Optimising Species Distribution Models: Sample size, positional error,
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Abstract

Species distribution models (SDMs) have proven valuable in filling gaps in our knowledge of species
occurrences. However, despite their broad applicability, SDMs exhibit critical shortcomings due to
limitations in species occurrence data. These limitations include, in particular, issues related to sample
size, positional error, and sampling bias. In addition, it is widely recognized that the quality of SDMs as
well as the approaches used to mitigate the impact of the aforementioned data limitations are
dependent on species ecology. While numerous studies have experimentally 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 that have evaluated
the effects of sample size, positional error, sampling bias, and species ecology on SDMs outputs. We
integrate their findings into a step-by-step guide for critical assessment of spatial data intended for
use in SDMs.

Keywords: Complexity, Ecological Niche Modelling, Filtering, Heterogeneity, Sampling, Scale, Training,
Quality, Validation

1. INTRODUCTION

The quantity and quality of biological observations has improved dramatically over the past decades.
However, a certain level of uncertainties is inherently present in such data, resulting in uncertainties
of scientific inferences based on it (Hortal et al. 2015; Daru and Rodriguez 2023; Hughes et al. 2023).
Correlative species distribution models (SDMs; aka habitat suitability models or ecological 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 (i.e. species ecological niche) where species were observed
and, subsequently, can be used to predict the distribution of the respective 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
identification 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 shortcomings 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 Simova 2012; Wiiest et al. 2020). In this paper,
we focus on limitations of species occurrence data (for issues associated with environmental data, see
e.g. Fourcade et al. 2018; Aradujo et al. 2019; Moudry et al. 2023).

Limitations of species occurrence data can introduce uncertainty and biases in the estimation of
species-environment relationships and, consequently, of their modelled distributions (Araudjo et al.
2019). In particular, data availability (i.e. sample size) is critical; the smaller is the minimum sample size
that can theoretically be used in SDMs, the higher is the number of species that can be modelled (e.g.
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 (if any) can introduce biases toward certain locations (i.e.
sampling bias; Bazzichetto et al. 2023). Moreover, it is well recognized that the quality of SDMs is also



influenced by the species’ ecology (Segurado and Araujo 2004; Heikkinen et al. 2006; McPherson and
Jetz 2007; Guisan et al. 2007; Collart et al. 2023) and the fact that the effects of different data
limitations (e.g. sample size, positional error, and sampling bias) may be species-specific.

As the interest in using SDMs continues to grow, tackling data limitations becomes increasingly critical
(Araujo et al. 2019; Wiest et al. 2020; Jansen et al. 2022; Marcer et al. 2022). In this context, data
characteristics and limitations are expected to be regularly considered and properly reported during
the conceptualization and validation of SDMs (Feng et al. 2019; Zurell et al. 2020; Sillero and Barbosa
2021; Tessarolo et al. 2021; Jansen et al. 2022; Boyd et al. 2023). However, without proper knowledge
of the individual or combined effects of sample size, positional error, sampling bias, and species’
ecology, our ability to anticipate the effect of these issues on the quality of modelled species-
environment associations remains largely uncertain, limiting the value of model outputs (see Figure 1
for a diagram introducing data characteristics and their relationships considered in this perspective).

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 error.
Here, we examine studies that manipulated the sample size (Section 2), introduced positional errors
(Section 3) or sampling bias (Section 4), to investigate their impact on SDMs’ outputs. Accordingly, we
also provide guidance for a critical assessment of spatial data to be used in SDMs and identify future
directions towards the development of guidelines for optimising the tradeoffs between data
limitations and accurate modelling of species-environment relationships (Section 5).

Species Ecology
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Figure 1. Sample size, positional error, and sampling bias are the three essential characteristics of
species occurrence data addressed in this study. These interconnected characteristics can have a
significant impact on the reliability of SDM results. Researchers must thoughtfully address these
factors during the collection of species occurrence data (sampling design) and the construction of
models (model complexity). Maximising sample size, using sampling bias correction methods, and
minimising positional error relative to the study's spatial resolution 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/attenuate the negative effects of small sample
size, high sampling bias, and high positional error on the reliability of SDMs results. See the glossary
box for the explanation of terms.



2. SAMPLE SIZE

Among all possible factors, sample size (see Glossary) 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 predictors to be estimated as well as of
potential algorithms and their parameters used for modelling. Sample sizes in SDMs can range from
just a few (Papes and Gaubert 2007; Pearson et al. 2007) to millions (e.g., Botella et al. 2023; Gabor et
al. 2023a) of records. In the vast literature measuring the effect of sample size on model performance
(see Table 1), the primary concern has been to determine the minimum adequate sample size required
to produce reliable and fit-for-purpose models (e.g., Stockwell and Peterson 2002; Hanberry et al.
2012; Proosdij et al. 2016). In parallel, ecological research investigates to what extent additional time
and economic resources should be spent to improve models by increasing the sample size (e.g., 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.

2.1. Importance of sample size in model training and testing

Studies focusing on a better understanding of how the sample size impacts the 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 values when the model was still relatively useful, not values when the
model gave optimal results. Besides, it has been reported that models relying on fewer than
approximately 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
general, all studies agreed that increasing sample size increased a model’s predictive performance
(keeping the number of predictors 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; Gabor et al. 2020a).

Insufficient attention has so far been devoted to the evaluation 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,
liménez-Valverde (2020) showed that 30 presence-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. Nevertheless, their conclusions are based on simulations,
and it should be, therefore, pointed out 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



sufficient validation sample is intuitive, the impact of validation dataset sample size on model

performance and validation accuracy urgently needs to be further tested.

Table 1. Overview of studies testing the role of the number of presences or presences and absences

for model performance. PA - presences-absences.

No.

study Numbe.r Training Testing sample Study e.xtent/ predict No. obs.
of species sample resolution ors suggested
Stockwell .
and Peterson 130 birds 1-100 1000; presence- MEXICO./ 3 at least 50
background 3 x 3 minutes presences
(2002)
Kadmon et 192 96 plots; presence- Israel / 50-75
10 - 200 3
al. (2003) plants absence 1x1km presences
Hernandez 18 California / 50-75
-1 1
et al. (2006) animals >-100 >0 presences 1x1km 0 presences
. five regions /
Wisz et al. 46 Plants, 10-100 presence-absence 100 x 100 m; 11-13 at least 30
(2008) animals data presences
1x1 km
compared to maps
Mateo et al. 2 plants 9-60 created with full Ecuador / 19 at least 20
(2010) 1x1 km presences
datasets
Feeley and compared to maps tropical South
Silman 65 plants 25-150 created with full America / 3 ti;glj;::jn
(2011) datasets 5x5km
Hanberry et Presence samples not 46,000 km? / at least 200
1 -2 1
al. (2012) 6trees  30-2500 used for training 310,000 polygons 6 presences
Proosdij et . Compared with actual ¢ 1 500 km2 / 1425
6 virtual 3-50 virtual species . 15
al. (2016) T 5 x 5 minutes presences
distribution
Liu et al. 1800 3000 presences and 62,500 km? /1 x 1 afew
. 20-640  absences of virtual 6 hundred
(2019) virtual L km
species distribution presences
Compared to maps
Stpa et al. 30 insects 5-320 created with full Norway /1 x 1 km 2 10-15
(2019) presences
datasets
Smith and 400 presences and Virtual landscape at least 128
Santos 1 virtual 8-1024  absences of virtual /1024 x 1024 1 resences
(2020) species distribution cells P
South Africa /
McPherson 7birds  50-500 o0 Presences- 0.25x 0.25 61  300PA
et al. (2004) absences
degrees
Coudun and at least 50
Gégout 54 virtual 50-5000 Not used Not relevant 1 PA
(2006)
Jiménez- ; 2
' 182 - C'ompared v.wth actual 6,576 km?/ at least 70
Valverde et 1 virtual virtual species 0.04 x 0.04 4
182,288 S PA
al. (2009) distribution degrees
Seven rivers in
Shiroyama et . 110 presences . at least 400
al. (2020) Bluegill 50-900 absences Kanto region, 4 PA
Japan.
Bazzichetto : Compared with actual ) ;94 12 /1 1 at least 200
2virtual  200-500 Vvirtual species 2
et al. (2023) oo km PA
distribution
Wang and 50 presences 140 000 km? / 4 x at least 100
Jackson 16 virtual 50 - 800 abspences 4km 2 PA
(2023)




2.2. On the 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 distributions (i.e., low range size, prevalence, or relative occurrence 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., wider 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 represented by a low number of occurrences. On the other hand, large sample size does not
necessarily mean a complete coverage of the entire ecological niche for widespread species
(Bazzichetto et al. 2023; Boyd et al. 2023). This is further related to model complexity. The minimum
required sample size increases with the number of variables or parameters and the complexity of the
assumed species response curves (e.g., quadratic response curves or statistical interactions among
predictors; Austin 2002; Barry and Elith 2006; Maggini et al. 2006; Ficetola et al. 2014; Merow et al.
2014; Bell and Schlaepfer 2016; Carretero and Sillero, 2016). 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).

2.3. Recommendations associated with sample size

The above-mentioned studies showed that SDMs can perform relatively well even with small sample
sizes (Table 1). However, the studies mentioned in Table 1 are difficult to directly compare due to the
use of different species, differences in the used modelling algorithms, numbers of parameters, or
spatial resolutions and geographical extents. Whether the sample size is considered small or sufficient
depends largely on the number of predictors in the model and the complexity and nature of the
species—environment relationships (e.g., Merow et al. 2014; Smith and Santos 2020; Bazzichetto et al.
2023). Hence, given how context-dependent these relationships are, we cannot 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 of all, the sample size required for a particular analysis 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 knowledge 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 species; Raxworthy et al. 2003; Fois et al. 2018). On the other hand, it is crucial to
emphasise that predictions derived from models with small sample sizes should not be
employed 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).



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

e Third, researchers should consider the number of predictors investigated. As the ability to
differentiate between influential and uninfluential variables decreases with decreasing sample
sizes, the challenge lies in the identification of variables that genuinely influence species
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).

e 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 accurate 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 logistic, gaussian or even non-parametric smooth functions of
variable flexibility require much larger sample sizes. Adding interactions between variables
increases the requirements for the sample size even more.

e We cannot suggest a minimum number of presences (presences-absences) as a rule of thumb
but if you are unsure whether your sample size is sufficient given the objectives and complexity
of your model, we recommend testing the effect of sample size in your dataset. 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 presences 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).

e 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 variations in species-environment associations due to confounding
effects of data limitations such as positional errors (Section 3), or sampling bias (Section 4).
Hence, researchers should also consider these data limitations before attempting to build a
model based on a small sample.

3. POSITIONAL ERROR

Species occurrence data are always prone to positional error, 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 error associated with species observations can range from a few centimetres up to
tens of kilometres. Under high positional error, SDMs using environmental layers at spatial resolutions
finer than the magnitude of the positional error (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 error on SDMs performance is
determined by several interacting factors (Figure 2). Therefore, positional error 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.

3.2. Recording Technique
and Data Processing
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Figure 2. Three groups of interacting factors that determine the magnitude and potential impact of
positional error on SDMs performance can be specified: the recording technique and data processing
(Section 3.2); species ecology and characteristics of the site (Section 3.3); and the spatial resolution
and degree of spatial autocorrelation of the predictors (Section 3.4).

3.1. How to address positional error in training and testing datasets

Several studies have examined the impact of positional error on SDMs performance by simulating
shifts in species 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 positional
error of different magnitudes. Findings from these studies have been somewhat mixed: some found
little effect of positional error 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 error generally
lead to less accurate SDMs (Johnson and Gillingham 2008; Osborne and Leitdo 2009; Mitchell et al.
2017).

In real-world applications, a mix of high- and low-accuracy distribution data is the most common
situation and analysts usually have to find a compromise between positional error and sample size
(Smith et al. 2023). However, studies focusing on this issue yielded somewhat conflicting 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 error can excessively reduce the sample size and,
thus, the model accuracy (Smith et al. 2023). Furthermote, Gabor et al. (2023b) showed that even
models affected by positional error in species distribution data can be ecologically interpretable.
Another study investigating the effect of positional error concluded that models with small sample
sizes were more affected by positional error than models based on larger sample sizes (Mitchell et al.
2017).

The role of positional error is seldom accounted for during SDMs evaluation/testing. Surprisingly, most
SDMs studies dealing with positional error only focused on the training dataset, while ignoring the
(potential) effect of inaccurately georeferenced data in the validation dataset. The ultimate
consequence of positional error in species data lies in an erroneous identification of the presence or
absence in a given cell. In this regard, Foody (2011) demonstrated that validation 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
performance. Therefore, data correctly labelled as the presence or absence of species (i.e., with
minimal positional error) is essential for assessing model performance. More recently, Moudry et al.
(2017) showed that the inclusion of potentially erroneous presences (in this case ambiguous breeding
bird categories used in the breeding bird atlases, i.e. possible and probable breeding) severely affected
models’ performance 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 error 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 error of the
occurrences allows balancing high and poor-quality data in both training and testing datasets and
including a covariate predictor in the model (even as a factor variable with a few levels) to be tested
or to up/down weight the importance of observations (see Velasquez-Tibata et al. 2016 for such
approach using Bayesian models). This allows preserving most of the data and offsetting the potential
negative effect of high positional error. On the other hand, if the covariate has many levels and few
observations, it might be better to subselect the data to retain only those of the best quality. If only a
small sample size is available, we recommend considering the use of methods to mitigate positional
error (Hefley et al. 2014; Zhang et al. 2018; Smith et al. 2023). Note, however, that the existing
approaches typically either require knowledge of the magnitude of the error and their use is limited to
data with relatively small positional error (Zhang et al. 2018), or they require that at least part of the
dataset is recorded with minimal positional error (Hefley et al. 2014; Smith et al. 2023). Although
recent literature is favouring the inclusion of observations with reasonable positional error rather than
reducing sample size, we recommend careful consideration of their trade-off. Whether it is preferable
to maintain the sample size or to minimize the adverse effect of positional error remains a very current
and unanswered question.



Table 2. Studies analysing the influence of positional error in species occurrence data on SDMs.

Resolution of Range of shifting occurrences
Study Species data ,

environmental var. Distance Cells
Graham et al. (2008) Observed 100 x 100 m 0-5km 0-50 cells
Johnson and Gillingham ¢, 0 g 30x30m 50 - 1000 m 1-34 cells
(2008)
(Ozsoboc;r)ne and Leitdo Observed 1x1km 0-5km 0-5cells
Fernandez et al. (2009) Observed 1x1km 5-50 km 1-50cells
Naimi et al. (2011) Virtual artificial data Not valid 1-30cells
Mitchell et. al. (2017) Observed 2.5%2.5m 5-400 m 1-160 cells
Veldsquez-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. (2023b) Virtual 50 x50 m 50-1500 m 1-30cells
Gabor et al. (2023b) Observed 200 x 200 m 1-30km 1-30cells

3.2. 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 vs. 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 United States' Global
Positioning System (GPS), instead of using all currently available systems (e.g. Galileo, Glonass, and
Beidou). Even when the above-mentioned challenges are overcome, species occurrence data may still
be impacted by errors introduced during data processing (e.g. wrong transformations among
coordinate reference systems, rounding of coordinates, or lack of error correction procedures (e.g.
post-differential correction; Sillero and Seco 2014). Unfortunately, the positional error of species
records is often undocumented (Moudry and Devillers 2020; Marcer et al. 2022).
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3.3. Relationships between positional error, species ecology and ecosystem characteristics

It is usually impossible to accurately georeference positions for non-sessile species (unless they are
equipped with transmitters) due to environmental barriers (for example, it's 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 satellites, thereby
further reducing the positioning accuracy (a phenomenon known as multipath; Kos et al. 2010).
Besides, GNSS does not work underwater; in effect, the positioning of species observations in marine
and freshwater environments 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
disregarding 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 dangerous, which leads to recording their location from a distance (Zhang et al. 2018).

The effect of positional error on SDMs may also depend on the species mobility, expressed as the daily
dispersal 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 Figure 2 for an overview of the factors that may interact with the magnitude of
positional error when building SDMs). In this regard, Gabor et al. (2023b) showed that the performance
of a band-tailed pigeon SDM only slightly decreased with an increasing positional error, while virtual
species simulations that did not consider species mobility showed a rapid decrease. Although
positional error seems to depend on species characteristics, its role in affecting SDMs for different
groups (such as insects vs. big mammals; mobile organisms like birds vs. sessile organisms like plants,
corals, etc.) is understudied. Among the few studies that analysed the interaction between positional
error and species ecology, Veldsquez-Tibatd et al. (2016) and, more recently, Gabor et al. (2020b),
showed that positional error 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 susceptible to a shift into unsuitable environments.

3.4. Relationship between positional error, spatial resolution and autocorrelation

The spatial resolution of predictors used in SDMs is another critical factor determining the impact of
positional error on model performance. Previous studies on positional error considered shifts from 5
m up to 50 km. Such a range of errors 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 the 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 error in existing studies). Indeed,
with today’s availability of high spatial resolution predictors, misuse of positionally inaccurate species
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occurrences is increasingly likely, with the risk of exacerbating the negative effect of positional error
on SDMs’ performances.

To reduce the effect of positional error, multiple studies suggested adjusting spatial resolution so that
the largest positional error associated with occurrence data is lower than the spatial resolution of the
predictors (Engler et al. 2004; Moudry and Simova 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, Moudry et al. 2023). Recently, Gabor et al. (2022) showed that coarsening the spatial resolution
to compensate for positional error 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 minimizing the adverse effect of positional error (or
whether the opposite is true) remains a very current and unanswered question.

It is crucial to recognize that shifting species records in the geographic space does not necessarily
translate to an equivalent shift in the environmental space. High positional error 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 positional error is related to the spatial autocorrelation of environmental variables. Naimi et
al. (2011) found that the impact of positional error on SDMs’ prediction performance decreased with
increasing spatial autocorrelation in the environmental variables. In this regard, examining the degree
of spatial autocorrelation in environmental variables was suggested as a way to a priori assess the
impact of positional error on SDMs predictions (Naimi et al. 2011; 2014).

3.5. Recommendations associated with positional error

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

e  First of all, 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 the CoordinateCleaner package (Zizka et
al. 2019).

e Second, researchers should quantify the positional error of the remaining input data, for
example, using attributes specifying positional error. If such assessment is limited by metadata
availability, for example in the case of historical data, it is recommended to at least
approximate the positional error based on known information, such as the collection
methodology or the number of decimals recorded with coordinates (e.g., Watcharamongkol
et al. 2018; Moudry and Devillers 2020).

e Third, we recommend that researchers carefully weigh the trade-offs between the positional
error and resolution of environmental variables, with greater emphasis on the use of a
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resolution as close to the ecological scale as possible (Gabor et al. 2022; Moudry et al. 2023).
Preferably, the positional error should be lower than the spatial resolution of the
environmental variables (Moudry and Simova 2012). We suggest that the spatial resolution
should be at least twice the positional error 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 aspects to estimate and acknowledge the potential impact
of positional error on the performance of the model.

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

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

e Finally, we recommend considering the use of methods to mitigate positional error (Hefley et
al. 2014; Zhang et al. 2018; Smith et al. 2023). Alternatively, knowing the positional error of
the occurrences allows the inclusion of covariate predictors in the model to be tested or to
up/downweight the importance of observations (Moudry and Simova 2012; Velasquez-Tibatd
et al. 2016). For new surveys, we suggest using measurement techniques that minimize
positional error, such as differential GNSS (e.g. Sillero et al. 2021b), and providing an estimate
of the measurement accuracy (as is increasingly common in global databases).

4. SAMPLING BIAS

Sampling bias poses a significant challenge in SDMs, leading to models that provide a partial or
distorted view of species distribution or ecological niche (Kadmon et al. 2004; Leitao et al. 2011; Bean
et al. 2012; Beck et al. 2014; Bardon et al. 2021). Despite advances, our knowledge of species
distributions still remains limited for most taxa due to the variations in the sampling intensity over time
and huge regions of the world remaining poorly sampled (lsaac 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, rivers and urban settlements,
Kadmon et al. 2004), protected areas (Boakes et al. 2010; Girardello et al. 2019), more populated 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 species occurrence records,
aiming to create models with quality comparable to models developed with unbiased data. Prevalent
approaches for bias compensation include adjusting background samples (target-group background,
TGB, approach; Phillips et al. 2009) in presence-background models or filtering (thinning) presences
(Veloz 2009) (Table 3). The rationale behind the TGB is to select background data with the same
sampling bias as for the set of presence records (i.e. to bias background locations towards areas where
the presences were sampled; Phillips et al. 2009). The filtering approach 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
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(Varela et al. 2014). Both geographic and environmental filtering use a distance between presences to
determine the filter size. However, while geographic filtering 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 associated with suitable habitats (Da Re et al. 2023). Many
studies have evaluated the performance 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 comparison against models based on the unbiased dataset
before sub-sampling simulation.

4.1. 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 (e.g., Varela et al. 2014; Moudry 2015; Cosentino and Maiorano 2021). Indeed, the
challenge in estimating 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 environmental
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 environmental space defining the species’
ecological niche. Therefore, addressing bias within the environmental space directly tackles 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 underlying presence-
background methods is that environmental conditions are sampled in proportion to their actual
availability (Hastie and Fithian 2013). If not, clustered occurrences (i.e. geographic bias) may lead to
the overestimation of the environmental suitability for the respective species in environments that
have been sampled more intensively 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’ realized niche within the environmental space
(Bazzichetto et al. 2023). This issue is associated 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 captured 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 their bias in the geographic space (Tessarolo et al. 2014; Sabatini et al.
2021; Bazzichetto et al. 2023).

Geographic and environmental spaces are communicating vessels, and so correcting one component
(geographic or environmental) may have a detrimental effect on the other. For example, geographical
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filtering could unwittingly exclude occurrences in the environmental space with unique environmental
conditions (Varela et al. 2014). On the other hand, environmental filtering (down-weighting repeated
species occurrences in similar environmental conditions) 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 presences at the latter site, we lose the ability to discern the
conditions favoured by the species (Moudry et al. 2015). Indeed, it is impossible to use presence-
background data to determine 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).

We recommend considering both geographic and environmental spaces in the assessment of sampling
bias (e.g. 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 a
suitable option (e.g. Inman et al. 2021). 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 modelling. For example, Kadmon
et al. (2004) and more recently Mccarthy et al. (2012) showed that the road network provided a good
sample of environmental gradients, and allowed uncovering of true species-environment
relationships. In the case of low geographic but high environmental bias, it is reasonable to consider
directly a correction in environmental space using environmental filtering (Varela et al. 2014
Cosentino and Maiorano 2021).

4.2. 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 filtering out biased samples (e.g. Chefaoui and Serrdo 2017; Ranc et al. 2017; Gabor
et al. 2020a), and it has been suggested that this might be related to species ecology (e.g. Bystriakova
et al. 2012). For example, Ranc et al. (2017) showed that range size was the most important factor
driving species vulnerability 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 environmental niches) species. In addition, a
few studies highlighted that bias correction was detrimental for species with narrow ranges (Ranc et
al. 2017), narrow niches (Inman et al. 2021), or low prevalence (Gabor 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 ecology should be
considered when correcting for sampling bias. We recommend not to use bias correction methods for
specialist species.
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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.

Number of . Evaluati . . . .
Study um. ero Bias type vaiuation Bias correction Main conclusion
species approach
Phillips et al. . Bias correction
226 Exist Ind dent dat TGB
(2009) Xisting ndependent data improve models
. 5 plants . .
Bystriakova " ] - Independent data Bias correction
(Asplenium Existing TGB .
et al. (2012) il (but only presences) improve models
Kramer Malay_ civet, Existing, ‘ Geographic Geographic filtfer is
Schadtetal. two virtual Simulated Simulated data filtering. TGB preferred relative
(2013) species & to TGB
Syfert et al. . Bi ti
(goi;)e a Tree fern Existing Independent data TGB inl'lapsr(c:)c\)/:(re\::c)lgzls
Turtle, Original model Variable efficiency,
Fourcade et . . .
al. (2014) salamander, Simulated based on unbiased Five methods further research
’ virtual species data needed
Original model Environmentaland Recommend
Varela et al. . . . . .
(2014) Virtual Simulated based on unbiased geographic environmental
data filtering filtering
Bias correction is
Ranc et al. True distribution of
Virtual Simulated . . TGB detrimental for
(2017) simulated species .
some species
L Environmentaland Recommend
Castellanos . . True distribution of . .
Virtual Simulated . . geographic environmental
et al. (2019) simulated species e e
filtering filtering
Gabor et al. . . True distribution of Environmental Filtering is not
Virtual Simulated . ) e .
(2020a) simulated species filtering necessarily helpful
Chauvier et S;i:ccjc\iljrrlla;?\d Combining both
1,900 plants Existing Independent data . ’ methods might be
al. (2021) environmental >
. . the best choice
bias correction
Inman et al. o TGB, geographic Bias correction is
T f
(2021) Virtual Simulated 'rue dIStrlbUtlo,n ° and environmental detrimental for
simulated species e .
filtering some species
More mechanistic
i f
Baker et al. Virtual Simulated True distribution of Geographic Ez\(’jveg:t:]nﬁlnng °
(2022) simulated species filtering ping

biases arise is
needed

4.3. 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).

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

16



e Second, bias should also be evaluated in the environmental 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 package (Blonder et al.
2014); or principal component analysis in the ecospat R package (Di Cola et al. 2017).

e Therelationship 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 selection of bias-correction methods (Cosentino and
Maiorano 2021; Rocchini et al. 2023). This quantification can also assist researchers in
effectively directing their further sampling efforts.

e The next step lies in the application of the bias-correction method, if necessary. Filtering or
the TGB approach are possible options, but caution is needed as it could result in lower model
performance in particular cases. This requires consideration of species’ ecology as specialist
species typically do not benefit from bias correction or can even be negatively affected by it
(Gabor et al. 2020a; Inman et al. 2021; Baker et al. 2022). In addition, it is important to notice
that filtering will inevitably reduce the number of presences available for modelling (but see
Da Re et al. 2023 for filtering of background points). Therefore, if the sample size is relatively
small, the TGB approach might be a preferred method.

5. GUIDELINES AND FUTURE DIRECTIONS

Despite the increasing number of studies focusing on how various limitations inherent to species data
affect the performance 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 various issues, such as sample size, sampling
bias in the geographic and environmental space, positional error, spatial resolution, and species’
ecological characteristics (Figure 1). Such studies can help establish the urgently needed guidelines for
better-informed modelling choices (e.g. bias correction, removal of data with high positional error)
concerning data limitations and species ecology. For instance, the consideration of data limitations
becomes particularly important for specialist species of high conservation concern, where SDMs may
be the only feasible means of estimating their distribution and responses to environmental changes.
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 dispersal ability, body size, or trophic
group. This way, the assessments can be further used to guide data selection processes in other
studies.

Finally, it is crucial to transparently report any potential biases and errors in the data used for
modelling. Whenever possible, rigorous tests should be conducted to examine the impact of these
biases and errors on model performance. Until more comprehensive assessments are available, we
strongly recommend remaining vigilant about data limitations and following the basic guidelines for a
critical assessment of spatial data to be used in SDMs shown in Figure 3.
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=4+, Positional Error (Section 35)

e ®
& .?? s {|./luantify positional error in the species data (Marcer et al. 20127)
: PY ; Set the resolution of the study (Moudry et al. 2023)
Lo @
k, ® + {3,/ Assess potential effect of positional error with respect ta resolution (Gabor et al. 2027)

o and autocorrelation (Naimi et al. 2011) of predictors

'} Select accurate data without positional error for model testing (Foody 2011 Callart and Guisan 2023)

Assess the adequacy of the sample size for model training considering the purpose of the study,
species ecology and the complexity of the model (Bazzichetto et al. 2023; Boyd et al. 2023)

A Y. . 7 If sample size is too small, reconsider step 4 or 2 (but see Gabor et al. 2022)

........

- L J— _ Sampling Bias (Section 4.3

S, s

(luantify bias in Geographic (Zizka et al. 2021) and Environmental space (Hirzel et al. 2002)
Explore their relationship (Cosentino and Maiorano 2021)

Apply bias correction methad, if necessary (Inman et al. 2021)

t1.} If you are nat satisfied, reconsider step 4 or 2 (but see Gabor et al. 2022)

Keep the ecology of the species in mind at every step. Specialist species with strict ecological requirements are easier to model than generalist |
 species (Section 2.2.). In addition, specialists are more affected by location error than generalists (Section 3.3.). Therefore, removal of data with |
i high positional error should be preferred for specialist species, whereas for generalist species. it makes more sense to mitigate positional error.
In addition, specialist species may not require bias correction methods, whereas generalist species may benefit from them (Section 4.2.).

Figure 3. Workflow for a critical assessment of spatial data to be used in SDMs. For more information
on the individual steps, we refer the reader to the Recommendations subsections at the end of each
main section.
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GLOSSARY BOX

Ecological niche: Hutchinsonian niche, which is 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-environment 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 generalizes to new, unseen data and to assess its predictive accuracy and
reliability.

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 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 is 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 SDM, as it should in principle ensure that the data include all relevant information
to represent the ecological 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.e. presence-absence data). When discussing
studies based on presence-background data, we will 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.
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