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Abstract
As a source of emerging infectious diseases, wildlife assemblages (and related spatial
patterns) must be quantitatively assessed to help identify high-risk locations. Previous
assessments have largely focussed on the distributions of individual species; however, transmission dynamics are expected to depend on assemblage composition.
Moreover, disease–diversity relationships have mainly been studied in the context of
species loss, but assemblage composition and disease risk (e.g. infection prevalence in
wildlife assemblages) can change without extinction. Based on the predicted distributions and abundances of 4466 mammal species, we estimated global patterns of disease risk through the calculation of the community-level basic reproductive ratio R0,
an index of invasion potential, persistence, and maximum prevalence of a pathogen in
a wildlife assemblage. For density-dependent diseases, we found that, in addition to
tropical areas which are commonly viewed as infectious disease hotspots, northern
temperate latitudes included high-risk areas. We also forecasted the effects of climate change and habitat loss from 2015 to 2035. Over this period, many local assemblages showed no net loss of species richness, but the assemblage composition (i.e.
the mix of species and their abundances) changed considerably. Simultaneously, most
areas experienced a decreased risk of density-dependent diseases but an increased
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risk of frequency-dependent diseases. We further explored the factors driving these
changes in disease risk. Our results suggest that biodiversity and changes therein
jointly influence disease risk. Understanding these changes and their drivers and ultimately identifying emerging infectious disease hotspots can help health officials prioritize resource distribution.
KEYWORDS

assemblage composition, climate change, emerging infectious diseases, habitat loss, infectious
disease hotspots, species distributions
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I NTRO D U C TI O N

defences (Downs et al., 2020). This relationship between body
mass and competence could arise via two mechanisms (Joseph

Emerging infectious diseases (EIDs) threaten public health, animal

et al., 2013). First, life-history theory suggests that short-lived

husbandry, and wildlife conservation (Daszak et al., 2000). The ma-

(usually relatively small) species invest more in reproduction and

jority of these diseases originate from wildlife (i.e. zoonoses), partic-

less in immune defences (Cronin et al., 2014). Smaller species may

ularly mammals (Cleaveland et al., 2001). Studying distributions of

therefore be more susceptible to infection (Ricklefs & Wikelski,

key wildlife hosts has contributed greatly to our current understand-

2002). Second, the parasite local-adaptation theory suggests that

ing of EID hotspots (Hay et al., 2013); however, accounting for other

parasites evolve to exploit the most common species, which are

co-occurring species within wildlife assemblages is a necessary next

also usually relatively small. This evolutionary response is driven

step, since the assemblage composition shape transmission dynam-

by selective pressures associated with the loss of host species

ics (Chen & Zhou, 2015). Biodiversity is experiencing significant

during community disassembly (Ostfeld et al., 2014). Negative re-

losses globally (McGill et al., 2015), with one quarter of all mammal

lationships between body mass and host competence have been

species threatened by extinction (Díaz et al., 2019). Thus, under-

reported in multiple pathogen systems, including Borrelia burgdor-

standing the links between biodiversity loss and zoonotic disease

feri (Banerjee et al., 2017; Ostfeld et al., 2014), Eastern equine virus

risk is increasingly urgent.

(Huang et al., 2013), West Nile virus (Banerjee et al., 2017; Huang

Many previous studies of diversity–disease relationships have

et al., 2013), and Ribeiroia ondatrae (Johnson et al., 2012). Recently,

identified host species richness (SR) as a prime driver of disease

the negative relationship between body mass and host compe-

risk dynamics (Ostfeld & Keesing, 2012). Host SR is linked to re-

tence has also been detected across orders (Downs et al., 2020).

duced disease risk (i.e. the dilution effect) in many different dis-

While other factors (e.g. sociality and gregariousness (Altizer et al.,

ease systems (Civitello et al., 2015; Huang et al., 2017; Ostfeld &

2003) may also influence host competence, body mass is the most

Keesing, 2012). However, the overall direction and strength of the

commonly used proxy.

diversity–disease relationship remain unclear (Huang et al., 2016;

Life history and its proxies predict not only host competence

Wood et al., 2014), with the impact of host SR potentially depend-

but also the population sizes of species. Larger species are rarer

ing on the type of disease transmission (i.e. density-dependent vs.

than smaller species due to the high energetic requirements associ-

frequency-dependent; Dobson, 2004; Joseph et al., 2013). In addi-

ated with large body mass (Damuth, 1981; Silva & Downing, 1995).

tion to SR, the composition of local species assemblages (i.e. which

Likewise, carnivores tend to be rarer than similarly sized herbivores

species are present and at what abundances) can also influence

due to lower resource availability and energy conversion efficien-

disease risk (Chen & Zhou, 2015) as species vary considerably in

cies (Silva et al., 1997). The size of suitable habitat also influences

their host competence (i.e. their ability to transmit a pathogen to

animal population sizes, and its loss typically translates into popula-

another susceptible host; Merrill & Johnson, 2020). For example,

tion declines. Population declines (and related increases in relative

wildlife communities with more abundant high-competence hosts

abundances of other members of the assemblage) typically occur

would show higher disease risk compared with communities with

well before local extinctions (Gaston & Fuller, 2008; Hillebrand

more abundant low-competence hosts. However, rare studies inte-

et al., 2008). Shifts in assemblage composition can therefore affect

grated host abundance in mapping zoonotic disease risk (Keesing &

disease risk before changes in SR. Understanding these effects can

Ostfeld, 2021).

provide insights into spatial patterns in disease risk among wild an-

Variation in host competence may relate to variation in life history and its proxies, such as body mass (Merrill & Johnson, 2020).

imals, thereby facilitating predictions about EID outbreaks (Jones
et al., 2008).

For instance, small-b odied species tend to have a higher host

We conducted a three-p ronged analysis (Figure S1) to

competence than larger-b odied ones (Huang et al., 2013; Johnson

study global patterns both in disease risk and in biodiversity-

et al., 2012). Moreover, larger species of mammals generally have

associated changes this risk. First, we mapped a global disease

higher neutrophil concentrations, indicating stronger immune

risk based on species distribution and abundance projections of

|

WANG et al.

4466 mammal species, and we identified current hotspots of
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2.1 | Species distribution

disease risk (per grid cell, 0.5° resolution, 55 km at the equator).
We then compared this map (i.e. per grid cell) with the risk pat-

2.1.1 | Climatic variables

tern of EID events originating from wild mammal species (Allen
et al., 2017). Second, we forecasted future hotspots of disease

To simulate climate change effects on the distribution of mammal

risk using mammal assemblages predicted for the year 2035

species, we first derived climatic conditions from the IPCC AR5.

under two different shared socioeconomic pathways (SSPs;

We used three future scenarios Representative Concentration

O'Neill et al., 2014). These SSPs integrated a combination of cli-

Pathway (RCP) simulations (3, 4.5, and 8.5 W/m2 of radiative forc-

mate model projections, socioeconomic conditions, and possible

ing), respectively compatible with 0.4–1.6, 0.9–2.0, 1.4–2.6 average

climate policies. The first scenario (SSP1) assumes low human

degree warming with respect to the 1986–2005 average. The three

population growth, proactive environmental protection, and

RCPs considered were combined with two shared SSPs. The first,

low vulnerability to climate change; the second scenario (SSP3)

SSP1, assumes low challenges for mitigation and adaptation (i.e. low

assumes the opposite (high population growth, reactive envi-

human population growth, proactive environmental protection, and

ronmental protection, and vulnerabilities to climate change that

low vulnerability to climate change). The second, SSP3, assumes

vary regionally). Third, we analysed the impact of assemblage

high challenges for mitigation and adaptation (i.e. high population

composition variables (e.g. SR and evenness in abundance),

growth, reactive environmental protection, and vulnerabilities to cli-

changes in these variables, and their interactions on disease risk

mate change vary regionally). For each scenario, we used 17 General

(i.e. community R0).

Circulation Models (GCMs; Table S6) in climate change projections,
and then calculated the median value of 14 bioclimatic variables

2
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(Table S5) across 17 GCMs to account for the large uncertainties
between different models (Rowlands et al., 2012). Projecting species responses for each of the individual GCMs is computationally

We first modelled species distribution of 4466 mammal species

impractical and time-consuming; however, the observed trends are

in the year of 2015 and projected it for the year of 2035 with a

very closely tracked the ensemble median (Ameca y Juárez et al.,

resolution of 0.5° at global level (Figure S1). For each time step,

2013). The median bioclimatic variable layers were derived for two

we predicted the average population density of each species to

time points: 2015 and 2035. For consistency with the standard pro-

estimate mammal assemblage composition in each cell. For species

cedure used to prepare present bioclimatic variables and to reduce

distribution (Section 2.1), we obtained species geographical range

the influence of outliers, each year was calculated as an average over

from IUCN and derived climate data from the Intergovernmental

a 30-year period, that is, 2000–2030 for 2015, and 2020–2050 for

Panel on Climate Change (IPCC) Fifth Assessment Report (AR5)

2035.

project (Section 2.1.1). We applied bioclimatic envelope models
to investigate the relationships between climate and species geographical ranges, and then predicted species distributions for the

2.1.2 | Bioclimatic envelop modelling

years of 2015 and 2035 (Section 2.1.2). We estimated the Area
of Habitat (AOH) within the predicted distribution using habitat

We estimated the effects of climatic variables on species distribu-

preferences rules (Section 2.1.3). We then predicted the average

tion by fitting bioclimatic envelopes at 0.5° resolution for 3,031

species abundance within species' habitats using population den-

terrestrial mammal species. For another 2033 species, we assumed

sity models with taxonomic information and species traits (body

constant ranges over time. We made this assumption because their

mass and diet) as predictors, and constructed the mammal assem-

current range was either too small to sample at least 30 presence

blage for each grid cell for the years 2015 and 2035 (Section 2.2).

points for fitting bioclimatic envelope models or their ranges al-

For each mammal assemblage, we then applied a multi-species SIR

most entirely occupied an entire landmass, and therefore we could

model to calculate the community-level basic reproductive ratio,

not draw sufficient pseudo-absence points to fit these models.

community R0, as a measurement of disease risk (Section 2.3).

Furthermore, 598 species were excluded from the analysis, as there

Community R0, which is positively related to maximum infection

were no range maps available so that the species could not be mod-

prevalence, can be used as a proxy for pathogen invasion and per-

elled. We used two statistical models, Generalized Linear Models

sistence (Dobson, 2004). Community R0 has been widely used

and Generalized Additive Models (Beaumont et al., 2016), to fit

in previous theoretical studies on diversity–disease relationships

current bioclimatic envelopes and project these envelopes for both

(Chen & Zhou, 2015; Joseph et al., 2013). We compared this cur-

SSP1 and SSP3. We allowed the algorithm to fit up to a third-order

rent disease risk map with the risk pattern of EIDs originating from

polynomial of each variable in the GLM and fit cubic splines at each

wild mammals (Allen et al., 2017) to estimate its predictive accu-

knot in the GAM.

racy (Section 2.4). Finally, we used General Linear Models (GLMs)

We obtained the presence points to fit the models by system-

to explore the factors driving the changes in disease risk between

atically sampling one point location at each grid cell within the cur-

the current and future (Section 2.5).

rent species current range (IUCN, 2015). This method of modelling

4998
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bioclimatic envelopes allows robust projections of species responses

habitat area due to the consideration of climate only in climatic en-

to climate changes (Hof et al., 2018; Newbold, 2018; Thuiller et al.,

velope models (Visconti et al., 2016).

2019; Visconti et al., 2016). To avoid creating pseudo-absences in

Following this approach, only climatically suitable grid cells

areas of potentially suitable climate falling outside the reach of the

with suitable habitat were considered for abundance predictions

species, pseudo-absence points were obtained by systematically

(Section 2.2). In total, we had 4466 species of terrestrial mammals

sampling areas outside the current species' current range but within

for which range data and habitat preferences were available to

the same continents/islands and the same biogeographical region

produce habitat suitability models. For the 3031 species for which

(prediction extent). We drew a random sample of pseudo-absences

bioclimatic envelopes were possible, we took the conservative

equal to the minimum between 80% of unoccupied grid-cells within

assumption that species were not able to colonize newly suitable

the prediction extent, and 1000 pseudo-absences. For each model,

habitat that was not in the list of current suitable habitat types for

presences and absences were weighted in order to reach a preva-

each of the species.

lence of 0.5 in the training dataset. This pseudo-absence draw was
performed five times. For each draw, we repeated three times a
bootstrapping procedure by keeping 80% of the data to calibrate

2.2 | Population abundance predictions

the model and using the remaining 20% for validation (Newbold,
2018). Therefore, we had 30 models in total for each species, year

To predict species population abundance within suitable habitat,

and climatic scenario from the combination of two statistical models

we constructed predictive models based on the density records

(GLM and GAM), five pseudo-absences draws, and three input data

from the TetraDENSITY database (Santini et al., 2018a) following

resamples. We binarized the probabilistic models using the probabil-

(Santini, Isaac, Maiorano, et al., 2018). The density records we col-

ity thresholds that maximized the True Skill Statistic (TSS; Allouche

lected included 12,209 records of 717 mammalian species. These

et al., 2006), which is equal to sensitivity (true presence rate) plus

density records were estimated using different methods (e.g. mark–

specificity (true absences rate) minus 1. TSS varies from −1 to 1 with

recapture, distance sampling, census, etc.). For each species and

0 meaning a predictive capacity close to random and values >0.5

sampling method, we obtained the median population density, re-

and >0.8 are generally recognized as indicating good and very good

sulting in a dataset of 1171 estimates. The predictive models were

predictive capacity, respectively. For each species, year, and cli-

obtained by fitting mixed-effects models with body mass and diet

matic scenario, we combined all bioclimatic envelope models with a

information from the EltonTrait database (Wilman et al., 2014) as

TSS>0.8 (obtained from the bootstrapping procedure) by taking the

fixed predictors. For diet variables, we considered the percentage of

ensemble mode value (between predicted presence and absence) for

seven diet items for all species: carnivory (sum of fish, ectotherms,

each grid cell so that the final mode value was the consensus of only

endotherms, and unknown categories), insectivory, scavenging, nec-

high-performing models.

tarivory, frugivory, granivory, and consumption of other plant items
(herbivory/folivory). Population density and body mass variables
were log10-transformed prior fitting models. We considered a cubic

2.1.3 | Quantifying the AOH

term for body mass (Silva & Downing, 1995) and a quadratic term
for all diet variables. We included taxonomic order, family, and spe-

Species distributions were estimated based on suitable climate con-

cies as nested random effects to account for taxonomic relatedness

ditions using Bioclimatic envelope models (Section 2.1.2). However,

and average differences in population density in different taxonomic

within this distribution, the habitat may not be suitable. IUCN habi-

groups (Santini, Isaac, Maiorano, et al., 2018). We also included an

tat preference rules were then applied to identify and quantify the

additional random effect for the sampling method, encompass-

AOH for each species within the species' distribution (Brooks et al.,

ing broad categories of methods for estimating population density

2019; Rondinini et al., 2011; Santini et al., 2019; Visconti et al., 2011,

(Santini, Isaac, Maiorano, et al., 2018). We ran a full model selection

2016). The variables considered in the models were the elevation,

based on predictive accuracy of models (Santini, Isaac, Maiorano,

land cover, and land-use type. Each combination of land cover and

et al., 2018): we validated each model using a taxonomic-block vali-

land-use was scored as either suitable or not according to IUCN ex-

dation at the level of taxonomic orders (Roberts et al., 2017), itera-

pert knowledge (Rondinini et al., 2011), based on the habitat prefer-

tively fitting the model on all but one taxonomic order and validating

ence and the tolerance to human disturbance collected from IUCN

the model the order excluded. This allowed us to quantify the pre-

Red List data. This exercise reflects what is known in the literature

dictive error when extrapolating on species outside the sample in

about the species according to experts; some level of subjectivity

terms of minimum absolute error (MAE). We selected the models

can be present. Another limitation is the inconsistency in the level

with the lowest average MAE per taxonomic order weighted by the

of knowledge across a wide range of species. Despite the fact that

number of species per order. The model with the highest predictive

results might be influenced by the available knowledge on the spe-

accuracy was:

cies, this approach is commonly used to quantify the species' AOH
of many species globally (Jung et al., 2020). It allows to use species-

Density ∼ BM + I(BM2 ) + I(BM3 ) + Inv + Carn

specific information and reduces the over-estimation of available

+ (1|Order/Family/sp_id) + (1|Method),

(1)

|
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TA B L E 1 The definitions and values of parameters used in SIR model
Parameter

Definition

Value

wi

Body mass of species i

Obtained from EltonTrait database (Wilman
et al., 2014)

bi

Birth rate of species i

0.4wi− 0.26

di

Death rate of species i

0.4wi− 0.26

Ni

Abundance of species i

From the species abundance projections

vi

Disease-induced mortality

0.5di

R0i

Intraspecific basic reproductive rate

~ Γ(k, θ)

k

Shape parameter for Gamma distribution

0.5

θ

Scale parameter for Gamma distribution

1.5

βii

Intraspecific transmission rate

R0i × (di + vi + ri )/Ni

βij

Interspecific transmission rate

c × (βij + βji)/2

c

Interspecific transmission scaling coefficient

0.05

ri

Recovery rate

10

Abbreviation: SIR, susceptible–infected–recovered.

where density = log10 (population density), BM = log10 (body mass),
Inv = Percentage of invertebrates in diet, and Carn = Percentage of

∑
dSi
= bi Ni − di Si − pi
𝛽 ij Ij ,
dt
j = 1, …, n

carnivory in diet (Table S7).
Using this model, we predicted the average population density for
all mammal species. In addition to the fixed effect component of the
model (body mass and diet), the predictions were also informed by the

∑
dIi
= pi
𝛽 ij Ij − (di + vi + ri )Ii ,
dt
j = 1, n

random effects that modelled consistent deviations from the intercept
for taxonomic orders, families, and species hierarchically, therefore
accounting for latent variables. When a taxonomic level for a species

dRi
= ri Ii − di Ri ,
dt

was not present in the models, the respective random effect was set
to zero. We then multiplied the population density values by the pre-

where the population size of species, i (Ni), was divided into three

dicted AOH of the species within each grid cell to obtain an estimate of

compartments, that is, susceptible (Si), infected (Ii), or recovered (Ri),

population size. These average estimates of population are not aimed

could be obtained from our abundance projections. We assumed as-

to provide the real population size of species at each location, as they

semblages at equilibrium, which means each species had identical

can be influenced by many local conditions (e.g. biotic interactions, de-

birth rate (bi) and death rate (di). We assumed no vertical transmission

mographic fluctuations, human disturbances, etc.), but rather provide

and infection could cause an additional mortality (vi). Infected hosts

a coarse estimate of assemblage structure based on species average

could be recovered and immune at a recovery rate ri. The intraspecific

abundances. With the predicted species distribution and abundance

transmission rate βii was derived from the intraspecific reproductive

in the years 2015 and 2035, we then calculated, for each grid cell, the

number R0i (Section 2.3.2), which could be considered as a measure of

number of species gained (i.e. new species occurring), the number of

host competence (Chen & Zhou, 2015; Joseph et al., 2013). Following

species lost (i.e. locally extinct), the number of species remaining, and

previous studies (Chen & Zhou, 2015; Dobson, 2004; Joseph et al.,

the change (%) in animal abundance per species group between 2015

2013; Rudolf & Antonovics, 2005), we assumed symmetrical interspe-

and 2035 (Tables S3 and S4). Changes in mean animal abundance of

cific transmission rates βij = βji = c (βii + βjj)/2, where parameter c is a

species were measured as abundance in 2035 minus abundance in

scaling factor regulating the strength of interspecific transmission. The

2015 divided by the abundance in 2015.

definitions for parameters are listed in Table 1.

2.3 | Calculation of disease risk (community R0)

2.3.2 | Parameters in SIR model

2.3.1 | SIR model

Studies have suggested that the population size, birth rates, and
death rates of most vertebrate species tend to scale allometrically

We

constructed

a

multi-species

SIR

(susceptible–infected–

with their body mass (Peters, 1986). A previous study scaled the

recovered) model (Dobson, 2004) to simulate pathogen transmission

epidemiological parameter values as functions of host body size in

of each assemblage in 2015 and 2035:

a variety of epidemiological models, and demonstrated that these

5000
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allometric relationships provide useful estimates for transmission

zoonotic EID risk (Allen et al., 2017) is the probability of a grid cell

rate (βii ) of mammals over a wide range of body mass (De Leo &

having an EID event after correcting for differences in variables re-

Dobson, 1996). We, therefore, assumed that both the epidemiologi-

lated to reporting effort and human population (Allen et al., 2017).

cal and demographic parameters follow allometric relationships. For

The latter step was necessary because spatial patterns of reported

each mammal species, body mass estimates were obtained from the

EIDs can be biased by incomplete spatial distribution of detection

EltonTrait database (Wilman et al., 2014).

and reporting efforts (e.g. related to differences in gross domestic

As many studies showed that host competence was negatively

product). We constructed a General Linear Mixed Model with EID

correlated with body mass, we here, following previous studies

risk as the dependent variable and community R0 from both density-

(Chen & Zhou, 2015; Joseph et al., 2013), draw the intraspecific re-

dependent and frequency-dependent diseases as predictors. We in-

productive ratio R0i from a right-skewed truncated gamma distribu-

cluded continent as the random factor by assuming that disease risk

tion with a scale parameter θ = 1.5 and a shape parameter k = 0.5. In

patterns differ among continents.

this distribution, only a small fraction of R0i values were larger than
1, meaning that only a few host species could sustain infectious diseases. The pattern of R0i generated by this assumption was consis-

2.5 | Statistical analyses

tent with observations from many plants and wild animal populations
(Joseph et al., 2013). Values of R0i were then sorted and assigned to

We used GLMs to explore the factors responsible for changes in com-

each species by assuming reverse-rank ordering between body mass

munity R0 (ΔR0) under different scenarios (i.e. SSP1 and SSP3; Table S2)

and intraspecific R0i (Chen & Zhou, 2015; Joseph et al., 2013) so

for diseases with both density-dependent and frequency-dependent

that smaller species were better competent hosts than larger ones.

transmission. For predictors, we included original SR, which is the num-

The values for other parameters were drawn from previous studies

ber of different species within local assemblage in 2015; original spe-

(Chen & Zhou, 2015; Joseph et al., 2013) and listed in Table 1.

cies evenness (EV), which is Pielou's evenness index (J′) calculated as
the Shannon index divided by the maximum of Shannon index.
We also considered the original percentage of large species (PL),

2.3.3 | Community R0

measured as the percentage of abundance of species with body

Based on the constructed SIR model, we calculated, for each local

large mammals and small mammals are generally driven by different

mammal assemblage (i.e. the species assemblage in a 0.5° grid cell),

factors (Cardillo et al., 2005; González-Suárez et al., 2013). Species

the community R0 to measure disease risk. The community R0 could

with body mass <3 kg are mainly threatened by external threats,

be calculated as the dominant eigenvalue of the next-generation ma-

for example, size of geographical range and human population den-

trix (G):

sity, while larger species are more vulnerable to extinction because

mass larger than 3 kg (Cardillo et al., 2005). The extinction risk in

of the combination of external threats and intrinsic traits (Cardillo
𝛽 ij pi
𝛽 ii pi
⎡
⎤
…
⎢ (di + vi + ri )
(di + vi + ri ) ⎥
⎢
⎥
G=⎢
⋮
⋱
⋮
⎥.
⎢
⎥
𝛽 jj pj
𝛽 ji pj
⎢
⎥
…
⎣ (dj + vi + rj )
(dj + vi + rj ) ⎦

et al., 2005). We also included the change in each of these variables:
ΔSR, ΔEV, ΔPL, between 2015 and 2035. We quantified changes
in assemblage composition over time, such as changes in SR (ΔSR)
as ΔSR = ln(SR 2035/SR 2015). Changes in R0 over time were calculated similarly: ΔR = ln(R02035/R02015). To compare the effect sizes
of different predictors, we standardized all explanatory variables

Community R0 is generally positively related to the maximum

(mean = 0 and SD = 1). In these GLMs, we included diversity indices,

infection prevalence in the assemblage and has been widely used

changes in both types of indices over time, and all two-way interac-

in theoretical studies to estimate the probability of pathogen inva-

tions between a given index and its change.

sion and persistence (Joseph et al., 2013). Parameter pi determines
whether the transmission is density-dependent or frequency-
dependent. For density-dependent diseases, the pi term corresponds to the abundances of the susceptible host species i (Si ); while
for frequency-dependent diseases, the pi term corresponds to the

3
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3.1 | Global distribution of community R0

relative abundances of susceptible host species i (Si/N).
Our results indicate that disease risk, as indexed by community R0, var-

2.4 | Comparison of the prediction

ies geographically at global scale. Risk of density-dependent diseases
was high in tropical and north temperate regions (Figure 1a); in contrast, risk of frequency-dependent diseases was high in the northern-

To estimate the accuracy of our analyses, we compared our pre-

most parts of North America and Eurasia and in Oceania (Figure 1b).

dicted community R0 values from 2015 with zoonotic EID risk cal-

Overall, our mixed model (with continent as a random factor) ex-

culated from observed outbreaks in wildlife from 1970 to 2016. The

plained 68% of the variation (conditional R2) in global EID risk, which

|
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F I G U R E 1 Spatial differences in the
predicted community R0 with quantiles
for (a) density-dependent and (b)
frequency-dependent diseases in 2015.
Red signals high disease risk; blue signals
low disease risk [Colour figure can be
viewed at wileyonlinelibrary.com]

was estimated from a global database of EID events. Community R0

species showed larger increases in mean abundance (e.g. 92% in-

explained 29% of the variation (marginal R2) in density-and frequency-

crease for the Australian Peramelemorphia, 60% increases for

dependent diseases (Figure 2; Figure S2; Table S2). Predictive accuracy

Lagomorpha) compared to orders with relatively large-bodied spe-

of our model varied among continents. For example, fixed factors ex-

cies (e.g. 0% increase for Macroscelidea) under SSP1 (Table S3). The

plained 47% variation for North America, but only 0.06% for Asia. In

majority of orders decreased in terms of mean abundance under

Oceania, community R0 of frequency-dependent diseases explained

SSP3. Rodentia increased by 12% (Table S4).

(14%) better than density-dependent ones (5%).

The disease risk of local assemblages (i.e. community R0)
changed between 2015 and 2035 in ways that depended on disease

3.2 | Future changes in mammal assemblages and
community R0

transmission type (Figure 4). The risk of density-dependent diseases
decreased in most areas under both SSP1 and SSP3 (Figure 4a,c).
Exceptions (thus, increased community R0) under SSP1 included
parts of Europe, eastern South America, the central part of Africa,

To forecast future changes in disease risk, we calculated how mam-

and eastern Asia; exceptions under SSP3 included scattered areas

mal assemblage composition changed from the year of 2015 and

in Southern America and the central part of Africa. The risk of

2035 under more severe (SSP3) and less severe (SSP1) climate

frequency-dependent diseases increased in most areas under both

change scenarios. As expected, the SR of local assemblages de-

SSP1 and SSP3 (Figure 4b,d). Only a few areas in north and central

creased more under SSP3 (Figure 3a,c). Furthermore, while many

Africa showed a decrease in community R0.

local assemblages did not show net losses of richness under either
scenario because colonizations counteracted extinctions (Tables S3
and S4), assemblage composition (i.e. the mix of species and their

3.3 | Factors driving the changes in disease risk

abundances) changed considerably (Figure 3b,d).
Rodent species dominated most assemblages (Tables S3 and

We explored the factors driving the changes in risk of both density-

S4). On average, 30 rodent species per grid cell remained in 2035

dependent and frequency-dependent diseases (Figure S3). Generally,

under both scenarios, but the mix of species changed. Compared to

changes in assemblage composition (i.e. differences in SR and even-

other orders, more rodent species were lost (i.e. went locally extinct;

ness between 2015 and 2035) had larger effects than the original

mean number of species per grid cell SSP1: 3.20; SSP3: 3.50), and

2015 values of those indices. The risks of both density- (Figure 5b)

more were gained (i.e. via colonization; mean number of species per

and frequency-dependent diseases (Figure 5e) were significantly re-

grid cell SSP1: 0.98; SSP3: 0.04). Orders with relatively small-bodied

lated to the interaction between original species evenness in 2015

5002
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and the change in species evenness between 2015 and 2035 (i.e.

The risks of both density- and frequency-dependent diseases

EV*ΔEV). When original evenness was high, further increases in even-

were also significantly related to the interaction between original

ness led to strong declines in disease risk for both transmission types.

SR and the change in SR (i.e. SR*ΔSR). However, the effect differed
considerably between the two transmission types. With density dependence, when original SR was relatively low, a decline in SR led to
a decrease in disease risk (Figure 5a). With frequency dependence, a
decline in SR led to an increase in disease risk when original SR was
relatively low; however, when the original SR was high, a decline in
SR led to nonlinear changes in disease risk (i.e. first an increase, then
a decrease; Figure 5d).

4
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DISCUSSION

4.1 | Hotspots and changes of disease risk
We estimated spatial patterns of disease risk for both density- and
frequency-dependent diseases from mammal assemblages. Those
spatial patterns were quantitatively consistent with the patterns of
EIDs originating from wild mammals (Allen et al., 2017). In addition
to previously identified high-risk areas in the equatorial tropics (Allen
et al., 2017; Hay et al., 2013), we also identified high-risk areas in temF I G U R E 2 Relationships (regression ± 95% CIs) between
predicted community R0 for density-dependent diseases and
reported Emerging infectious disease (EID) risk index per grid cell
from General Linear Mixed Models. Marginal rugs indicate the
density of EID risk index and community R0 [Colour figure can be

perate Europe, North America, and Asia for density-dependent diseases and in the northernmost parts of North America and Eurasia and
in Oceania for frequency-dependent diseases. In the case of density-
dependent diseases, the identified temperate areas align with other
previous work that suggests that areas in northern latitudes have

F I G U R E 3 Changes in species richness (SR; a, c) and changes in mean animal abundance (%; b, d) for 2 years (2015 and 2035) under
climate change scenario SSP1 (a, b) and SSP3 (c, d). Changes in SR were measured by comparing SR simulated for 2015 and 2035. Changes in
mean abundance were measured by comparing geometric mean abundance simulated for 2015 and 2035. Red and orange indicate increased
richness or abundance; blue and grey indicate decreased richness or abundance; yellow indicates constant richness or abundance [Colour
figure can be viewed at wileyonlinelibrary.com]

viewed at wileyonlinelibrary.com]

|

WANG et al.

5003

F I G U R E 4 Changes in community R0 (ln(R02035/R02015)) for density-dependent (a, c) and frequency-dependent (b, d) diseases under
scenario SSP1 (a, b) and SSP3 (c, d) from 2015 to 2035 [Colour figure can be viewed at wileyonlinelibrary.com]
more zoonoses (Han et al., 2016), potentially because mammal species

density-dependent diseases were related to changes in the abundance

assemblages in temperate Europe, North America, and Asia areas have

of relatively small species (e.g. Rodentia and Chiroptera), which glob-

relatively higher rates of viral sharing (Albery et al., 2020). In the case

ally increased abundance under SSP1 but often decreased under SSP3

of frequency-dependent diseases, the areas we identified align well

(Figures S6a,b and S7a,b). More areas showed an increased risk of

with observed distributions of tick-borne diseases in humans (www.

frequency-dependent diseases under SSP3 and SSP1 because these

gideononline.com). For example, Anaplasmosis and Lyme disease are

frequency-dependent diseases are more sensitive to the changes in

mainly reported in United States of America, Canada, Russia, and

the relative abundance of large species. Larger species with slower

Australia. Also found specifically in Australia are Flinders Island spot-

growth rates are more likely to go locally extinct when conditions are

ted fever and Queensland tick typhus.

unsuitable (Tomiya, 2013; e.g. under SSP3; Figures S9c,d).

One possible explanation for this disease risk pattern is that
high-risk areas are characterized by higher abundance or relative
abundance of small-bodied species (i.e. competent hosts, such as

4.2 | Drivers for the disease risk changes

Rodentia, Figures S4a and S5a; Gibb et al., 2020), and lower relative
abundance of large-bodied species (i.e. incompetent hosts, such as

The impact of biodiversity loss on disease risk is a subject of debate

Cetartiodactyla, Figure S5c). Our approach to predicting disease risk

(Halliday & Rohr, 2019; Halliday et al., 2020; Huang et al., 2016; Liu

sheds new light on possible mechanisms underlying EID risk. Since

et al., 2020; Randolph & Dobson, 2012; Rohr et al., 2020; Salkeld

these smaller species are more competent than other larger species

et al., 2013; Wood & Lafferty, 2013; Wood et al., 2014). Some stud-

for generalist pathogens (Huang et al., 2013; Johnson et al., 2012),

ies suggest that high biodiversity protects people from infectious

assemblages containing more of these species have higher values of

diseases and that species loss increases disease risk (Civitello et al.,

community competence. Also, mammal species in northern latitudes

2015; Huang et al., 2017); other studies suggest biodiversity would

have been suggested to carry more zoonoses and share more viruses

be more likely to increase disease risk (Wood et al., 2014). We stud-

compared to species in other regions (Albery et al., 2020; Han et al.,

ied the effect of biodiversity changes, both gains and losses, on dis-

2016). As the existence of large species may regulate both the ab-

ease risk. Disease risk was related to the interaction between the

solute and relative abundance of smaller species due to interspecific

original SR and the change in SR. Our result suggested that the di-

interactions (e.g. competition and predation), we consider that con-

lution effect might be more common in species-poor assemblages:

serving larger species could serve as an important control measures

with relatively low original SR, further loss of species increased

infectious diseases.

diseases risk. This result lends support to existing ideas that highly

Disease risk changed under the influence of the biodiversity changes predicted by SSP1 and SSP3. Changes in the risk of

competent species dominate low diversity systems that have suffered species losses (Johnson et al., 2019).

|

5004

WANG et al.

F I G U R E 5 Surface maps showing interaction effects between original values of a predictor (x-axis) and changes of that predictor (y-axis)
on changes of community R0 for density-dependent diseases (a–c) and the frequency-dependent disease (d–f ). Values on the y-axis above
zero (black line) indicate increase in predictors, and values below zero indicate decrease in predictors. Colour and colour intensity indicate
changes in R0: blue indicates decreased disease risk; red indicates increased disease risk [Colour figure can be viewed at wileyonlinelibrary.
com]
The effect of original evenness and change in evenness is more

others, including dispersal and demography, can also influence species

important than the effect of SR. Decreasing evenness generally

distributions under climate change (Urban et al., 2016). By incorporat-

increased disease risk for both frequency-dependent and density-

ing these factors, our understanding of the disease risk hotspots can

dependent transmitted diseases, which is consistent with a previous

be refined further. Future studies aimed at understanding how disease

study (Chen & Zhou, 2015). Assemblages with decreased evenness

risk changes with biodiversity may also benefit from incorporating dif-

might be dominated by several abundant species, for example from

ferences in pathogen competence among species (Downs et al., 2019;

Rodentia, which generally have higher intraspecific contact rates

Han et al., 2015). Other species traits, such as group size, home range

and viral-sharing rates (Albery et al., 2020). Ultimately, intraspecific

size, trophic level, feeding style, or social behaviour, can also further

and interspecific transmission of pathogens (and thus disease risk)

improve models. We expect that these relationships differ among

would be higher in those more uneven assemblages.

pathogens and that host phylogeny is important too (Albery et al.,
2020; Huang et al., 2019; Wang et al., 2019). Despite these uncertain-
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ties, our predicted disease risk calculated from mammal assemblages
explained about 30% of the variance in EIDs in humans. Of course,
EIDs in humans can also be related to human activities and environ-

We estimated global disease risk based on the compositions of mam-

ments (Allen et al., 2017), which were not included in our analyses.

mal assemblages, which were generated using species distribution

Our global disease risk estimation from mammal assemblage

modelling and predicted average abundance distributions. We mod-

composition corresponds well with spatial patterns in EID outbreaks

elled species abundances using well-known allometric relationships,

(Allen et al., 2017). Disease risk was not only predicted to be high in

which do a good job of approximating global geographical patterns.

tropical areas, where biodiversity is highest (Allen et al., 2017; Hay

Nevertheless, certain nuances in species abundances, for example,

et al., 2013), but also in temperate areas. Mammal assemblages with

due to habitat quality, species interactions, and biological factors be-

more small-bodied species or with increasing abundances of these

yond body mass and diet, were undoubtedly missed. These factors and

species were associated with greater risks of disease outbreaks.

|
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While many previous studies of disease–diversity relationships
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have focused on species losses (i.e. reductions in SR), we show that
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substantial changes in disease risk can occur without the local ex-
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plications for future studies of disease risk dynamics. Understanding
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continued focus on local (or global) extinction may underestimate
changes in disease risk and even stimulate inadequate public health
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