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ABSTRACT

Where human settlements abut or intermix with wildlands, people may encounter animals that host zoonotic pathogens which
can spillover to cause human disease. Known as the wildland-urban interface (WUI), this zone occupies around 5% of the Earth's
surface and is home to 3.5 billion people. The rapid spread of SARS-CoV-2 has demonstrated the importance of understanding
risk factors for disease among an increasingly urbanized population. However, the contribution of the WUI to zoonotic disease
risk is poorly understood. Here, we show that low-level host richness occurs throughout most of the global WUI, and 20% of the
human WUI population live in zones of particularly high zoonotic potential, where more than 20 host species could occur. Zones
of high zoonotic potential are concentrated in low-middle-income countries (LMICs) across equatorial Africa, Brazil, Central
America, and Southeast Asia where vulnerability is further elevated by widespread poverty, inadequate housing, and lack of eas-
ily accessible healthcare. Three of four people living in WUTs with high host richness (520 million people) are in LMICs. Of this
population, 35% (183 million) live in and around cities in West, East, and South Africa. This means that WUI-based populations
of LMICs may face the double threat of high zoonotic potential and vulnerability to disease. Our results identify global priorities
for monitoring exposure to zoonotic diseases in the rapidly expanding WUI.

1 | Introduction

In the wildland-urban interface (WUI), buildings meet or in-
termingle with wildland vegetation. The WUT is defined as a
zone that straddles the interface between urban and wildland,
encapsulating areas of both (Radeloff et al. 2005; USDA 2001).
The WUT is prevalent globally, covering roughly 5% of the land
surface (Schug et al. 2023). It is where many human-environ-
mental conflicts are concentrated (Bar-Massada, Radeloff,
and Stewart 2014; Radeloff et al. 2018), and where people and
buildings are most at risk from wildfires (Bento-Gongalves and
Vieira 2020).

The WUTI is also a setting that creates opportunities for human
contact with wildlife, including hosts of zoonotic diseases, which
could lead to spillover transmission into human populations
(Despommier, Ellis, and Wilcox 2006; Plowright et al. 2021).
Human-wildlife contact in the WUI may occur when people
enter wildland areas that provide habitat for zoonotic hosts
while hunting, collecting firewood, harvesting timber, or clear-
ing land for development (Faria et al. 2018). Contact may also
occur where synanthropic species (those with a propensity to
live near human dwellings) found in nearby natural habitats be-
come established and proliferate in urban and agricultural areas
(Ecke et al. 2022).
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Contact between humans and zoonotic hosts can result in spill-
over via multiple pathways, including through direct contact
with infected hosts, transmission from infected host to humans
by insect vectors, ingestion of contaminated animal products,
or exposure to environmentally persistent pathogens that are
shed by infected hosts (Box 1) (Plowright et al. 2017). The risk
of spillover may be exacerbated by livestock farming in the WUI
(Connolly, Keil, and Ali 2020; Hassell et al. 2017). Domestic an-
imals such as cattle, sheep, goats, and pigs are common inter-
mediate hosts for wildlife zoonoses that are passed on to farm
workers (Hassell et al. 2017; Shah et al. 2019).

The potential for zoonotic disease outbreaks is enhanced where
significant concentrations of poverty are found in urban and peri-
urban places. Cities in low- and middle-income countries (LMICs)
are particularly vulnerable. Over 1 billion people globally live in
slums and informal settlements—including more than 50% of
the urban population of sub-Saharan Africa (UN-Habitat 2022).

BOX1 | Spillover pathways at the wildland—-urban interface.

Environmental:

Pathogens are shed by hosts into the environment, such as
from urine or feces. Human spillover infection may occur
through ingestion of the pathogen via contaminated water,
food containing contaminated soil, or directly through the
skin. In the WUI, environmental transmission may be par-
ticularly prevalent in informal settlements where sanitation
is lacking, resulting in frequent contact with contaminated
soil and water sources. Diseases in this category include soil-
transmitted helminths (e.g., Ascariasis) and leptospirosis,
which inflict a large burden across the globe, particularly in
poor communities and informal settlements in the tropics and
subtropics (Bethony et al. 2006; McCarthy and Moore 2000).

Vector borne:

Pathogens are transmitted via the bite of an infected blood-
feeding insect that has previously fed on a competent non-
human host. Vector-borne disease can be maintained in
sylvatic cycles, and spillover into urban populations where
hosts are present in the WUI, such as for yellow fever or
Japanese encephalitis virus. Urban-adapted arthropods,
such as Aedes aegypti, are responsible for rising rates of both
sylvatic and urban viral outbreaks globally, including den-
gue fever (Chala and Hamde 2021).

Direct contact:

Spillover via direct contact between host and human may
occur in the WUI during slaughter of wild animals (e.g.,
Ebola virus), or via a bite or scratch from an infected animal
(rabies virus) (Hikufe et al. 2019; Lawson et al. 2019).

Animal product ingestion:

Ingestion of meat or other animal products can lead to spillo-
ver transmission in the WUT for pathogens such as mpox virus,
where hunting takes place in the WUI and bushmeat is sold in
urban markets (Islam et al. 2023). Spillover from wild animals
in the WUI may also occur via ingestion of meat or dairy from
domestic animals that contracted a disease through vectors
(Crimean Congo hemorrhagic fever (Spengler, Bergeron, and
Rollin 2016)) or direct contact with wildlife hosts (e.g., salmo-

nellosis (Espinosa, Tago, and Treich 2020)).

Concentrations of disadvantage heighten the vulnerability of
urban populations to infectious diseases where poor housing, lack
of sanitation and overcrowding provide suitable conditions for in-
fectious diseases to spread (Alirol et al. 2011; Levy et al. 2014).

The global WUTI is home to approximately 3.5 billion people (Schug
et al. 2023), which means that a large proportion of the global pop-
ulation (44%) could potentially be exposed to pathogens. However,
the risk associated with exposure to zoonotic diseases in the WUI
remains poorly understood. Prior research on urban zoonoses
focuses on spillover within cities where urban-adapted wildlife
species are the zoonotic reservoir or amplifying host (Albery
et al. 2022; Bradley and Altizer 2007). However, urban populations
do not exist in isolation from their surroundings, and the presence
of hosts in surrounding wildlands may be an important risk fac-
tor for spillover, in addition to the conditions of the urban centers
themselves. Given the ramifications that zoonotic diseases can
have for humanity, as highlighted by the COVID-19 pandemic,
there is need to understand the risk factors involved in the epide-
miology of urban zoonotic diseases in the WUL

Mounting concern about how to understand and mitigate spillover
transmission at these key interfaces has led to important concep-
tual advances. For example, Hassell et al. (2017) demonstrate that
complex ecological interactions among humans, wildlife, and live-
stock in urban and periurban areas are important drivers of disease
spillover. The risk of zoonotic spillover associated with urban land
encroaching upon wildlands is discussed in a broader review of
urbanization as a driver of disease emergence by Neiderud (2015)
and as a contributor to disease emergence driven by land-use
change in Asia by Goldstein et al. (2022). However, quantitative
investigations about spillover risk at WUTs have remained limited.

Our goal here was to quantify zoonotic host species richness in
the WUT as a means of understanding zoonotic disease poten-
tial. The host species richness is indicative of pathogen richness
and the diversity of interaction pathways with humans. This
makes host species richness a key biophysical risk factor which,
along with other biophysical and socioeconomic risk factors, de-
termine the risk of spillover occurring. By quantifying zoonotic
host richness, we aim to contribute to the broader understand-
ing of zoonotic disease risk in the WUI.

To do this we conducted a global analysis of mammal host
richness in the WUI that accounts for individual species hab-
itat preferences. We focused on mammalian hosts because the
majority of zoonoses that are emerging in humans persist in
mammals (Han, Kramer, and Drake 2016). We identified places
where large concentrations of human populations in the WUI
overlap with high zoonotic potential. We compare zoonotic po-
tential in high-income countries (HICs) and LMICs in order to
highlight those that face the combined threat of high zoonotic
potential and vulnerability to disease (World Bank 2023).

2 | Results
2.1 | Zoonotic Potential in the Global WUI

We quantified global zoonotic potential by modeling the distri-
bution of 686 terrestrial mammal species associated with 144
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FIGURE1 | Zoonotic mammalian hosts whose geographic ranges and habitat preferences overlap the wildland-urban interface (WUI) is wide-

spread globally. Color scale represents the total number of host species with habitat in the WUI. Host richness is calculated as the mean host richness

in a 10-km-resolution global grid. Host richness in the WUI follows global patterns of species richness, with hotspots occurring in urbanizing regions

of Brazil, equatorial Africa, and Southeast Asia. A large hotspot of host richness also occurs in west-central Europe, where WUIs are widespread.

Map lines delineate study areas and do not necessarily depict accepted national boundaries.

zoonotic diseases in the global WUI. We produced a habitat map
for each host species individually by masking unsuitable habitat
types within the species range (see methods for details and data
sources). We further refined these maps to focus only on habitat
within the WUTI (Schug et al. 2023).

We found that the near-continental-scale distribution of some
habitat generalist host species, such as natal multimammate
mouse (Mastomys natalensis), tanezumi rat (Rattus tanezumi),
and red fox (Vulpes vulpes), means that there is suitable habi-
tat for at least one host species across most of the WUI. Host
richness mirrors global trends in mammal biodiversity: The
highest host richness globally occurs in biodiverse regions of
South America and across the equatorial tropics. This includes
the WUI throughout Central America, equatorial and southern
Africa, and South East Asia. Additional pockets of higher host
richness exist in southern India and southwest China. However,
the WUT in India and China is generally less host rich than in
other parts of Asia (Figure 1).

Beyond the equatorial tropics, host richness is high across a
large area of west-central Europe (Figure 1). This region has
widespread WUI where large established cities occur in land-
scapes with forest and grassland (Schug et al. 2023). Although
the European WUI is typically less biodiverse than the tropics,
the fact that it is so widespread allows for diverse assemblages
of host species.

2.2 | People and Hosts in the WUI

Mammal orders that most commonly occur with human pop-
ulations in the WUT are bats (Chiroptera), rodents (Rodentia),
apes, monkeys and lemurs (Primates), ungulates (Artiodactyla),
carnivores (Carnivora), and hedgehogs and moles (Eulipotyphla)
(Figure 2). At the individual disease level, diverse and widespread
mammalian hosts for diseases such as rabies, leptospirosis,

toxoplasmosis, plague, and leishmaniasis (visceral and cutaneous
forms) co-occur with the largest human populations (Figure 2).

We found that 20% of the human population in the WUT live
in places with high zoonotic potential—with habitat for more
than 20 host species. Three of four people living in WUIs with
high host richness (73% or 520 million people) are in LMICs
(Figure 3). This includes 183 million people in Africa (12% of
its population) (Figure 3), mostly in areas surrounding cities in
Eastern Africa (particularly Kenya, Uganda, Ethiopia, Tanzania,
and Zimbabwe), Western Africa (particularly Nigeria, Ghana,
Burkina Faso, and Cote d'Ivoire), and South Africa (Figure 4).
In South America, over 47 million people (11% of its population)
live in WUTIs with high zoonotic potential (Figure 4). Much of
this population is concentrated in regions surrounding Rio de
Janeiro and Sao Paulo in Brazil. Another hotspot can be observed
in Central America and the Caribbean where 31 million people
live in zones of high zoonotic potential (17% of its population).
In South East Asia, the population in WUIs with high zoonotic
potential is 175 million people (25% of its population).

India and China have moderate zoonotic potential but are home
to very large human populations. We found that 10% of the
combined population of India and China (275 million people)
are exposed to WUIs with high zoonotic potential. However,
an additional 465 million people (16% of the combined popula-
tion) live in WUTIs with moderate host richness that is habitat for
10-20 host species (Figure 3).

Zones of high zoonotic potential also occur in highly urbanized
HICs, especially in west-central Europe, where more than half
of the population live in WUTIs with more than 20 zoonotic host
species (393 million people, 53%). In North America, large pop-
ulations along the east coast live in WUIs with low-to-moderate
host richness. High exposure risk occurs in smaller clusters
along the West Coast (Los Angeles, San Francisco, Seattle) and
the southeastern United States (Florida).
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FIGURE 2 | Human populations globally that are at risk of zoonotic disease transmission due to overlaps between habitat for mammalian hosts
of zoonotic diseases and the wildland-urban interface (WUTI). (a) The global human population in the WUI containing habitat for at least one host
of each mammal order. (b) The global population in the WUTI containing habitat for at least one host of each disease. Diseases are ranked from top
to bottom by the number of people exposed and only diseases with > 500 million people exposed are shown (full data in Supporting Information).

Bar colors indicate the population within each global region. Asia is divided into four regions to provide greater detail (Southeast Asia, India, China,

and all remaining Asian countries). Numbers at the end of bars indicate the number of host species present in each order for A, and number of host

species for each disease for B.
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40f 12

Global Change Biology, 2025

85LB01 7 SUOLUWIOD dA11eR1D) 9|l dde ay) Aq peuenob aJe sojoiie VO ‘8sn J0 SNl 1oy Aleid1T8UIIUQ AB]IM UO (SUONIPUOD-PUR-SLUIB)ALIOY™ A8 | 1M ARed]1|Bul [Uo//ScY) SUOIPUOD pue sWie 1 8y} 89S *[9202/c0/6T] Uo AkeiqiTauliuo AB|IM ‘SeIpms WensAsood JO anisul Aed Aq 6€00£ GoB/TTTT'OT/I0p/W00 A8 1M Aleiq 1 uljuo//Scny Wouy papeojumoq ‘Z ‘520z ‘98v2S9eT



13652486, 2025, 2, Downloaded from https://onlinelibrary.wiley.com/doi/10.1111/gcbh.70039 by Cary Institute Of Ecosystem Studies, Wiley Online Library on [19/03/2026]. See the Terms and Conditions (https://onlinelibrary.wiley.com/terms-and-conditions) on Wiley Online Library for rules of use; OA articles are governed by the applicable Creative Commons License

50f12

0325 252500
| Legend on next page.

Population (thousands)

003

< SJSOU ‘ON

FIGURE 4



FIGURE4 | The distribution of zoonotic host richness (reds) and human population density (blues) in the wildland—urban interface varies glob-
ally. Panels (b and d) show in detail regions in the Global South with large populations living in the WUTI with high zoonotic potential: Brazil and
Central America, Southeast Asia, and equatorial Africa, respectively. Map lines delineate study areas and do not necessarily depict accepted national

boundaries.

3 | Discussion

Our analysis demonstrates that hosts of zoonotic disease are
widespread throughout the WUI. We find that 20% of the human
population in the WUI are in zones of high zoonotic potential.
Hotspots where large human populations intersect WUIs with
high zoonotic potential are in Brazil, equatorial regions of East
Africa and West Africa, and parts of Southeast Asia (Figure 4).
In zones of high zoonotic potential, the presence of diverse host
assemblages represents an important precondition for spillover
and provides a measure of the biophysical risk associated with
the WUI. Active clearing of wildlands, hunting, collection of
firewood, and recreation in wildland areas can lead to direct
exposure to pathogens of wildlife (Burthe et al. 2021). The pres-
ence of periurban agriculture can exacerbate risk of exposure
where livestock act as intermediate or amplifying hosts for zoo-
notic diseases (Hassell et al. 2017). These zones of high zoonotic
potential provide a way to better visualize the global risk of spill-
over in the WUI going forward.

Our analysis revealed that zoonotic potential in much of China
and India is generally lower than in other parts of Asia. Cities
in China and India are more often located in agricultural
landscapes compared to other cities in Asia and these agricul-
tural landscapes have relatively little WUT (Schug et al. 2023).
Our analysis shows that these areas support fewer mamma-
lian host species in the WUI as a result. India and China are,
however, home to a combined population of around 2.8 billion
people, or around one-third of the global population (United
Nations Department of Economic and Social Affairs Population
Division 2022). While the zoonotic potential is lower than in
countries such as Brazil, the presence of such large human pop-
ulations increases the risk of exposure to hosts at the population
level and the risk of density-dependent pathogen spread follow-
ing spillover infection (Figure 4).

A surprising result of our analysis was the identification of a
zone of high zoonotic potential in northeastern North America
and west-central Europe, which are not species-rich areas in
general. High host richness here may be explained by the large
WUTI area in these regions and some geographic sampling bias,
as discussed further below.

3.1 | Implications for Future Urbanization

The potential implications of the emergence of new zoonotic
diseases are substantial as shown by the global spread of SARS-
COV-2 in 2019, and the ongoing burden of neglected endemic
zoonoses such as leishmaniasis and Chagas disease, which
impose substantial health burdens, especially for some of the
poorest populations (Halliday et al. 2015). More than half of
the global population already lives in cities, and urban popula-
tions are set to increase by 2.5 billion people by 2050 (United

Nations Department of Economic and Social Affairs Population
Division 2018). As much as 90% of this growth is predicted to
occur in Asia and Africa (particularly in China, India, and
Nigeria) (United Nations Department of Economic and Social
Affairs Population Division 2018), that is, in the places that we
identify as already having large populations living in WUIs with
high zoonotic potential. This concentration of the global popu-
lation into urban areas, and subsequent urban land expansion
could facilitate increasing frequency of contact between people
and the hosts that we identified. This means that management
of exposure to zoonoses in the WUT could become an increas-
ingly important component of infectious disease and pandemic
prevention globally.

3.2 | The Role of Socioeconomic Factors

Our quantification of the global WUI reveals hotspots of po-
tential human contact with zoonotic mammalian hosts. These
hotspots are based on biophysical factors, including the prox-
imity of houses to wildlands, and the richness of host species,
which may influence the nature and frequency of transmissi-
ble contacts leading to zoonotic spillover. However, given con-
tact, the vulnerability of human populations to disease is also
spatially variable. Vulnerability encompasses a complex set of
economic, cultural, and political factors that govern the degree
of exposure, susceptibility to infection, and progression to dis-
ease once exposure occurs. Socioeconomic conditions, political
instability, conflict, and environmental health all differentially
influence disease vulnerability.

Poverty is a particularly important amplifier of vulnerability to
disease (Winck et al. 2022), which is why our finding that most
people living in WUTs with high zoonotic potential are found
in LMICs is cause for concern. Urban growth in LMICs is often
informal, and poverty, poor-quality housing, lack of access to
healthcare, and insecure land tenure can all contribute to ele-
vated vulnerability to zoonotic disease (Chumo et al. 2023). In
many cases, marginalized and disadvantaged communities
have little choice in interacting with high-risk environments
during their daily activities and often lack the means to make
such activities safer (Evans et al. 2022). This includes, for exam-
ple, the presence of domestic animals in living spaces (Barnes,
Mumma, and Cumming 2018), or exposure to mosquitos from
the use of outdoor spaces for washing and cooking where homes
lack indoor plumbing (Evans et al. 2022). Impoverished commu-
nities in zones of high zoonotic potential therefore face the dou-
ble threat of high zoonotic potential and vulnerability to disease.

Poverty is not, however, the only driver of zoonotic disease
risk and some socioeconomic characteristics of HICs also in-
crease vulnerability to disease. Our study demonstrates that
hosts of zoonotic disease are present in widespread WUIs in
WEST-central Europe and the East Coast of North America.
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The low-density, sprawling style of urban development typ-
ical of North American cities, for example, brings people into
contact with forests that contain hosts and vectors for Lyme
disease (Bisanzio et al. 2020). Recreational use of wildlands
within WUIs may also be more common in wealthier countries
(Balmford et al. 2015). The roles that socioeconomic factors play
in mediating exposure to hosts in the WUT, and for zoonotic dis-
eases more broadly, are poorly understood and will be an im-
portant area of future research.

3.3 | Study Limitations

Our findings are based on the distribution of known hosts of
known zoonotic pathogens in the global WUI. As such, they re-
flect both the current state of knowledge about mammal hosts
and their associated zoonotic pathogens, including substantial
gaps and biases in existing datasets. Pathogen sampling is bi-
ased toward well-studied, cosmopolitan host species, hosts
that live in or near urban areas (Albery et al. 2021; Albery
et al. 2022), zoonoses affecting human or domesticated animal
health (Albery et al. 2021), and HICs, where more resources are
available to fund research into zoonotic diseases (Han, Kramer,
and Drake 2016). Ecological geospatial datasets such as the col-
lections of expert range maps used in this study are also biased
toward wealthier regions. This means there are potentially com-
pounding biases where data on both host-pathogen associations
and species distributions are lacking in developing regions.
The results of our analysis reflect these biases. We note, for
example, the large region of high host richness in west-central
Europe. WUIs occupy around 15% of the land area in Europe,
the highest of any global region (Schug et al. 2023). Widespread
habitat for hosts of zoonotic diseases with the expansive WUI
in Europe most likely contributes to the high host richness
there. However, it is also likely that geographic biases in host
and pathogen sampling may have contributed to the apparent
concentration of hosts in this region. The reverse geographic
bias may explain the sparsity of hosts in the WUT in places like
Sri Lanka, Madagascar, Indonesian Borneo, and the Caribbean
where high overall vertebrate richness suggests a higher patho-
gen richness than shown in our results (Guernier, Hochberg,
and Guégan 2004; Jones et al. 2008).

Our method relies on mapping habitat suitable range—suitable
habitat for a species within its known range. HSR maps do not
necessarily indicate presence but give an indication of the poten-
tial for a species to occur. The presence/absence and abundance
of a species within the WUTI will also depend on other ecological
parameters that are difficult to measure at a global scale, such
as the level of habitat degradation, predator/prey interactions,
hunting pressures, and other factors.

It is important to note that while our analyses characterize
broad patterns of zoonotic risk at the WUI, the presence of suit-
able habitat does not presuppose transmissible contact between
hosts and humans. For example, nuances in habitat usage may
render transmissible contact unlikely (e.g., between rare arbo-
real species and humans). Conversely, our analyses treat species
that thrive to high abundances in human-dominated settings
similarly to species that may be present but much less likely to

contaminate human dwellings, or whose abundances will de-
crease, not increase, in urban settings. Thus, translating these
broad patterns into management actions will rely on integrat-
ing our understanding of host behavioral ecology and pathogen
transmission modes in the WUTI. The results of our study need
to be considered in the context of these biases and limitations.

4 | Conclusions and Further Work

Human encroachment into wildlands and habitat fragmentation
are two of the most important mechanisms fostering zoonotic
disease outbreaks. Intrinsic to this spillover process is trans-
missible contact between host and human. Here, we identify
global trends in zoonotic potential at spatial resolutions that are
relevant for local human populations and, therefore, also local
control and mitigation efforts. A main finding of our analysis
is that populations in hotspots of the greatest zoonotic potential
are predominated in LMICs where vulnerability to disease may
be highest.

We highlight how hosts in the WUTI can influence urban disease
outcomes, linking existing knowledge about land-use patterns
with zoonotic disease emergence in cities. For instance, under-
standing human-animal interactions at the WUTI can provide
a link between research on diseases with a known association
with forest fragmentation (e.g., Brazilian spotted fever or Ebola
virus disease (Rulli et al. 2017; Scinachi et al. 2017)) and diseases
of urban poverty (Hotez 2017; Neiderud 2015), in places where
forest fragmentation occurs due to expansion of urban slums.
Human interactions and behaviors that govern the likelihood
of pathogen transmission in the WUI will vary substantially by
region, culture, socioeconomics, and the ecology of animal host
communities. The pathways by which connectivity between
cities and their surrounding landscapes could influence urban
health are largely unexplored and represent an important area
of future research. This will involve developing a deeper under-
standing of how urban and periurban residents interact with
nature in ways that increase risk of infection. Examples could
include assessing how factors, such as proximity to wildlands,
forms of employment, or recreation that involve contact with na-
ture, and patterns of rural-urban travel can influence localized
disease outcomes!®.

Collectively, our findings emphasize the need to better integrate
knowledge of landscape patterns into urban infectious disease
research and policy. Understanding mechanisms of exposure
and spread of zoonotic diseases in the rapidly expanding WUI
will be a key component of global efforts to reduce zoonotic bur-
dens and prevent future zoonotic outbreaks.

5 | Methods

5.1 | Host-Pathogen Associations

We analyzed previously collected data on the status of 731
mammal species and their association with 150 zoonotic

diseases using primary literature cited within the Global
Infectious Disease and Epidemiology Network (GIDEON)
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(GIDEON 2023). We accessed and collated these data on
August 12, 2019, after which each unique mammal host-zoo-
notic disease record was corrected (e.g., for false positives and
incorrect associations) by checking primary literature. We up-
dated disease names with the current names from GIDEON.
This left a total of 144 zoonotic diseases. In several cases, it
was unclear whether a mammal species is a true reservoir re-
sponsible for maintaining sylvatic transmission, a dead-end
host not contributing to onward transmission, or a sentinel
host whose seropositivity confirms pathogen exposure but
not active infection or potential spillover transmission. While
these distinctions are the subject of ongoing refinement by
the scientific community, the host-zoonosis association data
used in this paper treat all the above scenarios as positive as-
sociations, which offers a useful, but conservative estimate of
where zoonoses occur globally. For more background on the
development and application of host-pathogen data, see Han,
Kramer, and Drake (2016).

Diseases spread entirely via human-human transmission were
excluded. We included zoonotic diseases that have established
endemic human-human transmission cycles if there is evidence
that zoonotic spillover can still occur. This included diseases
such as sylvatic malaria, sylvatic dengue, Zika, and chikun-
gunya viruses. We acknowledge that spillover events directly
from animal hosts are likely to be rare for these diseases but
include them because they are part of the global picture of expo-
sure to zoonotic hosts.

We harmonized mammal host names in the host-pathogen
dataset with the Mammal Diversity Database (MDD) taxon-
omy v1.9.1 (MMD 2022). We excluded species that could not be
matched by either the MDD scientific name directly or via the
equivalent species name from the Mammal Species of the World
(MSW) taxonomy (Wilson and Reeder 2005) as per the “MSW3”
column in the MDD database. This gave us a total of 686 mam-
mal host species.

5.2 | Global WUI

We here used a previously published global-scale raster data-
set of the WUI with a 10m spatial resolution (WUTI) (Schug
et al. 2023). This dataset distinguished between intermix WUTI
where buildings directly mix with wildland vegetation and in-
terface WUTI where buildings are in proximity to large patches
of wildland vegetation. It additionally distinguished between
WUI dominated by grassland versus dominated by other wild-
land vegetation and distinguished between four non-WUI
background classes. The global WUT dataset is based on spa-
tial analysis, extracting information from global land cover
(European Space Agency World Cover (Zanaga et al. 2020))
and building density raster data (Global Human Settlement
GHS-BUILT-S—R2022A (Pesaresi and P. 2022)). The global
WUI data followed the conceptual WUI definition of the
US Federal Register (Forest Service 2001), which is the most
widely used WUI definition in the United States and many
other countries (Radeloff et al. 2005; Schug et al. 2023). The
global WUI workflow identified intermix WUT in each raster

pixel where building density in a 500m radius was >0.5%
and wildland vegetation in the same radius was >50%. The
workflow identified interface WUT in each raster pixel where
building density in a 500m radius was >0.5%, wildland veg-
etation in the same radius was <50%, and where a patch of
wildland vegetation > 5km? was less than 2.4km away. Areas
with a building density >15% were excluded from intermix
WUI based on careful inspection of the data. For our analysis,
we reclassified the global WUI dataset into WUT versus non-
WUI raster pixels. We aggregated the data from its original
10m resolution to a 300 m resolution using a nearest-neighbor
approach to match the resolution and grid of the host species
habitat maps (see below).

5.3 | Habitat Mapping

We used a recently published set of mammal expert range maps
(Marsh et al. 2022) to define species ranges. We filtered the full
set of species to those that matched our host-pathogen data and
rasterized each range map at 300 m resolution. This created a
binary raster range map for each species which we reprojected
into the Equi7Grid projection (Bauer-Marschallinger, Sabel,
and Wagner 2014) and analyzed in 100-km tiles.

We gathered species habitat and elevation preferences from
Map of Life (Jetz, McPherson, and Guralnick 2012) (see www.
mol.org). Global landcover was available in the European
Space Agency's CCI landcover dataset v2.1.1 (European Space
Agency 2017) and elevation in the global ALOS World 3D 30-m
mesh digital elevation model v3.2 (DEM) (Tadono et al. 2016).
We reprojected both datasets to the Equi7Grid and divided them
into 100-km tiles. The CCI landcover layer has a native 300 m
resolution, and we aggregated the DEM from 30 to 300 m using
nearest-neighbor interpolation.

Range maps define the full range of a species and typically contain
areas of nonsuitable habitat in which the species is not expected
to occur. We used Map of Life habitat and elevation preferences
to refine the range maps using a modified method based on the
approach of Powers and Jetz (2019). The range maps are refined in
three steps. First, using the CCI landcover layer to define land-use
categories, we masked each species’ rasterized range map to in-
clude only those land-use categories identified as suitable habitats
by the MOL habitat preference dataset. Second, we further masked
this map to exclude areas within the range map but outside the
elevation limits identified in the MOL habitat preferences data.
Finally, we used the global WUT dataset to mask the habitat map
for each species to include only habitat in the WUT. This returned
a tiled, binary habitat map for each species, constrained to suitable
habitat and elevation within the WUL

This method sometimes maps host species’ habitat outside of
the range where endemic transmission of a disease is known to
occur. This means, for example, we identify hosts of yellow fever
in Asia, where an outbreak caused by endemic transmission has
not been recorded. In many cases, there is still poor understand-
ing of pathogen cooccurrence where host species are recorded,
but endemic transmission is not. We include the full host range

8 of 12

Global Change Biology, 2025

85LB01 7 SUOLUWIOD dA11eR1D) 9|l dde ay) Aq peuenob aJe sojoiie VO ‘8sn J0 SNl 1oy Aleid1T8UIIUQ AB]IM UO (SUONIPUOD-PUR-SLUIB)ALIOY™ A8 | 1M ARed]1|Bul [Uo//ScY) SUOIPUOD pue sWie 1 8y} 89S *[9202/c0/6T] Uo AkeiqiTauliuo AB|IM ‘SeIpms WensAsood JO anisul Aed Aq 6€00£ GoB/TTTT'OT/I0p/W00 A8 1M Aleiq 1 uljuo//Scny Wouy papeojumoq ‘Z ‘520z ‘98v2S9eT


http://www.mol.org
http://www.mol.org

TABLE1 | Global region classifications based on columns in the Natural Earth Admin 0-Countries 1:50 vector data, and the Equi7Grid dataset.
Classification was done at the scale of each 100-km tile in the Equi7Grid projection. The AND/OR column indicates where conditions for both (AND)

or either (OR) datasets must be met for classification into a given region.

Region Natural earth data attributes AND/OR Equi7Grid attributes
North America SUBREGION! = Central America and Caribbean AND ZONE == Northamerica
South America SUBREGION! =Central America and Caribbean AND ZONE == Southamerica
Central America and SUBREGION == Central America OR — —
Caribbean (NAME_LONG == Cuba OR
NAME_LONG == Jamaica OR
NAME_LONG == Haiti OR
NAME_LONG == Dominican Republic)

Europe NAME_LONG == Spain OR ZONE == Europe
Oceania — — ZONE == Oceania
Africa — — ZONE == Africa
India NAME_LONG == India — —
China NAME_LONG == China — —
Southeast Asia SUBREGION == South-Eastern Asia — —
Rest of Asia NAME_LONG!=China AND AND ZONE == Asia

NAME_LONG!=India AND
SUBREGION! =South-Eastern Asia

to indicate the potential range of risk associated with spillover
transmission of each disease in the WUI.

We calculate host richness by summing host species with suitable
habitats identified by our refined range maps at the pixel level.

5.4 | Population

We used the ESA's Global Human Settlement Layer (GHSL) data
(ver. R2022A) to estimate global population at 100 m resolution
in 2020 (Schiavina et al. 2023). We also reprojected these data
into the Equi7Grid at their native resolution and split them into
100-km tiles.

We estimated the size of the population exposed to different lev-
els of zoonotic host richness by first reclassifying global maps of
host richness into bins with intervals of five. We disaggregated
the host richness maps to 100 m resolution to match the popula-
tion raster and then summed the population at each binned host
richness level.

We used country-level income as a proxy for understanding
vulnerability to disease by dividing countries into HICs and
LMICs, respectively, based on the World Bank classification for
2022 (World Bank 2023). This coarse categorization does not
capture substantial economic, cultural, and political heteroge-
neity, which is difficult to quantify (Haug, Braveboy-Wagner,
and Maihold 2021). It also glosses over the fact that many LMICs
are exceptionally well prepared to respond to endemic spillover
events that occur with regularity (e.g., Ebola virus spillovers in

Uganda (Potter et al. 2022)). Here, we include it as a first proxy to
highlight populations that may be disproportionately vulnerable
and are deserving of more detailed study.

5.5 | Global Regions

We summarized our results across seven key global regions
(Table 1, Figure 5). Asia is divided into four subregions: India,
China, Southeast Asia, and all remaining Asian countries to
avoid generalizing over a very large percentage of the global
population. Each 100-km tile was assigned to one region. Where
tiles spanned more than one region (i.e., along region borders),
the tile was assigned to the region with the largest overlap.
Regions were defined by a combination of Natural Earth Admin
0-Countries 1:50 global vector maps and the Equi7Grid meta-
data as shown in Table 1.

5.6 | Software

We conducted all analyses using R (version 4.3.2) (R Core
Team 2023), specifically using the sf package (version 1.0-13)
(Pebesma 2018) to handle vector data, stars (version 0.6—4) for
raster data (Pebesma and Bivand 2023), and tidyverse (version
2.0.0) to analyze data and create figures (Wickham et al. 2019).
Automation of the GIDEON API queries was performed using
the httr2 package (version 0.2.3) (Wickham 2023). Analyses
were processed on Yale's high-performance compute clusters on
a tile-by-tile basis, which allowed us to distribute tasks across
multiple cores.
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FIGURES5 | Global regions used for analysis. Map lines delineate study areas and do not necessarily depict accepted national boundaries.
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