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ABSTRACT
Aim: More species-rich communities are often assumed to contain more specialist species with narrower niches and smaller 
ranges. Stronger interspecific competition in species-rich communities is thought to be a key mechanism explaining these pat-
terns. Yet, the relationship between richness and specialisation has so far only been studied for a few taxa, and characterising 
the effects of interspecific competition on species distributions is challenging. Here, we assess broad-scale relationships between 
niche breadth, range sizes and geographic exclusion along richness gradients of bats.
Location: Eastern Mediterranean, Western Asia, and Central Asia.
Taxon: Bats (Chiroptera).
Methods: Based on a novel integrated species distribution modelling approach that combines occurrence information with 
expert range maps, we assessed how environmental niche breadth and range sizes varied with species richness. In addition, by 
contrasting species' potential and realised distributions in areas where species pairs overlap, we derived indicators of geographic 
exclusion to understand how potential interspecific competition is affecting range limits along richness gradients.
Results and Main Conclusions: We found a nonlinear association between environmental niche breadth and richness, with 
the most specialised species occurring in species-poor regions and niche breadth peaking at intermediate richness. Despite a 
positive association of niche breadth and range sizes at the species level, range sizes in predicted bat communities declined 
continuously with species richness. In addition, patterns of geographic exclusion were linked to patterns of niche breadth, with 
species filling less of their potential range overlaps when overlapping species were more specialised. Our findings suggest that 
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small range sizes in species-rich bat communities are better explained by the number of interacting species than by environmen-
tal specialisation or stronger exclusion between individual species. More broadly, we show how integrated distribution modelling 
approaches can shed new light on the interplay of species richness, specialisation and community structure, and caution against 
generalising relationships between richness and specialisation across taxa and geographies.

1   |   Introduction

Increasing species richness is commonly associated with more 
specialised communities. In this context, specialisation is often 
understood as a decrease in environmental niche breadth (i.e., 
environmental specialisation) in more species-rich communities 
(Belmaker et al. 2012; Chejanovski and Wiens 2014). In addition, 
in line with the widely observed positive association between 
niche breadth and range sizes (Slatyer et  al.  2013), increasing 
species richness has also been linked to smaller range sizes (Batt 
et al. 2017; Eeley and Foley 1999). Whereas traditionally, relation-
ships between richness and specialisation have mainly been stud-
ied across latitudinal gradients (Stevens  1989), recent evidence 
suggests clear direct associations between species richness and spe-
cialisation, independent of latitude. For example, meta-analyses on 
the relationships of niche breadth (Granot and Belmaker 2020) and 
range sizes (Guo et al. 2022) observed clear trends of specialisation 
with increasing richness. Yet, associations between specialisation 
and richness remain unexplored for many taxa, or else have been 
summarised at broad taxonomic levels (e.g., all birds and mam-
mals; Belmaker et al. 2012; Boucher-Lalonde et al. 2016), which 
could obscure variation if relationships differ between taxonomic 
groups. Thus, it remains unclear how general trends of specialisa-
tion and range sizes with increasing richness are.

One key mechanism that could explain increased specialisation in 
more species-rich communities is stronger biotic interactions, par-
ticularly increased interspecific competition (Bolnick et al. 2010; 
Legault et al. 2020). In line with this idea, the meta-analyses by 
Granot and Belmaker (2020) and Guo et al. (2022) concluded that 
the observed patterns of decreasing niche breadth and range sizes 
with increasing richness are best explained by stronger biotic in-
teractions in species-rich communities. Yet, data on the effects of 
interspecific competition is difficult to obtain, and it has thus rarely 
been tested whether high species richness coincides with stronger 
effects of interspecific competition on species ranges. Therefore, 
open questions remain regarding how niche breadth and range 
sizes are linked to interspecific competition, and whether decreas-
ing range sizes in species-rich communities are explained by an 
increasing number of interacting species, stronger competitive 
interactions or result from environmental specialisation (i.e., nar-
rower niche breadths).

Bats (Chiroptera) provide an interesting case for assessing how 
species richness relates to patterns of environmental niche breadth 
and range sizes. Although comprising roughly 20% of all described 
mammal species (Peixoto et al. 2018), the distribution and niches 
of bats remain poorly understood, with detailed data on bat species 
richness lacking for many regions (Herkt et al. 2016). Bats often 
show high diet overlap (70% of bat species are insectivorous) and 
high morphological similarity (Salinas-Ramos et  al.  2020). Bat 
species occupying similar trophic and morphological niches have 
frequently been shown to coexist through fine-scale mechanisms 

of niche partitioning, such as spatiotemporal partitioning in forag-
ing habitats or echolocation activities (Krüger et al. 2014; Novella-
Fernandez et  al.  2020; Peixoto et  al.  2018; Razgour et  al.  2011; 
Roeleke et al. 2018). Yet, recent evidence suggests that interspecific 
competition between morphologically similar species can limit bat 
ranges at broad spatial scales when fine-scale coexistence mech-
anisms are lacking (Novella-Fernandez et  al.  2021). However, it 
remains unclear how broad-scale patterns of bat species richness 
relate to variations in environmental niche breadth and range 
sizes, and whether high bat species richness is associated with spe-
cialisation as observed in other mammal taxa (e.g., primates; Eeley 
and Foley 1999).

Understanding the associations between niche breadth, range 
sizes, and interspecific competition requires approaches that 
jointly characterise these phenomena (D'Amen et  al.  2018; 
Novella-Fernandez et  al.  2021). Species distribution models 
(SDM; Elith and Leathwick  2009) are potentially powerful in 
this regard, allowing to assess species' environmental niches, 
distributions, and emerging patterns of species richness (Syfert 
et al. 2018; Zurell, Zimmermann, et al. 2020). However, SDMs 
typically characterise species' potential distributions determined 
by environmental conditions, rather than species' realised distri-
butions that are further constrained by biotic interactions and 
dispersal limitations (Araújo and Guisan  2006; Soberon and 
Peterson 2005). In addition, rare species without sufficient reli-
able occurrence data often need to be excluded from SDM anal-
yses (van Proosdij et al. 2016), which can bias richness patterns 
obtained from stacking species-level distributions.

Here, we attempt to overcome these limitations through an SDM 
approach that integrates occurrence observations with expert 
range maps (Oeser et al. 2024). Adding information on species' 
range limits makes it possible to contrast realised and potential 
ranges and assess range filling (Svenning and Skov 2004). For 
highly mobile organisms like bats that are not strongly limited 
by dispersal, this enables us to evaluate the degree of geographic 
avoidance and exclusion among overlapping species, which can 
proxy the importance of interspecific competition as a range-
limiting factor (Novella-Fernandez et al. 2021). In addition, we 
use expert range maps to estimate and correct geographic bias 
in species richness maps stemming from the exclusion of rare 
species in stacked SDM predictions. We apply this approach to 
understand relationships between specialisation and geographic 
exclusion along richness gradients in a biodiverse but understud-
ied region ranging from the Eastern Mediterranean to Central 
Asia. Specifically, we ask the following research questions:

1.	 What are the geographic patterns of bat species richness 
across our study area?

2.	 How do environmental niche breadth and range size relate 
to community richness?
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3.	 How does geographic exclusion relate to niche breadth and 
community richness?

4.	 How do niche breadth, species richness and geographic ex-
clusion influence species' range size?

2   |   Material and Methods

2.1   |   Species Distribution Models

Our study area covers about 6.5 million km2 and intersects 
four global biodiversity hotspots (following Myers et al. 2000): 
the eastern part of the Mediterranean hotspot, the Caucasus 
hotspot, the Irano-Anatolian hotspot, as well as partially cov-
ering the Mountains of Central Asia hotspot. We collected and 
homogenised a large bat occurrence dataset (9650 records, 
see Figure  1) from various sources of field data, primarily 
collected via mist netting, opportunistic sightings and echo-
location recordings. These data were available as part of lit-
erature sources, national databases (Georgiakakis et al. 2023; 
Natradze et  al.  2023) and fieldwork carried out by the au-
thors and their teams (see Appendix  S1 and ODMAP proto-
col in Appendix S3 for details on the occurrence data and its 
sources).

We used this occurrence data set alongside environmental predic-
tors characterising climate, land cover, topography, geology and 
human pressure to build species distribution models (SDMs) for 
49 bat species at 1 km resolution (see Appendix S2 for a descrip-
tion and overview of all environmental predictor variables). For 
each species, we performed cross-validations to select the best-
performing variables with pairwise correlations < 0.7 (Dormann 
et al. 2013), limiting the number of variables chosen to 1 per 10 
available presence records to avoid overfitting (Moudrý et al. 2024; 
Reineking and Schröder  2006). The number of selected vari-
ables ranged from 2 to 16 (median: 8). We tuned hyperparame-
ters of the modelling algorithms using a grid search in a second 

cross-validation. To treat sampling bias, we thinned occurrence re-
cords (Boria et al. 2014) and performed a target-group background 
sampling (Barber et al. 2022; Inman et al. 2021; Syfert et al. 2013). 
We provide an ODMAP protocol (Zurell, Franklin, et al. 2020) in 
Appendix S3 summarising all key modelling decisions. In addi-
tion to a traditional SDM approach (ensemble of SDM algorithms), 
we integrated SDMs with expert information on range limits 
(expert range maps provided by the International Union for the 
Conservation of Nature—IUCN; Oeser et al. 2024).

Specifically, we used the integrated SDM approach developed by 
(Oeser et al. 2024). In the following, we provide a brief overview 
of the approach and refer to Oeser et al. (2024) for a full descrip-
tion. The integrated SDM approach is based on an ensemble 
method called stacked generalisation. In stacked generalisation, 
the predictions of several input models are used as training data 
in a meta-learner regression model (Naimi and Balzer  2018). 
Specifically, we combined three SDM algorithms (Maxent, ran-
dom forest and boosted generalised additive models) via logistic 
regression as a meta-learner. By adding the distance of occur-
rence records to the expert range maps as an additional pre-
dictor in this meta-learner, the model fits a distance term that 
characterises how occurrence probability declines outside the 
expert range map. As a result, the integrated SDMs can capture 
range limits while accounting for varying accuracy of expert in-
formation across species (Oeser et al. 2024).

We generated two outputs based on our SDMs: first, an esti-
mate of the potential distribution obtained from a stacked gen-
eralisation ensemble of the three SDM algorithms (traditional 
SDM approach), and second, an estimate of the realised distri-
bution obtained by integrating expert range maps into the en-
semble. Adding information on species range extents helps to 
capture distribution limits caused by factors not accounted for 
in traditional SDM approaches, such as movement barriers or 
interspecific competition (Merow et al. 2017; Oeser et al. 2024). 
To convert continuous predictions of relative occurrence 

FIGURE 1    |    Study area in a wider geographic context. The number of bat occurrence records was counted at the level of 100 km2 hexagonal grid 
cells to visualise the distribution of available occurrence records. Map is in Albers equal area projection.

 13652699, 2025, 6, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/jbi.15125 by B

alikesir U
niversity, W

iley O
nline L

ibrary on [06/07/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



4 of 11 Journal of Biogeography, 2025

probability into binary distribution maps, we applied a 10% 
omission threshold for both potential and realised distributions, 
resulting in maps characterising core distribution areas for each 
species (Ellis-Soto et al. 2021).

2.2   |   Mapping Species Richness

To map bat species richness across the study area at 1-km res-
olution, we overlaid binary maps of realised distributions for 
all 49 bat species. While our integrated SDMs included most 
species occurring in the western parts of our study region, we 
did not have enough reliable occurrence records for building 
SDMs for all species occurring in our study area (minimum 
number of records used: 25), particularly in the east (Figure 1). 
This meant that raw species richness estimates obtained from 
stacking integrated SDMs were geographically biased (i.e., un-
derestimating richness in the eastern parts of our study area). 
To correct this bias, we estimated the geographic bias of our 
richness map based on IUCN range maps. Specifically, we re-
lated species richness patterns calculated with IUCN range 
maps of the 49 modelled bat species to richness maps obtained 
when including all bat species with IUCN ranges intersecting 
our study area (n = 81). Assuming that, for any given area, the 
ratio between species richness estimates for the pool of mod-
elled and the complete pool of species is the same between 
IUCN ranges and SDMs, we calculated a bias-corrected spe-
cies richness estimate as:

where RSDMc is the bias-corrected SDM-based species richness 
estimate, RSDMm the raw richness estimate from stacking SDMs 
for the modelled pool of species, REm the richness estimate from 
IUCN range maps for the modelled pool of species, and REc the 
richness estimate from IUCN range maps for the complete spe-
cies pool.

2.3   |   Variations of Environmental Niche Breadth 
and Range Size With Species Richness

We calculated niche breadth based on two sets of environmen-
tal variables characterising climate and land cover. Specifically, 
we used (1) 19 bioclimatic variables (Karger et  al.  2017) and 
(2) six land-cover fractions (agriculture, forest, shrubs, herba-
ceous vegetation, bare and sparse vegetation, water) alongside 
nine satellite-based metrics further characterising vegetation 
structure (ESA 2017; Oeser et al. 2020; see Appendix S2 for an 
overview of variables). We used these data sets to characterise 
environmental niche breadth regarding (1) bioclimatic condi-
tions and (2) vegetation and land-cover characteristics, both of 
which are key factors shaping the distributions of bat species 
(Zamora-Gutierrez et  al.  2018). While climate often limits the 
distributions of bats at broad scales (Festa et  al.  2023), land-
cover characteristics are important determinants of habitat 
availability at finer scales (Mehr et al. 2011). To reduce dimen-
sionality, we derived the first three principal components (PCs) 
of the climate and land-cover datasets, which captured 99% and 
98% of the variance, respectively. Then, we built two additional 

SDMs per species containing only these climate and land-cover 
PCs as predictors and calculated niche breadth as Levins' B2 
metric in the ENMTools package in R (Warren et al. 2021). This 
widely used metric of niche breadth ranges from 0 to 1, with 
larger values indicating higher niche breadth. We calculated 
niche breadth in environmental space. In this approach, in-
stead of using model predictions in geographic space (Warren 
et al. 2008), niche breadth is calculated based on SDM predic-
tions across a range of predictor combinations sampled using 
Monte Carlo integration (Warren et al. 2019).

We derived range sizes for each species based on the binary pre-
dictions of our integrated SDMs (i.e., estimates of species' realised 
distributions). To understand how niche breadth and range size 
varied across bat communities with different species richness, we 
assessed their relationships with species richness in geographic 
space. To do so, we created raster stacks of niche breadth and 
range size by assigning environmental niche breadth and range 
size values to all areas where a species was predicted to be present 
and then sampled 1000 cells per species richness value. In addi-
tion, we summarised niche breadth patterns at the species level. 
To do so, we calculated the average species richness within the 
distribution of each species (hereafter: average richness) and then 
related this measure to the species' niche breadth.

2.4   |   Geographic Exclusion Between Species Pairs

We contrasted potential distributions predicted by traditional 
SDMs with realised distributions predicted by our integrated 
modelling approach to assess patterns of range filling (i.e., the 
proportion of environmentally suitable habitats occupied by 
a species; Svenning and Skov 2004). Range filling can be in-
dicative of the role of biotic interactions and dispersal limita-
tions in determining range limits (Svenning and Skov 2004). 
Based on patterns of range filling, we calculated two indica-
tors that characterise potential broad-scale effects of inter-
specific competition on species' range limits. Specifically, we 
identified potential overlaps between species pairs based on 
the potential distribution maps and calculated how much of 
this overlap is filled (realised) by each species based on our 
realised distribution maps. To remove parts of potential dis-
tributions located far outside the current, realised distribution 
of species and focus on areas likely reachable by species, we 
only considered potential habitats within 500 km of the real-
ised distribution of species. Based on these reachable potential 
habitats, we first calculated a geographic avoidance score fol-
lowing Novella-Fernandez et al. (2021). This avoidance score 
is calculated by relating the proportions of potential distribu-
tions realised by a species pair inside potential overlaps ver-
sus outside the overlap (in our case, the reachable potential 
habitats; see Novella-Fernandez et al.  2021 for details). As a 
second indicator, we calculated a geographic exclusion score. 
To do so, we divided the range filling of each species inside the 
overlap through the species' range filling across the reachable 
potential habitats (hereafter overlap filling). For example, an 
overlap filling value of 1 would mean that a species showed 
the same range filling inside the overlap as across the entire 
reachable potential habitat. The exclusion score of a species 
pair was then given by the absolute difference in the overlap 
filling of both species.

RSDMc =
RSDMm × REc

REm
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Whereas the geographic avoidance score proposed by Novella-
Fernandez et al.  (2021) is highest when both species fill small 
parts of potential overlaps, our exclusion score highlights cases 
in which one species fills a higher proportion of the potential 
overlap, thus better indicating potential competitive exclu-
sion between species. We limited the calculation of geographic 
avoidance and exclusion scores to species pairs with potential 
overlaps of at least 200 km2 to ensure robust estimates (Novella-
Fernandez et  al.  2021). We then assessed how avoidance and 
exclusion between species pairs relate to the niche breadth of 
overlapping species. In addition, we assessed how average 
avoidance and exclusion scores per species relate to the average 
richness inside the species' distribution.

2.5   |   Disentangling Effects of Niche Breadth, 
Richness, and Geographic Exclusion on Range Size

To understand how range sizes of species are influenced by 
species richness (i.e., the number of potentially interacting 
species), niche breadth (i.e., environmental specialisation) 
and geographic exclusion (i.e., the strength of competitive 
interactions), we additionally performed a regression analy-
sis of range size. For this analysis, we focused on geographic 
exclusion scores as an indicator of interspecific competition 
and climatic niche breadths as an indicator of environmen-
tal specialisation. Specifically, we modelled log-transformed 
range size with a Gaussian error distribution and used cli-
matic niche breadth, the average richness inside species' 
ranges, and the average geographic exclusion score of species 
as predictor variables. For each predictor, we compared linear 
effects against nonlinear smooth effects (thin plate regres-
sion splines) and performed model selection via AIC in the 
R-package mgcv (Wood 2022).

3   |   Results

The integrated SDMs generally performed well (mean cross-
validated AUC = 0.85, range 0.67–0.99). Temperature-related 
variables were generally the most important predictors, fol-
lowed by precipitation-related variables (see Appendix S4 for 
a summary of variable importance across all species). Based 
on stacked SDM predictions and bias correction, our species 

richness map identified large parts of the Balkan Peninsula, 
coastal areas in Turkey, as well as the Caucasus and Alborz 
mountains as key hotspots of bat species richness in the study 
region. Predicted species richness was highest in more pro-
ductive mountainous and coastal areas and lowest in arid 
steppes and deserts. Correcting for bias introduced by exclud-
ing species with few occurrence records (< 25) led to an in-
crease in predicted species richness in the eastern part of the 
study area (Figure 2; see Appendix S5 for a comparison with 
the uncorrected map).

Environmental niche breadth showed a nonlinear relationship 
with the richness of bat communities. Species-poor commu-
nities were the most specialised and niche breadth was high-
est in communities with intermediate richness (Figure  3A,B). 
Towards the high end of the richness gradient, the niche breadth 
of species decreased. The pattern was consistent across both 
climate and land-cover variables (correlation between niche 
breadth values = 0.70). We observed the same nonlinear rela-
tionship between niche breadth and the average richness inside 
species' ranges when summarising patterns at the species level 
(see Appendix  S6). Despite this nonlinear and mostly positive 
relationship of niche breadth with community richness, range 
sizes of the predicted bat communities declined with species 
richness along the entire richness gradient (Figure 3C).

Geographic exclusion between species pairs was lowest for 
overlapping generalist species (i.e., with wide environmental 
niche breadth) and tended to be higher for overlapping spe-
cialists (Figure 4A). Species' average exclusion score declined 
with average species richness inside its range (Figure 4B). We 
observed the same patterns for geographic avoidance scores, 
although the decrease in avoidance scores with average 
richness was less pronounced than for exclusion scores (see 
Appendix S7).

Our regression model of range size explained 84% of the ob-
served deviance in our data set. Nonlinear smooth effects 
were supported based on AIC for niche breadth and average 
richness. All predictors showed clear associations with range 
size, although the relationship with geographic exclusion 
scores was less pronounced (p values for niche breadth and 
average richness ≪ 0.01, for geographic exclusion = 0.024). 
While climatic niche breadth had a positive effect on range 

FIGURE 2    |    Bat species richness in the study area. The plot shows bias-corrected richness predictions accounting for data-poor species that were 
not included in the distribution modelling. The map is in Albers equal area projection.
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size, average richness and geographic exclusion had negative 
effects (Figure 5). The negative effect of average richness on 
range sizes was particularly strong at low richness values (note 

the log-transformed response variable in Figure 5). Similarly, 
the positive effect of niche breadth on range sizes was stron-
gest at low niche breadth values.

FIGURE 3    |    Distributions of environmental niche breadth (Levin's B2; A, B) and range sizes (C) against species richness in bat communities pre-
dicted by integrated species distribution models. Distributions were derived from a stratified random sample of richness values (n = 1000 per richness 
value).

FIGURE 4    |    (A) Relationship between geographic exclusion and niche breadth of overlapping bat species, and (B) relationship between average 
geographic exclusion per species and average species richness found within species ranges. In plot (A), species were binned into five groups based 
on their niche breadth, with each bin containing 20% of the species (i.e., lowest to highest niche breadth). The sizes and colours of points correspond 
to the mean geographic exclusion scores between species pairs belonging to the respective niche breadth bin. Black circles surrounding points cor-
respond to one standard deviation added to the mean exclusion score to indicate variance. The trend line and 95% confidence intervals in plot (B) 
are based on a generalised additive model. Exclusion scores are calculated as the difference between how much two species fill potential overlaps, 
relative to their range filling across the entire range. Larger values indicate stronger geographic exclusion between species.
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4   |   Discussion

Increasing species richness is typically assumed to coincide 
with a higher number of specialist species, characterised 
by narrower environmental niches and smaller range sizes 
(Granot and Belmaker 2020; Guo et al. 2022). Leveraging a rich 
occurrence data set and a novel integrated species distribution 
modelling approach, we assessed relationships between spe-
cies richness, specialisation and geographic exclusion for bats 
in a biodiverse, yet understudied region. Our fine-scale distri-
bution and richness maps provide new insights into patterns 
of bat diversity in the study area. While we indeed observed 
decreasing range sizes in more species-rich communities, this 
was not linked to increasing environmental specialisation in 
climate and land-cover niches. Instead, niche breadths were 
lowest in resource- and species-poor environments, also co-
inciding with the strongest geographic exclusion between 
species, which could be indicative of stronger interspecific 
competition. We demonstrate that integrating SDMs with ex-
pert range maps offers a powerful approach that helps assess 
species richness at high resolution and sheds new light on the 
interplay between interspecific competition and community 
structure. More generally, our findings highlight that associ-
ations between specialisation and interspecific competition 
along richness gradients can be complex, cautioning against 
generalisations across taxa and geographies.

Our study used updated, high-resolution distribution maps 
for 49 bat species to provide the first fine-scale assessment of 
bat species richness in the study region, which can serve as 
a basis for conservation planning. Our richness maps high-
lighted strong differences between species-rich coastal and 
mountain areas associated with more productive and climati-
cally stable habitats (e.g., on the Balkan peninsula and in the 
Caucasus and Alborz mountains), and species-poor arid des-
erts and steppes characterised by colder winter temperatures 
(e.g., Middle East steppe and Central Asian deserts). These 
patterns align with previous research highlighting the impor-
tance of water availability, productivity and climate stability as 

key environmental determinants of bat species richness (Alves 
et al. 2018; McCain 2007; Tello and Stevens 2010). Since nearly 
all bat species in our study area are insectivorous, an important 
underlying factor behind these gradients might be the increas-
ing levels of insect prey availability in more productive environ-
ments (Mendes et al. 2017).

We observed a nonlinear relationship between species rich-
ness and environmental niche breadth, with niche breadth 
being lowest in species-poor communities and peaking at 
intermediate richness. This finding contrasts with results 
from meta-analyses (Granot and Belmaker 2020; Vázquez and 
Stevens  2004) as well as previous studies on other mammal 
taxa (Eeley and Foley 1999), which reported negative associ-
ations between niche breadth and richness. Our observation 
that environmental specialisation is highest in resource-poor, 
arid environments and that niche breadth peaks at interme-
diate richness could be explained by a release in interspe-
cific competition due to a higher abundance of resources 
(e.g., insect prey) in more productive environments (Bolnick 
et al. 2010; Costa-Pereira et al. 2019; Morningstar et al. 2019). 
Our results show a trend of environmental specialisation to-
wards the high end of the richness gradient. This indicates 
that once a certain community size is reached, the high num-
ber of interactions with other species might force species to 
specialise in their environmental niches despite high resource 
availability. Our results highlight the importance of testing for 
nonlinear relationships when assessing associations between 
niche breadth and species richness.

In line with findings on bats (Varzinczak et al. 2020) and other 
taxa (Slatyer et al. 2013) niche breadth showed a strong positive 
relationship with range size when assessing patterns at the level 
of species. Yet, we observed a continuous decrease in range sizes 
with increasing richness of bat communities, which agrees with 
more general findings on range size patterns (Guo et al. 2022). 
This can be explained by a direct negative effect of species rich-
ness on range sizes, which outweighs the positive effect of niche 
breadth and is supported by our regression model indicating a 

FIGURE 5    |    Partial effects of average richness, geographic exclusion, and climatic niche breadth on range sizes of bats based on regression anal-
ysis with a generalised additive model. Plots include 95% confidence intervals and partial residuals. Note the log-transformed response variable.
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strong negative effect of richness on range sizes at low richness 
values. Thus, our findings indicate that decreasing range sizes 
along the richness gradient are not primarily driven by environ-
mental specialisation.

The strength of geographic exclusion and avoidance, as in-
dicated by differences between potential and realised distri-
butions of overlapping species, tended to be highest among 
specialist species occurring in species-poor environments. 
Our species-level regression analysis indicated a significant 
negative effect of our exclusion scores on species' range size, 
supporting the usefulness of this metric for capturing the im-
pact of species interactions as a range-limiting factor. Despite 
decreasing range sizes in more species-rich communities, the 
observed average exclusion score per species declined with 
increasing richness in their range. Our results therefore also 
suggest that decreases in range sizes with increasing richness 
could be primarily driven by the total number of interacting 
species (i.e., a direct effect of richness), rather than stronger 
competitive interactions between geographically overlapping 
species. Although there is growing evidence that interspecific 
competition can scale up to shape distribution limits (Gotelli 
et al. 2010; Legault et al. 2020), little is known about bats in 
this regard (Salinas-Ramos et  al.  2020). Novella-Fernandez 
et al. (2021) found that competition between morphologically 
similar sister species of bats can limit their distributions when 
fine-scale mechanisms of niche partitioning are absent. Our 
results indicate that the number of interacting species and, to 
a lesser degree, the strength of competitive interactions (itself 
linked to environmental specialisation), are important deter-
minants of range sizes in bats. In sum, this suggests that inter-
specific competition could play an important role in shaping 
macroecological distribution patterns of bats.

We demonstrated that combining correlative SDMs with expert 
range maps offers a powerful approach to improving species rich-
ness mapping (Oeser et al. 2024). In addition, this approach can 
provide valuable insights into the effects of interspecific compe-
tition on species distributions. Correlative SDMs are widely used 
for characterising global biodiversity patterns but typically ne-
glect the effects of biotic interactions and dispersal (Araújo and 
Guisan  2006; Soberon and Peterson  2005). Additionally, SDM 
often rely on opportunistic occurrence datasets that usually 
exhibit considerable sampling bias (Hughes et al. 2021). These 
factors reduce the accuracy of mapped distributions, thereby 
limiting the usefulness of stacking SDMs for assessing species 
richness (Ellis-Soto et  al.  2021). Integrating information on 
range limits via expert range maps offers a simple but effective 
way to address these shortcomings (Merow et  al.  2017; Oeser 
et al. 2024). Expert range maps not only improve estimates of 
realised ranges but, as we have shown here, allow us to correct 
for biases in stacked SDMs introduced by excluding species due 
to insufficient occurrence observations required for building 
SDMs. Given strong regional differences in the availability of oc-
currence data (Hughes et al. 2021; Yang et al. 2013), bias caused 
by omitting species is likely common in SDM analyses, yet it is 
typically overlooked in studies assessing species richness using 
stacked SDMs. Moreover, by allowing us to contrast between po-
tential and realised ranges, our approach helps to gain insights 
into factors limiting species' ranges. For sessile species like 
plants, range filling has mainly been related to dispersal effects 

on species distributions (Nogués-Bravo et al. 2014; Svenning and 
Skov  2004). In highly mobile species less limited by dispersal 
(e.g., birds and bats), assessing species' range filling can help 
understand the potential effects of interspecific competition in 
limiting distributions (Novella-Fernandez et  al.  2021). Given 
these advantages for understanding and predicting species dis-
tributions, integrated SDM approaches hold great potential for 
improving our understanding of global biodiversity patterns 
(Fletcher Jr. et al. 2019; Miller et al. 2019).

Although providing important insights into the potential im-
portance of interspecific competition at macroecological scales, 
our results need to be interpreted cautiously. Our calculations 
of niche breadth only describe climate and land-cover niches 
related to species' environmental habitat preferences at broad 
spatial scales. Similarly, avoidance and exclusion scores can-
not reflect whether species show niche differentiation at finer 
spatial scales. Several studies have shown that fine-scale parti-
tioning of dietary and foraging niches can be important in bats 
(Arrizabalaga-Escudero et al. 2018; Peixoto et al. 2018; Roeleke 
et al. 2018), and might enable the coexistence of species occu-
pying similar climate and habitat niches. In addition, our ap-
proach did not allow us to characterise intraspecies variation 
in niche breadth and range sizes. Assessing variation in habitat 
and dietary niches and capturing intraspecific variation across 
communities could be particularly valuable for better under-
standing how interspecific competition shapes species' niches 
and range sizes at finer scales. Yet, our findings suggesting 
signals of interspecific competition in broad-scale distribution 
patterns of a taxon known for fine-scale niche differentiation 
can be interpreted as a sign of the general importance of biotic 
interactions in shaping broad-scale biodiversity patterns. Two 
factors likely caused some bias in our geographic exclusion and 
avoidance scores. First, the varying dispersal abilities of bat spe-
cies, even though we focused on potential overlaps likely reach-
able by species, and second, the varying accuracy of expert 
range maps, influencing how strongly expert range maps are 
weighted in the integrated SDM predictions (Oeser et al. 2024) 
and thus also affecting estimates of range filling. Finally, since 
we were limited to occurrence information that did not cover 
the entire ranges of all modelled species, our results are influ-
enced by niche and range truncation (Chevalier et  al.  2021). 
Thus, our range size and niche breadth estimates do not reflect 
patterns across the species' entire distributions but are limited 
to patterns within our study area. However, since we did not 
perform model transfers to other regions or time periods, the 
accuracy of our distribution models should not be compromised 
by this issue (Chevalier et al. 2021).

More broadly, our results demonstrate that associations between 
species richness and specialisation can be complex, with niche 
breadths and range sizes following independent trends along 
the gradient of species richness. Despite decade-long research 
on global patterns of species richness and specialisation, iden-
tifying general trends and attributing patterns to underlying 
mechanisms that hold across taxa and geographies has been 
challenging (Carscadden et al. 2020; Cirtwill et al. 2015; Vázquez 
and Stevens 2004). Thus, achieving a deeper understanding of 
how and why community structure varies with species richness 
might require embracing complexity and allowing for explana-
tions that vary across taxa and environmental contexts.
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