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Citizen science initiatives have been increasingly used by researchers as a source of oc-

only data suffer from some fundamental issues, efforts have been made to combine

these data with those provided by scientifically structured surveys. Surprisingly, only a
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few studies proposing data integration evaluated the contribution of this process to the

model predictions on new time intervals. We relied on niche overlap analyses, machine
learning classification algorithms and ecological niche models to compare the ability of
data from citizen science and scientific surveys, along with their integration, in captur-
ing the realized niche of 13 invasive alien species in Italy. Moreover, we assessed dif-
ferences in current and future invasion risk predicted by each data set under multiple
global change scenarios. We showed that data from citizen science and scientific sur-
veys captured similar species niches though highlighting exclusive portions associated
with clearly identifiable environmental conditions. In terrestrial species, citizen science
data granted the highest gain in environmental space to the pooled niches, determin-

ing an increased future biological invasion risk. A few aquatic species modelled at the

regional scale reported a net loss in the pooled niches compared to their scientific
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1 | INTRODUCTION

Reducingimpacts of invasive alien species on biodiversity and human
well-being is a key target for the post-2020 Global Biodiversity
Framework under the Convention on Biological Diversity. To reach
this goal, it is pivotal to effectively manage the most significant
pathways of introduction, regulate the most harmful alien species
and reduce the impacts in the most vulnerable areas. The regulation
of deleterious species trade and invasion pathways is required, for
instance, by the European Union regulation on invasive alien spe-
cies (Regulation EU 1143/2014; Tollington et al., 2017). Considering
the growing number of introduced species worldwide (Seebens
et al.,, 2017), it is essential to identify alien species that could es-
tablish and spread over large areas, producing negative impacts
(Finnoff et al., 2007). This involves a prioritization process that can
be done through horizon-scanning (Bertolino, Cerri, et al., 2020;
Bertolino, Sciandra, et al., 2020; Roy et al., 2014) and risk assess-
ments (Roy et al., 2018). Expert-based evaluation, required for alien
species screening activities, could improve the availability of present
and potential future ranges of target species and of information on
their ecological niche. Ecological niche models (hereafter, ENMs) are
widely used to obtain range maps, forecast future spread and depict
the niche of alien species. These models combine occurrence data
with geographic layers of environmental information to predict dis-
tributions across landscapes, with extrapolation in space and time
(Elith et al., 2011). Therefore, the quality of models' output depends
primarily on the availability and reliability of occurrence and envi-
ronmental data.

Citizen science is the collection of data of scientific interest (e.g.
species occurrences) by the general public as part of collaborative
projects with professional scientists, who validate and elaborate
the data (Wiggins & Crowston, 2011). This method proved effective
and economical for gathering species occurrences where scientifi-
cally designed surveys would require time-consuming field efforts
(Johnson et al., 2020), with successful applications also on invasive
alien species (Grez et al., 2022; Maistrello et al., 2016; Werenkraut
et al., 2020). In recent years, citizen science initiatives have increas-
ingly been used by researchers as a source of occurrence data to
model the distribution of species in both native (Arenas-Castro

survey niches, suggesting that citizen science data may also lead to contraction in
pooled niches. For these species, models predicted a lower future biological invasion
risk. These findings indicate that citizen science data may represent a valuable contri-
bution to predicting future spread of invasive alien species, especially within national-
scale programmes. At the same time, citizen science data collected on species poorly
known to citizen scientists, or in strictly local contexts, may strongly affect the niche

quantification of these taxa and the prediction of their future biological invasion risk.

alien species, biological invasions, citizen science, data science, ecological niche models, global

etal., 2022; Milanesi etal., 2020; Park et al., 2022; Stuber et al., 2022)
and invaded ranges (Di Febbraro et al., 2019; Giuntini et al., 2022;
Tran et al., 2022). The availability of abundant and widely distrib-
uted occurrence records represented a key characteristic behind
the growing importance of citizen science initiatives in modelling
studies, especially as providers of presence-only data (Fletcher
et al., 2019; Johnston et al., 2022). Since presence-only data gath-
ered from opportunistic surveys such as citizen science initiatives
suffer from some key issues (e.g. sampling bias, imperfect detection,
unavailability of absences, etc.), efforts have been made to combine
these data with those provided by scientifically planned, structured
surveys (Fletcher et al., 2019; Miller et al., 2019). Among the plethora
of different data integration methods proposed (e.g. Broennimann &
Guisan, 2008; Gallien et al., 2012; Robinson et al., 2020), the most
recent approaches focused on hierarchically combining big, unstruc-
tured citizen science data sets with small, scientifically structured
data sets, often generated at different spatial resolution, extent and
data type (i.e. presence-only and presence/absence; Ahmad Suhaimi
et al.,, 2021; Chevalier et al., 2021; Fletcher et al.,, 2019; Grabow
et al.,, 2022; Ovaskainen et al., 2016; Stuber et al., 2022). Most of
these studies explicitly compared the predictive performance of tra-
ditional versus integrated distribution models (Chevalier et al., 2021,
Robinson et al., 2020; Zulian et al., 2021), without providing con-
clusive evidence to support the use of the latter (Ahmad Suhaimi
et al., 2021; Simmonds et al., 2020). Only a small number of the most
recent studies proposing data integration evaluated the contribution
of this process to the effective sampling of species environmental
niche and, consequently, its effect on model predictions on new
areas/time intervals (see Chevalier et al., 2021; Scherrer et al., 2021).

The often incomplete coverage of species' environmental prefer-
ences inherent to small-scale, scientifically structured surveys intro-
duces an issue of niche truncation that might affect predictions on
novel environmental conditions (e.g. future climates) included in the
species niche but uncaptured in the survey phase due to its limited
extent (Chevalier et al., 2021). Data integration methods represent
a promising approach for dealing with niche truncation problems,
making it relevant to ascertain their effect in favouring niche gain
(i.e. reducing niche truncation) and to predict future global change
impacts on species distribution. Since invasive alien species often
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exhibit just a small fraction of their fundamental niche in the in-
vaded regions (Bertolino, Cerri, et al., 2020; Bertolino, Sciandra,
et al., 2020; Guisan et al., 2014), using occurrence data from these
areas to model their distribution might likely introduce niche trun-
cation. Accordingly, invasive alien species represent suitable candi-
dates to test whether integrating data from different sources (i.e.
citizen science and scientific surveys) might mitigate niche trunca-
tion and influence predictions of future biological invasion risk under
global change drivers.

We propose a study aimed at comparing the ability of citizen
science and scientific survey data, along with their pooling, to cap-
ture realized niche of a set of invasive alien species in Italy, and,
consequently, assessing differences in predicted current and future
biological invasion risk under global change scenarios. To cover the
broadest possible habitat and taxonomic spectrum, we selected
six freshwater and seven terrestrial species introduced in Italy in
the last 10-75years, representing seven orders and nine families
(Table S1). We chose these species as they are highly invasive in Italy
and are sufficiently known and sampled from both citizen and sci-
entific survey programmes, thus providing an excellent experimen-
tal set for the study purpose. Since the occurrence records of some
species were gathered from national-scale data sets while others
were from regional-scale sources, we analysed the species at two
different levels, that is, either national (Italy) or regional (Piedmont
region). To corroborate the study aims, we started with two working
hypotheses, that is, that pooling data from scientific surveys and cit-
izen science initiatives always implied a net gain in the coverage of
the environmental niche sampled in the invaded range, and that such
niche gain is systematically paired with an increased biological inva-
sion risk under future global change. These hypotheses were tested
following five objectives: (i) calculating niche overlap and similarity
between citizen science and scientific survey data, identifying the
major environmental conditions differentiating citizen science and
scientific survey realized niches; (ii) quantifying the percentage of
environmental space that is gained/lost when integrating citizen
science and scientific survey data; (iii) modelling current and 2100
species distributions in Italy or Piedmont region from citizen science,
scientific survey and pooled data sets under climate, land cover and
human population change scenarios; (iv) assessing differences in
predictive accuracy and in range net change between the current
time and 2100, as modelled from the three occurrence data sources;
(v) testing for the relationship between niche gain generated by data

pooling and range net change values.

2 | METHODS
2.1 | Analytical framework

We deployed an analytical framework structured around two
separate pipelines: (i) niche overlap analyses coupled with ma-
chine learning classification models; and (ii) ENMs. The first line
of analysis was set to investigate differences in the realized niches
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of 13 target species estimated using in turn data from scientific
surveys, citizen science programmes or a pooled data set including
both. We specifically focused on the non-overlapping niche por-
tions, that is, the regions of the environmental space that are ex-
clusively represented by a single data source (‘only citizen science
niche’, ‘only scientific survey niche’ and ‘only pooled niche’) and
their combinations (Figure 1). We extracted the environmental
conditions associated with these non-overlapping regions and cal-
ibrated machine learning classification models to evaluate which
environmental variables contributed the most in differentiating
non-overlapping niche portions.

The second pipeline was developed to assess possible discrep-
ancies in the biological invasion risk (in terms of habitat suitability)
of the 13 target species as predicted by citizen science, scientific
survey and pooled data under an ENM framework. Accordingly, we
modelled target species current and future distribution under cli-
mate, land cover and human population change scenarios. As the
study area represented just a limited portion of the global distri-
bution ranges of the analysed species, we trained ENMs according
to a hierarchical framework (Gallien et al., 2012), that is, refining
global predictions at the regional scale (Di Febbraro et al., 2018,
2019). Hence, a first group of models was calibrated considering
the global species range and bioclimatic variables (i.e. global ENMs;
Appendix S1). Then, we fitted a second set of models to the study
area level (Italy or Piedmont region, i.e. regional ENMs) incorporat-
ing predictions from global ENMs (Appendix S1). Regional ENMs
calibrated from citizen science, scientific survey and pooled data
were compared in terms of predictive performances and range net
change. Lastly, to test if an enlarged niche space generated by data
pooling determined an increase in the future predicted biological in-
vasion risk, we assessed the relationship between niche net gain (as
emerging from the first modelling approach) and range net change

values (as derived from the second line of analysis).

2.2 | Species occurrence data

Occurrence records for global ENMs calibration were gathered from
both native and invaded ranges (Broennimann & Guisan, 2008).
For native range, we converted the IUCN extent of occurrence
maps for each species into grids with a resolution of 50km (Roll
et al., 2017) using the resulting cells as presence data (Appendix S1).
We also added data from invaded ranges as extracted from the
‘Global Biodiversity Information Facility’ (GBIF) database (Strubbe
et al., 2015; see Table S1). The accuracy of records gathered from
GBIF was assessed by including only occurrences given to at least
two decimal places (0.01 decimal degrees, corresponding to 1.11km
at the equator) and by removing duplicated and unrealistic records.
As to regional ENMs, scientific survey data were provided by au-
thors and represent the results of extensive and multi-year monitor-
ing projects, whereas citizen science data were supplied by national
organizations and were integrated with data from the citizen sci-
ence online platform ‘iNaturalist’ (https://www.inaturalist.org/; see
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FIGURE 1 Conceptual framework used to compare and characterize non-overlapping niche portions as generated by citizen science,
scientific survey and pooled data sets. (a) Depicts an example of only citizen science (red) and only scientific survey (blue) portions

that are compared in the first group of RF classification models (i.e. RFi) to assess the environmental characteristics differing the most
between the two. (b, d) Refer to the comparisons between only pooled (dark green crosses over a green background) and full citizen
science or full scientific niche as performed in the second and third group of RF models (i.e. RFii and RFiii). (c, €) Depict the comparisons
between overlapped niche (dark red and blue) and lost portions of citizen science or scientific survey niches (white dashes over red or blue
backgrounds), as calculated in the fourth and fifth group of RF classification models (i.e. RFiv and RFv). Grey colours indicate niche portions
not involved in RF models. RF, Random Forest. [Colour figure can be viewed at wileyonlinelibrary.com]

Table S2 for credits and single species data sources). Citizen science
data were critically examined, retaining only the records that were

fully reliable (i.e. with photos attached).

2.3 | Environmental variables

For global ENMs, we considered the 19 bioclimatic variables pro-
vided in the CHELSA database (Karger et al., 2017), which were
rasterized at 50km. Once checked for multicollinearity variance in-
flation factor (VIF <5; Zuur et al., 2010), the final predictor set was
reduced to nine (Table S3). For regional ENMs calibration, we consid-
ered the 19 CHELSA variables, along with three topographical varia-
bles (elevation, slope and roughness; Danielson & Gesch, 2011), four
natural land cover categories (Euclidean distance to barren areas,
forests, grasslands and waterbodies extracted from the GeoSOS
global database; Li et al., 2017), five variables describing human-
modified land cover (Euclidean distance to farmlands, density and
distance to urban areas from Li et al., 2017, and density and distance
to roads from OpenStreetMap; https://www.openstreetmap.org)
and two human population size predictors (i.e. in urban and rural
areas; Gao, 2017). All variables were rasterized at a 1-km spatial res-
olution and checked for multicollinearity (VIF <5), retaining 21 final
predictors (Table S3).

2.4 | Niche overlap analyses and
classification models

For each species, we calculated the niche overlap between scien-
tific survey and citizen science data according to the framework
proposed by Broennimann et al. (2012), which has been widely
adopted in ecological studies (Antell et al., 2021; Bosso et al., 2022;
Collart et al., 2020; Di Febbraro et al., 2017; Lioy et al., 2023; Raia
et al., 2020). Through this approach, principal component analysis
(PCA) was used to decompose the environmental space defined
for citizen science, scientific survey and pooled data sources (i.e. all
the environmental conditions intersected by the occurrences and
background environments). Occurrence records and environmental
conditions were projected into this PCA space; then, their densities
were calculated across the first two principal components using a
kernel density smoother. Occurrence and background environment
densities were then divided by the maximum number of occurrences
in any cell of the environmental space and by the number of sites
with the most common environment respectively (Broennimann
et al., 2012). The process generated a density grid in the environ-
mental space that was used to calculate niche overlap between sci-
entific survey and citizen science data sources in terms of Schoener's
D index (Schoener, 1970). We also performed niche similarity tests
(Warren et al., 2008), to evaluate whether the two niches being
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compared (i.e. citizen science vs. scientific survey) are more similar/
different than expected by chance. The test prescribes comparing
the observed Schoener's D value to a null distribution of 100 over-
lap values, yielding a significant outcome if the observed overlap is
higher (‘niche conservatism’ hypothesis) or lower (‘niche divergence’
hypothesis) than the 95th percentile of the null distribution (p <.05).
For each species, we compared the width of full citizen science (i.e.
only citizen science niche plus overlap), full scientific survey (i.e. only
scientific survey niche plus overlap) and pooled niches, as well as of
the only citizen science and only scientific survey niche portions in
the environmental space (Figure 1).

Furthermore, to quantify the amount of gained niche space that
is obtained by pooling citizen science and scientific survey data sets,
we calculated the percentage of only pooled niche width versus the
full citizen science or full scientific survey niche (Figure 1b,d). We
also assessed the amount of niche margins lost in the pooling pro-
cess (e.g. due to an overall shrink or barycentre shift) by calculating
the percentage of lost environmental space from citizen science or
scientific survey niches compared to the overlapping part (i.e. the
part included in the pooled niche; Figure 1c,e).

For each species, we identified the most critical environmental
conditions differentiating non-overlapping niche portions by im-
plementing five Random Forest (RF; Breiman, 2001) classification
models: (i) only citizen science versus only scientific survey niches
(RFi; Figure 1a); (ii) only pooled versus full citizen science niches
(RFii; Figure 1b); (iii) only pooled versus full scientific survey niche
(RFiii; Figure 1d); (iv) lost citizen science niche versus overlap (RFiv;
Figure 1c); and (v) lost scientific survey niche versus overlap (RFv;
Figure 1e). For each model, environmental variables associated with
each non-overlapping portion in the PCA environmental space were
used as covariates. We calculated the classification performance as
the out-of-bag accuracy rate and the variables contribution as the
mean decrease in such accuracy (Liaw & Weiner, 2002). All the anal-
yses were carried out using the ‘ecospat’ (Broennimann et al., 2016)
and ‘randomForest’ (Liaw & Weiner, 2002) R packages.

2.5 | Ecological niche models

We calibrated global and regional ENMs using an ensemble forecast-
ing approach as implemented by the ‘biomod2’ (Thuiller et al., 2009)
R package. Specifically for global ENMs, we averaged models through
committee averaging, which quantifies the percentage of agreement
on the species occurrence among several model predictions (Thuiller
et al., 2009). According to Gallien et al. (2012), background points
created to calibrate regional ENMs were given a different weight de-
pending on committee averaging values generated by global ENMs
(Appendix S1). As to regional ENMs, we adopted a mixed strategy
depending on the species number of occurrences (Di Febbraro
etal,, 2018; Lyu et al., 2022). In particular, we calibrated the so-called
‘ensemble of small models’ (Breiner et al., 2018) for those species
reporting fewer than 50 occurrences in either scientific survey or
citizen science data sets (Santini et al., 2021), that is, considering all
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possible combinations of the 21 environmental variables taken two
at a time. Species with 250 occurrences for both scientific and citi-
zen data sets were modelled with ‘traditional’ ensemble ENMs (i.e.
including all 21 environmental variables at the same time). Pooled
data sets were modelled alternatively through ensemble of small
models or ENMs according to their sample size.

We used the following four modelling algorithms: Generalized
linear models, generalized additive models, generalized boosted
models and RF. For each species, we identified all the WWF
Terrestrial Ecoregions (Olson et al., 2001) including species records
as the background area (Barve et al., 2011; Di Febbraro et al., 2019;
Guisan et al., 2014), where we randomly placed a pool of 10,000
background points. In particular, background points were geo-
graphically placed according to the density of the occurrence data
pooled among all the species (Chauvier et al., 2021), so that there are
more background points where presences are denser (Mondanaro
et al., 2021; Roy-Dufresne et al., 2019).

To evaluate model predictive accuracy, we performed a
block cross-validation approach (Muscarella et al., 2014; Roberts
et al,, 2017), that is, splitting data into four geographically non-
overlapping bins of equal occurrence number, corresponding to each
corner of the entire geographical space. Model accuracy was evalu-
ated by measuring the area under the receiver operating character-
istic curve (AUC; Hanley & McNeil, 1982) and the Continuous Boyce
Index (CBI; Hirzel et al., 2006). To avoid using poorly calibrated mod-
els, only projections from models with an AUC 2 0.7 were considered
in further analyses. Model averaging was performed by weighting
the individual model projections by their AUC values and averaging
the result (Marmion et al., 2009).

Models were projected to year 2100 under the worst-case scenar-
ios for climate (RCP.85; IPCC, 2013), land cover (A1B; Li et al., 2017)
and human population size (SSP5; Gao, 2017) change (Table S4).
Since different global circulation models may lead ENMs to predict
diverging climate change effects (Buisson et al., 2010), we consid-
ered five alternative versions for the RCP8.5 scenario, generated by
the GFDL-ESM4, IPSL-CM6A-LR, MPI-ESM1-2-HR, MRI-ESM2-0
and UKESM1-0-LL global circulation models (Sanderson et al., 2015).
To account for the effect of model extrapolation on covariate values
lying outside the calibration range, additional projections were also
generated through environmental clamping (i.e. capping covariates
at the limit values of the training range; Elith et al., 2011). Current
and future model projections were binarized to obtain presence/ab-
sence maps according to three thresholding schemes, that is, ‘equal-
ize sensitivity and specificity’, ‘maximize TSS’ and ‘minimum training
presence’ (Liu et al., 2013), to take into account the effect of using

different binarization approaches (Jamwal et al., 2022).
2.6 | Quantification of global change effects on
species biological invasion risk

The impact of future global change on species biological invasion risk
was assessed by calculating the range net change metric (in terms

858017 SUOWIWOD BAIIEaID dedl|dde auy Aq peusenob ake sapiie YO ‘8sn Josajni Joy Akeid18ul|uO A8|IA UO (SUONIPUOO-PUR-SWBIALI0O" A3 1M AR | pUl|UO//ScIY) SUOTIPUOD PUe SUWLB | 8L 88S *[£202/60/0T ] U0 AIq118ulUO A8 I HIUN@ eAWeW-<Ui [0qqIuS> Aq TO69T OB/ TTTT 0T/I0p/W00" A8 1M AReiq Ul |Uo//Sdiy WOy pepeojumod ‘6T ‘€202 ‘98Y2S9ET



DI FEBBRARO ET AL.

= Ly e S

of gain/loss percentage between the current and the future range)
on binary maps generated for each species, model and scenario
(Franklin et al., 2013). To test for differences in model predictive ac-
curacy and range net change among different ENM groups (i.e. citi-
zen science, scientific survey or pooled), we alternatively regressed
AUC, CBI and net change values against the data set type using lin-
ear mixed models (LMM; ‘Ime4’ R package; Bates et al., 2015). For
AUC and CBI, we set the data set type as fixed term and species as
random effect within a random slope design, to allow the modelled
response (i.e. the difference in mean AUC/CBI values among the
three data sources) to vary at the species level. Similarly, LMM for
range net change were fitted considering the data set type and the
broad habitat (i.e. aquatic vs. terrestrial) along with their interaction,
as fixed effects, whereas setting the species, the global circulation
model and the binarization threshold as random slope terms. As a
post hoc test for these LMM, we performed a pairwise comparison
between marginal means (i.e. the difference in fitted means between
each pair of data set types). The statistical significance was assessed
through Kenward-Roger p-values (Bates et al., 2015). LMM were also
used to test whether the niche gain generated by data pooling was
associated with higher range net change values predicted by pooled
ENMs with respect to citizen science or scientific survey ENMs (i.e.
whether a reduction in niche truncation yields a wider range predic-
tion in the future). In this case, we included the difference in range

net change between pooled and citizen science or scientific survey
ENMs as the response variable and the size of only pooled niche in
the environmental space (Figure 1b,d) in interaction with the broad
habitat, as the explanatory one. Also in these models, we set species,
global circulation model and binarization threshold as random slope
terms. All the LMMs for range net change were also fitted on net
change values calculated on clamped predictions, to exclude pos-

sible effects by ENM extrapolation.

3 | RESULTS
3.1 | Niche overlap analyses and classification
models

In nine species, the pooled niche was wider than both the full
citizen science and full scientific survey niches, while in the four
remaining species, the full scientific survey niche was the largest
one (Figure 2a). The Schoener's D values representing the over-
lap degree between full citizen science and full scientific survey
niches ranged between 0.272 and 0.804, with 10 out of 13 species
reporting statistically significant niche similarity tests (except for
Cyprinus carpio, Misgurnus anguillicaudatus and Procambarus clarkii;
Figure 2b).
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FIGURE 2 (a) Depicts the relative width percentage of full citizen science (red), full scientific survey (blue) and pooled (green) niches. (b)
Illustrates the comparison of niche width values calculated for non-overlapping (i.e. only citizen science and only scientific survey) niche
portions. Dot size indicates niche overlap degree (in terms of Schoener's D values) for each species between full citizen science and full
scientific survey niches. Symbols filled with a small black dot refer to species reporting significant niche similarity tests. Terrestrial species
are shown in green, while aquatic species are coloured in cyan. Circles refer to species modelled at the national scale, while triangles depict
species modelled at the regional scale. [Colour figure can be viewed at wileyonlinelibrary.com]
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As to non-overlapping niche portions, seven of 13 species
showed that only citizen science niche is wider than only scientific
survey niche, most being terrestrial species modelled at the national
scale. The remaining six species, that is, mostly aquatic species mod-
elled at the regional scale, reported the opposite pattern (Figure 2b).
All five RF models achieved excellent classification performances,
with a mean out-of-bag accuracy rate of 92.9% (SD==+3.7%). RFi
model evidenced that only citizen science and only scientific survey
niches maximally diverged in terms of topography (i.e. elevation and
slope), distance from human-modified land cover categories (both
showing higher values in only scientific survey niche) and human
population size (higher values in only citizen science niche; Figure 3).
Although with a lower magnitude, temperature also differentiated
only citizen science and only scientific survey niches, with higher
values in the former (Figure 3).

The environmental space provided by scientific survey niches to
the pooled niches led these to moderately increase their width com-
pared to the full citizen science niches, with a median percentage
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gain equal to 16.4% (range=0.2%-148.6%; Figure 4a). Only three
species, that is, C. carpio, Pseudorasbora parva and Faxonius limosus,
reported a percentage increase higher than 10% above the median
(i.e. 16.4%), with most of the other species scoring relatively lower
values. Niche space margins lost in the pooling process are relatively
scarce (median=4.3%; range =0%-8%) and far smaller than the mar-
gins gained (Figure 4a). According to RFii models, scientific survey
niches provided pooled niches with environments characterized by
higher topography, precipitation and distance from human-modified
land cover categories (Figure 4b). On the contrary, RFiii models re-
ported that the contribution of the variables characterizing the lost
space from full citizen science niches was almost negligible and
mostly pertaining to a loss of sites distant from natural land cover
(Figure 4b).

The percentage of gained niche space granted by citizen science
niches was overall higher than that generated by scientific survey
ones (median=18.9%; range=0.3%-76.7%). Six species showed an
increase >10% above the median, that is, Threskiornis aethiopicus,
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' Only-citizen
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FIGURE 3 Variables importance values as emerged in the first group of Random Forest classification models (i.e. RFi). Blue boxes group
the variables contribution scores for those species where predictor values are higher in only scientific survey than in only citizen science
niches, while red boxes indicate the opposite pattern. [Colour figure can be viewed at wileyonlinelibrary.com]
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(a) Change in full-citizen science niche after integrating only-scientific survey niche (b)
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FIGURE 4 Horizontal bar plots in (a) depict the percentage gain (blue) and loss (dark grey) in environmental space of the full citizen
science niches after the integration of only scientific survey niches. Similarly, (c) shows the percentage gain (red) and loss (dark grey) in
environmental space of the full scientific survey niches after the integration of only citizen science niches. In these plots, vertical lines
refer to median gain/loss values. Radial bar plots (b, d) show the mean contribution of the variables characterizing the gained (blue/red)
and lost (dark grey) niche space. In particular, solid bars indicate that data integration led to an increase in the given variable (a ‘+' is placed
along the variable name), while transparent bars refer to a decrease (a ‘-’ is placed along the variable name). [Colour figure can be viewed at

wileyonlinelibrary.com]

Callosciurus erythraeus and Myiopsitta monachus, Psittacula krameri,
C. finlaysonii and P. clarkii (Figure 4c). The percentage of lost space
from full scientific survey niches was lower than that emerged
from full citizen science niches (median=2%; range=0.2%-15.4%),
though four species reported a higher percentage of lost than
gained niche space in data integration (Figure 4c). As shown by RFiv
models, citizen science niches enriched pooled niches with sites at
lower precipitation, topography and distance from human-modified
land cover categories, as well as with an extended thermal range
(Figure 4d). The contribution of the variables characterizing the lost
niche space from full scientific survey niches was slightly higher than
that emerged from full citizen science niches, and mostly pertain-
ing to a loss of sites with high temperatures and low precipitation
(Figure 4d).

3.2 | Ecological niche models

Depending on the species, global ENMs achieved fair to excel-
lent predictive performances (sensu Swets, 1988), with a mean

AUC=0.876 (range=0.732-0.951) and a mean CBI=0.867 (0.629-
0.953). As to regional ENMs (see Figure S1 for suitability predic-
tions), predictive performances were fair to excellent depending on
species and data source. Models calibrated with citizen science data
achieved a mean AUC=0.901 (range=0.718-0.993) and a mean
CBI=0.652 (range=-0.202-0.996; Table S5). The correspond-
ing figure for models relying on scientific survey data reported a
mean AUC=0.886 (range=0.746-0.999) and a mean CBI=0.748
(range=0.632-0.934; Table S5). Lastly, pooled ENMs achieved a
mean AUC=0.903 (range=0.756-0.991) and a mean CBI=0.756
(range =0.524-0.968; Table S5). There was no significant difference
in AUC or CBI values among the three data sources (Table Sé).

3.3 | Biological invasion risk under future scenarios

Models calibrated on pooled data predicted an average positive
range net change for terrestrial species, significantly higher than
values resulting from both scientific survey and citizen science
ENMs (both negative; Figure 5; Table S7). For aquatic species, only
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FIGURE 5 Comparison of range net
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scientific survey ENMs predicted a mean positive range net change,
which was higher than the values predicted by pooled and citizen
science models (Figure 5; Table S7). This pattern also holds true with
clamped predictions, although it is statistically significant only for
terrestrial species (Figure S2; Table S8).

The niche net gain provided by scientific survey niches to pooled
niches is not significantly correlated to the higher range net change
in pooled ENMs with respect to scientific survey models, neither
for aquatic nor terrestrial species (Figure 6a; Table S9). On the con-
trary, the niche net gain granted by citizen science niches to pooled
niches significantly explains the higher range net change predicted
by pooled ENMs compared to citizen science ENMs for both aquatic
and terrestrial species (Figure 6b; Table S9). As for clamped pre-
dictions, both scientific survey and citizen science data granted a
niche net gain to the pooled niches that significantly explain the
higher range net change values predicted by pooled ENMs, with
this pattern holding true for both aquatic and terrestrial species
(Figure S3a,b; Table S10).

4 | DISCUSSION

In our work, we provided evidence that data collected by citizens
and scientists generate species niches with notably large exclusive
(i.e. non-overlapping) portions in most of the analysed species, with
associated and clearly identifiable environmental characteristics.

Aq uatic Terrestrial

Among the environmental factors differentiating full citizen from
full scientific survey niches, topography, human population size, dis-
tance from human-modified land cover and temperature exert the
highest contribution. Most species underwent a net gain in their
pooled niches after integrating citizen science and scientific survey
data, substantially mitigating the niche truncation and incomplete
gradient coverage inherent in both data sources. For terrestrial spe-
cies modelled at the national scale, citizen science data granted the
most apparent gain in environmental space to pooled niches, which
determined an increased biological invasion risk under global change
drivers as predicted by pooled models. A few aquatic species re-
ported a net loss in the pooled niches with respect to their full scien-
tific survey niches, suggesting that citizen science data may also lead
to shrinkage and barycentre shift in pooled niches. Consequently,
these species showed a lower biological invasion risk predicted by

pooled models than by scientific survey models.

4.1 | Scientific survey and citizen science niches.
How similar, how different?

Niches generated from scientific survey and citizen science data of
all the analysed species exhibited moderate to large non-overlapping
regions, indicating that alternative data sources captured different
portions of the environmental gradients. This potentiality of sci-
entific survey and citizen science data to provide complementary,
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(@) ARNC(pooled - citizen science ENMs) vs. niche gain from scientific survey data
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non-substitutable information about species environmental prefer-
ences has been observed in several other studies (Galvan et al., 2021;
Grabow et al., 2022; Stuber et al., 2022). Moreover, it is in accord-
ance with the evidence provided by Perret and Sax (2022) that both
structured, scientifically driven sampling and even large collabora-
tive databases capture the full spectrum of species' environmental
niches only limitedly (i.e. 22%-45%).

Interestingly, citizen science and scientific survey non-
overlapping niche portions are rather asymmetrical in all the ana-
lysed species. Most of the terrestrial species exhibit moderate to
large exclusive niche portions generated from citizen science data,
indicating that this data source is able to capture a wider portion of
the environmental gradients in such species. The opposite figure is
found for aquatic taxa, where only scientific survey niches tend to
be wider than only citizen science ones. This pattern likely reflects
a well-described taxonomic imbalance inherent in most citizen sci-
ence initiatives. In fact, fish species are the least sampled vertebrate
group by citizen science programmes worldwide, whereas they sur-
pass amphibian and reptile species among the taxa surveyed by pro-
fessional scientists (Theobald et al., 2015). Probably, this evidence
appeared even exacerbated in our study context as we focused
on invasive alien species outside of their native range, with likely
fewer volunteers skilled and/or predisposed towards alien fishes and
crustaceans than those surveying birds and mammals, that is, the

two most sampled vertebrate taxa by volunteers worldwide (Lloyd
et al., 2020). By the way, citizen scientists also reported an overall
lower interest in alien species (Petersen et al., 2021; but see Price-
Jones et al., 2022).

As to the main environmental drivers differentiating the niches
generated by scientific survey and citizen science data, topography
emerged as the most important and recurrent factor among spe-
cies. We found a strong tendency by citizen science data to con-
centrate in less elevated and steep environments than scientific
surveys, namely sites with a lower imperviousness degree (Grabow
et al., 2022). This ‘accessibility bias’ (Petersen et al., 2021) has been
described in a variety of contexts and taxa, with volunteers prefer-
ring to survey lowland sites (Tang et al., 2021), and close to roads
(Petersen et al., 2021; Zhang, 2020) or summer residences (Millar
et al., 2019). The accessibility bias can also explain another out-
come of our study, that is, that citizen science niches mostly include
sites with a higher human population density and closer to human-
modified land cover categories (i.e. cities, roads and farmlands) than
scientific survey ones (Geldmann et al., 2016; Mahecha et al., 2021;
Planillo et al., 2021). Besides the above-mentioned accessibility
bias, this pattern can also reflect the increased importance of urban
ecology during the last 10years (Petersen et al., 2021), which has
mostly focused on detecting alien species spread in urban areas
(Gaertner et al., 2017). Differently from all the above-mentioned
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environmental drivers, the higher temperatures found in citizen
exclusive niches are likely unrelated to any specific observer be-
haviour. That said, temperature, along with other important vari-
ables differentiating scientific survey and citizen science niches
(i.e. human-modified land cover and population density), is usually
involved in future global change scenarios. In light of that, ENMs
which include these variables and are trained exclusively on either
scientific survey or citizen science data will suffer from niche trun-
cation and will likely lead to biased predictions, since none of the
two data sources provides a comprehensive coverage of the vari-
ability of these predictors.

4.2 | Niche truncation and future biological
invasion risk predictions

Overall, the integration of citizen science and scientific survey
data sets reduced niche truncation in most analysed taxa primar-
ily through the contribution of citizen science data, with this pat-
tern resulting particularly evident in terrestrial species modelled
at the national scale. In these contexts, the potentiality of citizen
science data to capture wider portions of the environmental gra-
dients is far higher than that of scientific survey data, leading to a
significant increase in the predictions of future biological invasion
risk. Some aquatic species modelled at the regional scale showed
a reduction in niche width after data integration compared to their
full scientific survey niches, substantially failing our first working
hypothesis. In these species, the inclusion of citizen science data in
the pooled niches seems to determine a niche shrinkage and bar-
ycentre shift, particularly eroding margins related to high tempera-
tures and low precipitations. These environments emerged among
the most recurrent in those niche portions lost from full scientific
survey niches after the inclusion of citizen science data (Figure 4d).
In light of that, the peculiar pattern exhibited by aquatic species at
the regional scale also affected their predicted future biological in-
vasion risk. While terrestrial species modelled at the national scale
reported a significantly higher biological invasion risk predicted by
pooled ENMs than by either citizen science or scientific survey ones,
in keeping with other studies (Scherrer et al., 2021), pooled ENMs
for most aquatic species forecasted a lower biological invasion risk
than that predicted by scientific survey ENMs. This evidence sug-
gests that the loss of warmer and drier environments due to the
inclusion of citizen science data in the pooled niche hampered the
model's ability to account for the tolerance of these species to such
extreme conditions. This reduced ability also seems to suggest that
either the hierarchical modelling approach by Gallien et al. (2012)
partly fails in mitigating niche truncation in this context or the spe-
cies do not experience the above-mentioned extreme conditions
even in their native range. Whatever the case, the predicted bio-
logical invasion risk for these species in future environments where
extreme temperature and precipitation conditions will become more
frequent (European Environment Agency, 2019) results lower (see
also Capinha et al., 2013).

S i ey

Besides the idea that data integration does not automatically
imply a reduction in niche truncation, our outcomes suggest that
pooled ENMs are not necessarily more accurate than models cal-
ibrated with separate data sets, since we did not find any signifi-
cant difference among the evaluation metrics achieved by the three
ENMSs groups. About this outcome, there is inconsistent evidence
in literature, with some authors underlining the superior predictive
abilities of integrated modelling approaches (Robinson et al., 2020;
Zulian et al., 2021), while others reported no significant differ-
ences (Chevalier et al., 2022), or even contexts where integration
approaches might only be a suboptimal choice (Ahmad Suhaimi
et al., 2021; Simmonds et al., 2020). At any rate, what is firmly sup-
ported by our findings is that a net reduction in niche truncation
(whenever it happens) significantly explains an increase in future
biological invasion risk, substantially confirming our second work-
ing hypothesis. In particular, this evidence emerged more markedly
when the reduction in niche truncation derives from the inclusion
of citizen rather than scientific survey data (Figure 6). However,
after accounting for the extrapolation effect, this pattern holds
true also for niche net gain determined by the inclusion of scientific
survey data (Figure S3), differently from the findings of Chevalier
etal. (2022).

4.3 | Conclusions

The potentiality of scientific survey data to affect future predic-
tions of biological invasion risk is rather small, since the novel en-
vironments they add are fewer than citizen science data or not
involved among the global change drivers (i.e. a high topography is
the most recurrent environment provided by scientific survey data
to pooled niches). By counterpart, citizen science data showed a
more pervasive effect within the integration process, both from a
positive and a negative perspective. This double-faced role played
by citizen science data suggests that they may represent a valu-
able contribution to monitoring the distribution of alien species
(e.g. terrestrial taxa) and predicting their future spread, especially
when they are gathered within national-scale initiatives. At the
same time, citizen science data collected on species less common
among citizen scientists, or in strictly local contexts, may strongly
affect the realized niche quantification of these taxa in the inva-
sive areas, as well as the prediction of their future biological inva-
sion risk.

Citizen science is a growing activity with hundreds of projects
aimed at monitoring single taxa or the whole biodiversity, including
alien species, at large spatial scales (Price-Jones et al., 2022). Data
gathered through these projects, alone or integrated with records
from scientific surveys, are pivotal for modelling approaches aimed
at predicting the biological invasion risk of introduced species. Data
collected by citizen scientists may include not only the target species
but also other taxa, such as native species impacted by alien species,
shedding light on species interactions (Groom et al., 2021; Gurnell
et al., 2014). A close partnership between citizens and professional
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scientists would increase the data quality and provide broad educa-

tional benefits, increasing public awareness of alien species.
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