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Abstract

The lack of knowledge about geographic distribution and environmental preference can
hinder conservation efforts for rare and threatened species. Open-source databases pro-
vide an opportunity to address these knowledge gaps through the geographic information
they hold on species worldwide. However, to protect rare and endangered species, open-
source databases often assign locations that do not match the original locations, which
introduce inaccuracies in occurrence records (e.g, the “obscured” function in iNatural-
ist teplaces the otiginal location with a random location in a 0.2 X 0.2° cell). We tested
the efficacy of the iNaturalist’s obscured function in concealing geographic information
and the function’s impact on the species distribution modeling of 3 endangered species
in South Korea: gold-spotted pond frogs (Pelophylax chosenicus), Reeves’ turtles (Mauremys
reevesz), and Mongolia racerunner (Eremias argus). We collected occurrence data (orginal
data) for these 3 species and uploaded the data to iNaturalist. We then compated location,
clevation, and habitat area in the original data set with these data in the obscured data set.
To investigate the differences in species distribution, we ran species distribution models
with both data sets. We also assessed the awareness of obscured function in peer-reviewed
articles for which occurrence records from iNaturalist were used. The locations assigned
by the obscured function significantly altered the geographic information of the species,
including elevational range, habitat type, and environmental variables relevant to species
distribution. Potential distributions estimated using locations assigned under the obscured
function were different from those estimated using the original data. Only 4 out of 170
peer-reviewed articles acknowledged the presence of obscured data in iNaturalist, suggest-
ing that most researchers are unaware of this issue. The locations assigned by the obscured
function can cause serious problems in species distribution modeling and thus may nega-
tively affect conservation of endangered species. We encourage researchers to thoroughly
vet data obtained from open-source databases and urge database platforms to make it clear
when data have been obscured.
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20005 Poisson et al., 2020). Notable open-source biodiversity
databases include the Global Biodiversity Information Facil-

Open-soutce databases ate popular platforms for storing bio-
diversity data and have accumulated billions of data points
over the past decade (https://www.gbif.org/). This rapid devel-
opment is fueled by advances in internet technology and,
most importantly, the rise of citizen science wotldwide (Bisby,
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ity (GBIF), eBird, and iNaturalist (Lane & Edwards, 2007,
Nugent, 2018; Sullivan et al., 2009). These databases play a
major role in recording species distributions, identifying poten-
tial invasions, and facilitating policy decision-making processes
(Ball-Damerow et al., 2019). Open-source data are particularly
useful for conducting large-scale studies, such as predicting
changes in species distribution caused by environmental and
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climate changes and supporting conservation efforts for endan-
gered species (Koldasbayeva et al., 2022; Pimm et al., 2015).
The widespread use of these databases helps address informa-
tion shortfalls in biodiversity, filling data gaps in geographical
distribution (Wallacean shortfall) and environmental prefer-
ences (Hutchinsonian shortfall) (Hochkirch et al., 2021; Hortal
etal., 2015).

Although data provided by citizen scientists can be prone
to biased sampling or species misidentification (Fisher et al,,
2022; Tang et al., 2021), most databases either employ experts
or rely on experienced volunteers to review the data submit-
ted by the public (Campbell et al., 2023; Rowley & Callaghan,
2020). This review process helps maintain the quality of the
open-source data and reduces errors that may lead to inaccu-
rate results in subsequent analyses (Costello et al., 2013, 2014).
However, users’ unfamiliarity with the database interfaces can
also lead to errors in the exported data sets; these errors affect
subsequent analyses. For example, misunderstandings regarding
the max_target_seqs parameter in the NCBI BLAST database
affected searches for best-fit sequences conducted for hundreds
of scientific papers (Shah et al, 2019). Additionally, little is
known about the extent to which the misuse of open-source
databases alters the results of ecological modeling or how
widespread this problem is in literature.

Open-source databases often include options to conceal the
geographic information of rare or endangered species to pre-
vent poaching, habitat destruction by nature enthusiasts, and
conflicts between researchers and landowners (Lindenmayer &
Scheele, 2017). iNaturalist, with over 220 million observations,
uses functions called “private” and “obscured” to restrict public
access to the geographic information of observations (iNatural-
ist, 2023). The private function completely hides the geographic
information (i.e., coordinates and locality notes) from the pub-
lic, and the obscured function replaces the original coordinates
with a random location within a 0.2 X 0.2° cell (~500 km? at
the equator) (Figure 1). The location of threatened or endan-
gered species (based on IUCN red list) is concealed by default in
iNaturalist’s system. However, data uploaders can apply the pri-
vate or obscured functions to nonthreatened or nonendangered
species if they choose.

Users can obtain the coordinates of a randomly generated
location (hereafter called the obscured location) by clicking the
details tab in the iNaturalist interface (Figure 1). If multiple
observations are required, iNaturalist can export the data in a
spreadsheet for users to download. However, there is no alert
that the coordinates are altered and replaced by an obscured
location during this process. Although the exported spreadsheet
includes a column indicating whether the location is obscured,
a naive user can easily overlook this parameter, especially when
downloading a large data set that includes both threatened and
nonthreatened species.

Additionally, other open-source databases (e.g., iNaturalist
Network) may share data from iNaturalist, a practice we call sec-
ondary sharing. For example, this secondary sharing occurs every
7 days in GBIF, where the full data set from iNaturalist that
is research grade and properly licensed is imported (iNatural-
ist, 2023). When downloading data from GBIE it is not clearly
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FIGURE 1 Information screen for the endangered Mauremys reevesii on
iNaturalist (A, eye icon indicating location of the species is obscured; B,
obscured location; blue box, location area within approximately 500 km?; blue
dot, point newly created by the obscured function that is not the original
location of the observation; C, details tab; D, data that were obscured,

including latitude, longitude, and accuracy).

disclosed that observations may contain obscured locations.
Although GBIF flags potentially erroneous coordinates and
provide coordinate uncertainty (in meters), it does not explicitly
mark obscured data. The erroneous geographic information can
lead to false positive results, which overestimate species richness
in regions outside the center of the distribution range (Maldon-
ado et al., 2015). Consequently, many publications for which the
obscured data were used may have incorrect results due to the
authors’ lack of awareness that the coordinates were modified by
the database’s functions. Therefore, a comprehensive study on
the impact of obscured locations on analytical results is essential
to improve the use of open-source databases.

The impact of obscured data is most pronounced in studies
on habitat composition and species distribution (Contreras-
Diaz et al., 2023). Species distribution models (SDMs) are
particularly sensitive to the geographic information of target
species. Alterations in GPS locations can significantly change
the predicted results for habitat type and species distribution
(Rondinini et al., 2006). For example, Gébor et al. (2022) noted
that the performance of SDMs decreases as errors in geo-
graphic information increase in occurrence data. To address
this problem, researchers must consider positional uncertainty
by implementing certain measures, such as exclusion of data
points below a certain accuracy level (Finger et al., 2022) or
outside the realistic distribution range (Nascimento et al., 2022;
Powers & Jetz, 2019). Examples of the latter include instances
where terrestrial animals are indicated to be in rivers or seas and
where marine life is located on mountains. Most importantly,
SDMs are commonly used in the decision-making process for

85U8017 SUOWILLOD 3A1Te1D) 3|qeot[dde 8Ly Aq peusenob afe sajoe YO ‘88N JO S8|NJ 104 Akeid18UIIUO /8|1 UO (SUORIPUOD-PLR-SLLLIBYWO™AB | 1M A1 1[BU1|UO//SNL) SUORIPUOD pue SWe | 3y} 89S *[9202/T0/ET] Uo ARiqiTauluo AB(IM ‘Ariqi] AiseAlun suewopm eym3 A 05002 1G09/TTTT'OT/I0P/L00" A3 1M ARe1q1BUIUO"01GU0D// STy Wo1j pepeoumoq 'S ‘SZ0Z ‘6ELTEZST



30f10 ‘“@:‘

KOO ET AL.

conservation strategies (Franklin, 2010; Villero et al., 2017).
Ignoring positional uncertainty in data sets can ultimately lead
to ineffective conservation actions (Loiselle et al., 2003).

When it comes to global biodiversity losses, reptiles and
amphibians (herpetofauna), the most vulnerable animal group
among terrestrial vertebrates, are particularly susceptible to
land-cover changes and climate change due to their narrow
environmental condition requirements and limited dispersal
ability (Cordier et al., 2021; Dubos, Montfort, et al.,, 2022;
Iglesias-Carrasco et al., 2023; Nori et al.,, 2015). The propor-
tion of threatened species among herpetofauna is significantly
higher than among birds or mammals (Cox et al, 2022;
TUCN, 2023; Stuart et al., 2004). However, until recently, many
species of reptiles and amphibians were not categorized or
included in conservation plans due to insufficient data (Nori
et al., 2015; Platts et al., 2014; Roll et al., 2017). Although
open-source databases can help fill this knowledge gap, the posi-
tional inaccuracy can hinder conservation of threatened taxa
(Contreras-Diaz et al., 2023). Therefore, it is essential to review
whether this issue is present in literature and to raise awareness
of positional inaccuracies in open-source databases within the
scientific community.

We sought to determine the impact of obscured locations on
research results by testing how much the obscured function can
alter the original location coordinates of animals, their habitat
composition, and results of species distribution modeling, To
achieve this goal, we analyzed the extent to which the origi-
nal data were altered using data collected from 3 endangered
species in South Korea, which are characterized by high levels of
habitat specialization and are severely threatened by habitat loss
(Do et al,, 2017, 2022). We tested whether the obscured loca-
tions could change the model predictions of their distributions
and habitat types. Additionally, to understand how widespread
the problem of the obscured function is in the literature, we
investigated whether authors who obtained data from iNatural-
ist acknowledged this modification in geographic information
in their articles. Although the effectiveness of the obscured
function in protecting rare and endangered species is recog-
nized, we examined potential biases when using obscured data
in open-source databases.

METHODS
Study species and data collection

We selected 3 endangered species known for their specific
habitat requirements or limited ranges in South Korea: the
gold-spotted pond frog (Pelophylax chosenicus), found in lowland
grasslands; Reeves’ turtle (Mauremys reevesii), found in reservoirs
and rivers; and the Mongolia racerunner (Eremias argus), found
in coastal and river dunes (Chang et al., 2021; Do et al., 2017;
Lovich et al.,, 2011). The location data were obtained from
the National Natural Environment Survey and monitoring of
invasive alien species conducted by the National Institute of
Environment (NIE) under guidelines set by the Ministry of
Environment (Baek et al.,, 2024; Do et al.,, 2017, 2022; NIE,
2017, 2023).

We recorded GPS coordinates and elevation (hand-held GPS
device [Oregon 550; Garminl), date, and land cover at each
observation site. All data were identified and verified by us
(Appendix S1). Land cover was classified (Appendix S1) as
batre land (i.e., empty ground with no trees, grass, or build-
ings); farmland (i.e., land used for farming); forest (i.e., land
covered with trees and plants); grassland (i.e., land covered with
grass); urban land (i.e., city or town); water (ocean, river, reset-
voir, stream); and wetland (i.e., land covered with swamp or
marsh).

We collected microclimate and environmental data from
WorldClim 2.0 (http://www.worldclim.org; accessed on 9
August 2023) for the locations in South Korea where the species
were found. All grids were set to a uniform size of 30 s (approx-
imately 1 km?). Following Fick and Hijmans (2017), we used 19
climatic variables detived from monthly temperature and pre-
cipitation values. Detailed descriptions of the 19 variables are
at https://www.worldclim.org/data/bioclim.html, and they are
listed in Table 1’s footnote.

Comparisons between the original and
obscured locations

We generated obscured locations by uploading our original data
for the 3 species to iNaturalist. This included 65 data points for
P. chosenicus, 75 for M. reevesit, and 172 for E. argus. The geo-
graphic information was automatically obscured by iNaturalist
(i.e., field location was replaced with a random location within
2 0.2 X 0.2° cell). In this manusctipt, we defined the location
altered by iNaturalist as the obscured location. We then down-
loaded the obscured location for analysis (Appendix S1). We
used the following measures to examine the differences between
the original and obscured data: linear distance between the field
location and the obscured location in Google Earth, elevation,
land cover, changes in habitat microclimate and environmen-
tal variables, and predicted species distribution. We tested the
differences in elevation between the original and obscured data
with a paired 7 test. The Shapiro test was employed to assess the
assumption of normality. When the assumption was not met,
we used paired Wilcoxon signed-rank test to examine the dif-
ferences. The Levene test was used to examine the variance
between the original and obscured data. Pearson’s chi-square
test was used to examine differences in land-cover proportions
between the original and obscured data.

We conducted species distribution modeling with Maxent
3.4.4, a machine learning-based modeling software (Phillips &
Dudik, 2008). To avoid multicollinearity issues, we excluded cor-
related variables with Peatson’s correlation coefficients () >0.7
(Dormann et al., 2013). Spatial thinning was not performed
because it can degrade the performance of SDMs in rare species
with limited data (Lamboley & Fourcade, 2024; Steen et al.,
2021; Ten Caten & Dallas, 2023). Each model was run 10 times
with default parameters and logistic output and 10,000 back-
ground points (Do et al.,, 2022). To evaluate the models, we
randomly divided the data set into a training set (75%) and a
testing set (25%) with the random test percentage feature. We
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TABLE 1 Difference in the area under the curve (AUC) and the percentage contributions of climatic variables to species distribution models between filed data

and obscured data.

Bioclimatic Pelophylax chosenicus Mauremys reevesii Eremias argus

variables® Original Obscured Original Obscured Original Obscured
(AUC) 0.959 0.914 0.719 0.953 0.925 0.990
Bio01 29.9 31.5 63.4 3.8 2.3 15.3
Bio02 10 10 4.6 2.6 525 50.8
Bio03 10.1 26.7

Bio04 48.7 449

Bio09 30.0

Bio10

Bioll 4.7

Biol12 11.4 13.6 7.8 17.0

Biol3 0.2

Biol4 23.9 35.8 9.7
Biol5 9.8
Biol7 13.8

Biol18

Bio19 8.5

“Bioclimatic variables: Bio01, annual mean temperatute; Bio2, mean diurnal range (mean of monthly [max temp — min templ); Bio3, isothermality (Bio2/Bio7) (X100); Bio4, temperature

seasonality (SD X 100); Bio5, max temperature of warmest month; Bio6, min temperature of coldest month; Bio7, temperature annual range (Bio5-Bio6); Bio8, mean temperature of wettest

quarter; Bio9, mean temperature of driest quarter; Bio10, mean temperature of warmest quarter; Biol1, mean temperature of coldest quarter; Bio12, annual precipitation; Bio13, precipitation

of wettest month; Bio14, precipitation of driest month; Bio15, precipitation seasonality (coefficient of variation); Bio16, precipitation of wettest quarter; Biol7, precipitation of driest quarter;

Bio18, precipitation of warmest quarter; Bio19, precipitation of coldest quarter.

displayed the contributing variables and the area under the curve
(AUC) value, which indicates the model’s explanatory power, to
illustrate the differences in modeling results between the original
and obscured data (Swets, 1988).

Literature search and assessment

We searched for papers published from January 2014, the earli-
est appearance of iNaturalist in the literature, to December 2022
to investigate whether authors acknowledged that their data had
been altered by iNaturalist’s obscured function (Appendix S2).
We searched Web of Science and Google Scholar for keywords
iNaturalist and modeling. For a paper to be relevant to our study,
authors had to have directly downloaded data from iNaturalist
for analyses. We included only peer-reviewed papers in English.
Papers were excluded if the target species was not identified or
if the source of the acquired data was not clearly specified.

Estimating awareness of obscured locations

For the collected papers, we verified whether each paper actually
used data from iNaturalist. Then, we examined the geoprivacy
status (open, obscured, or not specified) of the studied species in
all papers. If the geoprivacy was obscured, we checked whether
the authors acknowledged the obscured function and whether

they requested the original data from the uploader. In iNatu-
ralist, species classified as rare or endangered are automatically
obscured by the database. Therefore, if the species was not
endangered, we checked whether the uploader had manually
obscured the geographic information. Our literature assessment
may have included some studies by researchers who were aware
of the obscured function but did not disclose whether they had
excluded the obscured data.

RESULTS
Impact of obscured data

The obscured locations differed substantially from the origi-
nal locations for all 3 endangered species. The average distance
between the original and obscured locations was 10.3 km (SD
5.0) (n=065) for P. chosenicus, 13.0 km (5.9) (n =75) for M. reevesii,
and 12.5 km (5.3) (# = 172) for E. argus. We found significant
differences in elevation between the original and obscured loca-
tions for all 3 species (P. chosenicus effect size = 28.31; M. reevesi
effect size = —0.74; E. argus effect size = 7.07) (Figure 2). Com-
pared with the original locations, the elevation of P. chosenicus
and M. reevesii significantly increased, whereas the elevation of £.
argus significantly decreased in the obscured locations (Figure 2).
Furthermore, the elevation for all 3 species showed significantly
greater variability with the obscured data than with original data
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FIGURE 2  Elevation distributions based on original data (original data)
and on obscured locations (original coordinates replaced with a random
location in 2 0.2 X 0.2° cell) from iNaturalist in 3 endangered species
(horizontal line, median; box ends, interquartile range [IQR]; whiskers, range of
data [or maximum and minimuml]). The 1”is detived from the paired Wilcoxon
signed rank test, and the 7is derived from paired 7 test).

(P, chosenicus F'= 23.67, df = 1, p < 0.0001, effect size = —1.64;
M. reevesii F=12.56, df = 1, p < 0.0001, effect size = —0.05; F.
argus IF'=200.46, df = 1, p < 0.0001, effect size = —1.63). With
the obscured data, the location for E. argus extended to areas
under water and beyond the natural geographic distribution of
the species.

The 3 most preferred types of land cover for the gold-spotted
pond frog (P. chosenicus) were farmland (57%), wetland (29%),
and water (5%) based on original data, whereas they were forest
(31%), farmland (20%), and urban (20%) based on obscured
data (Figure 3). Pelophylax chosenicus did not occur in forest in the
original data. For the Reeves’ turtle (M. reevesii), the preferred
land covers were water (63%) and urban (24%) based on original
data and forest (71%) and farmland (15%) based on obscured
data. Similarly, the Mongolia racerunner (Z. argus) was primarily
found on bare land (78%) based on original data, but the most
dominant land cover was water (80%) in the obscured data. The
land cover of habitats was significantly different between the
original and obscured data for all 3 species (Pearson’s chi-square
test p < 0.001 in all cases, effect size 0.71, 0.89, and 0.91 for P.
chosenicus, M. reevesii, and E. argus, respectively).

The environmental variables contributing to the SDMs dif-
fered substantially between the original and obscured data
(Table 1) in M. reevesii and E. argus. For M. reevesii, the main
contributor changed from annual mean temperature (Bio01) to
precipitation of driest month (Bio14). In the case of F. argus,
the top contributor was mean diurnal range (Bio02), but the fol-
lowing 2 contributors changed from isothermality (Bio03) and
precipitation of driest quarter (Bio17) to annual mean temper-
ature (Bio0O1) and precipitation seasonality (Bio15). We did not
find any differences between the original and obscured data in
P, chosenicus relative to the 3 factors that contributed the most.

The AUC values differed between models based on original
data and models based on obscured data (Table 1). For P. cho-
senicus, the model with obscured data had showed a lower AUC
value (0.914) than the model with original data (0.959). In con-
trast, for the other 2 species, the AUC values were greater with
obscured data (M. reevesii 0.953, E. argus 0.990) than with original
data (M. reevesii 0.719, E. argus 0.925).

The potential distributions of the 3 species were also
markedly different between the original and obscured data
(Figure 4). For P. chosenicus, the potential distribution based
on obscured data was much broader than that based on the
original data. The potential distribution of M. reevesii based on
obscured data was mostly restricted to the southern corner of
the nation, whereas the potential distribution based on original
data extended across the country, except for high mountains.
Finally, . argus was found mostly in the northern and southern
parts of the country according to the original data. However,
based on the obscured data, its distribution was confined to the
tip of one peninsula. Thus, species distributions were vastly mis-
leading and, when based only on obscured data, extended into
areas where the species are not typically found.
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Lack of awareness of use of obscured data

A total of 705 papers met the criteria for our literature search,
and for 228 papers (32.3%), researchers used iNaturalist data
(Appendix S2). Among the 228 papers, 74.7% (n = 170) of
the modeling studies included obscured data, and the rest only
referred to pictures and locations from iNaturalist without mod-
eling, Of these 170 papers, only 4 studies (2.4%) acknowledged
the existence of the obscured function and excluded obscured
data from analyses. Eight studies did not recognize the obscured
function but excluded certain GPS locations that appeared in
freshwater (» = 1), on islands (7 = 1), at sea (# = 5), and in
coastal areas (# = 1), which were presumably outside the typical
distribution of the species in question. None of the studies using
obscured data requested the original data from the uploader.

DISCUSSION

Obscured function protection of threatened
species

The obscured function in iNaturalist significantly altered the
locations of specimens, effectively moving them away from their
original locations. In this sense, the obscured function par-
tially achieved its goal of concealing the original locations of
endangered species. However, the information derived from the
obscured locations, such as land-cover type, microclimate, and
species distribution, was misleading and did not reflect the true
conditions of the endangered species we examined.

Significant changes in habitat information

Habitat types based on obscuted data are likely to be erroneous
for species found in limited areas or those with specific envi-
ronmental requirements. For example, the golden-spotted pond
frogs are typically found in wetlands and, in South Korea, are
primarily restricted to rice paddies (Do et al., 2022; Oh et al.,
2021). Therefore, the original data correctly identified their
habitat types as farmland and wetland. However, the obscured
data incorrectly identified their main habitat type as forest,
where these frogs do not occur at all. Due to their specific habi-
tat requirements, the habitat types based on obscured data were
inaccurate.

The situation with M. reevesii and E. argus was even more
problematic. Mauremys reevesii lives in water systems, such as
reservoirs, rivers, and channels (Do et al., 2022; Lin et al., 2015).
The largest population of M. reevesii dwells in Geumhoji Pond,
which is only 0.2 km? and is in Jinju province (Kang et al.,
2025). The rivers where this species is found are typically a
few hundred meters wide. Thus, the main habitat type for M.
reevesii, which should be water, was incorrectly designated as
forest in the obscured data. Reservoirs and rivers in Korea are
usually adjacent to forests. Similarly, the Mongolia racerunner
occurs only in sandy areas (bare land) (Chang et al., 2021; Do
etal.,, 2022). In South Korea, these sandy areas are narrowly dis-

tributed along water bodies, such as seas or rivers. When the
obscured function was applied, some data points were placed in
the sea, where the Mongolia racerunner does not occur at all.
Furthermore, the main habitat type for the Mongolia racerun-
ner changed from sandy areas with original data to water with
obscuted data.

Both Reeves’ turtle and Mongolian racerunner occur in spe-
cific and limited habitat types, and the obscured data did not
reflect their true habitats. This problem has been noted else-
where, such as when the distribution of the Andean bumble bee
(Bombus funebris) was placed in the ocean by the obscured func-
tion (Nascimento et al., 2022). In these cases, the error could be
recognized because the points were in unlikely landscapes where
the species do not occur (Chapman et al., 2019; Goodman et al.,
2022; Tran et al., 2022). However, in cases where the error
cannot be cleatly seen, thus impeding modification or explana-
tion, the potential impact arising from obscured locations may
become even greater.

The obscured function can affect the AUC value of SDMs.
The AUC value varies depending on the geographic extent of
the study area. As the study area expands beyond the actual
distribution range of the species, the AUC value tends to be
overestimated (Acevedo et al., 2012; Leroy et al., 2018; Lobo
et al., 2008; Luoto et al.,, 2005). This overestimation occuts
because the model includes accurate predictions of absence in
areas unrelated to the actual distribution of the species. The
model’s results and explanatory power (as measured by AUC)
can change significantly when the obscured function alters the
apparent distribution of the species. Moreover, AUC values can
exaggerate model performance for rare species, especially in
cases of imbalanced data (e.g, when presence data are very
limited) (Breiner et al., 2015; Jiménez-Valverde et al., 2009;
Vaughan & Ormerod, 2005). In such situations, AUC val-
ues may not accurately reflect the actual performance of the
model (Dubos, Préau, et al., 2022). For endangered species
with few coordinate points, applying the obscured function may
lead to even more dramatic changes in model results. This is
because the limited data points for rare species make the models
more sensitive to spatial alterations introduced by the obscuring
process as shown in our study.

Possibility of not recognizing the obscured
function

Our literature assessment revealed that many authors may not
have accounted for the inaccuracies introduced by the obscured
function when using data from iNaturalist. Only a small fraction
of studies avoided the pitfalls of directly downloading obscured
data from iNaturalist for their analyses. The problem is even
more pronounced in cases of secondary data sharing, where
researchers obtained data from databases that use iNaturalist
data. For example, from 2011 to the present, most of the GBIF
available occurrences of vertebrates listed as threatened on the
International Union for Conservation of Nature Red List are
provided by iNaturalist (Contreras-Diaz et al., 2023). Given that
the exported datasheet does not explicitly specify whether the

85U8017 SUOWILLOD 3A1Te1D) 3|qeot[dde 8Ly Aq peusenob afe sajoe YO ‘88N JO S8|NJ 104 Akeid18UIIUO /8|1 UO (SUORIPUOD-PLR-SLLLIBYWO™AB | 1M A1 1[BU1|UO//SNL) SUORIPUOD pue SWe | 3y} 89S *[9202/T0/ET] Uo ARiqiTauluo AB(IM ‘Ariqi] AiseAlun suewopm eym3 A 05002 1G09/TTTT'OT/I0P/L00" A3 1M ARe1q1BUIUO"01GU0D// STy Wo1j pepeoumoq 'S ‘SZ0Z ‘6ELTEZST



CONSERVATION BIOLOGY

‘“@:‘ 8 0f 10

obscured function is applied, users need to pay extra attention to
the coordinate uncertainties in the exported datasheet. Ideally,
authors should apply data cleaning procedures, such as using
CoordinateCleaner or bdc packages in R (Ribeiro et al., 2022;
Zizka et al,, 2019), before running analyses. This might mitigate
the impacts of obscured locations if they are removed during
these steps.

Because we restricted awareness of use of obscured data to
papers that directly imported their data from iNaturalist, poten-
tially thousands of papers may have used secondarily shared data
from GBIE Contreras-Diaz et al. (2023) demonstrated that a
change in even 25% of the data can cause significant mises-
timation of geographic distribution and ecological niche. This
misestimation can occur in both threatened and nonthreatened
species; errors are likely higher for studies involving rare and
threatened species, where data are automatically obscured by
iNaturalist. Using these erroneous spatial data in biodiversity
studies could lead to incorrect decisions on conservation pri-
orities for wildlife (Aradjo et al., 2019; Trisurat et al., 2012).
Although numerous researchers may have been aware of the
obscured function and some may have even addressed it,
there remains a significant possibility that some researchers
used obscured data without fully understanding its implications.
Due to this potential oversight, it is imperative to conduct a
comprehensive reexamination of the processes governing data
reproduction and exportation in open-source databases. Such a
review is crucial to ensure the integrity and reliability of research
outcomes derived from these widely used resources.

Solutions to the problem

We propose several actions to prevent errors associated with
using data from iNaturalist. First, there is a need to actively
promote and increase awareness of the obscured function.
Although iNaturalist’s help section clearly explains this func-
tion, users may still overlook it. Therefore, iNaturalist should
issue warnings to all users to treat the data with caution.
One approach could be to display a pop-up window when
users download obscured data, indicating that the coordinates
have been altered and trequiring confirmation of understand-
ing from the downloader. Alternatively, GBIF (and other data
repositories) should specifically label coordinates as poten-
tially erroneous or imprecise in the exported data set. Another
method could involve organizing a group of experts to review
requests for raw data, similar to iNaturalist’s current data grad-
ing system, and then grant access to the database accordingly.
For this to be feasible, the uploader or original author would
need to grant iNaturalist permission to freely use and license
the material.

In conclusion, our results empirically demonstrate that using
obscured data in species distribution modeling can lead to erro-
neous outcomes. Moreover, the result of SDMs could directly
influence the determination of conservation targets, scope, and
priorities. Our research underscores the necessity for individ-
ual researchers and the scientific community to thoroughly

vet and examine data obtained from open-source databases.
Researchers must carefully read the database guidelines, and
such data should be accompanied by sufficient explanations to
prevent potential errors in subsequent analyses. However, much
conservation and ecology data are fluid. Therefore, it is plausi-
ble that our results could be subject to modification should the
conservation status of the species in question shift in the future.
If a common species becomes a protected species, its coordinate
values may subsequently be affected by the obscured function.
This should be a consideration by all researchers whether they
are using citizen science data for research or reading reviews
based on said data.
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