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ABSTRACT
Motivation: Overhunting is a major driver of defaunation in tropical ecosystems, yet its impacts and spatial extent remain 
challenging to quantify through conventional remote sensing approaches. Novel modelling frameworks based on quantitative 
relationships between impacts on wildlife populations and the main drivers of hunting pressure have provided a mean to identify 
hotspots of defaunation for avian and mammalian communities at a pantropical scale. However, the absence of spatially explicit 
predictions of hunting impacts at the species level hinders comprehensive assessments of biodiversity loss. Here, we present 
species-specific defaunation raster maps for 4992 birds and mammals.
Main Types of Variables Contained: Raw abundance datasets reporting paired abundance estimates in hunted and un-
hunted areas, year and location of data collection, reference of the original study, taxonomic information, and predictor varia-
bles. Defaunation index maps in raster format at 1 km × 1 km resolution for 3680 species of birds and 1312 species of mammals.
Spatial Location: Pantropical.
Time Period and Grain: 1980–2025 for the abundance estimates, 2020 for the defaunation rasters.
Major Taxa and Level of Measurement: Tropical bird and mammal species.
Software Format: One dataset in csv format with raw abundance estimates from local studies, 4992 raster files in tif format 
with defaunation values per grid cell.

1   |   Introduction

From subsistence hunting for food consumption to commercial 
trapping for ornamental, medicinal or pet use, the direct ex-
ploitation of wildlife populations is a major driver of mamma-
lian and avian declines across the tropics. Up to 1021 mammal 
and 889 bird species inhabiting tropical forests are currently at 
risk of extinction, ~50% of which are threatened primarily due 

to hunting and trapping (IUCN 2026). Overhunting has caused 
substantial reductions in wildlife populations (i.e., defaunation), 
with bird and mammal abundances decreasing by 58% and 83%, 
respectively, in hunted forests located near roads and human 
settlements (Benítez-López et al. 2017). As a result, the spatial 
footprint of hunting impacts extends over ~15 million km2 across 
the pantropical forest area (Benítez-López et al. 2019; Ferreiro-
Arias et al. 2025). Under such unsustainable hunting pressure, 
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wild populations of birds and mammals are drastically depleted 
across vast areas of seemingly well-preserved tropical forests, 
leading to the emergence of empty forests (Redford 1992).

The cascading impacts of defaunation on the functioning of 
vertebrate-depleted ecosystems have attracted increasing scien-
tific attention over the past decades. A growing body of evidence 
indicates that hunting-induced defaunation leads to downsized 
animal communities via the non-random extinction of large-
bodied species (Young et  al.  2016; Benítez-López et  al.  2017, 
2019; Scabin and Peres 2021). The loss of large species can dis-
rupt animal–plant mutualistic and antagonistic interactions 
(Dirzo et al. 2020; Emer et al. 2019; Fricke et al. 2022; Roldan 
and Simonetti 2001), prompting short-term and mid-term shifts 
in plant community composition (Vanthomme et  al.  2010; 
Effiom et al. 2014; Scabin et al. 2025), with long-term detrimen-
tal consequences for natural forest regeneration, carbon stock-
piling and nutrient cycling (Bello et al. 2015; Brodie et al. 2025; 
Osuri et al. 2016; Peres et al. 2016). It can also increase the risk of 
zoonotic disease outbreaks through close human-wildlife con-
tact (Choo et al. 2023; Wolfe et al. 2005). Beyond these ecolog-
ical ramifications, the loss of avian and mammal populations 
has detrimental consequences for the livelihoods and food se-
curity of hundreds of millions of rural and Indigenous people 
across the tropics, many of whom rely on wild meat as a pri-
mary source of protein and micronutrients and as an important 
source of household income (Golden et al. 2011; Nasi et al. 2011; 
Nielsen et al. 2018; Ingram et al. 2021; Fa et al. 2022; Antunes 
et al. 2025). This high reliance on wild meat exacerbates hunting 
pressure, which is amplified by demand from burgeoning urban 
markets (Fa et al. 2019; El Bizri et al. 2020) and, for some high-
profile species (e.g., elephants, rhinos, pangolins, tigers), by 
the international legal and illegal wildlife trade (Bennett 2015; 
Ingram et al. 2019; Tow et al. 2025). This pantropical biodiver-
sity crisis demands timely, scientifically robust, evidence-based 
resources that are openly accessible for researchers, conser-
vation practitioners, and professionals working at the policy-
science interface.

Unlike other major threats such as deforestation or habitat frag-
mentation, mapping hunting impacts at broad spatial scales 
and fine resolution remains challenging, because they are often 
concealed beneath seemingly intact forest canopies that are, in 
reality, partially depleted of vertebrate fauna (Benítez-López 
et al. 2019; Peres et al. 2006; Potapov et al. 2017; Redford 1992). 
Although local monitoring and research of faunal communities 
subjected to unsustainable harvesting are pivotal for effectively 
tracking defaunation and setting conservation priorities, the 
intrinsic logistical constraints of surveying tropical ecosystems 
hinder the allocation of ecological studies and conservation ef-
forts across ~15 million km2 of tropical forests at risk of hunting-
induced defaunation (Benítez-López et al. 2019; Ferreiro-Arias 
et al. 2025; Mugerwa et al. 2024). Furthermore, these ecosystems 
spread across numerous developing countries, where limited ac-
cessibility, scarce financial resources, and insufficient scientific 
infrastructure pose significant challenges to systematic collec-
tion of mammal and bird abundance data (Ingram et al. 2021; 
Mugerwa et al. 2024). In this context, a fine-resolution pantrop-
ical defaunation map, scalable to decision-relevant levels, would 
provide a critical tool for prioritizing and allocating conserva-
tion resources effectively.

The recent development of macroecological models of hunting 
pressure based on thousands of abundance estimates in hunted 
and unhunted sites have provided valuable insights into the 
extent and severity of hunting impacts on bird and mammal 
communities at a pantropical scale (Benítez-López et al. 2019; 
Ferreiro-Arias et al. 2025). The availability of spatially-explicit 
predictions of hunting impacts on vertebrate abundance can 
catalyse and speed up crucial scientific and conservation as-
sessments at different spatial scales and taxonomic groups. 
For instance, spatial defaunation layers generated by hunting 
pressure models have enabled the evaluation of extinction risk 
for vertebrate species exposed to hunting pressure (Mancini 
et al. 2023), the extent of range contraction due to hunting and 
its combined effects with other threats (Gallego-Zamorano 
et al. 2020; Romero-Muñoz et al. 2020), the study of functional 
and phylogenetic diversity loss at regional scales (Romero-
Muñoz et al. 2021), the assessment of population dynamics of 
top predators (Romero-Muñoz et al. 2025), the risk of zoonotic 
outbreaks (Choo et al. 2023), or multi-taxa and multi-threat as-
sessments of biodiversity at different spatial scales (Schipper 
et al. 2020). Hence, the availability of hunting pressure models 
and spatial defaunation layers can offer a more comprehensive 
and accurate view of human impacts on tropical biodiversity. 
Here we provide species-specific defaunation layers for 3680 
bird and 1312 mammal species threatened by hunting across 
the world's tropics at 1 km × 1 km resolution. First, we describe 
the extended dataset for hunting impacts on mammal and bird 
species (Benítez-López et al. 2017), as well as the novel model-
ling approach employed to update defaunation maps for mam-
mals. Subsequently, we describe the results of the new models 
for mammals, and the resulting spatial defaunation patterns for 
mammals and birds. By mapping hunting impacts on species 
abundance of birds and mammals simultaneously, we are able 
to assess for the first time congruent and diverging spatial pat-
terns of defaunation for both vertebrate taxa for the first time. 
Finally, we provide examples of potential future applications of 
our community-level and species-specific defaunation rasters. 
Our full analytical workflow is detailed in Figure S1.

2   |   Methods

2.1   |   Data Collection

We expanded the dataset on hunting impacts from Benítez-
López et al.  (2017) via a systematic literature review of local 
hunting studies ( journal articles, books, technical reports, MSc 
and PhD theses) published between 2017 and 2022, and by col-
lating raw camera trap and line transect abundance data from 
the studies conducted by our collaborators in French Guiana, 
Suriname, Indonesia, and Brazil (see details in Benítez-López 
et al. 2019; Ferreiro-Arias et al. 2025). Relevant studies were 
identified based on titles and abstracts and included if they 
met the following criteria: (1) assessed the effects of hunting 
on wildlife populations; (2) reported abundance data at the 
species or genus level; and (3) quantified abundance either 
along a gradient of increasing distance from access points or 
by comparing at least one proximally hunted site with one dis-
tant unhunted site (which in some cases was subject to light 
hunting). Pairwise site comparisons from a single study were 
selected based on similar vegetation structure and forest type 
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(e.g., hunted primary forest compared with unhunted primary 
forest, hunted secondary forest compared with unhunted sec-
ondary forest, hunted forest with > 80% cover compared with 
unhunted forest with > 80% forest cover). Study sites with 
potential confounding effects from other disturbances (e.g., 
logging, goldmining, secondary forest, plantations, slash-
and-burn agriculture) were excluded, unless all compared 
sites had the same level of disturbance (i.e., sites with forests 
logged ca. 20 years ago, but with different hunting pressures 
and located at different distances from villages). Studies that 
reported hunting on managed wild populations (i.e., with re-
lease of farm-reared individuals) used for recreational hunting 
were not included. Our current dataset includes 2370 and 4117 
abundance estimates for 531 tropical bird and 319 mammal 
species in hunted (birds: 109, mammals: 287) and unhunted 
sites (birds: 77, mammals: 160), based on 78 and 195 studies, 
respectively (Figure  1). Abundance changes due to hunting 
were calculated as the response ratio (RR) between the abun-
dance of each species s in hunted (Xksh) and unhunted (Xsu) 

sites within each study k (RRks = Xksh/Xksu). RR values indi-
cate: 0 = local extinction, 0 < RR < 1 = abundance reduction, 
RR ≈ 1 = no change, and RR > 1 = abundance increase. For 
RR calculations, all abundance measurements within a study 
and for a particular species had to be collected with the same 
sampling method and period, to preclude that variations in 
abundance are due to seasonal effects or sampling techniques. 
After discarding abundance estimates for species that are not 
hunted as well as migratory bird species, there were 1123 and 
2489 abundance response ratios for 329 bird and 277 mam-
mal species, respectively, for modelling. This represented in-
creases of 192% and 28% in abundance response ratios, and 
239% and 9% in bird and mammal species, respectively, com-
pared to the original dataset (Benítez-López et al. 2017).

We compiled multiple predictors of hunting pressure from stud-
ies included in our database or from spatial layers (Table  S1), 
ensuring they temporally matched the sampling period of 
each study. Distance to hunters' access points (i.e., human 

FIGURE 1    |    Spatial distribution of hunted (yellow) and unhunted (dark blue) sites where abundance estimates were compiled for mammal (A) 
and bird species (B) across the pantropical forest zone (light green, Potapov et al. 2017). Animal silhouettes retrieved from phylo​pic.​org (CCO1.0).
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settlements) was obtained from reported values in each study 
or by georeferencing study sites and nearest human settlements. 
Travel time to major cities was used as a proxy of accessibility 
to urban markets and extracted from global accessibility data-
sets for 2000 and 2015 (Nelson 2008; Weiss et al. 2018). Human 
population density, derived from the Gridded Population of 
the World dataset (GPW v4.11, CIESIN  2018), was employed 
as a proxy of wild meat demand, and stunting prevalence of 
children under 5-year-old was used as an indicator of chronic 
levels of poverty. Stunting was obtained from an updated da-
tabase with estimates from Demographic and Health Surveys 
(DHS), UNICEF's Multiple Indicator Cluster Surveys (MICS), 
and national surveys (FAO  2003; Ferreiro-Arias et  al.  2025). 
Net primary productivity (NPP) from MODIS/Terra annual 
spatial layers was used to account for standing game biomass 
availability (Running and Zhao  2021). As hunting pressure is 
banned inside strict protected areas (although poaching may 
still occur within protected area boundaries, Rija et al. 2020), we 
determined whether study sites were inside or outside protected 
areas based on the information provided by the authors, which 
we deemed it more reliable in terms of protection status and gov-
ernance at the time of the study than the World Database on 
Protected Areas (WDPA; UNEP-WCMC, 2022). Livestock bio-
mass was included as a proxy of accessibility to domestic meat, 
which could be an alternative protein source to wild meat. We 
downloaded livestock densities from the Gridded Livestock of 
the World (GLW4, Gilbert et  al.  2022a, 2022b, 2022c, 2022d), 
and obtained livestock biomass per unit area (kg/km2) based on 
the average weights of cattle, sheep, pigs, and chicken extracted 
from the literature (see Benítez-López et al. 2019).

We also included species body mass as a proxy for species 
sensitivity to hunting pressure (Ripple et  al.  2016), due to the 
combined effects of low population densities, slower repro-
ductive rates, and hunter preferences for large-bodied species 
(Redford 1992).

2.2   |   Modelling Framework

Using our updated dataset for mammals, we fitted hurdle mixed 
models with Bayesian inference to model defaunation impacts as 
a two-stage process (local extinction and abundance declines in 
surviving species). First we modelled the probability of local ex-
tinction due to hunting with a binomial distribution, and, then to 
the nonzero data (RR > 0, which was exponentially distributed), 
we used a continuous log-normal distribution to model changes 
in species abundance (see Ferreiro-Arias et al. 2025 for details). 
As fixed effects we used species sensitivity to hunting pressure 
and spatially-explicit predictors of hunting pressure as based 
on a priori literature-based hypotheses (Table S1, Section 2.1). 
As random effects we used Country and Species nested within 
Order. Country allowed us to account for the possible differ-
ences between governance, enforcement laws, taboos and cul-
tural traditions among tropical countries. In turn Order/Species 
was included to control for the non-independence of the multiple 
estimates per species, as well as to capture similar responses to 
hunting of species belonging to the same taxonomic order. We 
used Order instead of Family as body mass is a well-conserved 
trait for species belonging to the same taxonomic order (Smith 
et al. 2004). Including Family did not improve the models.

We fitted Bayesian regression models employing the brms pack-
age (Bürkner et al. 2024) in R v.4.3.3 statistical software (R Core 
Team 2024). By using the brms package and a Bayesian hurdle 
binomial-lognormal mixed model, we were able to better control 
for uncertainty propagation between the binomial and lognor-
mal parts of the model, compared to our previous frequentist 
approach (Benítez-López et al. 2019). All continuous variables 
were standardised (mean-centred and scaled to 1 SD) before 
modelling. We also assessed multicollinearity among predic-
tors by calculating the Pearson's r correlation coefficient and 
Variance Inflation Factor (VIF) values. All variables were re-
tained in the model as they did not exceeded r ≥ 0.7 and VIF ≥ 5 
(Figure S2). We ran 4 MCMC chains with 4000 iterations each, 
applying a warm up of 2000. To avoid overfitting, we specified 
weakly informative priors using a normal distribution N(0,10) 
for the intercept and N(0,1) for slope coefficients following 
Lemoine (2019). We checked chain convergence with the R-hat 
diagnostic (R-hat ≈ 1). Additionally, we tested for spatial and 
phylogenetic autocorrelation in model residuals by calculating 
Moran's I and Pagel's Lambda, respectively, using DHARMa and 
phytool packages (Hartig et al. 2024; Revell 2025). Marginal ef-
fects were plotted using the sjPlot and ggplot2 packages (Lüdecke 
et al. 2024; Wickham et al. 2025). We estimated the Probability 
of Direction (PD) for each predictor using the bayestestR package 
(Makowski et al. 2025), considering PD ≥ 90% as evidence for 
a consistent effect direction. We also considered the magnitude 
and uncertainty of effects using the estimates and credible in-
tervals (CI) reported by the hurdle model, considering them as 
credible effects when the lower and upper CI values do not over-
lap with zero. Furthermore, we assessed the relative importance 
of each predictor with a variance partitioning approach based 
on the squared correlation between observed responses and me-
dian posterior predictions (i.e., pseudo-R2). For each predictor, 
we re-estimated pseudo-R2 while holding constant the rest of 
covariates and quantified variable importance as the predictor's 
contribution in percentage to the total pseudo-R2 (see Ferreiro-
Arias et al. 2025 for details).

2.3   |   Model Predictive Performance

We assessed the accuracy of the hurdle models using spatial-block 
and taxonomic-block cross-validation (Roberts et al. 2017). We 
used the loo package for model cross-validation with taxonomic 
and spatial blocks (Vehtari et  al.  2024). Taxonomic indepen-
dence was tested by dividing the dataset into 10-folds based on 
orders, families, or species. Spatial independence was achieved 
by dividing the dataset into 3 × 3-degree blocks. Block size was 
selected based on variogram analysis of model residuals, which 
estimated a spatial range of 1.54 degrees. We subsequently 
added a 30% buffer to account for residual spatial autocorrela-
tion, yielding a final block size of 3 degrees. Mean (±SD) number 
of observations per spatial block was 30.7 ± 35.8. The model was 
trained on nine folds and tested on the remaining fold. We then 
calculated and averaged the Root Mean Square Error (RMSE) 
across all folds to evaluate the predictive accuracy of continu-
ous RR predictions. To evaluate model accuracy in predicting 
defaunation levels, we categorised predicted values into four 
hunting-induced abundance responses: high decline (RR ≤ 0.3), 
moderate decline (0.3 < RR ≤ 0.7), low decline (0.7 < RR ≤ 1), and 
increase (RR > 1). Using the caret package (Kuhn et al. 2024), we 

 14668238, 2026, 7, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/geb.70280 by O

pen R
esearch - U

niversity O
f E

ast A
nglia , W

iley O
nline L

ibrary on [07/08/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



5 of 13Global Ecology and Biogeography, 2026

calculated sensitivity, specificity, and balanced accuracy (BA) 
metrics to evaluate the predictive accuracy of the four categories 
of abundance declines. Here we report model results for mam-
mals only, and we refer the reader to Ferreiro-Arias et al. (2025) 
for results for tropical birds.

To examine how prediction uncertainty varies spatially across 
body size classes and taxonomic groups, we adopted a multi-
step approach. First, we applied a Multivariate Environmental 
Similarity Surface (hereafter, MESS) analysis via de ‘dismo’ 
package (Hijmans et al. 2024) in order to pinpoint areas where 
the spatial socioeconomic and environmental predictor extended 
beyond the range of values present in our training dataset. 
Second, we compared the distribution of body masses between 
the training and testing datasets for both mammals and birds to 
assess the representativeness of our projected species pool rela-
tive to the observed dataset. Overlap in body mass distributions 
was quantified using density-based overlap estimation. Lastly, 
we generated spatially-explicit predictions of hunting impacts 
for three body size classes for both mammals and birds across 
the pan-tropical forest zone, mapping per-grid-cell prediction 
uncertainty. For mammals, we mapped uncertainties for three 
cases representing small- (0.3 kg), medium- (8 kg) and large-
bodied (250 kg) species. Similarly, we mapped uncertainties 
for three cases of birds representing small- (0.03 kg), medium- 
(0.3 kg) and large-bodied (3 kg) species. This approach allowed 
us to disentangle how uncertainty arises from environmental 
extrapolation, underrepresented body mass categories or from 
the interaction of both factors.

2.4   |   Spatial Predictions and Defaunation Hotspots

We used the forest zone from Potapov et al. (2017), where each 
grid cell with tree canopy cover greater than 20% in the year 
2000 (Hansen et al. 2013) is classified as forest based on Landsat 
imagery (30-m resolution). We masked the forest zone for the 
subtropical and tropical belts to generate a tropical forest zone 
that represent the extent of tropical forests in our analysis. 
Subsequently, we obtained Area of Habitat (AoH) maps from 
Lumbierres et al. (2022) for all mammal and bird species with 
distributions in the tropical forest zone. AoH maps reflect po-
tential occupancy by excluding unsuitable areas based on hab-
itat and elevation preferences, reducing commission errors in 
geographic ranges (Brooks et al. 2019). We resampled the AoH 
maps to 1 × 1 km resolution to match the resolution of our spa-
tial predictors. Then, we selected all tropical species classified as 
hunted for food consumption (e.g., subsistence hunting, N = 1076 
bird species and 1090 mammal species) and/or trade (i.e., com-
mercial hunting, N = 2200 bird species and 1075 mammal spe-
cies) based on the IUCN Red List (IUCN  2026) and Scheffers 
et al. (2019). We used this information to map the richness and 
proportion of hunted bird and mammal species. Subsequently, 
we used our models to project hunting-induced declines in bird 
and mammal abundance (i.e., RR), using the most recent (e.g., 
stunting prevalence, 2020) or average spatial predictors (e.g., 
NPP, 2001–2023), the distribution of protected areas (IUCN cate-
gories I-IV, WDPA 2022). Species-specific information included 
species body mass and the variance captured by the random ef-
fects. We then back-transformed the predicted RR to obtain a 
species-specific defaunation intensity index (DIs), calculated as 

DIs = 1 − RR. Species-level defaunation maps were subsequently 
aggregated to produce a composite community-level defauna-
tion map by averaging DIs values across all species within each 
grid cell (DI = Σ (DIs)/S), where S is the total number of species 
in each grid cell. No hunted bird and mammal species were as-
signed a DIs = 0 (no change in abundance, i.e., RR = 1). We pres-
ent our species-specific and community-level defaunation maps 
depicting DI along a gradient ranging from 0 (no defaunation) 
to 1 (fully defaunated), and use bivariate maps to show areas 
ranging from very low to very high defaunation index for both 
avian and mammalian communities (Benítez-López et al. 2019; 
Ferreiro-Arias et  al.  2025). Defaunation maps are provided as 
raster files (.tif), with each raster file name consisting of the 
genus and species name (e.g., “Tapirus_terrestris.tif” for the 
lowland tapir). All spatial analyses were conducted with the 
packages raster (Hijmans, Etten, et  al.  2025), terra (Hijmans, 
Barbosa, et  al.  2025), and sf (Pebesma et  al.  2025). Data ma-
nipulation was done with dplyr (Wickham et  al.  2023) and 
data.table (Barrett et al. 2025), and data visualisation with gg-
plot2 (Wickham et  al.  2025), biscale (Prener et  al.  2022) and 
sjPlot (Lüdecke et al. 2025).

3   |   Results

3.1   |   Model Diagnosis

R-hat convergence diagnostic returned values of 1 for all coef-
ficients, confirming the successful convergence of the MCMC 
chains (Tables S2 and S3). Posterior predictive checks revealed 
that the model's predictions closely matched the observed abun-
dance response ratios, indicating that the model provided a 
strong fit to the data (Figure S3). We did not detect evidence of a 
phylogenetic signal (Pagel's λ < 0.02, p-value = 1) or of spatial au-
tocorrelation in the model residuals (observed Moran's I = 0.05, 
expected Moran's I = −0.003, p-value = 0.08).

3.2   |   Model Results

Our model explained 22% of the variance, 67.9% of which was 
explained by random effects, mostly Order (30.4%) and Species 
(25.6%) (Figure  S4A). Fixed factors explained 32.1% of the total 
variance explained, with species body mass, prevalence of stunt-
ing, distance to hunter's access points, protected areas, and food 
biomass contributing mostly to the mammal abundance declines 
(Figure  S4B, Tables  S2 and S3). The probability of local extinc-
tion due to hunting was significantly related to the interactions 
between body mass and distance to hunter's access points, and 
body mass and travel time to major cities. Other important pre-
dictors were the prevalence of stunting, NPP, and protected areas 
(Table S2). The probability of local extinction decreased with in-
creasing distance from hunters' access points and longer travel 
times to major cities. The effect of travel time was particularly pro-
nounced for medium- and large-sized mammals, which exhibited 
higher probabilities of extinction in the proximity of major cities 
compared to small-bodied mammals (Figure S5). In turn, the in-
teraction body mass × distance from hunters' access points resulted 
in similar probabilities of local extinction across body sizes in the 
proximity of settlements and roads, but diverging probabilities in 
remote areas: small-sized mammals exhibited lower probabilities 
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of local extinction than large-sized mammals. Furthermore, we 
found that the probability of local extinction was lower within pro-
tected areas and declined as the prevalence of stunting increased, 
whereas net primary productivity (NPP) was positively associated 
with a higher probability of extinction (Figure  S5). We found a 
negative relationship between abundance ratios and body mass, 
human population density, and NPP, and a positive relationship 
with distance to hunter's access points and prevalence of stunting 
(Figure S6 and Table S3).

3.3   |   Model Predictive Performance

The 10-fold cross-validation showed similar predictive errors 
across the spatial and phylogenetic blocks (RMSE ≈ 0.6; range 
across spatial blocks: 0.54–0.69; Figure  S7A). Sensitivity and 
specificity values were also consistent across blocks within dif-
ferent categories of hunting impact (Figure S7B). Sensitivity was 
highest (around 0.75) for cases where abundance was greatly re-
duced (RR ≤ 0.3) but was moderate to low for other categories. 
In contrast, specificity remained consistently high across all 
levels of hunting impact (approximately 0.75–0.8) (Figure S7B). 
Overall, the model's balanced accuracy (BA) exceeded 0.75 for 
high reductions in abundance, was approximately 0.5 for mod-
erate to low reductions, and remained above 0.6 for increases in 
abundance across all blocks and folds (Figure S7B).

3.4   |   Spatial Patterns of Hunted Vertebrates 
and Defaunation

Overall, the richness and proportion of hunted species was 
higher for birds than mammal across the entire tropics 
(Figure 2). Species richness of hunted mammals was higher in 
Laos, Vietnam, Myanmar, Thailand and Indonesia as well as 
in West and Central Africa. High proportions of hunted mam-
mals are located in Southeast Africa (e.g., Mozambique) and 
Madagascar, mainland Southeast Asia and East Deccan Indian 
forests, while the Caribbean archipelago and the Amazon basin 
harboured low proportions. Species richness of hunted birds 
was higher in Southeast Asia, and the Amazon basin, Cerrado, 
and Atlantic Forest in South America. In turn, tropical forests 
in China, India (Western Ghats), and Indonesia contained a 
greater proportion of hunted bird species, while the Amazon 
basin, the Congo basin and the central highlands of New Guinea 
contained the lowest proportion (Figure 2).

Based on predicted hunting impacts at species-level (Figure 3), 
we estimated that the mean (+SD) DI is 0.17 (±0.2) for mam-
mals and 0.25 (±0.17) for bird species (Tables S4 and S5), indi-
cating that overall reduction in abundance across all tropical 
forests within the habitat of hunted mammal and bird species 
was 17% and 25%, respectively. The mammalian orders with 
the highest estimated defaunation index were Perissodactyla 
(mean DI ± SD: 0.67 ± 0.18), Proboscidea (0.59 ± 0.12), and 

FIGURE 2    |    Richness (A, C) and proportion of hunted (B, D) mammal (A, B) and bird (C, D) species across the pantropical forest zone (extent 
based on Potapov et al. 2017). Animal silhouettes retrieved from phylo​pic.​org (CCO1.0).
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Tubulidentata (0.52, containing a single species, Orycteropus 
afer). In turn, we identified Gruiformes (0.32 ± 0.1), 
Podicipediformes (0.32 ± 0.04), and Caprimulgiformes 
(0.29 ± 0.2) as the avian orders with the highest reductions 
in abundance across the AoH of their species. Additionally, 
the most defaunated mammal species due to hunting are 
Equus grevyi (mean DI ± SD: 0.91 ± 0.05, Endangered accord-
ing to the IUCN Red List, IUCN 2026), Ceratotherium simum 
(0.88 ± 0.08, Near Threatened but under continued and high 
poaching threat due to illegal demand for horn in SE Asia), 
and Piliocolobus kirkii (0.84 ± 0.06, Endangered) (Table  S4). 
In the case of birds, the avian species showing the highest de-
faunation values are Lonchura ferruginosa (0.88 ± 0.12, Least 

Concern), Stephanoxis lalandi (0.87 ± 0.12, Least Concern), 
Chloropsis cochinchinensis (0.86 ± 0.11, Endangered), and 
Padda oryzivora (0.86 ± 0.11, Endangered), among others 
(Table S5).

We found distinct spatial patterns in the intensity of harvest-
induced defaunation for mammalian and avian communities 
across tropical forests (Figure 4). Regions where both taxa face 
very high defaunation levels (DI ≥ 0.75) extend over ~3.6 million 
km2 which are predominantly located in the Brazilian Atlantic 
Forests, West Africa, Indian Western Ghats and SE Asia, par-
ticularly China. Conversely, areas with very low avian DI align 
with very low mammalian DI (DI ≤ 0.25) across ca. 5.5 million 

FIGURE 3    |    Map showing predicted abundance response ratios to hunting pressure at species level for mammals (Panel A, from left to right: 
Ateles chamek, Diceros bicornis and Babyrousa celebensis) and birds (Panel B, from left to right: Crax rubra, Tauraco persa and Chloropsis sonnera-
ti). Silhouettes for Ateles chamek and Diceros bicornis retrieved from phylo​pic.​org (CCO1.0), the rest of the animal silhouettes were created by Iago 
Ferreiro-Arias using Adobe Illustrator 2025. IUCN threat categories for each species are also shown. CR, critically endangered; EN, endangered; LC, 
least concern; VU, vulnerable. Defaunation index is presented as the.
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km2, and are located mainly in the Amazon basin, Congo basin, 
central Borneo and New Guinea. The majority of the pantrop-
ical forest zone falls within low to high defaunation values for 
both birds and mammals (0.25 < DI > 0.75), spanning ~17 mil-
lion km2.

Multivariate Environmental Similarity Surfaces (MESS) anal-
ysis indicated that areas of extrapolation beyond the observed 
predictor space were sparse and restricted, particularly for 
mammals (Figure S8). Density-based overlap estimation of body 
masses revealed high overlap for mammals (0.72) and for birds 
(0.86), indicating limited extrapolation in body mass values for 
birds, and very limited for mammals (i.e., smaller species, which 
are less targeted by hunters, were slightly underrepresented, 
Figure S9). Uncertainty in predicted values, mapped for six body 
size classes, followed the spatial patterns observed in the MESS 
analysis, with difference in absolute magnitude modulated by 
body mass (Figure S10). Small-bodied species exhibited higher 
uncertainties than medium- and large-bodied ones, for which 
uncertainties were more limited. Overall, spatial patterns of un-
certainty remained limited across body size classes of mammals 
and birds, particularly within identified defaunation hotspots 
such as Southeast Asia, West Africa and the Atlantic Forest 
(Figures  4 and S10). Nevertheless, inferred defaunation levels 
for bird species warrant cautious interpretation in the Northern 
Congolese forest-savanna transition mosaic from Central 
African Republic and South Sudan, and the Dry Chaco region of 
Bolivia and Paraguay (Figure S10).

4   |   Concluding Remarks

Here we report for the first time the most comprehensive 
pantropical map of defaunation for both homeotherm ver-
tebrate taxa (mammals and birds), which concentrate the 

highest proportion of hunted species in any Class of land animals 
(Darimont et al. 2023). While some areas show similar defauna-
tion patterns for both taxa, we have also identified areas where 
avian defaunation surpass mammal defaunation and vice-versa. 
By accounting for diverging and overlapping patterns of defau-
nation we now estimate that ca. 5.5 million km2 are relatively 
intact, which represent much lower estimates of intact forest 
area than if we would consider defaunation patters for each taxa 
separately (Benítez-López et al. 2019; Ferreiro-Arias et al. 2025). 
Hotspots of defaunation for both taxa mirror the results of other 
studies quantifying defaunation at the regional level (Atlantic 
Forest: Bogoni et  al.  2018, 2020), and reflect areas where un-
regulated and illegal hunting concentrates (e.g., East and SE 
China, Liang et al. 2023; West Africa: Nigeria Effiom et al. 2013; 
Emogor et  al.  2025; Nigeria and Benin: Buij et  al.  2016), but 
where mammalian and avian defaunation had not been quanti-
fied simultaneously. Interestingly, the spatial patterns of hunted 
species richness do not fully align with areas that have a high 
proportion of hunted species (Figure 2), and, more importantly, 
do not mirror the defaunation patterns observed in avian and 
mammal communities (Figure 4). For example, the richness of 
hunted mammalian species in Borneo is similar to the richness 
in China, yet the defaunation levels are greater in China than in 
Borneo. This indicates that solely relying on the distribution and 
richness of hunted species without accounting for actual driv-
ers of hunting pressure can result in misleading conclusions on 
the spatial distribution of hunting pressure and the actual im-
pacts of this threat for tropical biodiversity (Harfoot et al. 2021; 
Philippe-Lesaffre et al. 2025).

We provide a list of all hunted species with their estimated aver-
age defaunation index, which can be used to inform global and 
regional (realm-based) biodiversity assessments (e.g., number of 
species threatened per realm and having an average high defau-
nation index > 0.75). However, our species-specific defaunation 

FIGURE 4    |    Bivariate map depicting mammalian and avian defaunation per grid cell, including hunted and non-hunted species. Bar plot indi-
cates the area accounted for by each bivariate class, from very low impacts on both avian and mammalian communities (DIm and DIb < 0.25) to very 
high impacts (DIm and DIb > 0.75). Animal silhouettes retrieved from phylo​pic.​org (CCO1.0).
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estimates are model-based, and should be used carefully. 
Ideally, the species we highlight as potentially having highly de-
faunated populations should be further monitored locally and 
nationally to confirm our model predictions. Some of the species 
for which we predict high defaunation index are indeed highly 
threatened by hunting or trapping. For example, the Javan bird 
(C. cochinchinensis) is undergoing a rapid population decline 
due to overexploitation for the cagebird trade, with their entire 
range being accessible by trappers (Symes et al. 2018), whereas 
the Javan sparrow (P. oryzivora) is a popular species in the 
global pet trade (IUCN 2026). In turn. E. grevyi was identified 
as the species with the highest average defaunation, however, 
our estimated defaunation only represent the small portion of 
its AoH covering the pantropical forest zone (45 km2, < 0.05% of 
its Area of Occupancy), as this is a species mostly linked to arid-
environments and savannah-like ecosystems, and less so to sub-
tropical woodlands. We recommend prospective users intending 
to use species-level defaunation estimates to restrict their anal-
yses to species with > 90% of their AoH included in the pantrop-
ical forest zone. Furthermore, while our results consistently 
identified defaunation hotspots with low extrapolation and lim-
ited uncertainty, caution is needed when interpreting model pre-
dictions in regions where uncertainty was high. Regions with 
high uncertainty in predicted defaunation for bird species in-
clude the Central African Republic, South Sudan, and the Dry 
Chaco in South America. These localised uncertainties reflect 
limited representation of these regions in our training data and 
highlight the need for field-based abundance estimates across 
body size classes that capture the environmental conditions in 
these areas to improve model reliability in such contexts.

Besides the community-based defaunation rasters, we make 
available 4992 species-specific defaunation rasters. Because our 
models are good at predicting moderate to severe abundance de-
clines, but are less accurate for small abundance declines, the 
specific-species defaunation rasters should not be blindly used 
to guide local conservation initiatives, but rather for large-scale 
analyses involving multiple species. Given that many of these 
species play essential roles as pollinators, seed dispersers, nutri-
ent redistributors, or predators, clustering our defaunation ras-
ters according to these functional groups may provide insights 
on the areas where these animal-mediated functions may be 
impaired. Other applications include the support of extinction 
risk assessments of hunted species with extreme data paucity, 
or their implementation in global modelling approaches that ac-
count for other threats. Specifically, our defaunation rasters can 
be used to refine current AoH maps, for example by removing 
cells with high defaunation index (DI > 0.9) where the species 
is likely to be absent. Similarly, they could be combined with 
average species population densities (Santini et al. 2022, 2023) 
to improve baseline expectations of population size based on 
hunting pressure. If the model is applied for temporally-varying 
predictors it can also inform trends in AoH and population size, 
thus providing additional lines of evidence for the application 
of Criteria B, C and D under the IUCN Red List (e.g., Cazalis 
et  al.  2024; Santini et  al.  2019). Because our rasters reflect 
hunting-induced abundance declines, they do not capture other 
threats that tropical vertebrates are exposed to (e.g., land use 
change or climate change). However, this allows full flexibility 
to prospective users to combine our defaunation rasters with 

other threat-based abundance or occupancy outputs that encap-
sulate the impacts of anthropogenic land use change or climate 
change (e.g., Gallego-Zamorano et  al.  2020; Romero-Muñoz 
et  al.  2020, 2025). For example, the GLOBIO-Species model 
employs a modular architecture that integrates changes in spe-
cies abundance and distribution resulting from multiple threats 
(Kok et al. 2023). Each threat module operates independently, 
with species responses combined in a final integrated assess-
ment. Currently, GLOBIO-Species incorporates hunting impacts 
only through the binomial component of its models. Our newly 
developed defaunation rasters could be integrated with spatial 
layers of abundance and distribution d generated by other threat 
modules (e.g., climate change, habitat loss and fragmentation), 
to further refine species' population size of tropical species ex-
posed to hunting pressure.

Besides the defaunation rasters, we release the datasets with 
6487 abundance estimates for 832 tropical vertebrates, their 
predictor values, and associated metadata, along with access 
to the scripts to reproduce our analyses or reuse the data for 
other research questions. Our dataset has a good taxonomic 
coverage, currently representing 14% and 22% of tropical bird 
and mammal species that are hunted. For comparison, the 
PREDICTS dataset, the most comprehensive dataset on land 
use impacts on species richness and abundance, a far more 
studied threat than hunting, cover 23% and 6% of described 
birds and mammals. This dataset will continue to be aug-
mented as more studies using a double- or multi-site hunted-
unhunted paired design are published.
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Additional supporting information can be found online in the 
Supporting Information section. Figure S1: Workflow detailing the 
main methodological steps employed to derive species-specific and 
assemblage-level defaunation maps for mammals and birds across the 
tropics. Figure S2: Multicollinearity analysis: (A) Correlogram show-
ing Pearson correlation coefficients among continuous predictors and 
(B) VIF values included in hurdle model for tropical mammals. Figure 
S3: Posterior predictive checks for hurdle model of hunting impacts on 
tropical mammal abundance. (A) Kernel density estimate of the ob-
served response ratios (y) with kernel density estimates for 1000 sim-
ulated values (yrep) drawn from the posterior predictive distribution. 
(B) observed response ratios to hunting pressure vs. predicted value; 
(C) mean and standard deviation of simulated and observed response 
ratios; (D) calibration of marginal predictions using probability in-
tegral transformation (PIT) and approximated leave one out (LOO). 
Figure S4: Ranked importance and contribution of predictors to the 
total variance explained by hurdle model of hunting impacts on tropical 
mammal abundance for (a) Random effects, (b) Fixed effects. Figure 
S5: Marginal effects of each predictor employed in the hurdle Bayesian 
mixed-effects model for the binomial part of the model (probability of 
local extirpation of mammal species due to hunting). Y axis shows the 
probability of local extinction/extirpation. Interaction between body 
mass and distance to hunter's access points and travel time to major 
cities are depicted for small-bodied (300 g, < 25th quantile), medium-
bodied (8 kg; median value) and large-bodied (250 kg, > 75th quantile) 
mammal species. Figure S6: Marginal effects of each significant pre-
dictor employed in the hurdle model for the log-normal part of the 
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model (changes in abundance of tropical mammal species due to hunt-
ing). Y axis shows log-transformed response ratios. Predictor values are 
scaled and centered. Values of log(RR) = 0 indicates no changes in abun-
dance (dotted line). Values below zero (log(RR) < 0) indicate reductions 
in abundance while values above zero (log(RR) > 0) indicate increases 
in abundance. Figure S7: Mean and standard deviation (error bars) val-
ues of blocked 10-fold cross-validation of (A) Root Mean Square Error 
(RMSE), and (B) sensitivity, specificity and balanced accuracy values 
for each category of species abundance responses to hunting pressure: 
high reductions (RR ≤ 0.3), moderate reductions (0.3 < RR ≤ 0.7), low re-
ductions (0.7 < RR ≤ 1) and increase in abundance (RR > 1) from hurdle 
model of hunting impacts on tropical mammal abundance. Figure S8: 
Multivariate Environmental Similarity Surface (MESS) analysis for (A) 
Mammals and (B) Birds. Positive values of MESS indicate those areas 
whose values are within the range of the dataset employed in hurdle 
models. Negative values indicate the amount of extrapolation beyond 
the range of observed data during modelling. Figure S9: Body mass dis-
tributions of species included in our empirical (observed) dataset, and 
in the predicted dataset for (A) mammals and (B) birds. Coefficients of 
overlap between the observed and predicted density curves are 0.72 and 
0.86, respectively. Figure S10: Spatial distribution of uncertainties in 
predicted response ratios to hunting pressure of mammals and birds 
based on three body mass categories: a small-bodied mammal (panel A, 
0.3 kg) and bird (panel B, 0.03 kg), a medium-bodied mammal (panel C, 
8 kg) and bird (panel D, 0.3 kg) and a large-bodied mammal (E, 250 kg) 
and bird (panel F, 3 kg). Table S1: List of predictors used in the hurdle 
regression models, their type and transformation, expected relationship 
with abundance ratio, spatial resolution and data sources. Table  S2: 
Summary of the output of the hurdle Bayesian mixed-effects model of 
hunting impacts on tropical mammal abundance. Fixed effects outputs 
are reported for the binomial part of the model (probability of local ex-
tinction). Estimate = Median Posterior Value; SE = standard error, lower 
and upper CI = 95% credible intervals values; pd. = Probability of direc-
tion; Rhat = R-hat convergence diagnostic; Bulk ESS = Bulk Effective 
Sample Size; Tail ESS = Tail Effective Sample Size. Table S3: Summary 
of the output of the hurdle Bayesian mixed-effects model of hunting im-
pacts on tropical mammal abundance. Fixed and effects are reported 
for the continuous and log-normal part of the model (changes in abun-
dance). Estimate = Median Posterior Value; SE = standard error, lower 
and upper CI = 95% credible intervals values; pd. = Probability of direc-
tion; Rhat = R-hat convergence diagnostic; Bulk ESS = Bulk Effective 
Sample Size; Tail ESS = Tail Effective Sample Size. Table  S4: List of 
tropical mammal species that are hunted for food consumption and/or 
trade, along with taxonomic information, mean and median abundance 
response ratio (RR, ranging from 0—local extirpation, to 1—no decline 
in abundance) across the AoH map, standard deviation of RR values, 
min and max values, quartile 1 and 3 values, and interquartile range. 
Table S5: List of tropical bird species that are hunted for food consump-
tion and/or trade, along with taxonomic information, mean and median 
mean and median abundance response ratio (RR, ranging from 0—
local extirpation, to 1—no decline in abundance) across the AoH map, 
standard deviation of RR values, min and max values, quartile 1 and 3 
values, and interquartile range. 
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