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A B S T R A C T

Remote sensing technology is increasingly applied to map the occurrence of invasive plant species, yet its use to 
map their ecological impact remains limited. Furthermore, invader-induced changes beyond the canopy, as well 
as the environmental context, are rarely considered. This study aimed to assess the impacts of an invasive tree on 
ecosystem functioning at the landscape scale using remote sensing, taking into account both spatial effects and 
environmental heterogeneity. Specifically, we investigated a coastal Mediterranean dune ecosystem invaded by 
the N-fixing tree Acacia longifolia (Andrews) Willd. (‘Acacia’). Four vegetation indices were calculated as proxies 
of ecosystem functions, and these indices were used to compute functional diversity in terms of spectral Rao’s Q 
for assessing impacts by Acacia based on airborne hyperspectral data. Vegetation cover and topographic indices 
derived from airborne LiDAR (Light Detection and Ranging) were used to account for spatial heterogeneity. For 
seven sites, we employed Generalized Linear Mixed Models to model the effects of environmental variables and 
Acacia-related variables on proxies of ecosystem functions. Significant impact of the invader was found beyond 
the invaded area augmenting to 50 % total impact on ecosystem functions. These spatial impacts are particularly 
prevalent at rather early stages of invasion (~20 % invader cover at landscape level). Consequently, the impact 
of invaders is underestimated when spatial effects are ignored, but it is overestimated when environmental 
heterogeneity is neglected. Furthermore, functional diversity decreases due to invasion, though it reaches its 
maximum at the edges of invader stands, where Rao’s Q index captures spectral effects of both the invader and 
the native vegetation. Thus, we highlight that both 2D and 3D remote sensing data complement each other in 
remote sensing-driven impact assessments. We envision that advancements in remote sensing of ecosystem 
structure and functioning in terms of increasing availability of high spectral, spatial and temporal data as well as 
enhanced methods for data analysis will facilitate tracing the context-dependent and function-specific spatial 
effects of invasive species especially at early stages of invasion to enable timely management.

1. Introduction

Impact assessments of biological invasions seek to quantify adverse 
effects of invasive alien species on ecological, economic or social goods 
at regional levels in order to identify high-impact invaders and to pri
oritize most harmful species for management (Brundu et al., 2020; 
Kumschick et al., 2015; Parker et al., 1999; Powell et al., 2013; Pyšek 

et al., 2020; Ricciardi et al., 2021; Thiele et al., 2010). In order to assess 
ecological impacts at larger scales, it is necessary to understand the local 
effects of invasive species (Blackburn et al., 2014; Hulme et al., 2013; 
Latombe et al., 2017). This can be done by empirical field studies or by 
experimental approaches that relate local presence or abundance of the 
invader to particular ecosystem functions or other goods (Barney et al., 
2015; Bernard-Verdier and Hulme, 2019; Lee et al., 2018; Marchante 
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et al., 2019; Sofaer et al., 2018; Vilà et al., 2024; Vitousek and Walker, 
1989; Yokomizo et al., 2009). Regarding plant species, such studies are 
usually based on vegetation samples that are either located within 
invasive stands or in uninvaded and unaffected areas. Hence, effect es
timates do rarely (e.g. Gómez-Aparicio and Canham (2008)) consider 
impacts of the alien species on the surroundings of invasive stands 
(’spatial impact’). However, disregard of spatial impacts might lead to 
underestimation of total impact, which may distort rankings of invasive 
species if they differ in strength and extent of influence on the 
surroundings.

Quantifying the effects of nitrogen-fixing invasive species on 
ecosystem processes has gained special attention in invasion ecology for 
decades (Ehrenfeld, 2010; Scherer-Lorenzen et al., 2007; Vitousek and 
Walker, 1989). Clear impacts on N cycling have been demonstrated 
particularly for invasive Acacia spp. (Marchante et al., 2019; Rodríguez- 
Echeverría et al., 2009; Yelenik et al., 2007), which can be regarded as 
global high impact invaders (Kumschick and Jansen, 2023; Le Maitre 
et al., 2011; Richardson et al., 2023). It is known that nitrogen fixation 
of Acacia spp. considerably affect nitrogen budgets of adjacent native 
species (Rascher et al., 2012) especially within a 5–8 m margin outside 
of their stands (Hellmann et al., 2017). These findings suggest that 
nitrogen-fixing invasive species may have a significant spatial impact on 
nitrogen cycling and, consequently, other ecosystem functions, such as 
photosynthesis and primary productivity, beyond their canopy edges.

In quantitative impact assessments, local effects are projected to the 
region where the alien species is invasive to provide a measure of total 
impact. Such impact measures can be calculated by multiplying the 
average local effect of the invader by the invaded range, i.e. the area that 
is affected (Parker et al., 1999) although abundance-impact relationship 
are not necessarily linear (Sofaer et al., 2018; Strayer, 2020; Yokomizo 
et al., 2009). Clearly, if significant spatial impact is not taken into ac
count, total impact might be underestimated. This might be extremely 
relevant in case of the invasion by an ecosystem engineer that can 
profoundly modify ecosystem functioning and, subsequently, cause 
regime shifts (Kumschick et al., 2015). Thus, it is important to consider 
areas that are adjacent to invasive stands and to include spatial com
ponents, e.g. distance from the invader, into effects models in order to 
quantify a total impact score of the invader at landscape scale.

Environmental heterogeneity is another important factor to consider 
when projecting impacts to landscape or regional scales because effects 
of invasive species are context-dependent and may vary with local 
conditions, such as topography, habitat type or vegetation structure 
(Bartz and Kowarik, 2019; Gioria et al., 2023; Hulme et al., 2013; 
Kumschick et al., 2015; Lee et al., 2018; Pyšek et al., 2012; Sofaer et al., 
2018). Not taking into account environmental heterogeneity may lead to 
substantial bias in impact assessments (Thiele et al., 2011). Hence, 
environmental covariates should be used in effect models in addition to 
presence or abundance of the invader and, possibly, variables of invader 
proximity.

If spatial impacts are to be considered, the underlying data need to be 
spatially explicit, and scattered samples will not be sufficient. In fact, 
precise maps of invader occurrence, key environmental variables and 
state variables of ecosystem functioning that cover large areas are 
required (Latombe et al., 2017). Obviously, exhaustive field sampling of 
large areas is not feasible, in particular with regard to the increasing 
numbers of invasive species (McGeoch et al., 2023; Seebens et al., 2017), 
but new approaches are needed to support early-warning and surveil
lance systems to prevent high impacts (Müllerová et al., 2023; Toll
ington et al., 2017). Remote-sensing technologies, such as airborne 
hyperspectral imagery and Light Detection and Ranging (LiDAR), have 
the potential to deliver the required data at regional scale.

Finally, spatial impacts on ecosystem functioning by invasive 
ecosystem engineers can result in a change of habitat diversity and 
complexity (Crooks, 2002). However, this effect can be both positive or 
negative (Crooks, 2002), and subtle invader-induced functional changes 
might be difficult to decipher (Jarić et al., 2019). While in particular 

Acacia species are known to be invaders that simplify habitats (Le Maitre 
et al., 2011), very little is known on how to capture such impacts using 
remote sensing. Rocchini et al. (2017) developed a new method to map 
environmental heterogeneity by remote sensing using a spectrally 
derived Rao’s Q index based on information theory. The underlying 
concept of the spectral Rao’s Q is the Spectral Variation Hypothesis 
(SVH), which was conceived by Palmer et al. (1999; Palmer et al., 2002) 
and firstly tested by Gould (2000), as stated in the recent review by 
Torresani et al., (2024). According to the SVH, spectral variability re
lates to different facets of biodiversity (Torresani et al., 2024). It was 
firstly applied to study the biodiversity of plants (Gould 2000, Palmer 
et al., 2002), e.g., by relating the variability of the Normalized Differ
ence Vegetation Index (NDVI) of a landscape as a proxy for its hetero
geneity to plant species richness (Gould 2000). Since then, Torresani 
et al. (2024) found more than 130 studies using the SVH in remote 
sensing-based biodiversity assessment, with the majority of studies 
having been conducted in forest or grassland ecosystems, while coastal 
ecosystems have received less attention, and only accounted for 5 % of 
the studies. Beyond assessment of plant species richness, the first studies 
to assess functional diversity using spectrally derived metrics emerged in 
2017 (Torresani et al., 2024) coinciding with the development of the 
spectrally derived Rao’s Q index (Rocchini et al., 2017). In remote 
sensing approaches, the pixel-based Rao’s Q outperforms common 
biodiversity metrics such as Shannon’s entropy H′ (Rocchini et al., 
2017), it relates to β-diversity as well as functional plant diversity 
(Rocchini et al., 2018) and it can be parameterized in multidimensional 
mode to account for both abundance and distance to describe the 
environmental heterogeneity of a site (Rocchini et al., 2021). However, 
its application in the context of biological invasions is underexplored. In 
the aforementioned review regarding the SVH, Torresani et al. (2024)
found only one study that examined the potential of the spectral Rao’s Q 
to assess effects of an invasive species on species diversity (Khare et al., 
2019). In terms of effects on ecosystem functioning, Gholizadeh et al. 
(2024) recently demonstrated the positive and linear relationship be
tween remotely-sensed functional diversity and invasive legume cover 
in a grassland ecosystem. This said, no studies have been found which 
were conducted in a coastal ecosystem or which used the spectrally 
derived Rao’s Q index to assess the spatial effects of an invasive 
ecosystem engineer on ecosystem functioning.

In this study, we modelled the impacts of the invasive Acacia longi
folia on coastal Mediterranean ecosystems using remote sensing data. 
The aims of our study were: 

1. to quantify the spatial impacts of the invader on ecosystem functions 
(e.g. primary productivity, photosynthesis);

2. to determine the influence of environmental heterogeneity on impact 
assessment;

3. to assess the effect of the invader on functional diversity.

2. Material and methods

2.1. Study area

The study area was located in Southwest Portugal and comprised a 
coastal strip of approximately 35 km length for which we chose a subset 
of seven sites of between 50 and 75 ha (Fig. 1): Fonte do Cortiço (FdCo), 
Monte Velho (MoVe), Melides (Meli), Pinheiro da Cruz (PdCr), Pin
heirinho (Pinh), Aberta Nova (AlNo), Lagoa da Sancha (LdSa). At these 
sites, we studied the invasion of Acacia longifolia (Andrews) Willd. (in 
the following being referred to as Acacia) into coastal dunes, which are 
protected under the European NATURA2000 directive (ICNB, 2005) and 
partly by national legislation (Pinto, 2014). This diverse dune ecosystem 
comprises a variety of NATURA2000 habitat types such as “Atlantic 
decalcified fixed dunes” (2150*), “coastal dunes with Juniperus spp.” 
(2250*), “dune sclerophyllous scrubs” (2260) or “wooded dunes with 
Pinus pinea and/or Pinus pinaster (2270*)” (ICNB, 2005). Priority habitat 
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types according to the NATURA2000 directive are marked with an 
asterisk (“*”) (ICNB, 2005). Native tall shrubs or trees that co-occur with 
Acacia at the site include Phillyrea angustifolia L., Pinus pinaster Ait., 
Pistacia lentiscus L., and Juniperus phoenicea L.. Examples for medium- 
size native shrub species are Cistus salviifolius L., Halimium halimifolium 

(L.) Willk., Lavandula stoechas L., and Salvia rosmarinus Spenn. Typical 
dwarf shrubs include Armeria pungens (Link) Hoffmanns. & Link, 
Santolina impressa Hoffmanns. & Link, Thymus camphoratus Hoffmanns. 
& Link, and Thymus carnosus Boiss. (Große-Stoltenberg et al., 2018a). 
The climate of the study area is Mediterranean with Atlantic influence. 
For further details on study area and sites including descriptions and 
analyses of the vegetation see ICNB (2005), Rascher et al. (2011a), 
Rascher et al. (2011b), Rascher et al. (2012), Hellmann et al. (2011), 
Hellmann et al. (2016a), Hellmann et al. (2016b), Hellmann et al. 
(2017), Pinto (2014), Lehmann et al. (2015), Große-Stoltenberg et al. 
(2016), Große-Stoltenberg et al. (2018a), Große-Stoltenberg et al. 
(2018b) and Ulm et al. (2017a).

2.2. Study species

Acacia has been introduced to Portugal at the beginning of the 19th 
century to fix sandy coastal soils (Fernandes, 2012; Marchante et al., 
2023). In the study area, it gradually spread out into the herbaceous and 
scrubby dune vegetation as well as in pine plantations that are abundant 
at the inland side of the study area (e.g., Große-Stoltenberg et al., 2018b; 
Rascher et al., 2011a, Rascher et al. 2011b).

The impacts of Acacia at the site include the decrease of plant di
versity (Hellmann et al., 2011), changing vegetation (Rascher et al., 
2011a) and plant community structure (Hellmann et al., 2011; Rascher 
et al., 2011a), modifying soil properties (Hellmann et al., 2011; Ulm 
et al., 2017b) and nutrient cycling (Rascher et al., 2012; Ulm et al., 
2017a; Ulm et al., 2017b) as well as alterations of water and carbon 
cycling (Rascher et al., 2011b).

Spatial impacts of Acacia on ecosystem functioning in particular have 
been studied by analysing the spatial distribution of foliar isotopic sig
natures δ13C and δ15N of native plant species growing in vicinity to the 
invader (Hellmann et al., 2017, 2016a, 2016b; Rascher et al., 2012) to 
compute so-called “isoscapes” (West et al., 2008). Acacia has a spatial 
effect on N-cycling (δ15N) (Hellmann et al., 2017, 2016a, 2016b; 
Rascher et al., 2012) as well as on water use efficiency (δ13C) of the 
surrounding vegetation (Hellmann et al., 2016a, Hellmann et al., 
2016b). In the case of the δ15N isoscapes, airborne LiDAR data, specif
ically proxies for topography and vegetation structure, have shown to be 
useful to account for the heterogeneity of the ecosystem and, thus, of the 
invaders’ spatial impacts on N cycling (Hellmann et al., 2017).

2.3. Remote sensing data

We used airborne remote data on Acacia invasion (Große-Stoltenberg 
et al., 2018b). The hyperspectral (AISA Eagle and Hawk, Spectral Im
aging Ltd., Oulu, Finland), LiDAR (Leica ALS50-II, Leica Geosystems AG, 
Heerbrugg, Switzerland), and true-colour image (Leica RCD105, Leica 
Geosystems AG, Heerbrugg, Switzerland, Switzerland) data were 
simultaneously collected on April 8th, 2011,±2h around solar noon at 
an altitude of 1350 m. The raw data were processed (see Große-Stol
tenberg et al. (2018b) for details), and the pixel size of the hyperspectral 
data was 2 m x 2 m with a spectral coverage of 400–––970 nm and 
970–––2516 nm, 241 and 245 bands with Full-Width Half-Maximum 
(FWHM) of 2.20–––2.45 nm and 6.3–––6.31 nm for the Eagle and Hawk 
sensor, respectively. The LiDAR data had a point density of 4–5 points/ 
m2, and LiDAR-derived products (see below) were also gridded to 2 m x 
2 m, so both data sets had the same pixel size. The true colour images 
with a spatial resolution of 0.2 m were not processed any further, and 
were used for visual interpretation and visualization.

2.4. Hyperspectral indices as proxies of ecosystem functions

We calculated four vegetation indices related to ecosystem func
tioning and potential impacts by Acacia based on the airborne hyper
spectral data. The Near-Infrared Vegetation Index (NIRV) (Badgley et al., 
2017) is sensitive to canopy structure and has been used to scale up gross 

Fig. 1. Map of the studied Mediterranean dune ecosystem in SW Portugal 
showing the seven study sites with a Digital Elevation Model (Große-Stolten
berg et al., 2018b) in the background. The coastal dunes are part of the Natura 
2000 (N2000) network of protected areas in the European Union and are sit
uated in the SCI (Site of Community Importance) ‘Comporta/Galé’. The 
southern part of the dune ecosystem is further protected by national legislation, 
the Ramsar wetland convention, and it includes two N2000 Special Protection 
Areas (SPA).
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primary productivity (GPP) from local to large levels (Badgley et al., 
2019). It is based on the Normalized Difference Vegetation Index 
(Tucker, 1979), and adds further information from the infrared part of 
the spectrum while having a strong physical basis (Badgley et al., 2017): 

NIRV = NDVIxNIR (1) 

We calculated the NDVI as following, where Rx is the reflectance at the 
defined wavelength (nm): 

NDVI = (R800 − R680)/(R800 + R680), (2)

The Modified Chlorophyll Absorption in Reflectance Index (MCARI) 
is based on the depth of the chlorophyll absorption at 670 nm (Daughtry 
et al., 2000): 

MCARI = ((R700 – R670) − 0.2 x (R700 – R550)) x (R700/R670). (3)

The MCARI is sensitive to both leaf chlorophyll concentrations and 
background reflectance (Daughtry et al., 2000).

As a proxy for nitrogen, we computed the Normalized Difference 
Nitrogen Index (Serrano et al., 2002): 

[log(1/R1510) − log(1/R1680)] / [log (1/R1510) + log (1/R1680)]) (4)

The NDNI uses spectral information from the shortwave infrared part 
of the electromagnetic spectrum, and it has been developed for shrub 
vegetation using airborne hyperspectral data in a Mediterranean 
Ecosystem (Serrano et al., 2002).

To estimate the effect on the water content of vegetation canopies, 
we used the normalized difference water index (NDWI) (Gao, 1996): 

(R860 − R1240)/(R860 + R1240) (5)

The NDWI is similar to the NDVI, but instead of using information 
from the visible part of the spectrum, it uses a water absorption feature 
of vegetation canopies near 1240 nm (Gao, 1996). The NDWI has been 
used, for example, to identify drought effects on nutrient availability in 
Mediterranean grasslands (Cerasoli et al., 2018).

2.5. Spectrally derived Rao’s Q index as a proxy for functional diversity

All vegetation indices were selected as input layers to calculate the 
spectrally derived Rao’s Q index (Rocchini et al., 2017) to map the in
vader’s impact on functional diversity. In vegetation science, Rao’s 
quadratic entropy has originally been developed to assess functional 
diversity based on several traits (Botta-Dukát, 2005). The spectral Rao’s 
Q index has mainly been used together with the NDVI (Khare et al., 
2019; Rocchini et al., 2018, 2017; Torresani et al., 2020) or tree height 
(Torresani et al., 2020) to map species diversity. Here, we assessed the 
effect of the invader on functional diversity by calculating the para
metric spectral Rao’s Q entropy (Rocchini et al., 2021) using the paRao 
function from the package rasterdiv 0.3–4 (Marcantonio et al., 2024) 
using R statistical software, version 4.3.3 (R Core Team, 2024). We 
computed the Rao’s Q index in multidimensional mode for all four 
vegetation indices (NIRv, MCARI, NDNI, NDWI) using Euclidean dis
tance with a spatial moving window of 3x3 pixels so spatial distances 
between the central pixel and neighbouring pixels in each window (see 
Rocchini et al., 2024) would be below the spatial range of impact in 
terms of 15N-enrichment of up to 6–8 m to Acacia canopy as observed in 
earlier field studies (Hellmann et al., 2017). The alpha parameter was set 
to infinity to maximise pixel distances and, thus, discrimination poten
tial of the Rao’s Q index (Rocchini et al., 2017). Within the paRao 
function, the values for each vegetation index were standardised, i.e. 
centred on the layer mean and divided by the standard deviation, to 
ensure similar value ranges for the different vegetation indices, which is 

important for calculating distances using Euclidean geometry.

2.6. Data related to Acacia invasion

We derived a raster map of presence-absence of Acacia from a remote 
sensing-based detection model (Große-Stoltenberg et al., 2018b). 
Further, we calculated the horizontal distance and the elevational dif
ference of each raster cell to the nearest stand of Acacia with SAGA GIS 
8.1 (Conrad et al., 2015). We also allocated the size of the closest Acacia 
stand to each raster cell. For impact modelling, we reduced the dataset 
to those raster cells that overlapped with 25-m buffers around the Acacia 
stands because previous studies showed that the influence of this 
invader was virtually zero at this distance (Hellmann et al., 2017).

As distance from Acacia is negatively related to impact, we converted 
distances to proximities by subtraction from the respective maximum 
values. Regarding horizontal distance, we used 27 m so that the farthest 
raster cells (max. distance 26.9 m) received a proximity value of 0.1, 
while cells that were directly adjacent to Acacia stands received 25 
(given the spatial resolution of 2 m). For cells where Acacia was present, 
we set proximities values to zero (instead of 27) in order to avoid 
confusion between the statistical effects of invader presence and prox
imity. To explore the detailed effects on functional diversity, we addi
tionally differentiated between Acacia stands (“invasion”, distance of 
zero), the edge of Acacia stands (“edge”, cells bordering Acacia canopy 
from in- and outside), and the area beyond the edge of Acacia canopy 
(“uninvaded”).

Likewise, we calculated elevational proximity values. For this pur
pose, we coded elevation proximity above and below Acacia stands as 
two separate variables in order to account for possible directional dif
ferences. In addition to the original values, we calculated log and square- 
root transformed elevational distances that we converted to proximities 
in the same fashion.

2.7. Environmental data

We used vegetation cover and topographic indices to account for 
spatial heterogeneity of the invaded ecosystems. Vegetation cover was 
estimated based on LiDAR data with a cut-off of zero, which means that 
all non-ground points were considered to represent vegetation. Using 
the airborne LiDAR-derived, smoothed bare-earth DEM (see 2.3 and 
Große-Stoltenberg et al. (2018b)), we calculated the Topographic 
Wetness Index (TWI). Further, we calculated a topographic position 
index (Weiss, 2000) to classify the landform into ridges, slopes, drain
ages, valleys and plains according to Hellmann et al. (2017).

2.8. Impact modelling

For impact modelling, we discarded all cells that were located within 
25 m from the borders of the sites to avoid edge effects due to Acacia 
stands at the outside. All subsequent statistical analyses were conducted 
in R statistical software, version 3.4.2 (R Core Team, 2017).

We modelled the effects of environmental variables and Acacia- 
related variables on proxies of ecosystem functions with Generalized 
Linear Mixed Models (GLMM) that contained site ID as random effects. 
Regarding the fixed effects, we calculated two variants of models: (i) full 
models that contained all predictors and (ii) basic models that contained 
only variables related to Acacia, but ignored environmental heteroge
neity. Pre-analyses with correlograms and Moran’s I showed significant 
spatial auto-correlation in the residuals of preliminary impact models 
that included all predictors. Thus, as spatial auto-correlation may affect 
significance tests and estimates of linear models, we included Gaussian 
spatial correlation structures in the final models (Dormann et al., 2007).

When model residuals did not deviate substantially from the normal 
distribution, we used lme from the package nlme 3.1–131 (Pinheiro 
et al., 2018). This was the case with nitrogen (NDNI) and water (NDWI). 
The other three target variables, primary productivity (NIRv), indicator 
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of photosynthesis (MCARI) and functional diversity (Rao’s Q), followed 
a gamma distribution and were modelled with glmmPQL from the 
package MASS 7.3–60.2 (Venables and Ripley 2002). The appropriate
ness of the gamma distribution was tested with simulateResiduals from 
the package DHARMa 0.4.6 (Hartig 2022).

In all models, we used the identity link which proved to be most 
suitable. We tested linearity of the relationship between target and 
predictor variables using cumres from the package gof 0.9.1 (Holst 
2015). As cumres does not work with GLMM, we calculated corre
sponding models using lm or glm that included ‘site’ as a fixed effect, for 
this purpose. Based on the linearity tests, we identified the best variants 
of the metric predictor variables (original, log or square root 
transformed).

The datasets used for modelling comprised between 181,483 and 
194,613 raster cells and, thus, were by far too large for models that 
include spatial correlation structures. For that reason, we divided the 
datasets into folds of approximately 2000 rows that were stratified by 
site and Acacia presence. Then, we iteratively calculated the same model 
(regarding predictors and setup etc.) using all of the folds. Finally, we 
calculated weighted averages of the estimates and their standard errors 
over all models. Standard errors of the average estimates were calcu
lated according to the following formula: 

set =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑N

i ni × si2
√

∑N
i ni

(6) 

where set is the standard error of the average estimate, N is the number 
of models, ni is the sample size of model i and si is the standard deviation 
of the estimate in model i (NB: si = sei ×

̅̅̅̅ni
√ ). Based on the average 

estimates and their standard errors, we calculated t and p-values to 
assess the significance of predictors for the whole dataset.

We used the average estimates to calculate expected values of the 
target variables for each raster cell of the dataset. First, we calculated the 
expected background values using only the estimates of environmental 
variables plus estimates of the random intercepts of sites (background 
model). Second, we calculated expected values using the background 
model plus the effect of presence of Acacia (Acacia-presence model). 
Finally, we used all predictors, including the spatial effects of Acacia 
(spatial model). As the values of the water proxy (NDWI) are in the range 
[-1,1], we scaled its predicted values to the interval [0,1] before sum
ming up over the landscape.

We calculated the impact that occurred within the stands of Acacia 
(’stand impact’) as the difference between the expected values of target 
variables as predicted by the Acacia-presence model and the background 
model for each raster cell. Further, we calculated cell-level impact that 
occurred outside of the stands (’spatial impact’) as the difference be
tween the spatial model and the background model. In addition to these 
scores of absolute impact, we calculated impact percentages as the ratio 
of stand or spatial impact to the background value, multiplied by 100.

We measured the total impact of Acacia summing up the cell-level 
impact scores of both Acacia presence and the spatial impact over the 
invaded range. Here, we defined the invaded range as those raster cells 
that overlapped with the 25-m buffers around invasive stands. We also 
summed up the background scores over the invaded range to calculate 
the percentage of increase due to Acacia presence and spatial impact. All 
sums of scores were standardized to 1 ha for comparability.

To assess the influence of invasion stage on the relative strength of 
stand and spatial impacts, we calculated the sums of impact scores and 
the number of raster cells occupied by the invader (invader cover) in 
moving windows of 26 × 26 m2 (13 × 13 cells) over all sites. Thereby, 
we used stand impact and total impact (spatial model minus back
ground). For graphical presentation, we randomly sampled one hun
dredth of the moving-window dataset, stratified by site, using 
sampleRandom from the package raster 2.5–8 (Hijmans 2016).

3. Results

3.1. Impacts on ecosystem functions

Presence of Acacia significantly increased the values of all proxies of 

Fig. 2. Local effects of proximity to and presence of Acacia on ecosystem 
functions. Proximity was measured as inverted distance from raster cells clas
sified as Acacia (centroid–centroid distance) within a buffer of 27 m, so that 
cells adjacent to invasive stands received a proximity value of 25 (27–2) and 
cells at 27 m distance would have a proximity of 0 (27–27). All slopes and 
differences between boxes were significant at p < 0.001. Red circles in boxplots 
indicate expected values given median values of Topographic Wetness Index 
and vegetation cover. (For interpretation of the references to colour in this 
figure legend, the reader is referred to the web version of this article.)
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ecosystem functions (Fig. 2; for detailed model summaries see Appendix 
A1, Tables A1-A10). Proximity of Acacia also had significant positive 
effects on the proxies of ecosystem functions outside of the invasive 
stands. This was mainly due to horizontal proximity (i.e. inverted dis
tance from Acacia stands; Fig. 2). Regarding nitrogen, elevation prox
imity had small negative effects (Tables A5, A6), which however did not 
diminish the overall positive effect of proximity of Acacia. With respect 
to water, elevational proximity and stand size had minor negative effects 
that were overridden by the positive effect of horizontal proximity.

At landscape level, Acacia substantially increased the scores of pri
mary productivity, photosynthesis and nitrogen (Fig. 3a-c). Concerning 
water, the score of the stand impact model (93,007) was within the 
confidence limits of the background value (90,675 ± 1,242, upper limit: 
93,160), while the total impact model was above this range (94,897). 
Thus, Acacia increased the water score significantly indicating a higher 
vegetation water content adjacent to Acacia, but this effect was small (+
4.7 % total impact based on the full model; Fig. 3d). Generally, the 
impacts on ecosystem functions that occurred outside of the stands of 
Acacia (spatial impacts) were as large as or larger than the impacts in
side the stands (stand impacts). In particular, the spatial impact on 
photosynthesis outweighed the stand impact (Fig. 3b). Hence, the 
impacted area extended far beyond the invasive stands (Fig. 4; Appendix 

Figs. A1-A3).

3.2. Environmental heterogeneity

Disregarding environmental heterogeneity had a strong influence on 
the estimated background values of primary productivity and photo
synthesis (Fig. 3a-b). The basic model, without environmental variables, 
predicted lower background values and, consequently, the relative im
pacts of Acacia increased. Regarding nitrogen and water, the differences 
between the full and basic models were minor (Fig. 3c-d).

The environmental variables consistently had significant effects on 
the estimation of background values of ecosystem functions. The most 
important predictor was vegetation cover that had positive effects on all 
ecosystem functions (Appendix A1, Tables A1, A3, A5, A7). The Topo
graphic Wetness Index (TWI) had positive effects on nitrogen and water, 
but negative ones on primary productivity and photosynthesis. How
ever, in all cases the effects of TWI were small. The landforms ‘ridges’ 
and ‘valleys’ had the highest values of ecosystem proxies, while ‘plains’, 
‘slopes’ and ‘drainages’ had lower values, but differences were moderate 
throughout (Appendix A1, Tables A1, A3, A5, A7).

Fig. 3. Impacts of Acacia on ecosystem functions of Mediterranean dunes in Portugal at landscape level. The scores are the sums over all raster cells up to 27 m 
beyond invasive stands of predicted proxy values of ecosystems functions (hyperspectral indices). Background scores were estimated based on environmental var
iables (“Full” model) or based on the intercepts of models disregarding environmental heterogeneity (“Basic” model). Stand impact is the added score due to the effect 
of presence of Acacia. Spatial impact is the additional impact outside of the invasive stands that was modelled through effects of proximity (horizontal and elevational) 
and size of the closest stands of Acacia.

A. Große-Stoltenberg et al.                                                                                                                                                                                                                    Ecological Indicators 170 (2025) 112928 

6 



Fig. 4. Maps of impacts of Acacia related to photosynthetic activity from our seven study sites from low to high impact. The MCARI vegetation index was derived 
from hyperspectral data as a proxy of photosynthetic activity. Spatial impacts were modelled up to 27 m around invasive stands. Map backgrounds show aerial 
images that were taken simultaneously with the hyperspectral images.

Fig. 5. Sums of impact scores of Acacia vs. its cover percentage in moving windows of 26 × 26 m with respect to (a) the NIRv index as a proxy of gross primary 
production and (b) MCARI as a proxy of photosynthetic activity. Impact scores were calculated per raster cell as the difference in predicted values of NIRv or MCARI 
between models that included Acacia invasion and background models for uninvaded sites. Stand impact: only presence-absence of Acacia was used for modelling 
impacts. Spatial impact added: impact models included both presence and proximity of Acacia. The difference between ‘stand impact’ and ‘spatial impact added’ 
equals the spatial impact that occurred outside of the invasive stands.
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3.3. Invasion stage

The spatial impact of Acacia depended on the stage of invasion 
expressed as cover percentage of the invader within landscape windows 
(26 × 26 m). Regarding primary productivity, the proportion of spatial 
impact amongst total impact, i.e. the sum of cell-level impact scores of 
both the Acacia presence (’stand impact’) and of the spatial impact, 
increased rapidly from early stage of invasion to up to 20 % invader 
cover. It then gradually decreased, but still showed positive trends 
across all cover ranges until the whole area was covered by the invader 
(Fig. 5a). The same pattern was found for nitrogen and water. However, 
with respect to photosynthesis, spatial impact was most prevalent at 
very early stages of invasion (close to 0 % cover) and declined steadily 
with increasing invader cover (Fig. 5b).

3.4. Functional diversity

Acacia had a spatial impact on functional diversity as the multidi
mensional Rao’s Q index decreased with increasing proximity to the 
invader (Fig. 6a) in both the basic model and the model including 
environmental heterogeneity (Appendix A1, Tables A9, A10, Figure A4). 
Functional diversity was higher in uninvaded areas (native vegetation) 
compared to Acacia canopies where the Rao’s Q index reached its 
minimum (Fig. 6b). However, Rao’s Q index reached its maximum in the 
zone close to Acacia (Fig. 6b), and proximity to Acacia and ‘Edge of 
Acacia stands’ had marked positive effects in both models (Appendix A1, 
Tables A9, A10, Figure A4) indicating functional differences between 
the invader and the native vegetation.

4. Discussion

The overall aim of this study was to assess the impacts of an invasive 
tree on ecosystem functioning at the landscape scale using remote 
sensing. We demonstrate that a) impacts can be mapped by means of 
hyperspectral vegetation indices and b) that the integration of hyper
spectral and LiDAR data improves mapping spatial effects beyond the 
invasive stands. Our study generated new insights on identifying high 
impacts at early stages of invasion, considering environmental 

heterogeneity in impact assessments at the landscape scale and tracking 
effects on functional diversity after invasion. These findings enhance our 
understanding of remote sensing-driven impact assessments of invasive 
plant species.

4.1. Impact at landscape scale

This study confirms that Acacia has substantial effects on ecosystem 
functioning at landscape scale. Remotely sensed proxies of nitrogen in 
plant biomass (NDNI), chlorophyll/photosynthesis (MCARI), vegetation 
water content (NDWI) and primary productivity (NIRv) all increased in 
invasive stands. These results match those observed in field-based 
studies. Indeed, Acacia enriches invaded ecosystems with nitrogen 
(Hellmann et al., 2011; Marchante et al., 2019; Ulm et al., 2017b), it 
changes water cycling (Hellmann et al., 2016b; Rascher et al., 2011b), it 
shows high vitality productivity indicated by a high growth rate 
(Hellmann et al., 2011), it increases the Leaf Area Index and it causes 
densification of the vegetation structure (Rascher et al., 2011a).

Impacts on ecosystem functions are also typical for other invasive 
Acacia spp. (Kumschick and Jansen, 2023; Le Maitre et al., 2023) and 
other invasive plant species in general (Kumschick et al., 2015; Vilà 
et al., 2024), and such impacts have occasionally been assessed using 
remote sensing-based approaches (Müllerová et al., 2023). However, 
most remote sensing-based studies still focus on mapping invader 
occurrence (Bolch et al., 2020; Müllerová et al., 2023), and this also 
applies to well-studied species groups such as invasive Acacia spp. 
(Große-Stoltenberg et al., 2023). At the same time, availability of 
remote-sensing data as well as capacities for data analysis to study 
landscape structure and ecosystem functioning and dynamics across 
scales are increasing (Crowley and Cardille, 2020; Senf, 2022), which 
led to progress in the field of plant invasions (Müllerová et al., 2023; 
Saranya et al., 2024). Thus, a solid basis of knowledge and data on plant- 
invasion impact on ecosystem functioning exists. Together with recent 
technological progress there is high potential for future research on 
integrating field-based with remote sensing driven approaches to assess 
ecological impacts of plant invasions.

Fig. 6. Local effects of proximity to and presence of Acacia on functional diversity in terms of spectrally derived Rao’s Q based on the vegetation indices NIRv, 
MCARI, NDNI and NDWI. (a) Proximity was measured as inverted distance from raster cells classified as Acacia (centroid–centroid distance) within a buffer of 27 m, 
so that cells adjacent to invasive stands received a proximity value of 25 (27–2) and cells at 27 m distance would have a proximity of 0 (27–27). (b) Rao’s Q diversity 
was compared in detail for Acacia stands (“invaded”), the area of ± 2 m around the borders of Acacia stands (“edge”), and not invaded area (“uninvaded”). All slopes 
and differences between boxes were significant at p < 0.001. Red circles in boxplots indicate expected values given median values of Topographic Wetness Index and 
vegetation cover.
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4.2. Spatial impacts beyond invader canopy

In this study, the impacts of Acacia can be traced outside of the stands 
of the invader, and their spatial dimension differs. Even though absolute 
impacts are substantially lower outside of the stands compared to inside, 
the sum of spatial impacts is considerable. These spatial impacts do not 
increase linearly with progressing invasion, but are particularly preva
lent in rather early stages (~20 % invader cover at landscape level). 
Therefore, impact assessments of the studied Acacia, and likely also 
other Acacia species (Le Maitre et al., 2023) or nitrogen-fixing invaders, 
such as Morella faya (Ait.) Wilbur and Ulex europaeus L., that belong to 
the 100 of the world’s worst invasive species (Lowe et al., 2000; Luque 
et al., 2014), will markedly underestimate impacts especially at early 
stages of invasion if spatial effects (see also Cuddington and Hastings 
(2004)) are neglected.

In addition, Acacia creates homogeneous stands, which are func
tionally less diverse than the native vegetation, and stark functional 
differences occur at the edge of Acacia canopies. This is in line with 
earlier research showing the functional diversity of the studied system 
and the distinct traits of invasive Acacia spp. compared to the native tall 
shrubs and trees (Große-Stoltenberg et al., 2018a) and the tendency of 
Acacia to form dense, monospecific thickets (Große-Stoltenberg et al., 
2018b; Rascher et al., 2011a). Recent progress in remote sensing tech
nology allows examining plant-plant interactions at both fine scale and 
large extents (Chen et al., 2022), and offers a large but untapped po
tential to analyse invader-ecosystem interactions (Werner et al., 2024). 
We argue that this technological progress facilitates to identify or to 
screen for such functional changes at the neighbourhood scale, which 
are difficult to decipher otherwise (Goyal and Sharma, 2019; Jarić et al., 
2019). For example, the availability of remote sensing data with high 
spectral and spatial resolution is increasing (Crowley and Cardille, 
2020), which facilitates trait-based approaches to examine invasion 
impacts (Niphadkar and Nagendra, 2016; Saranya et al., 2024) such as 
alterations of forest canopy chemistry (e.g., Ewald et al., 2018). Future 
directions include trait retrieval using hybrid approaches combining 
machine learning with physical models (Berger et al., 2020) as well as 
multi-trait retrieval using deep learning (Cherif et al., 2023) in the 
context of impact assessments (Werner et al., 2024). Regarding remote 
sensing of belowground impacts (e.g., Rakotoarivony et al., 2024), 
invasive species might change (Lekberg et al., 2013) or be limited by 
(Pringle et al., 2009) mycorrhizal traits. First studies show that such 
traits can be derived from hyperspectral data (Sousa et al., 2021; Jantzen 
et al., 2023), which could be an avenue for future research. Thus, a 
broad range of tools and methods are at hand, which combined could 
enhance the understanding of invader-ecosystem interactions (Werner 
et al., 2024).

While we present a showcase for the spatial dimension of impact, the 
temporal aspect of remote sensing-based impact assessments could be a 
future research direction. For example, resource use and competition, e. 
g., increased water use under drought conditions (Rascher et al., 2011b), 
are important parameters that guide invasion management (Kumschick 
et al., 2015). Remotely sensed land surface phenology might not only be 
helpful to produce precise distribution maps (Lake et al., 2022), but 
could be used to study changes of resource use (Dronova and Taddeo, 
2022). Therefore, we envision that advancements in remote sensing 
together with spatial (and temporal) modelling will facilitate tracing the 
spatial effects of invasive species on ecosystem functioning including 
functional homogenisation and, by doing so, improve insights into 
abundance-impact relationships and support early detection of different 
types and magnitudes of ecological impacts at broad spatial extents.

4.3. The role of environmental heterogeneity

While neglecting spatial effects leads to underestimation of impact, 
neglecting environmental heterogeneity may lead to overestimation of 
invader impact. Here, the effects of environmental heterogeneity on 

ecosystem functioning, especially regarding landforms, were mostly 
constant, but slight differences occurred between the studied proxies, 
emphasizing that effects of heterogeneity on ecological impacts can be 
function-specific. In fact, context-dependency is still a major challenge 
in invasion research (Ricciardi et al., 2021). Indeed, spatial environ
mental heterogeneity in terms of topography is a strong driver of species 
richness (Stein et al., 2014), and it shapes vegetation structure, e.g., in 
dune ecosystems (Sewerniak and Jankowski, 2017). Regarding impact 
modelling, spatial heterogeneity caused by “patchy” processes, such as 
disturbances or land use, may entail spatial auto-correlation in the data 
when working on contiguous landscape sections, such as aerial images. 
To safeguard valid impact estimates, spatial auto-correlation should be 
considered in the models, e.g., using spatial auto-correlation structures 
(Dormann et al., 2007). Airborne LiDAR remote sensing is a powerful 
tool to characterize topographical heterogeneity and vegetation patterns 
in coastal dunes with high spatial detail and broad coverage, and LiDAR- 
derived proxies of ecosystem functioning agree well with proxies 
derived from optical sensors and field measurements (Yousefi Lalimi 
et al., 2017). Regarding ecological impacts of invasive plant species, 
LiDAR-derived proxies of environmental heterogeneity are well suited to 
map invader impacts, e.g., regarding N-fixation, across sites (Hellmann 
et al., 2017). The toolbox to characterize the 3D structure of ecosystems 
is rapidly evolving (Valbuena et al., 2020), and there is large potential to 
study plant-plant interactions (Chen et al., 2022) including effects of 
invasive species on ecosystem structural variability (Barenblitt et al., 
2024) using 3D data. Therefore, the spatial environmental heterogeneity 
matrix is an important habitat characteristic that shapes ecological im
pacts of invasive species, and 3D remote sensing offers new opportu
nities to characterize heterogeneity at multiple scales in a standardized 
way, which is extremely useful to advance in the field of context- 
dependency of plant invasion impact.

4.4. Perspective on upscaling to satellite-based observations

In this study we presented a proof-of-concept for mapping spatial 
impacts of an invasive tree species on ecosystem functioning in a Med
iterranean dune ecosystem considering landscape heterogeneity. To do 
so, we used single-time airborne hyperspectral and LiDAR data with 
high spatial resolution that was acquired in spring during the greening 
up phase (Große-Stoltenberg et al., 2018b). Upscaling this approach 
using satellite data would be desirable as it would provide the means to 
screen for plant invasion impacts over large spatial extents as a pre
requisite for understanding invasion processes (Werner et al., 2024), for 
a continuous monitoring (Müllerová et al., 2023) and to guide man
agement in a spatially explicit way (Saranya et al., 2024). However, 
challenges integrating remote sensing information with in-situ obser
vations apply (Cavender-Bares et al., 2022). The core challenge is to 
select a sensor or sensor-combination that captures data at appropriate 
spatial, spectral and temporal scales to examine the respective impact 
caused by the invader (Werner et al., 2024). This mirrors the challenges 
when inferring biodiversity metrics from remote sensing data to test the 
transferability of the SVH (see Torresani et al., 2024). Clearly, as a first 
step the local process of invader – ecosystem-interaction need to be 
understood as a precondition for upscaling using remote sensing 
(Gholizadeh et al., 2024; Werner et al., 2024, this study). In our 
example, the spatial effect of Acacia on functional properties of the 
surrounding native vegetation was first identified using in-situ mea
surements of stable isotopes (Rascher et al., 2012; Hellmann et al., 
2016a; Hellmann et al., 2016b). Then, spatial heterogeneity of the 
landscape was derived from airborne LiDAR point clouds gridded to fine 
resolution and integrated in spatial models to account for environmental 
context (Hellmann et al., 2017). Finally, hyperspectral vegetation 
indices related to the identified impacts from in-situ measurements 
covering the VNIR-SWIR part of the electromagnetic spectrum were 
computed at fine spatial resolution and combined in the Rao’s Q index to 
map context-dependant-spatial effects across large spatial extents (this 
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study). Our findings and approach might be upscalable to satellite data 
but with some caveats. First, stand impact might be identifiable at sub- 
pixel level of medium-resolution remote sensing data with a pixel size of 
30 m (Große-Stoltenberg et al., 2018b), and such corresponding multi
temporal satellite data with high temporal resolution is freely available 
(Crowley and Cardille 2020), so even scaling across time could be tested. 
Second, spatial impacts in terms of 15N-enrichment were observed in a 
distance up to 6–8 m to Acacia canopy (Hellmann et al. 2017), and the 
airborne data, i.e. hyperspectral vegetation indices as well as the Rao’s Q 
index, were computed at 2 m resolution, which was sufficient to map the 
spatial impacts using remote sensing. Such data is, with limitations in 
terms of spectral coverage, available from commercial providers and has 
successfully been applied to map invasive plant species in complex 
landscapes (Lake et al., 2022), and might be considered in this context. 
However, it would be an open question if high temporal, but lower 
spatial resolution (3 m) and spectral coverage (VNIR) Planetscope im
agery (Lake et al., 2022) would be able to capture the fine-scale effects in 
close vicinity to invader canopy, or if low temporal, but higher spatial 
resolution and spectral coverage Worldview data (Lake et al., 2022) 
would be necessary and/or sufficient. Therefore, using such data not 
only for mapping but also for spatial impact assessments could be a 
future avenue of research. Third, spatial heterogeneity in our example 
was computed based on airborne point-cloud data gridded with a grain 
size of 2 m (Hellmann et al., 2017, this study), and a high spatial reso
lution is likely to be required in this complex Mediterranean dune 
ecosystem. While availability of 3D information derived from satellites 
is increasing, their spatial resolution is coarser compared to airborne 
data (Valbuena et al., 2020). It would need to be tested to which degree 
which type of 3D metric (e.g., topographical parameters, proxies of 
vegetation structure) could be upscaled in spatial impact models to still 
capture the spatial heterogeneity that shapes the invader-ecosystem 
under study. If no airborne 3D data is available, drone-based LiDAR or 
photogrammetry (Müllerová et al., 2023) could be used for testing 
upscaling, and high-resolution spaceborne synthetic aperture radar 
(Shennan and Crabbe, 2024) could be a promising alternative for large 
scale mapping of spatial heterogeneity in the context of plant invasions. 
In conclusion, first proofs-of-concept to link in-situ observations of 
spatial impacts of invasive plants species on ecosystem functioning to 
remotely-sensed information have been developed. Analogue to the SVH 
(Torresani et al., 2024), challenges in terms of transferability and 
upscaling likely apply, but a variety of sensor technologies and model
ling approaches exist to support future research.

5. Conclusion

The invasive tree Acacia longifolia is able to alter ecosystem func
tioning, and we mapped its impacts by means of hyperspectral indices 
related to nitrogen in plant biomass, chlorophyll/photosynthesis, 
vegetation water content and primary productivity even beyond inva
sive stands by integrating airborne LiDAR in our spatial impact models. 
By doing so, we showcase that both 2D and 3D remote sensing data 
complement each other in remote sensing-driven impact assessments. 
Further, we illustrate that the spatial dimensions differ between impacts, 
and that while the total score of these spatial impacts was low, the sum 
of spatial impacts beyond invader canopy was substantial. Moreover, 
spatial impacts did not increase linearly with progressing invasion, but 
were relatively high when invader cover was still relatively low (~20 % 
cover at landscape level). In addition, we showed that while neglecting 
spatial effects could lead to underestimation of impact, neglecting 
environmental heterogeneity would have led to overestimation of 
invader impact. Therefore, we emphasize that both spatial effects and 
environmental heterogeneity, e.g. derived from airborne LiDAR data, 
need to be considered to neither under- nor overestimate ecological 
impacts of invasion, and that such effects are function-specific. Finally, 
Acacia creates homogeneous stands, which are functionally less diverse 
than the native vegetation, and stark functional differences occur at the 

edge of Acacia canopies, which we mapped using the spectral version of 
the Rao’s Q index based on the aforementioned impacts. That being the 
case, we argue that remotely sensed proxies of functional diversity allow 
for identifying both pronounced functional differences at the interface 
between the invader canopy and the native vegetation, and invader- 
induced functional homogenisation of the landscape. Together, map
ping these spatial effects provides data to guide management, e.g., to 
derive thresholds for intervention, while accounting for environmental 
heterogeneity informs the context-dependency of ecological impacts. 
Challenges apply to upscale the approach to satellite-based observa
tions, but it could be a promising avenue of research due to progress in 
sensor technology and analytical methods.
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A. Große-Stoltenberg et al.                                                                                                                                                                                                                    Ecological Indicators 170 (2025) 112928 

12 

https://doi.org/10.1016/j.tree.2018.12.008
https://doi.org/10.1016/j.ecolind.2019.105520
https://doi.org/10.1016/j.ecolind.2019.105520
https://doi.org/10.1079/9781800622197.0023
https://doi.org/10.1002/rse2.288
https://doi.org/10.1002/rse2.288
https://doi.org/10.1016/j.biocon.2016.06.013
https://doi.org/10.1016/j.biocon.2016.06.013
https://doi.org/10.1079/9781800622197.0022
https://doi.org/10.1111/j.1472-4642.2011.00816.x
https://doi.org/10.1002/ecs2.2454
https://doi.org/10.3390/rs70201225
https://doi.org/10.1038/ismej.2013.41
https://doi.org/10.1525/9780520948433-159
https://doi.org/10.1525/9780520948433-159
https://doi.org/10.1007/s10530-013-0561-5
https://doi.org/10.1079/9781800622197.0010
https://doi.org/10.1016/j.apsoil.2019.02.016
https://doi.org/10.1016/j.apsoil.2019.02.016
https://doi.org/10.1111/conl.12981
https://doi.org/10.1111/conl.12981
https://doi.org/10.1007/s10530-023-03150-z
https://doi.org/10.1080/01431161.2016.1193795
https://doi.org/10.1080/01431161.2016.1193795
https://doi.org/10.1002/env.516
https://doi.org/10.1002/env.516
https://doi.org/10.1023/A:1010034312781
https://doi.org/10.1126/science.1226817
https://doi.org/10.1146/annurev.ecolsys.39.110707.173454
https://doi.org/10.1111/j.1365-2486.2011.02636.x
https://doi.org/10.1111/j.1365-2486.2011.02636.x
https://doi.org/10.1111/brv.12627
https://doi.org/10.1111/brv.12627
https://doi.org/10.1080/15481603.2024.2399388
https://doi.org/10.1080/15481603.2024.2399388
https://doi.org/10.1007/s10530-011-9949-2
https://doi.org/10.1007/s10530-011-9949-2
https://doi.org/10.1007/s10021-011-9453-7
https://doi.org/10.1007/s10021-011-9453-7
https://doi.org/10.1111/j.1461-0248.2012.01761.x
https://doi.org/10.1139/er-2020-0088
https://doi.org/10.1079/9781800622197.0001
https://doi.org/10.1016/j.ecolind.2016.07.039
https://doi.org/10.1016/j.ecolind.2016.07.039
https://doi.org/10.1111/2041-210X.12941
https://doi.org/10.1111/2041-210X.12941
https://doi.org/10.1111/geb.13270
https://doi.org/10.1007/s12080-024-00587-3
https://doi.org/10.1007/s12080-024-00587-3
https://doi.org/10.1007/s10530-008-9280-8
https://doi.org/10.1007/s10530-023-03240-y
https://doi.org/10.1007/978-3-540-36920-2_10
https://doi.org/10.1007/978-3-540-36920-2_10


Kartesz, J., Kenis, M., Kreft, H., Kühn, I., Lenzner, B., Liebhold, A., Mosena, A., 
Moser, D., Nishino, M., Pearman, D., Pergl, J., Rabitsch, W., Rojas-Sandoval, J., 
Roques, A., Rorke, S., Rossinelli, S., Roy, H.E., Scalera, R., Schindler, S., 
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