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Abstract:

Modern nature conservation increasingly relies on open biodiversity data,
especially on species occurrence records from digital platforms, collections,
monitoring programs, and citizen science. These datasets can cover large
areas and long time periods. However, their analytical value depends not
only on data volume, but also on representativeness, metadata quality, and
the way they were collected. One of the main problems is bias, because some
areas, taxonomic groups, time periods, and observer types generate far more
records than others. As a result, open data can give a distorted picture of
biodiversity and affect models, trend estimates, and conservation priorities.
This paper reviews the main forms of bias and links them with their effects
on analytical results and decision-making. It concludes that open biodiversity
data are highly valuable for modern nature conservation, but their analytical
and practical value depends on careful methodological use and a clear
understanding of their limits.
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INTRODUCTION

Nature conservation depends on reliable, high-quality data on species,
their distribution, and temporal dynamics. However, classical institutional
monitoring is often limited by a lack of resources and weaker technical and
organizational capacities [1]. Consequently, publicly available biodiversity
data have become an important source of information for planning and
implementing conservation measures [2]-[3].

The development of global repositories and aggregators, such as GBIF
and OBIS, as well as many platforms that support citizen science projects,
such as iNaturalist and eBird, has led to a rapid growth in data collection
and reporting. At the same time, smartphones, with better cameras, more
stable internet access, and GPS functions, have improved communication
between volunteers and researchers [4]-[5]. Still, the way these data are
collected often reflects site accessibility, participant movement, and
interest in certain species more than actual ecological conditions on-
the-ground [6]-[8].
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These uneven patterns are not limited to single plat-
forms or local datasets. They reflect broader patterns of
biodiversity knowledge, including strong taxonomic
unevenness and more general gaps in ecological data
[9]-[10].

For that reason, this paper looks at open biodiver-
sity data as both a data-related and a methodological
problem. If some areas or taxa are recorded much more
often than others, analyses can give a wrong picture of
distribution, threat status, or trends [11]. This issue is
important because it shows that data science approaches
in ecology depend on data availability as well as on a
clear understanding of how the data were generated and
how bias can be identified and reduced [4].

Accordingly, the central research question of this
paper is: how do the main forms of bias in open biodi-
versity data affect analytical outputs and, consequently,
decision-making in nature conservation? The contri-
bution of this paper is threefold: (1) it systematizes the
main forms of bias in open biodiversity data, (2) con-
nects them with typical analytical distortions, and (3)
summarizes methodological approaches that can im-
prove the reliability of their use in conservation practice.

2. METHODOLOGICAL APPROACH

This paper is based on a narrative literature review
focused on recent studies dealing with open biodiver-
sity data, citizen science, data bias, and methodological
approaches for bias mitigation. Particular attention was
given to papers published in 2024-2026, supplemented
by earlier foundational works on FAIR principles, bio-
diversity data standards, and modelling approaches
relevant to detection and sampling bias. The reviewed
literature was selected based on its relevance to these
questions: how bias arises in open biodiversity data, how
it affects analytical results, and which methodological
approaches can reduce or better account for it.

3. OPEN BIODIVERSITY DATAAND THEIR
ANALYTICAL VALUE

Open biodiversity data include publicly available
digital records on species, their occurrence, distribution,
and associated ecological, taxonomic, and spatiotem-
poral attributes. These records can come from different
sources, including field research, monitoring programs,
museum and other collections, and observations made
by citizens in citizen science projects [4]. Their impor-
tance lies in their broad spatial and temporal coverage.
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Thus, they are used to track changes in species distribu-
tion and abundance, to support macroecological analy-
ses, and to identify conservation priorities [2], [12].
Their added value lies in their potential to be combined,
searched, and reused in new studies, which makes them
an important source of data for secondary analysis and
broader scientific use [2], [4], [13].

The literature therefore distinguishes between pri-
mary and secondary biodiversity data. Primary data are
direct records of organisms tied to a specific place and
time. Secondary data are created when such records are
taken from different and heterogeneous sources, often
with uneven metadata quality, differences in documen-
tation, and different forms of bias. Because of that, their
analytical value must be assessed with caution [2], [4],
[12].

To be usable, such data need to be structured, stand-
ardized, and described in a way that allows them to be
linked with other datasets. In this context, the FAIR
principles are important, as well as standards and tools
such as the Darwin Core standard (DwC) and DMP-
Tool, which make it easier to harmonize records from
different sources and integrate them into broader re-
positories and combined datasets [4], [14]-[15].

Data bias is an important methodological challenge
because it reduces representativeness and therefore lim-
its the analytical value of open biodiversity data [11].

4. MAIN FORMS OF BIAS IN OPEN DATA

In this paper, bias in open biodiversity data is con-
sidered across four interrelated dimensions: spatial,
taxonomic, temporal, and observer-related bias.

Spatial bias appears when data are unevenly distrib-
uted across space, that is, when some areas are recorded
much more intensively than others [7], [16]. This une-
venness often follows patterns of human movement and
site accessibility, so urban areas, parks, and protected
sites are often better documented than remote areas [8],
[11]. This can make better-sampled areas appear more
important for biodiversity than they actually are, while
poorly documented areas remain underestimated in
analyses and conservation planning [7], [11].

Taxonomic bias means that not all groups of organ-
isms are equally represented in biodiversity databases.
Some groups are recorded much more often because
they are more visible, easier to identify, or attract more
attention from researchers and users of digital plat-
forms. As a result, the number of records for a group
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does not always reflect how common it is in nature, but
also how likely people are to observe and report it [5]-
(6], [9].

Diaz-Calafat and colleagues [5] showed, using insects
as an example, that both academic and citizen science
data have strong taxonomic bias, with some orders being
recorded and reported much more often than others. A
similar pattern at a broader level was shown by Garcia-
Rosell6 and colleagues [7], who reported that European
biodiversity data are much more complete for vertebrates
and vascular plants than for many other taxonomic groups.
Such unevenness reduces the ecological representativeness
of databases [7]. At a broader level, Troudet and colleagues
[9] showed that taxonomic bias in large global biodiversity
databases is strongly linked to social preferences for some
groups of organisms. This again shows that the distribution
of records does not reflect only biological reality, but also
human attention and interest [9].

Table 1. Main forms of bias in open biodiversity data

Temporal bias refers to the fact that observations are
not evenly distributed through time, but appear more
often on certain days, in certain seasons, or during some
parts of the year [5]. Opportunistic data therefore often
reflect not only the real dynamics of nature, but also the
rhythm of observer activity. Some periods are recorded
more intensively because observers are more active,
conduct fieldwork more frequently, or detect organ-
isms more easily [5]. Consequently, temporal variation
in data volume does not necessarily reflect real changes
in species distribution or activity. They may also result
from changes in observation frequency and recording
practices [5], [8].

Observer bias is linked to the characteristics of the ob-
servers themselves. Using iNaturalist as an example, Grady
and colleagues [8] showed that different user groups have
different spatiotemporal patterns of reporting observations,
and therefore have different effects on database structure.

Type of bias How it arises Typical consequence Possible response
Spati More recording in accessible, urban, False picture of absence or low Targeted additional sampling and
patial ; s . F
or tourist areas representation in poorly sampled areas modelling that takes bias into account
. More frequent recording of attractive Underestimation of less visible taxa Combining sources and checking
Taxonomic : . and distorted comparisons between .
or easily recognized groups groups taxonomic coverage
Seasonality, weekends, changes in user Unstable trend estimates and mixing Using temporal metadata and
Temporal g g of biological signal with sampling . ; : -
activity, and field conditions signal interpreting trends with caution
. . . . ... Validation, observer-behavior models,
Differences in observer experience, ~ Heterogeneous recording probability .
Observer and transparent presentation of

motivation, and spatial habits

and uneven observation quality

uncertainty

Dala sources Metadata and context

Initial quality check

» repositories and aggregators = location and date + record completeness
« monitoring programs » taxonomic identification + coordinates and dale precision
« collections + method and effort + laxonomic consistency
= cilizen science * pgbserver idenlity or experise * COVErage acioss space, time,
and taxa

Bias diagnosis - Analytical effects e Decision effects
+ spafial bias = distorted distribution estimates = misleading picture of biodiversity
+ taxonomic bias + misleading trends importance
+ temporal bias + blased richness or suitability = weak support for monitoring priorities

= pbserver-relaled bias patterns

+ shified priority areas

« uncerain evidence for conservation
planning
= poor identification of under-sampled areas

Improved Preprocessing and Bias-aware Conservation | , Transparancy and
documentation standardization analysis interpretation reporting
= better effort = remove = malch methods to = use oulputs = document
recording duplicates and data and bias transparently sources and fillers
= clearer BSOS » account for effor, = racognize data = slate assumplions
observation « check coordinates detection, observers limits « make limits of
contaxt and taxonomy « report uncerainty and + idantity gaps and inferance explicit
= mare informaltive = gxclude low - limits: priosities
metadata precision records

Figure 1. Simplified workflow showing how bias in open biodiversity data can propagate from record generation and
documentation to analytical results, interpretation, and conservation decisions, together with the main stages at which

bias can be recognized, reduced,
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and transparently reported
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Guilbault and colleagues [16] further demonstrated
that many approaches for correcting spatial bias assume
that all observers behave in roughly the same way, which
is not the case in practice. Their study distinguishes be-
tween behaviour types such as “explorers,” who search
for new and less visited locations, and “followers,” who
more often record observations at already known and
frequently visited sites. This distinction matters because
the effectiveness of spatial bias correction depends on
how observers move and where they choose to record
observations [16].

A brief overview of the main forms of bias, their con-
sequences, and possible responses is shown in Table 1.

The relationships between data collection, bias, ana-
Iytical effects, and conservation interpretation can be
summarized as a simple workflow, shown in Figure 1.

5. HOW BIAS AFFECTS ANALYSES AND
DECISION-MAKING

Bias in open biodiversity data can strongly affect
analytical results and, with that, the conclusions de-
rived from them. Bowler and colleagues [11] treat gaps
and bias in biodiversity data as a problem that makes it
much harder to draw reliable conclusions about species
patterns and trends. The problem becomes particularly
critical when the factors that influence sampling and
data availability, such as site accessibility, urbanization,
or human population density, overlap with the ecologi-
cal and threat-related factors that influence the species
themselves [11].

One of the most important consequences of bias
is the systematic distortion of species distribution and
representation. Diaz-Calafat and colleagues [5] demon-
strated that insect records from the Iberian Peninsula
are affected by strong taxonomic, spatial, temporal, and
ecological biases, with some groups receiving much
more attention than others. In such conditions, differ-
ences in the number of records between taxa cannot be
interpreted as a direct sign of their true representation,
because these numbers are also shaped by how visible
organisms are, by observer interest, and by established
recording habits [5], [9]. As a result, analyses may over-
estimate the importance of well-documented groups
while underestimating less visible or under-recorded
taxa.

A similar effect occurs in spatial analyses. Garcia-
Roselld and colleagues [7] showed that European bio-
diversity data are not evenly distributed, and that there
are large differences between regions and taxonomic
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groups in coverage. When such data are used for spatial
analyses, species distribution models, habitat suitability
estimates, or the identification of priority conservation
areas, the result may be systematically shifted toward
well-studied areas. This means that areas with many
records may appear more important or species-rich
than they actually are, while poorly studied areas may
be incorrectly interpreted as less valuable when they are
simply under-sampled [7], [16].

Bias also strongly affects analyses of change over
time. Diaz-Calafat and colleagues [5] identified seasonal
and calendar effects in data collection patterns, while
Grady and colleagues [8] showed that iNaturalist users
have different spatiotemporal recording habits depend-
ing on their level and type of participation. This means
that changes in the number of records over time do not
necessarily reflect changes in abundance, activity, or dis-
tribution of a species. They may also result from varia-
tions in observer behaviour, availability, motivation, or
recording routine [5], [8]. In that sense, a trend analysis
may suggest that a species is spreading, declining, or
changing its phenology, even though part of that pat-
tern is driven by changes in observation effort.

Open biodiversity data are increasingly used, cited,
or recommended in environmental impact assessment
documents and related regulatory procedures. As a re-
sult, the effects of bias are no longer limited to scientific
interpretation, but can also influence practical regula-
tory and consulting decisions, for example when docu-
menting the presence or absence of species in the area
of an urban development project [17].

In the European context, Moersberger and col-
leagues [1] point out that current monitoring systems
still suffer from taxonomic, spatial, and temporal gaps
and biases. Under such conditions, non-representative
data affect the assessment of species and habitat status,
the setting of monitoring priorities, and the selection of
conservation measures [1].

6. POSSIBILITIES FOR REDUCING BIAS

Bias in biodiversity data cannot be fully eliminated
[11], but it can be recognized, assessed, and reduced
with appropriate methodological and statistical ap-
proaches [2], [16], [18]. This is particularly important
because neither citizen science data nor academic re-
cords are free from different forms of bias, so uncritical
use of both source types can lead to unreliable conclu-
sions [5]. Approaches to addressing this issue can be
identified at several interconnected levels, from data col-
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lection and documentation, through data preprocessing,
to modelling of the observation process and improved
monitoring design.

The first level of mitigation concerns how data are
collected and described. Better documentation of data
facilitates the assessment of how biases arise and their
incorporation into the analysis [4], [13]-[15]. For that
reason, it is important to record not only species pres-
ence, but also information on observation effort, time,
location, sampling method, observer identity and exper-
tise, as well as information on what, where, and when
observations are recorded, and what is not recorded
[19]-[20]. Arazy and Malkinson [19] especially stress
that part of observer-related bias can be reduced by
“semi-structuring” unstructured citizen science data,
that is, by adding basic information on user behaviour
and observation context. Such metadata do not remove
bias by themselves, but they make it more visible and
analytically usable.

The second level of mitigation concerns preproc-
essing, that is, the filtering and standardization of data
prior to statistical analysis. In practice, this includes re-
moving duplicates, checking coordinates, harmonizing
taxonomy, excluding records lacking sufficient spatial or
temporal precision, and, where possible, standardizing
observation effort [4], [13]-[15], [18], [20]. Johnston
and colleagues [20] show that careful data selection and
cleaning can significantly improve species distribution
estimates, especially when combined with information
on observation effort. In a similar way, Bowler and col-
leagues [11], working from a missing-data framework,
point out that subsampling, weighting, and imputation
can be useful, but that their effectiveness depends on
how well the mechanisms underlying uneven data avail-
ability are understood. Thus, bias cannot be addressed
through a single universal filter, but requires procedures
tailored to its specific source.

The third level of mitigation concerns modelling the
observation process itself. For biodiversity data, it is not
sufficient to know only where a species is present. It is
also necessary to account for the probability of detection
and reporting. Accordingly, occupancy models are im-
portant because they distinguish true species presence
from detection probability [21]-[22]. Van Strien and
colleagues [21] showed that open biodiversity data can
produce more reliable estimates of distribution trends
when analyzed using models that account for variation
in observation effort, incomplete reporting, and differ-
ences in detection. Schmidt and colleagues [22] further
show that differences between observers can be an im-
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portant source of detection heterogeneity and should
therefore be included in the analysis. Therefore, models
should, whenever possible, take into account observer
characteristics, as well as seasonal, annual, and other
factors affecting detection probability [19]-[20], [22].

Reducing spatial bias in species distribution model-
ling is a particular challenge, especially when presence-
only and opportunistic data are used [7], [16], [23]-[25].
Presence-only data indicate where a species has been
recorded, but not where it has been reliably searched
for and not detected. Opportunistic data are typically
collected without a predefined sampling plan, and there-
fore often reflect patterns of human movement and ob-
servation rather than evenly surveyed space [24]-[25].
In such cases, the literature recommends careful use
of spatial filters, appropriate selection of background
points, and other correction methods aimed at sepa-
rating ecological signals from sampling bias [16], [23],
[25]. Baker and colleagues [23] show that corrections for
spatial sampling bias are not always automatically useful
and that their effects should be evaluated by comparing
models with and without correction. Fithian and Elith
[25], as well as Mékinen and colleagues [24], show that
combining different data types can improve results com-
pared to relying on a single source, as integrated models
better account for heterogeneous sampling and improve
predictions across the full species range.

It is also important to stress that reducing bias is not
only a statistical problem, but also a monitoring design
problem [12], [19], [22]. Bias can be partially reduced
by directing observers toward poorly covered areas,
collecting more information on their preferences and
recording patterns, providing additional training, and
strengthening validation procedures [18]-[19], [22]. Ac-
cordingly, information on observer behaviour and dif-
ferences between observers is not merely an addition to
the data, but an important component of the analytical
framework [19], [22]. This approach links data collec-
tion with data analysis and creates better conditions for
methodologically sound bias reduction [12], [19], [22].

Opverall, reducing bias in biodiversity data requires
a combination of approaches rather than reliance on a
1]-[12], [16], [18]-
[25]. The goal is not to produce a “perfect” dataset, but

single method or data type [4], [1

to make the limitations of existing data more visible, in-
terpretable, and more methodologically controlled. This
is a key condition for their more reliable use in ecology
and nature conservation.
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7. CONCLUSION

Open biodiversity data are an important resource for
modern ecology and nature conservation because they
provide broader spatial and temporal coverage than can
often be achieved through classical monitoring alone.
Their value, however, depends not only on data volume
and accessibility, but also on how well these data repre-
sent ecological reality.

This paper demonstrates that spatial, taxonomic,
temporal, and observer-related bias can significantly
influence species distribution estimates, trend analyses,
distribution models, and the identification of conser-
vation priorities. For that reason, bias should not be
treated solely as a technical issue of data quality, but as
a methodological issue affecting the entire chain from
data collection to interpretation and decision-making.

The reviewed literature further shows that biases
cannot be fully removed, but can be recognized, as-
sessed, and mitigated through a combination of im-
proved metadata, preprocessing, observation-process
modelling, and enhanced monitoring design. The key
implication is that open biodiversity data should not be
treated as inherently neutral evidence. Their analytical
and practical value depends on whether their limitations
are explicitly identified and methodologically addressed
prior to their use in conservation planning.

Taken together, more reliable biodiversity decisions
require both continued data collection and a deeper un-
derstanding of how existing data are produced, filtered,
modelled, and interpreted.
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