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Abstract

Data deficiency is a substantial challenge for extinction risk assessments because incom-
plete data means we cannot accurately identify priority protected areas for conservation.
Here, we use the International Union for Conservation of Nature (IUCN) distributions of
amphibians, sharks and rays, fish, mammals, birds, and reptiles to identify hotspots of data
deficient species. We found that areas with high numbers of data deficient species were
not randomly distributed and did not necessarily overlap with hotspots of biodiversity,
particularly in the Amazon and West Africa. Data deficiency hotspots were concentrated
around tropical South America, Aftica, and Southeast Asia; however, this distribution vat-
ied between taxa. Hotspots of data deficient amphibians were concentrated around the
tropical Andean forests of Colombia, Peru, and Ecuador; throughout Brazil; and in the
New Guinea Highlands. The tropical forests of the Congo River basin, Papua New Guinea,
and the Philippines were hotspots for avian data deficiency. Data deficient chondrichthyans
wete concentrated in the tropical seas, particulatly around the western coast of Africa, East
Asia, and the tropical Americas. Indochina was identified as the primary hotspot for data
deficient freshwater fish, wheteas the Indo-Pacific was the primary hotspot for data defi-
cient marine fish. Data deficient marine mammals were broadly distributed around the
southern oceans, South America, Southeast Asia, and Northwest Africa. Data deficient
herpetofauna were concentrated around tropical Asia, whereas tropical South America,
Indonesia, and central Africa were the hotspots for data deficient terrestrial mammals.
Although data deficiency reflected drivers of biodiversity more broadly (e.g;, latitude), other
factors were also influential, including the amount of conservation funding invested by a
country and population density. Increasing evidence suggests that data deficient species are
disproportionately likely to be threatened with extinction. Scientists urgently need to focus
their research efforts on these data deficiency hotspots and ensure protected area networks
are suitably representative and include data deficient species. Furthermore, the accuracy of
status assessments needs to be ascertained, and data deficient species need to be prioritized
for study to ensure they are not lost before they are identified.
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INTRODUCTION

A lack of species occurrence data poses a significant chal-
lenge to assessing extinction risk. When crucial information
regarding a species’ abundance, distribution, or population
trends is unavailable, conservation assessors cannot easily assign
a threat status category on platforms such as the Interna-
tional Union for Conservation of Nature (IUCN) Red List
(Mace & Lande, 1991) or national lists of endangered species.
Consequently, conservation managers cannot confidently and
accurately determine whether management interventions ate
needed or what management would be most effective. Con-
cerningly, 15% (16,355) of the 112,432 TUCN-assessed species
are listed as data deficient on the JTUCN Red List (IUCN,
2018); however, only 8% of the world’s described species have
had their status assessed (https://www.iucnredlist.org/about/
barometer-of-life). Hence, there is a large degree of uncertainty
over the level and location of data deficient species, which “may
be well studied, and [their] biology well-known, but appropriate
data on abundance or distribution are lacking” (IUCN, 2012).
Information on distribution and abundance is fundamental to
extinction risk assessments as well, as four of the five criteria
used to assess the status of species involve these two factors
(IUCN, 2012).

There are likely many more data deficient species than have
been identified, and therefore, there are likely many more threat-
ened species. It has been suggested that data deficient reptiles
will be threatened in a similar proportion to better known rep-
tiles (Bland & Bohm, 2016); however, there are likely to be
vastly more data deficient terrestrial mammals that are ultimately
assessed as threatened (Bland et al., 2015). More concerningly,
machine learning—derived status assessments for 7699 data defi-
cient species suggest they may be much more threatened than
data sufficient taxa, with 88% of data deficient amphibians
and more than half of data deficient mammals and reptiles
likely to be threatened (Borgelt et al., 2022). Furthermore, more
than half of all data deficient amphibians have less than 1% of
their estimated distribution within protected areas, whereas 58%
of their distributions overlap with human-modified landscapes
(Norti & Loyola, 2015), reflecting the substantial threats these
species are likely to face.

One method that conservationists have used to identify
important locations for establishing protected areas and imple-
menting other conservation actions is to identify biodiversity
hotspots (Hanson et al., 2020; Jenkins et al., 2013; Tilker et al.,
2020). Hotspots are areas featuring exceptional biodiversity,
endemic species concentrations, or habitat loss (Ginsberg, 1999;
Myers, 1988) or are biodiversity niches (Hanson et al., 2020).
Analyses of hotspots have revealed that 35% of vertebrates and
44% of vascular plants are confined to one of 25 hotspots that
cover only 1.4% of the Earth’s land surface (Myers et al., 2000).
Hotspots have also been used to identify priority areas for the
conservation of threatened species (Mittermeier et al., 1998;
Prendergast et al., 1993; Pressey et al., 1993; Williams et al.,
1996). There is broad consensus that focusing conservation
efforts on biodiversity hotspots would greatly assist in stemming
the mass extinctions of the Anthropocene (Dinerstein et al,,

2019; Myers et al., 2000). However, given that 15% of species
on the IUCN Red List are classified as data deficient (IUCN,
2018), the validity of using hotspots as focal areas for conserv-
ing threatened species may be flawed. Clarifying the actual status
of these data deficient species is urgent because hotspots are
being rapidly eroded (de Lima et al., 2020), and if hotspots of
data deficient species are not consistent with those of species
richness, endemism, or threatened species, then our current
understanding of hotspots will be likely biased and unrepre-
sentative. This scenario may lead to inaccurate and inefficient
prioritization of protected areas and conservation actions.

If data deficient species are distributed in a manner simi-
lar to that of better-studied species and face similar levels of
endemism and threats, then hotspots of data deficient species
would coincide with hotspots of biodiversity more broadly. This
assumption stems from our hypothesis that areas rich in biodi-
versity, with high concentrations of endemic species and facing
significant threats, would also exhibit higher levels of data defi-
ciency across species. Therefore, regions identified as hotspots
for biodiversity conservation would likely overlap with regions
characterized by a higher prevalence of data deficient species.

Here, we aimed to test whether data deficient species exhibit
similar hotspot patterns as biodiversity hotspots (in terms of
both common and threatened species) more generally. We used
a multitaxon, global analysis rather than a single-taxon, region-
ally focused analysis to provide a reproducible screening tool
to support global survey prioritization and protected area gap
analyses focused on data deficiency hotspots. We also assessed
whether data deficient species richness reflects overall species
richness, as we predicted similar biogeographic patterns for
non-data deficient species and data deficient species richness
(i.e., productivity-driven patterns of higher species richness
closer to the equator than the poles, and evidence of eleva-
tional gradients with higher species richness at lower altitudes
than at higher altitudes) (Gaston, 2000; Hawkins & Felizola
Diniz-Filho, 2004). Alternatively, socioeconomic factors affect
research effort globally and might drive the distribution of data
deficient species. Understanding data deficient species distri-
butions is fundamental to prioritizing protected atea creation,
research, and management because it is likely data deficient
species face substantial threats (Borgelt et al., 2022); addition-
ally, there are challenges to implementing conservation actions
or research when focal areas for data deficient species are pootly
understood. These results can help ensure that the implemen-
tation of the 2030 Kunming—Montreal targets, which aim to
protect 30% of the world’s terrestrial area and 30% of the
wortld’s coastal and marine area, accounts for data deficient
species.

DATA AND METHODS
Geoprocessing of species data
We used ArcGIS Pro 2020 (Esti, 2020) to determine the spa-

tial distribution of species listed as data deficient on the [TUCN
Red List and to calculate the total number of data deficient and
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threatened species by country. We acknowledge that assigning a
species to an JTUCN Red List category is a simplistic approach
as the list is infrequently updated (the goal is to reevaluate every
species’ extinction risk at least every 10 years) and varies by
assessors and regions, particularly in terms of when a species
is categorized as data deficient; thus, the Red List is susceptible
to errors and biases.

Spatial distribution data as vector polygons for all data
deficient species across the world were obtained from the
TUCN  (https://www.iucnredlist.org/resources/spatial-data-
download). At the time of access (30/7/2021), polygon
(region) data were available for amphibians, chondrichthyans
(sharks and rays), freshwater fish, marine fish, marine
mammals, reptiles, and terrestrial mammals. Avian spa-
tial distributions were obtained from Birdlife International
(http://datazone.birdlife.org/species /requestdis) and joined
to the Red List data using ArcGIS Pro. Although the spatial
distribution of data deficient species may exhibit high degrees
of uncertainty due to the lack of knowledge on them, we believe
that areas where data deficient species are known to occur
are most likely to be a starting place for investigations into
these species. Furthermore, this uncertainty is likely to have
limited impact on studies at a global scale such as this one. All
spatial data were reprojected into the Equal Earth coordinate
system (50 km? resolution; Behrman, WKID: 54017) to ensure
consistency. Hotspots were identified based on the spatial area
of overlap among species distribution polygons obtained from
the IUCN Red List. We used ArcGIS Pro’s count overlap-
ping polygons tool to delineate regions with a high density
of overlapping polygons as hotspots. This tool allowed us to
preserve the distinct ranges of individual taxa while quantifying
the degree of overlap among species ranges at specific loca-
tions. The analysis was conducted for each taxonomic group,
including amphibians, birds, mammals, reptiles, and fish, to
highlight differences in spatial patterns of data deficiency across
taxa. No specific threshold was used to define a hotspot due
to each taxa having very different counts; rather, a visual inter-
pretation of density patterns was employed to identify regions
of interest. This approach ensured flexibility and allowed for
the identification of biologically meaningful clusters with-
out imposing arbitrary cutoffs that might obscure important
trends.

To evaluate our project hypothesis, we ovetlaid the hotspots
of data deficient species with hotspots of total species
richness and threatened species for a combination of terres-
trial species (amphibians, birds, reptiles, and land mammals).
Raster data on total species richness and threatened species
for amphibians, birds, mammals, and treptiles wete accessed
from the IUCN Red List spatial database at 10 km res-
olution (https://www.iucnredlist.org/resources/other-spatial-
downloads#SR_2023). We converted the vector data of data
deficient species (amphibians, birds, reptiles, and land mam-
mals) to the raster format within Arc GIS Pro to conduct spatial
ovetlays and statistical compatisons. Prior to analysis, datasets
were resampled to 25 km resolution to ensure consistency in
spatial analysis and assess the degree of overlap and correlation
between these hotspot types.

To further analyze the spatial patterns of data deficiency, we
calculated the ratios of data deficient species to both threatened
species and total species richness by calculating the relative pro-
portion of data deficient species in each region. This analysis
highlighted areas where data deficiencies may be dispropot-
tionately affecting our understanding of threatened species
distributions or species richness. These ratios were visualized
using ArcGIS Pro to directly compare data deficiency across
regions with varying biodiversity levels.

Finally, data deficient species hotspot maps were com-
pared with independent datasets on the biodiversity hotspots
originally defined by Myers et al. (2000). This compatison
aimed to assess whether regions identified as data deficiency
hotspots aligned with globally recognized biodiversity hotspots.
The updated Myers et al. (2000) hotspots shapefile was
downloaded from https://zenodo.org/records /3261807#.X8_
iaNhKg2y (Hoffman et al., 2016).

To assess the potential drivers of data deficiency, we cal-
culated the spatial distribution of species within each country
boundary from the count polygon dataset. To calculate these
values, we built and ran a workflow for each taxonomic group
using ModelBuilder in AtrcGIS Pro. The final global dataset
containing all data deficient species was collated in R (R Core
Development Team, 2008). The ArcGIS Pro geoprocessing
tool dissolve was used to create multipart features to account
for the fact that some species’ spatial distributions consisted of
multiple polygons. World country boundaries were downloaded
from  https://www.igismap.com/download-world-shapefile-
free-country-borders-continents/. For the species distribution
data, the world boundary layer was reprojected into the Equal
Earth coordinate system (Behrman, WKID: 54017).

To determine the spatial distribution of species within each
country’s boundary, the ArcGIS Pro geoprocessing tool ovetlay
was used to map the intersection between each species polygon
and each country’s boundaries. The ArcGIS Pro tool summarize
within was then used to calculate the total number of species
within the borders of each country. A field titled taxonomic
group (e.g., amphibian) was then added before merging the
layers for all taxonomic groups into one file.

Sociodemographic and geographic predictors of
data deficiency

The financial contributions of countries through funding for
domestic and international conservation efforts were assessed
using data from Waldron et al. (2013), which includes both
domestic (within-country) spending and donations contributed
from other countties, and these contributions were summed
at the country level for the purpose of the present study. We
expected such funding to have a significant bearing on the
knowledge about a species’ status in a country. We hypoth-
esized that more money spent on conservation was likely to
flow to poorly known or data deficient species than to well-
known species (but see Garnett et al., 2003), and wealthier
countries were more likely to have money available to invest in
these species. Another factor affecting a country’s ability to fund
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conservation is political will (Jones et al., 2025). For example,
land clearing through agriculture is a major threat to biodiver-
sity, and we hypothesized that countries with agriculture-based
economies were likely to have less political will and thus money
available to invest in researching data deficient species.

In contrast, we also hypothesized that longer periods of com-
pulsory education would likely result in a more educated society
with more public interest and political pressure to study data
deficient species. We assumed that larger countries in similar
parts of the world would have greater species richness and
therefore more data deficient species if the distribution of the
two is related. Furthermore, human population density and
the rate of population growth would likely affect the number
of data deficient species in a country because more people
are available to detect a species. We included continent as a
variable on the assumption that some continents may have a
higher proportion of data deficient species than other conti-
nents based on the heterogeneity in species richness, endemism,
population density, and wealth among them. Data for the
year 2020 were obtained from the World Bank Wortld Devel-
opment Indicators (https://databank.worldbank.org/source/
wortld-development-indicators#, accessed 05/12/2022). The
mean elevation of each country (CIA, 2024) and the latitude
centroid of the center of the country were used to test whether
similar environmental productivity factors that affect species
richness (Gaston, 2000; Hawkins & Felizola Diniz-Filho, 2004)
also affect data deficient species. Countries for which data were
incomplete were excluded from the analysis; however, for 11
countries, only years of compulsory education were missing, so
these missing values were sourced by searching for this infor-
mation on the Internet. The final dataset included a total of 161
countries.

Data analysis

The total number of data deficient species was modeled using a
generalized linear mixed model (GLMM) with a Poisson error
distribution and log link function using the R package spaMM
version 4.4.0 (Rousset, 2023). The model included a spatial term
with a Matern correlation structure to account for spatial auto-
correlation between locations with model comparisons using
marginal Akaike Information Criteria (mAICs) and variographic
analysis. Distances between country centroids were measured
in great circle (orthodromic) values. There was an extensive
model development process focused on identifying the nature
of relationships, ranking the size of all potential effects, and
determining their statistical significance. The process is not
described here, but the details and associated explanatory notes
are available via the R code files available in the repository
noted below. The model included the following predictor vari-
ables, some of which were log;-transformed to correct for right
skew or large orders of magnitude: mean elevation (CIA, 2024),
mean latitude of the centroid of each country’s largest land-
mass (i.e., excluding small outlying areas/islands), total amount
of funding allocated to conservation (log;,-transformed after
adding 1), gross domestic product (GDP) (log;-transformed),

percentage of a country covered by agriculture, number of
years of compulsory education, national land area in square
kilometers (logj(-transformed), population density of a coun-
try (logyo-transformed), annual population growth rate, each
country’s continents, and species richness. Collineatrity among
the predictor variables was assessed and considered unlikely
to impact the significance of model effects. The final model
included all potential explanatory variables with quadratic terms
to account for nonlinear relationships for land area, latitude,
and species richness. To identify significant predictors of total
counts, the full model was compared to models with single-
term deletions using likelihood ratio tests implemented via the
drop1 function from the R package stats, version 4.3.1 (R Core
Team, 2008). Effects for statistically significant factors were pre-
sented graphically as predictor effects plots to provide a way
to evaluate the relative size of effects (Fox & Weisberg, 2018).
Model assumptions were examined using a residual-predicted
value plot and histograms, and normal quantile plots were used
for the distribution of the random effects and residuals. All
11 variables in the model were used to calculate the expected
number of data deficient species for each country (termed the
fixed-effect prediction). The fixed-effect term that was used
to quantify the amount of explainable variation due to known
variables used all the explanatory variables irrespective of their
statistical significance. The remaining unexplained variation was
partitioned into two components: a random effect, based on
the spatial associations between countries, and a residual. The
fixed effect, random effect, and residual values summed to the
observed number of data deficient species in each country (see
Appendix S1). To identify significant predictors, the full model
was compared with single term deletion models using likelihood
ratio tests. Model statistics for the Matern random effects term
are the following: nu (¥) = 0.371; tho (o) > 0.001; and vari-
ance = 0.112. Statistical significance was set at the 0.05 level.
The data and details on all analyses are available via the R code
as well as commentary in the analysis output (html) file available
in the repository (https://doi.org/10.71862/7mx5-ep906).

RESULTS

Hotspots of data deficient amphibians were concentrated
around the tropical Andean forests of Colombia, Peru, and
Ecuador; throughout Brazil (excluding large parts of the
Cerrado and Caatinga); and in the New Guinea Highlands
(Figure 1a). The tropical forests of the Congo River basin, Papua
New Guinea, China’s Xinjiang province, and the Philippines
were hotspots for avian data deficiency (Figure 1b). Data defi-
cient chondrichthyans were concentrated in the tropical seas,
particularly along the western coast of Aftrica, East Asia (Philip-
pines, Japan, and China), and the tropical Americas, as well as
around New Zealand (Figure 1c). Indochina and the Congo
River in Africa were the primary hotspots for data deficient
freshwater fish (Figure 1d), whereas the Indo-Pacific was the
primary hotspot for data deficient marine fish (Figure 1¢). Data
deficient marine mammals were more widespread and occurred
in a band around the temperate southern oceans, South Amer-
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ica, Southeast Asia, and Northwest Africa (Figure 1f). Data
deficient herpetofauna were concentrated around tropical Asia
(Figure 1g), whereas tropical South America, Indonesia (partic-
ularly Kalimantan and Sulawesi), and Central Africa were the
hotspots for data deficient terrestrial mammals (Figure 1h).
Visual observations of hotspots of data deficiency illustrated
they these areas did not simply reflect areas where threat-
ened species occurred or where species richness was highest
(Figure 2). Data deficient species were concentrated around
tropical South America, Africa, and Southeast Asia (Figure 2a).

This broad pattern remained when all species were combined;
however, there were more data deficient species in relation to
the total number of threatened species in South America, cen-
tral Australia, the Congo Basin of Africa, the New Guinea
Highlands, the Horn of Africa, the Balkans, and the Philip-
pines (Figure 2b). Conversely, East Africa, eastern Australia,
South and Southeast Asia, and Central America had relatively
fewer data deficient species than threatened species (Figure 2b).
There was a greater proportion of data deficient species in rela-
tion to total species richness in South America north of 30°S,
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the northern and eastern Mediterranean and the Baltic Seas, (Figure 2c¢). Indonesia had the most data deficient species, fol-

parts of the Arabian Peninsula, Indonesia, and western China lowed by several other countries in Asia (China, Vietnam, and
(Figure 2c). There were fewer data deficient species in rela- Malaysia) and Brazil in South America.
tion to species richness in North America, Eurasia north of In addition to the visual hotspot assessment, a model-based

45°N, southern and Saharan Africa, New Zealand, and Australia assessment was conducted where an adjustment was first car-
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Outputs from a general linear mixed model examining the socioeconomic and demographic predictors of data deficient species based on all taxa

TABLE 1
assessed in the International Union for Conservation of Nature Red List using country-level total counts.

Model term Estimate Conditional SE X df p value
Intercept 1.588 0.483
log; o (population density—people/km?) 0.276 0.097 7.89 1 0.005
Population growth (x10%) 0.84 378 0.00 1 1.00
log;o(GDP $,/107) —0.0947 0.076 1.52 1 0.22
Agricultural land (%) —0.00251 0.0014 3.19 1 0.07
Education (years) —0.0180 0.010 3.20 1 0.07
logy(land area—km?) 0.379 0.162 20.72 2 <0.001
logyo(land area—km?)? —0.00101 0.018
Latitude (x10%) 20.7 325 14.29 2 0.001
Latitude? (x10% -3.51 0.92
logy( (elevation) 0.110 0.053 4.22 1 0.04
logy (total conservation funds [$] + 1)* 0.112 0.045 6.09 1 0.01
Continent” 111 4 0.89

Oceania —0.144 0.220

Americas —0.0619 0.190

Asia 0.0573 0.173

Europe 0.133 0.213
Species richness (x10%) 5.09 0.543 93.347 2 <0.001
Species richness? (x10%) —2.73 0.470

*Total conservation funds are the sum of domestic and aid funding in Waldron et al. (2013).

>The reference group for Continent is Africa.

ried out using factors that were possibly associated with data
deficient species. Of the 11 factors examined, six achieved sta-
tistical significance (Table 1; Figure 3). Species richness was the
strongest positive predictor of data deficient species, predicting
the largest range of 40-410 data deficient species (Figure 3a),
while land area was the next strongest predictor, projecting
30—240 data deficient species (Figure 3b). The curved rela-
tionship for latitude peaked at the equator, with expected
numbers of data deficient species being lower closer to the poles
(Figure 3c). The remaining three variables—population density,
conservation funds, and elevation—had weaker relationships
(Figure 3d—f). There were no associations between data defi-
cient species and continents, percentage of agricultural land,
years of education, population growth, or GDP.

The model-based random effect term provided an alterna-
tive approach to hotspot assessment. The differences between
the estimates of observed and fixed effects for data deficient
species were dominated by the random effect term, as the resid-
uals were small; thus, most of the unexplained variation was
captutred by the random effect estimates with a distribution cen-
tered on zero but with several outlying observations evident on
both sides of the distribution (Figure 4a). The relationship of the
random effects suggested that as species richness increased, the
random effects tended to increase as well (Figure 4b). Finally,
a normal quantile plot with two vertical dotted lines was used
to divide the distribution into two sections (Figure 4c). First,
the inner portion with the smaller random effect estimates,

between the x-axis quantiles —2.1 and +1.12, had an approx-
imately normal distribution. Random effects beyond the two
vertical reference lines diverged much more from the normal
distribution and could be considered outliers relative to the
central section. In the central portion, the random effect val-
ues ranged from —75 to + 60; however, outside this range,
much larger values were evident (—100 to —150 on the negative
side and up to 470 on the positive side). An equivalent ver-
sion of these plots showed that the distribution of the data was
largely unaffected by nonconstant variance, and the data were
likely to be more normally distributed than their distribution
on the response scale (https://doi.org/10.71862/7mx5-ep90).
The deviations in the outlying countries were similar, although
not appearing as extreme as those in the plot.

Countries with positive outlying random effect estimates
were proposed as model-derived data deficient hotspots
(Appendix S2). There were 24 outlier countries, and 21 of
these countries had higher than expected numbers of data defi-
cient species (Table 2). First, Indonesia had a high species
richness (10,747), and the model-detived number of data defi-
cient species (based on the fixed effect) was 745. The random
effect estimate for Indonesia was 465, indicating that it has
465 more species than could be explained by all the variables
used in the model. This large random effect value clearly indi-
cated a number of data deficient species beyond what would
be expected. The very small residual variability (2) illustrated it
had no impact on this interpretation. Thailand also had more
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Distribution of random effects from the spatial component of the generalized linear mixed model on the response scale, that is, as numbers of data

deficient species: (a) histogram; (b) random effects against species richness; and (c) a normal quantile plot.

data deficient species than expected, albeit with much lower
species richness (2582) such that the fixed effect estimate (for
which species richness is a major component) was much lower
at 181. Although there were fewer data deficient species in Thai-
land than in Indonesia, the random effect was still high at 414:
observed 607(ﬁxed effect) — 181(random effect) — 12(residual)' Fiﬂauy,
India was one of the three countties that exhibited fewer than
expected data deficient species (Table 2). Although India had
high species richness (7263), the fixed effect estimate (736) was
larger than the number of deficient data species, so the ran-
dom effect was negative (—101), indicating that India has more
knowledge about its species than almost all other countries.

DISCUSSION

This study shows that data deficient species are not distributed
evenly across the world, and although the number of data defi-
cient species follows global patterns in species richness (Gaston,
2000; Gillman et al., 2015), there are hotspots of data deficiency
that do not coincide with hotspots of biodiversity or threat-
ened species (Figure 1; Hoffman et al., 2016; Myers et al., 2000).
Because of this scenario, our current understanding of the dis-
tribution of threatened species may be flawed, limiting our
ability to conserve biodiversity, as many pootly known species
that may be at risk of extinction do not have distributions
overlapping global biodiversity hotspots. Although biodiversity
hotspots typically include areas with habitat loss as well, our
goal was to assess whether we could use these areas as prox-
ies for data deficient hotspots. Our data deficiency hotspots
reflected concentrated areas of data deficiency based on sim-
ple overlap counts; thus, these areas require additional survey

and research efforts to understand the status of data deficient
species to ensure that global threatened species assessments,
and likely other hotspots, are thorough and robust. Until we
have a more complete understanding of the distribution of
threatened species, spatial prioritization of protected areas will
be unlikely to maximize conservation success, and our ability
to appropriately respond to the global biodiversity crisis will
be hindered. Addressing this issue is urgent because although
progress to conserve hotspot areas is occurring, the window of
opportunity for expanding the global protected area network is
rapidly closing (Jenkins et al., 2013).

To date, we have assumed that hotspots of known threat-
ened species are the appropriate foci for conservation efforts
based on the assumption that they reflect areas where the great-
est number of threatened species occurs (Myers et al., 2000).
Although the relationship between global species richness and
data deficient species illustrates that this assumption is par-
tially true, it is clear that some countries exhibit greater than
expected levels of data deficiency and that a few countries
exhibit lower than expected levels of data deficiency (Figure 2;
Table 2). Hence, existing hotspots are based on an incom-
plete dataset. Furthermore, and equally concerning, evidence
shows that data deficient species are disproportionately threat-
ened with extinction (Bland & Béhm, 2016; Wotherspoon et al.,
2024).

The lack of congruence between taxa that occurred in data
deficiency hotspots was perhaps unsurprising because it reflects
the contrasting results between hotspots of endemic plants and
animals (Myers et al.,, 2000). More concerning was the lack
of congruence between threatened and data deficient species
because the use of rare species hotspots has been promoted
as a method to prioritize protected areas (Davidson & Dulvy,
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TABLE 2  Countries identified as having unusually high or low numbers of data deficient species as defined by the random effects estimate (these countries are
at the extremes of the random effect distribution in Figure 4a and more explicitly outside the vertical quantile reference lines in Figure 4c).
Continent Country LON LAT Species richness Data deficient species FE* REP R¢
Asia Indonesia 114.3 -1.0 10,747 1212 744.9 465.3 1.8
Asia Thailand 100.8 15.7 2582 607 180.9 414.4 11.7
Asia Vietnam 105.3 21.5 5398 763 385.4 375.3 2.3
Asia Myanmar 96.0 21.7 4677 605 343.1 261.5 0.4
Asia Malaysia 102.2 4.2 6477 689 493.9 198.7 -3.6
Africa Angola 17.5 -12.3 3399 378 210.5 164.9 2.6
Affica Gabon 11.8 —-0.6 2620 300 132.8 161.5 5.8
Aftica Malawi 33.8 -13.4 2031 285 1123 159.2 13.5
Africa Zambia 26.3 —14.6 2354 317 157.3 153.1 6.6
Asia Cambodia 104.6 12.7 3067 333 183.5 151.9 —2.4
Africa Cameroon 12.3 5.1 3605 409 272.0 138.1 -1.1
Africa Central African 20.5 6.6 1738 246 119.6 119.6 6.8
Republic
Americas Peru —75.6 -9.3 5944 500 398.9 97.9 3.2
Asia Brunei Darussalam 114.6 4.5 2819 209 1114 92.4 5.2
Americas Mexico 24.0 6997 551 464.7 84.7 1.6
—102.5
Affica Burundi 29.9 -3.4 1301 187 85.8 84.4 16.8
Asia China 106.5 33.4 7456 753 669.1 84.3 —0.4
Africa Equatorial Guinea 10.5 1.6 1988 172 92.0 78.2 1.8
Americas Brazil —53.1 -10.8 10,615 720 639.8 77.8 2.3
Africa Guinea -10.9 10.4 2651 233 153.1 76.1 3.8
Asia Singapore 103.8 1.4 2828 175 100.1 71.2 3.8
Asia India 78.5 21.0 7263 633 735.5 -1.7
—100.8
Affica South Africa 23.1 -30.6 5715 177 303.5 —4.1
—122.4
Asia Philippines 122.5 11.1 6206 324 476.0 =73
—144.7

*FE = fixed effect.

PRE = random effect. The REs were obtained from the spatial component of the model after adjustment for explanatory variables using the model FE estimate.

‘R = the model residuals. The model estimates (FE + RE + R) sum to the number of observed data deficient species.

2017; Huang et al., 2020; Myers et al., 2000). However, Pren-
dergast et al. (1993) found that there was little congruence
between species-rich areas of Great Britain and ateas where
threatened species occurred. Orme et al. (2005) showed a similar
lack of correspondence for birds and considered the dissimilar-
ity between threatened species and endemism/species richness
due to human impacts. Ceballos and Ehtlich (2006) showed that
there was little congruence among the distribution of species
richness, endemic species, and threatened species, and con-
cluded that this was because global species richness is driven
by widespread species, whereas ecological and evolutionary pro-
cesses act differently in determining the geographic ranges of
widespread and range-restricted species. Hence, protected areas
prioritized using hotspot analyses relying on threatened species
are based on inadequate data because data deficient species
are not accurately assigned to a threat status category. If these
data deficient species are ultimately incorporated into the ITUCN

Red List as threatened when sufficient data are obtained, then
existing protected areas ate likely to be incorrectly located, as
surrogacy between diversity metrics cannot be assumed (Orme
et al., 2005). Nonetheless, recent analyses using complex trait-
based modeling have shown a greater degree of overlap between
data deficient and threatened terrestrial reptile species than had
been previously reported (Bland & Bohm, 2016), and Bayesian
modeling offers opportunities to reduce the impact of some of
the uncertainty associated with data deficiency (Newton, 2010).

At a species level, different taxa exhibited different degrees
of data deficiency (Figure 1), which is further emphasized by
the global gaps in trait data for terrestrial vertebrates (Etard
et al., 2020). This scenatio is a cause for concern in amphib-
ians given that 1404 species are categorized as data deficient and
may be at risk of extinction without appropriately targeted con-
servation effort (Gonzalez-del-Pliego et al., 2019). Collectively,
amphibians represent the most highly threatened class of ver-
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tebrates (Catenazzi, 2015). Unfortunately, the variety of threats
to amphibians around the world IUCN, 2020; but see Re:wild
et al., 2023) makes it hard to extrapolate the threats from well-
known species to data deficient species. Without biological and
ecological data, many of the wotld’s amphibians are in danger
of becoming extinct before we can even identify the causes of
their decline (Catenazzi, 2015).

In terms of the factors affecting data deficiency, a country’s
species richness, land area, and proximity to the equator (latitude
reflects the importance of productivity in driving species rich-
ness; Table 2) had the greatest effects. Population density, the
conservation funds a country receives, and elevation had smaller
effects on data deficiency, whereas the other covariates had no
effect. Counterintuitively, population density and conservation
funding showed a positive relationship with data deficiency,
rejecting our hypothesis that more people in a country would
enable a greater understanding of pootly known species and
suggesting that either funds are not helping address species
knowledge gaps or those funds are going toward species dis-
covery and description given that the majority of species remain
to be discovered and desctribed (Hortal et al., 2015). Although
increased elevation tends to reduce species richness (Davidson
& Dulvy, 2017), data deficient species increased with eleva-
tion (Figure 3), suggesting that the challenges of working in
higher altitude areas are inhibiting our ability to understand the
biodiversity that lives there.

We assumed that higher levels of education would imply that
more researchers were studying data deficient species; however,
this hypothesis was also not supported. There could be many
reasons for this result, but the publishing focus of academia
on high-impact research may be an issue given that much of
the information needed for data deficient species could be seen
as natural history research, which is poorly supported (Nan-
glu et al., 2023; Tewksbury et al., 2014) despite being critically
important in assessing species status (Drew, 2025).

Several countries had more or less than the expected num-
ber of data deficient species (Table 2). Indonesia, Thailand,
Vietnam, and Myanmar had more than the expected number
of data deficient species, and these countties tend to support
high biodiversity coupled with intermediate levels of conser-
vation spending and population density. Conversely, countries
with fewer than expected data deficient species, such as India
and South Africa, have had a long European colonial history
of hunting, which often has led to an inctrease in formalized or
documented natural history understanding (MacKenzie, 1997).

There are related areas of study that require more research.
Because of the counterintuitive positive relationship between
data deficiency and population density and conservation fund-
ing, gaining a deeper understanding of the drivers of data
deficiency among wealthier and more populated countries
seems an important avenue of research. This relationship may
also be attributable to the biases associated with the collec-
tion of socioeconomic and biodiversity data (Chapman et al,,
2024; Ellis-Soto et al., 2024); however, previous studies have
used these types of data (e.g, Waldron et al., 2013), and we
believe their use is valid here. Similarly, more directed research
by conservation scientists, supported by managers and fund-

ing agents, may be necessary to specifically target data deficient
species.

It is also important to recognize that data deficiency does not
mean species are receiving no conservation attention or protec-
tion, in the same way that a threatened status does indicate that
a species is receiving conservation. Nonetheless, improving our
understanding of data deficient species will optimize our abil-
ity to conserve a broader suite of biodiversity given constraints
on conservation funding, Species that have not been assessed
for the IUCN Red List remain a source of potential bias for
hotspot analyses, and increasing the number of species across
all taxa that have had their extinction risk assessed needs to
remain a priority. Hence, undescribed species similarly remain
problematic and should be prioritized.

It has been long recognized that hotspots need to be revised
as more robust data become available (Ceballos & Ehtlich,
20006; Possingham & Wilson, 2005) or when taxonomic revi-
sions occur; however, our study identifies where targeted studies
should be conducted to improve the quality of data for deter-
mining hotspot locations. It is imperative that this effort begins
soon, before we lose more species about which we know very
little. Indeed, directing research efforts toward as few as 6199 of
the world’s protected areas (or 0.36% of the world’s terrestrial
surface) would likely assist in gathering information on 42% of
data deficient species (Nori et al., 2020). For amphibians, a focus
on 0.4% of the world’s terrestrial area would yield information
on more than 80% of data deficient species (Nori et al., 2018).

Given the high levels of data deficiency in the Global South
(Figure 2) and a recognition of the need to decolonize con-
servation (Dominguez & Luoma, 2020), scientists from the
Global South should be supported in targeting research in
data deficiency hotspots. This effort could be implemented
by attracting scientists to conduct research in these areas and
training more local scientists; however, remote-controlled scien-
tific practices must be avoided by involving more marginalized
researchers, such as those from the Global South, early in the
process and recognizing local knowledge, fait authorship, capac-
ity building, and improved funding (Dattilo & Rivera-Nuifiez,
2025). Identifying gaps in our knowledge is fundamental to effi-
ciently and effectively averting the biodiversity crisis (Christie
et al,, 2021), and working with local scientists to focus research
on data deficiency hotspots will assist in addressing these

gaps.
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