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ABSTRACT

Background: Monitoring biodiversity is crucial in biogeography. Citizen science and biodiversity platforms have revolutionized
data access across taxa, but they struggle to provide robust raw data essential for conservation decisions.

Aims: This study addresses data gaps for under-represented species and locations, observer expertise variability, and the lack of
absence data and sampling effort information to improve data representation and suitability for statistical analyses.

Materials & Methods: We collected, compared to IUCN-recognized taxonomic groups, all worldwide living being (animal,
plant and fungi) observations held by four major biodiversity platforms: eBird, GBIF, iNaturalist, and Observation.org. We also
organized such observations by country of origin and based on their Human Development Index (HDI).

Results: We found that, while GBIF, iNaturalist, and Observation.org cover all life forms, birds are the most observed (eBird is a
bird-specific platform), whereas fish, other marine organisms, arthropods, and invertebrates are dramatically underrepresented.
Moreover, none of the above-mentioned biodiversity platforms considered or directly analysed expertise variability among ob-
servers and, apart from eBird, the other three biodiversity platforms do not accommodate data on species absence and sampling
effort.

Discussion and Conclusion: Finally, we found that species observations on biodiversity platforms considered in this study
are skewed towards high HDI countries, primarily North America and Europe. By enhancing the effectiveness of biodiversity
platforms, this study has the potential to significantly advance the field of biogeography, paving the way for more informed and
effective conservation strategies. Overall, our findings underscore the untapped potential of these platforms in contributing to
our understanding of the spatial and temporal patterns of biodiversity.

occurrence (Chandler et al. 2017; Brown and Williams 2018) and
predicting future distribution patterns (e.g., Kéry 2011; Guillera-

1 | Introduction

Over the past decade, the use of citizen science (CS) data, collected
by non-specialist volunteers across various scientific disciplines,
has seen an exponential increase. This surge has been particularly
noticeable in the fields of ecology, biogeography, and computer sci-
ence, where CS data has been instrumental in monitoring species

Arroita 2017; Della Rocca and Milanesi 2022). Moreover, CS con-
tributes to enhancing stewardship of resources by larger sectors
of society, a powerful and valuable concept given that all citizens
have a vested interest in conservation. Three main factors have
contributed to this rapid development:
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1. The escalating need to monitor biodiversity, which is crucial
for the conservation and sustainable use of natural resources.

2. Technological advancements in the use of the internet, so-
cial media, mobile/handheld computers, smartphones, and
tablets (Wang, Xiang, and Fesenmaier 2014), which have
greatly simplified the procedures for uploading records onto
online platforms (Pocock et al. 2014).

3. The limited availability of resources for long-term biodiver-
sity assessments, both in terms of funding and involvement of
professional scientists (Bland et al. 2015; Kelling et al. 2018)
-limitations that are particularly evident for urgently needed
large-scale assessments (Peterson, Navarro-Siguenza, and
Benitez-Diaz 2008; Milanesi, Mori, and Menchetti 2020).

In this context, CS provides ecologists with a cost-effective source
of species occurrence information at large spatial scales, which
would otherwise be prohibitively expensive (Feldman et al. 2021).
The high number of occurrences recorded over large areas (i.e.,
countries or continents) and time spans are fundamental for re-
searchers working on large-scale and geographically diverse
projects (Paul et al. 2014; Willemen et al. 2015; Hobson, Smith-
Vidaurre, and Salinas-Melgoza 2017; Mori et al. 2017). Indeed,
thanks to CS-collected data, researchers can estimate the richness
and distribution of vulnerable or invasive species on a broad scale
(e.g., continental or global), species’ biogeography and habitat use,
alien species' colonization, species’ natural history, and interspe-
cific interactions (Mori and Menchetti 2014; Sullivan et al. 2014;
Chandleretal. 2017; Moriet al. 2018; Vendettiet al. 2018; Menchetti,
Guéguen, and Talavera 2019). Observations from citizen scientists
are thus becoming crucial to inform policy on biodiversity conser-
vation challenges (Milanesi, Mori, and Menchetti 2020) and thus
support the ambitious goals of the recently adopted Kunming-
Montreal Global Biodiversity Framework (CBD 2022) to halt
and reverse nature loss by 2050. These include stopping human-
caused species extinction, promoting the sustainable utilization of
biodiversity, ensuring the fair distribution of benefits, and focus-
ing on implementation and finance.

For some taxa, a massive amount of data collected using
mostly non-standardized protocols is currently available on
online biodiversity platforms, through efforts collectively la-
belled as CS, whereas a huge variety of CS programs are cur-
rently being implemented globally involving a wider range of
taxa (van Strien, van Swaay, and Termaat 2013). Among them,
the most important and widely used emerging in the last
decade are Global Biodiversity Information Facility (GBIF;
https://www.gbif.org), iNaturalist (https://www.inaturalist.
org), eBird (https://ebird.org/home), Observation.org (https://
observation.org). With 2,580,385,219 total observations (ac-
cessed on 2 November 2023), GBIF is a global network funded
by governments to provide open access to life data on Earth.
It is the largest online biodiversity platform, incorporating
thousands of smaller platforms, and allows free data down-
load. Although a significant portion of the hosted data (ca.
308.466.842 records) comes from scientific collections, most
of them are still derived from citizen observations. iNatural-
ist, with 178,313,927 total observations of over 395,000 spe-
cies (accessed on 2 November 2023), is one of the largest and
most successful CS projects to date (Unger et al. 2020). It's

a platform where volunteers upload photos or sound records
for community identification. Once identified and confirmed,
data are uploaded to GBIF and can be freely downloaded. With
84,700,000 total observations collected by 684,300 observers
(accessed 2 November 2023), eBird is a bird-focused CS plat-
form. Volunteers submit the checklists of bird observations,
following various protocols. Users must include all identified
species, allowing scientists to infer non-detections. Checklists
include duration and distance travelled. eBird data, used for
research, monitoring, and conservation planning, can be
downloaded after a simple access request. Similar to eBird, but
not included among our target platforms, are Ornitho (Italian
platform focusing on birds and available for an increasing
number of European Countries) and FrogID (Australian plat-
form focusing on frogs, https://www.frogid.net.au/), benefit-
ting from the development of rigorous protocols.

Observation.org, with 41,825,417 total observations (accessed
on 2 November 2023) is part of the Observation International
Foundation. It accepts data on 19 taxonomic groups, with the
majority from birds, plants, butterflies, mammals and dragon-
flies. It provides opportunistic observations, similar to iNatural-
ist. Data can be downloaded after a simple access request.

While all these CS platforms can store a large amount of data in
a cost-effective way with the potential to remarkably increase our
biodiversity knowledge (Pimm et al. 2014; Davis et al. 2023) they
are still far from being a really effective tool in the study of bioge-
ography and animal ecology. Specifically, they can provide useful
information regarding species name, locations and dates but these
data are still challenging to analyse due to intrinsic issues such as
non-standardized protocols and/or poor sampling effort details,
that can affect the reliability and quality of the inference to be ob-
tained (Tulloch et al. 2013; Cooper, Shirk, and Zuckerberg 2014).

For instance, the growth of CS platforms such as iNaturalist and
Observation.org can be largely attributed to their less structured
nature. Actually, these platforms allow participants to engage
in initiatives without the need for adherence to fixed protocols
or long-term commitments. This flexibility may attract a larger
number of participants and generate a greater volume of data,
but it causes numerous analytical challenges when it comes to
extracting robust ecological insights. Indeed, the lack of struc-
ture and protocols can lead to inconsistencies in the data, mak-
ing it difficult to derive meaningful and reliable conclusions.
Conversely, eBird (and similar platforms above mentioned),
while also accepting unstructured data, adopts a different
approach, allowing for the inclusion of refined protocols that
contribute to the robustness and reliability of its data. This spec-
ificity narrows the scope of the platforms but make it a valuable
resource for scientific studies. As a result, it is not surprising
that the majority of CS researches used the eBird and similar
database, which; however, focuses only on a specific taxon.

Previous studies have tackled the different sources of error and
bias in CS data (Ward 2014; Hugo and Altwegg 2017). Quantifying
them can aid in (1) enabling researchers to account for these bi-
ases when drawing ecological conclusions, (2) informing the de-
sign and implementation of future CS projects, and (3) identifying
species or regions that may require additional data collection
from professional scientists. Ignoring these CS data biases can
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negatively influence the accuracy of the biogeography patterns to
be inferred and of any biodiversity assessment (Fithian et al. 2015).
Thus, in this paper, we tackle the main sources of error and bias in
CS data, along with proposed practical solutions for their mitiga-
tion to improve the online biodiversity platforms above mentioned
(and their dedicated mobile Apps) with structural changes and/or
in light of the development of brand-new online biodiversity plat-
forms. Our study aims to further the use of CS data in biogeog-
raphy, enhancing our understanding of biodiversity patterns and
informing more effective conservation strategies.

2 | Main Sources of Error in Citizen Sciences Data
2.1 | Taxonomical Bias
2.1.1 | TheIssue

CS observations can be taxonomically biased because vol-
unteers are usually attracted to large and common species,
to species that are brightly coloured, easy to detect and to
more charismatic groups (Ward 2014; Amano, Lamming, and
Sutherland 2016; Boakes et al. 2016; Newbold 2010). This in-
volves a taxonomic imbalance not only in terms of species rep-
resentativeness, but also in terms of species abundance, since
a species that is easier to observe is also observed more fre-
quently (Boakes et al. 2016).

Compared to the list of species currently accepted by the
International Union for Conservation of Nature (IUCN 2023;
Figure 1), those reported on the main CS platforms belong al-
most exclusively to a few taxonomic groups (Figure 2).

Among the platforms investigated in this study, eBird was de-
signed and used only for a specific taxonomic group: Birds. The

other three platforms: GBIF, iNaturalist and Observation.org are
much more complete in terms of representativeness of the differ-
ent taxa. Indeed, in these three platforms, observations relate to
all the kingdoms of life (Figure 3a,b).

However, both in GBIF and in Observation.org, bird observations
are over-represented compared to other taxa, while in iNatural-
ist, although the observations are numerically more distributed
among the different taxonomic groups (Figure 3a), the most
observed species are mainly attributable to birds (Figure 3b).
Thus, birds are among the most popular taxa likely due to their
recognizable plumages and vocalizations, medium-large dimen-
sions and, for some species, their gregarious behaviour which
make them easily detectable (Steen, Elphick, and Tingley 2019;
Caley, Welvaert, and Barry 2020; Henckel et al. 2020; Callaghan
et al. 2021). Therefore, people tend to notice a bird more eas-
ily than another animal and, within the other taxa, to detect
the more attractive and/or abundant organisms (Callaghan
et al. 2021).

This taxonomical disparity in the online platforms is further
exacerbated by the different geographic distribution of species,
with some animals extremely localized and/or linked to less
accessible habitats (e.g., aquatic ones) and others much more
widely distributed and/or linked to habitats more frequented
by the users (e.g., terrestrial ones; Garcia-Soto et al. 2021). A
clear example is provided by fishes and other aquatic organ-
isms, especially those living in marine environments (Cigliano
et al. 2015; note little representation in Figures 2 and 3).
Similarly, Roy et al. (2012) surveyed more than 200 CS proj-
ects and found that marine and coastal species were clearly
underrepresented. In all platforms considered in our study,
fishes are extremely underrepresented even if the total num-
ber of existing species accepted by the International Union for
Conservation of Nature is three times greater than that of birds

ﬂ Plants : 423.283

’,‘f Arthropods :1.244.315

Wy Birds: 11.162

“" Fungi and lichens : 137.000

(’ﬁ Mammals: 6.578

£ Reptiles and amphibians: 20.226

" D Molluscs: 83.706

589% W Fish: 36.058
T 2" Others : 167.655
FIGURE1 | Number and percentage of total species currently described worldwide. Data derived by the IUCN Red List version 2022-2: Table 1a
(TUCN 2023).
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FIGURE 2 | The number of observations per taxonomic group calculated as average values of the four major biodiversity platforms investigated
(eBird, GBIF, iNaturalist and Observation.org).
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FIGURE 3 | Graphical representation of the taxonomic imbalance of citizen science data reported in the investigated platforms (eBird was
excluded as it contains only birds' records): (a) Percentage of observations for each taxonomic group and (b) percentage of observations of each species
in each taxonomic group (calculated as the average value of observations of each species belonging to each of the taxonomic groups considered).
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(IUCN 2023). In aquatic/marine contexts citizen scientists en-
counter difficulties not faced in terrestrial environment, which
significantly reduce the probability of observing species, such
as the need of expensive boats, diving gear, or transportation
along the coast, the ability to swim and practice water sports,
which is still uncommon for some cultures, and the lack of vis-
ibility in water bodies.

On the other side, arthropods and more generally inverte-
brates are extremely underrepresented in the biodiversity
platforms investigated (Figures 2 and 3). Indeed, such groups
comprise a significant percentage of all life on Earth (Figure 1,
IUCN 2023), but receive much less attention compared to large
mammals and birds (Cardoso et al. 2011; McKinley et al. 2017;
Sanderson, Braby, and Bond 2021). Among the platforms in-
vestigated, the one with the largest number of arthropods spe-
cies compared to the other taxa is iNaturalist. However, even
in iNaturalist the frequency of observations of arthropod spe-
cies is disproportionately low compared to other less globally
prevalent groups, such as birds. The taxonomical unbalance
in the online platforms investigated leads to large amounts of
data gathered on relatively well-known groups and a reduced
amount of data on species that often are rare, little vagile or
cryptic. Given that neglected taxa have a high diversity and
play crucial roles in several ecosystems (Cardinale et al. 2012;
Gascon et al. 2015) this issue will inevitably result in an un-
balanced knowledge of biodiversity and, as a result, in unin-
formed conservation decisions (Feeley, Stroud, and Perez 2016;
Troudet et al. 2017).

2.1.2 | Theoretical Solution

However, improvements are possible. A recent research carried
out by Thompson et al. (2023), aimed to assess the willingness
of citizen scientists to adapt their data collection methods to
contribute more effectively to collective scientific discov-
ery, found that citizens might be open to alter their sampling
methods if they were educated on how to make their contri-
butions more valuable. However, this was true within a given
taxonomic group of interest (e.g., frogs) and may not hold true
across group, although the majority of users of general-scope
platforms (51.3%) show only slight preferences for specific
groups (Di Cecco et al. 2021). Thus, in these cases the detec-
tion of under-sampled species could be enhanced by prompting
users of the platform (and App) to search for underrepresented
species known to exist in the area under investigation (e.g.,
based on IUCN assessments/maps), in order to potentially in-
crease their detection. This could be supported by a gamifica-
tion approach that publicly awards an increasing recognition
to users providing data from under-sampled species prompted
by the platform (Callaghan et al. 2023; Speelman et al. 2023),
although these outcomes need to be further evaluated.

2.1.3 | Technical Solution
From a technical point of view, once the App is activated (along

with the GPS system), a pop-up window could appear, provid-
ing a list of unsampled species in the surrounding area (the

radius would be specified by the user or fixed within a given
distance, e.g., 1km). This could be accompanied by useful tips
about these unsampled species, including guidance on how,
where, and when to find them, stressing the importance and
thus the need to collect data also of these species (e.g., their
ecological role and importance in maintain natural ecosystems
and biodiversity at a whole). To avoid dealing with an extremely
long list of all species, these could be categorized based on dif-
ferent biological groups. Additionally, to mitigate the potential
for taxonomic bias, the App could promote unsampled groups
in the categorized lists, not only species, to encourage users in
contributing. On the other side, to avoid discouraging observ-
ers (Skarlatidou et al. 2019) simply want to share or identify a
species record (without the need of opening lists), the design of
the App would allow users to skip ‘unsampled species lists’ to
quickly upload their observations. However, to encourage the
collection of unsampled species, the App could award a special
‘contributor badge’ to users that provided observations of the
taxa prompted in the list. This approach could significantly im-
prove the value of data collected by citizen scientists by reduc-
ing significantly the taxonomical bias (Callaghan et al. 2023;
Speelman et al. 2023).

2.2 | Expertise Variability Among Observers
2.2.1 | The Issue

Another source of variation in CS data includes the variation in
skills and expertise among observers, primarily due to the par-
ticipation of a wide range of volunteers (Fitzpatrick et al. 2009).
Thus, the accuracy of CS-generated data may vary depending
on the knowledge and/or experience of the participants and
the ability of observers to correctly detect and identify species
(Kosmala et al. 2016). This inter-observer sampling variation
increases for species that are harder to identify (Fitzpatrick
et al. 2009; Kelling et al. 2015). Several techniques have been
undertaken to minimize error and/or biases and thus increase
the robustness of CS data. These include training participants
to use standardized protocols, verifying data (i.e., checking ob-
servations by experts) and comparing data collected by citizen
scientists and professional scientists (Zettler et al. 2017; Clare
et al. 2019; Rambonnet et al. 2019; Baker et al. 2021). However,
all these actions involve significant interactions with CS users,
often providing to be time-consuming and not entirely effective
(Gollan et al. 2012).

While the biodiversity platforms investigated in this study (except
for GBIF) provide a unique observer ID, none of them directly pro-
vide information regarding their expertise and experience. Only
on data available in eBird, observer expertise has been considered
and proved to be an important parameter to account for in estimat-
ing statistically robust patterns of species distribution (Johnston
et al. 2018, 2021; Johnston, Matechou, and Dennis 2023).

Specifically, Johnston et al. (2018, 2021); Johnston, Matechou,
and Dennis (2023) estimated the skills of observers from their
data uploaded on eBird, not directly within the platform.
Therefore, incorporating the variability in expertise remains an
unresolved issue across all online biodiversity platforms.
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2.2.2 | Theoretical Solution

To improve the accuracy and precision of biogeographical pat-
terns derived by CS data, it is crucial to deal with variations in
observer skills, ideally by incorporating an index of observer
expertise directly into online biodiversity platforms. This index
could be computed based on two key parameters: the total num-
ber of observations submitted by an observer (often referred as the
‘reporting rates’; Farmer, Leonard, and Horn 2012) and the dura-
tion (e.g., in years) of the observer's engagement with the biodi-
versity platform. The former provides a measure of the observer's
activity level, while the latter offers insight into their experience
and familiarity with the platform and its protocols. For instance,
an observer who has been active for several years and has submit-
ted a large number of observations would have a higher expertise
index compared to a new user with fewer submissions. Such an
index would be usable in data analysis as it would permit checking
whether commitment to the platform and/or accumulated experi-
ence influence the type of information contributed, for example
identification of species, numbers identified, spatial distribution.
This type of information could be not publicly displayed in order
to fully respect the privacy of the users, who may prefer personal
data to be kept reserved (Johnston, Matechou, and Dennis 2023),
unless they specifically opt for their level of experience to be
shared in the community of observers.

Thus, we would foster the organization of local working groups,
also to better estimate expertise variability among observers by
providing standardized training, involving experts, encourag-
ing local community participation, and maintaining ongoing
feedback.

2.2.3 | Technical Solution

From a technical point of view, when a user searches for obser-
vations of a given species or within a given area (via the App or
on the website) and selects a given observation, a pop-up win-
dow would appear. This window would provide information
about the observed species (e.g., date, latitude and longitude co-
ordinates, photos), as well as the nickname of the observer (i.e.,
the ‘Observer ID’). Clicking on the Observer ID would open an
‘Observer card’ providing an index of the observer's experience
(e.g., total number of observations divided by years of engage-
ment with the biodiversity platform, ranging between 0 and
+o0; the higher the value, the greater the experience). The card
would also display the total number of observations collected
and the year the observer engaged with the biodiversity plat-
form. Additionally, a plot (e.g., histogram) showing the number
of observations per year and a trend line would be displayed to
provide an overview of the observer's participation in the bio-
diversity platform. A number of observations for each taxon
(e.g., birds, mammals, etc.) could also be listed at the bottom of
the observer card-that is, an important information to account
for as an observer is unlikely to be an expert in all life forms.
Overall, this approach would ensure data quality while also ex-
plicitly acknowledging the contributions of observers, thereby
fostering a sense of community and commitment that is vital to
the success of CS initiatives, but should be aligned to the will of
each single observer to have this type of personal information
shared with the community.

2.3 | Lack of Absence Data and Sampling Effort
Information

2.3.1 | The Issue

CS platforms usually consist of presence-only data (i.e, ‘detec-
tions’), not their absences (i.e., ‘non-detections’). However, the
use of presence-only data to estimate species occurrence lead
to limited interpretations of the patterns of species distribu-
tion (Ottinger 2010; Conrad and Hilchey 2011; Bird et al. 2014;
Guillera-Arroita 2017). While the biodiversity platforms con-
sidered in this study include species occurrences (locations of
the detections), only eBird allows for absences derived by com-
plete checklists (of species), where a given species has not been
observed (i.e., non-detections). Thus, on most current CS plat-
forms, we cannot distinguish between missing sampling (e.g.,
no sampling and thus no observations) and real absences (e.g.,
where sampling has been carried out but no observations have
been recorded).

Moreover, the sampling methods used to collect observations,
including the time spent and the distance travelled during sur-
veys, the number of observers and other information regard-
ing sampling effort (e.g., use of ‘line transect’, “point counts’,
‘traps’, or even if the observation was obtained from a vehicle,
with binoculars, using mimetic clothes, etc.) are often lacking
in the online CS biodiversity platforms. So far, only on eBird
complete checklists are allowed, together with information
regarding the time spent, the distance travelled and the num-
ber of observers during surveys (Kelling et al. 2015; Johnston
et al. 2018).

Thus, the lack of absence data and sampling effort information
is very relevant and the role of scientists for the correct anal-
ysis and interpretation of CS data is fundamental. Scientists
need to identify statistical approaches for drawing reliable
inferences from CS data. For instance, Milanesi, Mori, and
Menchetti (2020) considered occurrences of non-target species
as absences and used the total number of observations, observ-
ers and collection days as proxies for sampling effort. Moreover,
scientists could apply additional filters to derive absence data,
such as taxa-based filtering (Van Eupen et al. 2021) and sam-
pling effort measures (Mair and Ruete 2016).

2.3.2 | Theoretical Solution

We strongly encourage to carry out complete checklists of spe-
cies, for which all the species observed are reported, instead of
casual records (e.g., presence-only data) in order to derive ab-
sence data (non-detections), that is, if a species is not reported
within a given complete checklist, it is absent then. At the same,
all the information regarding the sampling effort should be in-
cluded in order to provide robust data on the species assessment,
that is, if a species is reported or not within a given complete
checklist, it also depends on the time spent, area investigated
during surveys, number of observers, etc. Thus, to reduce the
lack of absence data and sampling effort information, we would
develop detailed sampling plans, actively involving local com-
munities in reporting also absence data (non-detections) and
sampling effort information.
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2.3.3 | Technical Solution

When an observer collects an observation of a species, the App
could pop-up a window showing two buttons specifying ‘Type
of data’ (i.e. ‘presence-only’ or ‘complete checklist’). In case the
option ‘complete list’ is selected, a list of species expected to be
detected (e.g., based on IUCN range maps) would appear and
the observer would flag those observed during the survey. This
could be accompanied by useful but standardized tips about
these species, including guidance on how, where, and when
to find them. If only a single species is the target, the observer
could select the complete checklist mode a priori and if not de-
tected, the App would however record the checklist but with no
species data in it. The observer could also fill these new buttons
with information regarding the sampling effort:

1. Sampling method: ‘line transect’, “‘point counts’, ‘traps’, etc.;
« in case of ‘line transect’ additional information will be
filled in an ad hoc button, i.e., ‘transect length/distance
travelled’ (in meters),
« in case of ‘point counts’ and ‘traps’ additional information
will be filled in an ad hoc button, i.e., ‘number of points/
traps’ (the number of points/traps investigated),

2. Sampling duration: time spent in a survey (in minutes).

3. Number of observers: the number of persons involved in the
survey.

2.4 | Data Biased Towards Highly Frequented
Areas and Developed Countries

2.4.1 | The Issue

CS datasets are typically biased towards human population
centres, areas that are easy to access, protected areas or re-
gions frequently investigated by active observers (Reddy and
Davalos 2003; Botts, Erasmus, and Alexander 2011; Martin,
Blossey, and Ellis 2012; Feldman et al. 2021). Moreover, geo-
graphical coverage of CS data can be biased towards well-
financed and more industrialized countries, mainly in North
America and Europe (Schmeller et al. 2009; El-Gabbas and
Dormann 2018). These problems lead to knowledge gaps in
under-sampled areas (Phillips, Anderson, and Schapire 2006;
Hugo and Altwegg 2017; Jiménez-Valverde et al. 2019).

If we take into account the Human Development Index (HDI),
which assigns a value between 1 and 4 (1 representing the highest
level and 4 representing the lowest level) based on the life expec-
tancy, education, and income of each county, in all the platforms
considered, a clear prevalence of observations come from those
countries with a very high Human Development Index (Group=1;
Figure 4a, Stanton 2007; UNDP 2022; Supporting Information) be-
longing mainly to North America and Europe (Figure 4b).

The marked spatial bias in CS can be largely attributed to the
concentration of prominent platforms in affluent countries.
For instance, iNaturalist and eBird are based in the USA, while
GBIF and Observation.org have their roots in Europe. The
substantial financial resources of these developed countries,

facilitate the establishment and expansion of CS platforms
(Pocock et al. 2018; Feldman et al. 2021). Moreover, the imple-
mentation of similar platforms in developing countries is often
hindered by the lack of necessary infrastructure. Finally, the
tradition of CS is deeply rooted in North America and, driven by
some iconic platforms and surveys such eBird, has spread glob-
ally only recently (Havens and Henderson 2013).

2.4.2 | Theoretical Solution

It is essential to promote data collection in under sampled areas
(i.e., novel environmental conditions) to provide species/taxon-
specific maps there too. The degree to which novel environ-
mental conditions are encountered has been assessed with the
Multivariate Environmental Similarity Surface (MESS, Elith,
Kearney, and Phillips 2010).

Specifically, MESS provides an index of environmental similarity
between all pixels of a study area and those of cells to be surveyed,
considering a set of spatial predictor variables (e.g., topographic,
climatic and land use characteristics). MESS identifies sites where
at least one predictor variable (or the most dissimilar variable if
more than one) has a value outside the range of those of the sur-
veyed cells, that is, under sampled areas where the ecological
contest is not represented in the already surveyed sites. MESS
approach is valuable, but limited by its use of the most dissim-
ilar variable as indicator of overall similarity. This means that
the most dissimilar variable at one pixel is the only one having
an effect (weight) in the calculation of the MESS index for this
pixel. Thus, we suggest to calculate a modified version of MESS
(mMESS) that does not rely on the use of the most dissimilar
variable as indicator of overall similarity but rather considers all
predictors (see Milanesi et al. 2017 for details). However, it is es-
sential to develop complementary initiatives to promote data col-
lection in areas identified by mMESS as underrepresented. This
could be done by promoting local CS activities and facilitating
sampling efforts through the provision of training and resources
to local communities. Such efforts could be supported by launch-
ing collaborative initiatives with local actors (institutions, con-
servation organizations, Universities and civil society) to spread
the participation of citizens in data collection, funding these out-
reach activities as part of wider research projects, as it was done
in the previous years in countries that currently collect the most
of the CS data (Squires et al. 2021; Callaghan et al. 2023; Palma
et al. 2024).

2.4.3 | Technical Solution

The resulting maps of mMESS should be provided on online bio-
diversity platforms. The maps could be displayed in a dedicated
section of the website or as a background information layer (e.g.,
in pulsing red colour) on the observation map. These maps should
also be accessible on the App. For instance, when the App is acti-
vated along with the GPS system, a pop-up window could appear.
This window would provide a list of the closest unsampled areas
to the mobile device (ranked from the closest to the farthest), to-
gether with a message on the importance of filling sampling gaps
to monitor biodiversity. This could be accompanied by useful tips
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FIGURE4 | Graphical representation of the geographic imbalance of citizen sciences data reported in the GBIF, iNaturalist, and eBird platforms

(Observation.org platform was excluded as it related only to European data): (a) average number of observations carried out in each country of the

world based on its Human Development Index (UNDP 2022), it assigns values between 1 and 4 (1 =highest level and 4 =lowest level) based on the
life expectancy, education and income of each country (Supporting Information); (b) percentage of the observations in each continent (calculated as

the average number of observations per country).

to reach the selected under-sampled areas, including guidance on
how, where, and when to find them.

3 | Discussion

Highlighting the main limitations of platforms making CS
data available online, in this study we emphasized their role
in fostering broader societal involvement in resource stew-
ardship, which is of significant value given the global interest
in conservation. We determined strengths and weaknesses of
widespread platforms including GBIF, iNaturalist, and eBird,

considering their different focuses, and how to improve them.
Actually, only a few platforms allow for complete checklists,
providing species absence data (non-detections) when a given
species has not been observed, and are capable of including
details such as time spent, distance travelled, and the num-
ber of observers during surveys (Kelling et al. 2015; Johnston
et al. 2018), providing direct measures of sampling effort, and
considering observer expertise in post-process analysis, which
is crucial for estimating statistically robust patterns of species
distribution (Johnston et al. 2018, 2021; Johnston, Matechou,
and Dennis 2023). Moreover, these platforms focus only on
specific taxa (e.g., birds) and data collected are still strongly
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biased towards the regions where they were developed (mostly
North America and Europe), resulting in challenges to mon-
itor biodiversity and assess biogeographical patterns due
to taxonomical and spatial bias, lack of robust absence data
and sampling effort information, nor account for observer
expertise. When compared to data from scientific collections
(i.e., specimens collected, identified, and stored in natural
history collections, museums, or herbaria, providing tangi-
ble records with details about when and where the organism
was found, and other information such as age and sex—also
available in global platforms such as GBIF), CS can provide a
higher amount of data, but their robustness should be tested
through quantitative comparisons between these two sources
in order to assess their overall efficacy and efficiency (Gollan
et al. 2012). Therefore, our survey revealed that existing plat-
forms have pros and cons, but overall show a few gaps that need
to be addressed in order to support robust biodiversity and bio-
geographic data collection. First, we suggest gathering addi-
tional information regarding sampling effort (e.g., use of ‘line
transect’, ‘point counts’, ‘traps’, etc.) as these factors might also
influence the data collected. Additionally, standardized sam-
pling schemes and maps of unsampled areas should be priori-
tized. Finally, also incorrect taxonomic identification can have
astrong impact on biogeographical analyses and thus we stress
the importance of comparing and quantifying the impact of
incorrect taxonomic identification, through data filtering and
comparison with verified datasets/standardized professional
data collection, likewise Arias-Maldonado (2015).

Moreover, all the platforms considered in this study need to
improve data coverage towards poorly frequented areas and
under-developed countries, as well as to develop robust tools to
account for expertise variability among observers. For platforms
like iNaturalist and Observation.org, which are rooted in less
structured initiatives without fixed protocols or long-term com-
mitments, there is a need to promote the collection of robust data
following sampling protocols. This would help derive absence
data (non-detections) and sampling effort information. On the
other hand, platforms like eBird (Ornitho and FrogID), which
focus on specific taxa and often have more rigorous protocols,
should consider encouraging the collection of under-sampled
species to reduce taxonomical bias within those groups.

To these regards, developing interactive tools to guide observers in
collecting robust and representative biodiversity data can provide
an effective solution. These tools could include intuitive pop-up
windows listing under sampled species in a given area, informa-
tion on observers' experience, species expected to be detection
during surveys, and details about sampling effort. Moreover, they
can be fostered by a gamification approach and by dedicated CS
initiatives to spread this opportunity to involve and sensitize citi-
zen towards the importance of collecting biodiversity data (Squires
et al. 2021; Callaghan et al. 2023; Palma et al. 2024). Indeed, tech-
nical improvements need to be paralleled by collaborative initia-
tives with local actors, ranging from institutions to civil society,
aimed to spread the participation of citizens in data collection, as
the several types of bioblitzes can contribute to (Meeus et al. 2023)
and verify on the field the efficacy of the proposed solutions.

This study represents an initial step towards improving data
quality on biodiversity platforms, and we recommend continued

experimentation with new features beyond those here discussed
to monitor biodiversity and assess biogeographical patterns.

Author Contributions

F.D.R. led the writing. P.M. and F.D.R. designed and drafted this per-
spective. F.D.R., M.M. and P.M. contributed to the conceptualization
and alternatively commented and revised this manuscript. All authors
contributed substantially and critically reviewed drafts and approved
the final version of the perspective.

Acknowledgements

We thank all citizen-scientists that uploaded their observations on on-
line biodiversity platforms. We thank iNaturalist Team for giving us
the possibility to use taxa icons for our figures. PM thanks his beloved
father Angelino, Professor of Mathematics, for inspiring passion for
science, numbers and their analysis, while volunteering disadvantaged
Citizens, till the end of his journey. Finally, we thank Diogo B. Provete
and two anonymous reviewers for their useful comments and sugges-
tions on earlier versions of our manuscript. Open access publishing
facilitated by Universita degli Studi di Bologna, as part of the Wiley -
CRUI-CARE agreement.

Conflicts of Interest

The authors declared no conflicts of interest.

Data Availability Statement

The authors have nothing to report.

References

Amano, T., J. D. Lamming, and W. J. Sutherland. 2016. “Spatial Gaps
in Global Biodiversity Information and the Role of Citizen Science.”
Bioscience 66, no. 5: 393-400.

Arias-Maldonado, M. 2015. Environment and Society: Socionatural
Relations in the Anthropocene, 1-16. Cham: Springer.

Baker, E.,J. P. Drury, J. Judge, D. B. Roy, G. C. Smith, and P. A. Stephens.
2021. “The Verification of Ecological Citizen Science Data: Current
Approaches and Future Possibilities.” Citizen Science: Theory and
Practice 6, no. 1: 12.

Bird, T. J., A. E. Bates, J. S. Lefcheck, et al. 2014. “Statistical Solutions
for Error and Bias in Global Citizen Science Datasets.” Biological
Conservation 173: 144-154.

Bland, L. M., B. Collen, C. D. L. Orme, and J. Bielby. 2015. “Predicting
the Conservation Status of Data Deficient Species.” Conservation
Biology 29: 250-259.

Boakes, E., G. Gliozzo, V. Seymour, et al. 2016. “Patterns of Contribution
to Citizen Science Biodiversity Projects Increase Understanding of vol-
unteers’ Recording Behaviour.” Scientific Reports 6: 33051.

Botts, E. A., B. F. Erasmus, and G. J. Alexander. 2011. “Geographic
Sampling Bias in the South African Frog Atlas Project: Implications for
Conservation Planning.” Biodiversity and Conservation 20: 119-139.

Brown, E. D., and B. K. Williams. 2018. “The Potential for Citizen
Science to Produce Reliable and Useful Information in Ecology.”
Conservation Biology 33: 561-5609.

Caley, P., M. Welvaert, and S. C. Barry. 2020. “Crowd Surveillance:
Estimating Citizen Science Reporting Probabilities for Insects of
Biosecurity Concern.” Journal of Pest Science 93: 543-550.

Callaghan, C. T., J. E. Watson, M. B. Lyons, W. K. Cornwell, and R.
A. Fuller. 2021. “Conservation Birding: A Quantitative Conceptual

2420

Journal of Biogeography, 2024

5190117 SUOLLLIOD SA1IER.0 3|01 jdde ) Aq pouienob a2 oI YO 95N J0'SBINI 10y AReiq 1 SUIIUO AB]1A U (SUO1IPUOD-PUB-SLLLIBILICO" A8 1 AZRJqlfpuijuoy/:Sdy) SUORIPUOD PUe S 18U 39S *[120Z/TT/0E] Uo ARIqITUIIUO BIIM BIIPUEIL0D Ad 000ST A //TTTT'OT/I0Pp/W00 A3 |1 ARRIq1PUIIUO//SNY WO1) PApeO|UMOQ ‘2T ‘202 ‘669259ET


http://observation.org

Framework for Prioritizing Citizen Science Observations.” Biological
Conservation 253:108912.

Callaghan, C. T., M. Thompson, A. Woods, et al. 2023. “Experimental
Evidence That Behavioral Nudges in Citizen Science Projects Can
Improve Biodiversity Data.” Bioscience 73, no. 4: 302-313.

Cardinale, B., J. E. Duffy, A. Gonzalez, et al. 2012. “Biodiversity Loss
and Its Impact on Humanity.” Nature 486: 59-67.

Cardoso, P., T. L. Erwin, P. A. V. Borges, and T. R. New. 2011. “The Seven
Impediments in Invertebrate Conservation and How to Overcome
Them.” Biological Conservation 144: 2647-2655.

CBD. 2022. “Kunming-Montreal Global Biodiversity Framework. Draft
Decision Submitted by the President.” https://www.cbd.int/doc/c/e6d3/
cd1d/daf663719a03902a9b116¢34/cop-15-1-25-en.pdf.

Chandler, M., L. See, K. Copas, et al. 2017. “Contribution of Citizen
Science Towards International Biodiversity Monitoring.” Biological
Conservation 213: 280-294.

Cigliano, J. A., R. Meyer, H. L. Ballard, A. Freitag, T. B. Phillips, and
A. Wasser. 2015. “Making Marine and Coastal Citizen Science Matter.”
Ocean and Coastal Management 115: 77-87.

Clare, J. D. J., P. A. Townsend, C. Anhalt-Depies, et al. 2019. “Making
Inference With Messy (Citizen Science) Data: When Are Data Accurate
Enough and How Can They Be Improved?” Ecological Applications 29,
no. 2: e01849.

Conrad, C. C., and K. G. Hilchey. 2011. “A Review of Citizen Science and
Community-Based Environmental Monitoring: Issues and Opportunities.”
Environmental Monitoring and Assessment 176, no. 1: 273-291.

Cooper, C. B., J. Shirk, and B. Zuckerberg. 2014. “The Invisible
Prevalence of Citizen Science in Global Research: Migratory Birds and
Climate Change.” PLoS One 9, no. 9: €106508.

Davis, C. L., Y. Bai, D. Chen, et al. 2023. “Deep Learning With Citizen
Science Data Enables Estimation of Species Diversity and Composition
at Continental Extents.” Ecology 104, no. 12: e4175.

Della Rocca, F., and P. Milanesi. 2022. “The New Dominator of the
World: Modeling the Global Distribution of the Japanese Beetle Under
Land Use and Climate Change Scenarios.” Land 11, no. 4: 567.

Di Cecco, G. J., V. Barve, M. W. Belitz, B. J. Stucky, R. P. Guralnick,
and A. H. Hurlbert. 2021. “Observing the Observers: How Participants
Contribute Data to iNaturalist and Implications for Biodiversity
Science.” Bioscience 71, no. 11: 1179-1188.

El-Gabbas, A., and C. F. Dormann. 2018. “Wrong, but Useful: Regional
Species Distribution Models May Not Be Improved by Range-Wide Data
Under Biased Sampling.” Ecology and Evolution 8, no. 4: 2196-2206.

Elith,J., M. Kearney, and S. Phillips. 2010. “The Art of Modelling Range-
Shifting Species.” Methods in Ecology and Evolution 1, no. 4: 330-342.

Farmer, R. G., M. L. Leonard, and A. G. Horn. 2012. “Observer Effects
and Avian-Call-Count Survey Quality: Rare-Species Biases and
Overconfidence.” Auk 129, no. 1: 76-86.

Feeley, K., J. Stroud, and T. Perez. 2016. “Most ‘Global’ Reviews of
Species’ Responses to Climate Change Are Not Truly Global.” Diversity
and Distributions 23: 231-234.

Feldman, M. J., L. Imbeau, P. Marchand, M. J. Mazerolle, M. Darveau,
and N. J. Fenton. 2021. “Trends and Gaps in the Use of Citizen Science
Derived Data as Input for Species Distribution Models: A Quantitative
Review.” PLoS One 16, no. 3: e0234587.

Fithian, W., J. Elith, T. Hastie, and D. A. Keith. 2015. “Bias Correction
in Species Distribution Models: Pooling Survey and Collection Data for
Multiple Species.” Methods in Ecology and Evolution 6, no. 4: 424-438.

Fitzpatrick, M. C., E. L. Preisser, A. M. Ellison, and J. S. Elkinton.
2009. “Observer Bias and the Detection of Low-Density Populations.”
Ecological Applications 19, no. 7: 1673-1679.

Garcia-Soto, C., J. J. Seys, O. Zielinski, et al. 2021. “Marine Citizen
Science: Current State in Europe and New Technological Developments.”
Frontiers in Marine Science 8: 241.

Gascon, C., T. M. Brooks, T. Contreras-MacBeath, et al. 2015. “The
Importance and Benefits of Species.” Current Biology 25: 431-438.

Gollan, J., L. L. de Bruyn, N. Reid, and L. Wilkie. 2012. “Can Volunteers
Collect Data That Are Comparable to Professional Scientists? A
Study of Variables Used in Monitoring the Outcomes of Ecosystem
Rehabilitation.” Environmental Management 50, no. 5: 969-978.

Guillera-Arroita, G. 2017. “Modelling of Species Distributions, Range
Dynamics and Communities Under Imperfect Detection: Advances,
Challenges and Opportunities.” Ecography 40: 281-295.

Havens, K., and S. Henderson. 2013. “Citizen Science Takes Root.”
American Scientist 101: 378-385.

Henckel, L., U. Bradter, M. Jonsson, N. J. Isaac, and T. Snill. 2020.
“Assessing the Usefulness of Citizen Science Data for Habitat Suitability
Modelling: Opportunistic Reporting Versus Sampling Based on a
Systematic Protocol.” Diversity and Distributions 26: 1276-1290.

Hobson, E. A., G. Smith-Vidaurre, and A. Salinas-Melgoza. 2017.
“History of Nonnative Monk Parakeets in Mexico.” PLoS One 12:
€0184771.

Hugo, S., and R. Altwegg. 2017. “The Second Southern African Bird
Atlas Project: Causes and Consequences of Geographical Sampling
Bias.” Ecology and Evolution 7, no. 17: 6839-6849.

IUCN. 2023. “The IUCN Red List of Threatened Species.” Version
2022-2 (Table 1a). https://www.iucnredlist.org.

Jiménez-Valverde, A., P. Pefia-Aguilera, V. Barve, and L. Burguillo-
Madrid. 2019. “Photo-Sharing Platforms Key for Characterising Niche
and Distribution in Poorly Studied Taxa.” Insect Conservation and
Diversity 12, no. 5: 389-403.

Johnston, A., D. Fink, W. M. Hochachka, and S. Kelling. 2018. “Estimates
of Observer Expertise Improve Species Distributions From Citizen Science
Data.” Methods in Ecology and Evolution 9, no. 1: 88-97.

Johnston, A., W. M. Hochachka, M. E. Strimas-Mackey, et al. 2021.
“Analytical Guidelines to Increase the Value of Community Science
Data: An Example Using eBird Data to Estimate Species Distributions.”
Diversity and Distributions 27, no. 7: 1265-1277.

Johnston, A., E. Matechou, and E. B. Dennis. 2023. “Outstanding
Challenges and Future Directions for Biodiversity Monitoring Using
Citizen Science Data.” Methods in Ecology and Evolution 14, no. 1:
103-116.

Kelling, S., D. Fink, F. A. La Sorte, A. Johnston, N. E. Bruns, and W. M.
Hochachka. 2015. “Taking a ‘Big Data’ Approach to Data Quality in a
Citizen Science Project.” Ambio 44: 601-611.

Kelling, S., A. Johnston, D. Fink, et al. 2018. “Finding the Signal in the
Noise of Citizen Science Observations.” bioRxiv: 326314.

Kéry, M. 2011. “Towards the Modelling of True Species Distributions.”
Journal of Biogeography 38: 617-618.

Kosmala, M., A. Wiggins, A. Swanson, and B. Simmons. 2016.
“Assessing Data Quality in Citizen Science.” Frontiers in Ecology and
the Environment 14, no. 10: 551-560.

Mair, L., and A. Ruete. 2016. “Explaining Spatial Variation in the
Recording Effort of Citizen Science Data Across Multiple Taxa.” PLoS
One 11, no. 1: e0147796.

Martin, L. J., B. Blossey, and E. Ellis. 2012. “Mapping Where
Ecologists Work: Biases in the Global Distribution of Terrestrial
Ecological Observations.” Frontiers in Ecology and the Environment
10: 195-201.

McKinley, D. C., A. J. Miller-Rushing, H. L. Ballard, et al. 2017.
“Citizen Science can Improve Conservation Science, Natural Resource

2421

5190117 SUOLLLIOD SA1IER.0 3|01 jdde ) Aq pouienob a2 oI YO 95N J0'SBINI 10y AReiq 1 SUIIUO AB]1A U (SUO1IPUOD-PUB-SLLLIBILICO" A8 1 AZRJqlfpuijuoy/:Sdy) SUORIPUOD PUe S 18U 39S *[120Z/TT/0E] Uo ARIqITUIIUO BIIM BIIPUEIL0D Ad 000ST A //TTTT'OT/I0Pp/W00 A3 |1 ARRIq1PUIIUO//SNY WO1) PApeO|UMOQ ‘2T ‘202 ‘669259ET


https://www.cbd.int/doc/c/e6d3/cd1d/daf663719a03902a9b116c34/cop-15-l-25-en.pdf
https://www.cbd.int/doc/c/e6d3/cd1d/daf663719a03902a9b116c34/cop-15-l-25-en.pdf
https://www.iucnredlist.org

Management, and Environmental Protection.” Biological Conservation
208:15-28.

Meeus, S., I. Silva-Rocha, T. Adriaens, et al. 2023. “More Than a Bit of
Fun: The Multiple Outcomes of a Bioblitz.” Bioscience 73, no. 3: 168-181.

Menchetti, M., M. Guéguen, and G. Talavera. 2019. “Spatio-Temporal
Ecological Niche Modelling of Multigenerational Insect Migrations.”
Proceedings of the Royal Society B 286: 20191583.

Milanesi, P., S. Herrando, M. Pla, D. Villero, and V. Keller. 2017. “Towards
Continental Bird Distribution Models: Environmental Variables for the
Second European Breeding Bird Atlas and Identification of Priorities for
Further Surveys.” Vogelwelt 137: 53-60.

Milanesi, P., E. Mori, and M. Menchetti. 2020. “Observer-Oriented
Approach Improves Species Distribution Models From Citizen Science
Data.” Ecology and Evolution 10, no. 21: 12104-12114.

Mori, E., A. Baeri, A. Sforzi, A. Vitale, and A. Galimberti. 2017. “From
Accidental Citizen-Science Observations to Genetic Confirmation:
How to Spot New Hidden Invaders.” Hystrix, The Italian Journal of
Mammalogy 28: 284-287.

Mori, E., and M. Menchetti. 2014. ““Sometimes They Come Back™
Citizen Science Reveals the Presence of the Italian Red Squirrel in
Campania.” Quaderni del Museo di Storia Naturale di Ferrara 2: 91-94.

Mori, E., A. Sforzi, G. Bogliani, and P. Milanesi. 2018. “Range
Expansion and Redefinition of a Crop-Raiding Rodent Associated
With Global Warming and Temperature Increase.” Climatic Change
150: 319-331.

Newbold, T. 2010. “Applications and Limitations of Museum Data
for Conservation and Ecology, With Particular Attention to Species
Distribution Models.” Progress in Physical Geography: Earth and
Environment 34, no. 1: 3-22.

Ottinger, G. 2010. “Buckets of Resistance: Standards and the
Effectiveness of Citizen Science.” Science, Technology & Human Values
35, no. 2: 244-270.

Palma, E., L. Mata, K. Cohen, et al. 2024. “The City Nature Challenge:
A Global Citizen Science Phenomenon Contributing to Biodiversity
Knowledge and Informing Local Government Practices.” Bioscience 74,
no. 4: 290-299.

Paul, K., M. S. Quinn, M. P. Huijser, J. Graham, and L. Broberg. 2014. “An
Evaluating of Citizen Science Data Collection Program for Recording
Wildlife Observations Along a Highway.” Journal of Environmental
Management 139: 180-187.

Peterson, A. T., A. G. Navarro-Siguenza, and H. Benitez-Diaz. 2008.
“The Need for Continued Scientific Collecting; a Geographic Analysis
of Mexican Bird Specimens.” Ibis 140: 288-294.

Phillips, S. J., R. P. Anderson, and R. E. Schapire. 2006. “Maximum
Entropy Modelling of Species Geographic Distributions.” Ecological
Modelling 190: 231-259.

Pimm, S. L., C. N. Jenkins, R. Abell, et al. 2014. “The Biodiversity of
Species and Their Rates of Extinction, Distribution, and Protection.”
Science 344:1246752.

Pocock, M. J., M. Chandler, R. Bonney, et al. 2018. “A Vision for Global
Biodiversity Monitoring With Citizen Science.” Advances in Ecological
Research 59: 169-223.

Pocock, M. J., D. S. Chapman, L. J. Sheppard, and H. E. Roy. 2014.
Choosing and Using Citizen Science: A Guide to When and How to
Use Citizen Science to Monitor Biodiversity and the Environment.
Wallingford: NERC/Centre for Ecology & Hydrology.

Rambonnet, L., S. C. Vink, A. M. Land-Zandstra, and T. Bosker. 2019.
“Making Citizen Science Count: Best Practices and Challenges of
Citizen Science Projects on Plastics in Aquatic Environments.” Marine
Pollution Bulletin 145: 271-277.

Reddy, S., and L. M. Davalos. 2003. “Geographical Sampling Bias
and Its Implications for Conservation Priorities in Africa.” Journal of
Biogeography 30: 1719-1727.

Roy, H. E., M. J. O. Pocock, C. D. Preston, et al. 2012. “Understanding
Citizen Science and Environmental Monitoring. Final Report on Behalf
of UK-EOF.” NERC Centre for Ecology & Hydrology and Natural
History Museum.

Sanderson, C., M. F. Braby, and S. Bond. 2021. “Butterflies Australia:
A National Citizen Science Database for Monitoring Changes in
the Distribution and Abundance of Australian Butterflies.” Austral
Entomology 60: 12-24.

Schmeller, D. S., P. Y. Henry, R. Julliard, et al. 2009. “Advantages of
Volunteer-Based Biodiversity Monitoring in Europe.” Conservation
Biology 23, no. 2: 307-316.

Skarlatidou, A., A. Hamilton, M. Vitos, and M. Haklay. 2019. “What
Do Volunteers Want From Citizen Science Technologies? A Systematic
Literature Review and Best Practice Guidelines.” Journal of Science
Comunication 18, no. 1: A02.

Speelman, E. N., E. Escano, D. Marcos, and N. Becu. 2023. “Serious
Games and Citizen Science; From Parallel Pathways to Greater
Synergies.” Current Opinion in Environmental Sustainability 64: 101320.

Squires, T. M., P. Yuda, P. G. Akbar, et al. 2021. “Citizen Science
Rapidly Delivers Extensive Distribution Data for Birds in a Key Tropical
Biodiversity Area.” Global Ecology and Conservation 28: e01680.

Stanton, D. J. 2007. Taking Shape: Implementing Citizen-Centric Local
Digital Government in Western Australia. Edith Cowan University.

Steen, V. A, C. S. Elphick, and M. W. Tingley. 2019. “An Evaluation of
Stringent Fltering to Improve Species Distribution Models From Citizen
Science Data.” Diversity and Distributions 25: 1857-1869.

Sullivan, B. L., J. L. Aycrigg, J. H. Barry, et al. 2014. “The eBird
Enterprise: An Integrated Approach to Development and Application of
Citizen Science.” Biological Conservation 169: 31-40.

Thompson, M. M., K. Moon, A. Woods, et al. 2023. “Citizen Science
Participant Motivations and Behaviour: Implications for Biodiversity
Data Coverage.” Biological Conservation 282: 110079.

Troudet, J., P. Grandcolas, A. Blin, R. Vignes-Lebbe, and F. Legendre.
2017. “Taxonomic Bias in Biodiversity Data and Societal Preferences.”
Scientific Reports 7: 9132.

Tulloch, A. 1., H. P. Possingham, L. N. Joseph, J. Szabo, and T. G. Martin.
2013. “Realising the Full Potential of Citizen Science Monitoring
Programs.” Biological Conservation 165: 128-138.

UNDP (United Nations Development Programme). 2022. Human
Development Report 2021-22: Uncertain Times, Unsettled Lives: Shaping
our Future in a Transforming World. New York: UNDP.

Unger, S., M. Rollins, A. Tietz, and H. Dumais. 2020. “iNaturalist as
an Engaging Tool for Identifying Organisms in Outdoor Activities.”
Journal of Biological Education 55: 1-11.

Van Eupen, C., D. Maes, M. Herremans, K. R. Swinnen, B. Somers, and
S. Luca. 2021. “The Impact of Data Quality Filtering of Opportunistic
Citizen Science Data on Species Distribution Model Performance.”
Ecological Modelling 444: 109453.

van Strien, A. J., C. A. M. van Swaay, and T. Termaat. 2013.
“Opportunistic Citizen Science Data of Animal Species Produce
Reliable Estimates of Distribution Trends if Analysed With Occupancy
Models.” Journal of Applied Ecology 50: 1450-1458.

Vendetti, J. E., E. Burnett, L. Carlton, et al. 2018. “The Introduced
Terrestrial Slug Ambigolimax Nyctelius (Bourguignat, 1861) and
Ambigolimax Valentianus (Férussac, 1821) (Gatropoda: Limacidae) in
California, With a Discussion of Taxonomy, Systematics, and Discovery
by Citizen Science.” Journal of Natural History 53: 1-26.

2422

Journal of Biogeography, 2024

5190117 SUOLLLIOD SA1IER.0 3|01 jdde ) Aq pouienob a2 oI YO 95N J0'SBINI 10y AReiq 1 SUIIUO AB]1A U (SUO1IPUOD-PUB-SLLLIBILICO" A8 1 AZRJqlfpuijuoy/:Sdy) SUORIPUOD PUe S 18U 39S *[120Z/TT/0E] Uo ARIqITUIIUO BIIM BIIPUEIL0D Ad 000ST A //TTTT'OT/I0Pp/W00 A3 |1 ARRIq1PUIIUO//SNY WO1) PApeO|UMOQ ‘2T ‘202 ‘669259ET



Wang, D., Z. Xiang, and D. R. Fesenmaier. 2014. “Adapting to the Mobile
World: A Model of Smartphone Use.” Annals of Tourism Research 48:
11-26.

Ward, D. F. 2014. “Understanding Sampling and Taxonomic Biases
Recorded by Citizen Scientists.” Journal of Insect Conservation 18:
753-756.

Willemen, L., A. J. Cottam, E. G. Drakou, and N. D. Burgess. 2015.
“Using Social Media to Measure the Contribution of Red List Species to
the Nature-Based Tourism Potential of African Protected Areas.” PLoS
One 10: €0129785.

Zettler, E. R., H. Takada, B. Monteleone, N. Mallos, M. Eriksen, and
L. A. Amaral-Zettler. 2017. “Incorporating Citizen Science to Study
Plastics in the Environment.” Analytical Methods 9, no. 9: 1392-1403.

Supporting Information

Additional supporting information can be found online in the
Supporting Information section.

2423

85U017 SUOWIWOD 8A1ER1D 3(qedljdde au Aq pausenob ae e YO ‘@SN JO S9N 10} Akeid 78Ul UO A1 UO (SUORIPUCD-pUe-SULLBYLIOY A3 | 1M AReIq 1 [pU1|UO//SANY) SUOTIPUOD pue Swie | 8 885 *[Z0z/TT/0E] uo Ariqi]auljuo 8|1 ‘elelieueIyo0D A 000ST G TTTT 0T/10p/w0d A8 |im ArIq puluo//Sdny wolj pepeojumod ‘2T ‘¥20Z ‘6692S9ET



	Improving Online Citizen Science Platforms for Biodiversity Monitoring
	ABSTRACT
	1   |   Introduction
	2   |   Main Sources of Error in Citizen Sciences Data
	2.1   |   Taxonomical Bias
	2.1.1   |   The Issue
	2.1.2   |   Theoretical Solution
	2.1.3   |   Technical Solution

	2.2   |   Expertise Variability Among Observers
	2.2.1   |   The Issue
	2.2.2   |   Theoretical Solution
	2.2.3   |   Technical Solution

	2.3   |   Lack of Absence Data and Sampling Effort Information
	2.3.1   |   The Issue
	2.3.2   |   Theoretical Solution
	2.3.3   |   Technical Solution

	2.4   |   Data Biased Towards Highly Frequented Areas and Developed Countries
	2.4.1   |   The Issue
	2.4.2   |   Theoretical Solution
	2.4.3   |   Technical Solution


	3   |   Discussion
	Author Contributions
	Acknowledgements
	Conflicts of Interest
	Data Availability Statement
	References


