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Species distribution models are widely used in ecology and conservation biology to predict species' habitat
suitability, but their performance is often compromised by biases in occurrence data. One of the most pervasive
sources of bias arises from geographically uneven sampling, particularly the overrepresentation of areas close to
roads. In this work, we outline a reproducible workflow to assess whether such geographic biases affect the
representation of species' ecological niches in environmental space. We simulated 250 virtual species within the
Abruzzo region (Italy) and evaluated the effects of sampling bias by systematically varying sample size and
species prevalence (i.e., geographic range size). For each species, we compared random sampling from within the
species' range with sampling constrained to areas near roads.

Rather than revealing a uniform effect of road-biased sampling, our results show that its consequences depend
strongly on species prevalence, sample size, and the spatial correspondence between species' ranges and the
accessible areas near the roads. The extent to which niche estimates are distorted therefore varies among species,
implying that the effects of road-based sampling are species-dependent: sampling near roads can either
misrepresent or adequately capture environmental conditions depending on the species considered. These
findings highlight the need to be aware of how sampling patterns interact with species' spatial distributions when
interpreting model outputs.

1. Introduction

Species distribution models (SDMs) are widely used to address
ecological, biogeographical, and conservation questions by estimating
species' environmental suitability from relationships between observed
occurrences and environmental conditions (Guisan and Zimmermann,
2000; McCune, 2016; Franklin, 2023; Rathore and Sharma, 2023).
They play a central role in predicting invasive species spread, assessing
biodiversity responses to environmental change, and informing con-
servation planning (Bazzichetto et al., 2021; Ehrlén and Morris, 2015;
Guisan et al., 2013; Haesen et al., 2023).

Despite important methodological advances, substantial limitations
remain in modelling species distributions (Aratjo et al., 2019; Soley-
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Guardia et al., 2024; Moudry et al., 2024). A fundamental assumption
underlying most SDMs is that occurrence data provide an unbiased and
representative sample of species-environment relationships (Aratjo and
Guisan, 2006). In practice, however, observed occurrences often reflect
only a subset of the environmental conditions that are suitable for a
species. This mismatch may arise from ecological processes such as bi-
otic interactions, dispersal limitation, and demographic constraints,
which can prevent species from occupying all suitable environments
(Pulliam, 2000; Roubicek et al., 2010; Sillero, 2011). In addition,
biodiversity datasets are frequently affected by biases associated with
how and where occurrence data are collected. Many occurrence records
originate from opportunistic or subjective sampling rather than from
formal sampling designs or standardized observation protocols,
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resulting in uneven sampling effort, spatial imbalances, and detection
errors (Lobo et al., 2007; Partel, 2014; Bazzichetto et al., 2021). This
non-random collection of data can contribute to sampling bias and un-
even environmental representation. Sampling bias determines where
and how often species are recorded, leading to the overrepresentation of
certain environments and the underrepresentation of others in occur-
rence datasets. Consequently, large biodiversity inventories may pro-
vide a distorted and incomplete representation of species—environment
relationships, with direct implications for ecological inference and
conservation decision-making (Hortal et al., 2008).

From a statistical perspective, biodiversity occurrence datasets often
originate from non-probability sampling processes, in which inclusion
probabilities are unknown and may depend on accessibility, observer
behavior, or logistical constraints rather than on a formal sampling
design (Boyd et al., 2023). Species distribution models generally assume
that sampled occurrences adequately represent the environmental con-
ditions occupied by a species. Under this assumption, occurrence records
provide a reasonable representation of species-environment relation-
ships, allowing the estimation of relative habitat suitability. However,
when sampling is geographically uneven, sampled occurrences may
disproportionately represent only a restricted subset of environmental
conditions. In such cases, accessibility-driven sampling may distort the
environmental space represented in occurrence datasets, potentially
biasing inferred species-environment relationships and habitat suit-
ability predictions if these mechanisms are not explicitly acknowledged
(Diggle et al., 2010; Dumelle et al., 2025).

Spatial accessibility commonly contributes to non-random sampling
in biodiversity data. Species occurrences are disproportionately recor-
ded near roads, urban areas, and research centers, while remote or
inaccessible regions remain systematically undersampled (Kadmon
et al., 2004; Albert et al., 2010; Amano et al., 2016; Petersen et al.,
2021; Rocchini et al., 2023). Additional structural factors, including
disparities in research funding, technological capacity, and data sharing,
can further reinforce these geographic biases, particularly in under-
resourced regions (Hughes et al., 2021). Road-based sampling there-
fore represents a clear example of accessibility-driven sampling, in
which the probability of observing a species is associated with proximity
to infrastructure rather than ecological processes alone (Diggle et al.,
2010).

Because environmental conditions are not uniformly distributed
across space (Guisan and Thuiller, 2005), geographically uneven sam-
pling effort can lead to environmentally unrepresentative occurrence
datasets (Kadmon et al., 2004; Rocchini et al., 2023; Rocchini et al.,
2026). Areas near roads may capture only a limited and environmen-
tally unrepresentative subset of the landscape, leading SDMs to mises-
timate species' environmental tolerances and misrepresent habitat
suitability under both current and future scenarios (Arle et al., 2024;
Meyer et al.,, 2016). In addition to potentially biasing species-
environment relationships within the sampled environmental space,
incomplete environmental coverage may also require SDMs to extrap-
olate beyond the range of observed covariates. Importantly, these effects
can persist even when sample sizes are large, highlighting that bias
cannot be resolved simply by increasing data volume alone (Boyd et al.,
2021; Boyd et al., 2023).

Accordingly, a range of theoretical and methodological approaches
has been developed to investigate how data limitations and species-
related factors influence SDM performance (Aratjo and Guisan, 2006).
These include model-comparison studies that evaluate algorithmic
sensitivity to sample size or prevalence, data manipulation techniques
such as resampling or spatial thinning, background or pseudo-absence
selection strategies designed to account for uneven sampling effort (e.
g., target-group background; Phillips et al., 2009), and simulation-based
approaches using virtual species (Austin and Meyers, 1996; Boria et al.,
2014b; Fourcade et al., 2014; Meynard and Kaplan, 2013). While
model-comparison studies provide valuable insights, they are con-
strained by real-world datasets and cannot fully disentangle ecological
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processes from sampling effects. Data filtering and resampling methods
offer pragmatic tools to reduce spatial bias but often oversimplify
sampling processes and may remove ecologically meaningful informa-
tion, with limited improvements in model performance (Gabor et al.,
2020; Dubos et al., 2022; Moudry et al., 2024). Moreover, reducing
biased occurrences can substantially decrease sample size, potentially
leading to underestimation of species' range sizes (Smith et al., 2023).
Virtual species simulations provide a useful framework for exploring the
consequences of known ecological and sampling processes under
controlled conditions, allowing explicit control over species' ecological
niches, distributional properties, and sampling mechanisms and
enabling attribution of model responses to predefined sources of bias
(Meynard et al., 2019; Miller, 2014). However, as with any
simulation-based approach, their realism depends on the assumptions
imposed and may not fully capture the complexity of empirical systems
(Santini et al., 2021). Consequently, recent research has increasingly
emphasized approaches that evaluate the environmental representa-
tiveness of occurrence datasets and the implications of uneven sampling
for ecological inference, rather than attempting to remove potentially
unrepresentative observations (Varela et al., 2014; Gueta and Carmel,
2016; Rocchini et al., 2023; Moudry et al., 2024).

In predictive modelling, sample size and species-related properties
are well-established factors influencing SDM performance. Sample size
affects model complexity, algorithm performance, and parameterization
(Santini et al., 2021; Moudry et al., 2024) and is shaped by both sam-
pling effort and species detectability (Botella et al., 2020). Species
prevalence, defined as the proportion of occupied locations relative to
the available area, represents an intrinsic property of species distribu-
tions that is closely linked to geographic range size and interacts with
effective sample size, particularly at very low or very high values
(Jiménez-Valverde et al., 2009; De Marco Junior and Nobrega, 2018;
Meynard et al., 2019).

Although the roles of sampling patterns, species prevalence, and
environmental coverage are widely recognized, these components are
often examined in isolation. Studies such as Baker et al. (2022) have
used virtual species to investigate how sampling bias alters the repre-
sentation of ecological niches and environmental space. However, the
combined effects of geographically biased sampling, sample size, and
intrinsic properties of species distributions on environmental represen-
tativeness remain relatively underexplored (Meynard et al., 2019;
Rocchini et al., 2023). Indeed, a recent review by Moudry et al. (2024)
explicitly called for integrative analyses that jointly evaluate these
interacting sources of uncertainty together with species' ecological
characteristics, emphasizing that such studies are urgently needed to
support better-informed modelling choices.

Recent advances in multidimensional niche characterization, espe-
cially hypervolume-based approaches (Blonder et al., 2018; Mammola,
2019), provide a direct way to quantify how occurrence data repre-
sent environmental space. When combined with virtual species and
environmental dissimilarity metrics, these methods offer a practical and
interpretable framework to apply selection-bias theory within ecological
niche space, complementing existing bias diagnostics that focus pri-
marily on spatial, taxonomic, or environmental coverage (Boyd et al.,
2021; Boyd et al., 2022). Rather than proposing new estimators of
bias, niche-based diagnostics allow the visualization and quantification
of how biased sampling truncates or shifts the environmental conditions
represented by occurrence data, independently of specific SDM algo-
rithms (Zurell et al., 2020).

In this study, we investigate how geographically biased sampling
interacts with sample size and species prevalence to shape the repre-
sentation of species' ecological niches, with a particular focus on oc-
currences concentrated near roads. Taking the Abruzzo region in Italy as
a study area, we simulated 250 virtual species responding solely to cli-
matic variables, each characterized by a specific prevalence and sample
size. For each species, we generated two occurrence datasets: one
sampled across the full geographic range and one restricted to sampling



R.B.C. Lobos et al.

near the secondary road network. We then compared the resulting
ecological niches, quantified as hypervolumes, and assessed environ-
mental representativeness using a standardized dissimilarity index. All
analyses were implemented within a reproducible computational
framework integrating species simulation, niche quantification, and
spatial comparison of environmental coverage.

Specifically, we tested the following hypotheses: (i) the proportion of
occurrences sampled near roads varies with sample size and species
prevalence, with narrow-range species being more sensitive to road-
based bias; (ii) road-biased sampling leads to an underestimation of
species' ecological niches relative to full-range samples; (iii) environ-
mental conditions at road-biased occurrence points are less represen-
tative of those available across the broader landscape; and (iv) species
prevalence modulates the severity of road-based sampling bias, with
low-prevalence species being particularly susceptible. The contribution
of this study lies not in demonstrating that geographically uneven,
accessibility-driven sampling can alter the environmental representa-
tion of occurrence datasets, an already established result, but in quan-
tifying how its ecological consequences in environmental space depend
jointly on species prevalence and sampling intensity.

2. Methods
2.1. Study area

Abruzzo (Fig. 1) was used as the study area. Located in central Italy,
the region encompasses a marked environmental gradient, ranging from
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the Apennine Mountains to the Adriatic coastal lowlands (Cutini et al.,
2021, Cutini et al., 2012). This combination of mountainous terrain
and densely settled coastal plains makes Abruzzo broadly representative
of Mediterranean coastal systems, where sharp climatic and land-use
gradients are common. Importantly, the regional road network is un-
evenly distributed, being dense along the coast and nearly absent in
mountainous regions. This spatial configuration results in a road
network that does not fully capture the region's environmental hetero-
geneity (Kadmon et al., 2004), making Abruzzo well suited for simu-
lating geographically biased sampling.

All analyses were conducted in R (v4.1.1; R Core Team, 2021).
Spatial data processing was performed using the packages terra
(Hijmans, 2025) and sf (Pebesma, 2018). Bioclimatic predictors were
obtained from WorldClim v2.1 (Fick and Hijmans, 2017) at a 30
arc-second (~1 km?) resolution using the worldclim_country() function
from the geodata package (Hijmans, 2025). All spatial layers used in the
analyses shared the same 1 km? resolution.

To reduce multicollinearity among predictors, which can inflate
redundancy in environmental space and complicate the interpretation of
environmental representativeness, we assessed pairwise Pearson corre-
lations and visualized them using the corrplot package. Following a
commonly used threshold (|r| > 0.7), we removed one variable from
each highly correlated pair (Dormann et al., 2013). Starting with all 19
bioclimatic variables, the final predictor set included temperature
(minimum and maximum), precipitation, water vapor pressure, and
wind speed, all summarized as annual means for the period 1980-2010.

1550000 1620000

Fig. 1. Study area. The top-right inset shows the location of the study area within Italy. The main map provides a detailed view of the Abruzzo region, with yellow
lines representing the secondary road infrastructure (CRS: WGS 84, source: Google Earth). (For interpretation of the references to colour in this figure legend, the

reader is referred to the web version of this article.)
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2.2. Virtual species generation

Virtual species were generated following the virtual ecologist
approach (Zurell et al., 2010), which allows explicit control over spe-
cies—environment relationships and sampling processes while avoiding
confounding ecological and observational effects (Hirzel et al., 2001;
Jiménez-Valverde et al., 2008; Zarzo-Arias et al., 2022). Simulations
were implemented using the R package virtualspecies (Leroy et al., 2016),
with the selected bioclimatic variables provided as a raster stack.

Species distributions were generated following a three-step proced-
ure. For each virtual species, we first defined a species—environment
relationship by assigning Gaussian response functions to each environ-
mental predictor, using randomly selected means and standard de-
viations. These responses were combined multiplicatively to produce a
continuous environmental suitability map, thereby representing the
species' potential niche in environmental space (Leroy et al., 2016;
Fig. 2).

Second, the suitability map was converted into a binary pre-
sence-absence distribution using a probabilistic transformation that
links environmental suitability to occurrence probability. This step
explicitly controls species prevalence, defined as the proportion of
occupied pixels relative to the total study area (Meynard and Kaplan,
2013), a key intrinsic property of species distributions and is closely
related to geographic range size. To simulate species with different
range sizes, ten prevalence values were considered: 0.05, 0.10, 0.15,
0.20, 0.25, 0.30, 0.35, 0.40, 0.45, and 0.50.

Finally, occurrence points were randomly sampled within the pres-
ence map, representing a complete and unbiased sampling of the species'
geographic range. Only presence records were considered, as true ab-
sences are difficult to identify in both simulated and real-world contexts
(Jiménez-Valverde et al., 2008). Sample sizes ranged from 600 to 1000
occurrences in increments of 100 (i.e., 600, 700, 800, 900, and 1000).
Lower sample sizes were not considered because they would yield very
few road-biased occurrences, making differences attributable to
accessibility-driven sampling difficult to distinguish from stochastic
variability associated with small sample sizes (Moudry et al., 2024). For
each combination of prevalence and sample size, five virtual species
were generated. Because species—environment relationships were
randomly defined in each simulation, this resulted in a total of 250
unique virtual species.

2.3. Non-biased and road-biased sampling

For each virtual species, species prevalence defined the spatial extent
of the species' range, within which a fixed number of occurrences
(sample size) were selected using simple random sampling, producing a
non-biased dataset without constraints imposed by infrastructure or
accessibility. In this approach, all candidate cells within the simulated
species range had an equal probability of inclusion. To simulate
geographic sampling bias, we contrasted this idealized scenario with a
road-biased sampling scheme in which occurrences were recorded near
roads (Geldmann et al., 2016; Kadmon et al., 2004; Varela et al., 2014).

The secondary road network of the Abruzzo region was extracted
from OpenStreetMap using the R package osmextract (Gilardi and
Lovelace, 2025). Primary roads (highways) were excluded, as they are
generally inaccessible to pedestrians and therefore unlikely to influence
field sampling. For each 1 km? pixel in the study area, we calculated the
distance to the nearest secondary road and transformed this distance
into a sampling probability surface using Eq. (1):
log(d)

——,d>0 1)

P = g Ay

where d is the distance to the nearest road and dmax is the maximum
observed distance. The logarithmic transformation was used to produce
anon-linear decay in sampling probability with increasing distance from
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roads. The resulting probability raster was generated at the same 1 km?
resolution as all other spatial layers. Pixels located on roads were
assigned a sampling probability of 1, with the probability decreasing as
distance from roads increased. Using this probability surface, we derived
the road-biased dataset by retaining only occurrences located in road-
adjacent pixels (i.e., pixels with a sampling probability of 1), thereby
simulating a strongly accessibility-driven sampling scenario. Conse-
quently, the road-biased dataset constituted a strict subset of the original
non-biased dataset, and no additional occurrence points were generated
beyond those initially sampled. Because the number of road-adjacent
occurrences depended on the degree of overlap between simulated
species ranges and roads, the size of the biased dataset was not fixed a
priori and varied among species.

To quantify the degree to which biased sampling approximates the
original sampling within environmental space, we computed NBnm,
defined as the ratio between the number of biased occurrences and the
total number of occurrences for each species. Higher values of NBn m
indicate that road-biased sampling more closely approximates the
original (random) sampling within the species' niche. To assess whether
species prevalence (SP) influences the magnitude and variability of
sampling bias, we first applied Levene's test (Glass, 1966) to evaluate the
homogeneity of variances in NBn,m across prevalence levels. We then
used linear regression to relate species prevalence to the residual vari-
ance of NBnrm, treating residual variance as an indicator of variability in
sampling bias.

2.4. Species' niche: hypervolume

Following Hutchinson (1957), a species' ecological niche can be
represented as a hypervolume in an n-dimensional environmental space,
where each dimension corresponds to an environmental variable.
Operationally, this hypervolume can be estimated from the environ-
mental conditions associated with species occurrences. We quantified
ecological niches using the R package hypervolume (Blonder et al., 2018),
applying Gaussian kernel density estimation (hypervolume_gaussian),
which assumes that species' environmental niches are finite. Because the
road-biased dataset contained fewer occurrences than the non-biased
dataset, and its size varied depending on overlap with road-accessible
areas, we first resampled the non-biased dataset to improve compara-
bility between sampling schemes (Benkendorf et al., 2023). Specifically,
for each species, the resampled non-biased dataset was constructed by
retaining all Ng biased occurrences and adding an additional 0.2-Ng
occurrences randomly drawn from the remaining non-biased observa-
tions. This additional 20% was intended to represent a scenario in which
predominantly road-based sampling is supplemented by a limited
number of observations collected outside highly accessible areas
(Hughes et al., 2021). This resampling procedure was applied consis-
tently across all species.

For both datasets (resampled non-biased and biased), hypervolume
accumulation curves were generated to assess how estimated niche
breadth changeed as occurrences accumulated. Prior to hypervolume
estimation, all bioclimatic variables were standardized (Cardillo et al.,
2019) according to Eq. (2) to transform predictors measured on
different scales into a common, unitless space and ensure comparable
contributions to environmental distance calculations:

SvulI. . valij—p(val) (2)

~ o(val)

where val;jrepresents the original values of the variables, y(val) and
o(val) are the average and the standard deviation of each of them.
Starting from a single randomly selected occurrence, we progres-
sively increased the number of occurrences and recalculated the
hypervolume at each step, without replacement. This procedure was
repeated 10 times per species to account for stochastic variability, and
the results were averaged across repetitions (Kennedy, 2019).
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Fig. 2. Overview of the main steps in the workflow, illustrated for a single species. A virtual species is generated based on a defined species prevalence and sample
size (a). The resulting set of occurrences constitutes the unbiased dataset (b). A sampling probability surface is then simulated as a function of distance from roads (c).
By filtering the unbiased dataset to retain only occurrences with 100% sampling probability (i.e., located on or within 1 km of the road network), a biased subset is
obtained (d). The unbiased and biased datasets are compared using two approaches (e). First, a niche-based comparison via hypervolume analysis, which includes
standardizing environmental variables. Accumulation curves are computed as occurrences are added, and the normalized difference between the resulting hyper-
volumes (Ahyp) is calculated. Second, a spatial comparison based on the Dissimilarity Index (DI), computed for both datasets across the study area. The spatial
difference between the two DI maps (ddb) is calculated, and the number of pixels where ddb = 0 (i.e., no change) is used to identify areas unaffected by sam-

pling bias.
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Accumulation curves were smoothed using LOESS (Jacoby, 2000).
Curve saturation was interpreted as evidence that the sampled occur-
rences adequately represented the environmental space captured by the
sampling scheme (Arlé et al., 2024).

For each species, we extracted hypervolume values at the point of
curve convergence and calculated for all species a relative hypervolume
index (3):

o hypxs — hyps

Ahyp =
P hypxs + hyps

3

where hypyp and hypgare the hypervolume values for the resampled non-
biased and biased datasets, respectively. The index ranges from —1 to 1,
with positive values indicating niche underestimation under road-biased
sampling. When the index is equal to 0, it indicates that both datasets
yield similar hypervolume estimates, meaning road-based sampling
does not strongly bias niche representation.

As an exploratory step, hypervolume estimates were summarized
across groups defined by species prevalence and quartiles of NBnm. To
model the relationship between the hypervolume index (Ahyp), species
prevalence (SP), and NBn,m, we first evaluated the appropriate model
through a sensitivity analysis. We fitted both generalized linear models
(GLMs) with a quasibinomial family (Guisan et al., 2002; Dunn et al.,
2018) and generalized additive models (GAMs; Wood, 2018) to allow
for potential nonlinear responses of Ahyp to species prevalence, sam-
pling bias, and their interaction. For both modelling approaches, the
ggeffects R package (Liidecke, 2018) was employed. Model performance
and complexity were compared using the root mean square error
(RMSE), explained deviance, and Akaike's Information Criterion (AIC).
Based on this comparison, the final model was selected to balance model
fit, parsimony, and interpretability within the controlled simulation
context. Because the hypervolume index (Ahyp) ranges from —1 to 1,
whereas proportion-type response models require values bounded be-
tween 0 and 1, we applied the linear transformation (4) to rescale the
index prior to modelling:

Ahyp +1

5 G

A hyprescaled =

This transformation preserves the relative differences among obser-
vations while ensuring compatibility with the selected modelling
frameworks. SP and NBn,m were used in their raw, untransformed form.

To interpret model outputs and visualize interactions between pre-
dictors, we computed model-based expected values of Ahyp escqieq USING
the ggeffects R package (Liidecke, 2018). Predicted responses were
explored under two complementary scenarios:

(i) varying species prevalence (SP) while holding NBnm constant at
three representative values corresponding to its empirical quar-
tiles (0.24, 0.34, 0.43), and.

(i) varying NBn,m while fixing SP at three representative levels
(0.15, 0.30, 0.45). Model diagnostics and predictor relevance
were assessed using standard metrics applicable to both model-
ling approaches. These included Variance Inflation Factors (VIFs,
Fox and Monette, 1992) to evaluate multicollinearity among
predictors, estimated coefficients and associated standard errors
to assess effect direction and magnitude, and deviance-based tests
(F-tests) to evaluate the contribution of each explanatory variable
to variation in the response.

2.5. Geographic space: dissimilarity index

While hypervolume analyses quantify differences in ecological niche
representation in environmental space, they do not provide spatially
explicit information on where model predictions may become unreli-
able. To address this, we used the Dissimilarity Index (DI), a unitless
metric that quantifies how dissimilar the environmental conditions at
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prediction locations are relative to those represented in the training data
(Meyer and Pebesma, 2021). The DI accounts for both the variability and
relative importance of predictor variables, providing a standardized
measure of environmental distance. In the original approach, the DI was
combined with a cross-validation-derived threshold to define an Area of
Applicability (AOA). Here, we computed the DI but did not apply such a
threshold, instead using it as a continuous measure of environmental
dissimilarity.

For each species, we computed DI values by comparing the envi-
ronmental conditions at occurrence locations with those across the
entire study area. This procedure was applied separately to the non-
biased and road-biased datasets, resulting in two DI raster maps at 1
km? spatial resolution. To quantify this difference, we defined the DI
difference (DDB) as

DDB = DIyon-piased — Dlbiased (5)

This value was calculated for each pixel in the study area. The
expectation is that DDB will generally be negative (Dlpigsed > Dlnon—biased)s
indicating that the DI for the biased dataset is higher than that for the
non-biased one. In particular, the most interesting case occurs when DI
biased = DI non-biased (i-€., DDB = 0), highlighting that road-biased sam-
pling does not introduce a difference in environmental predictions. To
provide an initial overview of how the Dissimilarity Index (DI) varied
across different values of species prevalence and sample size, we
computed summary statistics (mean DI,,n_piased, me€an DI pigseq and mean
number of pixels with DDB = 0) grouped by SP and NB,,,,. Next, for each
species, we counted the number of pixels where DDB = 0 and normal-
ized it by the total number of pixels in the study area; this proportion,
hereafter referred to as (DDB = 0),,,,. , indicates the spatial extent to
which biased and non-biased samples produce identical environmental
distances.

To assess how (DDB = 0),,,, varies with species prevalence and
sampling bias, we modelled its relationship with SP, NBnm, and their
interaction using generalized linear models (GLMs) with a quasibino-
mial family. As for the hypervolume analysis, generalized additive
models (GAMs) were also fitted as a sensitivity analysis to evaluate
potential nonlinear effects, and model comparison was conducted using
the same criteria described above.

Model-based expected values of (DDB = 0),,,,,, were extracted using
the ggeffects package. Predictions were explored under two scenarios: (i)
varying species prevalence while holding NBnm constant at represen-
tative quartile values (0.24, 0.34, 0.43), and (ii) varying NBn,m while
fixing species prevalence at representative levels (0.15, 0.30, 0.45).

Model performance and predictor relevance were evaluated using
coefficient estimates and their associated standard errors, deviance-
based tests, and overall goodness-of-fit metrics. Predictive accuracy
was assessed using pseudo—R2 (Faraway, 2016), calculated as:

pseudo — R?> = 1 — model deviance/null deviance

where model deviance represents the residual deviance of the fitted
model and null deviance corresponds to the deviance of the intercept-
only model. In addition, Root Mean Square Error (RMSE) and Mean
Absolute Error (MAE) were calculated using 10-fold cross-validation.
Discrimination-based metrics, such as AUC or ROC, were not used
because they are designed for binary classification rather than contin-
uous response variables (Zuur et al., 2009).

3. Results

3.1. Relationship between species prevalence and the number of biased
occurrences

Levene's test revealed a significant difference in the dispersion of
NBporm across levels of species prevalence (SP), indicating that the
variability of NBp,m was not constant across groups (Supporting Infor-
mation, Appendix 1). Specifically, NB,,m showed greater variability at
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low SP values, while its dispersion stabilized as SP increased (Fig. 3; see
also Supporting Information, Appendix 1). This pattern was confirmed
by a linear regression model, where the negative coefficient for SP (es-
timate = —0.0567, p = 0.0004) indicated that variance in NBum
decreased significantly with increasing species prevalence. The model
exhibited a strong fit, with an adjusted R? of 0.79, suggesting that nearly
80% of the variation in NBp,, variability was explained by SP (Fig. 3).

3.2. Species' niche: hypervolume

Summary statistics showed that, in 39 out of 40 combinations of
species prevalence and biased-occurrence ranges (quartiles), mean
hypervolume estimates derived from biased occurrences were lower
than those obtained from non-biased data. Accordingly, the normalized
hypervolume difference index was positive across all groups, ranging
from 0.05 to 0.34, indicating a consistent reduction in estimated niche
breadth under road-biased sampling (Supporting Information, Appendix
2).

Fig. 4a shows hypervolume accumulation curves for a representative
species, averaged across 10 simulations for each dataset. As occurrences
were incrementally added, estimated hypervolume values increased and
progressively stabilized. The three curves correspond to the total
occurrence dataset (green), the resampled non-biased dataset (orange),
and the biased dataset (violet). Throughout the accumulation process,
the violet curve consistently lay below the green and orange curves,
indicating that road-biased sampling yielded systematically lower
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estimates of ecological niche breadth.

To model the relationship between niche representation, species
prevalence, and sampling bias, we first compared generalized linear
models (GLMs) and generalized additive models (GAMs). GAMs yielded
only marginal improvements in model fit relative to GLMs, with a slight
reduction in RMSE (from 0.00152 to 0.00143) and a small increase in
explained deviance (from 46.2% to 48.1%). Model comparison based on
AIC provided no support for the more complex GAM formulation (AAIC
=~ 0). Smooth terms indicated moderate nonlinearity for sampling bias,
whereas effects of species prevalence and their interaction were
approximately linear or non-significant. Based on these results, the GLM
was retained for inference.

GLM results showed a significant negative effect of species preva-
lence (SP) on Ahyp (coefficient = —0.35). NBn,m also had a negative
effect on Ahyp, althought is effect was weaker (Supporting Information,
Appendix 3). Deviance analysis confirmed that SP explained a sub-
stantial portion of the variation in Ahyp (F = 12.12), while NBn,m had a
smaller but significant effect (F = 3.98). Variance Inflation Factors
indicated no collinearity between predictors (VIF = 1.03).

Model predictions showed that Ahyp decreased with increasing
NBnym and that species with higher prevalence started from lower
hypervolume differences overall (Fig. 4b). Similarly, Ahyp declined with
increasing species prevalence, particularly at higher levels of sampling
bias (Fig. 4c).
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Fig. 4. a) Stepwise hypervolume accumulation curves for a single species. Each curve represents the mean hypervolume value across 10 simulations, with occur-
rences added incrementally. The orange curve corresponds to the resampled non-biased dataset, the violet to the biased dataset, and the green to the total occurrence
dataset. b) Predicted values of the difference in the hypervolume between non-biased and biased dataset (Ahyp) as a function of the normalized proportion of road-
biased occurrences (NBp,rm) for three fixed values of species prevalence (SP), represented by different colors. The red dashed line at zero indicates the point where the
non-biased and biased hypervolumes are equal. Shaded areas are confidence intervals. ¢) Predicted values of Ahyp as a function of SP, for three fixed values of
NBorm, represented by different colors. The red dashed line at zero indicates the point where the non-biased and biased hypervolumes are equal. Shaded areas
represent confidence intervals. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

3.3. Dissimilarity index

Taking one species as an example, the DDB values were zero in areas
covered by both sampling methods (or none of them) but tended to be
negative where only the non-biased sampling was present (Fig. 5a).

To assess general patterns across species, we aggregated DI and DDB
values by species prevalence and normalized biased occurrences. Mean
DI was consistently higher under biased sampling, resulting in negative
mean DDB values across all groups. The proportion of pixels with DDB <
0, indicating higher dissimilarity in the biased data, was dominant,
typically ranging from 74% to 97%. In contrast, DDB > 0 rarely excee-
ded 26%, and DDB = 0 remained consistently below 1% (see Supporting
Information, Appendix 4).

The GLM results reported that, as NBy,m increased, the number of
pixels where DDB = 0 tended to rise (coefficient: 3.10), whereas an in-
crease in SP led to a decrease in these pixels (coefficient: —1.96). The
combined effect of the two independent variables was strong and posi-
tive: a simultaneous increase of NBp,m and SP visibly raised the number
of pixels where DDB = 0 (coefficient: 8.30) (Supporting Information,
Appendix 5). The GLM effectively explained a substantial portion of the
data variability (pseudo R? = 0.461) and provided predictions that
closely aligned with observed values (RMSE = 0.00153 and MAE =
0.00117 from 10-fold cross-validation).

Predicted values from the GLM, visualized using the ggeffects
package, revealed the following patterns. Fig. 5b shows that the increase
in the number of pixels where DDB = 0 became more pronounced as
NBporm grew, with SP fixed at three values. The highest established SP
value reached 2% of the total pixels in the area. In Fig. 5¢, where NBorm
is held constant at fixed values of NBp,, the number of neutral pixels
increased sharply at the highest NB,,m, threshold (0.46). At the inter-
mediate threshold (0.35), the increase was more gradual, while at the
lowest threshold (0.24), the number of these pixels decreased despite the
rise in SP. Additionally, when NB,m, was low, an increase in SP led to a
further reduction in the predicted pixels where DDB = 0 (Fig. 5c¢).

4. Discussion

4.1. Species with low prevalence show greater variability in the number of
road-biased occurrences

The relationship between species prevalence and the variability in
the number of biased occurrences may reflect an inherent property of
species' spatial distributions, specifically how limited range increases
their sensitivity to sampling biases. When species prevalence is low, the
species occupies a relatively small area, and therefore, the probability
that sampled occurrences fall on roads (or other sampling sites) is highly
variable (Guisan et al., 2006).

From a sampling-theory perspective, this represents a consistent non-
random sampling mechanism in which inclusion probability depends on
spatial accessibility and is correlated with the underlying environmental
suitability of the species (Diggle et al., 2010; Dumelle et al., 2025).
When suitable environments for a species are located near roads, biased
sampling yields relatively dense occurrence data; when they are distant
from roads, sampling may be extremely sparse. In such cases, models
built from few occurrences are inherently unstable and highly sensitive
to the sampling configuration (Inman et al., 2021; Jiménez-Valverde
et al., 2008).

As species prevalence increases, distributions extend across larger

areas, increasing the likelihood of overlap with the road network,
regardless of where suitable environments are located. This leads to
more consistent numbers of biased occurrences across species, reducing
variability without necessarily reducing the bias itself. Importantly, this
stabilization reflects increased consistency in sampling outcomes rather
than a correction of the underlying accessibility-driven sampling pro-
cess. Widespread species are therefore more likely to be at least partially
sampled under geographically biased sampling strategies simply
because they occupy more space, increasing the likelihood of inter-
secting accessible areas.

4.2. Species with narrow ranges show greater sensitivity to sampling bias
in hypervolume-based niche estimation

Comparing hypervolumes estimated from biased and unbiased
samples provides insights into how sampling strategies influence niche
characterization. The difference between these hypervolumes (Ahyp)
acts as an indicator of the extent to which environmental representation
differs between sampling schemes. In this sense, Ahyp can be inter-
preted as a niche-based diagnostic of environmental truncation associ-
ated with accessibility-driven = sampling, highlighting how
geographically uneven occurrence data may constrain the environ-
mental conditions represented in sampled niches.

At low species prevalence, Ahyp values were consistently higher,
indicating greater sensitivity of niche estimates to sampling bias (Vilas
et al., 2022). This suggests greater uncertainty in niche estimation for
species with limited distributions, whose occurrence patterns are more
sensitive to the spatial configuration of the sampling network (Moudry
et al., 2024). Such patterns are consistent with accessibility-driven,
non-random sampling processes, in which inclusion probabilities
depend on accessibility rather than ecological suitability, potentially
leading to systematic underrepresentation of portions of the environ-
mental space (Boyd et al., 2023; Diggle et al., 2010). Under such con-
ditions, whether suitable environments happen to overlap with roads
strongly determines which environmental conditions are sampled,
resulting in greater variability in estimated hypervolumes.

As species prevalence increases, Ahyp values tend to decline and
converge toward zero, indicating a growing similarity between biased
and unbiased niche estimates (Moudry et al., 2024). Importantly, this
convergence should not be interpreted as a reduction in sampling bias.
Instead, it reflects increased stability in biased sampling outcomes:
widespread species occupy larger areas, increasing the likelihood that
geographically biased sampling consistently captures a similar subset of
environmental conditions across replicates. This greater consistency
reduces fluctuations in hypervolume estimates, even though the un-
derlying sampling process remains biased.

Consequently, the magnitude of niche distortion depends not only on
the sampling strategy itself but also on the spatial extent and position of
a species' range relative to that strategy (Rolecek et al., 2007). For
narrowly distributed species, road-based sampling may either yield a
reasonably representative niche if suitable environments are located
near roads or fail entirely if they are far from accessible areas. In
contrast, broader-ranging species are more likely to intersect the road
network, resulting in more repeatable, although still biased, environ-
mental representations.

By explicitly measuring how biased sampling limits the range of
environmental conditions that are sampled, our niche-based framework
helps distinguish between reduced variability in model outcomes and
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Fig. 5. a) Map showing the distribution of occurrences across the study area and the difference in the Dissimilarity Index between the non-biased and biased
sampling. Yellow points are the occurrences near roads, which are included within the non-biased sampling (red circles). b) Predicted values of the difference in the
Dissimilarity Index between non-biased and biased datasets (DDB) = 0 obtained from a Generalized Linear Model (GLM) when increasing the species prevalence (SP)
and 3 values of the normalized proportion of road-biased occurrences (NByom) fixed. Each line has its confidence interval (95%). ¢) Predicted values of DDB = 0 as
we increase NB,,m and keep 3 fixed values of SP. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of

this article.)

genuine improvements in environmental representativeness. This
perspective complements previous studies showing that approaches
based on environmental space are more effective than purely geographic
strategies for capturing species' climatic niches (Perret and Sax, 2022). It
also emphasizes the need to interpret sampling bias by jointly consid-
ering species distributions and sampling design.

4.3. High-prevalence species show greater environmental dissimilarity
under low-intensity biased sampling

Because species prevalence influences the spatial extent of simulated
ranges and their potential overlap with roads, species prevalence and
NBn,rm are not fully independent within the simulation framework.
Consequently, these relationships should be interpreted primarily as
associations among interacting simulation components rather than iso-
lated causal effects. Observing the trend for (DDB = 0),,,,, as NBnom
increased while keeping SP fixed at three thresholds, we found that
(DDB = 0),,,,,, 8rows gradually at low SP levels but increases more
rapidly at high SP values. This supports the hypothesis that increasing
the sample size leads to a growing number of locations where biased and
unbiased sampling produce no difference in Dissimilarity Index values.
Our findings align with previous studies emphasizing sample size as the
most critical factor in ensuring reliable predictions (Moudry et al.,
2024). The interaction term between NB,,, and species prevalence is
significant, indicating that the effect of NByomm on (DDB = 0),,,,, is not
constant, but instead depends on species prevalence. When species
prevalence is higher, the relationship between NBom and (DDB = 0),,,...
strengthens, reflecting a compounded effect of broader species distri-
bution and increased sampling coverage along roads. However, when
we examine the effect of species prevalence alone while keeping NB;orm
fixed at different values, a different pattern emerges. The negative co-
efficient associated with species prevalence indicates that, for a given
number of biased occurrences, an increase in species prevalence tends to
reduce (DDB = 0),,,,,- In particular, when only a small number of oc-
currences are collected along roads, more widespread species, which
occupy a larger area, will exhibit a decrease in the number of environ-
mentally “indifferent” pixels. This is because higher prevalence implies
that the species occurs across a broader environmental and spatial
gradient, including many regions not covered by biased sampling. In
such cases, modelling a generalist species with sparse data leads to
considerable uncertainty, as emphasized by Jiménez-Valverde et al.
(2008). Similarly, Botella et al. (2020) and Baker et al. (2022) showed
that even broadly distributed species can be mischaracterized if occur-
rence data are geographically biased, often resulting in overestimated
specialization or distorted predictions of niche breadth. Overall, our
results support previous evidence that geographically biased sampling
can distort the representation of environmental space, particularly for
widespread species. In this context, the DI represents a useful comple-
mentary metric for identifying where sampling bias is most likely to
compromise environmental representativeness in geographic space.

4.4. Study limitation and perspective

The present study focuses on environmental representativeness
under varying degrees of road-sampling bias, sample size, and species
prevalence; however, these effects are also expected to propagate to
SDM predictions. In particular, road-based sampling introduces a sys-
tematic over-representation of accessible environmental conditions,
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which can bias the estimation of species—environment relationships and
shift inferred ecological niches. This, in turn, may influence predicted
probabilities of presence by favoring environments associated with
sampling accessibility rather than the full range of suitable conditions.
Consequently, SDM outputs derived from such data may exhibit spatial
artifacts, such as inflated suitability in well-sampled (road-proximate)
areas and reduced predictive performance in environmentally suitable
but under-sampled regions. Recent studies have demonstrated that such
sampling-induced distortions can substantially affect SDM reliability,
transferability, and the estimation of species—environment relationships,
and that appropriate bias correction can mitigate these effects (Pili et al.,
2025). In addition, spatially explicit evaluation metrics have been
shown to be more sensitive to environmentally biased predictions than
conventional non-spatial metrics, providing improved diagnostic capa-
bility for detecting sampling artifacts (Bracho-Estévanez et al., 2024).
Correcting sampling bias directly in environmental space has been
shown to improve model performance across multiple objectives,
including prediction accuracy and transferability (Pili et al., 2025).
However, it is important to note that environmental filtering is not al-
ways beneficial and should not be applied indiscriminately without
evidence of bias in species occurrence data (Gabor et al., 2020, Gabor
et al.,, 2023). This is particularly relevant because geographic and
environmental sampling domains are tightly coupled, and correcting
bias in one domain may propagate unintended distortions into the other.

In this context, our framework is intended to complement these
existing bias-correction and evaluation approaches. Instead of focusing
on model calibration or bias-correction procedures (Balej et al., 2025;
Dubos et al., 2022), we explicitly examine how geographically biased
occurrence data modify the environmental space represented by ob-
servations under different combinations of species prevalence and
biased sampling intensity. Whereas Meyer and Pebesma (2021)
thresholded the DI to define an Area of Applicability, we retain the DI as
a continuous measure of environmental dissimilarity, allowing it to
serve as a diagnostic indicator of environmental truncation before model
fitting and interpretation. By combining hypervolume-based niche
estimation with spatially explicit dissimilarity metrics (Bracho-
Estévanez et al., 2024), we provide diagnostic tools that can help
identify environmentally truncated occurrence datasets before model
fitting and interpretation.

Our results show that species prevalence strongly mediates how
geographically biased sampling propagates to environmental niche es-
timates. Rare or spatially restricted species were particularly vulnerable
to environmental mischaracterization, whereas widespread species
often exhibited more stable, but not necessarily more representative,
environmental coverage. These findings suggest that evaluating envi-
ronmental representativeness before modelling may help identify situ-
ations in which geographically biased occurrence data are likely to
distort niche characterization.

Spatially explicit dissimilarity metrics such as the DI used here can
provide a useful first assessment of the environmental distance between
occurrence records and the broader predictor space, helping identify
regions where sampling bias may compromise representativeness. When
occurrence datasets originate from different sampling schemes, data
sources, or temporal snapshots, complementary niche-overlap ap-
proaches based on environmental hypervolumes may further help
quantify differences in environmental coverage (e.g., Zurell et al.,
2024). When available, independent range information, such as Inter-
national Union for Conservation of Nature (IUCN) distribution maps
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(Betts et al., 2020), can also support survey design and help assess
whether occurrence records adequately capture the environmental
conditions occupied by a species. Although our simulations focused
specifically on road-associated sampling bias, similar mechanisms are
likely to operate across broader spatial scales (Bystriakova et al., 2012),
where environmental representativeness is shaped by multiple inter-
acting factors, including uneven sampling effort, accessibility, moni-
toring policies, and differences among biodiversity databases. Recent
large-scale assessments have shown that biodiversity data sources and
conservation networks may differ substantially in their taxonomic,
geographic, and environmental representativeness. For example, Di
Musciano et al. (2026) found strong variation in how effectively the
Natura 2000 network captures regional plant diversity across European
countries and biogeographic regions, whereas Santi et al. (2026) showed
that major biodiversity repositories such as GBIF, EVA, and GIFT, can
systematically differ in species coverage and ecological representation
across Mediterranean islands. Here, combining spatial dissimilarity
metrics with hypervolume-based niche comparisons may provide a
useful framework for evaluating how different data sources represent
environmental space for the same taxa and for identifying where
incomplete or geographically biased sampling may propagate to
large-scale ecological inference.

For poorly known species, the proposed framework may provide an
initial exploratory assessment of environmental representativeness
before model calibration. Given a set of occurrence records, spatial
dissimilarity metrics such as the DI can help identify environmentally
similar areas that remain unsampled or underrepresented. In such cases,
ecologists may then investigate whether these gaps reflect true ecolog-
ical constraints, local disturbances, or simply uneven sampling effort
and accessibility.

Finally, an additional aspect not explicitly considered in this study is
spatial autocorrelation, whereby geographically proximate observations
and environmental conditions tend to be more similar than distant ones
(Cressie, 2015). Because our simulations were designed to isolate the
effects of species prevalence, sample size, and geographic sampling bias,
spatial dependence was not incorporated into the modelling workflow.
However, in real-world applications, spatial autocorrelation in pre-
dictors and occurrence data may further influence environmental
representativeness (Naimi et al., 2011) and could be incorporated into
future extensions of the framework to refine hypervolume estimation
and DI-based assessments.

5. Conclusions

This study demonstrates that geographically biased sampling and
roadside-biased data collection in particular can substantially distort
inferred ecological niches. When occurrence records are concentrated
near roads, estimated Hutchinsonian hypervolumes are systematically
constrained, with the strongest effects observed for low-prevalence
species. In contrast, unbiased sampling captures a broader and more
representative spectrum of environmental conditions. We further show
that increasing sample size can partially stabilize model outputs but
cannot fully compensate for bias-induced distortions. These effects may
become particularly consequential when models are transferred across
space and time, as biased sampling markedly limits their extrapolation
to different geographic regions and past or future environmental sce-
narios. Overall, our results reinforce that accessibility-driven bias does
not affect all species equally. Even where road networks are dense and
encompass most environmental conditions, the spatial distribution and
intensity of sampling can be concentrated in particular areas (e.g., near
cities or popular sites). Therefore, road-network extent alone is not a
reliable proxy for sampling bias. No universally robust sampling strategy
exists, and reliable niche estimation requires a species-specific evalua-
tion of how accessibility, prevalence, and sample size jointly shape the
representation of ecological reality, even in an era of abundant biodi-
versity data.
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