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Ecography Species distribution models (SDMs) have proven valuable in filling gaps in our

knowledge of species occurrences. However, despite their broad applicability,
2924: 07294 SDMs exhibit critical shortcomings due to limitations in species occurrence data.
doi: 10.1111/ecog.07294 These limitations include, in particular, issues related to sample size, positional
Subject Editor: Miguel Aradjo uncertainty, and sampling bias. In addition, it is widely recognised that the quality
Editor-in-Chief: Miguel Aradjo of SDMs as well as the approaches used to mitigate the impact of the aforemen-
Accepted 1 July 2024 tioned data limitations depend on species ecology. While numerous studies have

evaluated the effects of these data limitations on SDM performance, a synthesis
of their results is lacking. However, without a comprehensive understanding of
their individual and combined effects, our ability to predict the influence of these
issues on the quality of modelled species—environment associations remains largely
uncertain, limiting the value of model outputs. In this paper, we review studies
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that have evaluated the effects of sample size, positional uncertainty, sampling bias, and species ecology on SDMs out-
puts. We build upon their findings to provide recommendations for the critical assessment of species data intended for

use in SDMs.

Keywords: data quality, ecological niche modelling, filtering, sampling, spatial scale, validation

Introduction

The quantity and quality of biological observations have
improved dramatically over the past few decades. However,
a certain level of uncertainty is inherently present in such
data, resulting in uncertainties of scientific inferences based
on them (Hortal et al. 2015, Daru and Rodriguez 2023,
Hughes et al. 2023). Correlative species distribution models
(SDMs; also known as habitat suitability models or eco-
logical niche models; Sillero 2011) are useful for tackling
the gaps in our knowledge of species occurrence (Elith and
Leathwick 2009). These models combine environmental
and species occurrence data to build a set of rules describing
the environmental space where species were observed (i.e.
species ecological niche) and can then be used to predict
the distribution of that species (Ferrier et al. 2017). SDMs
support a wide variety of ecological applications, such as the
assessment of the spread of invasive species (Guisan et al.
2013, Bazzichetto et al. 2021), the detection of potential
impacts of environmental changes on biodiversity (Ehrlén
and Morris 2015, Haesen et al. 2023), or the identifica-
tion of suitable locations for the relocation of endangered
species (Guisan et al. 2013, Segal et al. 2021). However,
despite their broad applicability, SDMs have critical short-
comings associated in particular with the characteristics of
input data, including their quantity and quality (Elith et al.
2002, Barry and Elith 2006, Rocchini et al. 2011, Moudry
and Simov4 2012, Wiiest et al. 2020, Davies et al. 2023).
In this paper, we focus on the limitations of species occur-
rence data (for issues associated with environmental data,
see for example Fourcade et al. 2018, Aradjo et al. 2019
Moudry et al. 2023).

Limitations of species occurrence data can introduce
uncertainty and biases in the estimation of species—environ-
ment relationships and, consequently, of their predicted dis-
tributions (Aratjo et al. 2019). In particular, data availability
(i.e. sample size) is critical; the smaller the minimum sam-
ple size that can theoretically be used in SDMs, the higher
the number of species that can be modelled (Stockwell and
Peterson 2002). However, measurement errors associated with
data acquisition methods (i.e. positional error; Smith et al.
2023) are another major source of uncertainty, which may, in
effect, necessitate the use of a larger sample size than had the
data been accurate. In addition, the choice of inappropriate
sampling strategies can introduce biases towards certain loca-
tions (i.e. sampling bias; Bazzichetto et al. 2023). Moreover,
it is well-recognised that the quality of SDMs is also influ-
enced by the species’ ecology (Segurado and Araujo 2004,
Heikkinen et al. 2006, Guisan et al. 2007, McPherson and
Jetz 2007, Collart et al. 2023) and the fact that the effects of
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different data limitations (e.g. sample size, positional uncer-
tainty, and sampling bias) may be species-specific.

As the interest in using SDMs continues to grow, tackling
darta limitations becomes increasingly critical (Aragjo et al.
2019, Wiiest et al. 2020, Jansen et al. 2022, Marcer et al.
2022). In this context, it is now expected that data character-
istics and limitations are considered and properly reported
during the conceptualisation and validation of SDMs
(Feng et al. 2019, Zurell et al. 2020, Sillero and Barbosa
2021, Tessarolo et al. 2021, Jansen et al. 2022, Jeliazkov et al.
2022, Boyd et al. 2023). However, without proper knowl-
edge of the individual or combined effects of sample size,
positional uncertainty, sampling bias, and their interaction
with species’ ecology, our ability to anticipate the impact of
these issues on the quality of SDMs remains largely uncer-
tain, limiting the value of model outputs (see Fig. 1 for a
diagram introducing data characteristics and their relation-
ships considered in this review).

A common approach to the evaluation of the effects of
data limitations on model performances is to manipulate the
input data experimentally or to simulate datasets impacted
by various sources of bias or uncertainty. Here, we examine
studies that manipulated sample size (section ‘Sample size’)
or introduced positional uncertainty (section ‘Positional
uncertainty’) or sampling bias (section ‘Sampling bias’) to
investigate their impact on SDMs’ outputs. Building upon
these studies, we provide guidance on how to critically assess
the spatial data used in SDMs, and identify directions for
optimising the tradeoffs between data limitations and accu-
rate modelling of species—environment relationships (section
‘Guidelines and future directions’).

Sample size

Among all possible factors, sample size (Box 1) has the
most profound effect on the performance of an SDM
(Thibaud et al. 2014, Santini et al. 2021). Sample size poses
an important constraint to the model complexity, i.e. to
the number of parameters to be estimated, as well as to the
algorithms and their settings used for modelling. In SDMs,
sample size can range from just a few (Papes and Gaubert
2007, Pearson et al. 2007) to millions (Botella et al. 2023,
Gdbor et al. 2024) of records. In the vast literature measuring
the effect of sample size on model performance (Table 1), the
primary concern has been to determine the minimum ade-
quate sample size required to produce reliable and fic-for-pur-
pose models (Stockwell and Peterson 2002, Hanberry et al.
2012, Proosdij et al. 2016). In parallel, ecological research
investigates to what extent additional time and economic

25U901] SUOLLILLIOD BAIER.D) 3 |deatjdde aU) Aq peuanoB a2 Sajo1Le O 98N J0 SN 10} AReiql1 2UIIUO AB]IAM LIO (SO 1 IPLIOD-PUE-SWBILI0D" A3 I ARGl PUIUO/SAIL) SUONIPUOD PUE SLULG | aU) 395 [5Z02/T0/E0] U0 ARiq1T auIluo Ad|im ‘e 1ebingeLeIped Ad v6220'5000/TTTT 0T/10p/woo" ] 1w AReic) jpujuo's uInolosuy/sdiy Wwouj papeojumod ‘2T *4Z0Z ‘28500091



Species Ecology
% R TraininAg sample . i
Bias,., oampling | iSamping, , ~ Sample Model | Positional
Correction Bias Design Size Complexity: Uncertainty

’ Test sample '
T
s ‘ “‘
i‘M """ .-.'*o ;
N v 4
S

Geographic and Environmental space

Figure 1. Sample size, positional uncertainty, and sampling bias are the three essential characteristics of species occurrence data addressed in
this review. These interconnected characteristics can have a significant impact on the reliability of species distribution models (SDMs)
results. Researchers must thoughtfully address these factors during the collection of species occurrence data (sampling design) and the
formulation of models (model complexity). Maximising sample size, using sampling bias correction methods, and minimising positional
uncertainty relative to the spatial resolution and autocorrelation of environmental predictors during model training and testing, are all
essential steps. Additionally, species ecology and the distribution of species observations in the geographic and environmental space can
exacerbate or attenuate the negative effects of small sample size, high sampling bias, and high positional uncertainty on the reliability of

SDMs results. See Box 1 for definitions of key terms and concepts.

resources should be spent to improve models by increasing
the sample size (Liu et al. 2019). Knowing the minimum
(and maximum) sample size required for accurate predictions
would theoretically allow optimisation of the resources spent
on labour-intensive fieldwork and, therefore, help reduce
associated costs. Nonetheless, the extent to which modelling
could replace fieldwork remains questionable.

Importance of sample size in model training
and testing

Studies focusing on a better understanding of how sample
size impacts models’ accuracy revealed that it is in principle
possible to train SDMs with a relatively small sample. Values
typically range from 50 to 150 presences (or presences—
absences), although values as low as 10 presences or as high as
a few hundred have also been reported (Table 1). However, it
is important to note that studies typically reported minimum
sample size when the model was still relatively useful, not
sample size when the model gave optimal results. Besides, it
has been reported that models relying on fewer than approxi-
mately 70 presences do not reliably identify the variables
affecting distributional patterns (Smith and Santos 2020) or
result in poor(er) estimates of the shapes of species response
curves (Coudun and Gégout 2006, Shiroyama et al. 2020,
Bazzichetto et al. 2023, Wang and Jackson 2023). In gen-
eral, all studies agreed that increasing sample size increased a
model’s predictive performance (keeping the number of pre-
dictors fixed), although a plateau in model performance is
generally reached (Stockwell and Peterson 2002). According

to recent studies, hundreds of presences are needed to reach

the plateau where increasing sample size further adds little to
the model performance (Liu et al. 2019, Gébor et al. 2020a).

Insufficient attention has so far been devoted to the eval-
uation of possible effects of the testing dataset sample size
on validating SDMs’ predictive performances. Generally,
small validation datasets can lead to inaccurate assessment
of model performance (Hallman and Robinson 2020).
Recently, Jiménez-Valverde (2020) showed that 30 pres-
ence—absence records (i.e. 15 presences and 15 absences) are
a (minimum) adequate sample size for a validation dataset
to estimate the predictive performance of presence—absence
models. However, their conclusions are based on simu-
lations, and it is important to note that studies using real
data are essential to generalise these results. In addition, the
minimal sample size of a validation dataset has not yet been
evaluated in the case of presence—background data; since
these carry less information than presence—absence data,
the validation set should be correspondingly larger (Collart
and Guisan 2023). While the importance of a sufficiently
large validation sample is intuitive, the impact of increasing
the sample size of the testing dataset on validation accuracy
urgently needs further testing.

Relationships between sample size, species ecology,
and model complexity

The association between model performance and sample
size depends largely on the species’ ecology. Studies have
repeatedly indicated that, for a given sample size, SDMs
better predict species with restricted geographical distribu-
tions (i.e. low range size, prevalence, or relative occurrence
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Box 1. Glossary of key terms.

Ecological niche: Hutchinsonian niche, defined as a hypothetical hypervolume spanned by the eco-physiological responses
of a species to all environmental factors affecting its fitness.

Model complexity refers to the level of intricacy and flexibility in the representation of a species' ecological niche. It
reflects how well the model can capture the underlying relationships between predictors and species distribution. The
choice of model complexity depends on the nature of the problem, the amount and quality of available data, the number
of model parameters, and the available computational resources. Finding the right balance between a model's ability to
capture patterns and its potential for overfitting is a key challenge in building effective models.

Model performance: here intended in a broad sense as a model capacity of recovering the underlying species—environ-
ment relationship using available data (‘explanatory’ performance), while also being able to extend (predict) out of the
sample used for training/calibration (‘predictive’ performance).

Model training is the process of teaching a machine learning or statistical model to make predictions based on data.
It is a crucial step in building and developing predictive models. Model training involves using a dataset with known
outcomes to enable the model to learn the underlying patterns and relationships in the data.

Model testing, also known as model evaluation, is the process of assessing the performance and effectiveness of a
machine learning or statistical model using a separate (independent) dataset that the model has not seen during training.
The primary purpose of model testing is to determine how well the trained model generalises to new, unseen data and to
assess its predictive accuracy and reliability.

Positional uncertainty (sometimes also referred to as positional error) in species occurrence data refers to inaccuracies
or uncertainty in the recorded coordinates of where a species was observed or collected. This error can result from factors
such as imprecise global navigation satellite systems (GNSS) measurements, data entry mistakes, or a lack of accurate
location information.

Spatial resolution or grain refers to the level of detail or granularity at which data are collected, represented, or analysed
in a spatial context. It can also be thought of as the size of the smallest spatial unit in a dataset (i.e. pixel size).

Sampling design refers to the approach used to collect species occurrence data. The sampling design is a crucial
aspect of SDMs, as it should in principle ensure that the data include all relevant information to represent the ecologi-
cal niche of the species and the environmental conditions in the study area. The quality and representativeness of the
data collected directly impact the accuracy and reliability of the model.

Sample size: the size of the data sample used to train and validate the model. Here, we define sample size as the total
number of presences and absences (i.c. presence—absence data). When discussing studies based on presence—background
data, we refer specifically to the number of presences.

Sampling bias: species occurrence records typically exhibit spatial bias, wherein some locations or environmental
conditions are more intensively sampled than others. People sample accessible locations more intensively than remote or
unpopular ones. This type of bias means that the available data used as the response variable fail to represent the complete

niche of the species.

area), as well as specialist species with strict ecological
requirements (i.e. narrow ecological niche) than species with
wide geographic ranges and generalist (i.e. wide ecological
niche) species (Stockwell and Peterson 2002, Seoane et al.
2005, Hernandez et al. 2006, Tsoar et al. 2007, Mateo et al.
2010, Tessarolo et al. 2014, Proosdij et al. 2016, Hallman
and Robinson 2020, Arenas-Castro et al. 2022, Wang and
Jackson 2023). The association between model performance,
sample size, and species ecology can be explained by niche
completeness (i.e. the proportion of a species' niche covered
by the sampling). For example, if a species has a restricted
ecological niche (or range), the niche may likely be well rep-
resented by a low number of occurrences. On the other hand,
a large sample size does not necessarily mean a complete cov-
erage of the entire ecological niche for widespread species
(Bazzichetto et al. 2023, Boyd et al. 2023).

This is further related to model complexity. Selecting a
model with an appropriate level of complexity, which would
prevent overfitting noise in the data and, at the same time,
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allow discrimination of influential predictors from uninflu-
ential ones and accurately capture the true species—environ-
ment relationship, remains a challenge (Merow et al. 2014,
Garcia-Callejas and Aratjo 2016, Baartman et al. 2020).
Building models with complex species response shapes and/
or too many predictors can result in difficulties in recognis-
ing true complexity from noise, especially in case of low
sample size. However, even large sample sizes can result in
low accuracy in the estimation of model parameters if the
model is overly complex (i.e. includes too many parameters
or interactions, e.g. Wisz et al. 2008, Moreno-Amat et al.
2015). At the same time, underfitting models that are not
flexible enough to describe species—environment asso-
ciations risk failing to identify the factors shaping spe-
cies distributions. While adding more predictor variables
avoids neglecting important ones and can improve model
performance, the ability to distinguish between influential
and uninfluential variables depends on sample size (Smith
and Santos 2020). It is, therefore, recommended to keep
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the number of predictors reasonably small with respect to
the sample size (Williams et al. 2012, Brun et al. 2020,
Ramampiandra et al. 2023). The minimum required sample
size increases with the number of parameters, which also
determines the complexity of the assumed species response
curves (e.g. quadratic response curves or statistical interac-
tions among predictors; Austin 2002, Barry and Elith 20006,
Maggini et al. 20006, Ficetola et al. 2014, Merow et al. 2014,
Bell and Schlaepfer 2016, Carretero and Sillero, 2016). To
minimise the risks of overfitting and underfitting, it is use-
ful to evaluate models with varying levels of complexity
and sample size and to select the one with the best per-
formance while also minimising the performance difference
between model training and testing (Merow et al. 2014,
Ramampiandra et al. 2023).

The minimum ratio of events to predictor variables is sug-
gested by the ‘events per variable’ (EPV) rule. A popular cri-
terion says that one should rely on at least ten observations
per predictor considering the event class (presence or absence
in case of binary data) with the lowest abundance (e.g. a data-
set with 70 presences and 30 absences would allow includ-
ing a maximum of three predictors; Reineking and Schréder
2006). However, it is worth noting that the EPV rule is a
guideline rather than a strict rule, and it is increasingly being
questioned (van Smeden et al. 2019). For example, the
appropriate ratio may vary depending on the specific context
and the complexity of the data (Garcfa-Callejas and Aradjo
2016). Therefore, in addition to sample size, it is important
to consider model complexity with respect to sampling bias
and positional uncertainty (see sections TPositional uncer-
tainty’ and ‘Sampling bias’).

Recommendations associated with sample size

The above-mentioned studies showed that SDMs can per-
form relatively well even with small sample sizes (Table 1).
However, the studies mentioned in Table 1 are difficult to
compare due to the use of different species, differences in the
used modelling algorithms, numbers of parameters, spatial
resolutions, and geographical extents. Whether the sample size
is considered small or sufficient depends largely on the num-
ber of predictors in the model, and the complexity and nature
of the species—environment relationships (Merow et al. 2014,
Smith and Santos 2020, Bazzichetto et al. 2023). Hence,
given how context-dependent these relationships are, we can-
not recommend a specific threshold of what a ‘small’ or ‘large’
sample is, but we provide a series of steps that researchers
should consider when preparing SDMs:

e First, the sample size required for a particular analy-
sis requires careful consideration of the purpose of the
study (Foody 2011). On the one hand, models based
on low sample sizes can help identify potential knowl-
edge gaps and optimise the allocation of funds for field
surveys (e.g. to pinpoint areas with a high potential for
discovering unknown populations of the studied spe-
cies; Raxworthy et al. 2003, Fois et al. 2015, 2018,
Rhoden et al. 2017, Becker et al. 2022). On the other
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hand, healthy scepticism remains in the scientific com-
munity of (macro)ecologists and biogeographers regard-
ing the usability of predictions derived from models with
small sample sizes as guidelines for applications such as
modelling species ranges, predicting responses to climate
change, or planning conservation efforts (Loiselle et al.
2008, Feeley and Silman 2011, Duputié et al. 2014,
Muscatello et al. 2021).

Second, species’ ecology has to be considered as SDMs
better predict specialist species with narrow ecological
niches than generalist species with wider ecological niches
(Tsoar et al. 2007).

Third, researchers should consider the number of predic-
tors investigated. As the ability to differentiate between
influential and non-influential variables decreases with
decreasing sample sizes, the challenge lies in the a priori
identification of variables that genuinely influence spe-
cies distribution (Smith and Santos 2020). Studies that
include a small number of variables selected based on
expert opinion will generally require a smaller sample size
than studies that select variables from a large pool using
automated algorithms (Ficetola et al. 2014).

Fourth, the complexity of the shape of species response
curves must be taken into account as models based on small
sample sizes result in less precise estimates of these shapes
(Bazzichetto et al. 2023). Models aiming at generating
simple response curves (e.g. linear, hinge, or step) can
be developed with relatively low sample sizes. However,
models identifying more complex shapes such as Gaussian
or even non-parametric smooth functions require much
larger sample sizes. Adding interactions between variables
increases the requirements for the sample size even more.
Fifth, we cannot suggest a minimum number of pres-
ences (presences—absences) as a rule of thumb, but if a
researcher is unsure whether the sample size is sufficient
given the objectives and complexity of the model, we rec-
ommend testing the effect of sample size. Start with the
most comprehensive model you think is appropriate in
your particular case and progressively increase the sample
size until you reach your possible maximum (i.e. all pres-
ences you have), and see if your model performance is
reaching a plateau. If no plateau is reached, it is likely that
more presences are necessary. In such a case, a reduction in
the number of variables or the complexity of the response
curves should be considered. Remember to set aside at
least 30 presence—absence records for model validation, as
recommended by Jiménez-Valverde (2020).

Finally, while it is possible to design accurate SDMs
with a well-balanced sampling of as few as 50 presences
(Table 1), most observational data are too ad hoc and far
from being representative of spatial variation in species—
environment associations due to confounding effects
of data limitations such as positional uncertainty (sec-
tion ‘Positional uncertainty’), or sampling bias (section
‘Sampling bias’). Hence, researchers should also consider
these data limitations before attempting to build a model
based on a small sample.
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Positional uncertainty

Species occurrence data are always prone to positional uncer-
tainty, i.e. the difference between the actual and recorded
location of a species in the coordinate reference system of
the dataset. The magnitude of the positional uncertainty
associated with species observations can range from a few
centimetres up to tens of kilometres. Under high positional
uncertainty, SDMs using environmental layers at spatial reso-
lutions finer than the magnitude of the positional uncertainty
(e.g. environmental layers at a 10 m resolution and a 50 m
positional uncertainty of species observations) can estimate
erroneous/misleading  species—environment  relationships.
The potential effect of positional uncertainty on SDMs per-
formance is determined by several interacting factors (Fig. 2).
Therefore, positional uncertainty should be assessed before
calibrating and validating SDMs, as it can negatively affect
training and testing datasets as well as modelling decisions,
such as the spatial resolution of environmental variables.

How to address positional uncertainty in training
and testing datasets

Several studies have examined the impact of positional uncer-
tainty on SDMs performance by simulating shifts in species
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presences (Table 2). These studies typically compare SDMs
outcomes based on data with high positional accuracy against
results obtained using the same data but affected by posi-
tional uncertainty of different magnitudes. Findings from
these studies have been somewhat mixed: some found little
effect of positional uncertainty and reported that SDMs were
relatively robust to it (Graham et al. 2008, Fernandez et al.
2009); others concluded that species occurrence data with
positional uncertainty generally lead to less accurate SDMs
(Johnson and Gillingham 2008, Osborne and Leitao 2009,
Mitchell et al. 2017).

In real-world applications, a mix of high- and low-accuracy
distribution data is the most common situation, and research-
ers usually have to find a compromise between positional
uncertainty and sample size (Smith et al. 2023). However,
studies focusing on this issue yielded somewhat conflict-
ing results. Reside et al. (2011) warned that increasing the
sample size by incorporating historic species occurrence data
with inaccurate positions can reduce SDMs performances.
On the other hand, Smith et al. (2023) showed that the
removal of data with high positional uncertainty can exces-
sively reduce the sample size and, thus, the model accuracy
(Smith et al. 2023). Furthermore, Gédbor et al. (2023) showed
that even models affected by positional uncertainty in spe-
cies data can be ecologically interpretable. Another study
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Figure 2. Three groups of interacting factors that determine the magnitude and potential impact of positional uncertainty on species
distribution models (SDMs) performance can be specified: the recording technique and data processing (section ‘Role of recording technique
and darta processing’); species ecology and characteristics of the site (section ‘Relationships between positional uncertainty, species ecology
and ecosystem characteristics’); and the spatial resolution and degree of spatial autocorrelation of the predictors (section ‘Relationship
between positional uncertainty, spatial resolution and autocorrelation’).
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Table 2. Studies analysing the influence of positional uncertainty in species occurrence data on species distribution models (SDMs).

Range of shifting occurrences

Study Species data Resolution of environmental var. Distance Cells
Graham et al. 2008 Observed 100 x 100 m 0-5 km 0-50 cells
Johnson and Gillingham 2008 Observed 30x30m 50-1000 m 1-34 cells
Osborne and Leitao 2009 Observed 1x1km 0-5 km 0-5 cells
Fernandez et al. 2009 Observed 1x1km 5-50 km 1-50 cells
Naimi et al. 2011 Virtual Artificial data Not valid 1-30 cells
Mitchell et al. 2017 Observed 25x25m 5-400 m 1-160 cells
Velasquez-Tibata et al. 2016 Virtual 150 x 150 cells Not valid 5-15 cells
Gabor et al. 2020b Virtual 5x5m 5-500 m 1-100 cells
Gabor et al. 2023 Virtual 50 x 50 m 50-1500 m 1-30 cells
Gabor et al. 2023 Observed 200 x 200 m 1-30 km 1-30 cells

investigating the effect of positional uncertainty concluded
that models with small sample sizes were more affected by
positional uncertainty than models based on larger sample
sizes (Mitchell et al. 2017).

The role of positional uncertainty is rarely considered
in the evaluation of SDMs. Surprisingly, most SDM stud-
ies dealing with positional uncertainty only focused on the
training dataset, while ignoring the (potential) effect of inac-
curately georeferenced data in the validation dataset. The
ultimate consequence of positional uncertainty in species
data lies in an erroneous identification of the presence or
absence in a given cell (i.e. in specific environmental condi-
tions). In this regard, Foody (2011) demonstrated that vali-
dation data should be error-free (i.e. correctly distinguish
between presences and absences), as even a small amount
of error could result in misidentification of presences/
absences and substantial misestimation of model perfor-
mance. Therefore, data correctly labelled as species presence
or absence (i.e. with minimal positional uncertainty) are
essential for assessing model performance. More recently,
Moudry et al. (2017) showed that the inclusion of poten-
tially erroneous presences (in this case ambiguous breeding
bird categories used in the breeding bird atlases, i.e. possible
and probable breeding) severely affected models’ perfor-
mance metrics when added to the validation dataset, while
it had a relatively minor effect on model performance when
added to the training dataset. Therefore, we suggest relying
on large sample size, possibly including observations with
low positional accuracy (i.e. with higher positional uncer-
tainty than the spatial resolution of predictors) for model
calibration, while preserving high-accuracy data for model
validation.

Alternatively, Moudry and Simova (2012) suggested that
knowing the positional uncertainty of the occurrences allows
balancing high- and poor-quality data in both training and
testing datasets, e.g. by including a predictor in the model
(even as a categorical variable with a few levels of data posi-
tional uncertainty) to be tested or to up/downweight the
importance of observations (see Veldsquez-Tibatd et al. 2016
for such an approach using Bayesian models). This allows pre-
serving most of the data and offsetting the potential negative
effect of high positional uncertainty. On the other hand, if
the predictor has many levels and few observations (per level),
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it might be better to subset the data to retain only those of the
best quality. If only a small sample size is available, we recom-
mend considering the use of methods to mitigate positional
uncertainty (Hefley etal. 2014, Zhang et al. 2018, Smith etal.
2023). Note, however, that the existing approaches typically
either require knowledge of the magnitude of the uncertainty
and that their use is limited to data with relatively small posi-
tional uncertainty (Zhang et al. 2018), or they require that at
least part of the dataset is recorded with minimal positional
uncertainty (Hefley et al. 2014, Smith et al. 2023). Although
recent literature is favouring the inclusion of observations
with reasonable positional uncertainty rather than reducing
sample size (Gdbor et al. 2023, Smith et al. 2023), we rec-
ommend careful consideration of this trade-off. Whether it
is preferable to maintain the sample size or to minimise the
adverse effect of positional uncertainty remains a very timely
and unanswered question.

Role of recording technique and data processing

Old datasets, such as historical observations archived in
museums, atlases, and natural history collections that were
retrospectively georeferenced, are usually thought to be more
prone to relatively higher positional error than new ones
(Graham et al. 2004, Wieczorek et al. 2004, Newbold 2010,
Bloom et al. 2018, Marcer et al. 2022). However, positional
error affects any dataset, including those georeferenced using
modern technologies such as the global navigation satellite
systems (GNSS). Indeed, several factors can degrade GNSS
positional accuracy, including the number and position of
satellites, and the characteristics of the study site (e.g. beneath
a dense forest canopy versus an open grassland). The use of a
low number of satellites to georeference species data may be
due to the use of outdated technology, such as the use of a
device that relies only on the US Global Positioning System
(GPS), instead of using all currently available systems (e.g.
Galileo, Glonass, and Beidou). Even when the above-men-
tioned challenges are overcome, species occurrence data may
still be impacted by errors introduced during data process-
ing (e.g. wrong transformations among coordinate reference
systems, rounding of coordinates, or lack of error correc-
tion procedures such as post-differential correction; Sillero
and Gongalves-Seco 2014). Unfortunately, the positional
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uncertainty of species records is often undocumented

(Moudry and Devillers 2020, Marcer et al. 2022).

Relationships between positional uncertainty,
species ecology, and ecosystem characteristics

It is usually impossible to accurately georeference positions
for non-sessile species (unless they are equipped with trans-
mitters) due to environmental barriers (for example, it is
impossible to get close to the species in some habitats) and/
or species characteristics (e.g. size, mobility, and behaviour)
(Frair et al. 2010). Besides, georeferencing species' location
using GNSS in a dense forest or at the bottom of a narrow
and deep ravine may be difficult due to the poor reception of
the satellite signal. In addition, buildings, walls, and trees in
the proximity of an antenna can reflect the signal from satel-
lites, thereby further reducing the positioning accuracy (a
phenomenon known as multipath; Kos et al. 2010). Besides,
GNSS does not work underwater; in effect, the position-
ing of species observations in marine and freshwater envi-
ronments is based on acoustic positioning, which leads to a
decrease in accuracy with the water column depth, or simply
on recording a position at the surface of water and disregard-
ing movements of the sampling gear in the water column
(Rattray et al. 2014, Mitchell et al. 2017). As a result, data
for mobile animals can have a positional uncertainty of tens
to hundreds of metres. The distance between an animal and
the observer is positively associated with the species’ body
size and, therefore, big animals are typically less accurately
georeferenced as they move a lot or can be even danger-
ous, which leads to recording their location from a distance
(Zhang et al. 2018).

The effect of positional uncertainty on SDMs may also
depend on the species’ mobility, expressed as the daily dis-
persal range or migration ability. Many birds, fishes, and big
predators are very mobile, and the accurate georeferencing of
their location may play a smaller role in SDM performance
than in the case of sessile species (see Fig. 2 for an overview
of the factors that may interact with the magnitude of posi-
tional uncertainty when building SDMs). In this regard,
Gdbor et al. (2023) showed that the performance of a band-
tailed pigeon SDM only slightly decreased with increasing
positional uncertainty, while virtual species simulations that
did not consider species mobility showed a rapid decrease in
SDM performance. Although positional uncertainty seems
to depend on species characteristics, its role in affecting
SDMs for different groups (such as insects versus big mam-
mals; mobile organisms like birds versus sessile organisms like
plants, corals, etc.) is understudied. Among the few studies
that analysed the interaction between positional uncertainty
and species ecology, Veldsquez-Tibatd et al. (2016) and,
more recently, Gébor et al. (2020b), showed that positional
uncertainty has a greater impact on SDMs’ performances for
specialists (i.e. species with a narrow niche breadth) than for
generalist species (i.e. those with a wide niche breadth). This
is due to occurrences of specialist species being more suscep-
tible to a shift into unsuitable environments.

Relationships between positional uncertainty, spatial
resolution, and autocorrelation

The spatial resolution of predictors used in SDMs is
another critical factor determining the impact of positional
uncertainty on model performance. Previous studies on
positional uncertainty considered shifts from 5 m up to 50
km. Such a range of uncertainty results in a less impactful
shift of species data over raster cells (and across environmental
conditions) in a coarse-resolution set of environmental layers
(e.g. 1 X 1 km) than in a fine-resolution set of environmental
layers (e.g. 10 X 10 m). Note that more recent studies
investigated shifts of the species occurrence data by up to 160
pixels (which is almost threefold compared to older studies)
thanks to the reduced pixel sizes in the current environmental
data (see Table 2 for the combinations of adopted resolution
and positional uncertainty in existing studies). Indeed, with
today’s availability of high spatial resolution predictors,
misuse of positionally inaccurate species occurrences is
increasingly likely, with the risk of exacerbating the negative
effect of positional uncertainty on SDMs performances.

To reduce the effect of positional uncertainty, multiple
studies suggested adjusting spatial resolution so that the largest
positional uncertainty associated with occurrence data is lower
than the spatial resolution of the predictors (Engler et al. 2004,
Moudry and Simové 2012, Keil et al. 2014, Vollering et al.
2016, Sillero et al. 2021a). However, coarsening the spatial
resolution of the environmental variables may degrade
information on fine-scale heterogeneity in environmental
variables, eventually reducing their explanatory power for
predicting species distribution (Mertes and Jetz 2018). In
addition, spatial resolution can be coarsened to a level that is
too far from the relevant ecological scale (Lecours et al. 2015,
Moudryetal. 2023). Recently, Gdbor etal. (2022) showed that
coarsening the spatial resolution to compensate for positional
uncertainty does not improve model performance. However,
they used a relatively simple virtual species approach, so more
studies, preferably using ‘real’ species, are needed to validate
their results. Whether maintaining the spatial resolution of
the response variable close to the ecological scale is more
important than minimising the adverse effect of positional
uncertainty (or whether the opposite is true) remains a very
current and unanswered question (see Moudry et al. 2023 for
a review of practices for appropriate grain selection).

It is crucial to recognise that shifting species records in the
geographic space does not necessarily translate to an equiva-
lent shift in the environmental space. High positional uncer-
tainty can lead to mischaracterizing the conditions under
which a species occurs, especially in regions characterised
by steep ecological gradients, such as mountainous areas or
heavily fragmented landscapes. Indeed, the impact of posi-
tional uncertainty is related to the spatial autocorrelation of
environmental variables. Naimi et al. (2011) found that the
impact of positional uncertainty on SDMs’ prediction perfor-
mance decreased with increasing spatial autocorrelation in the
environmental variables. In this regard, examining the degree
of spatial autocorrelation in environmental variables was
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suggested as a way to a priori assess the impact of positional

uncertainty on SDMs predictions (Naimi et al. 2011, 2014).

Recommendations associated with positional
uncertainty

It is crucial to consider data quality and to carefully assess the
implications of using data affected by positional uncertainty in
either the training or validation process. Such considerations
will yield more reliable assessments of model performance
and improve the accuracy of SDMs.

* First, we recommend ‘cleaning’ the dataset and removing
aberrant errors (e.g. records with switched latitude and
longitude, or records located at zoos or botanical gardens).
This can be performed using automated methods such as
those implemented by the ‘CoordinateCleaner’ R package
(Zizka et al. 2019).

* Second, researchers should quantify the positional uncer-
tainty of the remaining input data, for example, using
attributes specifying positional uncertainty. If such assess-
ment is limited by metadata availability, for example in
the case of historical data, it is recommended to at least
approximate the positional uncertainty based on known
information, such as the collection methodology or the
number of decimals recorded with coordinates (Peterson
and Samy 2016, Watcharamongkol et al. 2018, Moudry
and Devillers 2020).

e 'Third, we recommend researchers to carefully weigh the
trade-offs between positional uncertainty and spatial reso-
lution of environmental variables, with greater emphasis on
the use of a resolution as close to the ecological scale as pos-
sible (Gdbor et al. 2022, Moudry et al. 2023). Preferably,
the positional uncertainty should be lower than the spa-
tial resolution of the environmental variables (Moudry and
Simov4 2012). We suggest that the spatial resolution should
be at least twice the positional uncertainty to reduce the
risk of miscalculation of species—environment relationships.
However, this may not always be achievable. In such a case,
it is important to consider the following steps to estimate
and acknowledge the potential impact of positional uncer-
tainty on the performance of the model.

* Fourth, we suggest considering positional uncertainty in
light of the particular species’ ecology as some groups of
species, such as mobile species, might be less affected by
positional uncertainty than others (Gabor et al. 2020b).

e Fifth, researchersshould examine thespatial autocorrelation
in predictors to gain insight into whether predictions are
likely to be affected by positional uncertainty (Naimi et al.
2011, 2014). This may include testing the impact of
various resolutions on model performance.

* Finally, we recommend considering the use of methods
to mitigate positional uncertainty (Hefley et al. 2014,
Zhangetal. 2018, Smith et al. 2023). Alternatively, know-
ing the positional uncertainty of the occurrences allows
the inclusion of predictors in the model to be tested or to
up/downweight the importance of observations (Moudry
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and Simov4 2012, Veldsquez-Tibatd et al. 2016). For
new surveys, we suggest using measurement techniques
that minimise positional uncertainty, such as differential
GNSS (Sillero et al. 2021b), and providing an estimate of
the measurement accuracy (as is increasingly common in

global databases).

Sampling bias

Sampling bias poses a significant challenge in SDMs, lead-
ing to models that provide a partial or distorted view of spe-
cies distribution or ecological niche (Kadmon et al. 2004,
Leitdao et al. 2011, Bean et al. 2012, Beck et al. 2014, Stolar
and Nielsen 2015, Bardon et al. 2021). Despite advances,
our knowledge of species distributions still remains limited
for most taxa due to the variations in the sampling inten-
sity over time and huge regions of the world remaining
poorly sampled (Isaac and Pocock 2015, Menegotto and
Rangel 2018, Hughes et al. 2021, Daru and Rodriguez
2023). Typically, positive sampling biases have been reported
towards easily accessible areas (e.g. proximity to roads, riv-
ers, and urban settlements, Kadmon et al. 2004), protected
areas (Boakes et al. 2010, Girardello et al. 2019), more popu-
lated areas (Geldmann et al. 2016), and charismatic species
(Troudet et al. 2017), leading to spatial and taxonomic biases
(Huges et al. 2021). Uneven data-sharing practices further
exacerbate this issue (Meyer et al. 2015). Various methods
have been proposed to compensate for sampling bias in spe-
cies occurrence records, aiming to create models with qual-
ity comparable to models developed with unbiased data.
Prevalent approaches for bias compensation include adjust-
ing background samples (the target-group background, TGB,
approach; Phillips et al. 2009) in presence—background mod-
els, or filtering (thinning) presences (Veloz 2009) (Table 3).
The rationale behind the TGB approach is to select back-
ground data with the same sampling bias as the set of presence
records (i.e. to bias the background locations towards areas
where the presences were sampled; Phillips et al. 2009). The
TGB approach adjusts the selection of the background data
by assessing the ‘sampling effort’, which indicates the effort
invested during sampling. For example, the TGB approach
restricts the sampling of background data to locations where
other species of the same order or family as the target species
have been observed (preferably using the same methodology/
database). This is done assuming that hypothetical surveys
would have detected the focal species if it had been present
in those locations. Therefore it is especially useful for large
citizen science projects (Barber et al. 2022, Boyd et al. 2023)
but less suitable for poorly sampled regions where information
on the target group may not be available. An appropriately
selected target-group background leads to a more reliable esti-
mation of species—environment relationships. Note, however,
the importance of careful selection of target group species, as
the density of occurrences not only reflects sampling effort but
also the varied densities of species and their ecological prefer-
ences, potentially introducing new biases (Botella et al. 2020).
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Table 3. Studies that evaluated the effect of sampling bias and the effectiveness of methods proposed to compensate for sampling bias on
model performance. TGB, target-group background.

Study Number of species  Bias type Evaluation approach Bias correction Main conclusion
Phillips et al. 2009 226 Existing Independent data ~ TGB Bias correction improve
models
Bystriakova et al. 5 plants Existing Independent data ~ TGB Bias correction improve
2012 (Asplenium spp.) (but only models
presences)
Kramer-Schadt et al. ~ Malay civet, two Existing, Simulated data Geographic filtering, TGB  Geographic filter is preferred
2013 virtual species Simulated relative to TGB
Syfert et al. 2013 Tree fern Existing Independent data ~ TGB Bias correction improve
models
Fourcade et al. 2014  Turtle, salamander, Simulated Original model Five methods Variable efficiency, further
virtual species based on research needed
unbiased data
Varela et al. 2014 Virtual Simulated  Original model Environmental and Recommend environmental
based on geographic filtering filtering
unbiased data
Ranc etal. 2017 Virtual Simulated  True distribution of  TGB Bias correction is detrimental
simulated species for some species
Castellanos et al. Virtual Simulated  True distribution of ~ Environmental and Recommend environmental
2019 simulated species  geographic filtering filtering
Gébor et al. 2020a Virtual Simulated  True distribution of ~ Environmental filtering Filtering is not necessarily
simulated species helpful
Chauvier etal. 2021 1,900 plants Existing Independent data Bias covariate correction, Combining both methods
and environmental bias ~ might be the best choice
correction
Inman et al. 2021 Virtual Simulated  True distribution of ~ TGB, geographic and Bias correction is detrimental
simulated species  environmental filtering for some species
Baker et al. 2022 Virtual Simulated  True distribution of ~ Geographic filtering More mechanistic

simulated species

understanding of how

sampling biases arise is
needed

The filtering approach (or thinning) was designed to reduce
the negative effect of sampling bias by reducing the number
of presences in oversampled regions in the geographic space
(Veloz 2009) or oversampled environmental conditions in the
environmental space (Varela et al. 2014). Both geographic
and environmental filtering use a distance between presences
to determine the filter size. However, while geographic filter-
ing uses distances in the geographic space (e.g. latitude and
longitude), environmental filtering uses the range between
values of multiple environmental variables (Varela et al.
2014, Castellanos et al. 2019). Another strategy carried out
in the environmental space is to use presence data (i.e. their
position in the environmental space) to identify and filter out
background points likely associated with suitable habitats
(Da Re et al. 2023). Many studies have evaluated the perfor-
mance of these methods, simulating the bias by sub-sampling
the original data (i.e. a presumably complete dataset without
any bias) or by addressing bias already present in the datasets
(Table 3). Such assessments require independent evaluation
data containing both presence and absence records or com-
parison against models based on the unbiased dataset before
sub-sampling simulation.

Should the bias be assessed in the geographic or
environmental space?

There is an ongoing debate about whether bias should be
assessed in the geographic or environmental space, or both

(Varela et al. 2014, Moudry 2015, Cosentino and Maiorano
2021, Xu et al. 2024). According to Hutchinson's duality,
there is a correspondence between the species' niche in envi-
ronmental space and its distribution in geographic space.
This means that the environmental conditions where a spe-
cies occurs (its ecological niche) are reflected in its geographic
distribution. Conversely, the geographic distribution of a
species can provide insights into its ecological niche require-
ments (Colwell and Rangel 2009). In theory, every location
in geographic space can be ‘uniquely’ characterised by the
environmental conditions at that location. However, pro-
jections of subsets of environmental space into geographic
space can have complicated structures (i.e. a single point in
environmental space may correspond to many locations in
geographic space; see Colwell and Rangel 2009, Soberén and
Nakamura 2009). If only partial knowledge of the ecological
niche of a species is available, predicting its distribution in
geographic space may result in the omission of multiple loca-
tions. On the other hand, a missing site in the geographic
space may be substituted by another site with the same envi-
ronmental conditions. Consequently, the challenge in esti-
mating species—environment relationships lies not only in
the spatial bias within the geographic space where the bias
originates but also in how this bias is reflected in the environ-
mental space (i.e. the ecological niche space). All SDMs are
not purely spatial methods (like interpolation, for instance),
and the calculations actually occur within the environmen-
tal space defining the species’ ecological niche. Therefore,
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addressing bias within the environmental space directly tack-
les the model calibration.

Sampling bias is influenced by the sampling design (Hirzel
and Guisan 2002, Tessarolo et al. 2014, Mateo et al. 2018,
Bazzichetto et al. 2023). A fundamental assumption under-
lying presence—background methods is that environmental
conditions are sampled in proportion to their actual avail-
ability (Hastie and Fithian 2013). Note that it is not a geo-
graphic space where uniform sampling is required but rather
the environmental conditions that have to be sampled in pro-
portion to their availability (Aarts et al. 2012, Merow et al.
2013). If this is not fulfilled, clustered occurrences may lead
to the overestimation of the environmental suitability for the
respective species in environments that have been sampled
more intensively (e.g. environments in protected areas, or
near roads and towns) and underestimated for those surveyed
less intensively (Barry and Elith 2006, Guillera-Arroita et al.
2015). For instance, fully random draws of species' presence
in the geographic space may introduce a bias towards the most
widespread environmental conditions, which possibly leads
to uneven sampling of the species’ niche within the environ-
mental space (Bazzichetto et al. 2023). This issue is associ-
ated with another underlying assumption: that the species'
niche is comprehensively sampled across the entire spectrum
of environmental conditions in which it occurs (Phillips et al.
2009). Failing to meet this assumption, which can happen
when there is a lack of knowledge about a species’ tolerance
to abiotic conditions (i.e. environmental bias), may cause a
poor estimation of the actual niche occupied by the species
(Hortal et al. 2008). If the ecological niche of the species is
truncated (i.e. the complete niche of the species is not cap-
tured by the occurrences), it is not possible to extrapolate a
reliable model into different spatial or temporal dimensions
(Chevalier et al. 2022). Therefore, representative sampling of
the environmental space should in principle give better results,
regardless of its bias in the geographic space (Tessarolo et al.
2014, Sabatini et al. 2021, Bazzichetto et al. 2023).

We recommend considering both geographic and
environmental spaces in the assessment of sampling bias
(Tessarolo et al. 2014, Cosentino and Maiorano 2021). In
areas of high geographic and high environmental bias, and
particularly in undersampled environments, further sampling
efforts are required. Alternatively, bias correction based on the
TGB method or geographic filtering can be suitable options
(Inman et al. 2021), although the latter was recently strongly
criticised, and its effectiveness in mitigating sampling biases is
being questioned (Ten Caten and Dallas 2023, Lamboley and
Fourcade 2024). Given that geographic filtering reduces the
sample size, TGB seems to be a better alternative (Barber et al.
2022). However, a bias in the geographic space does not
necessarily lead to a bias in the environmental space. If the
geographic bias is high but the environmental bias is low, no
corrections are needed, and the data can be used ‘as is’ for mod-
elling. For example, Kadmon et al. (2004) and more recently
Mccarthy et al. (2012) showed that collecting data close to
roads can still provide an adequate sampling of ecological gra-
dients if the road network has high environmental coverage,
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thus allowing the uncovering of the true species—environment
relationships. In the case of low geographic but high environ-
mental bias, further sampling of undersampled environments
is preferable; however, if it is not possible, it is reasonable
to consider directly a correction in the environmental space
using environmental filtering (Varela et al. 2014, Cosentino
and Maiorano 2021). Nevertheless, see the risks of perform-
ing this procedure described in the following paragraph.

Geographic and environmental spaces are communicat-
ing vessels, and so correcting one component (geographic
or environmental) may have a detrimental effect on the
other. For example, geographical filtering could unwittingly
exclude occurrences in the environmental space with unique
environmental conditions or disguise true patterns, e.g. due
to clustering for ecological reasons such as breeding, social
behaviour, or predator—prey dynamics (Varela et al. 2014).
On the other hand, environmental filtering (downweighting
repeated species occurrences in similar environmental con-
ditions) identifies grid cells within marginal habitats to be
equally suitable as the cells representing core habitats. For
example, if the species probability of occurrence is 0.1 at one
site and 0.7 at another, such sites will be occupied in one and
seven out of 10 cases, respectively. If we disregard the pres-
ences at the latter site, we lose the ability to discern the condi-
tions favoured by the species (Moudry et al. 2015). Indeed,
it is impossible to use presence—background data to deter-
mine whether species observed in particular environments
result from a larger sampling effort or ecological preferences
(Guillera-Arroita et al. 2015), and removing bias without
the information on the sampling effort becomes quixotic
(Rocchini et al. 2023).

How sampling bias (and correction methods)
interact with species ecology

Several studies have reported that there was no improvement
or even detrimental effects on SDMs performance after filter-
ing out biased samples (Chefaoui and Serrao 2017, Ranc et al.
2017, Gébor et al. 2020a), and it has been suggested that
this might be related to species ecology (Bystriakova et al.
2012). For example, Ranc et al. (2017) showed that range
size was the most important factor driving species vulnerabil-
ity to sampling bias, and that widespread species were more
affected by sampling bias and more likely to benefit from
bias correction than species with narrow geographic ranges.
Similarly, Baker et al. (2022) showed that species type has a
notable effect on model performance, with models generally
being more robust to the effects of sampling bias for specialist
(narrow environmental niches) than for generalist (wide envi-
ronmental niches) species. In addition, a few studies high-
lighted that bias correction was detrimental for species with
narrow ranges (Ranc et al. 2017), narrow niches (Inman et al.
2021), or low prevalence (Gdbor et al. 2020a) and yielded
worse models than without bias correction. It is evident that
different species are differently affected by sampling bias and
respond differently to bias correction. Therefore, species ecol-
ogy should be considered when correcting for sampling bias.
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Recommendations associated with sampling bias

Complete elimination of spatial bias from the modelling
procedure is impossible without proper knowledge of all
the processes generating it (Rocchini et al. 2023), and it is
unrealistic to assume that sampling bias in biodiversity data
can be eliminated, even with the development of automated
observation technologies. Hence, SDMs need to explore and
acknowledge the inherent biases associated with the data in
both the geographic and environmental space (Cosentino
and Maiorano 2021, Rocchini et al. 2023).

 First, researchers should quantify the sampling bias of
their input data in the geographic space. For example, the
‘sampbias’ R package (Zizka et al. 2021) can be used for
such purposes.

e Second, bias should also be evaluated in the environmen-
tal space by comparing the distribution of the cells where
the focal species was present to all cells in the study area
in a gridded environmental space of ecological predictors.
This can be done, for example, by using ecological niche
factor analysis (Hirzel et al. 2002); ‘hypervolume’ R pack-
age (Blonder et al. 2014); or principal component analysis
in the ‘ecospat’ R package (Di Cola et al. 2017).

"%, Positional Uncertainty
o RO

* 'The relationship between geographic and environmental

bias should be further explored using local indicators of
spatial association (LISA; Anselin 1995) and the results of
such an assessment should be used as a basis for the selec-
tion of bias-correction methods (Cosentino and Maiorano
2021, Rocchini et al. 2023). This quantification can also
assist researchers in effectively directing their additional
sampling efforts.

The next step lies in the application of the bias-correc-
tion method, if necessary. Filtering or the TGB approach
are possible options, but caution is needed as they could
result in lower model performance in particular cases.
This requires consideration of species’ ecology, as spe-
cialist species typically do not benefit from bias correc-
tion or can even be negatively affected by it (Gdbor et al.
2020a, Inman et al. 2021, Baker et al. 2022). In addi-
tion, it is important to notice that filtering will inevitably
reduce the number of presences available for modelling.
Therefore, if the sample size is relatively small, the TGB
approach might be a preferred method (or alternatives
such as that proposed by Da Re et al. 2023 for filter-
ing background points implemented in the ‘USE’ R
package).

} Quantify positional uncertainty in the species data (Marcer et al. 2022)
Set the resolution of the study (Moudry et al. 2023)
Assess potential effect of positional uncertainty with respect to resolution (Gébor et al. 2022)

. o . and autocorrelation (Naimi et al. 2011) of predictors
45 ’ 4.} Remove data with high positional uncertainty, include it as a covariate, or use methods
: 4 to mitigate positional uncertainty (Veldsquez-Tibaté et al. 2016)
i Y. Sample Size
: <o O o
Pt re ..' .. o.. ) Select accurate data without positional uncertainty for model testing (Foody 201 Collart and Guisan 2023)
: .' o: © % & : % {B.} Assess the adequacy of the sample size for model training, considering the purpose of the study,
Ve O o ! species ecology, and the complexity of the model (Boyd et al. 2023)
e 4 Y L. .
K ..: o © . LI;Ifsample size is too small, reconsider step 4 or 2 (but see Gabor et al. 2027)

.+ Explore the relationship between bias in geographic and environmental space
(Cosentino and Maiorana 2021)
Apply bias correction method, if necessary (Inman et al. 2021)

f you are not satisfied, reconsider step 4 or 2 (but see Gabor et al. 2022)

i Keep the ecology of the species in mind at every step. Specialist species with strict ecological requirements are easier to model than generalisté
ecies. In addition, specialists are more affected by location error than generalists. Therefore, removal of data with high positional uncertainty |
ould be preferred for specialist species, whereas for generalist species, it makes more sense to mitigate positional uncertainty. In additinn,é
i specialist species may not require bias correction methods, whereas generalist species may benefit from them. ;

Figure 3. Workflow for a critical assessment of spatial data to be used in species distribution models (SDMs). For more information on the
individual steps, see the ‘Recommendations’ subsections at the end of each main section.
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Guidelines and future directions

Despite the increasing number of studies focusing on how
various limitations inherent to species data affect the perfor-
mance of SDMs, there are still gaps in our knowledge, and
the use of SDMs remains problematic in many contexts. To
advance our understanding, future studies should focus on
comprehensive analyses that simultaneously consider vari-
ous issues, such as sample size, sampling bias (in the geo-
graphic and environmental space), positional uncertainty,
spatial resolution, and the interaction between the former
factors and species’ ecological characteristics (Fig. 1). Such
studies can help establish the urgently needed guidelines
for better-informed modelling choices (e.g. bias correc-
tion, removal of data with high positional uncertainty and
its effect on sample size and SDMs performance) concern-
ing data limitations and species ecology. Regarding species
characteristics, it is important to do such evaluations on
characteristics that are easy to specify (i.e. we know them
for the majority of species), such as species’ niche breadth
(generalist versus specialist species), dispersal ability, body
size, or trophic group. This way, the assessments can be
further used to guide data selection processes in other
studies. The consideration of data limitations is crucial in
every domain where SDMs are used (Aratjo and Peterson
2012, Guisan et al. 2013). These include the discovery of
new populations (Fois et al. 2015), reserve selection and
design (Esselman and Allan 2011), species translocations or
reintroductions (Segal et al. 2021), biological invasions and
disease transmission studies (Peterson 2014, Peterson and
Samy 2016, Johnson et al. 2019), investigations of climate
change impacts (Ehrlén and Morris 2015, Haesen et al.
2023), or testing of biogeographical or evolutionary hypoth-
eses (Machado et al. 2019).

Finally, it is crucial to transparently report bias and uncer-
tainty in the data used for modelling. This includes quantify-
ing sampling bias in geographical and environmental space,
as well as positional uncertainty concerning the spatial reso-
lution and autocorrelation of predictors (Fig. 3). Reporting
on how species occurrences were divided into training and
testing datasets, whether their positional uncertainty was
considered and, if applicable, which ones were removed and
what was the impact on sample size. Whenever possible, rig-
orous tests should be conducted to examine the impact of
geographical and environmental bias, as well as of positional
uncertainty, on model performance (e.g. indicating which
approaches were considered to minimise bias and positional
uncertainty and their results). Until more comprehensive
assessments are available, we strongly recommend remain-
ing vigilant about data limitations and following the basic
guidelines for a critical assessment of spatial data to be used
in SDMs shown in Fig. 3. The data collection methods, pre-
processing, model fitting, and quality assessments, can be
reported using standard protocol for reporting SDMs’ over-
view, data, model, assessment, and prediction (ODMAP;
Zurell et al. 2020).
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