytin), 
sediment grain-size distributions (Mud), organic content of the 
sediment (LOI) and visible sandflat parameters (e.g. the coverage 
of seagrass (Seagrass), shellhash (Shellhash cover), and bare sand 
estimated within each photograph of the sample site prior to mac-
rofauna sampling (Table 1). In addition to environmental variables, 
we explored the influence of biotic variables in explaining pat-
terns of each of our study taxa. This included the co-occurring 
abundance of the study taxa not being modelled (i.e. Macomona 
or Austrovenus), as well as a spatially smoothed representation of 
this data used to represent a “patch” (i.e. an area of species ag-
gregation, Table 1). While both Macomona and Austrovenus have 
been demonstrated to exhibit patchiness on multiple spatial scales 
(Hewitt, Legendre, et al., 1997), large patches ca. 70 m diameter 
are documented and likely represent longer term spatial struc-
tures generated by ecological processes (e.g. recruitment, habitat 
facilitation and predation) (Hewitt, Legendre, et al., 1997). Species 
patches were estimated using Inverse Distance Weighting (IDW) 
of the co-occurring abundance sample locations with a circular 
search radius of 70 m diameter.

2.2  |  Statistical analyses

The relationship between environmental and biotic variables on 
the abundance of our two species was investigated using Boosted 
Regression Trees (BRTs) with increasing model complexity. BRT 
models combine many individual regression trees (models that relate 
a response to their predictors by recursive binary splits) and boost-
ing (an adaptive method for combining many simple models to give 
improved predictive performance) to form a single ensemble model 
(Elith et al., 2008). Detailed descriptions of the BRT method are 
available in Ridgeway (2007) and Elith et al. (2008).

Firstly, BRT models using environmental variables were fitted 
to each species (referred throughout as Env models). Secondly, in 
order to explore the effect of including biotic variables, BRT models 
using environmental variables and the co-occurring abundance of 
the study taxa not being modelled were fitted (referred throughout 
as Env + species models). Finally, BRT models using environmen-
tal variables, the co-occurring abundance and the estimated abun-
dance of the “species’ patch” of the study taxa not being modelled 
were fitted (referred throughout as Env +species + patch models). 
All statistical analyses were undertaken in R (R Core Team, 2020) 
using the “Dismo” package (Hijmans et al., 2017). BRT models were 
fitted with a Gaussian error distribution for log + 1 transformed 
abundance of Macomona and a Poisson error distribution for abun-
dance of Austrovenus (error distribution and transformation were 
selected based on the shape of species’ abundance histograms and 
to optimize model performance). BRT models were parametrized 
following recommendations from Elith et al. (2008): with tree com-
plexity of 3 (allowing 3-way interactions of predictor variables), a 
learning rate of 0.001 (parameters selected so as to fit between 

2000 and 3000 trees for each species’ model), a bag fraction of 0.6 
(the proportion of data drawn at random, without replacement for 
each tree) and random 10-fold cross evaluation.

In order to produce a parsimonious model (and avoid the risk 
of model overfitting) a variable selection process was undertaken. 
That is, a model with all environmental predictor variables in-
cluded for each of the study taxa were subjected to a simplifica-
tion process whereby environmental variables were removed from 
the models, one at a time, using the “simplify” function (Elith et al., 
2006). This simplification process firstly assesses the relative con-
tributions of each variable in terms of deviance explained, with 
the lowest contributing variables removed from the model, before 
the model is refitted with the remaining environmental variables 
(this is somewhat analogous to a stepwise backward selection in 
linear modelling). The change in deviance explained that resulted 
from removing the variable was then examined and the process 
repeated until all variables were sequentially removed. The final 
models were created by refitting the model with a reduced vari-
able set that balanced the deviance explained with a reasonable 
number of predictor variables (final variables selected for each 
study taxa are shown in Tables 2 and 4). All levels of co-linearity 
between predictor variables were considered acceptable (Pearson 
correlation <0.8) for tree-based machine learning methods 
(Dormann et al., 2013; Elith et al., 2010). Spatial differences in the 
abundance of study taxa not explained by environmental and bi-
otic variables were accounted for with the inclusion of Estuary as 
factor in the BRT models. Following model tuning, factor Estuary 
was only retained in the Macomona models.

BRT models were assessed using cross-validated measures 
of model performance (Compton et al., 2012; Elith et al., 2008). 
Model performance measures included the deviance explained 
and the Pearson correlation between predicted and observed 
abundance. The explained deviance provides a measure of the 
goodness-of-fit between the predicted and raw values (total devi-
ance) (Compton et al., 2012). The relative influence of each envi-
ronmental variable in the models was the number of times it was 
selected for splitting, weighted by the squared improvement to 
the model as a result of each split (using in-bag data) (Friedman & 
Meulman, 2003). The association between species abundance and 
the predictor variables was illustrated using partial dependence 
plots (i.e. predicted response curve of species abundance across 
the gradient of the variable of interest when all other variables are 
held at their means).

BRT models were bootstrapped 100 times for each study taxa. 
That is, a random “training” sample with a sample size equal to 
the number of abundance records was drawn with replacement, 
and a model was constructed with the same settings as the orig-
inal. This process was repeated 100 times, and at each iteration, 
predictions were made to the “evaluation” data (the remaining 
data not randomly selected from the abundance database) allow-
ing model fits to be examined both on the training and evalua-
tion data. An ODMAP (Overview, Data, Model, Assessment and 
Prediction) standardized protocol (Zurell et al., 2020) is provided 
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in the Appendix  (Table A1). ODMAP protocols reflect the main 
steps involved in building SDMs and are a structured format for 
documenting and communicating the models, ensuring transpar-
ency and reproducibility (Zurell et al., 2020). The R code used in 
this analysis is available in the Appendix.

The relationship between the environmental and biotic vari-
ables can vary by life stage (e.g. juvenile vs adult environmental 
and biotic interactions may differ). The effects of different life 
stages of our study taxa on model fits and predicted environmen-
tal and biotic relationships were explored by splitting the study 
taxa into categories classed as adult (>10 mm shell length) and ju-
venile (<10 mm shell length) for both Macomona and Austrovenus. 
However, there were too few samples to run juvenile models only, 
and adult models displayed near identical relationships to models 
including all size classes albeit with slightly lower model fits. We 
therefore analyse all sizes classes together here, acknowledging 
that juveniles of our study taxa may not be well represented in 
our analysis.

3  |  RESULTS

3.1  |  Predicting abundance of Macomona

The cross-validated estimates of model performance for the 
Macomona Env model were moderate, explaining 18% of the 
deviance in the (log + 1 transformed) abundance of Macomona 
and having a Pearson's correlation of 0.45 between predicted 
and observed abundance of withheld evaluation data (Env, 
Table 2). There was a large increase in cross-validated estimates 
of model performance when including co-occurring abundance of 
Austrovenus to the initial environment only model (Env + species, 
37% as assessed with the evaluation data, Table 2) and a smaller 
but consistent increase across model fit metrics with the addi-
tional inclusion of Austrovenus patch (Env + species + patch, 38% 

as assessed with the evaluation data, Table 2). With increasing 
model complexity, model fit metrics between training data and 
evaluation data were similar (Table 2) providing some evidence 
that the models were not overly fitted to the training data. The 
variability in model fitting metrics (standard deviations calculated 
from the bootstrap replicates) was low, providing evidence that 
models were consistently performing across bootstrap samples 
(Table 2). With the inclusion of biotic variables in the models, the 
relative difference between training and evaluation model fit met-
rics reduced. For example, the evaluation Pearson's correlation 
was 77% of the training Pearson's correlation for the Env model, 
compared to 91% for the Env + species + patch model (Table 2). 
Further, the variability in Pearson's correlation (i.e. the SD of the 
mean bootstrapped BRT models) decreased with the inclusion of 
biotic variables (Table 2).

The influence of environmental variables for predicting the 
abundance of Macomona differed with increasing model complexity 
(i.e. from Env to Env + species + patch models, Table 3). Despite 
changes in variable importance, the shape of the relationships be-
tween the abundance of Macomona and the environmental variables 
were not markedly different with increasing model complexity (com-
parison between Env model, Figure A1; Env +species, Figure A2; Env 
+species + patch, Figure 2).

The most influential environmental variable for predicting the 
abundance of Macomona in the Env models was mud content (mean 
contribution 27.1%, Table 3), which displayed a strong positive re-
lationship at low mud values (0%–13% mud, Figure A1) followed by 
a sharp decline which plateaued at approx. 15% mud (Figure A1). 
The next most important environmental variables were Chlorophyll 
a (Chla) and differences between estuaries (factor estuary) with a 
mean contribution of 20.2% and 20.3%, respectively (Table 3); other 
environmental variables had lower overall importance (3.5%–11.5%, 
Table 3). The relationship between the abundance of Macomona and 
Chlorophyll a was broadly inverse to that of mud content (Figure 
A1). The abundance of Macomona was similar between samples 

TA B L E  1  Statistical distribution of environmental and biotic predictor variables for Kaipara, Manukau, Tauranga harbours, and across all 
three harbours, summarized as the mean with the 5 and 95% quantiles in brackets

Kaipara Manukau Tauranga Overall

Environmental variables

Chla 5.6 (1.9–12.0) 23.5 (14.1–35.4) 11.1 (6.5–18.2) 14.1 (3.0–30.7)

LOI 0.7 (0.5–1.2) 2.4 (1.0–4.7) 1.8 (1.1–2.9) 1.7 (0.6–3.7)

Mud 6.6 (1.9–15.2) 30.9 (10.8–60.22) 22.6 (14.2–34.1) 21.2 (2.8–47.4)

Pheophytin 8.2 (3.3–16.7) 19.1 (7.0–40.6) 6.5 (2.9–12.9) 11.6 (3.4–29.2)

Seagrass 12.4 (0.0–88.0) 4.5 (0.0–32.4) 23.7 (0.0–58.6) 13.6 (0.0–63.8)

Shellhash cover 2.3 (0.0–9.0) 16.3 (0.0–48.4) 3.2 (0.0–11.0) 7.7 (0.0–37)

Biotic variables

Macomona (log + 1) 1.6 (0.69–2.45) 0.92 (0.0–2.5) 1.5 (0.7–2.1) 1.4 (0.0–2.4)

Macomona Patch (log + 1) 1.6 (0.7–2.4) 0.90 (0.0–2.4) 1.5 (0.7–2.1) 1.4 (0.0–2.4)

Austrovenus 3.0 (0.0–11.3) 11.0 (0.0–40.8) 3.5 (0.0–13.0) 6.1 (0.0–29.0)

Austrovenus Patch 3.0 (0.0–10.8) 11.0 (0.0–40.1) 3.5 (0.0–13.3) 6.1 (0.0–28.9)
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from Manukau and Tauranga, but lower in samples from Kaipara 
(factor Estuary, Figure A1). Weak negative relationships between 
the abundance of Macomona and LOI and Seagrass respectively 
were observed (Figure A1). Weak positive relationships between 
the abundance of Macomona and Phaeophytin and shellhash respec-
tively were observed (Figure A1).

With the inclusion of co-occurring abundance of Austrovenus 
(Env + species), there was a marked change in variable contributions 
(Table 3). The abundance of Austrovenus was the most influential 
variable (mean 36.7%, Table 3), displaying a very strong negative re-
lationship even at low abundances (1–3) followed by a much weaker 
negative relationship along the gradient of Austrovenus abundance 
(Figure A2). The importance of mud content declined the most 
(−15.2% compared to Env model, Table 3) followed by Chlorophyll 
a (Chla) and organic content (LOI) (−9.6% and −5.3%, respectively, 
Table 3). The importance of other variables did not change greatly 
(Table 3).

With the inclusion of the Austrovenus patch variable (14.1% 
importance, Env + species + patch, Table 3) the importance of co-
occurring abundance of Austrovenus declined (−11.0%, Table 3). The 
importance of other variables did not differ greatly (Table 3). The 
relationship between the abundance of Macomona and Austrovenus 
patch was similar to that observed with co-occurring abundance of 
Austrovenus (Figure 2).

3.2  |  Predicting abundance of Austrovenus

The cross-validated estimates of model performance for the 
Austrovenus environment only model were higher than for the 
Macomona environment only model, explaining 40% of the devi-
ance in the abundance of Austrovenus and a Pearson's correlation 
of 0.60 between predicted and observed abundance of withheld 
evaluation data (evaluation data, Env, Table 2). However, there was 
only a modest increase in cross-validated estimates of model perfor-
mance when including co-occurring abundance of Macomona (Env 

+ species, 41% as assessed with the evaluation data, Table 2) and 
Macomona patch (Env + species + patch, 46% as assessed with the 
evaluation data, Table 2). Within models of increasing complexity, 
model fit metrics between training data and evaluation data were 
similar (Table 2) providing some evidence that the models were not 
overly fitted to the training data. In contrast to the Macomona mod-
els, in the Austrovenus models, there were only small (but consistent) 
decreases in the relative difference between training and evaluation 
model fit metrics, and the variability around model fit metrics with 
the inclusion of biotic variables.

The influence of environmental variables for predicting the abun-
dance of Austrovenus did not differ as much with increasing model 
complexity as Macomona models did (i.e. from Env to Env + species + 
patch models, Table 4). As with the Macomona models, the shape of 
the relationships between the abundance of Austrovenus and the en-
vironmental variables did not differ markedly with increasing model 
complexity (comparison between Env model, Figure A3; Env + spe-
cies, Figure A4; Env + species + patch, Figure 3).

The most influential environmental variable for predicting the 
abundance of Austrovenus in the environment only model was shell-
hash cover (mean contribution 49.6%, Table 4), which displayed 
a strong positive relationship plateauing at approx. 20% shellhash 
cover (Figure A3). The next most important environmental variables 
were mud content with a mean contribution of 24%, followed by 
Chlorophyll a (14.5%) and Seagrass (11.8%, Table 4). The relationship 
between the abundance of Austrovenus and mud content increased 
sharply at approx. mud values >17% and steadily declined until ap-
prox. 50% (Figure A3). A strong positive relationship between abun-
dance of Austrovenus and seagrass coverage, and a weaker positive 
relationship with Chlorophyll a was observed (Figure A3).

With the inclusion of co-occurring abundance of Macomona 
(Env +species) there were only small changes in variable contribu-
tions (Table 4). The abundance of Macomona contributed a modest 
importance of 5.0% (Table 4), with a weak negative relationship 
of Macomona abundance along the gradient Austrovenus abun-
dance (Figure A4). In contrast, the importance of other variables 

Modelled species Env Env + species Env + species + patch

Macomona Dev (Train) 0.18 (±0.02) 0.39 (±0.02) 0.41 (±0.03)

Dev (Eval) 0.18 (±0.05) 0.37 (±0.04) 0.38 (±0.05)

Cor (Train) 0.58 (±0.02) 0.71 (±0.01) 0.73 (±0.01)

Cor (Eval) 0.45 (±0.06) 0.65 (±0.04) 0.66 (±0.01)

Austrovenus Dev (Train) 0.41 (±0.04) 0.41 (±0.03) 0.43 (±0.03)

Dev (Eval) 0.40 (±0.08) 0.41 (±0.06) 0.46 (±0.06)

Cor (Train) 0.72 (±0.03) 0.74 (±0.03) 0.77 (±0.02)

Cor (Eval) 0.60 (±0.08) 0.60 (±0.07) 0.66 (±0.06)

Note: Mean (±SD) deviance explained (dev) and correlation (Cor) between predicted and observed abundance of modelled taxa calculated on training 
(Train) and on withheld evaluation (Eval) data used in BRT models including environmental predictors only (Env), environmental predictors and 
abundance of co-occurring species not modelled (Env + species) and environmental predictors, abundance of co-occurring species not modelled and 
abundance of species not modelled from inferred patches.

TA B L E  2  Cross-validated estimates of model performance for the bootstrapped BRT models fitted with log + 1 transformed abundance 
estimates of Macomona and abundance estimates of Austrovenus



    |  1379STEPHENSON et al.

differed slightly, ranging from +1.3% for chlorophyll a and −4.2% for 
Shellhash cover (Table 4).

A larger change in variable importance was observed with the 
inclusion of the Macomona patch variable (10.5% importance, Env 
+ species + patch, Table 4). The importance of the variable seagrass 
increased +4.0%, whereas all other variables declined in importance 
(Table 4). There was a positive relationship between the abundance 
of Austrovenus and Macomona patch at lower abundances (0.0–0.6, 
log(abundance Macomona) +1) followed by a sharp drop at approx. 

0.6 and a more gradual decline along the gradient of Macomona 
patch (Figure 3).

4  |  DISCUSSION

The abundance of two ecologically important intertidal species 
– Austrovenus and Macomona – was predicted using models fitted 
with environmental variables only, and models fitted with biotic 

F I G U R E  2  Partial dependence plots showing the relationships between predictor variables and log + 1 transformed abundance of 
Macomona modelled using bootstrapped BRT (environmental and biotic predictors (Env +species + patch)). Black lines represent the mean of 
100 bootstrap predictions and shaded areas represent 95% prediction interval. Deciles of each environmental predictor are shown as ticks 
on the x-axes. Relative mean (±SD) percentage contribution of variables are provided in parentheses
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variables. We found that the inclusion of biotic variables confirmed 
asymmetrical interactions between species, with a strong, non-
linear effect of the abundance of Austrovenus on Macomona but only 

a weak effect of Macomona on Austrovenus. The inclusion of biotic 
variables improved the model fit metrics for both species, mark-
edly so for Macomona. Whilst some recent work has investigated 

Variable Env Env +species Difference (%) Env +species + patch Difference (%)

Dev (eval) 0.18 (±0.05) 0.37 (±0.04) 0.38 (±0.05)

Austrovenus 36.7 (±3.1) 36.7 25.7 (±3.4) −11.0

Austrovenus patch 14.1 (±2.6) 14.1

Chla 20.2 (±3.4) 10.6 (±3.0) −9.6 9.3 (±1.7) −1.3

LOI 11.4 (±2.1) 6.1 (±1.5) −5.3 5 (±1.1) −1.1

Mud 27.1 (±4.2) 11.9 (±1.5) −15.2 12 (±1.4) 0.1

Pheophytin 8.9 (±1.6) 5.3 (±1.2) −3.6 4.2 (±0.7) −1.1

Estuary 20.3 (±6.4) 20.8 (±2.8) 0.5 21.3 (±3) 0.5

Seagrass 8.6 (±2.5) 5.5 (±1.3) −3.1 5.4 (±0.3) −0.1

Shellhash cover 3.5 (±1.2) 3.2 (±0.9) −0.3 3 (±1) −0.2

Note: Mean (±SD) variable contributions are shown for BRT models including environmental predictors only (Env), environmental predictors and 
abundance of co-occurring Austrovenus stutchburyi (Env + species) and environmental predictors, abundance of co-occurring Austrovenus stutchburyi 
and abundance of Austrovenus stutchburyi from inferred patches (Env + species + patch). Difference columns represent the difference in variable 
contributions between the two preceding models where positive differences are shown in blue and negative differences are shown in red. Deviance 
explained calculated on withheld evaluation (Dev (Eval)) is provided for context.

TA B L E  3  Variable contributions (%) explaining the variation in bootstrapped BRT models fitted with log + 1 transformed abundance 
estimates of Macomona

F I G U R E  3  Partial dependence plots showing the relationships between predictor variables and abundance of Austrovenus modelled 
using bootstrapped BRT (environmental and biotic predictors (Env + species + patch)). Black lines represent the mean of 100 bootstrap 
predictions and shaded areas represent 95% prediction interval. Deciles of each environmental predictor are shown as ticks on the x-axes. 
Relative mean (±SD) percentage contribution of variables are provided in parentheses
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the species co-occurrences on intertidal soft sediments (including 
Macomona and Austrovenus, e.g. Kraan, Thrush, et al., 2020), here we 
provide novel insight into the non-linear, and asymmetrical relation-
ships between two key intertidal species and importantly the effect 
that these may have on our ability to estimate abundance.

4.1  |  Incorporation of biotic variables in species 
distribution modelling

Most marine SDM studies have focused on predicting species oc-
currence, whereas abundance is much less frequently predicted 
(Melo-Merino et al., 2020). A comparison of the spatial predictions 
of occurrence compared to density (abundance/area) of Austrovenus 
revealed that density estimates were much more constrained than 
the broader and less informative predictions of occurrence (Rullens 
et al., 2021). This has important implications for conservation plan-
ning because the more extensive area identified from the occur-
rence models may not have the highest densities and therefore may 
not be the best areas for conservation (Rullens et al., 2021).

There are clear examples of how biotic interactions can affect 
species’ distributions (Godsoe, Jankowski, et al., 2017); however, 
the importance of such interactions can vary between taxa and 
may be difficult to empirically determine with SDMs. That is, the 
use of biotic variables in SDMs (i.e. the co-occurrence of another 
taxa, as was the case here) may not correctly identify the direc-
tion of interactions (Ovaskainen et al., 2017), or when assigned 
to many taxa simultaneously, may find correlations between taxa 
that are not supported, or are contradictory to experimental find-
ings (Barner et al., 2018). The latter point may occur when rela-
tionships assigned to biotic variables, are in fact residual spatial 
structures that could be attributed to missing co-variates (whether 
environmental or biotic) (Ovaskainen & Abrego, 2020; Poggiato 
et al., 2021). Finally, the overlapping and sometimes causal links 
between biotic and environmental interactions at different scales 
may mean that SDMs may not correctly attribute causality to bi-
otic interactions (e.g. as shown in a simulation study by Godsoe, 

Franklin, et al. (2017) who found that SDMs can miss substantial 
effects of biotic interactions).

Despite these shortcomings, the inclusion of biotic variables, 
when supported by ecological knowledge (as was the case here), can 
provide valuable insight into possible biotic interactions affecting 
species’ distributions at different scales (Anderson, 2017). Given 
that estimating biotic interactions from experimental data may be 
limited in spatial extent, investigating apparent interactions based 
on observations in the field may be a viable method for testing 
ecological hypotheses (Leathwick & Austin, 2001; Soberón, 2007). 
Here, and in other work (Anderson, 2017), we found an increase in 
predictive power of SDMs for both species fitted with biotic vari-
ables compared to those fitted with environmental variables alone, 
markedly so for Macomona. That is, the overall deviance explained 
by the models increased, the correlation of predicted vs observed 
abundance data increased and the variability in these measures de-
creased (the models were more stable) with the inclusion of biotic 
variables. Although the overall shape of the abundance response 
curves remained similar between Env only models and those with 
the biotic variables, there were some localized differences. For ex-
ample, in the Macomona abundance models, although the response 
curve of the mud content variable was visually similar in the Env 
model compared to the Env + species + patch models, in the for-
mer, mud content would have a far greater influence on the predic-
tion of Macomona (most important variable: 27.1%). Mud content 
is a key determinant of Macomona's fundamental niche, but the 
importance of mud content decreased in the Env + Austrovenus 
+ Austrovenus patch model. This is probably because Austrovenus 
abundance and mud content are correlated so that when adding 
Austrovenus abundance into the model it down weights the effects 
of mud (which was likely acting as a proxy). The combination of the 
improvement in model performance and the changes in variable 
influence with the inclusion of biotic variables is of particular im-
portance when predicting into unsampled space (i.e. predicting the 
distribution of species into the future, Araújo & Luoto, 2007). For 
example, if mud content were predicted to increase in the future (as 
may be the case as a result of different land-based activities see, 

Variable Env Env + species Difference (%) Env + species + patch Difference (%)

Dev (Eval) 0.40 (±0.08) 0.41 (±0.06) 0.46 (±0.06)

Chla 14.5 (±2.9) 15.8 (±2.9) 1.3 13.3 (±2.9) −2.5

Macomona patch 10.5 (±2) 10.5

Macomona 5 (±0.9) 5.0 1.3 (±0.6) −3.7

Mud 24 (±3.1) 24.4 (±2.2) 0.4 20.4 (±2.5) −4.0

Seagrass 11.8 (±3.4) 9.4 (±4) −2.4 13.4 (±1.5) 4.0

Shellhash cover 49.6 (±4.3) 45.4 (±3.7) −4.2 41.1 (±4.4) −4.3

Note: Mean (±SD) variable contributions are shown for BRT models including environmental predictors only (Env), environmental predictors and 
abundance of co-occurring Macomona (Env + species) and environmental predictors, abundance of co-occurring Macomona and abundance of 
Macomona from inferred patches. Difference columns represent the difference in variable contributions between the two preceding models where 
positive differences are shown in blue and negative differences are shown in red. Deviance explained calculated on withheld evaluation (Dev (Eval)) is 
provided for context.

TA B L E  4  Variable contributions for the bootstrapped BRT models fitted with log + 1 transformed abundance estimates of Austrovenus
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e.g. in Hillman et al., 2020) the Env model may provide overly pes-
simistic predictions of Macomona abundance because higher mud 
content, although preferred/tolerated by Austrovenus, does not 
have a large effect on Austrovenus abundance. Given the interplay 
between biotic and environmental interactions highlighted here, 
exploration of abundance patterns of Austrovenus and Macomona 
under possible future scenarios using conditional predictions (e.g. 
as described in Kissling et al., 2012; Ovaskainen & Abrego, 2020) 
would be of interest.

Whilst multiple different species are likely to interact with 
Austrovenus and Macomona to influence their distributions (e.g. see 
Kraan, Thrush, et al., 2020), there is generally limited information 
on the shape of these responses. We therefore focused on the in-
teractions between these two key species that are underpinned by 
an extensive ecological literature (Thrush et al., 1996; e.g. Hewitt, 
Legendre, et al., 1997; Thrush et al., 2000). However, we acknowl-
edge that by taking an approach where relationships were only in-
vestigated between two species, we do not account for how these 
may change with the inclusion of other species (Dormann et al., 
2018). For example, the interactions observed between Austrovenus 
and Macomona may be inhibitory (see following section) but it is not 
clear how these interactions may be affected, by, for example, a 
third taxa such as a predator. To elucidate some of these questions, 
other techniques, such as jSDMs, may be better (Ovaskainen et al., 
2017) but care must still be taken in the interpretation of correla-
tions between study taxa and biotic variables as evidence of biotic 
interactions. jSDMs are a recently developed suite of models and 
to the authors’ knowledge do not account for asymmetrical rela-
tionships. Further, it can be difficult to investigate non-linear rela-
tionships within these models if the shape of the responses is not 
known a priori. In contrast, the ability to identify and explore non-
linear relationships are one of the strengths of the flexible machine 
learning methods used here (Leathwick et al., 2006).

Another component that is not well explored in SDMs and 
jSDMs is the role of scale. Indeed, biotic interactions are often only 
attributed to small scale processes, although biotic relationships 
may occur and be expressed at a variety of scales (Thrush et al., 
2021). We included a scale factor (density within the surrounding 
70  m cf density in 13  cm) and observed strong differences be-
tween species in the relative importance of these measures. When 
predicting Macomona abundance, the density of Austrovenus at 
the small scale was roughly twice as important as the larger patch. 
The inclusion of the larger patch factor barely changed the explan-
atory power of the model, splitting the explanatory power of the 
small-scale Austrovenus density, and also removing small amounts 
of the explanatory power of chlorophyll and seagrass. However, 
when predicting Austrovenus abundance, density of Macomona 
at the small scale barely increased the explanatory power of the 
model, compared to a 5% increase when the larger patch density 
was included as a predictor. The large patch density explained 10% 
of the total explained, removing the effect of the small-scale den-
sity, reducing the effect of shell-hash, mud and chlorophyll a, and 
increasing the effect of seagrass.

4.2  |  Ecological considerations

Our models showed strong non-linear effects of Austrovenus on 
Macomona, where low to moderate densities of Austrovenus resulted 
in sharp declines in Macomona abundance. The low threshold of this 
effect means that even the inclusion of Austrovenus presence may 
already be a good indicator of Macomona abundance; this could po-
tentially have implications for monitoring where predictive models 
of Macomona could vastly be improved with the inclusion of rapidly 
collected (hand raked) field data.

The biophysical feedbacks between Austrovenus and their physi-
cal environment have been extensively explored and provide a basis 
to explain the non-linear effects that Austrovenus has on Macomona. 
Both Austrovenus and Macomona stimulate nutrient regeneration in 
the sediments and enhance the growth and productivity of micro-
phytobenthos (Jones et al., 2011; Sandwell et al., 2009; Thrush et al., 
2006; Woodin et al., 2016), the primary food source of Macomona. 
However, at high densities of Austrovenus (i.e. when they occur with 
little to no distance between shells in the surface sediments), this 
may preclude the siphons of Macomona from reaching the sediment 
surface. Thus, there may be a density-dependent switch between a 
positive and negative inhibitory interaction between the two spe-
cies. Similarly to studies in terrestrial, freshwater and marine sys-
tems, here we show that the direction and magnitude of species 
interactions varied along spatial and abiotic gradients (Chamberlain 
et al., 2014). In our models, Macomona abundance was not a good 
predictor of Austrovenus distribution and this confirms an asym-
metric interaction between the two species. This asymmetry may 
in part be caused by the relative differences in the “size” of the fun-
damental niches for each species. Austrovenus has a broader fun-
damental niche than Macomona and therefore is more likely to be 
influenced by the physical environment than by the abundance of 
Macomona which only occurs in a subset of the fundamental niche 
of Austrovenus. Further, Austrovenus create structure in the sediment 
and modify their physical environment, which may create positive 
feedbacks with the environment that more strongly drive their dis-
tributions than their interactions with other species. For example, 
shellhash was a good predictor of Austrovenus abundance, likely be-
cause the Austrovenus themselves are generating the shellhash. The 
cyclical positive feedback of shellhash creation is not well captured 
in (temporally static) correlative models. Future investigation may 
benefit from accounting for these cyclical processes, for example 
by using Structural Equation Models which can account for positive 
feedback (e.g. as in Thrush et al., 2012).

5  |  CONCLUSION

Here, we have applied ecological knowledge of two key species gen-
erated from experimental research and integrated this knowledge 
into quantitative SDMs. We show that an understanding of the ecol-
ogy of species and a consideration of scale is critical for increasing 
our capacity to predict meaningful species distributions although 
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care is required when interpreting correlations as relationships. This 
selective choice of biotic and environmental variables is likely to pro-
duce parsimonious models which are more likely to be accurate for 
prediction into unsampled space.
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APPENDIX 1

ODMAP (Overview, Data, Model, Assessment and Prediction) standardized protocol

TA B L E  A 1  ODMAP for journal article: Inclusion of biotic variables improve predictions of environmental niche models

ODMAP element Contents

Overview

Authorship •	 Authors: Fabrice Stephenson, Rebecca V. Gladstone-Gallagher, Richard H Bulmer, Simon F Thrush and Judi E Hewitt
•	 Contact email: fabrice.stephenson@waikato.ac.nz
•	 Title: Inclusion of biotic variables improve predictions of environmental niche models.
•	 DOI:

Model objective •	 SDM objective: ecological inference/explanation. To explore the possible influence of biotic interactions in explaining 
patterns of species’ distribution, abundance and explanatory power of SDMs, we modelled the distributions of two 
intertidal shellfish (Austrovenus stutchburyi and Macomona liliana) with and without biotic variables.

•	 Target outputs: Visualisations of relationships between species’ abundance and environmental and biotic variables 
(provided as partial dependence)

Taxon Austrovenus stutchburyi and Macomona liliana

Location New Zealand

Scale of analysis •	 Spatial Extent (Lon / Lat): 36.4°–37.5°S, 174.3°–176.0°W
•	 Spatial resolution: 1 m
•	 Temporal extent/time period: Austral summer 2012

Biodiversity data 
overview

•	 Observation type: field survey
•	 Response/data type: counts/macrofauna core (13 cm diameter, 20 cm deep)

Types of predictors Environmental and biotic variables

Conceptual model/
Hypotheses

We used key environmental variables that are known to shape our study species’ distribution in intertidal sand flats 
(Hewitt et al., 2005; Thrush et al., 2003). This included chlorophyll a and pheophytin measurements, sediment grain-
size distributions, organic content of the sediment and visible sandflat parameters (e.g. the coverage of seagrass, 
shellhash and bare sand) estimated within each photograph of the sample site prior to macrofauna sampling. In 
addition to environmental variables, we explored the influence of biotic variables in explaining patterns of each or 
our study taxa. This included the co-occurring abundance of the study taxa not being modelled (i.e. Macomona or 
Austrovenus), as well as a spatially smoothed representation of this data used to represent a “patch,” that is. an area of 
species aggregation defined using Inverse Distance Weighting (IDW) of the co-occurring abundance sample locations 
with a circular search radius of 70 m diameter (smoothing parameter based on prior estimates of patch size in New 
Zealand soft sediment habitats – Hewitt, Legendre, et al. (1997)

Assumptions •	 #1: Relevant ecological drivers (or proxies) of species distributions are included.
•	 #2: Detectability does not change across habitat gradients.
•	 #3: Species are at equilibrium with their environment.
•	 #4: Sampling is adequate and representative (and any biases are accounted for/corrected).

SDM algorithms •	 Algorithm: Boosted Regression Trees. Chosen due to competitive performance (machine learning algorithm) and ability 
to easily incorporate non-linear relationships.

•	 Model complexity: we allowed 3-way interactions (interaction depth =3) to account for important interactions 
between our study taxa and environmental and biotic variables

•	 Model averaging: model averaging (n = 100 bootstrap replicates)

Model workflow The relationship between environmental and biotic variables on the abundance of our two species was investigated using 
Boosted Regression Trees (BRTs) with increasing model complexity. Firstly, BRT models using environmental variables 
were fitted to each species (referred throughout as Env models). Secondly, in order to explore the effect of including 
biotic variables, BRT models using environmental variables and the co-occurring abundance of the study taxa not 
being modelled were fitted (referred throughout as Env + species models). Finally, BRT models using environmental 
variables, the co-occurring abundance and the estimated abundance of the “species’ patch” of the study taxa not being 
modelled were fitted (referred throughout as Env +species + patch models).

Environmental predictor variable selection was undertaken using a simplification process whereby an initial model 
was fitted with all the environmental variables which were then removed from the model, one at a time, using the 
“simplify” function (Elith et al., 2006). This simplification process firstly assesses the relative contributions of each 
variable in terms of deviance explained, with the lowest contributing variables removed from the model, before the 
model is refitted with the remaining environmental variables (this is somewhat analogous to a stepwise backward 
selection in linear modelling). The final models were created by refitting the model with a reduced variable set that 
balanced the deviance explained with a reasonable number of predictor variables

All levels of co-linearity between predictor variables were considered acceptable (Pearson correlation <0.8) for tree-
based machine learning methods (Dormann et al., 2013; Elith et al., 2010).

BRT models were assessed using cross-validated measures of model performance, including the deviance explained and 
the Pearson correlation between predicted and observed abundance.

mailto:fabrice.stephenson@waikato.ac.nz
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ODMAP element Contents

Software •	 Software: R (no version specified). Dismo package (v1.1–4)
•	 Availability of code: Appendix 1, Section 1.3 of Inclusion of biotic variables improve predictions of environmental niche 

models.
•	 Data availability: https://doi.org/10.5194/essd-12-293-2020 (Kraan, Thrush, et al., 2020)

Data

Biodiversity data •	 Taxon names: Austrovenus stutchburyi and Macomona liliana
•	 Taxonomic reference system: We follow the taxonomy of World Register of Marine Species (WoRMS) (https://www.

marin​espec​ies.org/)
•	 Ecological level: species
•	 Data sources: https://doi.org/10.5194/essd-12-293-2020
•	 Sampling design: uniform spatial design was undertaken in three Harbours in New Zealand. In each harbour, 

macrobenthic fauna were collected and abundance recorded from 400 cores (13 cm diameter, 20 cm deep) sampled 
along four 1000 m transects (spaced 100 m apart) during low tide from the high- to low-water mark. Sampling points 
along the transects were spaced at distances of 1, 5, 10, 30, 50, 100, 500 and 1000 m (Kraan et al., 2015).

•	 Sample size per taxon: n = 853
•	 Data filtering: Only samples containing at least one of either of our study taxa were retained for the analysis
•	 Background data: NA – this study was focussed on abundance estimates conditional on presence

Data partitioning BRT models were bootstrapped 100 times for each study taxa. That is, a random “training” sample with a sample size 
equal to the number of abundance records was drawn with replacement and a model was constructed with the same 
settings as the original. This process was repeated 100 times, and at each iteration, predictions were made to the 
“evaluation” data (the remaining data not randomly selected from the abundance database) allowing model fits to be 
examined both on the training and evaluation data.

Predictor variables •	 Predictor variables: At each sampling point predictor variables were collected:
•	 Environmental variables: chlorophyll a and pheophytin measurements, sediment grain-size distributions, organic 

content of the sediment and visible sandflat parameters (e.g. the coverage of seagrass, shellhash and bare sand 
estimated within each photograph of the sample site)

•	 Biotic variables: the co-occurring abundance of the study taxa not being modelled (i.e. Macomona or Austrovenus), 
as well as a spatially smoothed representation of this data used to represent a “patch,” that is an area of species 
aggregation defined using Inverse Distance Weighting (IDW) of the co-occurring abundance sample locations with a 
circular search radius of 70 m diameter

•	 Non-specific spatial variable: “Estuary” was included as a factor to explain spatial differences in the abundance of 
study taxa not explained by environmental and biotic variables

•	 Data source: Sampled at each study site – available: https://doi.org/10.5194/essd-12-293-2020

Model

Multicollinearity All levels of co-linearity between predictor variables were considered acceptable (Pearson correlation <0.8) for tree-
based machine learning methods (Dormann et al., 2013; Elith et al., 2010)

Model settings BRT models were parametrised following recommendations from Elith et al. (2008): with tree complexity of 3 (allowing 
3-way interactions of predictor variables), a learning rate of 0.001 (parameters selected so as to fit between 2000 
and 3000 trees for each species’ model), a bag fraction of 0.6 (the proportion of data drawn at random, without 
replacement for each tree) and random 10-fold cross evaluation.

Model estimates The relative influence of each environmental variable in the models was the number of times it was selected for splitting, 
weighted by the squared improvement to the model as a result of each split (using in-bag data) (Friedman & Meulman, 
2003).

Non-independence 
correction/
analyses

NA

Assessment

Performance 
statistics

Model performance measures included the mean (± standard deviation of the mean) deviance explained and the Pearson 
correlation between predicted and observed abundance for both training data and withheld validation data (from the 
data portioning) across bootstrap models (n = 100)

Plausibility check The fitted species responses were checked for ecological plausibility through the inspection of partial dependency plots

TA B L E  A 1  (Continued)

https://doi.org/10.5194/essd-12-293-2020
https://www.marinespecies.org/
https://www.marinespecies.org/
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Environmental relationships

F I G U R E  A 1  Partial dependence plots showing the relationships between predictor variables and log +1 transformed abundance of 
Macomona modelled using bootstrapped BRT (environmental predictors only (Env)). Black lines represent the mean of 100 bootstrap 
predictions and shaded areas represent 95% prediction interval. Deciles of each environmental predictor are shown as ticks on the x-axes. 
Relative mean (±SD) percentage contribution of variables are provided in parentheses
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F I G U R E  A 2  Partial dependence plots showing the relationships between predictor variables and log +1 transformed abundance of 
Macomona modelled using bootstrapped BRT (environmental and biotic predictors (Env +species)). Black lines represent the mean of 100 
bootstrap predictions and shaded areas represent 95% prediction interval. Deciles of each environmental predictor are shown as ticks on 
the x-axes. Relative mean (±SD) percentage contribution of variables are provided in parentheses
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F I G U R E  A 3  Partial dependence 
plots showing the relationships between 
predictor variables and abundance of 
Austrovenus modelled using bootstrapped 
BRT (environmental predictors only 
(Env)). Black lines represent the mean of 
100 bootstrap predictions and shaded 
areas represent 95% prediction interval. 
Deciles of each environmental predictor 
are shown as ticks on the x-axes. Relative 
mean (±SD) percentage contribution of 
variables are provided in parentheses
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F I G U R E  A 4  Partial dependence 
plots showing the relationships between 
predictor variables and abundance of 
Austrovenus modelled using bootstrapped 
BRT (environmental and biotic predictors 
(Env +species)). Black lines represent the 
mean of 100 bootstrap predictions and 
shaded areas represent 95% prediction 
interval. Deciles of each environmental 
predictor are shown as ticks on the 
x-axes. Relative mean (±SD) percentage 
contribution of variables are provided in 
parentheses
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