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Abstract

Species occurrence data is the fundamental unit of any species distribution analysis,
biodiversity patterns, species extinction vulnerability, and temporal trends. This data is also a
critical component of monitoring progress towards global biodiversigets, such as those
included in the Kunmingvontreal Global Biodiversity Framework (GBF) of the Convention
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on Biological Diversity (CBD). Recent years have seen massive growth and digitisation of
global species occurrence datasets, yet the headline tindicas o f t he GBFOs
framework relies on the IJUCN RedList index as the species conservation indicator. This paper
explores the largest global species distribution databases, and outlines some of the remaining
challenges to bringing these data tbgetfor enhanced decision making. Countries such as
Japan and South Korea have seen dramatic expansions of data coverage, whilst North Africa,
Central Asia, and the High Seas have not witnessed comparable growth. In the oceans,
expanding geographic covermgartially comes from tracking data from a small number of
species. In terms of environmental space, other types of sampling effort are disproportionately
concentrated on the temperate continental shelf and slope areas of the north Atlantic. Most of
the world's most biodiverse areas, especially in the Tropics, both on land and in the ocean still
lack data, and concerted efforts will be needed to improve the coverage of these regions.
Furthermore, few longerm monitoring programs exist, and accuratelyrnifig change from

small numbers of unstandardised collecting events resulting in a large quantity of uncurated
data is challenging. Among other measures, journals should request standardised data be added
to the key repositories to address biodiversita dmtps and barriers to usability. Governments
should also support the sharing of species occurrence data through standardised data
infrastructure, such as GBIF and OBIS, and also ensure support for data curation and quality
control to minimize impacts opgcies misidentification records.

Introduction

We are currently experiencing a global biodiversity crisis, marked by many species declines
across habitats and realms (IPBES, 2019). Understanding and attempting to mitigate declines
relies heavily on our lowledge of when and where species exist. Species occurrence records
represent an essential source of data on species distributions, and may in some cases help
establish relative abundances and trends. Such information can be used to guide planning and
decsionrmaking across ecological and seeiconomic domains, including conservation and
sustainable resource management in sectors such as forestry, agriculture, and fisheries.
However, the ability to discover, use anduse datasets is severely compromisgthe variety

of platforms used to deposit them, a lack of clarity on how data in one system relates to that in
another, and the lack of standardisation of data across these platforms (Bayraktarov et al., 2019;
Cornford et al., 2022; Marques et al., 202Many data sources also fail to define clearly what

data are freely and openly available and accessible; the origins of the data, and the length of
any time series available, can also be complicated to find on some data platforms (Stephenson
& Stengel, 2@0). However, dedicated platforms have developed standards to maximise their
usability, vastly enhancing the capacity to use and analyse such data, which may not be applied
to data stored on more general platforms (Guralnick et al., 2018; Ingenloff 202%).
Furthermore, comparable standards for other kinds of biodiversity data are either weakly
developed, or absent (see Gonzalez et al., 2025).

Trying to understand the availability of primary biodiversity data (occurrence records and
species populatia) entails two broad approaches. Firstly it requires analysis of the content of
dedicated platforms such as the Global Biodiversity Information Facility (GBIF) and Ocean
Biodiversity Information System (OBIS), which themselves aggregate species occdatnce



hosted and shared by a wide variety of institutions, projects and networks. Also, although
mainly known for its expesinformed distribution ranges and associated data on threat status
and extinction risk, the IUCN Red List database also containsIpoality data which is used

for some assessments. Secondly, dedicated research efforts that collate studies and programs
that analyse biodiversity change over time or space, such as BioTIME, PREDICTS, and the
Living Planet Database (LPI) (Dornelas et, @025, Hudson et al., 2017; WWF 2024).
Understanding the strengths, and current gaps and challenges in using this data may enable the
refinement of data and metrics to enhance our ability to monitor diversity at all scales.

Thus, understanding how representative these species occurrence datasets are, identifying their
various gaps, and the limitations of their sensible use is critical, not only to inform current
analysis, but to prioritise and focus efforts to mobilise ndarefo generate data on taxa,
regions and ecosystems which are currently least represented. This is especially important
when these datasets form the foundation for many species range analyses or modelling outputs,
which are used in vast numbers of safenpapers, and also in national to global conservation
planning, national to global policy, and work with the business and finance sectors.

Recent years has seen an exponential growth of data, but if this growth overcomes previous
biases and gaps (i.e.ughes et al., 2021; Troudet et al., 2017), and how current data may
contribute towards tracking progress to global biodiversity targets remains a question. As data
availability has increased exponentially in recent years, understanding where this growth is
taking place provides insights on those regions and taxa that are currenthraprdsented

and those that might be expected to sufficiently improve in their data representation and
availability based on their present trajectory. This enables two tHirgjlk/ the identification

of areas where successful growth of data may have transferable lessons for other regions, and
secondly the identification of areas, and environmental space, where further efforts are clearly
needed to mobilise data, which igtical to provide the basis for proactive conservation
planning (i.e see Merow et al., 2025; Feng et al., 2022; Meyer et al., 2015). Furthermore, the
representativeness of new data is also a key factor, as single species programs (such as tracking)
may fill spatial data gaps, without providing representative data for monitoring.

Here we explore four species occurrence datasets (GBIF, OBIS, BIEN, IUCN), and also
include a supplemental analysis of five population or community datasets, and assess how
represetative they are across space and taxa, and how well they track changes in biodiversity
over time. We do not include datasets that include modelling or transformation of the data,
species range / polygon data (GARD; Roll et al., 2017, AntMaps; Janickj 2046) as the
accuracy of such data is defined by the existence and representativeness of primary species
distribution datasets.

We identify some gaps within each dataset, and where those gaps are closing. Furthermore, we
assess the relationship betwdba largest of these databases (GBIF) with basic metrics of
intactness and accessibility following the example of Hughes et al. (2021) to assess how
representative data is on a gradient of disturbance, highlighting the preponderance of data in
highly accesible and more disturbed areas. Finally, we provide recommendations for an
improvement of how data is collated to improve the availability of adequate data to track global
biodiversity targets.



Methods

We present the major global species occurrence daaba the world, and summarise
coverage of data, and how coverage has changed over the last decade (largely based on GBIF
data). In addition, we explore how changing the resolution of analysis impacts the perceived
regional coverage based on OBIS dataaly, we conducted additional analysis on spatial
biases in GBIF in relation to distance to infrastructure and environmental intactness (based on
the human modification index) (Supplementary Methods 1), and taxonomic and spatial
representativeness and eo&ge of other monitoring datasets (PREDICTS, Living Planet Index
(LPI), BioTIME and others) (Supplementary Methods 2). All spatial analysis was conducted
using an Equal Areas Projection.

Primary distribution datasets
1. GBIF

GBIF-mediated data came directtyom the GBIF Secretariat, including a table with the
number of occurrence records and species available in a snapshot em@&dtted content

for each year (between 2008 and 2025), for each country, and for selected taxa (full list of
At axao, tglhssdavel aré provided in supplements). Global GeoTIFFS of point
density for 2015 and 2025 at a 5km resolution were also provided (GBIF 2025).

Based on the table, summaries of points per year for each group were aggregated for various
groupings includig by intersecting realms and UN regions (to add refinement to large and
heterogeneous regions, such as AAsiao and b
regions). The areas are also comparable to IPBES subregions, though sesgonsghave

been merged (South and Central Americatin America; East Africa, Central, Southern

Africa, West Africa SubSaharan Africa; North, NortRast and Central Asi&CentratNorth

Asia; IPBES 2021).

For mammals, birds, reptiles and amphibians, we also lagdduthe number of species

recorded by IUCN for each of these taxa at a national level, to compare to the number in GBIF,

to gain some understanding of Apotenti al cCo
recorded in GBIF and the number of speceeorded for each country by IUCN (downloaded

from the Red List website, selecting the appropriate taxa and downloading the shapefiles,
similar to the approach applied by Oliver et al., 2021). Richness from IUCN was calculated
using the @ coalnytgoonvoe rtl caplpd onxg ipn Ar c Map. Tax
explored using both the table, and directly via the GBIF portal to provide insights when a single

year saw a large increase in records in certain regions, and to explore the contribution of citizen
science vs traditional forms of data collection.

For areas covered, we used the 5 km resolution GeoTIFFS to assess the percentages of various
Azoneso with at | east one record per 5 km gr
of records per celllQ, 25, 50, 100 etc) to gauge the level of coverage for these designations.
Designations included countries, biogeographic realms and ecoregions for terrestrial areas, and



for oceans was combined with OBIS data to calculate the percentage of ExclusieentEcon
Zones (EEZs these were defined by MRGID designations, as well as ABNJ) and Longhurst
regions (Longhurst, 1998) that had data. These designations were selected to provide a useful
means to reflect coverage based on both biotic elements (ecoregins/réonghurst
regions) and geopolitical entities for management.

Assessments were made based on an equal area projection, the percentage of each designation
for 2015 and 2025 which had data (based on the dimensions above) was calculated, and the
changebetween the two mapped. All calculations were conducted in ArcMap 10.8 (ESRI).
Ecoregions, realms and biomes were downl oade
et al., 2017), EEZs were from Flanders Marine Institute (2024), Longhurst regionsamere
MarineRegions (2025), all spatial data used is listed in Table S1.

2. OBIS

The methods applied to GBIF data were repeated for OBIS data, based on data provided by
OBIS in GeoTIFF form. This data was analysed in two ways, firstly it was aggregatedto a 5k
resolution and combined with GBIF to provide a binary map (data or no data) for the oceans.

In addition, analysis was conducted at approximately 1 km, 2 km, 5 km, and 11 km to calculate
how the percentage of each ftzooepeiotpevgrithlas dat a
cell size increased.

Designations (EEZs plus ABNJ, Longhurst regions) were used to assess the percent of each
region covered with data (at least one point per cell). In addition, the coverage atedsal

with data based on higlesolution data (0.0 was assessed by downloading coeaf data

from UNERWCMC (2022), and assessing the coverage of points within reefs (only the highest
resolution of data was used for this due to the size and dimensions of reefs). All assessments
were made in ArcMap 10.8, based on an equal areas projection. In each case, data was classified
to binary (data or no data) and the Atabul at
each designated zone (EEZs, Longhurst regions etc). In agdh®distributional patterns of
various representative taxa (sharks and rays, tunicates, sea cucumbers) were mapped to
compare to assumed patterns of diversity based on IUCN Red List of Threatened Species
assessments) for those groups. For the compangerdownloaded shapefiles from each taxa,

then used the count overlapping polygon tool in ArcMap 10.8) to map presumed richness vs
sampling intensity.

3. BIEN

BIEN focuses solely on plant data and has 269,434,901 samples after cleaning and
standardisation, which has been used to map ranges of 289,743 species (though 112,953 are in
the Americas) of 350,000 extant plant species. Whilst BIEN does draw on GBl{acfatag

other sources) it applies its own taxonomic backbone, and does not share data with GBIF (Feng
et al., 2022Enquist et al., in review; Maitner et al., 2018; Feng et al., 2022). The Botanical
Information and Ecology Network (BIEN) database integraie= 284 million records for

land plants from herbarium specimens, ecological plots, citizen science, and trait databases into



a centralized integrated geospatial database, enabling-sieatge biodiversity research. The
BIEN workflow has used the primadistribution data to map the distributions of ~290,000
plant species (out of approximately 350,368 species known globally; Antonelli et al., 2023).
The core BIEN tools for data cleaning include the Taxonomic Name Resolution Service
(TNRS) to standardizeynonyms and correct spellings (Boyle et al., 2013); Geographic Name
Resolution Service (GNRS) to standardize political names and check whether coordinates fall
within the finest political unit specified; Geocoordinate Validation Service (GVS) for regnovin
erroneous coordinates including political centroids and herbaria locations (Boyle et al., 2022);
and Native Species Resolver (NSR) to filter records out associated with introduced species,
typically based on regional checklists or floras (Boyle e@R4). Taken together, this suite

of corrections and filters leaves 56% of the entire databasEy3189,390 unique species
occurrence records, available for downstream analyses (Enquist et al., in revision).

4. World Checklist of Vascular Plants

Checklistbased distribution datasets, compiled from floras and national/regional checkilists,
determine speciesd geographic presence at C
source of information to point locality databases for plants. Among tthesé/orld Checklist

of Vascular Plants (WCVPYovaerts et al 203 1curated by the Royal Botanic Gardens, Kew,
records accepted taxonomy and distribution a
Geographical Scheme for Recording Plant DistrimgiQ/V/GSRPD) Brummitt 200). The

resource is disseminated via the Plants of the World Online (POWO) portal
(https://powo.science.kew.ojgand as versioned GBIF checklist snapsh@sv@erts et al.

2025. The latest versions available on GBIF indicate ~98 % taxonomic

alignment between the GBIF and WCVP backbones, suggesting good

prospects for reconciling GBIF records with WGSRPD - based ranges.

Additional global resources with country/region - level coverage

include the Global Inventory of Floras and Traits (Gl FT) database (5)
XEdYbeOzZwaUwr62j 6] =j3wctjj ZERYyiiZcUgatt) WYZEL
can provide less spatially biased regional species lists than GBIF

(Weigelt et al. 202D, and the Botanic Gardens Conser
GlobalTreeSearch thbase Ittps://tools.bgci.org/global tree searchipX Ee i Yi i i = ©c U

species with country distributions). Together these sources provide
complementary, curated range information where WCVP/WGSRPD
might be too coarse or point data are absent.

We have used the point data from BIEN in conjunction with the WCVP botanical country
checklists to evaluate the sampling completeness of BIEN occurrence data by assessing the
degree to which it aligns with the floristic diversity expected from WCVP, arlp guide
collection and digitisation priorities to fill in gaps in plant diversity knowledge. We have not
undertaken a comparable analysis between IUCN red list, BIEN and WCVP databases.



We compared species occurrence records compiled and curd@@éeNbyvith species richness
estimates derived from the WCVP database. BIEN occurrence records described previously
were consolidated into parquetfile containing species identity (binomial), latitude, and
longitude coordinates. To enable spatial aggregative employed the World Geographic
Scheme for Recording Plant Distributions (WGSRPD, level 3, hereafter referred to as
Abotani cal count r i eWGPR pagkage (Browneetlal. 0R23).dlegeh t h «
geographic distribution units were rasterizéd aesolution of approximately one kilometre at

the equator to facilitate spatial overlay with occurrence records.

All BIEN records were then spatially assigned to botanical countries by intersecting geographic
coordinates with the rasterized WGSRPD lagéibotanical countries. For each botanical
country, we calculated the number of occurrence records and the number of unique species
represented in BIEN.

To derive reference estimates of species richness, we used WCVP data as implemented in
rwWCVPand its ompanion packagaNCVPdata Species names were filtered to retain only
accepted taxa at the species rank, and distributions were extracted while excluding extinct or
doubtful records. Botanical countries were assigned both total species richness and native
species richness valugbgereby providing reference baselines against which BIEN data could

be evaluated.

Comparisons between BIEN and WCVP were conducted at the botanical country level.

Differences in richness were quantified both as absolute discrepancies in species counts
(expected species richness from WCVP minus species richness obtained from BIEN

occurrence records) and as relative deviations from WCVP counts, with relative change

expressed as the proportion of BIEN species counts relative to WCVP estimates as follows for
botanical country i:
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5. IUCN red list of threatened species

The IUCN Red List assessment process requires a map of species distribution as part of the
species extinction vulmability assessment, but data sources used may vary. To analyse this,
we downloaded the IUCN Red List data from the online data pdd&N 2025. We then
assessed the sources of data used to map species ranges, focusing on the availability of point
locdity data (see Hughes et al., 2024). Summaries were made for each major kingdom where
IUCN Red List assessments have been made, in addition to a further analysis of the phylum
Chordata given their extensive coverage within the Red List.

Results



In this paoer, we focus our analysis on species occurrence and species diversity and population
trends in databases. Additional descriptions of taxonomic biases in GBIF data are provided in
Supplementary results S1, spatial biases in Supplementary results S2aded descriptions

of other monitoring datasets in Supplementary results S3.

Species occurrence data
GBIF and OBIS

GBIF is the largest global repository of species occurrence data, with 3,133,420,793 records as
of July 2025. Of these, 2,013,645,678 are birds (64.3% of all records, due largely to the
contribution to GBIF from eBird, which makes up 48.3% of all recaaidd, 75% of all bird
records). In terms of coverage, the global spatial coverage has increased dramatically in recent
years going from 6.19% of the planet covered in 2015 to 15.52% in 2025 at a 5km resolution
(Figure 1, Figure S1/). Overall, 78 countriebiave under 50% of their area represented
according to GBIF, and 34 of these have under 25% covered, with only one of these showing
a substantial increase (>20% growth) between 2015 and 2025. However, unsurprisingly
terrestrial areas were better covered§4% to 25.28%) than marine (3.42% to 10.72%) based

on GBIF data, though it should be noted that at higher resolutions percentage coverage will
decrease (Hughes et al., 2021).
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Figure 1. A. GBIF data density based on data available in 2025, for each year see FigwB. B1A
Growth of data over a decade in GBIF, Turquoise shows data from 2015, blue shows the additional data
growth within GBIF between 2018025. For growth of data over time diifferent regions see Figure

S2.C. Density of OBIS data at 0.1 degree.




In terms of the national land area covered within GBIF, 62 countries/administrative areas have
areas of under one degree (111°kthus assessing the coverage as a percentage mig not
indicative. Some parts of Europe and other higfome regions (for example, Scandinavian
countries and the UK) had very good coverage (Figure 31 @ith many reaching 100% by

2025. In addition to looking at absolute coverage, understanding whesasasrin coverage

have occurred in recent years, especially for areas with low coverage, provides an indication
of where we may expect to see improvements in the coming years. Someiogines
countries saw dramatic improvement in coverage over the eleftacexample, New Zealand
increased from 60 to 99%, Japan increased from 44% to 95% coverage, and South Korea
increased from only 26% to almost 100% coverage. Conversely, Antarctica has the lowest
coverage on the land at 0.11% in 2015, and only expataw@d28% by 2025; likewise,
Greenland and Libya also have under 5% of their area covered in 2025, with a further eight
countries (all in Africa and Central Asia) currently having below 10% covered. It is also
important to note that even though the peraggntaf the area covered for many countries is
increasing, 28% of all cells with data (at a 5 km resolution) have only one point, 51% of cells
with data have five or fewer points, and 75% have fewer than 50 points per 5 km cell. At a
regional level higkincome regions such as North America and Europe (in the Neatrtic,
Palaeartic regions) have shown exponential increases in the data included in recent years
(Figure S2, Figure SXE). The Nearctic has slightly more points overall (but this is primarily
driven bybirds having the most records), but the Palaearctic has more data for many other taxa.

At the ecoregion level (Figure S1), North America and S&abt Australia had the best
coverage, followed by European ecoregions (Nearctic-88%, Oceania #96%, Augralasia
53-65%). Conversely, dry and arid ecoregions in North Africa and Central Asia abhduoée
ecoregions had the lowest, followed by semd and then tropical ecosystems (temperate
systems were the best covered; Figure S3). However, changes enag®vare very
dynamic,e.g. the Indomalayan region had the second lowest coverage in 2015 (13%) but this
had increased to 47% by 2025 (i mproving 1its
regions). In contrast, the Afrotropical region was the fouinst covered in 2015 (19%), but

has become the second worst covered in 2025 (37%), whilst Antarctica remained least covered.
For biomes, overall tundra regions had the some of the lowest coveragb¥@ofollowed

by boreal (8%21%), then desert and xer(19-35%) and tropical grasslands (18%%),

whereas Mediterranean forests had 84% covered by 2025. More broadly, assessment of biomes
by region data shows considerable differences in coverage even within a single biome (Figure
S3).

Taxonomic coverage

Across taxa, there have been marked increases both in species recorded and in total
occurrences. For most regions, the last decade has seen an exponential growth in records across
taxa. Yet both the highest total numbers and greatest increases have hegrirnoome
economies; for example, the United States has 26% of all records for reptiles whilst hosting
under 5% of described species. Assessing inventory completeness at a national level for
different taxa without first filtering point localities to rerenonrnative species is challenging

(due to alien species, captive species, incorrect georeferencing), despite this the taxonomic
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completeness of GBIF data varies by country and taxa. However, at least 43 countries have at
least 25% of amphibian speciest mepresented by point data (based on comparing counts of
species within GBIF with native species recorded according to the IUCN), as well as 34
countries with at least 25% of mammals unrepresented, 17 with reptilesrapceEsented, but

only 5 with birds under represented. In addition, major gaps exist for terrestrial mammals in
Asia (at least 55.6% of countries lack records for 25% of species), in Oceania 86% of countries
lack records for at least 25% of amphibian species (see Supplementary resasdéspr
further details, Data S1). In marine taxa, hotspots for sampling in most groups were also
inconsistent with hotspots for species richness (Data S2).

In marine systems, using the AquaMaps 2.0 framework (Reygondeau etraliew) and

World Register of Marine Species (WoRMS) taxonomy, a total of 205,627 marine species were
identified along with compiled occurrence data from OBIS, GBIF, and internal AQuaMaps
sources. Approximately 53% of these species have less than 5 aceureeords. Data gaps

are particularly pronounced in groups (in this case phyla) such as Nemertea, Platyhelminthes,
and Ctenophora, where about half of the species had no recorded occurrences. In contrast,
coverage is much stronger for marine reptileshds, and Porifera, with fewer than 5% of
species missing records, and for marine mammals, where all species are represented by at least
one occurrence. For marine species with occurrence data, AquaMaps 2.0 pipeline (Reygondeau
et al., in prep) also proves quality flags that indicate whether an occurrence point is within
the speciesd range or erroneous. The proport
(86%), reptiles (69%), and fishes (62%), moderate in many invertebrate groups (about 25
45%),and very low in nematodes (20%) and platyhelminths (3%).

Marine data patterns

To assess the coverage of marine systems GBIF and OBIS data were combined and coverage
calculated overall, for EEZs and Longhurst regions (Figure 2, Figure S4). Whilst the data
largely overlaps (the overall objective of GBOBIS collaboration is for marine data to be
published simultaneously into both networks), differences can arise for a variety of reasons,
based on varying workflows and practices among contributing datésipets. Combining

OBIS and GBIF data at a 5km resolution covers 19% of the world's surface and 13% of the
world's ocean with at least one species occurrence record (Figure 1C). However, the marine
component of this data is collected predominantly arousnddahsts, especially around Europe,
North America, and some parts of Australia and New Zealand. Around the European coastline,
the Longhurst regions have a coverage of occurrence records up to 87% at a 5km resolution,
whilst high-sea regions only have awarage of 24% (for different parts of the higbea).
Hotspots of data density fall within the same regions (Europe, coastal US and Australia),
especially to the North of Europe. EEZs have an even higher percentage coverage around
certain coasts (especialhiround Europe), up to 100% in some regions (Figure 2, Figure S4).
Conversely, many small island developing states have very little data. For some of the most
diverse marine biomes (coral reefs) only 11% of the area had data. In addition, hotspots for
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sanpling for most groups examined did not correspond to hotspots for species richness (see
Data S2).

The proportion of each fAzoned with data var]
resolution, only 1% of the marine areas have data within OBISiAdrsases to 3% at a 2 km
resolution, 9% at a 5km resolution and 25% a
(especially around Small Island Developing States (SIDS), in tropical regions and the High
Seas), have very little data, and EEZs ardbodtheast Asia had under 1% of data coverage at

higher resolutions. Densities of data also matter, and even at 11km around 81% of cells have

no data, whilst 6% of cells have only one record (30% of all cells with data), 11% of cells have

1-5 records (60%facells with data), and 16% havebD points (86% of cells with data, whilst

14% have more). At a higher resolution (1km, which is typically used for distribution
modelling), these patterns become more extreme as not only do 99% of cells have no
occurrenceecords, but 51% of cells with data only have one point, and 93% of cells with data

have 50 or fewer points. When considering the data needs for single species, this lack of data
presents a major challenge to accurate modelling. In the Southern Ocdahaxelais appear

to have high coverage, much of this is tracking data of small numbers of species (mainly
Southern elephant seals through Scientific Committee on Antarctic Research, as well as some
data on King penguins). Understanding the gaps and repa&seness of this data is crucially

important for monitoring, especially in the light of the entry into force of the UN Agreement

on Marine Biological Diversity of Areas beyond National Jurisdiction (the BBNJ Agreement).
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Figure 2. Percent covage of OBIS point data in the ocean for EEZ (With at least one point
per cell), all scales go to 100%. Gray areas have under 1% data coverage. Resolutions A
0.01° B- 0.0, C-0.04%, D - 0.1°. E. Mean percentage cover per ecotype at each of the
four resolutions. See Figure S4 for the equivalent analysis for Longhurst regions, and Figure
S1 for terrestrial regions, whilst Figure S3 shows coverage of terrestrial biomes in GBIF.

BIEN (Botanical Information and Ecology Network)

Before a standardised taxonomic backbone was applied, BIEN compiled 1,323,320 unique
Land Plant names from 284 million botanical observation records (Figure 3). However, 65
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73% of names have issues requiring correction or cleaning, and the final cleinetudes
159,189,390 (55.96%) passed all accuracy checks. This includes 323,304,043
Angiosperms, but far smaller numbers of other plant groups (i.e. 12,100,921
polypodiophytes [Ferns], 26,8081,556 bryophytes). Furthermore, of plants ineldidonly
36% are assumed native, and at least 26% are introduced.

In terms of spatial representation, similar gaps exist in other data sources, and whilst some
diversity hotspots are clear in the Amazon, little data is available from Tropical Southi@ast As

and almost none from Central Asia or North Africa. Interestingly, Angiosperm data and
Bryophytes come principally from South America, whereas Fern data has a greater input from
China, though largely from Soutbastern regionsOverlays of BIEN and Kewlants data

provides some clues on where the greatest spatial disagreements between these data systems
are located on land, at the scale of countries (Figure 3). Bias can go in two directions, with
apparent underrecording of species by the Kew databaseseral parts of North America,

some South American countries, and in Spain, Australia, and New Zealand. Conversely, the
Kew data seems to show underrecording by the BIEN database in many parts of Africa, Central
Europe and the Middle East, and across&aA%he analysis did not reconcile taxonomies
between BIEN and WCVP beforehand, which may account for some of the differences
observed in species counts across regions. However, the analysis should still effectively reflect
broaderscale discrepancies beten the two databases. Additionally, our understanding is that

BI EN6s taxonomic backbone incorporates WCVP.
and likely keep them below the 100 species buffer.

.~ sampling gap
(WCVP minus
BIEN)

- > 500 species than expected

[
[1 +100 species difference

]

I:] >+2500 species not sampled

- > +5000 species not sampled
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%Devi:ation from
WCVP

- < - 70% (much lower than expected)

==

[T] <-35% (lower than expected)
(=

[] +20% (as expected)
1

[T77] 2 +40% (higher than expected)
1
1

Figure 3:Top: Absolute species count difference leetwwv WCVP and BIEN by botanical

country. Bottom: Relative species count difference between WCVP and BIEN by botanical
country. Red color gradient indicates region
species than expected according to WCVP. G®#ar gradient indicates regions where

BI EN6s occurrence data contains more species

IUCN Red List

The IUCN Red List has been analysed at the taxonomic level of Kingdoms, illustrating the use
of point locality data. Accaling to the 2024 version of the database, 144,239 species contain
some form of map (point/polygon), and 28,713 contain no geographic assessment (Figure 4).
Overall, 47,179 species in the Red List consist of point records only, and a further 6,966 species
contain point data as well as polygons, whereas 90,094 species only have polygon data (where
expert knowledge, and possibly checklists are the main source of information used for range
mapping). The source of the point locality data is not always cleanaay assessments are
based on expert knowledge and any original data used may not be explicitty made clear
(Hughes et al., 2024).
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Figure 4. Numbers of specsewithin the IUCN Red List assessment process that use point
locality data only, polygon data only, points and polygons data together, or have no maps
associated with their record .

Sources of data used within the IUCN red list changed between the fagddims (Figure 4).

For plants 59% of the species assessed had some form of point data, whereas 14% were only
polygons and 27% had no maps. This was reversed for animals (which includes Chordata),
where 83% of species only had only polygon maps, whereaha8%ome form of point data

(95% and 4% respectively for the phylum Chordata). Thus point maps were largely for non
chordate animals. Fungi and Chromista had too few species assessed to provide further insights.

Discussion

Whilst there has been an exponential growth of data collected and made available over the last
decade, this has been accompanied by a fragmentation of data across databases with different
schema, making assembling all knowledge of species distributioas,fer small regions,
potentially challenging (for review see Kemp et al., in press). Understanding trajectories of
data growth as well as where persistent gaps remain can help identify areas where extra effort
may be needed. Various attempts have beerernwadxplore growth and skew of biodiversity
representation in open access databases, typically investigating taxonomic, temporal and
geographic bias (see e.g. Petersen et al., 2021). Data may be distributed across multiple
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international and national datepositories with varying levels of accessibility and findability
(from governmental databases which may not have public access, specialist databases which
may be challenging to find and have different data standards, individual project datasets on
platforms like Zenodo, to fully open and standardised data on GBIF and OBIS). Whilst new
tools are being developed to help aggregate fragmented data from multiple repositories (i.e.
Owens et al., 2021), this highlights the expertise needed to even understasid afSfiae
adequacy of data for any given region, before even considering the standardisation and cleaning
typically needed for use (i.e. Orr et al., 2021). This poses several key questions which must be
answered to move forwards effectively. Firstly, wehéand what taxa) do we have data for?
Secondly, how do these data compare to expected diversity patterns within these groups?
Further, which locations and taxa show data growth, and for which can we close these gaps?

Assessing patterns of data collectiand consistent gaps

Many countries still have low data coverage, for example, 78 countries have under 50% of their
area represented in global biodiversity datasets according to GBIF (at a 5km resolution), and
34 of these have under 25% covered, with amlg of these showing a substantial increase
(>20% growth) between 2015 and 2025. Tropical regions, whilst diverse, are generally
undersampled, with the majority of data originating from often higimme, temperate
regions. These biases persist acrdbslatabases (Supplementary Results S3). However,
despite low sampling, areas such as Brazil and Indonesia still had the highest number of species
observed for various taxa (especially when using datasets such as BioTIME; Supplementary
results S3A). In m@ne environments, the Higbeas have major datagaps, with much data
pertaining to tracking of small numbers of species and individuals, with most data originating
from temperate and subpolar coastal regions. Further analysis of these regions would require
further data for basic diversity statistics, or more sophisticated approaches (such as modelling).

Conversely, data gaps are so large for some regions as to preclude any form of more advanced
analysis of species distributions or population trajectoRes.example, based on GBIF data,

North Africa and parts of the Middle East (i.e. Libya and Afghanistan, Turkmenistan) show
both low coverage and some of the lowest growth at under 4% (Figure S1). Yet the situation
for these countries may actually be evesrse, for example, much of Afghanistan's data is a
nongeoreferenced bacteria and fungal assessment from January 2018 with 169,604 samples of
bacteria, fungi, archaea etc), meaning virtually no data would be usable for monitoring or
modelling. Political ad linguistic barriers present a challenge to data growth within these
regions, and targeted efforts and partnerships are likely needed to overcome them (see, e.g.,
Stephenson et al., 2017). Furthermore, within some regions, such as various countriea in Afr
and Asia, government and ministerial biodiversity data repositories and individual research
data may be less likely to be publicly shared, precluding visible data growth despite increasing
survey efforts. This all highlights the need for further warkath enhance the findability and
access to existing data, in addition to targeting persistent survey gaps.

In addition to geospatial biases in country representation of data, taxonomic coverage is
uneven. OBIS and GBIF are built from various databasBsdeiNaturalist), researchers,
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museum collections and other repositories (i.e. Vertnet), and thus reflect global biases in data
collection. Thus, whilst the continuous plankton recorder in the ocean will overcome many of
the taxonomic biases presentemrestrial regions for the ocean, these issues persist in terrestrial
systems. For example, most insect data in GBIF comes from longstanding invertebrate
monitoring programs in Europe such as the Swedish Malaise trap program. Similarly, 26% of
all insect éta in GBIF is from the United Kingdom, and of this 72% comes from three
specialised programs on UK moths and butterflies. This shows how effective National Scale
efforts can be at mobilising tremendous volumes of data, but few such efforts exist ial tropic
regions, and even when national monitoring does occur, this data is rarely stored in publicly
available repositories (e.g., MyBIS for Malaysia, or Thailand's DNP database). Similarly,
based on the BIEN data major gaps exist across Asia and Africaaymibken reconciled by
targeted sampling efforts across parts of the Americas.

Whilst most tropical regions globally have seen datawth this is strongest for birds. For

other taxa, the growth of data has been far more variable; Pacific islands andfrAficta

have seen little change in the number of species represented in most clades, but the Neotropics
and Southeast Asia have seen increases in some groups (such as reptiles, and to a degree
amphibians), though rarely for invertebrates. In terms oérdity hotspots experiencing a

growth in biodiversity data coverage, the Neotropics is performing well relative to other
regions, with some Southeast Asian Nations following this, whilst more arid regions continue

to lag. That said, some regions have seansformation of their data coverage over the 2015

2025 period. In some cases, such as the case of South Korea, this is in part due to the work of
agencies such as the National Institutes for Ecology to digitise collected data in both South
Korea and Jaan. Furthermore, across s8hharan Africa, the Pacific, Caribbean and Asia, the
Biodiversity Information for Development (BID), funded by the European Union, and
Biodiversity I nformation Fund for Asia (Bl F#
both initiatives of GBIF, have helped mobilise data. Continued funding will be needed to
sustain and expand such efforts into the future, and will likely need to be complemented by
national funding to increase inclusion of datasets across global regions.

In addition to geospatial biases in the ecosystems and regions covered, the majority of
terrestrial data comes from regions adjacent to roads (over 90% within 2 km; Hughes et al.,
2021) and most marine data comes from coastal areas, with all regionstématida showing

this pattern (Supplementary results S2). Across all taxa, proximity to a major road is a
significant predictor of sampling intensity, with many regions also showing a positive
relationship between the degree of human modification (basatieohuman modification
index) and the sampling intensity (Supplementary results S2). Furthermore, most marine data
comes from shallovgeas, with little data from 50610,000m, and virtually none at greater
depths (Bridges & Howell, 2025). Spatial repras¢ion of Benthic and Pelagic environments

is largely focused around Europe, the West coast of the US and New Zealand, with little data
available for other parts of the ocean (Bridges & Howell, 2025). Data showed strong biases
towards coastal areas neavdloped countries, regions with intensive fishing activity, and
species of small body size occupying shallow habitats and of commercial or cultural value
(Pizarro et al., 2024). However, the coast is very poorly represented around most of the Arctic
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(notbl'y i n Canada, Greenland, and Russia). 1In
yet key habitats are missed, such as unique and globally threatened habitats, under ice shelves,
where >70 species may occur in < (Barnes et al., 2021), thouglotably it is the only area

where most data is not immediately adjacent to the coastline. Overall, whilst marine
biodiversity data availability has increased exponentially, particularly in the Southern Ocean,
Japan and South Korea, clear gaps remain @najumost of the higiseas and deep ocean
(Figure 1, Figure S1)) (Bridges & Howell, 2025). Compounding these gaps and biases, a global
analysis of over four decades of occurrence data found that only 1.14% of available records
were suitable for detailed alyses (Pizarro et al., 2024). Notably, these gaps are amplified
when higher resolutions of data are assessed, or when data density is considered, highlighting
that good data coverage still only occurs for a small part of the world, and whilst data eoverag
has increased, many gaps still persist. Importantly, perceived increases in data coverage in
some ocean regions (such as the Southern Ocean) are in part driven by GPS tracking of
Southern Elephant seals (i.e. see Rodriguez et al., 2017), whilst ddastarw of data are

still primarily centred around Europe. In most regions, it should also be noted that much of the
new data is bird data through citizen science initiatives. Whilst such data is invaluable for
tracking migration and phenology, it rarglyovides data for other taxa, and thus this growth

of bird data may not have been mirrored in other taxa. An exception to this is for countries like
the UK where multiple National programs have provided a suite of-dughty data for
monitoring across &, and may have lessons which could be replicated elsewhere.

Taxonomic representation also varies across databases (Supplementary results S3). For
example, PREDICTS has a better taxonomic representation than many aggregated datasets, but
data is only avitable for a subset of regions and ecosystems (Supplementary results S3d). The
Living Planet database holds considerable data and has been used widely to derive different
indicators to be used as policy tools, but there remain areas for improvementirfgr fil
geographic and taxonomic data gaps, using it for national monitoring, and developing
modelling approaches that better capture uncertainty (McRe et al., 2025). Other areas to
address include increasing the use of data that has been standardizegliogseffort before

being used to infer population trajectories (Supplementary results S3c). Improving quality by
reducing the number of populations through better standardisation may enhance the reliability
of assessments (Feng et al., 2022). Monitormog@ams also show major regional differences,
highlighting both regional differences in focal taxa, and that only a subset of data enters public
facing databases (Moussy et al., 2022; Supplemental Results S6). Freshwater systems in
particular are some ofi¢ most challenging to monitor across scales, as they are not reflected

in BioTIME, and RivFishtime shows major geographic biases (Supplementary resulis S3a
Despite their weaknesses, these datasets underpin our understanding of global diversity
patterrs. Furthermore, the physical dimensions of freshwater systems means that analysis using
GBIF data may be challenging, as assessing sample completeness will be difficult at scale, and
coordinate imprecision may hinder targeted management or assessmairisigdd stretches

of waterways. Whilst these datasets are critical, their biases frequently mirror those of broader
biodiversity databases, and the lack of standardised reporting standards can hinder accurate
interpretation of the data.
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Assessing and atfessing sampling representativeness and biases

Understanding the relationship between hotspots ofadkaction and hotspots of diversity is
critical to ensure that we have adequate sampling in diverse regions. Yet almost all instances
of known biodiersity hotspots (based on overlapping species maps from the IUCN) do not
coincide with areas of peak data collection in either marine or terrestrial areas. For example,
marine data collection intensity does not align with mapped diversity for those &eal (b

species assessments Data S2), especially in theMathyan region, and high diversity
systems such as coral reefs only have species data covering around 11% of their area. For
example for marine mammals and marine reptiles, comparisons of owminecords with

IUCN expert range maps reveal substantial coverage gaps (Data S2), with many species having
few or no georeferenced records in global repositories, underscoring persistent data
mobilisation and accessibility challenges even for stltlied taxa (Moudry and Devillers,

2020).

Addressingthese gaps requires systematic integration of fishdependent and fisheries
independent datasets into global repositories such as GBIF and OBIS. These repositories
provide the backbone of marine biodiversity information, but they are still domingted b
research surveys and opportunistic observations, which leaves major gaps for exploited taxa
and in regions where fisheries provide the most consistent biological records. Linking catch
statistics, observer programs, trawl survey data, and acousticialetesith the taxonomic
backbones and spatial frameworks of GBIF and OBIS would considerably expand coverage of
marine taxa, especially in tropical and subtropical EEZs where biodiversity and fishing
pressures coincide. This approach would also reducécdtiph between parallel monitoring
streams and establish a comprehensive baseline from which cumulative impacts of
exploitation, environmental change and conservation interventions could be assessed. Beyond
filling gaps, embedding fisheries datasets itk@ese repositories would also promote
interoperability across sectors, enabling biodiversity monitoring, conservation planning and
fisheries management to draw from a single, coherent evidence base. In doing so, marine
biodiversity assessments could reflelth commercially important and ndéarget taxa,
improve comparability across regions, and provide more robust information to suppert long
term monitoring and reporting under the GBF. This is no small challenge as sharing fisheries
data depends on buildj partnerships, consensus, and capacity across fragmented scientific
communities (Maureaud et al., 2025).

Enhancing data usability

In addition to spatial and taxonomic biases and gaps in global datasets, the usability of data is
also determined by the aaracy of the records. How many of the records present in a database
are robust, that is (to the latest knowledge) truly represent the correct species? While data
curation is a key focus for some platforms, which means that uploads are paired with
approprate metadata and species nomenclature is checked as valid and any identification
verified by an appropriate taxonomist expert, there are no quality control standards for species
records adopted by all platforms. This issue has two steps, one of whioh salved through
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crossreferencing with standardised taxonomic backbones (for marine: ITIS, WoRMS],
GBIF/Catalogue of Life; for terrestrial plants: World Checklist of Vascular Plants). The other
step requires inspecting either the actual specimen orageinfFrom cleaning based on these
taxonomic backbones, large numbers of records are incorrectly listed in databases before
cleaning across taxa (i.e. 73% had some i ssu
to cleaning in BIEN), with multiple apipations requiring such treatment (i.e. wildlife trade

data (Marshall et al., 2025)) and pipelines developed for various taxa (i.e. bees Dorey et al.,
2023) . This is very important, as for most
data. Alhough any given species name attributed to a record can be checked, it is difficult to
ascertain whether the record was correctly identified as this species. Curated datasets such as
WOoRMS or BOLD can solve this problem but may contain very few recordaube of this
requirement and cost, and initiatives tend to be taxonomic and regional (i.e. African bats;
Monadjem et al., 2024), meaning that the accuracy of most data remains variable, and
challenging to quantify. This problem, although rarely quantifiegignificant, so much so

that often some of the most common and abundant species in a given region (represented in
open access databases) are incorrectly identified and do not even occur there (e.g. see Sands et
al., 2025). A key unanswered questionthsis what proportion of species records data is
incorrect and how does this change with taxonomic identity, region and time? Despite such
accuracy and other, databasing problems it remains crucial to maximise the potential of what
can be gleaned at the ment from existing data to assess the status and change of what we
know of global species distributions, especially for rare, endemic, or cryptic species.

Given that global assessment requires standardised and interoperable data from across taxa,
sustaired efforts are needed to mobilise data which has been collected into a form where it can
be accessed, and used to monitor trends in diversity. Notably, IUCN Red List assessments,
which often feed into higher reporting, rarely use point data for animakespadereas this is
general practice for plants. Improving spatial data collection and analysis could be a critical
component of National Biodiversity Strategic Action plans, as if data is collated and made
available based on agreed standards, tools eapplied to the data to facilitate the reporting
needed to meet mandated reporting requirements (reducing the effort needed to meet
requirements). This requires both political will and sustained funding for monitoring. This
would include through agencissch as the GEF (particularly as capacity for monitoring, and
systems for data deposit are developed) and at a national level to develtgrhomgonitoring
initiatives, such as those present for insects in the United Kingdom based on the GBIF data).

Moving forwards

The last decade has seen a considerable transformation of biodiversity knowledge accessible
via databases for many parts of the world. Yet gaps remain, with Central Asia and Northern
Africa on land, and the higbeas, Arctic, and coastlines anal the tropics showing little data
growth in global databases. Initiatives like BID and BIFA from GBIF have driven
improvements in some regions (sBhharan Africa, the Pacific, Caribbean and Asia), butthere
continues to be an urgent need for more ciépaailding for biodiversity monitoring in low

income highbiodiversity countries (e.g. Schmeller et al., 2017; Stephenon et al., 2017).
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Overcoming these challenges will require not only funds, but engagement, especially in areas
where data exists but &ther increasingly fragmented (e.g. polar regions) or not publicly
accessible (e.g. China, Southeast Asia) and areas which may lack capacity or resources.
Likewise, intact ecosystems are poorly represented, likely due to the data for these systems
comingfrom Scientists (rather than members of the public) who may be less likely to share
data, or tend to publish it within databases which are not connected to, or interoperable with,
larger global databases. At present funding from GEF (the Global EnviroRamlitty) cannot

be used for monitoring, yet countries cannot plan to manage their biodiversity without either a
baseline or a mechanism for standardised monitoring. Thus, dedicated support is clearly
needed. Such efforts could be paired with reportingndates and mechanisms, and by
standardising data collection, could also be analysed by standardised tools to reduce reporting
burdens and standardise reporting.

There has even been considerable growth of data in some remote regions, such as both Arctic
andAntarctic seas, but this is not evident in OBIS or GBIF because much new data is being
uploaded to an increasing diversity of specialist and national databases, many of which have
little connectivity with global repositories. The proliferation of openeascdatabases for
biodiversity records (mainly speci=vel) keeps increasing, resulting in inevitable problems

of data curation, accuracy and fragmentation. Thus although data coming into main repositories
such as GBIF and OBIS is increasing, it is gdessible for this to be a decreasing proportion

of new data. This can be true even if many such new regional or institute databases cascade
data to GBIF and OBIS, because of the lag time taken to do this. In the Arctic for example
much new data goes to MARINN/MAREANO (Institute of Marine Research Norway).

ICES (International Council for the Exploration of the Seas), PANGAEA (and other German
databases within this e.g. https://critterbase.awi.de/), NOAA and molecular databases
(GENBANK, BOLD etc). One of tb many problems this generates for biodiversity and
conservation evaluation of where species occur, is that key analyses have a reticence to use
nonspecific databases (GBIF and OBIS) or bypass these completely (e.g. in connectivity
studies, Vaughanetal. 2011, ObHara et al ., 2025) . Thus
rectify such curation, accuracy and fragmentation problems to avoid these issues continuing to
grow. This likely requires further work to build partnerships (Maureaud et al., 2028)ugad

trust with communities currently reluctant to share data through central data portals.

In ocean regions, major gaps of easily accessible data in single portals remain, especially in
poorly monitored regions such as the high seas, deep ocean, Arctic (but see Greenland data in
Zwerschke et al 2025), and many tropical coastlines. The lack ablelspecietevel
occurrence data makes it difficult to map distributions accurately and to connect biodiversity
information with fisheries records, leaving management decisions on uncertain ground. Once
fisheriesdependent and independent datasets abeeéded within GBIF and OBIS, they can
provide the baselines needed for decisapport tools (e.g., MARXAN and Zonation) to
inform the design of ecologically representative MPAs, guide spatial fisheries closures, and
assess the performance of existingssomation networks. Also, Abased image and acoustic
tools in fisheries along with fishersdéd expe
enhancing biodiversity surveillance more broadly (Ahlquist et al., 2025; Kelly et al., 2022;
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Kuhn et al., 202)4 Even in dataich fisheries (e.g., in Norway or parts of the United States),
discrepancies can remain between species distribution information derived from fisheries
statistics and scientific surveys and the actual distribution of exploited stocksetkdr2023;

Seljestad et al., 2024). This underscores concerns about the adequacy and representativeness
even of available data, even though data on fish stocks and their distribution is becoming
increasingly accurate (Sharma et al., 2025).

For offshoe and deegsea regions, integration with information on Vulnerable Marine
Ecosystem (VME) indicator taxa and hab#aitability models can further ensure that
conservation priorities capture fragile benthic habitats and associated uncertainty (Burgos et
a., 2020). Simultaneously, the development of biodiversity indicators that combine
standardised survey observations with aggregated occurrence data allows consistent, policy
relevant measures of ecological condition, making it possible to evaluate pm@dtomes

across regions (Edgar et al., 2016). Global syntheses show that MPA effectiveness depends not
only on coverage but on features such atake status, enforcement, connectivity and others,
collectively enhancing biodiversity (Edgar et al., 201dclusion of indicator frameworks can
further strengthen commitments, for exampl e
VME and fisheries records to planning models, could help translate observations into spatial
management actions to balancedersity protection with sustainable use. When data are
standardised and connected to global infrastructures, e.g. in harmonisedtpattbsurveys

(e.g., FISHGLOB in Europe; Maureaud et al., 2021), such approaches become feasible.
Extending such approbes to (lower latitude) biodiversitych but datgpoor EEZs could
increase the efficacy of marine biodiversity data contributions to conservation planning and
policy, as terrestrial data is already doing.

However, in addition to basic distribution datang-term monitoring is also needed, and
without government investment and support, many datasets will remain small scale, and short
term For example, lonterm monitoring of marine biodiversity settlement and recruitment at

an Antarctic coastal using ditial substrata has revealed declines in assemiddagérichness
through increasing rarity of many rare species, none of which might be evident through the
lens of presencabsence distribution data (Barnes et al., 2025). Such data also reveal
O6backdboluevel s of cyclicity at various spati
when trying to interpret potential declines and their drivers. Without repeated monitoring, it is
very difficult to disentangle responses of assemblages and speclegdts t(signal) from
normal variability and cyclicity in patterns (noise), and thus for example to assess whether and
how implemented protection is effective. These types of stochasticity, in addition to seasonal
change further hinders the reliability cditdbases such as the LPI where 20% of populations
only have two sampling events, which without careful standardisation of survey effort
precludes reliable inference of population trends (supplementary results S3c). In the absence
of the standardized, undgng data and the heterogeneity in sampling approaches, hinders the
accurate interpretation of indices like these which maximise data intake, possibly at the expense
of data quality. National support, and shared common standards would enable moreseffectiv
monitoring across regions. Emerging technologies like Al and machine learning may offer
potential to expand marine monitoring by automating species recognition, catch reporting, and
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electronic monitoring, improving both cestfectiveness and spatiotermpb coverage.
Automatic catch registration systems and electronic logbooks are increasingly being trialled in
fisheries. With advances in Al, the use of camera traps and acoustic recording devices provides
an opportunity to monitor activity and diversity almost real time of more easily detectable
organisms, and such efforts are already implemented in regions such as China based on
bioacoustics. These new tools provide a means of scaling up monitoring efforts, and when
paired with other methods (e.g. sandised surveys) could greatly enhance our ability to
monitor and, therefore, manage biodiversity.

Thus, whilst some of the challenge is scientific (especially around the developing and use of
standards, confirming of species level identities, and thénghaf data in some regions), much

of the challenge stems from either a lack of government support or a lack of resources.
Elements of this are not trivial, confirming robust species identity can often require
considerable molecular and miemorphologich expert effort (e.g. see Sands et al., 2025).
With various organisations in place to support monitoring efforts, streamlining these activities
to make better use of existing data, and to better target data gaps could vastly improve our
understanding movmforwards.

However, the use of data from these systems can be challenging, as growing datasets are
demanding to download, clean appropriately for the application, and analyse. Thus, the
development of GUIs to facilitate these key processes withoutebld for programming
expertise are likely needed both to maximise the impact of this data and their ability to inform
monitoring and management, and to incentivise data sharing, by making such tools convenient
and accessible. Additionally, given that mariytteese databases come from distinct research
teams (particularly BioTIME and LPI), they are not readily interoperable with other databases.
Furthermore, academic journals should not only mandate the public sharing of data (when non
sensitive) for reproduigility, but must specify the repository (such as GBIF or OBIS) to
prevent further fragmentation of data. This is in contrast to the situation with genetic sequence
data, for which it is standard practice for journals to mandate deposition in one of the
repositories within the International Nucleotide Sequence Database Collaboration (INSDC),
ensuring that they meet the requirements of the FAIR (findable, accessible, interoperable,
reusable) principles. Many ecological journals and molecular communitiesamaady done

this, and thus supporting journals to transition would enable the better use (and cleaning) of
data that has already been collected. Providing standards feuplasal and enabling upload

of data into GBIF and OBIS (as is already often dhge for figshare and Zenodo from some
journals) would help ensure data remains findable, usable, and interoperable.

Over the last decade, parts of the world that previously had no data have transformed, and we
are hopeful that with continued growth thetadgaps will continue to narrow. Whilst data
growth over the last decade has helped us to understand what we need to study, the insights
into trends outside of the small minority of very wslimpled species are more limited. High
resolution data is crudidor effective planning, and thus a key element of metrics for
frameworks such as the Kunmiwpntreal Global Biodiversity framework. However, at
present datgaps and biases limit the ability to map species in many regions (e.g., central South
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Atlantic, central Pacific Ocean and other offshore dsea@ regions in the ocean, and central
Asia and North Africa on | and; Webb et al .,
substitute, and potentially neglecting little known taxa and regions. Lodkingard,
consolidating existing data before the 2030 CBD and the discussion of future targets would
widen the scope for indicator selection, and enhance our ability to detect trends, and adequately
conserve wildlife and the habitats it depends on.
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Figure S1. GBIF data coverage. Maps on the left (A, C, E) show data for 2015, and maps on the right (B, D, F) pl
for 2025. The spatial scales are TopBAdata plotted at a 5 km resolution, middledata at national coverage (with
least 1point per 5km cell) and bottom {E) data at ecoregion scale.
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Figure S2. Records in GBIF over time for different geographic regions.
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Figure S3. Mean coverage of each biome within each realm based on ecoregional units.
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Figure S4Percent coverage of OBIS point data in the ocean (With at least one point per cell)
for Longhurst Zones. Gray areas have under 1% data coverage. Longhurst regions.
Resolutions A0.01°, B- 0.0, C-0.04%, D - 0.1°. See Figure 2 for the equivalent aysib

for EEZs, and Figure S1 for terrestrial regions.
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