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Abstract

Aim: A major source of uncertainty in the application of species distribution models
(SDMs) is related to input data quality. Citizen-collected species occurrence data are
often used for fitting SDMs when data from standardized and expert-supported surveys
are unavailable. Macroclimate variables are much more commonly used as predictors in
SDMs than other sources coming from remote sensing data. Here, we assess the effects
of using different data sources (in both response and predictor variables) on SDM per-
formance across a wide range of species with contrasting distributional ranges.
Location: Iberian Peninsula.

Taxon: Birds.

Methods: A SDM ensemble-forecasting approach was implemented using bird data
from two different data sources: the eBird project and Atlases. We fitted SDMs with
three predictor types: macroclimate, remotely sensed ecosystem functional attrib-
utes (EFAs) and their combination. Species were grouped in four range size classes.
We assessed the uncertainty of model predictions by different evaluation metrics.
Generalized linear mixed-effects models tested the effect on model performance of
input data source across distributional range sizes while accounting for different ac-
curacy metrics. Pairwise comparisons between range projections were used to assess
their spatial similarity.

Results: Data source, size class, predictor and accuracy metric showed significant ef-
fects on SDM performance. eBird-based models outperformed those built with Atlas
data for less widespread species. Climate predictors yielded models with the best
performance, especially when combined with EFAs. However, the predictor contribu-
tion was consistent across bird datasets, being mostly driven by the species range.
Main Conclusions: Our models demonstrated the usefulness and complementarity
of different input data sources when modelling species distribution across different
distributional ranges. These findings highlight the need to integrate different data
sources to improve the model predictions at regional scale. Our framework also un-
derlines that model uncertainty should be examined more exhaustively at early stages

of the modelling process.
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1 | INTRODUCTION

Species distribution models (SDMs) are a popular tool in theoretical
and quantitative ecology (Guisan et al., 2017; Peterson et al., 2011)
and constitute the most widely used modelling framework in global
change science and biodiversity conservation (Peterson et al., 2011).
This popularity is mainly because SDMs are readily accessible due to
the availability of different software packages, guidelines and appli-
cation contexts, as well as having comparatively low data require-
ments for calibration (Franklin et al., 2013; Guisan et al., 2017; and
references within). As main data sources, SDMs require georefer-
enced biodiversity observations as a response or dependent variable
(e.g. species occurrence, species richness, etc.) and geographical
layers of environmental information as predictors or independent
variables (e.g. climate, land cover, vegetation indices derived from
remote sensing, etc). As an incentive in the application of SDMs, such
information is freely available in digital format (e.g. GBIF for biodi-
versity data and WorldClim for climate data). However, although
SDMs have become one of the most important quantitative tools for
addressing regular and timely biodiversity assessments worldwide,
these techniques are still subject to different sources of uncertainty
that have been unequally assessed (Beale & Lennon, 2012; Thuiller
et al., 2019). While simplicity or complexity in modelling algorithms
and model evaluation metrics for describing species-environment
relationships or complex processes have garnered more attention,
quality and biases in biodata and environmental variables still are
less explored (Cengi¢ et al., 2020; Mod et al., 2016). Thus, despite
uncertainty related to niche-based or distribution-based models has
been addressed at different stages in the modelling process (Gould
et al., 2014; Keil et al., 2014), an analysis of the effect of uncertainty
coming from alternative data sources on the predictive ability of
SDMs is still limited.

The increasing availability of spatially referenced species oc-
currence records (Bayraktarov et al., 2019), as well as spatially
comprehensive environmental data, has enabled researchers to
generate quickly and easily SDMs (Zimmermann et al., 2010).
The main current data types available range from systematic/
standardized and well-structured scientific data (e.g. Atlases)
(Jetz et al.,, 2012), to the fast-growing, more opportunistic,
semi-structured citizen science projects (e.g. eBird) (Johnston
et al., 2021; Kelling et al., 2019). Although both are valuable for
addressing a wide range of socio-ecological research questions
and biological modelling and monitoring approaches (Chandler
et al., 2017; Neate-Clegg et al., 2020), doubts still exist about
data quality from citizen science surveys (Aubry et al., 2017;

Jiménez et al., 2019). The data combination from different sources

also proved to be a useful tool in ecological modelling (Miller
et al., 2019; Suhaimi et al., 2021), specifically to improve estimates
of species distributions (Isaac et al., 2020; Robinson et al., 2020),
abundance and population trends (Boersch-Supan et al., 2019;
Hertzog et al., 2021). However, there is still much to explore on
the data quality (Johnston et al., 2019; Van Eupen et al., 2021) and
usefulness of each input data source through the modelling pro-
cess (Kobori et al., 2016; Kosmala et al., 2016), as well as the un-
certainty hosted in each modelling step should also be controlled
more exhaustively.

In addition to observed distribution data of species, the predictor
variables or covariate data is another critical aspect of modelling that
could affect the quality of model outputs (Manzoor et al., 2018; Synes
& Osborne, 2011). Considering that predictor variables used in SDMs
may be collected from different sources (e.g. field-sampled data, or in-
terpolations from meteorological stations, derived from remote sens-
ing, among others), and at different spatial and temporal scales (from
broad extent/coarse grain to more local extent/fine grain) (Austin &
Van Niel, 2011; Franklin et al., 2013), the uncertainty associated with
variable selection should be carefully addressed (Varela et al., 2015;
Waltari et al., 2014). For instance, while climate data have been tradi-
tionally used as predictors in SDMs to forecast changes in biodiversity,
recent integration of satellite-derived remote sensing data as predic-
tors in SDMs offers some novel ecological insights (Arenas-Castro
& Sillero, 2021; Regos et al., 2022; and references within), but also
generates additional uncertainty (Barsi et al., 2019; Borg et al., 2011).

The other main uncertainty source in SDMs relates to model
building and model evaluation/validation. The former includes test-
ing the relationship between species occurrence and environmental
data by mathematical or statistical analysis. Although many tech-
niques have already been tested (Elith et al., 2006; Feng et al., 2019),
this rapidly developing field still lacks consensus regarding which
algorithms are the best for which purposes. Among others, the
high uncertainty source regarding model calibration lies in quanti-
fying the degree to which variability in the final predictions is intro-
duced by the modelling methods themselves, and depends on data
sources, both species occurrences and environmental data (Buisson
et al., 2010). Another major criticism and source of uncertainty in
SDM calibration is the lack of true absences for accurate species dis-
tribution predictions (Hirzel et al., 2002; Wisz & Guisan, 2009). Since
the absence information is not often available, it is possible to cal-
culate pseudo-absences (PAs) through different methods (Hertzog
et al., 2014; Senay et al., 2013). However, PAs must be created with
caution, as their placement may strongly affect the results of models
(Sillero et al., 2021). Both source and number of PAs depend on the
modelling technique (Barbet-Massin et al., 2012). Thus, model results
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are more affected by sources of bias and by the number of PAs than
by the distribution of PAs (Lobo & Tognelli, 2011; Sillero et al., 2021).

Model evaluation is an integral part of the model development
process that helps to find the best model, it is an additional source
of uncertainty when appropriate metrics or different validation
tools are not used (Konowalik & Nosol, 2021). In SDMs, the cross-
validation is a widely used tool for model evaluation. As in the case
of model building, many different metrics for modelling evaluation
have been tested considering their intrinsic characteristics and spec-
ifications, as they are sensitive to the nature of the input data and
the type of algorithm used (Jiménez & Soberdn, 2020). On the other
hand, model validation is the task of confirming that the outputs of
a statistical model have enough fidelity to the outputs of the data-
generating process. For instance, SDM validation can be approached
through an independent occurrence dataset. While there are avail-
able some robust evaluation indices developed for presence-only
data such as the Boyce Index (Boyce et al., 2002) or the minimal
predicted area index (Engler et al., 2004), it should be noted that
the best way to validate the performance of a model is through an
independent dataset, although that may not always be available.
The validation of SDM models is probably the least developed task,
particularly in the case of presence-only and presence-background
modelling algorithms (Watling et al., 2015).

We introduce here a framework to elucidate uncertainty de-
rived from the most early-state sources in the model process: the
input data, including both the available biodiversity data and the
environmental predictors, while accounting for well-known sources
of variability in SDM predictions related to modelling techniques
and evaluation metrics. We aimed to assess the effects of using
different input data on model performance, and if these effects
differ between species with different distributional ranges. In
particular, we compared SDMs fitted with semi-structured citizen
science data (eBird) against those calibrated with standardized and
well-structured scientific data (Bird Atlas), considering only mac-
roclimate data, remotely sensed ecosystem functional descriptors
and their combination. The results were then analysed by group-
ing species according to their distributional range (that varied from
narrow-ranged to widespread species). We also applied a multi-
technique approach (ensemble forecasting) to account for the
uncertainty arising from the modelling technique and considered
several metrics for model evaluation.
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2 | MATERIALS AND METHODS
2.1 | Study area and bird data

We tested our approach in the Iberian Peninsula (IP; southern
Europe) since it covers a wide range of environmental gradients.
The IP (581,200km?) is administratively divided between Portugal
(PT: 89,015km?) and Spain (SP; 492,175 km?) and is characterized
by a combination of natural and human history, geologic and topo-
graphic heterogeneity, and strong climatic gradients, offering a wide
range of environmental conditions for hosting a broad variety of
endemic and rare species (Underwood et al., 2009).

To fit SDMs at the first stage, we used bird occurrence data from
two different data sources of biodiversity (Table 1): (i) a standard-
ized dataset based on national Bird Atlases (Atlas) and (ii) a citizen
science (i.e. non-standardized) dataset based on the EOD—eBird
Observation Dataset from the Global Biodiversity Information
Facility—GBIF (eBird). To reduce the potential geographical errors
in species records that can strongly influence the results of mod-
els (Hijmans, 2012), we filtered the original dataset removing dupli-
cates and positional/spatial errors such as outliers using R and qais
programs, and nomenclature errors and taxa misidentification sup-
ported by expert knowledge. In addition, we harmonized the species
records in grid cells with a resolution higher than 10 km before the
modelling procedures. We adjusted eBird data to the spatial resolu-
tion of both Atlases (10-km UTM square) to standardize input data
and make both datasets comparable. Predictive variables were ag-
gregated at 10-km UTM square (see below). We also matched the
eBird data to the years and months within the Atlas data (1999-
2012), from late February to mid-August, the breeding season in the
IP (SEO/BirdLife, 2020).

Additionally, to perform subsequent comparisons, we built a full
dataset from the combination of both Atlas and eBird datasets. This
full dataset represents the best knowledge of bird distribution in
Iberia as it includes all occurrences recorded in the two datasets. To
assess the effect of species distributional range (from narrow-ranged
to widespread species) on modelling performance, we grouped the
species records from the full dataset in four sets of size classes based
on number of occurrences at 10-km UTM squares: (i) Class | (10-
100); Class 1l (101-500); (ii) Class Il (501-1000); Class IV (>1000).
We also considered the conservation categories of species in the

TABLE 1 Summary of the species number per dataset, time period and data source

Number of
Dataset Name species
Atlas Atlas of Breeding Birds in Portugal 251
Databases of the Spanish Inventory of
Terrestrial Species
eBird EOD—eBird Observation Dataset 236

Time period Source

1999-2005 Sociedade Portuguesa para o Estudo das Aves
(SPEA; Portugal)

1999-2012 Ministerio de Medio Ambiente, y Medio Rural y
Marino (MAGRAMA; Spain)

1999-2012 Auer et al. (2022). EOD—eBird Observation

Dataset. Cornell Lab of Ornithology. Occurrence
dataset https://doi.org/10.15468/aomfnb
accessed via GBIF.org on 2021-06-16
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IUCN Red List to assess the potential effects of model uncertainty
on decision-making for bird conservation. Therefore, each species
always belongs to the same group (n = 236) because the full dataset
represents the actual distributional range of each species, and it is
not affected by potential sampling biases of each dataset (e.g. in the
eBird dataset).

2.2 | Environmental predictors

We selected environmental factors that are known to influence bird
physiology, distribution and local habitat preferences, as close as
possible to the time period covered by the species occurrence data-
sets (1999-2012) (Table S1 in Appendix S1).

We derived 19 (bio-) climate predictors from monthly tempera-
ture and rainfall data. This climatic dataset was obtained for his-
torical conditions (1979-2013) from the CHELSA 1.2 database at a
spatial resolution of 30 arc-sec (~1-km pixel size).

Satellite remote sensing data from the Moderate Resolution
Imaging Spectrometer (MODIS) on-board the Terra satellite plat-
form were used to derive remotely sensed ecosystem functional
attributes (EFAs) (Regos et al., 2022, and references within), to
characterize species habitat dynamics as a counterpoint/com-
plement of climate data. To compute EFAs, we used the MODIS
Enhanced Vegetation Index (EVI) (MOD13Q1.v006; 232 m pixel
every 16days) as a proxy of vegetation greenness, biomass and
leaf area index—with values ranging from -1 to 1, with healthy
vegetation generally holding values between 0.20 and 0.80, and
for the 2000-2012 time period. For that, we used Google Earth
Engine (GEE) cloud-based platform (Gorelick et al., 2017) to de-
rive originally 11 metrics of the EVI seasonal dynamics (Table S1 in
Appendix S1). These statistical measures were calculated for each

complete year. To capture the multi-year normal conditions of each

(& 4

ird's data source
(1999-2012)

distribution ranges:

*|: 10 - 100
*1l: 101 - 500
: «1ll: 501 - 1000
&
ol *1V: > 1000

N

Grouped species occurrences by
sample size classes representing

/

4 4

Predictors
(2000-2012)

( Climate }[ EFAs ]

Three groups of models:
« Climate-based (CLIM_only)
* Habitat-related (EFAs_only)
* Combined (CLIM_EFAs)

-

\

/

EFA variable, thus reducing the effect of stochastic interannual
climatic fluctuations, we computed the overall mean. EFAs were
exported from GEE at 1-km squares of final spatial resolution.

All environmental, climate and remotely sensed variables were
aggregated from its original spatial resolution (1x1 km) by com-
puting the mean values within each 10-km UTM square, to match
to the spatial resolution of bird datasets, 10x 10 km. To avoid in-
cluding highly correlated variables in model fitting, we conducted
a multicollinearity analysis by testing Pearson pairwise correlations
and variance inflation factors (VIF). Based on these multicollinearity
analyses, we retained those predictors with Pearson's correlation
coefficients of <0.7 and VIF of <5 to calibrate models in follow-
ing steps (Figures $1.1-S1.4 and Table S1 in Appendix S1). Based
on the pairwise correlations and the collinearity assessment from
initial 19 (bio-) climate variables, three temperature-related (bio4—
Temperature Seasonality; bio8—Mean Temperature of Wettest
Quarter; bio9—Mean Temperature of Driest Quarter) and two
precipitation (biol6—Precipitation of Wettest Quarter; biol7—
Precipitation of Driest Quarter) variables were selected (Table S1
in Appendix S1) to build the climate dataset. Similarly, we selected
five remotely sensed EFAs as descriptors of species habitat dynam-

ics: EVI annual mean (EVI as surrogate of annual total amount

mean
of primary production), EVI annual minimum (EVI_, as an indicator
of the annual extremes), EVI seasonal standard deviation (EVI_, as
descriptor of variations between seasons), and dates of maximum
(EVlymax

growing season) (Table S1 in Appendix S1).

) and minimum (EVI, . ) EVI (indicators of phenology—

dmin

2.3 | Model fitting

We used the species occurrences as response variables in modelling

processes within each 10x 10 km UTM square (Figure 1).

4 I
[ Modelling approach ]
1. SDMs calibration

T

1 e N
(Tt T r==-====7=7= .
! Cross-validation i To be tes.ted.
i (AUC; TSS) = © Modelling performance
SR L e ! * Predictor contribution

v

| 2. Predictions - ~

u ".\‘ To be tested:
GEoDenoes S v I'@1| « Data quality
1
: Best knowledge :—II § IL - Data source (Atlas vs. eBird)
\ dataset L :Gl,' - Range class (I, Il, Ill, IV)

- Predictor (CLIM, EFAs, CLIM_EFAs)
- Accuracy metric (AUC vs. Boycel)
To be tested:
* Spatial similarity/variability
~/

FIGURE 1 Workflow of the modelling approach
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We designed three groups of models: (1) climate-based models
(CLIM_only)—using variables extracted from the monthly (bio-) cli-
mate dataset; (2) models based on habitat/ecosystem functioning-
related predictors (EFAs_only); and (3) the combined model,
combining the most significant five (and uncorrelated) predictors
selected from the previous partial climate and EFA-based models
(CLIM_EFAs).

We calibrated SDMs using an ensemble forecasting approach
based on the nine modelling techniques implemented in the ‘bio-
mod2’ R package (Thuiller, 2014): (1) artificial neural networks
(ANN); (2) classification tree analysis (CTA); (3) flexible discriminant
analysis (FDA); (4) generalized additive model (GAM); (5) general-
ized boosted models (GBM); (6) generalized linear model (GLM);
(7) multivariate adaptive regression splines (MARS); (8) maximum
entropy using Phillip's Maxent software (MAXENT) and (9) ran-
dom forests (RF). Default parameters were used for all modelling
techniques, with the exception of the smoothing degree term in
GAM algorithm which was set to k = 4, and the number of boosting
trees in GBM (n.trees = 2000) to prevent over-fitting issues (Guisan
et al., 2002). We also generated a total of 10 sets of randomly
distributed PAs in the model calibration. PAs were generated by
assigning unoccupied grid cells with the following constraints: (1)
generating the same number of PAs as of presences to avoid poten-
tial bias caused by different levels of prevalence in the presence/
absence datasets (as recommended by Barbet-Massin et al., 2012;
Manel et al., 2001) and (2) defining a minimum distance between
PAs, corresponding with the grain size (10 km), and without over-
lapping with presences (Wisz & Guisan, 2009), to avoid spatial au-
tocorrelation and to cover the different ecological conditions in the
study area. Each model was fitted using 70% of the data and tested
using the remaining 30%. On the other hand, considering that there
is not consensus about the minimum number of species records to
fit models (Breiner et al., 2015; Sillero et al., 2021), we followed the
criterion provided by Franklin (2010) and the species with less than
10 occurrences at 10 km grid cells were excluded to avoid model
overfitting and ensure the most threatened species can be included

in the analysis.

2.4 | Model evaluation and performance

We employed hold-out cross-validation to evaluate the models with
10 evaluation rounds for each PAs set. The predictive performance
and discrimination ability of individual models were evaluated using
two metrics (Baasch et al., 2010): (i) the area under receiver oper-
ating characteristic curve (AUC) and (ii) and the true skill statistic
(TSS). The AUC ranges between 0 and 1 (models with AUC 20.7 were
considered good), while TSS ranges from O or less to 1 (models with
TSS 20.4 were considered good). Finally, to deal with uncertainty in
our models coming from the single-algorithm techniques, we built
ensemble (consensus) models among those satisfying the condi-
tions AUC 20.7, and TSS 20.4. We used the weighted mean of all the
partial projections (Marmion et al., 2009), a consensus method that
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considers the weights proportional to the selected evaluation scores
(i.e. the higher the AUC of the model, the greater the importance in
the ensemble modelling; Konowalik & Nosol, 2021).

Once the predictions of the ensemble models by each species
were obtained for each dataset, all model comparisons (namely data
source, range class, predictor type and evaluation metric) were carried
out on the full dataset resulting from the combination of both Atlas
and eBird datasets (n = 236). Considering that Atlas could be treated as
a presence-absence dataset and the eBird as only-presence dataset,
we tested the performance of the resulting ensemble models for the
species hosted in the subset of 236 species using two complementary
measures of accuracy: the AUC and Boyce's Index (Boycel). Unlike the
TSS, a prevalence-independent and threshold-dependent binary mea-
sure of model accuracy but usually highly correlated to AUC (Shabani
et al., 2016), the Boyce's Index is an appropriate metric in the case of
presence-only models, measuring how much model predictions dif-
fer from a random distribution of the observed presences across the
prediction gradients (Hirzel et al., 2006; Pearce & Boyce, 2006). Both
accuracy measures (AUC and Boyce's Index) were calculated from the
model predictions using the R packages ‘PresenceAbsence’ (Freeman
& Moisen, 2008) and ‘ecospat’ (Di Cola et al., 2017), respectively.

In addition, to test the effect of data source, type of predic-
tor (quantitative), size class and accuracy metric (namely AUC and
Boyce's Index) on models performance, we developed general-
ized linear mixed-effects models (GLMMs; Bolker et al.,, 2009)
with R package ‘Imerd’ (Bates et al., 2015). We fitted GLMMs with
gamma probability distribution and inverse link (after checking for
overdispersion effects in Poisson models and robust estimation via
weighted likelihood), as the dependent variable (the values of AUC
and the Boyce's Index) showed continuous probability distributions.
We fitted ‘data source’, ‘predictor’, ‘size class’ and ‘accuracy metric’
as fixed effects, while ‘species’ was considered a random effect. We
only fitted interactions between ‘data source’ and ‘size class’. Fixed

effects were considered significant at p-values <0.01.

2.5 | The most contributing predictors and spatial
projections across set of models

To examine the contribution of satellite-derived EFAs as integra-
tive predictors of habitat dynamics in SDMs for narrow-ranged and
widely ranged bird species, we compared the relative importance
of three sets of predictors for a total of six final ensemble models
(CLIM_only, EFAs_only and CLIM_EFAs), ranging between 0 (no im-
portance) and 1 (high importance) (Aratjo & New, 2007). Only pre-
dictors with importance >0.1 were considered.

To assess the spatial confidence associated with model results, we
compared the spatial projections of the six sets of models based on
two data sources (Atlas vs. eBird). For that, we performed pairwise
comparisons between spatial projections of each species distribution
and obtained at each combination of data source, set of predictors
and finally grouped by size class. To do so, we used the ‘raster. overlap’
functionin the ‘ENMTools' R 1.0.2 package (Warren et al., 2008, 2021).
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This function measures similarity in the geographical distribution of
suitability scores from pairwise SDMs. Among other metrics (Warren
et al., 2008), the niche overlap is calculated using Schoener's D Index
which varies from O (complete divergence/no overlap) to 1 (high simi-
larity/complete overlap). In addition, to map uncertainty from the dif-
ferent data sources, we examined the agreement of spatial projections
between models obtained by different sets of predictors. For that, we
first performed binary transformations of the habitat suitability pre-
dicted by the ensemble models into presence-absence maps based
on the AUC optimized thresholds available on the ‘biomod2’ R pack-
age (Thuiller, 2014), since AUC it is a robust threshold-independent
measure of a models ability to discriminate presence from absence
(Lawson et al., 2014). Then, we combined the predictions by simply
overlapping the binary maps, resulting in similarity maps that ranged
from O (no prediction) to 6 (prediction based on the six models).

The entire process of obtaining, editing and analysing data, as
well as model calibration, mapping and evaluations, was carried out
in R software 4.0.1 available at CRAN (http://cran.r-project.org/),
the GEE platform and in qais 3.14 software.

3 | RESULTS
3.1 | Datastructure

The number of species records available in the eBird dataset was,
approximately, 30.7% higher than in the Atlas dataset (Figure S2.1
in Appendix S2). However, the number of 10-km UTM squares with
data in the eBird dataset was 71.75% lower than in the Atlas dataset
(Figure S2.1 in Appendix S2), which did not prevent to cover a similar
environmental gradient than the Atlas (see maps of the multivari-
ate environmental similarity surface—MESS analysis in Figure S2.2
in Appendix S2). The number of species recorded in the Atlas was
15 species higher than in the eBird (Figure $2.3 in Appendix S2).
Considering the size classes based on species ranges, while the Atlas
dataset hosted the highest number of narrow- and wide-ranged spe-
cies (I: 10-100 and IV: >1000 size classes), eBird hosted the high-
est scores for the Il (101-500) and Il (501-1000) classes in the IP
(Figures 52.3 and S2.4 [datasets combined] in Appendix S2). Overall,
the most represented size classes were those that include more
widely distributed or common species (IV, Il and lll, in this order).
In terms of IUCN conservation categories, the Least Concern level
was overwhelmingly more frequent in both datasets followed by
Vulnerable level and considering the selected period (1999-2012)
(Figures S2.5 and S2.6 [datasets combined] in Appendix S2).

3.2 | Model evaluation and performance

Overall, the ensemble SDMs yielded higher predictive ability for
both bird datasets and all groups of predictors when compared to
single-algorithm models as measured by median, and interquartile

range to be compared across models (AUC 0.89+0.09

median-Atlas*

and Boycel  gianatas: 0-83£0.33; AUC__inepirg: 0-72+0.19 and
Boycel . gian-epira: 0-82+0.36) (Figure 2; Text $3.1 and Figures $3.1 and
$3.2 in Appendix S3). Models showed contrasting results depending
on the evaluation metric. For equal species number (n = 236), and for
ensemble models, while AUC values were higher for models calibrated
with Atlas data, the presence-only Boyce's Index indicates better per-
formance of models fitted with eBird data (Table $3.1 in Appendix S3).
Differences in model accuracy were found between both data sources
and size classes (t,g;.4.,: 7.869; p-value <0.05) and evaluation metrics
(tBoyce,: 4.838; p-value <0.05) (Table S3.1 in Appendix S3 and see ac-
curacy metrics per each species in Table S3.2).

Based on GLMM results, and considering the species range
(size classes) and type of predictors, climate-based models (indi-
vidually or in combination with EFAs) fitted with Atlas data showed
the highest AUC values for narrow-ranged species (AUCCLIM_Only_I:

0.9920.02; AUC(, grpi 0-99 £0.03) (Figure 2a; Table 3.1 in

(a) AUC | IP10km (1999-2012)
CLIM_only EFAs_only CLIM_EFAs

Sy *$++ o m,

Hnyag, e

R RS N

sepy

0.7

piuge

(b) Boyce Index | IP10km (1999-2012)
CLIM_only EFAs_only Il CLIM_EFAs

ol L Tl T Ty
TR e T

0.0

sepy

Boycel

puge

-0.5

R R N S R

Size classes & 1:10-100 E3 11: 101-500 &5 IIl: 501-1000 &8 |V: >1000

FIGURE 2 Comparison of relative performance of the (a) area
under the curve (AUC) and (b) the Boyce's index (Boycel) between
bird data source (Atlas vs. eBird) for the Iberian Peninsula, type of
predictor (CLIM_only, EFAs_only and CLIM_EFAs) and size class

(I: 10-100; II: 101-500; I1I: 501-1000; IV: >1000) for the top-
ranked ensemble models. The boxplots represent the performance
of individual models per size class showing the AUC ... and
Boycel g, two hinges (first and third quartiles), and two whiskers
of each model. Number of species per dataset = 236
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Appendix S3), while climate- and EFA-based models alone fitted
with eBird data showed the highest performances for the same
size class when the Boycel was used (BoyceICLIM_only_I: 0.93+0.22;
Boycelgpag oniy-i: 0-93+0.10) (Figure 2b; Table $3.1 in Appendix S3).
In addition, although the Boycel showed higher performance than
AUC for the less widespread species (size class |, II, 111), Atlas-fitted
models showed higher values than eBird-fitted models. Predictor
types also affected modelling performance (tEFAs,only: 3.434; p-
value <0.05) (Table 2).

Regarding the IUCN conservation categories, while the Atlas
showed the highest values of the AUC for all classes (Figure S3.3a
in Appendix S3), the highest Boyce's Index values were found for
the most threatened species when modelled with the eBird dataset
(Figure S3.3b in Appendix S3).

3.3 | The variable importance ranking

The contribution of each independent variable to models by type
of predictors was also affected by the combination of data source,
type of predictor and size class. Overall, bio17 (Precipitation of
Driest Quarter), bio4 (Temperature Seasonality) and bio9 (Mean
Temperature of Driest Quarter) were the most contributing pre-
dictors of climate group to model performance across size classes,
while EVI___ .,
ity and seasonality in primary productivity, were the most impor-

EVI ., and EVI_, descriptors related to productiv-

tant ones within the group of the habitat attributes (EFAs_only)
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(Figure 3). However, when we combined both types of predictors
(CLIM_EFAs) in the models, bioclimate predictors (bio17 and bio4)
held the highest importance across size classes, followed by EVI
(Figure 3).

mean

3.4 | Overlap and uncertainty in spatial projections

Overall, the similarity test based on Schoener's D Index indicated
that pairwise niche overlaps between models based on eBird and
Atlas datasets for each species were high for the tested models
(D
spatial predictions increased with the distributional range, from nar-
pmean = 0-78 and Il = 0.81) to more
=0.82, IV, = 0.83) (Figure 4). The
similarity test also showed that, in general, the overlap between

overall-mean = 0-82 in all cases). However, the similarity between
rowly distributed species (|

widespread species (lll

Dmean Dmean

species niches, from both Atlas and eBird datasets, predicted by the
EFAs was higher than the predicted by the climate and the combi-
nation of climate and EFAs, being highly significant in the case of
widely distributed species (based on Kruskal-Wallis test [K-W]:
class Il: K-W, p = 3.3e-5; class lll: K-W, p = 0.0057; and class IV:
K-W, p = 0.00012; Figure 4).

The species-specific spatial projections of the similarity maps
derived from the Atlas and eBird datasets and the three groups
of predictors (CLIM_only, EFAs_only and CLIM_EFAs) allowed
the identification of UTM squares where the predictions of the

six models overlapped (Class 6), and therefore were the most

TABLE 2 Results of the generalized linear mixed models (GLMMs) performed to explore the effects of data source—size class—type of
predictor—accuracy metric on AUC and Boycel values reported by the ensemble models

Fixed effects

Variable Estimate SE t-value p-value
Intercept 1.164 0.051 22.793 <2e-16***
Data source eBird -0.002 0.039 -0.069 0.944
Class 1l 0.028 0.058 0.482 0.629
I 0.043 0.065 0.671 0.502
v -0.017 0.052 -0.323 0.746
Predictor CLIM_EFAs 0.006 0.013 0.455 0.649
EFAs_only 0.046 0.013 3.434 5.9e-04"**
Metric Boycel 0.053 0.011 4.838 1.3e-06***
Data source:Class eBird:II -0.068 0.045 -1.497 0.134
eBird:Ill -0.039 0.051 -0.766 0.443
eBird:IV 0.332 0.042 7.869 3.6e-15%**
Random effects
& 700Sps_code ICC NSps_code
0.04 0.01 0.15 236
Observations 2770
Marginal R? 0.338
Conditional R? 0.436

***0.001 (Significance codes).
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FIGURE 3 Relative variable contribution (%) across all models for the three groups of predictors, CLIM_only (precipitation and
temperature), EFAs_only (primary productivity, seasonality and phenology) and the combined group (CLIM_EFAs), per each bird data source
and size class for the Iberian Peninsula. See Table S1 in Appendix S1 to check the codes and description of each predictor. EFA, ecosystem

functional attribute

consistent across models, for widespread (Figure 5b) and narrow-
ranged (Figure 5c) species. Maps for all species in Figure S3.4 are
found in Appendix S3.

4 | DISCUSSION

We assessed the effects of using different data sources (both in the
response and predictor variables) in SDMs while accounting for well-
known sources of uncertainty. Overall, for the same environmental
predictors (interpolated macroclimate vs. remote sensing ecosys-
tem attributes) and evaluation metrics (AUC vs. Boycel), we have
demonstrated that SDMs fitted with citizen science data (eBird)
performed as well as standardized data (Atlas) at a regional scale
(Iberian Peninsula). eBird-based models provided more accurate
predictions for less common species (the narrow range) than Atlas
data that recorded much more widespread species, with strong im-
plications for species conservation. Our results also confirmed that
model predictions benefit from the combination of macroclimate

data and remote-sensing-derived EFAs, which has also implications
for both conservation (Arenas-Castro et al., 2019; Regos et al., 2020)
and management (Carvalho-Santos et al., 2018). Among other draw-
backs, we also showed that there are important biases in model es-
timation as well as overconfidence about results accuracy or quality
(e.g. through evaluation metrics) (Hernandez et al., 2006; Johnston
etal., 2019).

4.1 | The added value of citizen science occurrence
data for more accurate predictions

Albeit eBird has evolved from a citizen-science project into co-
operative partnerships among experts in a wide range of fields,
it still hosts several challenges that can inhibit robust ecological
inferences (e.g. species and spatial biases, variation in effort and
observer skills, among other). A priori, observers (citizens) may be
more likely to misidentify or miss, especially rare or not very abun-
dant species, but overall identify target species as accurately as
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FIGURE 4 Similarity test between size classes based on pairwise species niche overlaps from both Atlas and eBird datasets, and from the
spatial projections of the three sets of models (CLIM_only, EFAs_only and CLIM_EFAs) for the Iberian Peninsula. For all box plots, the lower
and upper whiskers encompass the 95% interval, the lower and upper hinges indicate the first and third quartiles, and the central black line
indicates the median value of the Schoener's D index. The D value ranges from O (no overlap) to 1 (identical predictions). The symbols (*), (**),
(***) and (****) indicate significant differences based on the Kruskal-Wallis test at the bottom of boxplots, and the one concerning pairwise
comparison on top of boxplots (p = 0.05, p = 0.01, p = 0.001 and p = 0.0001, respectively). EFA, ecosystem functional attribute

trained researchers (Aceves-Bueno et al.,, 2017). This, therefore,
suggests that citizen science (such as eBird) data may comple-
ment more traditional standardized occurrence datasets (such as
Atlases), or even substitute for other presence-only datasets (Cox
et al., 2012).

Despite differences in sampling designs and protocols between
data sources (e.g. a lower number of 10-km UTM squares with data
in eBird than Atlas), our results confirmed the usefulness of both
citizen science project eBird and standardized and well-structured
Atlas datasets to predict bird species distributions with different
distributional ranges in the Iberian Peninsula. Overall, Atlas-based
ensemble models showed better performance through the AUC,
while eBird-based ensemble models showed better performance
when the specific presence-only metric Boycel was used (Figure 2;
Table 2; Table S3.1 in Appendix S3). These results can be related to
the type of evaluation metric and the nature of the response vari-
able. The AUC is a metric for models fitted with presence/absence
data, which are better represented by standardized surveys such as
those performed in Atlas projects than opportunistic records from
citizen-science programs. Considering species grouped by distribu-
tional range through sample size classes, models fitted with Atlas
data showed higher Boycel values for widespread species for the
same group of predictors, while the eBird-based ensemble models
showed higher Boycel values across all range sizes except the most
widespread species (Figure 2; Table S3.1 in Appendix S3). Our results
suggest that SDMs fitted with eBird data can predict species distri-
butions as accurately as those based on Atlas data.

4.2 | Contribution of predictors to the
performance and predictions of SDMs

Unlike the quality of species observations and their effect on the per-
formance of SDMs, which have been extensively documented (Fei &
Yu, 2016), the uncertainty associated with environmental variables as
predictors should have been more deeply addressed considering its
key role in the process of calibrating and evaluating SDMs (Petitpierre
et al., 2017; Scherrer & Guisan, 2019). Overall, predictors showed dif-
ferent effects depending on data source and size class. In terms of per-
formance, our results showed that models fitted with Atlas-based data
showed higher AUC values than models fitted by eBird-based data for
the same group of predictors (Figure 2a). However, results were differ-
ent when the Boycel metric was used. Climate-based models showed
the highest performance for the Atlas dataset based on the AUC, while
EFAs-based models, and the combined model (CLIM_EFAs), showed
the highest performances for the presence-only eBird dataset through
the Boycel (Figure 2b). Considering the contribution of predictors to
model predictions, the variable importance overall seems to be con-
sistent across bird datasets used to fit the models (Figure 3), being
mostly driven by the species range (size classes) than the data source
(eBird and Atlas) (Table 2).

Although SDMs have traditionally relied on climatic data as
abiotic factors, among other, more integrative descriptors of high
ecological relevance for species in terms of habitat dynamics and
ecosystem functions have been neglected (Gonzalez et al., 2020).
Satellite-derived EFAs stand up as integrative predictors of SDMs,
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FIGURE 5 Examples of species presences/absences in the Iberian Peninsula in Europe (a), and degree of overlap among maps from the
Atlas and eBird datasets and the three group of predictors (CLIM_only, EFAs_only and CLIM_EFAs) for (b) a widely (Sardinian warbler, Sylvia
melanocephala) and (c) a narrowly (boreal owl, Aegolius funereus) distributed species. The colour ramp of compatibility maps ranges from
grey = 0 (no models) to dark red = 6 (all models). See maps for all species in Figure S3.4 in Appendix S3. Geographical coordinate system of

this map is WGS 84. EFA, ecosystem functional attribute

thank its quicker spatiotemporal response of ecosystem dynamics to
environmental drivers and changes than interpolated climate data
and structural/compositional attributes. EFAs also timely capture
shifts in habitat conditions that may trigger changes in populations
and communities (Arenas-Castro et al.,, 2018; Regos et al., 2021;
Vila-Vicosa et al., 2020; and references within). Our results showed
that EFA-based models alone or in combination with climate data,
performed similarly, or even better, than models only based on cli-
mate. Thus, our findings support the need for mainstreaming other
key environmental factors for improving model performance, and
hence, improving ecological inferences for decision-making or con-

servation planning.

4.3 | Similarity and stability across spatial
projections in SDMs

Equally important to the environmental and statistical modelling space
is the confidence or scepticism related to the spatial projections or
maps derived from SDMs, as they are usually inferred into geographi-
cal space from the previously fitted environmental space (Goberville
et al., 2015; Thuiller et al., 2019). Overall, the similarity between
our spatial predictions of species from the Atlas and eBird datasets
was high and consistent across species range and compared models
(Figure 4). As expected, the similarity between overlapping species

niches was progressively increased as the species ranges were larger,
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but it was significantly higher between widely distributed species in
EFAs-based models. The low similarity between overlapped spatial
predictions for species with narrow distributions (Class 1) are in line
with the Boycel-based predictive capacity (Figure 2) that was also
higher for eBird-based data than for Atlas-based data for this same size
class. The high similarity measurements for niche overlaps (D statistic)
between eBird-based and Atlas-based models suggest that occurrence
data derived from the eBird dataset can be an effective presence-only
sample data source in ensemble SDMs for the Iberian Peninsula. In
addition, the species compatibility/uncertainty maps built on the base
of both Atlas and eBird datasets and calibrated with the three group
of predictors (CLIM_only, EFAs_only and CLIM_EFAs) clearly repre-
sent a valuable resource to visualize the level of uncertainty and confi-
dence hosted when modelling species distributions with different data

sources (Figure 5; Figure S3.4 in Appendix S3).

5 | CONCLUSIONS

This study provided further evidence on uncertainty-related gaps
associated with SDMs from the most early-state sources of the
model process (such as input data) to the final stages and outputs
(such as model performance and spatial projections assessments).
Our results showed that both the predictive capacity and perfor-
mance of fitted regional (Iberian Peninsula) SDMs are influenced
by the type of biodiversity data used for model calibration (pres-
ence/absence vs. only-presence data), the nature of the predic-
tor variables used (interpolated macroclimate vs. remote sensing
data), as well as model evaluation metrics (AUC vs. Boycel). Our
models confirmed the overall usefulness of presence-only citizen-
collected data (eBird) for spatial range modelling, but also specific
robustness for rare (or less widespread) species since eBird out-
performed standardized Atlas datasets in predicting narrowly dis-
tributed species. This means that taxa that enjoy less attention (in
terms of sampling effort, resulting in poor data availability) ben-
efit from structured monitoring programs, while less abundant (or
rare) species benefit from more opportunistic data. These findings
might have implications for species conservation as models of less
widespread or rare species with clear conservation concerns ben-
efited from the inclusion of citizen science data. Despite ongoing
concerns, citizen science data are becoming increasingly valuable
research tools in biodiversity modelling and monitoring due to their
increasing prevalence and broad spatiotemporal scope. However,
and because neither data source is complete, data integration join-
ing both structured sampling (Atlas) and opportunistic data (eBird)
will leverage the strengths of each source of data and provide bet-
ter predictions of species distributions and their drivers. Our mod-
els also showed that variable importance overall was consistent
across bird datasets used to fit the models, being mostly driven by
the species range. These results highlight the need for mainstream-
ing other key environmental factors into SDMs for increasing their
predictive accuracy, and hence, improving ecological inferences
for decision-making or conservation planning. In the light of our

1309
EEMEE ey

results, we suggest that the integration of different data sources
(for both the response and predictor variables) in modelling frame-
works will strongly contribute to a better knowledge and update
of the distribution of biodiversity at regional scales. In this sense,
we encourage careful attention must be paid at early stages of the
modelling process, to all aspects of the ecological inference based
on model-assisted approaches that use semi-structured or unstruc-

tured biodiversity data.

ACKNOWLEDGEMENTS

This research work was funded by PORBIOTA-Portuguese e-
Infrastructure for Information and Research on Biodiversity (POCI-
01-0145-FEDER-022127). S.A.-C. was financially supported
by PORBIOTA grants and is currently supported by the Maria
Zambrano fellowship program funded by the Spanish Ministry of
Universities and the EU-NextGenerationEU fund. A.R. was funded
by the Xunta de Galicia (Spain) grants (postdoctoral fellowship
ED481B2016/084-0) and is currently supported by Juan de la Cierva
fellowship program funded by the Spanish Ministry of Science and
Innovation (1JC2019-041033-1). I.M. was financially supported by
the Portuguese Foundation for Science and Technology-FCT (SFRH/
BD/145676/2019), funded by the Portuguese Ministry of Science,
Technology and Higher Education, and the European Social Fund
(ESF-European Union) through NORTE2020. No permits were needed
to carry out this work. Funding for open access charge: University of
Cérdoba/CBUA

CONFLICT OF INTEREST
The authors state that they have no conflict of interest.

DATA AVAILABILITY STATEMENT
The data that support the findings of this study are openly available
in Dryad Digital Repository at 10.5061/dryad.qfttdzOjm.

REFERENCES

Aceves-Bueno, E., Adeleye, A. S., Feraud, M., Huang, Y., Tao, M., Yang,
Y., & Anderson, S. E. (2017). The accuracy of citizen science data: A
quantitative review. The Bulletin of the Ecological Society of America,
98(4), 278-290. https://doi.org/10.1002/bes2.1336

Araujo, M. B., & New, M. (2007). Ensemble forecasting of species dis-
tributions. Trends in Ecology & Evolution, 22(1), 42-47. https://doi.
org/10.1016/j.tree.2006.09.010

Arenas-Castro, S., Goncalves, J., Alves, P., Alcaraz-Segura, D., &
Honrado, J. P. (2018). Assessing the multi-scale predictive ability
of ecosystem functional attributes for species distribution mod-
elling. PLoS One, 13(6), €0199292. https://doi.org/10.1371/journ
al.pone.0199292

Arenas-Castro, S., Regos, A., Gongalves, J. F., Alcaraz-Segura, D., & Honrado,
J. (2019). Remotely sensed variables of ecosystem functioning sup-
port robust predictions of abundance patterns for rare species.
Remote Sensing, 11(18), 2086. https://doi.org/10.3390/R511182086

Arenas-Castro, S., & Sillero, N. (2021). Cross-scale monitoring of habitat
suitability changes using satellite time series and ecological niche
models. Science of The Total Environment, 784, 147172. https://doi.
org/10.1016/j.scitotenv.2021.147172

Aubry, K. B., Raley, C. M., & McKelvey, K. S. (2017). The importance of
data quality for generating reliable distribution models for rare,

85U8017 SUOLLLIOD 8A 18810 3cedldde ayy Aq peusencb ae sajoiLe VO ‘8sn Jo Se|ni Joj Ak 18Ul UO A8]IAA U (SUORIPUOD-PUR-SLULRIALI0O" A3 IM"Aeiq| U UO//:SANY) SUORIPUOD pUe SWid | 8L 88S *[7202/80/02] U0 Akeid1auluo A8|1m ‘Seasiol|qig 8@ 01010suod-endD Aq Z8eyT I /TTTT 0T/I0pAw0d A8 im Areiq1juljuo//:Sciy Wwolj pepeoiumoq ‘. ‘2202 ‘6692S9ET


https://doi.org/10.5061/dryad.qfttdz0jm
https://doi.org/10.1002/bes2.1336
https://doi.org/10.1016/j.tree.2006.09.010
https://doi.org/10.1016/j.tree.2006.09.010
https://doi.org/10.1371/journal.pone.0199292
https://doi.org/10.1371/journal.pone.0199292
https://doi.org/10.3390/RS11182086
https://doi.org/10.1016/j.scitotenv.2021.147172
https://doi.org/10.1016/j.scitotenv.2021.147172

ARENAS-CASTRO ET AL.

1310
=lwiey

elusive, and cryptic species. PLoS One, 12(6), 1-17. https://doi.
org/10.1371/journal.pone.0179152

Auer, T., Barker, S., Borgmann, K., Charnoky, M., Childs, D., Curtis, J., Davies,
I., Downie, |., Fink, D., Fredericks, T., Ganger, J., Gerbracht, J., Hanks,
C., Hochachka, W., lliff, M., Imani, J., Johnston, A., Lenz, T., Levatich, T,,
... Wood, C. (2022). EOD - eBird Observation Dataset. Cornell Lab of
Ornithology. Occurrence dataset. https:/doi.org/10.15468/aomfnb

Austin, M. P, & Van Niel, K. P. (2011). Improving species distribution models for
climate change studies: Variable selection and scale. Journal of Biogeography,
38(1), 1-8. https:/doi.org/10.1111/j.1365-2699.2010.02416.x

Baasch, D. M., Tyre, A. J., Millspaugh, J. J., Hygnstrom, S. E., & Vercauteren,
K. C. (2010). An evaluation of three statistical methods used to
model resource selection. Ecological Modelling, 221(4), 565-574.

Barbet-Massin, M., Jiguet, F., Albert, C. H., & Thuiller, W. (2012). Selecting
pseudo-absences for species distribution models: How, where and
how many? Methods in Ecology and Evolution, 3(2), 327-338. https://
doi.org/10.1111/j.2041-210X.2011.00172.x

Barsi, A., Kugler, Z., Juhasz, A., Szabo, G., Batini, C., Abdulmuttalib, H., Huang,
G., & Shen, H. (2019). Remote sensing data quality model: From data
sources to lifecycle phases. International Journal of Image and Data Fusion,
10(4), 280-299. https:/doi.org/10.1080/19479832.2019.1625977

Bates, D., Machler, M., Bolker, B., & Walker, S. (2015). Fitting linear
mixed-effects models using Ime4. Journal of Statistical Software,
67(1), 1-45. https://www.jstatsoft.org/v067/i01

Bayraktarov, E., Ehmke, G. O'Connor, J, Burns, E. L., Nguyen,
H. A., McRae, L., Possingham, H. P, & Lindenmayer, D. B. (2019). Do
big unstructured biodiversity data mean more knowledge? Frontiers in
Ecology and Evolution, 6, 239. https:/doi.org/10.3389/fevo.2018.00239

Beale, C. M., & Lennon, J. J. (2012). Incorporating uncertainty in predic-
tive species distribution modelling. Philosophical Transactions of the
Royal Society B: Biological Sciences, 367(1586), 247-258. https://doi.
org/10.1098/rstb.2011.0178

Boersch-Supan, P. H., Trask, A. E., & Baillie, S. R. (2019). Robustness of
simple avian population trend models for semi-structured citizen
science data is species-dependent. Biological Conservation, 240,
108286. https://doi.org/10.1016/j.biocon.2019.108286

Bolker, B. M., Brooks, M. E., Clark, C. J., Geange, S. W., Poulsen, J. R., Stevens,
M. H. H., & White, J.-S. S. (2009). Generalized linear mixed models: A
practical guide for ecology and evolution. Trends in Ecology & Evolution,
24(3), 127-135. https://doi.org/10.1016/j.tree.2008.10.008

Borg, E., Fichtelmann, B., & Asche, H. (2011). Assessment for remote
sensing data: Accuracy of interactive data quality interpretation. In
B. Murgante, O. Gervasi, A. Iglesias, D. Taniar, & B. Apduhan (Eds.),
Computational science and its applications - ICCSA. Springer. https://
doi.org/10.1007/978-3-642-21887-3_29

Boyce, M. S., Vernier, P. R, Nielsen, S. E., & Schmiegelow, F. K. A. (2002).
Evaluating resource selection functions. Ecological Modelling, 157(2),
281-300. https://doi.org/10.1016/50304-3800(02)00200-4

Breiner, F. T., Guisan, A., Bergamini, A., & Nobis, M. P.(2015). Overcoming
limitations of modelling rare species by using ensembles of small
models. Methods in Ecology and Evolution, 6(10), 1210-1218. https://
doi.org/10.1111/2041-210X.12403

Buisson, L., Thuiller, W., Casajus, N., Lek, S., & Grenouillet, G.
(2010). Uncertainty in ensemble forecasting of species distri-
bution. Global Change Biology, 16(4), 1145-1157. https://doi.
org/10.1111/j.1365-2486.2009.02000.x

Carvalho-Santos, C., Monteiro, A. T., Arenas-Castro, S., Greifeneder, F.,
Marcos, B., Portela, A. P., & Honrado, J. P. (2018). Ecosystem ser-
vices in a protected mountain range of Portugal: Satellite-based
products for state and trend analysis. Remote Sensing, 10(10), 1573.
https://doi.org/10.3390/rs10101573

Cengi¢, M., Rost, J., Remenska, D., Janse, J. H., Huijbregts, M. A. J., &
Schipper, A. M. (2020). On the importance of predictor choice,
modelling technique, and number of pseudo-absences for biocli-
matic envelope model performance. Ecology and Evolution, 10(21),
12307-12317. https://doi.org/10.1002/ece3.6859

Chandler, M., See, L., Copas, K., Bonde, A. M. Z., Lépez, B. C., Danielsen,
F., Legind, J. K, Masinde, S., Miller-Rushing, A. J.,, Newman, G.,
Rosemartin, A., & Turak, E. (2017). Contribution of citizen science
towards international biodiversity monitoring. Biological Conservation,
213, 280-294. https://doi.org/10.1016/j.biocon.2016.09.004

Cox, T. E., Philippoff, J., Baumgartner, E., & Smith, C. M. (2012). Expert
variability provides perspective on the strengths and weak-
nesses of citizen-driven intertidal monitoring program. Ecological
Applications: A Publication of the Ecological Society of America, 22(4),
1201-1212. https://doi.org/10.1890/11-1614.1

Di Cola, V., Broennimann, O., Petitpierre, B., Breiner, F. T., D'Amen, M.,
Randin, C., Engler, R., Pottier, J., Pio, D., Dubuis, A., Pellissier, L.,
Mateo, R. G., Hordijk, W., Salamin, N., & Guisan, A. (2017). Ecospat:
An R package to support spatial analyses and modeling of species
niches and distributions. Ecography, 40(6), 774-787. https://doi.
org/10.1111/ecog.02671

Elith, J., Graham, H., Anderson, C. P., Dudik, R., Ferrier, M., Guisan, S.,
Hijmans, A. J., Huettmann, R., Leathwick, F. R., Lehmann, J., Li, A.,
Lohmann, J. G., Loiselle, L. A., Manion, B., Moritz, G., Nakamura,
C., Nakazawa, M., Mc C. M., Y., Overton, J., ... Zimmermann, N.
(2006). Novel methods improve prediction of species' distribu-
tions from occurrence data. Ecography, 29(2), 129-151. https://doi.
org/10.1111/j.2006.0906-7590.04596.x

Engler, R., Guisan, A., & Rechsteiner, L. (2004). An improved approach for
predicting the distribution of rare and endangered species from oc-
currence and pseudo-absence data. Journal of Applied Ecology, 41(2),
263-274. https://doi.org/10.1111/j.0021-8901.2004.00881.x

Fei, S., & Yu, F. (2016). Quality of presence data determines species distribution
model performance: A novel index to evaluate data quality. Landscape
Ecology, 31(1), 31-42. https:/doi.org/10.1007/s10980-015-0272-7

Feng, X., Park, D. S., Walker, C., Peterson, A. T., Merow, C., & Papes,
M. (2019). A checklist for maximizing reproducibility of ecological
niche models. Nature Ecology & Evolution, 3(10), 1382-1395. https://
doi.org/10.1038/541559-019-0972-5

Franklin, J. (2010). Mapping species distributions. Cambridge University
Press. https://doi.org/10.1017/CB0O9780511810602

Franklin, J., Davis, F. W., lkegami, M., Syphard, A. D., Flint, L. E., Flint,
A. L., & Hannah, L. (2013). Modeling plant species distributions
under future climates: How fine scale do climate projections
need to be? Global Change Biology, 19(2), 473-483. https://doi.
org/10.1111/gcb.12051

Freeman, E. A., & Moisen, G. (2008). PresenceAbsence: An R package
for presence absence analysis. Journal of Statistical Software, 23(11),
1-31. https://www.jstatsoft.org/v023/i11

Goberville, E., Beaugrand, G., Hautekeete, N.-C., Piquot, Y., & Luczak,
C. (2015). Uncertainties in the projection of species distributions
related to general circulation models. Ecology and Evolution, 5(5),
1100-1116. https://doi.org/10.1002/ece3.1411

Gonzalez, A., Germain, R. M., Srivastava, D. S., Filotas, E., Dee, L. E.,
Gravel, D., Thompson, P. L., Isbell, F., Wang, S., Kéfi, S., Montoya,
J., Zelnik, Y. R., & Loreau, M. (2020). Scaling-up biodiversity-
ecosystem functioning research. Ecology Letters, 23(4), 757-776.
https://doi.org/10.1111/ele.13456

Gorelick, N., Hancher, M., Dixon, M., llyushchenko, S., Thau, D., & Moore,
R. (2017). Google earth engine: Planetary-scale geospatial analysis
for everyone. Remote Sensing of Environment, 202, 18-27. https://
doi.org/10.1016/j.rse.2017.06.031

Gould, S. F, Beeton, N. J., Harris, R. M. B., Hutchinson, M. F,, Lechner,
A. M., Porfirio, L. L., & Mackey, B. G. (2014). A tool for simulating
and communicating uncertainty when modelling species distribu-
tions under future climates. Ecology and Evolution, 4(24), 4798-
4811. https://doi.org/10.1002/ece3.1319

Guisan, A., Edwards, T. C., & Hastie, T. (2002). Generalized linear and
generalized additive models in studies of species distributions:
Setting the scene. Ecological Modelling, 157(2), 89-100. https://doi.
org/10.1016/50304-3800(02)00204-1

85U8017 SUOLLLIOD 8A 18810 3cedldde ayy Aq peusencb ae sajoiLe VO ‘8sn Jo Se|ni Joj Ak 18Ul UO A8]IAA U (SUORIPUOD-PUR-SLULRIALI0O" A3 IM"Aeiq| U UO//:SANY) SUORIPUOD pUe SWid | 8L 88S *[7202/80/02] U0 Akeid1auluo A8|1m ‘Seasiol|qig 8@ 01010suod-endD Aq Z8eyT I /TTTT 0T/I0pAw0d A8 im Areiq1juljuo//:Sciy Wwolj pepeoiumoq ‘. ‘2202 ‘6692S9ET


https://doi.org/10.1371/journal.pone.0179152
https://doi.org/10.1371/journal.pone.0179152
https://doi.org/10.15468/aomfnb
https://doi.org/10.1111/j.1365-2699.2010.02416.x
https://doi.org/10.1111/j.2041-210X.2011.00172.x
https://doi.org/10.1111/j.2041-210X.2011.00172.x
https://doi.org/10.1080/19479832.2019.1625977
https://www.jstatsoft.org/v067/i01
https://doi.org/10.3389/fevo.2018.00239
https://doi.org/10.1098/rstb.2011.0178
https://doi.org/10.1098/rstb.2011.0178
https://doi.org/10.1016/j.biocon.2019.108286
https://doi.org/10.1016/j.tree.2008.10.008
https://doi.org/10.1007/978-3-642-21887-3_29
https://doi.org/10.1007/978-3-642-21887-3_29
https://doi.org/10.1016/S0304-3800(02)00200-4
https://doi.org/10.1111/2041-210X.12403
https://doi.org/10.1111/2041-210X.12403
https://doi.org/10.1111/j.1365-2486.2009.02000.x
https://doi.org/10.1111/j.1365-2486.2009.02000.x
https://doi.org/10.3390/rs10101573
https://doi.org/10.1002/ece3.6859
https://doi.org/10.1016/j.biocon.2016.09.004
https://doi.org/10.1890/11-1614.1
https://doi.org/10.1111/ecog.02671
https://doi.org/10.1111/ecog.02671
https://doi.org/10.1111/j.2006.0906-7590.04596.x
https://doi.org/10.1111/j.2006.0906-7590.04596.x
https://doi.org/10.1111/j.0021-8901.2004.00881.x
https://doi.org/10.1007/s10980-015-0272-7
https://doi.org/10.1038/s41559-019-0972-5
https://doi.org/10.1038/s41559-019-0972-5
https://doi.org/10.1017/CBO9780511810602
https://doi.org/10.1111/gcb.12051
https://doi.org/10.1111/gcb.12051
https://www.jstatsoft.org/v023/i11
https://doi.org/10.1002/ece3.1411
https://doi.org/10.1111/ele.13456
https://doi.org/10.1016/j.rse.2017.06.031
https://doi.org/10.1016/j.rse.2017.06.031
https://doi.org/10.1002/ece3.1319
https://doi.org/10.1016/S0304-3800(02)00204-1
https://doi.org/10.1016/S0304-3800(02)00204-1

ARENAS-CASTRO ET AL.

Guisan, A., Thuiller, W., & Zimmermann, N. E. (2017). Habitat suitabil-
ity and distribution models: With applications in R. Cambridge
University Press. https://doi.org/10.1017/9781139028271

Hernandez, P. A., Graham, C. H., Master, L. L., & Albert, D. L. (2006). The
effect of sample size and species characteristics on performance of
different species distribution modeling methods. Ecography, 29(5),
773-785. https://doi.org/10.1111/j.0906-7590.2006.04700.x

Hertzog, L., Besnard, A., & Jay-Robert, P. (2014). Field validation shows
bias-corrected pseudo-absence selection is the best method
for predictive species-distribution modelling. Diversity and
Distributions, 20, 1403-1413. https://doi.org/10.1111/ddi.12249

Hertzog, L. R., Frank, C., Klimek, S., Roder, N., Boéhner, H. S., & Kamp, J.
(2021). Model-based integration of citizen science data from disparate
sources increases the precision of bird population trends. Diversity and
Distributions, 27, 1106-1119. https://doi.org/10.1111/ddi.13259

Hijmans, R. J. (2012). Cross-validation of species distribution models:
Removing spatial sorting bias and calibration with a null model.
Ecology, 93(3), 679-688. https://doi.org/10.1890/11-0826.1

Hirzel, A., Hausser, J., Chessel, D., & Perrin, N. (2002). Ecological-niche fac-
tor analysis: How to compute habitat-suitability maps without absence
data? Ecology, 83, 2027-2036. https://doi.org/10.2307/3071784

Hirzel, A. H., Le Lay, G., Helfer, V., Randin, C., & Guisan, A. (2006).
Evaluating the ability of habitat suitability models to predict spe-
cies presences. Ecological Modelling, 199(2), 142-152. https://doi.
org/10.1016/j.ecolmodel.2006.05.017

Isaac, N. J. B., Jarzyna, M. A, Keil, P, Dambly, L. I., Boersch-Supan,
P. H., Browning, E., Freeman, S. N., Golding, N., Guillera-Arroita, G.,
Henrys, P. A., Jarvis, S., Lahoz-Monfort, J., Pagel, J., Pescott, O. L.,
Schmucki, R., Simmonds, E. G., & O'Hara, R. B. (2020). Data integra-
tion for large-scale models of species distributions. Trends in Ecology &
Evolution, 35(1), 56-67. https:/doi.org/10.1016/j.tree.2019.08.006

Jetz, W., McPherson, J. M., & Guralnick, R. P. (2012). Integrating biodiver-
sity distribution knowledge: Toward a global map of life. Trends in
Ecology & Evolution, 27(3), 151-159. https://doi.org/10.1016/j.tree.
2011.09.007

Jiménez, L., & Soberdn, J. (2020). Leaving the area under the receiving
operating characteristic curve behind: An evaluation method for
species distribution modelling applications based on presence-only
data. Methods in Ecology and Evolution, 11(12), 1571-1586. https://
doi.org/10.1111/2041-210X.13479

Jiménez, M., Triguero, I., & John, R. (2019). Handling uncertainty in citi-
zen science data: Towards an improved amateur-based large-scale
classification. Information Sciences, 479, 301-320. https://doi.
org/10.1016/j.ins.2018.12.011

Johnston, A., Hochachka, W. M., Strimas-Mackey, M. E., Gutierrez, V. R.,
Robinson, O. J., Miller, E. T., Auer, T., Kelling, S. T., & Fink, D. (2019).
Best practices for making reliable inferences from citizen science
data: Case study using eBird to estimate species distributions.
bioRxiv, 574392. https://doi.org/10.1101/574392

Johnston, A., Hochachka, W. M., Strimas-Mackey, M. E., Ruiz Gutierrez,
V., Robinson, O. J., Miller, E. T., Auer, T., Kelling, S. T., & Fink, D.
(2021). Analytical guidelines to increase the value of community
science data: An example using eBird data to estimate species dis-
tributions. Diversity and Distributions, 27(7), 1265-1277. https://doi.
org/10.1111/ddi.13271

Keil, P., Wilson, A. M., & Jetz, W. (2014). Uncertainty, priors, autocorrelation
and disparate data in downscaling of species distributions. Diversity
and Distributions, 20(7), 797-812. https://doi.org/10.1111/ddi.12199

Kelling, S., Johnston, A., Bonn, A., Fink, D., Ruiz-Gutierrez, V., Bonney,
R., Fernandez, M., Hochachka, W. M., Julliard, R., Kraemer, R., &
Guralnick, R. (2019). Using semistructured surveys to improve citi-
zen science data for monitoring biodiversity. BioScience, 69(3), 170-
179. https://doi.org/10.1093/biosci/biz010

Kobori, H., Dickinson, J. L., Washitani, |., Sakurai,R.,Amano, T., Komatsu,
N., Kitamura, W., Takagawa, S., Koyama, K., Ogawara, T., & Miller-
Rushing, A. J. (2016). Citizen science: A new approach to advance

1311
EE" ey

ecology, education, and conservation. Ecological Research, 31(1),
1-19. https://doi.org/10.1007/s11284-015-1314-y

Konowalik, K., & Nosol, A. (2021). Evaluation metrics and validation of
presence-only species distribution models based on distributional
maps with varying coverage. Scientific Reports, 11(1), 1482. https://
doi.org/10.1038/541598-020-80062-1

Kosmala, M., Wiggins, A., Swanson, A., & Simmons, B. (2016). Assessing
data quality in citizen science. Frontiers in Ecology and the
Environment, 14(10), 551-560. https://doi.org/10.1002/fee.1436

Lawson, C. R., Hodgson, J. A., Wilson, R. J., & Richards, S. A. (2014).
Prevalence, thresholds and the performance of presence-absence
models. Methods in Ecology and Evolution, 5(1), 54-64. https://doi.
org/10.1111/2041-210X.12123

Lobo, J. M., & Tognelli, M. F. (2011). Exploring the effects of quantity and loca-
tion of pseudo-absences and sampling biases on the performance of dis-
tribution models with limited point occurrence data. Journal for Nature
Conservation, 19(1), 1-7. https://doi.org/10.1016/.jnc.2010.03.002

Manel, S., Williams, H. C., & Ormerod, S. J. (2001). Evaluating presence-
absence models in ecology: The need to account for preva-
lence. Journal of Applied Ecology, 38(5), 921-931. https://doi.
org/10.1046/j.1365-2664.2001.00647.x

Manzoor, S. A., Griffiths, G., & Lukac, M. (2018). Species distribution
model transferability and model grain size - finer may not always
be better. Scientific Reports, 8(1), 7168. https://doi.org/10.1038/
s41598-018-25437-1

Marmion, M., Parviainen, M., Luoto, M., Heikkinen, R. K., & Thuiller,
W. (2009). Evaluation of consensus methods in predictive species
distribution modelling. Diversity and Distributions, 15(1), 59-69.
https://doi.org/10.1111/j.1472-4642.2008.00491.x

Miller, D., Pacifici, K., Sanderlin, J., & Reich, B. (2019). The recent past
and promising future for data integration methods to estimate spe-
cies' distributions. Methods in Ecology and Evolution, 10(1), 22-37.
https://doi.org/10.1111/2041-210X.13110

Mod, H. K., Scherrer, D., Luoto, M., & Guisan, A. (2016). What we use is
not what we know: Environmental predictors in plant distribution
models. Journal of Vegetation Science, 27(6), 1308-1322. https://doi.
org/10.1111/jvs.12444

Neate-Clegg, M. H. C., Horns, J. J., Adler, F. R., Kemahli Aytekin, M. C., &
Sekercioglu, C. H. (2020). Monitoring the world's bird populations
with community science data. Biological Conservation, 248, 108653.
https://doi.org/10.1016/j.biocon.2020.108653

Pearce, J., & Boyce, M. (2006). Modelling distribution and abundance
with presence-only data. Journal of Applied Ecology, 43(3), 405-412.
https://doi.org/10.1111/j.1365-2664.2005.01112.x

Peterson, A., Soberén, J., Pearson, R., Anderson, R., Martinez-Meyer,
E., Nakamura, M., & Araujo, M. (2011). Species' occurrence data.
In S. Levin & H. Horn (Eds.), Ecological niches and geographic dis-
tributions (pp. 62-180). Princeton University Press. https://doi.
org/10.1515/9781400840670

Petitpierre, B., Broennimann, O., Kueffer, C., Daehler, C., & Guisan, A.
(2017). Selecting predictors to maximize the transferability of spe-
cies distribution models: Lessons from cross-continental plant inva-
sions. Global Ecology and Biogeography, 26(3), 275-287. https://doi.
org/10.1111/geb.12530

Regos, A., Arenas-Castro, S., Tapia, L., Dominguez, J., & Honrado, J. (2021).
Using remotely sensed indicators of primary productivity to improve pri-
oritization of conservation areas for top predators. Ecological Indicators,
125, 107503. https:/doi.org/10.1016/j.ecolind.2021.107503

Regos, A., Gomez-Rodriguez, P., Arenas-Castro, S., Tapia, L., Vidal, M,
& Dominguez, J. (2020). Model-assisted bird monitoring based on
remotely sensed ecosystem functioning and atlas data. Remote
Sensing, 12(16), 2549.

Regos, A., Gongalves, J. F., Arenas-Castro, S., Alcaraz-Segura, D., Guisan,
A., & Honrado, J. P. (2022). Mainstreaming remotely sensed eco-
system functioning in ecological niche models. Remote Sensing in
Ecology and Conservation. https://doi.org/10.1002/rse2.255

85U8017 SUOLLLIOD 8A 18810 3cedldde ayy Aq peusencb ae sajoiLe VO ‘8sn Jo Se|ni Joj Ak 18Ul UO A8]IAA U (SUORIPUOD-PUR-SLULRIALI0O" A3 IM"Aeiq| U UO//:SANY) SUORIPUOD pUe SWid | 8L 88S *[7202/80/02] U0 Akeid1auluo A8|1m ‘Seasiol|qig 8@ 01010suod-endD Aq Z8eyT I /TTTT 0T/I0pAw0d A8 im Areiq1juljuo//:Sciy Wwolj pepeoiumoq ‘. ‘2202 ‘6692S9ET


https://doi.org/10.1017/9781139028271
https://doi.org/10.1111/j.0906-7590.2006.04700.x
https://doi.org/10.1111/ddi.12249
https://doi.org/10.1111/ddi.13259
https://doi.org/10.1890/11-0826.1
https://doi.org/10.2307/3071784
https://doi.org/10.1016/j.ecolmodel.2006.05.017
https://doi.org/10.1016/j.ecolmodel.2006.05.017
https://doi.org/10.1016/j.tree.2019.08.006
https://doi.org/10.1016/j.tree.2011.09.007
https://doi.org/10.1016/j.tree.2011.09.007
https://doi.org/10.1111/2041-210X.13479
https://doi.org/10.1111/2041-210X.13479
https://doi.org/10.1016/j.ins.2018.12.011
https://doi.org/10.1016/j.ins.2018.12.011
https://doi.org/10.1101/574392
https://doi.org/10.1111/ddi.13271
https://doi.org/10.1111/ddi.13271
https://doi.org/10.1111/ddi.12199
https://doi.org/10.1093/biosci/biz010
https://doi.org/10.1007/s11284-015-1314-y
https://doi.org/10.1038/s41598-020-80062-1
https://doi.org/10.1038/s41598-020-80062-1
https://doi.org/10.1002/fee.1436
https://doi.org/10.1111/2041-210X.12123
https://doi.org/10.1111/2041-210X.12123
https://doi.org/10.1016/j.jnc.2010.03.002
https://doi.org/10.1046/j.1365-2664.2001.00647.x
https://doi.org/10.1046/j.1365-2664.2001.00647.x
https://doi.org/10.1038/s41598-018-25437-1
https://doi.org/10.1038/s41598-018-25437-1
https://doi.org/10.1111/j.1472-4642.2008.00491.x
https://doi.org/10.1111/2041-210X.13110
https://doi.org/10.1111/jvs.12444
https://doi.org/10.1111/jvs.12444
https://doi.org/10.1016/j.biocon.2020.108653
https://doi.org/10.1111/j.1365-2664.2005.01112.x
https://doi.org/10.1515/9781400840670
https://doi.org/10.1515/9781400840670
https://doi.org/10.1111/geb.12530
https://doi.org/10.1111/geb.12530
https://doi.org/10.1016/j.ecolind.2021.107503
https://doi.org/10.1002/rse2.255

ARENAS-CASTRO ET AL.

1312
=Lwiey

Robinson, O. J., Ruiz-Gutierrez, V., Reynolds, M. D., Golet, G. H., Strimas-
Mackey, M., & Fink, D. (2020). Integrating citizen science data with
expert surveys increases accuracy and spatial extent of species
distribution models. Diversity and Distributions, 26(8), 976-986.
https://doi.org/10.1111/ddi.13068

Scherrer, D., & Guisan, A. (2019). Ecological indicator values reveal miss-
ing predictors of species distributions. Scientific Reports, 9(1), 3061.
https://doi.org/10.1038/s41598-019-39133-1

Senay, S. D., Worner, S. P., & lkeda, T. (2013). Novel three-step pseudo-absence
selection technique for improved species distribution modelling. PLoS
One, 8(8), €71218. https:/doi.org/10.1371/journal.pone.0071218

SEOQ/BirdLife. (2020). Monitoring common breeding birds in Spain. https://
seo.org/

Shabani, F., Kumar, L., & Ahmadi, M. (2016). A comparison of absolute
performance of different correlative and mechanistic species distri-
bution models in an independent area. Ecology and Evolution, 6(16),
5973-5986. https://doi.org/10.1002/ece3.2332

Sillero, N., Arenas-Castro, S., Enriquez-Urzelai, U., Vale, C. G., Sousa-
Guedes, D., Martinez-Freiria, F., Real, R., & Barbosa, A. M. (2021).
Want to model a species niche? A step-by-step guideline on correl-
ative ecological niche modelling. Ecological Modelling, 456, 109671.
https://doi.org/10.1016/j.ecolmodel.2021.109671

Suhaimi, S., Blair, G., & Jarvis, S. (2021). Integrated species distribution
models: A comparison of approaches under different data quality
scenarios. Diversity and Distributions, 27(6), 1066-1075. https://doi.
org/10.1111/ddi.13255

Synes, N. W., & Osborne, P. E. (2011). Choice of predictor variables as a
source of uncertainty in continental-scale species distribution mod-
elling under climate change. Global Ecology and Biogeography, 20(6),
904-914. https:/doi.org/10.1111/j.1466-8238.2010.00635.x

Thuiller, W. (2014). Editorial commentary on “BIOMOD - optimizing
predictions of species distributions and projecting potential future
shifts under global change.”. Global Change Biology, 20(12), 3591-
3592. https://doi.org/10.1111/gch.12728

Thuiller, W., Guéguen, M., Renaud, J., Karger, D. N., & Zimmermann,
N. E.(2019). Uncertainty in ensembles of global biodiversity scenar-
ios. Nature Communications, 10(1), 1446. https://doi.org/10.1038/
s41467-019-09519-w

Underwood, E. C., Viers, J. H., Klausmeyer, K. R., Cox, R. L., & Shaw,
M. R. (2009). Threats and biodiversity in the mediterranean
biome. Diversity and Distributions, 15(2), 188-197. https://doi.
org/10.1111/j.1472-4642.2008.00518.x

Van Eupen, C., Maes, D., Herremans, M., Swinnen, K. R. R., Somers,
B., & Luca, S. (2021). The impact of data quality filtering of op-
portunistic citizen science data on species distribution model
performance. Ecological Modelling, 444, 109453. https://doi.
org/10.1016/j.ecolmodel.2021.109453

Varela, S., Lima-Ribeiro, M. S., & Terribile, L. C. (2015). A short guide
to the climatic variables of the last glacial maximum for biogeog-
raphers. PLoS One, 10(6), 1-15. https:/doi.org/10.1371/journal.
pone.0129037

Vila-Vigosa, C., Arenas-Castro, S., Marcos, B., Honrado, J., Garcia, C.,
Vazquez, F. M., Almeida, R., & Gongalves, J. (2020). Combining sat-
ellite remote sensing and climate data in species distribution mod-
els to improve the conservation of Iberian White oaks (Quercus L.).
ISPRS International Journal of Geo-Information, 9(12), 735. https://
doi.org/10.3390/ijgi?120735

Waltari, E., Schroeder, R., McDonald, K., Anderson, R. P, & Carnaval,
A. (2014). Bioclimatic variables derived from remote sensing:
Assessment and application for species distribution modelling.
Methods in Ecology and Evolution, 5(10), 1033-1042. https:/doi.
org/10.1111/2041-210X.12264

Warren, D. L., Glor, R. E., & Turelli, M. (2008). Environmental niche
equivalency versus conservatism: Quantitative approaches
to niche evolution. Evolution, 62(11), 2868-2883. https://doi.
org/10.1111/j.1558-5646.2008.00482.x

Warren, D. L., Matzke, N. J., Cardillo, M., Baumgartner, J. B., Beaumont,
L. J., Turelli, M., Glor, R. E., Huron, N. A,, Simdes, M., Iglesias, T. L.,
Piquet, J. C., & Dinnage, R. (2021). ENMTools 1.0: An R package
for comparative ecological biogeography. Ecography, 44, 504-511.
https://doi.org/10.1111/ecog.05485

Watling, J. I, Brandt, L. A., Bucklin, D. N., Fujisaki, I., Mazzotti, F. J.,
Romanach, S. S., & Speroterra, C. (2015). Performance metrics and
variance partitioning reveal sources of uncertainty in species dis-
tribution models. Ecological Modelling, 309-310, 48-59. https://doi.
org/10.1016/j.ecolmodel.2015.03.017

Wisz, M. S., & Guisan, A. (2009). Do pseudo-absence selection strate-
gies influence species distribution models and their predictions?
An information-theoretic approach based on simulated data. BMC
Ecology, 9(1), 8. https://doi.org/10.1186/1472-6785-9-8

Zimmermann, N. E., Edwards, T. C., Jr, Graham, C. H., Pearman,
P. B, & Svenning, J.-C. (2010). New trends in species dis-
tribution modelling.  Ecography, 33(6), 985-989. https:/doi.
org/10.1111/j.1600-0587.2010.06953.x

BIOSKETCH

Salvador Arenas-Castro is a broad-spectrum ecologist with in-
teresting in different integrative perspective of the fundamental
ecology, macroecology and biogeography with their both appli-
cation and relationship to climate and land management, explor-
ing other research sources in agroecology, spatial biology and
earth observation techniques applied to natural resources. His
ongoing work focuses on the detection of changes in biodiver-
sity patterns, from the species to the ecosystem and landscape
levels, according to forecasted climate and land uses at different
multi-scale approaches. Please check his webpage for further in-
formation: https://salvadorarenascastro.wordpress.com/
Author contributions: All authors conceived and designed the idea;
Salvador Arenas-Castro and Adrian Regos collected the bird data-
sets; Salvador Arenas-Castro performed the RS-EFAs computation
and Adrian Regos derived the climate dataset; Salvador Arenas-
Castro performed the modelling process and analysed the results
with the advice of Adridn Regos, Ivone Martins, Jodo Honrado
and Joaquim Alonso; Adridan Regos and Jodo Honrado provided
advice in interpreting habitat models and the variables contribu-
tion; Ivone Martins and Joaquim Alonso provided help in analys-
ing and discussing data quality assessment and model accuracy;
Salvador Arenas-Castro led the writing and format editing, and all
co-authors reviewed, edited and provided critical comments and
feedback on drafts and approved the manuscript for publication.

SUPPORTING INFORMATION
Additional supporting information may be found in the online

version of the article at the publisher’s website.

How to cite this article: Arenas-Castro, S., Regos, A., Martins,
I, Honrado, J. & Alonso, J. (2022). Effects of input data sources
on species distribution model predictions across species with
different distributional ranges. Journal of Biogeography, 49,
1299-1312. https://doi.org/10.1111/jbi.14382

85U8017 SUOLLLIOD 8A 18810 3cedldde ayy Aq peusencb ae sajoiLe VO ‘8sn Jo Se|ni Joj Ak 18Ul UO A8]IAA U (SUORIPUOD-PUR-SLULRIALI0O" A3 IM"Aeiq| U UO//:SANY) SUORIPUOD pUe SWid | 8L 88S *[7202/80/02] U0 Akeid1auluo A8|1m ‘Seasiol|qig 8@ 01010suod-endD Aq Z8eyT I /TTTT 0T/I0pAw0d A8 im Areiq1juljuo//:Sciy Wwolj pepeoiumoq ‘. ‘2202 ‘6692S9ET


https://doi.org/10.1111/ddi.13068
https://doi.org/10.1038/s41598-019-39133-1
https://doi.org/10.1371/journal.pone.0071218
https://seo.org/
https://seo.org/
https://doi.org/10.1002/ece3.2332
https://doi.org/10.1016/j.ecolmodel.2021.109671
https://doi.org/10.1111/ddi.13255
https://doi.org/10.1111/ddi.13255
https://doi.org/10.1111/j.1466-8238.2010.00635.x
https://doi.org/10.1111/gcb.12728
https://doi.org/10.1038/s41467-019-09519-w
https://doi.org/10.1038/s41467-019-09519-w
https://doi.org/10.1111/j.1472-4642.2008.00518.x
https://doi.org/10.1111/j.1472-4642.2008.00518.x
https://doi.org/10.1016/j.ecolmodel.2021.109453
https://doi.org/10.1016/j.ecolmodel.2021.109453
https://doi.org/10.1371/journal.pone.0129037
https://doi.org/10.1371/journal.pone.0129037
https://doi.org/10.3390/ijgi9120735
https://doi.org/10.3390/ijgi9120735
https://doi.org/10.1111/2041-210X.12264
https://doi.org/10.1111/2041-210X.12264
https://doi.org/10.1111/j.1558-5646.2008.00482.x
https://doi.org/10.1111/j.1558-5646.2008.00482.x
https://doi.org/10.1111/ecog.05485
https://doi.org/10.1016/j.ecolmodel.2015.03.017
https://doi.org/10.1016/j.ecolmodel.2015.03.017
https://doi.org/10.1186/1472-6785-9-8
https://doi.org/10.1111/j.1600-0587.2010.06953.x
https://doi.org/10.1111/j.1600-0587.2010.06953.x
https://salvadorarenascastro.wordpress.com/
https://doi.org/10.1111/jbi.14382

	Effects of input data sources on species distribution model predictions across species with different distributional ranges
	Abstract
	1|INTRODUCTION
	2|MATERIALS AND METHODS
	2.1|Study area and bird data
	2.2|Environmental predictors
	2.3|Model fitting
	2.4|Model evaluation and performance
	2.5|The most contributing predictors and spatial projections across set of models

	3|RESULTS
	3.1|Data structure
	3.2|Model evaluation and performance
	3.3|The variable importance ranking
	3.4|Overlap and uncertainty in spatial projections

	4|DISCUSSION
	4.1|The added value of citizen science occurrence data for more accurate predictions
	4.2|Contribution of predictors to the performance and predictions of SDMs
	4.3|Similarity and stability across spatial projections in SDMs

	5|CONCLUSIONS
	ACKNOWLEDGEMENTS
	CONFLICT OF INTEREST
	DATA AVAILABILITY STATEMENT

	REFERENCES
	BIOSKETCH


