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Abstract

Biodiversity community science projects are growing rapidly in popularity.

The enormous amounts of data generated by these programs are transforming

how we conduct ecological research and conservation management. However,

as with other biodiversity surveys, community science datasets suffer from

biases in time and locations of observations. To better use these data, we

modeled the spatial biases present in the popular community science platform,

iNaturalist. iNaturalist uses crowdsourcing to collect georeferenced and

time-stamped observations of all taxa worldwide. With its wealth of biodiver-

sity data, iNaturalist is now being used to answer a broad range of questions in

ecology and conservation, but little is known about the platform’s spatial

biases. We focus on the more than 1.75 million iNaturalist observations avail-

able (as of December 2021) from British Columbia, Canada, a region with a

strong community science presence and diversity of ecosystems. Using

machine learning and species distribution modeling, we examined which land-

scape factors (e.g., protected areas, roads, human population density, habitat

zones, elevation) were most important in determining where observations are

taken, and we created a predicted probability map revealing how likely differ-

ent regions are to be sampled by community scientists. We found strong road

biases for observations in iNaturalist, with over 94% of observations within

1 km of roads. In addition, human population density and broad habitat eco-

system zones played a large role in predicting where iNaturalist observations

occur across the landscape. These methods demonstrate tools for modeling the

effects of spatial biases in large opportunistic datasets that can then be used to

produce more accurate species distribution and biodiversity models from com-

munity science data.
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INTRODUCTION

The use of community science to collect data on biodiversity
is growing rapidly with advances in technology and online
platforms like eBird and iNaturalist (Loarie, 2020;
Miller-Rushing et al., 2012; Pocock et al., 2018; Sullivan
et al., 2009). These community science (also known as citi-
zen science) platforms range from user-driven opportunistic
data collections (e.g., iNaturalist) to standardized surveys
with volunteers helping collect specific data (e.g., Breeding
Bird Surveys). Community science platforms are producing
massive amounts of biodiversity and ecological data
across large geographical and temporal scales (Loarie, 2022;
Pocock et al., 2018; Zhang, 2020). These data are being used
to answer questions of phenology (Barve et al., 2020;
Nowak et al., 2020), species distributions (Johnston et al.,
2021), population trends (Neate-Clegg et al., 2020), pheno-
typic variation (Drury et al., 2019; Lehtinen et al., 2020),
health (Hamilton et al., 2021), and species interactions
(Saldivar & Romero, 2022). In addition, these community
science platforms are contributing to the discovery of new
species and monitoring and management of exotic and rare
species (Hausdorf et al., 2021; Jain et al., 2022; Roberts
et al., 2022; Werenkraut et al., 2020). The contribution of
these datasets to our biodiversity knowledge hinges on
whether we understand a variety of biases, especially related
to the spatial distribution of observers (Brown & Williams,
2019; Dickinson et al., 2010; Isaac et al., 2014; Johnston
et al., 2018).

Spatial biases, taxonomic biases, and variability in
observer sampling effort are common limitations in
community science biodiversity datasets. Observations
are often concentrated in regions with high human popu-
lation densities (Ballesteros-Mejia et al., 2013; Ruete,
2015; Speed et al., 2018) and in areas that are easily acces-
sible such as roads and tourist locations (Kadmon et al.,
2004; Oliveira et al., 2016). The data often also exhibit
taxonomic biases, favoring large charismatic taxa such as
birds and mammals over cryptic taxa like spiders
(Isaac & Pocock, 2015; Troudet et al., 2017).
Furthermore, variability in sampling effort is common in
crowdsourced community science, where there are little
to no sampling guidelines, resulting in large variability in
distances surveyed, duration of surveys, and intensity of
observations, which may (e.g., eBird) or may not
(e.g., iNaturalist) be accounted for (Isaac et al., 2014;
Ruete, 2015). Note that biases exist in all datasets, even
professional surveys (Kosmala et al., 2016), and there are
methods to explicitly account for spatial biases in species
distributions (Fithian et al., 2015; Zizka et al., 2020),
observer variability in species occupancy-detection and
biodiversity modeling (Isaac et al., 2014; Johnston et al.,
2018; Kelling et al., 2015; Meyer et al., 2016), and

temporal biases in phenology studies (Courter et al.,
2013). However, these methods require knowledge of the
extent and strength of the biases and the factors affecting
them before use.

Despite the importance of understanding the extent
and strength of biases in community science diversity
datasets, many projects have limited information on
biases and errors, with the exception of bird-focused
programs, such as eBird and breeding bird surveys
(La Sorte & Somveille, 2020; van Wilgenburg et al., 2015;
Zhang, 2020). The popular platform iNaturalist has the
largest number of participants with over 2.6 million users
and the broadest taxonomic coverage in the world with
more than 135 million observations (Callaghan et al.,
2020; iNaturalist, 2023). iNaturalist also displays strong
evidence of spatial biases and observer variability due to
its opportunistic data collection (Di Cecco et al., 2021;
iNaturalist, 2023; Loarie, 2020). Current research has
only begun to scratch the surface of the biases within
iNaturalist data (Callaghan et al., 2020; Di Cecco et al.,
2021; Mesaglio & Callaghan, 2021). Studies so far have
focused on describing the broad taxonomic, temporal,
and spatial biases within iNaturalist such as taxonomic
specialization of iNaturalist observers, weekend temporal
biases, and spatial bias toward developed land (Di Cecco
et al., 2021; Mesaglio & Callaghan, 2021). However, there
is currently no example framework available for investi-
gators interested in visualizing and modeling the spatial
sampling biases on iNaturalist to show where predicted
community science activity will be high versus low. In
addition, we do not know which landscape features are
the most influential for where iNaturalist users make
observations and how these are related to the probability
of an observation being made at a particular location.

Our study addresses this knowledge gap on biases in
community science diversity datasets by modeling spatial
biases in the iNaturalist database using the large and geo-
graphically diverse province of British Columbia (BC),
Canada as a case study. We use Maxent, a popular
machine learning software that produces species distribu-
tion models with presence-only data (Phillips et al.,
2020). The software can also be used to model sampling
effort (i.e., spatial sampling biases) and test which vari-
ables such as habitats and distance to roads influence
observer behavior (Barber et al., 2022; Merow et al.,
2013). We developed a workflow that could be applied
anywhere to: (1) model spatial biases of iNaturalist obser-
vations across BC and predict where observations are
likely to occur across the landscape; and (2) determine
the strength and direction of relationships between envi-
ronmental variables and probability of iNaturalist obser-
vations. Given the opportunistic nature of iNaturalist
observations and previous studies of community science
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projects, we predicted that distance to roads and human
population density will be the most important environ-
mental variables biasing the distribution of observations,
with land cover type such as urban and agricultural
regions and tourist locations (e.g., parks) having a lesser
effect. We predicted an exponential negative relationship
between distance to roads and probability of observation,
and a positive linear relationship between human popu-
lation density and probability of observation.

METHODS

Background: iNaturalist and study area

iNaturalist is a social network platform where users
upload their own georeferenced and time-stamped photos
and audio recordings of organisms for community identifi-
cation (iNaturalist, 2023). The platform is designed for
users of all skill levels with the primary goals of education
and connecting people with nature. iNaturalist has no
sampling guidelines; people select what, when, and where
they want to observe nature. While this lack of sampling
guidelines has some distinct advantages, it leads to large
variability in sampling effort and spatial, temporal, and
taxonomic coverage of observations (Di Cecco et al., 2021).
As a result, observations on iNaturalist are considered
presence-only data, which require specialized statistics for
analysis (Dickinson et al., 2010).

BC is an excellent study region with its wide range of
habitats and population densities (Environmental
Reporting BC, 2018; Meidinger & Pojar, 1991), strong
iNaturalist community (iNaturalist, 2023), and publicly
available fine-resolution spatial data (BC Data Catalogue:
https://catalogue.data.gov.bc.ca/). The BC iNaturalist
database currently contains over 2 million georeferenced
observations across the taxonomic spectrum from 40,000
observers from 1937 to 2022, with the number of observa-
tions growing exponentially (iNaturalist, 2023).

Study datasets

We downloaded iNaturalist observations (n = 1,769,501)
directly from the iNaturalist website (https://www.
inaturalist.org/) on December 2, 2021. We selected dis-
tance to roads as a landscape feature that we expected to
influence the spatial coverage of iNaturalist observations
(Kadmon et al., 2004; Reddy & D�avalos, 2003; Stolar &
Nielsen, 2015; Tye et al., 2017). We included provincial
and national parks because many parks are popular tour-
ist spots in BC (BC Parks, 2018) and tourist spots can bias
number of community science records in a region

(Boakes et al., 2010). In addition, there are increasing
initiatives by government agencies and nonprofit societies
encouraging the use of the iNaturalist platform in parks in
BC (BC iNaturalist Program, 2021; Parks Canada, 2022;
Strathcona Wilderness Institute, 2022). We expected
human population density to be related to the spatial distri-
bution of iNaturalist observations (Ballesteros-Mejia et al.,
2013; Ruete, 2015; Speed et al., 2018). We selected the
fine-scale land cover type (e.g., cropland, urban, and mixed
forest) from MODIS (International Geosphere-Biosphere
Programme [IGBP] global vegetation classification scheme;
Appendix S1: Table S1) because land cover type can cause
spatial bias in volunteer community science (Di Cecco
et al., 2021; Geldmann et al., 2016; Petersen et al., 2021).
We also included data from the broader scale
Biogeoclimatic Ecosystem Classification (BEC) system,
used in BC to classify landscape-level ecosystems
(Geldmann et al., 2016; Meidinger & Pojar, 1991;
Tulloch & Szabo, 2012). We also analyzed elevation as
mountainous regions are less accessible than lower eleva-
tion sites, which likely causes spatial bias in observations
(Fern�andez & Nakamura, 2015; Mair & Ruete, 2016). See
Table S2 in Appendix S1 for further information on the
spatial datasets.

Spatial data preparation

We removed marine observations (n = 141,147),
resulting in 1,628,354 terrestrial observations for analysis.
We further refined the data for Maxent analysis by spa-
tially filtering the observations following Kass et al.
(2022) where we retained only one observation per grid
cell (277-m resolution) to reduce spatial autocorrelation.
The final cleaned occurrence dataset contained 152,785
terrestrial observations. We cleaned and processed envi-
ronmental spatial layers to ensure identical spatial pro-
jection, cell size, extent, and origin. We clipped the roads
dataset to the BC terrestrial boundary to remove boat
routes and Yukon highways. We created a Euclidean dis-
tance to the road raster layer with a cell size of 25 m. We
rasterized the national and provincial park polygon
layers, converted them to binary surfaces, and combined
them to create a raster layer of parkland versus
non-parkland. We took the log of human population
density following Mair and Ruete (2016) and Barber et al.
(2022) to better examine the effect of population density
changes at very low densities. We projected all environ-
mental layers in BC Albers projection, cropped and
masked using the BC terrestrial polygon, then resampled
to cell size of 277 m to match the coarsest raster layer
(MODIS land cover). This resolution is comparable or
even finer than other studies of spatial sampling bias in
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community science (El-Gabbas & Dormann, 2018;
Mair & Ruete, 2016; Stolar & Nielsen, 2015). We used
bilinear resampling for continuous raster layers (distance
to road, human population size, and elevation). We
conducted spatial data preparations in R (version 4.1.3),
RStudio (R Core Team, 2021; RStudio Team, 2021), and
ArcMap 10.6.1 (Redlands, 2017). We used the following R
packages: bcmaps (Teucher et al., 2021), MODIStsp
(Busetto & Ranghetti, 2016), sf (Pebesma, 2018), dplyr
(Wickham et al., 2021), raster (Hijmans, 2021a), fasterize
(Ross, 2020), and Terra (Hijmans, 2021b).

Statistical analyses

We quantified the number of terrestrial iNaturalist obser-
vations near roads using an empirical cumulative distribu-
tion function, which we compared with a random null
model. We selected 1 million random points across BC,
extracted Euclidean distance to road for each random spa-
tial point, then took the mean of the million random
points. We bootstrapped those million distances 10,000
times. Mean and SE were measured for each bootstrap
sample. We then selected 1 million data points randomly
from the observed terrestrial iNaturalist observations and
took bootstrapped samples in the same manner. We chose
a sample size that was similar to the observed number of
observations in BC. We compared the observed mean dis-
tances between the two distributions using a Welch
two-sample t test. We conducted these analyses in RStudio
using the stats, sf, raster, and dplyr packages (Hijmans,
2021a; Pebesma, 2018; R Core Team, 2021; RStudio Team,
2021; Wickham, 2016; Wickham et al., 2021).

We used the species distribution modeling software,
Maxent, via the ENMeval and dismo packages to investi-
gate which environmental variables are strong predictors
of where iNaturalist observations are made across the
province (Hijmans et al., 2021; Kass et al., 2021; Phillips
et al., 2020). We selected Maxent because it handles
presence-only data (Elith et al., 2011), is widely used
(Fourcade et al., 2014), and is ranked as one of the top spe-
cies distribution models for presence-only data for
predictiveness (Valavi et al., 2022). In addition to modeling
species distributions, Maxent can also be used to create a
bias file of sampling effort that can then be fed into a spe-
cies distribution model to correct for sampling and geo-
graphical bias (Barber et al., 2022; Elith et al., 2011;
Phillips et al., 2020). Appendix S1 shows how a bias file
can be incorporated in the Maxent GUI to account for spa-
tial sampling bias (Appendix S1: Figure S1). Creating a
bias file is usually based on target group sampling, where
occurrence data of species within the same taxonomic cat-
egory of the focal species with similar sampling biases are

pooled together and modeled with different covariates
related to observer behavior, for example, distance to roads
and urban centers (Merow et al., 2013; Phillips et al.,
2009). We adapted Maxent to model the distribution of
iNaturalist observers across BC. People who make an
observation are thus our “species.” We pooled all terres-
trial observations to model the probability of occurrence of
an observation (i.e., sampling spatial bias) across the prov-
ince and to determine which environmental variables best
explain where observations are made (Elith et al., 2011;
Phillips, 2017). We selected the R package ENMeval to run
Maxent as it allows multiple tuning parameters to be
tested at once, produces reproducible code, provides met-
rics such as corrected Akaike information criterion (AICc)
to allow comparison of different maxent models, and has
the function to test Maxent models against a null model
(Kass et al., 2021). The null model analysis for species dis-
tribution modeling is based on Bohl et al. (2019).

We conducted a Pearson correlation matrix analysis
for continuous raster layers using the ENMTools package
(Warren & Dinnage, 2022) and Cramer’s V for similarity
association measurements of categorical layers using the
rcompanion R package (Mangiafico, 2022) to ensure the
environmental variables were not highly correlated
(correlation metric <0.50) (Fourcade et al., 2014; Merow
et al., 2013). We produced similarity matrices using
Schoener’s D (i.e., niche overlap) of the predicted Maxent
values among the different Maxent models in geographic
space (Kass et al., 2022; Schoener, 1968). The code and
workflow we used can be found on Zenodo (https://doi.
org/10.5281/zenodo.7710337).

Maxent settings

We ran Maxent models with the following tuning
arguments and settings in ENMeval. We used the
Randomkfold partition method with k = 5 and the
algorithm argument = “maxent.jar” following the default
Maxent GUI settings (Kass et al., 2021). We used 300,000
background points and made the model randomly select
the background points from across BC (Kass et al., 2021;
Phillips, 2017; Valavi et al., 2022). We did not restrict
background area to buffer zones around presence points
because we are interested in making inferences for the
entire province (Fourcade et al., 2014; Kass et al., 2021).
Maxent removed 4664 occurrence points with NA predic-
tor variable values. We tested regularization multiplier
values from 0.5 to 2 by increments of 0.5. The feature
classes we included were linear (L), quadratic (Q), hinge
(H), and product (P), with the following combinations
tested: L, Q, H, P, LQ, LQH, LQP, and LQHP. We tested
32 different Maxent models. A prediction map for the top

4 of 13 GEURTS ET AL.

 21508925, 2023, 6, D
ow

nloaded from
 https://esajournals.onlinelibrary.w

iley.com
/doi/10.1002/ecs2.4582 by U

niversity O
f V

ictoria M
earns, W

iley O
nline L

ibrary on [05/03/2024]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense

https://doi.org/10.5281/zenodo.7710337
https://doi.org/10.5281/zenodo.7710337


model was produced using the cloglog output format.
The top Maxent model was selected using AICc and area
under the curve (AUC) validation (Kass et al., 2021). It
was then compared with a null model using the
“ENMnulls” function from ENMeval package with
100 iterations implemented (Kass et al., 2021). We used
the tuning arguments from the top model as inputs for
the Maxent GUI to produce the response curves and vari-
able importance graphs (Phillips, 2017).

We examined variable importance of the top maxent
model using percent contribution, permutation impor-
tance, and a jackknife test of regularized training gain
(Phillips, 2017). We analyzed the relationships of the
environmental variables with the Maxent predicted prob-
ability of iNaturalist observations using marginal and iso-
lated variable response curves. Marginal response curves
show the relationship between predicted probability of
observation with an environmental variable across its
range while all other variables are held at their average
sample value. Isolated variable response curves consider
only one variable at a time.

RESULTS

Where are iNaturalist observations likely
to occur?

The highest probabilities of observations in BC are in the
south and along highways (Figure 1). The lowest predicted

probabilities are in the north, particularly in the northwest
(Figure 1). These probabilities are based on the top Maxent
model in terms of both AICc and AUC validation values
(AUCval = 0.906, ΔAICc = 0, number of coefficients = 176;
Appendix S1: Table S3). This was also the most complex
model with all four feature classes included (=linear,
quadratic, hinge, and product) and a regularization multi-
plier value of 0.5 (i.e., low penalty toward complexity).
There was high “niche overlap” among the 32 Maxent
model predictions, suggesting the different Maxent settings
produced similar maps. The similarity matrices using
Schoener’s D of the predicted Maxent model values in geo-
graphic space ranged from D = 0.818 to D = 0.998. Lastly,
the top Maxent model was significantly different from the
null model using the AUC validation metric (Z = 15.25,
p < 0.00001; Appendix S1: Table S4 and Figure S2).

Which environmental features best predict
where iNaturalist observations occur?

For the top Maxent model, distance to road was the most
influential variable with a permutation importance value
of 51.6%, while BEC was the second most important vari-
able at 28.7% (Table 1). Human population density was
much less important (permutation importance value
9.2%), though its percent contribution was similar to dis-
tance to roads (34%; Table 1). Since percent contribution
values are pathway (i.e., algorithm) dependent and per-
mutation importance values are derived from the final

F I GURE 1 Maxent predicted probability of presence for iNaturalist observers making observations in British Columbia, Canada.

Predictions are based on the cloglog output format. Cell resolution = 277 m.
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Maxent model (Phillips, 2017), this drop in relative
importance suggests that population density was impor-
tant for the Maxent algorithm to create the model, but
ultimately distance to roads and BEC play a larger role
for predicting where iNaturalist observations occur
(Table 1). Land cover type was the least important vari-
able with permutation importance of 1.2% and percent
contribution of 0.6% (Table 1). See Appendix S1 for jack-
knife test results of variable importance (Appendix S1:
Figure S3).

The strong bias of observations toward roads can be
seen in Figure 2. A total of 75% of observations were
within 160 m and 94% of observations were within 1 km
of roads (Figure 2). The mean distance from roads was
309 ± 0.01 m (SE) from roads, whereas random points
were 5277 ± 0.09 m from roads (Welch two-sample t test:
t = 55,695, df = 10,422, p value <0.001; Figure 2c,d).

How do the environment variables affect
predicted probability of iNaturalist
observation?

Marginal response curves provide another way of
assessing and visualizing the roles of individual predictor
variables in biasing the locations of observations by hold-
ing all other predictors at their average sample value. As
expected, there was higher predicted probability of an
iNaturalist observation for locations close to roads
(Figure 3). When controlling for other variables, for
example, human population density, the biogeoclimatic
zones with the highest predicted probability of observa-
tion were the Coastal Mountain-heather Alpine and

Mountain Hemlock zones, and the lowest probabilities
were the Boreal White and Black Spruce and Sub-Boreal
Pine–Spruce zones (Figure 3). When the other variables
are not controlled for, the highest predicted BEC zones
are Coastal Douglas-Fir and Ponderosa Pine
(Appendix S1: Figure S4). As predicted, there was a posi-
tive relationship between predicted probability of obser-
vation and human population density, and a higher
predicted probability of iNaturalist observations within
parks than outside parks (Figure 3). See Appendix S1 for
marginal and isolated variable response curves for all six
environmental variables (Appendix S1: Figure S4).

DISCUSSION

Our results provide a workflow to visualize the spatial
sampling biases present within iNaturalist, the world’s
largest community science biodiversity platform. Using
this method, we were able to determine the important
environmental drivers behind those spatial biases. Our
workflow demonstrates a method to identify spatial sam-
pling bias in presence-only data (e.g., iNaturalist) that
could then be subsequently incorporated into species dis-
tribution models using these data, as well as other com-
munity science summary analyses (Geldmann et al.,
2016). As predicted, distance to roads played the largest
part in influencing where people make iNaturalist
observations (Table 1). Unexpectedly, the broad habitat
variable (i.e., BEC) was more important than human
population density for predicting where iNaturalist
observations occur (Table 1).

These results align with other studies examining vari-
able importance in presence-only datasets (El-Gabbas &
Dormann, 2018; Geldmann et al., 2016; Mair & Ruete,
2016). Geldmann et al. (2016) also found distance to roads,
population density, and land cover type (e.g., urban) are
important factors influencing spatial biases in four dif-
ferent community science projects in Denmark; how-
ever, they did not look at any additional variables.
Mair and Ruete (2016) found road access and population
density were consistently the most important variables
in the Swedish LifeWatch platform. Lastly, El-Gabbas
and Dormann (2018) found accessibility covariates
(e.g., distances to roads, cities, and protected areas) bet-
ter accounted for spatial biases than other environmen-
tal and effort variables for opportunistically collected
data on bats in Egypt.

Although elevation did not appear to have a large
influence on where iNaturalist observations occur
(Table 1), this may be because distance to road was the
better measure of accessibility. Mair and Ruete (2016)
also found that roads were more important than

TAB L E 1 Two measures of variable importance for the top

Maxent model (feature classes = LQHP, regularization

multiplier = 0.5) selected by the ENMeval R package for the

distribution of iNaturalist observations in British Columbia,

Canada.

Variable

Permutation
importance

(%)

Percent
contribution

(%)

Distance to roads (m) 51.6 34.2

Biogeoclimatic zones 28.7 19.3

Human population density 9.2 34.1

Park versus non-parkland 7.0 7.2

Elevation (m) 2.3 4.6

Land cover type 1.2 0.6

Note: Permutation importance values are derived from the final Maxent
model. Percent contribution values are algorithm (i.e., Maxent)
dependent.
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elevation for accessibility. There are other potential met-
rics of accessibility such as steepness (Mair & Ruete,
2016), terrain ruggedness (Stolar & Nielsen, 2015), and
travel time to major cities (Barber et al., 2022). Lastly,
protected areas (i.e., national and provincial protected
parks) and land cover types explained relatively little of
the spatial biases (Table 1). This was unexpected, consid-
ering they have been important in other opportunistically
collected datasets (El-Gabbas & Dormann, 2018;
Geldmann et al., 2016; Petersen et al., 2021; Rocchini
et al., 2011; Stolar & Nielsen, 2015). In particular, it was
interesting to see the land cover type variable ranking so
low when Di Cecco et al. (2021) found evidence of
iNaturalist observations being biased across different
land cover categories in the United States. However, they

did not look at multiple spatial variables simultaneously.
Thus, iNaturalist observations are likely biased by land
cover type, but accessibility (i.e., distance to roads) is a
more important factor for predicting where observations
will occur. The small effect of parks (7%; Table 1) may be
due to many of the parks, in particular large ones, being
in remote northern regions with no year-round road
access. Thus, we recommend including distance to roads,
human population density, and broad habitat classifica-
tion when accounting for spatial biases when using
iNaturalist data and consider including protected areas
and land cover land type if available.

The negative exponential relationship in predicted
probabilities with distance from roads (Figure 3) mirrors
the sharp cumulative curve with 94% of iNaturalist

F I GURE 2 (a) Empirical cumulative distribution function and quantiles of observed distance to roads for terrestrial iNaturalist

observations in British Columbia, Canada. Analysis includes all road types: paved, maintained, and unmaintained. (b) Maps of iNaturalist

observations and paved roads. (c) Frequency polygon plot of the mean distances from roads for random locations (n = 10,000 bootstrapped

samples). (d) Frequency polygon plot of the mean distances from roads for observed locations (n = 10,000 bootstrapped samples). Mean

distance was calculated for each bootstrapped sample. Each sample contained 1 million resampled data points.
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observations within 1 km of roads in BC (Figure 2). This
relationship was similarly found in Kadmon et al. (2004)
with 61% of plant observations in Israel within 500 m of
roads and 97% of observations within 4 km. Predicted prob-
ability increasing with human population density
(Figure 3) is in line with other studies of opportunistically
collected datasets (Mair & Ruete, 2016). Although the effect

of parks on observation distribution was smaller than the
other variables we tested, there was higher predicted prob-
ability of observations in parks than outside parks
(Figure 3). The highest predicted zones for the BEC vari-
able were Coastal Mountain-heather Alpine and Mountain
Hemlock (Figure 3). This was likely due to popular provin-
cial parks occurring within these zones that have intense
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F I GURE 3 Marginal response curves for the top four ranked environmental variables in the Maxent model. These show the

relationship between predicted probability of observation with an environmental variable while all other variables are held at their average

sample value. Biogeoclimatic zones: BAFA, Boreal Altai Fescue Alpine; BG, Bunchgrass; BWBS, Boreal White and Black Spruce; CDF,

Coastal Douglas-fir; CMA, Coastal Mountain-heather Alpine; CWH, Coastal Western Hemlock; ESSF, Engelmann Spruce–Subalpine Fir;
ICH, Interior Cedar–Hemlock; IDF, Interior Douglas-fir; IMA, Interior Mountain-heather Alpine; MH, Mountain Hemlock; MS, Montane

Spruce; PP, Ponderosa Pine; SBPS, Sub-Boreal Pine–Spruce; SBS, Sub-Boreal Spruce; and SWB, Spruce–Willow–Birch.
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community science activity (BC iNaturalist Program, 2021;
Egan, 1997; Strathcona Wilderness Institute, 2022).

Applicability and future directions

We restricted our analyses to a single province as proof of
concept, but our results may be broadly applicable
beyond BC given the large land area (947,800 km2),
diversity of ecosystems, and large ranges in human popu-
lation and road densities we tested (Environmental
Reporting BC, 2018; Government of Canada, 2017;
Meidinger & Pojar, 1991). To test for spatial bias in other
regions, we recommend that people start by incorporat-
ing broad habitat classification, human population den-
sity, and distance to roads. This should likely sufficiently
account for most of the spatial bias in iNaturalist data
given that our results broadly agree with other commu-
nity science studies (El-Gabbas & Dormann, 2018;
Geldmann et al., 2016; Mair & Ruete, 2016).

For application of broad habitat classification outside
of BC, we suggest using the most accurate habitat dataset
available (Geldmann et al., 2016). We selected the BEC
dataset as it is the most accurate broad habitat dataset for
BC, and Geldmann et al. (2016) used a national habitat
and land cover dataset of Denmark for modeling spatial
biases. If modeling on an international scale, global habi-
tat datasets are becoming more available and accurate
with improvements in remote sensing (Jung et al., 2020).

Spatial sampling bias can be accounted for in species
distribution models in a variety of ways (Fourcade et al.,
2014). One method is to use a raster file of predicted
probabilities of a sampling event (e.g., iNaturalist obser-
vations) like Figure 1 and upload it to the Maxent GUI as
a bias file (Appendix S1: Figure S1) (Fourcade et al.,
2014). In addition to species distribution models, quanti-
fication of spatial sampling bias and identification of
under- and oversampled regions (Figure 2) can be com-
bined with measures of species richness to determine
where richness has been over- or underestimated due to
variation in observer effort (Geldmann et al., 2016).

It would be helpful for future research to explore dif-
ferent taxonomic groups such as fungi, birds, and arthro-
pods in relation to spatial bias (Geldmann et al., 2016;
Mair & Ruete, 2016). This would aid conservation man-
agement in revealing which areas and taxa are under-
and oversampled.

CONCLUSIONS

With its exponential growth, community science con-
tinues to be of increasing importance in supplying data

for analyses of biodiversity patterns and processes. This
work shows how researchers can identify and account for
spatial biases in such data. There are additional biases
that need attention, including taxonomy of species and
interobserver variability in where people go and what
they record. We feel it is important to remember that no
dataset is without bias, from community science to pro-
fessionally collected data, and that it would be a disser-
vice to our pursuit of ecological knowledge to view
community science as unusable due to strong biases. We
hope that further studies building on our findings can
improve the scientific value of community science plat-
forms, including testing the limits of inference that are
possible.
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were the following: Product category = Land Cover
Characteristics – Land Cover, Platform = Terra, Product
name = LandCover_Type_Yearly_500m (MCD12Q1), and
MODIS layers = Land Cover Type 1 (IGBP). In addition,
under “Spatial/Temporal options,” we selected: Temporal
range = 2020.01.01 to 2022.03.31, Data range type = Full,
Output projection = User Defined, MODIS Sinusoidal =
3005, Output resolution = Native, Resampling method =

Near, and Spatial extent – selection method = Load From
Spatial File (used BC boundary shapefile). Query details for
retrieving iNaturalist data were as follows: Place = British
Columbia, Canada; Date range – end = December 2, 2021.
As csv file exports are limited to 200,000 entries per request,
requests were broken up by taxa until observations were
downloaded. All other query settings were set to default.
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