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Slow-lived birds and bats carry higher
pathogen loads
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In brief

Emerging infectious diseases, driven by
wildlife and zoonotic pathogens, are
escalating threats to human society,
domestic animals, and wildlife
populations. Our research demonstrates
that species characteristics and climatic
conditions significantly influence
pathogen infections in wildlife hosts,
increasing the potential for spillover to
humans. By focusing on birds and bats,
we have mapped disease risks across
Europe and developed a forecasting
model to predict outbreaks. This model
aids in focusing surveillance efforts and
underscores the importance of
understanding the interplay between
ecological and climatic factors in
managing emerging diseases under
climate change.
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SCIENCE FOR SOCIETY Pathogens—microorganisms that cause disease—can be transmitted via wild an-
imals, potentially triggering severe infectious disease outbreaks in humans, domestic animals, and wildlife.
The risk of these diseases is influenced by the pathogen loads carried by mobile hosts such as birds and
bats, which vary with different climatic conditions and host species assemblages. By analyzing host spe-
cies traits and climate conditions across Europe, we have pinpointed areas at elevated risk for disease
transmission. Our study bridges the gap between wildlife ecology and public health by offering a predictive
tool for identifying disease hotspots, facilitating proactive mitigation efforts. This interdisciplinary research
highlights the critical need to anticipate and address emerging infectious diseases, thus advancing the
health of ecosystems and human societies alike, aligning with broader sustainability goals.

SUMMARY

Wildlife and zoonotic diseases are increasingly impacting human society, the food chain, and wildlife; there-
fore, proactive mitigation tools for predicting large-scale risk of the relevant pathogens are urgently needed.
Birds and bats are large-scale disease reservoirs and transmitters. However, holistic understanding for which
bird and bat species act as reservoirs for pathogens remains understudied. Here, we test the extent to which
the features related to the mobile species and local climate identify reservoir hosts for the 18 most-sampled
pathogens across Europe. Species with slower pace of life (i.e., larger bodied and longer lived), sedentary
species, and forest species had high pathogen prevalence. Temperature was the most important predictor
for pathogen prevalence, but its effects varied in different directions. Overall, host species traits and climatic
gradients robustly predicted pathogen prevalence, especially for non-vector-transmitted pathogens. We
offer a data-driven basis for developing targeted interventions to mitigate impacts of zoonotic diseases,
particularly in the face of climate change.

INTRODUCTION

Emerging infectious disease events caused by zoonotic patho-
gens, such as the COVID-19 pandemic, are increasingly
affecting human society.! Similarly, many wildlife pathogens
cause severe infections in wild animals, negatively impacting
biodiversity,” and in domestic animals, posing a risk to the
food chain.® Knowledge on wild-host distribution and probability
of carrying pathogens is crucial in forecasting infectious disease

4')

risk within any geographical area. The wild hosts include mobile
vertebrates, especially birds and bats, which are important nat-
ural and incidental pathogen reservoirs.* Birds and bats are
indeed recognized reservoirs, large-scale transmitters, and/or
cross-species sharing nodes for pathogens causing pandemics
and panzootics (e.g., for highly pathogenic avian influenza vi-
ruses and coronaviruses).””” Knowledge on which bird and bat
species act as reservoirs for pathogens and in which geograph-
ical location are thereby urgently needed for large-scale
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proactive risk assessment for zoonotic and wildlife disease
emergence.®

Zoonotic and wildlife disease risks across geographical areas
exhibit a spatiotemporally dynamic pattern, especially when
considering birds and bats. A large proportion of birds and
bats are migratory with variability in occurrence across seasons,
resulting in seasonally distinct spatial patterns of disease risk.’
Besides host distributions being a prerequisite for pathogen
presence, climatic variation can also alter the extent to which
host populations are exposed and susceptible to a pathogen. '’
Further, climatic conditions affect the abundance and density of
pathogen-transmitting vectors (e.g., mosquitos and ticks),
thereby causing varying spatial disease risks.""

Disease risks also vary among different host species/taxa
based on functional traits related to pace of life, habitats, and
dispersal patterns. For example, in rodents, species that repro-
duce slowly (hereafter slow-lived species, which are those with
a longer lifespan but lower fecundity), are less likely to act as
reservoir hosts for zoonotic pathogens compared to those repro-
ducing fast (hereafter fast-lived species).'” A negative relation-
ship between body mass and the ability of a host species to
transmit pathogens to another susceptible host has been
observed in a few pathogens (e.g., Borrelia spp. and West Nile
viruses).'®~'° Fast-lived species may be more susceptible and
suitable for hosting pathogens because of their lower investment
in immune defenses.’® However, the mechanism may be
different for large-scale disease patterns in mobile hosts.
Larger-bodied and longer-lived waterbirds (i.e., slow-lived spe-
cies) were found to be more likely to host highly pathogenic avian
influenza viruses (HPAIVs) in Europe.'” A similar result was also
shown at a global scale; i.e., longer-lived bird species were more
likely to favor tick-mediated transmission for Borrelia
burgdorferi.'®

Migratory species occupy spatially disconnected areas within
their annual cycle, facilitating escape from pathogen-polluted
environments and reducing their parasite burdens (i.e., migratory
escape).”'? Contradictorily, migration can increase disease bur-
dens in mobile hosts by compromising their immune systems
and exposing novel pathogens to naive geographical popula-
tions.?*?! Differing habitat preferences may also play a role in
varying zoonotic potential among different host species. As an
example, waterbirds that use wetland and coastal areas as their
primary habitats are commonly considered as wild reservoirs for
influenza A viruses.?> The habitat preference of invertebrate vec-
tors may also play a major role in explaining pathogen preva-
lence in host species; e.qg., forests are preferred habitats for ticks
and mosquitos.?®

Life history and ecological traits of host species, host distribu-
tions, and climatic gradients may be entwined drivers for the
spatial pattern of pathogen prevalence at a macroecological
scale. However, important knowledge gaps remain for predic-
tors for large-scale pathogen risk patterns in mobile hosts
because these predictors have rarely been integrated in path-
ogen mapping, and different pathogens are usually tested indi-
vidually with different modeling systems at different scales.
The most commonly applied approach to mapping pathogen
distributions is “host filling,”>* which uses host-pathogen asso-
ciations to define the entire host distribution ranges as potential
pathogen distribution.’* This approach often overestimates the
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spatial distribution of disease risks, because it neglects the vary-
ing suitability for pathogens and hosts and the prevalence of
pathogens in a host species across areas with different climatic
conditions and across different host species.”’ Other ap-
proaches usually underestimate the distributional ranges of
pathogens because they rely on the pathogen survey efforts
that are often spatially biased.”* One of these approaches is
the “climatic model” method, which models the distribution of
pathogens according to their suitable climatic conditions using
observations of pathogen presence across geographical
areas.”*

To the best of our knowledge, there is only one published con-
tinental-scale study in birds, which tests the climate-driven prev-
alence of multiple pathogens across different locations (climatic
model alone).'® However, the spatial variation in overall disease
risk due to varying structure of host species communities under
different climatic conditions has not been estimated. In addition
to climatic variables, disease risk mapping should incorporate
knowledge on both host specificity of pathogens and the spatio-
temporal occurrence of mobile hosts (host filling). Here, we use a
robust approach, combining host-filling and climatic-model
methods (Figure 1), to test the extent to which integrating these
entwined drivers can predict spatial risks of different pathogens
from birds and bats. Instead of presence-absence data, we used
a unique pan-European pathogen prevalence database®® to
model the prevalence of the 18 most-sampled pathogenic mi-
crobial taxa (hereafter pathogen taxa, which covers viruses, bac-
teria and protozoa; Table 1) among various bird and bat species
at different locations. These pathogen taxa were defined as
those with either zoonotic or wildlife disease potential (Table 1),
which can potentially cause disease at least in some wild and do-
mestic animals or humans.

Here, we investigate the potential predictors of pathogen
prevalence across various host species and regions by utilizing
temperature, precipitation, and life history traits (including clutch
size for birds, maximum longevity, and body mass for both birds
and bats), primary habitats, and migratory behavior. We specif-
ically tested how these factors correlate with the prevalence of
pathogens among different mobile host species across Europe
and surrounding areas. Our findings support the hypothesis
that slower-lived, sedentary bird and bat species in warmer re-
gions tend to host a higher load of pathogens compared to their
faster-lived, migratory counterparts in colder climates. This vari-
ation in pathogen prevalence also appears to be influenced by
the primary habitat of the host species, with certain pathogens
more prevalent in specific environments such as forests for
tick-borne and mosquito-borne diseases. Additionally, our
models indicate that non-vector-borne pathogens are more
directly predicted by these variables than those pathogens
requiring invertebrate vectors. These results not only corrobo-
rate most of our initial hypotheses but also highlight the
complexity of pathogen transmission among mobile hosts. Over-
all, we suggest that the integration of host species traits with cli-
matic data offers a robust framework for predicting large-scale
patterns of zoonotic and wildlife disease risks. This approach
provides essential insights into the macroecological drivers of
disease distribution and establishes a dynamic operational
model for prioritizing disease surveillance and intervention stra-
tegies regionally.
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Figure 1. A schematic framework for the workflow of spatial risk mapping

Here we used a combined approach where both host filling and climatic model methods are included.

(A-D) The input data collected and organized for modeling (A) are available at Data S1. The modeling outputs (B) included the predicted pathogen prevalence per
host species per location. In addtion to the modeling outputs, we added species distribution and exposure layer (C) for mapping the pathogen risks per 50 x50 km
grid acoss Europe (D). In (D), the value below a host species is the predicted prevalence for that species in that spatial grid.

RESULTS

We modeled the prevalence of the 18 most-sampled pathogen
taxa (Table 1) in European birds (617 species in breeding season
and 313 species in non-breeding season) and bats (50 species)
with their phylogeny, life history and ecological traits and spatial
climatic variables (temperature and rainfall). The fitted models
quantified associations between pathogen prevalence and the
predictors (Figures 2 and S7-S12) and then yielded species-spe-
cific predictions of prevalence for each pathogen taxon across
Europe.

Temperature was the most important predictor for pathogen
prevalence, with a variable importance of 26.7%, while precipi-
tation had a lower importance of 11.2%. There was no significant
direction (positive or negative) of the general effects of tempera-
ture and precipitation across different pathogen taxa (Figure 2B).
Pathogen specifically, these climatic variables had significant
associations with 13 out of the 18 studied pathogen taxa. How-
ever, the directions of these pathogen-specific associations
differed among pathogen taxa (Figure 2B).

Species life history traits (i.e., clutch size for birds, longevity
and body mass for birds and bats) had a considerable effect
on the prevalence of 18 pathogen taxa (Figure 2A), with a total
importance of ~35% (variable importance: clutch size 9.7%,
longevity 12.6%, body mass 12.6%). Specifically. across
different pathogen taxa, longer-lived and larger-bodied bird
and bat species had a significantly higher prevalence (Figure 2B).
Coxiella spp. showed significantly positive associations with the
hosts’ longevity (Figure 2A). Species with a larger body mass
consistently showed a significantly higher prevalence of four
pathogen taxa (i.e., Escherichia spp., Coxiella spp., Sindbis vi-
ruses, Borrelia spp.; Figure 2A). Clutch size of bird species was
significantly or marginally negatively associated with prevalence

of tick-borne encephalitis viruses (TBEVs) and Salmonella spp.
(Figure 2A).

Ecological traits are also important variables for predicting
pathogen prevalence, whereby species migratory behavior and
main habitat type had a variable importance of 13.9% and
14.1%, respectively (Figure 2A). Among the studied pathogen
taxa, sedentary species had a significantly higher prevalence
than full migratory species (Figure 2B). Prevalence of Trichono-
mas spp., Salmonella spp., and Chlamydia spp. in full migratory
birds was significantly or marginally lower than that in partial
migratory and sedentary species (Figure 2A). Moreover, host
species that prefer water habitats showed a significantly lower
pathogen prevalence (Figure 2B) than forest species, while those
preferring human-modified and open habitats did not show a
significant difference from forest species (Figure 2A). With regard
to specific pathogens, the prevalence of Plasmodium spp., Tri-
chonomas spp., Leucocytozoon spp., Chlamydia spp., Haemo-
proteus spp., Anaplasma spp., Sindbis viruses, and TBEV was
significantly or marginally lower in waterbirds than in forest birds.
Birds that mainly use open habitats also showed a significantly
lower prevalence of Haemoproteus spp. The prevalence of Plas-
modium spp. was marginally higher in bird species associated
with human-modified habitat compared to forest birds, while
Sindbis viruses showed the opposite pattern (Figure 2A).

According to cross-validations (Figure 3), different models for
different pathogen taxa showed varying accuracies, which was
not necessarily related to the sample size but related to their
taxa groups (i.e., bacteria, protozoa, or virus) and transmission
modes (i.e., vector or non-vector). Models for Plasmodium
spp., Trichomonas spp., Campylobacter spp., and influenza A vi-
ruses in birds showed the highest predictive accuracy (0.62-
0.74) among the 18 models of different pathogen taxa, while
the model for TBEVs in birds showed the lowest accuracy
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Table 1. Sample size and general information of the included pathogen taxa (17 in birds and one in bats)

Observed  Predicted
prevalence prevalence Model Potential
Disease across taxa across taxa accuracy  exposure
potential Transmission Host N N sampled and regions and regions (mean risk for
Pathogen taxon (Z/W) mode (N species) observation host individual (%) (%) R? + SD) spillover
Bacteria Campylobacter Z/W non-vector  bird (182) 459 13,023 20.7 16.0 0.64 £ 0.21 human
Salmonella Z/W non-vector  bird (119) 301 18,486 6.9 6.0 0.44 £ 0.21 human
Escherichia Z/W non-vector  bird (100) 255 11,647 29.5 28.2 0.41 £0.20 human
Chlamydia Z/W non-vector  bird (119) 215 6,885 16.0 18.7 0.41 £ 0.23 human
Coxiella Z/W vector bird (111) 130 1,748 5.1 4.5 0.34 £ 0.27 human
Rickettsia Z/W vector bird (153) 346 26,714 2.0 6.4 0.31 £ 0.25 human
Anaplasma Z/W vector bird (143) 268 8,211 1.7 4.7 0.30 + 0.33 human
Borrelia Z/W vector bird (152) 645 22,262 5.2 17.8 0.26 + 0.16 human
Protozoa Plasmodium Z/W vector bird (188) 705 28,240 23.1 1.7 0.74 £ 0.15 no
Trichomonas  Z/W non-vector  bird (113) 278 7,538 31.4 211 0.66 = 0.19 no
Leucocytozoon W vector bird (178) 530 15,312 22.3 31.3 0.49 £ 0.24 no
Haemoproteus Z/W vector bird (189) 665 22,617 241 22.8 0.37 £0.13 no
Virus influenza A Z/W non-vector  bird (193) 930 154,132 6.0 8.6 0.62 + 0.23 domestic
virus duck
Lyssavirus Z/W non-vector  bat (20) 88 2,112 19.8 36.0 0.52 £ 0.39 human
Sindbis virus  Z/W vector bird (63) 253 3,052 9.4 21.4 0.28 £ 0.13 human
West Nile Z/W vector bird (162) 533 12,723 4.7 12.0 0.27 £ 0.27 human
virus
Usutu virus Z/W vector bird (139) 498 9,317 10.4 17.3 0.18 £ 0.15 human
tick-borne z vector bird (118) 374 10,374 0.3 3.7 0.09 + 0.11 no map
encephalitis
virus

A pathogen taxon that has zoonotic potential (Z) and wildlife disease potential (W) includes pathogens that can cause infectious diseases in human and
wildlife, respectively. The pathogen taxa were ordered by their model accuracy within each pathogen group.

(Table 1). Despite the small sample size (N = 88), Lyssavirus spp.
in bats showed a reasonable accuracy of 0.52 + 0.39. The model
accuracies of protozoa were significantly higher than bacteria
(general linear model, N = 1698, R? = 0.25, estimated
coefficient +standard error = 0.24 + 0.02, p < 0.001), while those
of viruses were marginally lower than bacteria (—0.03 £ 0.01,p =
0.051; Figure 3A). The model accuracies for pathogen taxa
without invertebrate vectors were significantly higher than those
with invertebrate vectors (0.23 + 0.01, p < 0.001; Figure 3B).
By integrating the predicted species-specific and grid-specific
prevalence from the above models and pan-European bird and
bat distribution (presence/absence), we mapped the spatial
risk of 17 out of the 18 studied pathogen taxa that presented
an accuracy R? of over 0.18. Specifically, we show spatial pat-
terns of disease risks measured by sum (relative overall risk)
and mean (relative community risk) of the predicted prevalence
in local host species assemblage in the 50 x 50-km grids (Fig-
ures 4, 5, and S13-S27). We mapped relative spillover risk for
pathogen taxa that have a potential risk of spillover from birds
and bats to humans or poultry, by weighing the relative overall
risk with human influence index (Table 1) and with domestic
duck density for influenza A viruses. Here, we present the risk
maps of Campylobacter spp. and influenza A viruses with a high-
est predictive accuracy among the studied bacterial and viral
pathogens, respectively (Figure 3). The overall and human spill-
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over risk of Campylobacter spp. is highest in south-western Eu-
rope with a warmer climate, higher bird diversity (Figure S2), and
higher intensity of human activities (Figure 4). However, the high
community risk regions of Campylobacter spp. distributed in
both southern and northern Europe (Lyssaviruses in bats showed
a similar pattern), but only in southern Europe during the birds’
breeding season. The hotspots for influenza A viruses were
less widespread, concentrating in the coastal regions of Europe,
especially for the community risk (Figure 5). The risk patterns of
influenza A viruses were similar among seasons.

DISCUSSION

We provide a modeling framework for mapping the spatial risk of
pathogens carried by birds and bats across a continent and for
different seasons (Figure 1). This model is most robust for non-
vector-transmitted pathogens (mean R® ranges from 0.41 to
0.66). Host traits, host phylogeny, and climatic factors presented
reasonable predictive power for the prevalence of most path-
ogen taxa in host species in a given spatial region. The probabil-
ity of a given host being pathogen positive is interactively driven
by the initial exposure to a pathogen, e.g., exposure load and
duration of the exposure, and intrinsic infection susceptibility
of the host after the exposure.® It is very challenging to control
either host infection susceptibility or exposure risk in natural
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(A) Pathogen-specific model estimates for host species traits (clutch size, longevity, body mass, habitat type, migratory behavior, and climate variables [tem-
perature and precipitation]). The width of the links (colored by the estimated associations) is the relative importance of the predictors (ranges from 0 to 1) in each
model of a pathogen taxa. We define the significant and marginally significant associations when the 95% and 90% credible interval of the estimated posterior
effect did not pass 0, respectively. The estimates from pathogen-specific models were ordered by high-to-low accuracy estimated by mean R? from the cross-

validation (Table 1). B, bacterial taxa; P, protozoan taxa; V, viral taxa.

(B) The general effects of the predictors across the studied pathogen taxa, estimated by post hoc meta-analyses. The diamond shows the estimated average
effect of a predictor on all pathogen taxa. The error bars show upper and lower 95% confidence intervals. “Forest” and “migratory” are reference intercepts for
primary habitat types and migratory behaviors, respectively. Forest plots for pathogen-specific results from these models are shown in Figures S7-512.

systems.?® Despite this, we were able to identify clear relation-
ships of host species traits and climatic variables with pathogen
prevalence that allow predicting and mapping disease risk of
mobile hosts at large spatial scales.

We found that bird and bat species with a slower pace of life (i.e.,
slow-lived species) had a higher pathogen prevalence (Figure 2),
which contrasts with patterns observed in rodents'? and path-
ogen-specific studies for other vertebrate hosts whereby fast-lived
species had a higher probability to carry pathogens.'®'® Our re-
sults suggest that large-bodied and long-lived species among
birds and bats had a significantly higher probability to carry path-
ogen taxa. These slow-lived species may have a longer or higher
probability of pathogen exposure at an individual level.'” Longer-
lived species are also more likely to be asymptomatic carriers of
pathogens,?” which may result in a longer duration and/or a
broader geographical region of pathogen occurrence. Bird spe-
cies with a smaller clutch size also showed a higher prevalence
of Salmonella spp. and TBEVs, despite clutch size having the
lowest variable importance and other pathogen taxa not sharing
this association. In contrast, among, e.g., rodents and amphib-
ians,'>?® faster-lived species were widely observed to have a
higher probability of being disease reservoirs. Despite the lack of
evidence for direct links between species life history traits and im-
munity, the potential pathway for fast-lived hosts to higher disease
risks was hypothesized as weaker immunity defenses for a
higher susceptibility for infections.'® However, based also on two
other pathogen-specific studies of birds that showed slow-lived

species are more likely to host pathogens,'”'® we suggest that

large-scale patterns of zoonotic and wildlife disease risk in mobile
hosts are more linked with host exposure risk than infection
susceptibility.

Migratory behavior and primary habitat type of host species
also affect the extent to which they are continuously exposed
to contaminated biotic and abiotic environments. In agreement
with existing theories of migratory escape, migratory recovery,
and migratory culling,'® we found that, compared to sedentary
species, migratory species had a lower prevalence, especially
for non-vector-transmitted protozoan and orally transmitted
bacterial pathogens. Moreover, with respect to habitat type, for-
est birds showed a higher prevalence of eight pathogen taxa, six
of which were tick or mosquito transmitted, as compared to
waterbirds. Forests are the primary habitat for ticks and
mosquitos,”® where host species have a higher probability of in-
teracting with or being infested by these potential disease vec-
tors. Except for habitat types, pathogen prevalence may also
depend on species’ diet (e.g., diet composition, breadth, and
foraging strata)'® because diet can affect inter-species interac-
tions and contact with the abiotic environment. Food resources,
diet preferences, and tolerance to human disturbance may also
shape species-specific adaptation patterns to human-modified
landscapes and affect the intensity of human-wildlife interac-
tions.?°" Future studies on diet-disease relationships can
further assist in understanding large-scale spillover risks of zoo-
notic diseases. It is worth stressing that the macroecological
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Figure 3. Model accuracy

(A and B) For each model of a pathogen taxon, we
did 99 random selections for the training (70% of
the observations) and testing (the other 30%). We
then measured the model accuracy by the varia-
tion in the 30% testing data explained by the model
trained by the 70% training data. (A) and (B) show
density distribution of the model accuracy (R?)
among pathogen groups and transmission modes
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continental-scale and host species-level study design utilized
here cannot adequately cover components with direct links to
host infection susceptibility. Therefore, the current modeling
framework may not capture the contribution of hosts’ intrinsic
susceptibility. Further large-scale disease surveys with collec-
tion of individual-level host traits (e.g., age structure, sex, spe-
cies’ abundance variation, and body condition such as immune
system activities) could improve the current model.

Climatic factors, in particular the ambient temperature, ex-
erted a stronger effect on pathogen prevalence in mobile hosts
than species traits (Figure 2). This emphasizes the differing
probability of carrying pathogens by a single host species in
different climatic conditions. For example, the prevalence of
Lyssavirus spp. in bats was significantly associated with cli-
matic variables only (Figure 2). Therefore, the commonly used
host-filling approach for disease risk mapping”* could be less
accurate according to this modeled spatial heterogeneity of
pathogen prevalence in hosts. Moreover, we recommend the
use of pathogen-taxa-specific modeling designs because the
direction and extent of these climatic effects differ among path-
ogen taxa (Figure 2).

Regarding the robustness of our modeling framework for a
majority of the studied pathogen taxa, we propose to use our
combined approach (integrating host-filling and climatic-model
approaches)®* for mapping zoonotic and wildlife disease risk
introduced by mobile wild hosts.
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p T 5 (with or without invertebrate vectors), respectively.
’ The marked differences among these groups were
estimated by a general linear model (N = 1,698,
model R? = 0.25). The numbers are the estimated
differences between groups with significant dif-
ferences marked (*p < 0.05).
(C) Bars show mean and standard deviation of the
accuracy according to model validation for 18
different pathogen taxa estimated by the R? from
the 99 cross-validation results. Lyssaviruses were
sampled in bats, and all the other pathogen taxa
were sampled in birds. The numbers in the bottom
of the plot area are the total sample size of each
pathogen taxon. The scatters show the accuracy
of each model for cross-validation based on
random selections.
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However, its feasibility for vector-
borne diseases, especially for those
caused by viruses (Figure 3), may be
improved by including the interactions
with invertebrate vectors as a modeling
component.®>**® The mixture of detec-
tions for tick-borne pathogens (i.e.,
TBEVs, Borrelia spp., Anaplasma spp.,

Rickettsia spp., and Coxiella spp.) from birds and ticks feeding
on birds in the continental database'® may also contribute to
the higher uncertainties in their models (Figure 3). However, as
of now, the number of available datapoints containing explicit
invertebrate prevalence information in different hosts is too
limited.'® Other ecological complexities may make up for the
unexplained portion of the variance in our models, such as
predator-prey interactions® and specialization of specific
strains or subtypes of pathogens on host species.®
For instance, different subtypes of influenza A viruses can
vary in host specificity; e.g., H13 and H16 were primarily
found in gulls.®*® As our continental-scale database was
unable to resolve these complex components, we kept our
focus on the large-scale generalized patterns and
captured a considerable proportion of the variations in path-
ogen prevalence across host species and geographical
regions.

A spillover is determined by multiple successive processes
relevant to exposure and infection susceptibility of reservoir
hosts and humans or poultry.®” We included reservoir host distri-
bution, pathogen prevalence, and human or poultry exposure
risk at a macroecological scale (in 50 x 50-km units) to our
model. One key finding was related to Campylobacter spp.;
i.e., both the overall and human spillover risk of Campylobacter
spp. was highest in areas of high human activities in Europe (Fig-
ure 4). This aligns with the fact that Campylobacter infection, or
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Figure 4. Seasonal risk maps for Campylo-
bacter spp. in Europe

(A) and (B) show the relative overall risk, (C) and
(D) the relative community risk, and (E) and (F) the
relative potential spillover risk (indicated by expo-

Overall

30 sure to human activities), respectively. The risks
20 are shown in (A), (C), and (E) breeding and (B), (D),
10 and (F) non-breeding seasons, respectively.
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can move accordingly.”? Furthermore,
various ecological processes linked with
climatic warming could amplify this risk
of shifting disease hotspots—e.g., loss
of migratory behavior in hosts,’ poleward
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change. Ultimately, the findings of this
work and the approach proposed could
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campylobacteriosis, is the most common bacterial cause of diar-
rheal illness in human in many European countries.®® Nonethe-
less, our risk mapping based on pathogen distributions in mobile
hosts may not directly predict zoonotic disease outbreaks. For
example, an outbreak of avian influenza includes direct or indi-
rect transmission of lowly pathogenic avian influenza viruses
(LPAIVs) from wild-bird reservoirs to farmed poultry such as
free-ranging domestic ducks housed under low biosecurity mea-
sures.*® These LPAIVs in the poultry can mutate to HPAIVs and
then cause severe diseases and outbreaks in wild birds, poultry,
and humans that come in contact or consumed the infected
poultry.?" However, our mapping for avian influenza virus preva-
lence in wild birds identified the risk hotspots at coastal regions,
which agreed with its catastrophic effect on seabirds and even
the marine mammals, e.g., in the United Kingdom.*° As a next
step for zoonotic risk forecasts, one could focus on the identified
hotspot units and investigate finer-scale spillover drivers—e.g.,
host species abundance, human and vector behaviors, interac-
tions with domestic animals, human immunological attri-
butes, etc.®’

The current hotspots for many of the studied pathogen infec-
tions were predicted to be regions with a warmer climate (e.g.,
south-western Europe). Under current and predicted climate
change, these hotspots could expand or shift toward cooler re-
gions. Mobile host species are rapidly shifting their ranges to
cope with climate and land-use changes,”’ and the hotspots
for zoonotic and wildlife diseases accompanying their hosts

60°E

facilitate the implementation of the One

Health approach™® that seeks to sustain-
ably balance and optimize the health of humans, wildlife, and
ecosystems.

EXPERIMENTAL PROCEDURES

Resource availability

Lead contact

Further information and requests for resources should be directed to and will
be fulfilled by the lead contact, Yanjie Xu (yanjie.xu@helsinki.fi).

Materials availability

This study did not generate new unique materials.

Data and code availability

All the data and code used for this study have been deposited at GitHub Zen-
odo under https://doi.org/10.5281/zenodo.10618771 and are publicly avail-
able as of the date of publication. Any additional information required to rean-
alyze the data reported in this paper is available from the lead contact upon
request.

Materials and methods

Model input

Pathogen prevalence. We used a continental-scale database for the preva-
lence of pathogen taxa in European birds and bats from a recent systematic
meta-analysis based on 716 relevant publications.'>?° The database consisted
of 11,939 observations (i.e., a sample site X host species X pathogen taxon
combination) of circa 121 pathogenic microbial taxa sampled in over 376 wild
bird species and 39 bat species. In the surveyed publications, PCR with subse-
quent Sanger sequencing and ELISA of pathogen-taxa-specific circulatory anti-
bodies were the most used diagnostic techniques. In few cases, macroscopic
clinical symptoms had been used to score positive individuals, e.g., avian pox
lesions. This continental-scale database includes prevalence information of bac-
terial, fungal, and protozoan taxa at the genus level, and some of viral taxa down
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Figure 5. Seasonal risk maps for influenza A
70°N e viruses in Europe . .
(A) and (B) show the relative overall risk, (C) and
60°N 50 (D) the relative community risk, and (E) and (F) the
40 relative potential spillover risk (indicated by expo-
50°N = 30 sure to domestic ducks), respectively. The risks
20 are shown in (A), (C), and (E) breeding and (B), (D),
40°N 10 and (F) non-breeding seasons, respectively. The
E dark gray areas in (E) and (F) are the regions
sond . without data on domestic duck densities.
20W  0°  20°E 40°E  60°E 20°W  0°  20°E  40°E  60°E
&
10N 2 @f Community
populations inthe study area.*” For bats, we respec-
60°N 1 l 0.20 tively acquired the body mass, migration distance
| 015 (local, medium, or long), general habitat type (arid,
50°N 1 forest, or mixed anthropogenic—the latter meaning
0.10 a species is regularly associated with human-modi-
40°N 0.05 fied environments), and foraging environment (open,
edge, clutter, above water) of 54 bat species.*® Addi-
30°N{ ) tionally, we obtained species longevity (maximum
20°W  0° 20°E  40°E  60°E 200W  0°  20°E  40°E  60°E lifespan) of bats from the Amniote Life History Data-
base.*° We did notinclude litter size of bat species as
the equivalent to clutch size of birds, due to the lack
70°N 1 of variation among species in this parameter; i.e., the
litter size of bat species is either one or two, with the
60°N+ median being one. We excluded four bat species
(i.e., Miniopterus pallidis, Barbastella caspica, Epte-
50°N 1 sicus anatolicus, Myotis crypticus) for which phylo-
genetic information and/or distribution are poorly
40°Nq. known. Therefore, 50 bat species with distributions
in Europe were included in the subsequent analyses.
30°N 1 Host phylogeny. We obtained taxonomic levels

0° 20°E  40°E  60°E 20°E  40°E

20°W

to the species level.’® We obtained the number of infected birds or bats by a

pathogen taxon, number of tested host individuals, taxonomy of the tested
host species, latitude, and longitude. The number of infected birds or bats
included the zeros where a host species was sampled but not infected by a path-
ogen taxon. We excluded the observations without specific information of these
aspects, which are needed for the subsequent modeling. This database re-
corded individual-level information when it was available from the source litera-
ture, including number of tested male and female (sex) and adult and young (age)
individuals for each observation. However, only a minority of the observations
had this information (2.6% for sex and 8.5% for age), which was not sufficient
for our quantitative analysis. We were only able to model the spatial dimension
of the dataset; thereby, neither season nor year was included as explicit
modeling components. In the database, there is a lack of available season infor-
mation for 2,384 observations and cross-season samplings for 3,335 observa-
tions. Although the database covered relevant publications in 1945-2020, the
sampling was biased across years, with most of the observations (88.5%) result-
ing from sampling efforts after 2000. We included 17 pathogen taxa in birds that
provided over 100 observations across Europe. In addition, we included the
most-studied (N = 88) pathogen taxa in bats (i.e., Lyssavirus spp). Finally,
7,473 observations were used for the modeling (Data S1, Table 1).

Host traits.  For birds, we acquired the body mass, migratory behavior (seden-
tary, partial migratory, or migratory), and primary habitat type (coastal, desert, for-
est, grassland, human-modified, marine, riverine, rock, shrubland, wetland, or
woodland) of 627 bird species observed and/or sampled in Europe from the
AVONET database."" We obtained species longevity (maximum lifespan) from
Bird et al.” We additionally obtained the clutch size of 486 species from the data-
base of life history characteristics of European birds.*® For the 142 species not
included in this European database, we extracted their clutch size from the
Amniote Life History Database (139 species). We excluded three species: Cucu-
lus saturates, Columba rupestris, and Sinosuthora webbiana, because their infor-
mation on clutch size was not found and they do not have self-sustaining wild
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and 1,000 ultrametric phylogenetic trees (based
on the Ericson backbone) of the 627 focal bird spe-
cies from birdtree.org.’® We computed a majority-
rule consensus tree from the acquired 1,000 phylogenetic trees, which
includes the clades that are in the majority (>=50%) of the 1,000 trees with
Geneious 11.0.3 (https://www.geneious.com). We acquired 100 phylogenetic
trees of the 50 focal bat species from VertLife®' and built a consensus tree with
Geneious using the same settings as in birds.

Climatic data. We extracted the long-term averaged mean annual tempera-
ture (°C; hereafter temperature) and annual precipitation (mm; hereafter
precipitation) by latitude and longitude of each observation of pathogen prev-
alence from WorldClim Version 2.1.°

Modeling and validation

We modeled the prevalence of each host species-location combination using
climatic variables, traits, and phylogeny and then mapped pathogen-taxon-
specific risk in birds and bats across Europe. We ran a separate model for
each of the 18 focal pathogen taxa (Table 1), resulting in 18 models. In this
way, we accounted for both underestimation and overestimation in the spatial
modeling of zoonosis risk by integrating two main macroecological methods,
namely host filling and climatic model®* (Figure 1).

Modeling. We fitted generalized linear mixed models (GLMMs) with Markov-
chain Monte Carlo techniques®® to model the prevalence of each pathogen
taxon among different mobile host species in different spatial regions. We
assumed the default prior distributions, which implemented normal posterior
distributions for the fixed effects and inverse-Wishart priors for the random ef-
fects.®® We performed posterior sampling with 133,000 Markov-chain Monte
Carlo interactions, and we set 100 as the thinning interval and the first 3,000
iterations as burn-in. The response variable was a matrix of the number of in-
fected individuals and uninfected individuals for each host species at each
location (binomial distribution). The trait predictors were clutch size, longevity,
body mass, primary habitat type, and migratory behavior of each host species.
The climatic predictors were temperature and precipitation. Here, we only
considered linear relationships between climatic variables and prevalence,
because the covered climatic gradient (continental Europe) was too narrow
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for detection of nonlinear thermal- and water-response curves according to a
previous test for climate-prevalence relationships with this database.'® All the
continuous variables were scaled, and body mass was first log transformed
then scaled. Considering that species life-history traits can be correlated,
we checked the multicollinearity of predictors to ensure their variance inflation
factors were all under five.> To account for the phylogenetic correlation
among host species, we included a variance structure of host species phylog-
enies with the phylogenetic tree of the studied species and the random struc-
tures of the species identity. Spatial correlation structure was not accounted
for because of the negligible signal of spatial autocorrelation as tested previ-
ously for this pathogen prevalence database.'®

Post hoc analysis. We calculated the relative importance of the predictors
(i.e., clutch size, maximum longevity, body mass, migratory behavior, habitat,
temperature, and precipitation) using the add-one-in procedure. We selected
this approach to effectively measure a predictor’s maximum possible impor-
tance and to ensure comparison among predictors by standardizing the
values. Specifically, the relative importance of each predictor was measured
by the conditional R? of the model with only the focal predictor as the fixed fac-
tor.>®> We performed meta-analyses to synthesize the effect of the predictors
for prevalence of different pathogens. We used fixed-effects models®® that
do not account for study heterogeneity because the models for different path-
ogens followed the same modeling framework. We tested the heterogeneity in
the coefficients of each tested predictor among different pathogens, which
were estimated by their posterior means (effect sizes) with squared standard
errors (sampling variances). We reported |2 (total heterogeneity/total variability)
with Q tests and the meta-analysis model results to summarize the differences
in the effects and the general effect of a focal predictor among different path-
ogens, respectively (Data S2). The meta-analyses were conducted with R
package metafor.°®

Cross-validation. We did a cross-validation to quantify the predictive po-
wer of the 18 models. We randomly selected 70% of the observations to
fit the GLMMs and the rest of the data (30%) to test the accuracy of model
predictions. Specifically, we used the fitted GLMMs (with the 70% training
data) to predict the prevalence of a focal pathogen among the 30% testing
data. We then fitted a general linear model on the observed prevalence
with predicted prevalence of these testing data, and calculated the model
R? (package Ime4®’) to quantify the extent to which the variation in
observed prevalence is explained by the predicted prevalence with the
trained model. We did 99 random selections for the training and testing
data and repeated this validation process at each random selection. We
calculated the mean R? to measure the predictive power of the GLMMs,
which shows the proportion of variations in the observations of the testing
data explained by the predicted values from the model trained by the inde-
pendent training data. In addition, we tested the differences in accuracies
among pathogen groups (i.e., bacteria, protozoa, and viruses) and vectors
(i.e., with or without invertebrate vectors) with a general linear model in
which response variable is the accuracy value by R2. The two explanatory
variables are (1) the pathogen group to which a focal pathogen taxon be-
longs, and (2) whether invertebrate vectors have a major role in transmis-
sion of a focal pathogen taxa (Table 1).

Mapping input

Host species distribution. For birds, we used the European Breeding Bird
Atlas 2 (EBBA2) from the European Bird Census Council’”*® and range
maps of the birds of the world from BirdLife International®® to quantify host
seasonal distributions. EBBA2 lists observed bird species within each 50 x
50-km grid in Europe in the breeding seasons of 2013-2017. BirdLife maps
compile species-specific seasonal distributions of all birds of the world,
from which we extracted species’ non-breeding or resident ranges that over-
lap with the EBBA2 survey range. We only included the range where the spe-
cies presence was classified as extant or probably extant. Following the above
steps, we obtained the distribution of 617 bird species for the breeding season
and 313 species for the non-breeding season, both native and non-native Eu-
ropean species, for subsequent analyses. For bats, because their seasonal
distribution maps are not available at the pan-European scale, we only used
non-seasonal range maps (Digital Distribution Maps) from the International
Union for Conservation of Nature (IJUCN) Red List of Threatened Species
assessment data® for the 50 focal bat species (including 16 migratory and
34 sedentary species).
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Climatic data. For the 50 x 50-km grids spreading across Europe, we ex-
tracted the same climatic information by averaging the climatic data within
each focal grid.

Exposure layer. We extracted the human influence index in Europe, which
was scored for each 1 x 1-km grid by its population density, built-up areas,
nightlights, land cover, and proximity to coastlines, roads, railroads, and navi-
gable rivers.®" We then upscaled the human influence index by averaging its
values within each 50 x 50-km grid. Using the same approach, we extracted
the density of domestic ducks within each 50 x 50-km grid. The poultry density
map was obtained from the Gridded Livestock of the World 2015 (GLW 4) in
1-km? resolution.®

Risk mapping

We used the fitted GLMMs to make predictions for the prevalence of each
pathogen taxon in each mobile host species at each spatial unit. We defined
the spatial unit as 50 x 50-km grids of EBBA2 data across all following ana-
lyses. For birds, we extracted the observed species in breeding and non-
breeding seasons in each 50 x 50-km grid by overlapping the grids with the
EBBA2 data and non-breeding range maps, respectively (Figure S2). To
reduce the uncertainty of regions with a small sampling effort, we excluded
the grids with a species richness of <5 in either season (i.e., <1% of the total
species richness across Europe). For bats, again, we extracted the species
observed in each 50 x 50-km grid by overlapping the grids with their range
maps (without seasonal information, as this was unavailable for bats;
see above).

We then summarized the risk of 17 pathogen taxa in birds and bats at each
spatial unit in three different ways. Because the TBEV model had a low predic-
tive accuracy (Table 1), we excluded its risk predictions. For each spatial unit,
we estimated (1) the relative overall risk by summing up the predicted preva-
lence of all the species observed in this grid in a focal season (i.e., breeding
or non-breeding season for birds, or non-seasonal for bats); (2) the relative
community risk by averaging the predicted prevalence of species observed
in this grid in a focal season (i.e., the overall risk divided by the species richness
of each grid); (3) the potential spillover risk by weighting the overall risk (as in 1)
by the log transformed mean human influence index or domestic duck density
of the focal grid for the relevant pathogen taxa according to their spillover
mechanisms (Table 1). We used domestic duck density for influenza A viruses
because the interaction between free-ranging domestic ducks and wild birds
is considered as one of the major spillover pathways.®*®* We mapped sea-
sonal (for birds only) spatial patterns of these three types of risks for each focal
pathogen taxon across Europe. With regard to potential spillover risk, we must
stress that mean human influence index is a coarse index of human activity and
it does not necessarily correlate with direct potential of humans to be infected
by all the different pathogen taxa. Rather, this represents a measure of how hu-
mans are potentially exposed to a specific pathogen taxon from birds and
bats based on simple co-occurrence in the same grid. We estimated grid-level
uncertainties in the risk predictions by the sum and mean of the standard
errors of predictions for species-specific prevalence among a focal grid
(Figures S29-S32).

In addition, for each European bird and bat species considered here, we
estimated a species-specific risk by the median, mean, sum, and range (min-
imum and maximum) of the predicted prevalence (%) of the species across all
the grids where it was observed (breeding and non-breeding season sepa-
rately). In this way, we produced a database for the species-specific risk of
the observed bird and bat species for the 18 studied pathogen taxa across Eu-
rope (Data S3; Figure S28 as an example).

All the analyses were conducted with the mentioned packages in R
version 4.3.1.%°

SUPPLEMENTAL INFORMATION

Supplemental information can be found online at https://doi.org/10.1016/j.
oneear.2024.04.021.
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