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Climate change increases cross-species viral
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Atleast 10,000 virus species have the ability to infect humans but, at present, the vast
majority are circulating silently in wild mammals’2. However, changes in climate and
land use will lead to opportunities for viral sharing among previously geographically
isolated species of wildlife**. In some cases, this will facilitate zoonotic spillover—a
mechanistic link between global environmental change and disease emergence. Here
we simulate potential hotspots of future viral sharing, using a phylogeographical
model of the mammal-virus network, and projections of geographical range shifts for
3,139 mammal species under climate-change and land-use scenarios for the year 2070.
We predict that species will aggregate in new combinations at high elevations, in
biodiversity hotspots, and in areas of high human population density in Asiaand
Africa, causing the cross-species transmission of their associated viruses an estimated
4,000 times. Owing to their unique dispersal ability, bats account for the majority of
novel viral sharing and are likely to share viruses along evolutionary pathways that will
facilitate future emergence in humans. Notably, we find that this ecological transition

may already be underway, and holding warming under 2 °C within the twenty-first
century will not reduce future viral sharing. Our findings highlight an urgent need to
pair viral surveillance and discovery efforts with biodiversity surveys tracking the
range shifts of species, especially in tropical regions that contain the most zoonoses
and are experiencing rapid warming.

In the face of rapid environmental change, survival for many species
depends on moving to track shifting climates. Evenin a best-case sce-
nario, the geographical ranges of many species are projected to shifta
hundred kilometres or morein the next century>®. In the process, many
animals will bring their parasites and pathogens into new environments.
This poses a measurable threat to global health, particularly given
several recent epidemics and pandemics of viruses that originate in
wildlife (zoonotic viruses, or zoonoses)”®. Most frameworks for pre-
dicting cross-species transmission therefore focus on the steps that
enable animal pathogens to make the leap to human hosts (a process
calledspillover)®’. However, zoonotic viruses make up a small fraction
of total viral diversity, and viral evolution is an undirected process, in
which humansare only one of at least around 6,500 mammalian hosts
with over 21 million possible pairwise combinations (not including
the other four classes of vertebrates, which have amuch greater frac-
tion of undescribed viral diversity). If those host species track shift-
ing climates, they will share viruses not only with humans, but also
with each other, for the very first time**. Despite their importance,
spillover events are probably just the tip of the iceberg; by numbers
alone, most cross-species transmission events that are attributable to
climate change will probably occur among wildlife hosts, potentially
threatening wildlife populations and largely undetected by zoonotic
disease surveillance.

The scale of this process will depend on opportunity and compat-
ibility'®", and both dimensions pose an important predictive chal-
lenge. As only a few species are common worldwide, most hosts have
no opportunity to exchange pathogens: of all possible pairs of mammal
species, only around 7% share any geographical range, and only about
6% are currently known to host one or more of the same virus species
(hereafter, viral sharing)'°. As host geographical ranges shift, some
interactions will become possible for the first time, and a subset will
lead toviral establishmentin apreviously inaccessible host (novel viral
sharing). The potential ability of species to track shifting climate and
habitat conditions will determine which pairs of species encounter each
other for thefirst time. Once the ranges of species nominally overlap,
habitat selection and behavioural differences can further limit contact.
Although some viruses spread environmentally or by arthropod vectors
between spatially proximate species with no direct behavioural contact,
sharing is more likely on average among species with more ecologi-
cal overlap. Even among species in close contact, most cross-species
transmission events are stilladead end. Progressively smaller subsets
of viruses can infect the cells of a new host, proliferate, cause disease
and transmit onwardsinanew host. Their ability to dosois determined
by the compatibility between viral structures, host cell receptors and
host immunity. As closely related species share both ecological and
immunological traits throughidentity by descent, phylogenyisastrong
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Fig.1|Climate change will drive novel viral sharing among mammal
species.a,b, The projected number of novel viral sharing events among
mammal speciesin2070 based on geographical range shifts of the 3139 host

predictor of pathogen sharing and of susceptibility to invasion by new
viruses™. In a changing world, these mechanisms can help to predict
how ecosystem turnover could affect the global virome.

Although several studies have mapped current hotspots of emerging
diseases®”'?, few have forecasted themin the context of global change.
With the global reassortment of animal biodiversity due to changesin
climate and land use, it is unknown whether bats and rodents will still
havea central roleinviralemergence? (Extended Data Fig. 1) or whether
hotspots of viral emergence will stay in tropical rainforests'?, which
currently contain most of the undiscovered viruses?. Here, by project-
ing newly suitable habitat (which a species may or may not migrate to)
and applying mechanistic biological rules for cross-species transmis-
sion, we predicted how and where global change could potentially
create new opportunities for viral sharing, with particular attention to
the potential connections between these risks and human health. We
focused on mammals because they have some of the most complete
biodiversity data, the highest proportion of viral diversity described’,
and the greatest downstream relevance to human health and zoonotic
disease emergence of any vertebrate class. We built species distribution
models (SDMs) for 3,870 placental mammal species, and projected
potential shifts in geographical range on the basis of four paired sce-
narios for changesin climate (Representative Concentration Pathways
(RCPs)) and land use (Shared Socioeconomic Pathways (SSPs)) by 2070.
These scenarios characterize alternative futures for global environ-
mental change, from sustainable land-use change and a high chance of
keeping global warming under 2 °C (SSP 1-RCP 2.6), to a high chance
of more than 4 °C warming, continued fossil fuel reliance, and rapid
land degradation and change (SSP 5-RCP 8.5; a detailed explanation
is provided in the Methods). We present the results for SSP1-RCP 2.6
in the main text because this scenario is most in line with the goals of
the Paris Agreement to keep global warming well below 2 °C (ref. ).
We quantified model uncertainty in projected climate futures using
nine global climate models (GCMs) from the Coupled Model Inter-
comparison Project Phase 6 (CMIP6). As many species are unlikely to
be biologically suited for rapid range shifts and will therefore move
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species from changesin climate and land use (SSP 1-RCP 2.6) without dispersal
limits (a) and with dispersal limitation (b). Results are averaged across nine
GCMs.

slower than the local velocity of climate change, we constrained the
speed of range shifts on the basis of the inferred allometric scaling of
animal movement™, and compared scenarios that assumed limited
dispersal against full dispersal (that is, no dispersal limitation).

We used projections of newly suitable habitat to identify where new
range overlap among currently non-overlapping species could hap-
peninthe future (hereafter, first encounters). We then used arecently
developed viral sharing model to predict the probability of anovel viral
sharing event—here defined as the future cross-species transmission
ofatleastonevirusspecies, inthis case between a pair of hosts during
first encounters—on the basis of new geographical overlap and host
phylogenetic similarity™, a first-order approximation of opportunity
and compatibility (Extended Data Fig. 2). This model framework has
previously provided insights into viral macroecology and zoonotic
risk based on the ~1% of the global mammalian virome that has been
described"*'°. On the basis of the total number and distribution of
first encounters among a subset of 3,139 species (Methods), we used
cumulative viral sharing probabilities to estimate the total number
of new sharing events that are expected (each of which describes the
cross-species transmission of at least one virus). Using this approach,
wetested the hypothesis that environmental change should alter mam-
mal communities in ways that expose hosts to new viruses, altering the
structure of the whole mammal-virus network.

The effects of changes in climate and land use

If shifts in species range can keep pace with climate change, we pre-
dictthat the vast majority of mammal species will overlap with at least
one unfamiliar species somewhere in their potential future range,
regardless of emissions scenario (mean + s.d. across GCMs here and
after; RCP 2.6:98.6 + 0.2%; RCP 8.5:96.6 + 0.8%). At the global level,
geographical range shifts would permit over 300,000 first encoun-
tersin every climate scenario (SSP 1-RCP 2.6: 316,426 +1,719; SSP 5-
RCP 8.5: 313,973 £ 2,094; Fig. 1 and Extended Data Fig. 3). Compared
with a present-day baseline, in which we calculated 345,850 current
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Fig.2|Batsdisproportionately drive future novel viral sharing.

a,b, The spatial pattern of first encounters (in SSP 1-RCP 2.6) differsamong
range-shifting mammal pairs, including bat-bat and bat-non-bat encounters
(a) and encounters among only non-bats (b). c-e, Using a linear model, we show
that elevation (c), speciesrichness (d) and land use (e) influence the number of
new overlaps for bats and non-bats across scenarios (RCPs paired with SSPs as

pairwise overlaps amongthe 3,870 species (~7%), this essentially rep-
resents a doubling of potential species contact. These firstencounters
between mammal species will occur everywhere in the world, but are

described inthe Methods).n=9 GCMreplicates. Slopes for the elevation effect
were generally steeply positive: alog,,-transformed increase in elevation was
associated witha 0.4-1.41log,,increasein firstencounters. The results were
averaged across nine GCMs. CL, climate and land use change; CLD, climate and
land use change with dispersal limits. The errorbarsineare thes.e. of the
model estimate.

concentratedintropical Africaandsoutheast Asia (Extended DataFig.4).
This result was counter to expectations that species might aggregate
athigher latitudes, giventhat previous research has anticipated alink
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Fig.3|Range expansions will expose naive hosts to zoonotic reservoirs.
a, Thepredicted distribution of known African hosts of ZEBOV. b, The change
inrichness of these hosts asaresult of range shifts (SSP 1-RCP 2.6). ¢, Projected

between climate change, range shifts and parasite host switchinginthe
Arctic™®. However, we found that, when species shift along latitudinal
gradients, they travel in the same direction as others that are already
included in their assemblage, leading to few first encounters. By con-
trast, when species track thermal optima along elevational gradients
(allowing them to come from different directions, that is, mountains
force speciesto cluster), they will aggregate in the most new combina-
tions in mountain ranges, especially in tropical areas with the highest
baseline diversity, matching prior predictions". This pattern was robust
toclimate model uncertainty (Supplementary Figs. 3-11) and to differ-
ences in dispersal ability (Fig. 2c). The most notable model variation
isinthe Amazon basin, as well as asmall portion of the central African
basin, Botswana and parts of the Indian subcontinent (Extended Data
Fig.5). These areas become essentially devoid of first encounters in
the most sensitive climate models and warmest pathways, presumably
because all are high-endemism basins of homogenous climate that
may warm too much for species to escape into high-elevation refugia
(afairly well-documented pattern'®2°),

This global reorganization of mammal assemblages is projected to
substantially affect the structure of the mammalian virome. Account-
ing for geographical opportunity and phylogenetic compatibility,
we project that a total of 316,426 (+1,719) first encounters in RCP 2.6
would lead to 15,311 new sharing events (+140)—that is, a minimum of
atleast ~15,000 cross-species transmission events of at least one new
virus (but potentially many more) between a pair of naive host species.
Assuming that viral sharing will initially be localized to areas of new
host overlap, we mapped expected viral sharing events, and found
again that most sharing should occur in high-elevation, species-rich
ecosystems in Africa and Asia (Fig. 1a). If species survive a changing
climate by aggregating in high-elevation refugia, this suggests that
emerging viruses may be an increasing problem for their conserva-
tion??, Across scenarios, the spatial pattern of expected sharing events
was nearly identical, and was dominated more by the extent of poten-
tial range shifts than by underlying community phylogenetic struc-
ture (Extended Data Fig. 6 and Supplementary Figs.12-20). Although
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firstencounters withnon-Ebolahosts. d, Bat-primate firstencountersare
projected to occur globally, producing new sharing events. The results were
averaged across nine GCMs.

previous research has suggested that the phylogenetic structure of
mammal communities might drive continental hotspots of pathogen
sharing and emergence?®, in our framework, opportunity drives spatial
patterns more than compatibility. Given that phylogeny is a strong
determinant of viral sharing in the underlying model, this difference
from previous studies can probably be explained by evolutionary scale,
where previous work focused on primates, and our study includes all
mammals. At thisbroader scale, predicted viral sharing patterns mostly
track total richness (see Fig. 3b of ref.’®) and, at finer scales, phylogeny
has a stronger effect.

Dispersal drives the importance of bats

The intrinsic dispersal ability of species is likely to constrain their
ability to move to newly suitable locations, and therefore to limit
novel viral sharing (as are harder to predict extrinsic factors, such
as landscape connectivity or facilitated migration by conservation
efforts). We limited the dispersal potential of flightless species based
on an established allometric scaling with body size, trophic rank and
generation time'. Dispersal limits caused substantial decreases in
predicted potential range expansions across all scenarios, especially
for higher warming scenarios and therefore drove a reduction infirst
encounters and novel viral sharing. Evenin RCP 2.6 (the scenario with
the least warming), limiting dispersal reduced the number of first
encounters by 61% (+0.3%) and reduced the associated viral sharing
events by 70% (+0.1%) to 4,584 (+52) projected viral sharing events. As
trophic positionand body size determine dispersal ability, carnivores
account for a slightly disproportionate number of first encounters,
whereas ungulates and rodents have slightly fewer first encounters
than expected at random (Extended Data Fig. 7). Spatial patterns also
changed considerably when dispersal constraints were added, with
the majority of first encounters and cross-species viral transmission
events occurring in southeast Asia (Fig. 1b and Extended Data Figs. 4
and 6). This viral sharing hotspot is driven disproportionately by bats,
because their dispersal was left unconstrained within continents; we
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Fig.4|Novel viral sharing events coincide with human population centres.
In2070 (SSP 1-RCP 2.6; climate only), human population centres in equatorial
Africa, south China, India and southeast Asia will overlap with projected

made this choice given their exclusion from previous research char-
acterizing the dispersal ability of range-shifting mammals™, genetic
evidence that flight enables bats—and their viruses—to often circulate
atcontinental levels?** and data suggesting that bat distributions are
already undergoing disproportionately rapid shifts**"*. Bats account
for nearly 90% of first encounters after constraining dispersal in any
climate scenario (RCP 2.6:88% + 0.1%; RCP 8.5:89% + 0.5%) and domi-
nate the spatial pattern, with most of their first encounters restricted
to southeast Asia (Fig. 2).

The unique ability of bats for flight could be an important and pre-
viously unconsidered link between climate-driven range shifts and
future changesin the mammalian virome. Even non-migratory bats can
regularly travel hundreds of kilometres within a lifetime, far exceed-
ing what small mammals might be able to cover in 50 years; half of all
bat population genetic studies have failed to find any evidence for
isolation by distance®. This unique dispersal ability has inevitable
epidemiological implications, with recent evidence suggesting that
continental panmixiamay be common for zoonoticreservoirs, enabling
viral circulation at comparable scales?**, Several studies have also
identified ongoing rapid range expansions in bat species around the
world** withlittle mention in the broader climate change or emerg-
ing disease literature. If flight does enable bats to undergo more rapid
range shifts than other mammals, we expect that they should drive the
majority of new cross-species viral transmission, and probably bring
zoonotic viruses into new regions. However, the ability of bats to move
rapidly might be attenuated by the other biotic constraints to species
distributions (for example, social behaviour and food availability, which
are unaddressed by the current approach). This uncertainty adds an
important new dimension to the ongoing debate about whether bats
areuniqueintheir higher viral richness, higher proportion of zoonotic

viruses orimmune adaptations compared with other mammals>™.

Zoonoticemergence and human health

Theeffects of climate change on mammalian viral sharing patterns are
likely to cascade in the future emergence of zoonotic viruses. Among
the thousands of expected viral sharing events, some of the highest-risk
zoonoses or potential zoonoses are likely to find new hosts. This may
eventually pose a threat to human health—the same general rules for

hotspotsof cross-species viral transmission in wildlife. Both variables were
linearly rescaled to O to 1. The results were averaged across nine GCMs.

cross-species transmission explain spillover patterns for emerging
zoonoses", and the viral species that make successful jumps across
wildlife species have the highest propensity for zoonotic emergence®.
Just as the simian immunodeficiency virus making a host jump from
monkeys to chimpanzees and gorillas facilitated the origins of HIV, or
SARS-CoV spillover into civets enabled a bat virus to reach humans,
these kinds of wildlife-to-wildlife host jumps may be evolutionary step-
ping stones for the approximately 10,000 potentially zoonotic viruses
thatare currently circulating in mammalian hosts'.

Toillustrate this problem at the scale of asingle pathogen’s ‘sharing
network’ (thesetofallhoststhatareknownorsuspectedtohostthevirus,
and likely to share with those known hosts), we constructed a subnet-
work of 13 possible hosts of the Zaire ebolavirus (ZEBOV) in Africa, and
projected possible first encounters involving these species (Fig. 3a—c
and Extended Data Fig. 8). We project these 13 species to encounter
3,695 (+49) new mammals in RCP 2.6, withamodest reduction to 2,627
(+44) species when accounting for dispersal limitation, and little varia-
tionamong climate scenarios (RCP 8.5:3,529 + 47 encounters without
dispersal limits; 2,455 + 88 with dispersal limits). Even with dispersal
limits, these firstencounters are predicted to produce almost one hun-
drednewviral sharingevents (RCP 2.6:96 + 2; RCP 8.5: 86 + 4) that might
include ZEBOV and which cover amuch broader part of Africathan the
current zoonotic niche of Ebola®. Human spillover risk aside, this could
expose several new wildlife species to adeadly virus thatis historically
responsible for sizable primate die-offs*. Moreover, for zoonoses like
ZEBOV without known reservoirs, future host jumps—and, therefore,
the emergence of alarger pool of potential reservoirs covering agreater
geographical area (such as the potential introduction of ZEBOV to east
African mammals)—would only complicate ongoing efforts to trace
the sources of spillover and anticipate future emergence. Ebola s far
fromunique, with 8,429 + 228 firstencountersin RCP 2.6 betweenbats
and primates, leading to an expected 110 *+ 4 new viral sharing events
evenwithdispersal limits (Fig. 3d; RCP 8.5:7,326 + 667 firstencounters,
90 * 8 sharing events)—many potential zoonoses are likely to experi-
ence new evolutionary opportunities due to climate change.

Future hotspots of new mammal assemblages and viral evolution
are projected to coincide with areas of high human population den-
sity, further increasing vulnerability to potential zoonoses. Potential
first encounters are disproportionately likely to occur in areas that

Nature | Vol 607 | 21July 2022 | 559



Article

RCP Climate Climate + Dispersal
-26 190,000
+7.0
450,000 4 g5
) & 180,000
g g
£ 440,000 3
] 2
170,000
I.I:.I w
430,000
160,000
2020 2040 2060 2020 2040 2060
Year Year
Climate + Land Climate + Land + Dispersal
420,000
160,000
410,000 <
’ (0]
o €
3
2 g 150,000
3 400,000 5
(8]
c
w
140,000
390,000
2020 2040 2060 2020 2040 2060
Year Year

Fig.5|Projected timing of first encounters. By tracking the identity of each
species pair, we simulated the first encounters as cumulative (the same pair
cannot meet for the first time at two timepoints). The results are broken down
by whethereach climate (C) scenarioincludesland-use change (L) and dispersal
limits (D). The light points show 1 out of 15 climate scenarios (5 GCMs with 3
RCPs each); and the dark points are the mean values for each RCP. Points are
plotted atthe start of each 30 year window.

are projected tobe either human settled or used as cropland and less
likely to occurin forests (Fig. 2e), despite current literature suggest-
ing that forests contain most emerging and undiscovered viruses™
(Fig.4). This finding is consistent for bats and non-bats, and may be
an accident of geography, but more likely represents the tendency
of human settlements to aggregate on continental edges and around
biodiversity hotspots®. Regardless of the mechanism, we predict that
tropical hotspots of novel viral sharing will broadly coincide with
areas of high population density in 2070, especially in the Sahel, the
Ethiopian highlands and the Rift Valley, India, eastern China, Indo-
nesia and the Philippines (Fig. 4). Some European population cen-
tresalsolandinthese hotspots; recently emergent pathogensin this
region like the Usutu virus highlight that these populations can still
bevulnerable, despite greater surveillance and healthcare access. If
range-shifting mammals create ecological release for undiscovered
zoonoses, populations in any of these areas are likely to be vulner-
able, and some viruses will be able to spread globally from any of
these population centres.

The effects of climate-change mitigation

Whereas most studies agree that climate-change mitigation through
reducing greenhouse gas emissions will prevent extinctions and mini-
mize harmful ecosystem effects*°, our results suggest that mitigation
alone cannot reduce the likelihood of climate-driven viral sharing.
Instead, the mildest scenarios for global warming appear likely to pro-
duce at least as much or even more cross-species viral transmission:
when warmingis slower, species can successfully track shifting climate
optima, leading to more potential for range expansion and more first
encounters. Accounting for dispersal limits, species are projected to
experience amedian potentialloss (+ SD) of 0.3% (+2.5%) of their range
in RCP 2.6, with 49.8% (+3.8%) experiencing a net potential increase
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in range; by contrast, species were predicted to experience a 26.2%
(+13.2%) median potential loss in RCP 8.5, and only 30.8% (+5.45%)
potentially gained any range (Extended DataFig. 3a). Infact,in RCP 8.5,
we projected that 261 (£76) species could lose their entire range, with
162 (£53) attributable to dispersal limits alone. As aresult, there were
5.4% (£1.7%) fewer potential first encounters in RCP 8.5 compared with
inRCP 2.6 and, unexpectedly, a1.9% (+0.3%) predicted reduction in
the connectivity of the future global viral sharing network (Extended
Data Fig. 3b, d). Overall, our results indicate that a mild perturbation
of the climate system could create thousands of new opportunities for
viruses to find new hosts.

We caution that these results should not be interpreted as ajustifi-
cation forinaction, or as a possible upside to unmitigated warming,
which willbe accompanied by mass defaunation, devastating disease
emergence, and unprecedented levels of human displacement and
globalinstability*®. Rather, our results highlight the urgency of better
wildlife disease surveillance systems and public health infrastructure
as aform of climate-change adaptation, even if mitigation efforts are
successful and global warming stays below +2 °C above preindustrial
levels.

The timing of ecological opportunity

Asafinalanalysis, we examined the potential timing of climate-change
impacts. We expected that most first encounters would occur later in
the twenty-first century, given the time required for species’ habitats
to shift (especially with dispersal constraints). To test this hypoth-
esis, we reproduced our analysis with an entirely new climate product
(CHELSA v2.1; Methods) that enabled us to set abaseline in the recent
past (1981-2010) and examine three time intervals of future impacts
(2011-2040,2041-2070 and 2071-2100). Projecting species distribu-
tions under the mean conditions in each interval, we identified the
cumulative number of unique first encounters in each. Notably, we
found that the majority of first encounters occur by the 2011-2040
period (Fig.5), although steady and sizeable increases continue through
the rest of the century. Differences in the number of first encounters
between time intervals (for example, RCP 2.6, 2011-2040, climate +
land use: 391,716 + 2,322; versus RCP 2.6, 2071-2100, climate + land
use: 415,703 + 3,537) are substantially greater than differences driven
by climate scenarios and climate model uncertainty (for example, cli-
mate + land use, 2071-2100: lowest GCM-RCP combination: 413,120
inRCP 2.6, GCM GFDL-ESM4; versus highest GCM-RCP combination:
421,917 in RCP 2.6, GCM IPSL-CM6ALR), indicating that first encoun-
ters continue to non-trivially accumulate over time. However, those
differences are still substantially less than the difference created by
dispersal assumptions (for example, RCP 2.6,2071-2100, climate +land
use: 415,703 + 3,537; versus RCP 2.6, 2071-2100, climate + land use +
dispersal: 166,527 +1,905), and the proportion of future first encounters
ismuch higher when dispersal maximaare restricted (Fig. 5). Put more
succinctly, species continue to meet throughout the century, and our
simulations indicate that how fast species move will matter more to
the timing and magnitude of first encounters than how fast suitable
habitat moves or has already moved. Moreover, the geography of first
encounters remains consistent across all points in time (Extended
Data Figs. 9 and 10).

Overall, these findings suggest that, in a world that has already
passed global warming of +1 °C, the majority of climate-related
opportunities for novel viral sharing may already have been real-
ized—if and only if species’ dispersal has kept pace with shifting
habitat suitability. That premise—and, particularly, our simulation
of bats as unconstrained by dispersal limits—is more tenuous over
smaller timescales; research is urgently needed that estimates the
real-time signal of climate-attributable range shifts. Even if these
opportunities exist, the timing of cross-species transmission itself
remains uncertain and unpredictable; our viral sharing model is



trained onan equilibrium level of connectivity, and we expect some
degree of lag between interspecific contact and viral establishment.
It is certainly possible or even likely that climate change is already
reshaping the mammalian virome, and as warming continues over
the next half-century, we predict that both the opportunities created
for ecological novelty and the resulting effects on viral assemblages
will begin to saturate.

Conclusions

Our study establishes amacroecological link between climate change
and cross-species viral transmission. The patterns that we describe
are probably further complicated by uncertainties in the species dis-
tribution modelling process, including local adaptation or plasticity
in response to changing climates, or lack of landscape connectivity
preventing dispersal. The projections that we make are also likely
to be complicated by several ecological factors, including the tem-
perature sensitivity of viral host jumps*; potential independence of
vector or non-mammal reservoir range shifts; or the possibility that
defaunation especially at low elevations mightinteract with disease
prevalence through biodiversity dilution and amplification effects
not captured by our models*2. Future work can expand the scope of
our findings to other host-parasite systems*. Our approach, which
combines viral sharing models with species distribution modelling
approaches for thousands of species, is readily applied to other data-
sets. Birds have the best documented virome after mammals, and
account for the majority of non-mammalian reservoirs of zoonotic
viruses*; changing bird migration patterns in awarming world may
be especially important targets for prediction. Similarly, with amphib-
ians facing disproportionately high extinction rates due to a global
fungal panzootic, and emerging threats such as ranavirus causing
conservation concern, pathogen exchange among amphibians may
be especially important for conservation practitioners to under-
stand**. Finally, marine mammals are animportant target given their
exclusion here, especially after a recent study implicating reduced
Arctic seaice in novel viral transmission between pinnipeds and sea
otters—aresult that may be the first proof of concept for our proposed
climate-disease link*.

Our study provides a template for how surveillance could target
future hotspots of viral emergence in wildlife. In the next decade alone,
it could cost at least a billion dollars to comprehensively identify and
counteract zoonotic threats before they spread from wildlife reservoirs
into human populations*. These efforts will be undertaken during
the greatest period of global ecological change recorded in human
history and, in a practical sense, the rapid movement of species (and
their viromes) poses an unexpected challenge for virological research.
Although several studies have addressed how range shifts in zoonotic
reservoirs might expose humans to novel viruses, few have consid-
ered the fact that most new exposures will be among wildlife species.
The relevance of this processis reinforced by the COVID-19 pandemic,
whichbegan only weeks after the completion of this study; the progeni-
tor of SARS-CoV-2 probably originated in southeast Asian horseshoe
bats (Rhinolophus sp.), and may have spread to humans through an
as-yet-unknown bridge host*. Although we caution against overin-
terpreting our results as explanatory of the current pandemic*®, our
findings suggest that climate change could easily become the dominant
anthropogenic force in viral cross-species transmission, which will
undoubtedly have a downstream effect on human health and pan-
demic risk. Tracking viral spillover into humans is paramount, but so
is the monitoring of viral transmission among wildlife species. Tar-
geting surveillance in future hotspots of cross-species transmission,
such as southeast Asia, and developing norms of open data sharing
for the global scientific community, will help researchers to identify
host jumps early on, ultimately improving our ability to respond to
potential threats.
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Methods

Here we developed global maps for terrestrialmammals characterizing
their habitat use and their ecological niche as a function of climate.
We projected these into paired climate-land use futures for 2070,
with dispersal limitations set by biological constraints for each spe-
cies. For afinal subset of 3,139 species, we predicted the probability
of viral sharing among species pairs using amodel of the mammalian
viral sharing network that is trained on phylogenetic relatedness and
current geographical range overlaps. With that model, we mapped
the projected hotspots of new viral sharing in different futures. All
analyses were conductedinR (v.4.1.3). Analysis and visualization code
is available at GitHub (https://github.com/viralemergence/iceberg).

Data

Mammal virus data. Our understanding of viral sharing patterns is
based onapreviously published dataset®. The dataset describes 2,805
known associations between 754 species of mammalian host and 586
species of virus, scraped from the taxonomic data stored in the Inter-
national Committee on Taxonomy of Viruses (ICTV) database. These
data have previously been used in several studies modelling global
viral diversity in wildlife"*°, including a previous study that developed
the model of viral sharing we use here’®. As that model is reproduced
exactly in our study, we have made no further modifications to the
data, and more detailed information on data management (such as
the exclusion of Homo sapiens from that analysis) can be found ina
previous publication’®,

Biodiversity data. We downloaded Global Biodiversity Informat-
ics Facility (GBIF: https://www.gbif.org/) occurrence records for all
mammals based on taxonomic names resolved by the [IUCN Red List.
Records spanned the years 1658 t0 2019 and were intended to provide
a comprehensive baseline of species distributional data for as many
mammal species as possible. Theserecords were filtered to those within
a10 km buffer of species’ IUCN range maps, and further filtered using
the Grubbs outlier test (see below); this procedureis likely to eliminate
most signal of climate-driven geographical range shifts from recent
sightings. If any of that signal persists after these steps, there are two
possible effects on models: extending the geographical extent attrib-
uted toaspecies’ current range and, potentially, expanding the climatic
envelope that a model identifies as suitable for its presence. Both of
these would increase the predicted rate of overlap among species pairs
in their current (modelled) distributions, and reduce the predicted
number of first encounters, making our predictions more conservative.

We developed SDMs for all 3,870 species with at least three unique
terrestrial presence records at a 0.25° spatial resolution (approximately
25 km by 25 km at the equator). To focus on species occurrence, we
retained one unique point per 0.25° grid cell. This spatial resolution was
chosen to match the available resolution of land-use change projections
(see below). Spatial and environmental outliers were removed on the
basis of Grubbs outlier tests®. Toimplement the Grubbs outlier tests
foragiven species, we defined adistance matrix between eachrecord
and the centroid of all records (inboth environmental or geographical
space, respectively) and determined whether the record with the largest
distance was an outlier with respect to all other distances, at a given
statistical significance (P=1x 107, to exclude only extreme outliers).
If an outlier was detected, it was removed and the test was repeated
until no additional outliers were detected.

Climate and land-use data. We compiled climate and land-use data
from WorldClim 2% and the Land Use Harmonization 2 (LUH2) pro-
ject®, respectively, for both baseline conditions (operationalized as
1970-2000 for the climate data, 2015 for land use and 2020 for dispersal
limits; see ‘The effect of recent warming’ for aninterrogation of the dif-
ference between climate baselines and actual present-day climate) and

ahalf-centuryinthe future (operationalized as 2061-2080 for climate,
2070 for land use, and 2070 for dispersal).

The WorldClim dataset is widely used in ecology, biodiversity and
agricultural projections of potential climate-change impacts. World-
Clim makes data available for current and future climates in the form
of19 preprocessed bioclimatic variables (Bioclim: BIO1-19). To reduce
collinearity among climate variables in the SDMs, we selected five Bio-
clim variables from the full set of 19 Bioclim variables: mean annual
temperature (BIO1), temperature seasonality (BIO4), annual precipita-
tion (BIO12), precipitation seasonality (coefficient of variation; BIO15)
and precipitation of the driest quarter (BIO17). This is the largest set
of Bioclim variables possible that keeps their correlation over aglobal
extent suitably low (r < 0.7). The Bioclim variables for the historical
climate are the mean from1970-2000, and those for the future climate
are the mean from 2060-2080.

To account for model uncertainty in climate projections, we used
projections for future climates from all nine GCMs that are currently
available on WorldClim 2 and participating in CMIP6—the most
recent generation of climate models: BCC-CSM2-MR, CNRM-CMé6-1,
CNRM-ESM2-1, CanESMS5, GFDL-ESM4, IPSL-CM6A-LR, MIROC-ES2L,
MIROC6 and MRI-ESM2-0. These nine GCMs encompass a wide range of
effective climate sensitivities from2.6 K (MIROC6) to 5.6 K (CanESM5)
comparedwitharange of1.8-5.6 Kacross 27 CMIP6 modelsand 2.1-4.7K
for CMIP5*. Temperature and precipitation for future climates have
been downscaled and bias-corrected by WorldClim 2 using a change
factor approach. The multi-year average of the GCM output for mini-
mum temperature, maximum temperature and total precipitation is
calculated for eachmonth of the simulated historical and future period,
and the absolute (for temperature) or proportional (for precipitation)
differenceinthese valuesis then calculated, resulting in climate anoma-
lies that are then applied to the 10 min spatial resolution observed
historical dataset®**. WorldClim 2 then calculates Bioclim variables on
thebasis of these downscaled and bias-corrected data. This approach
makes the assumption that the change in climate is relatively stable
across space (thatis, has high spatial autocorrelation). We downloaded
the five preprocessed Bioclim variables for all nine GCMs at 10 min
spatial resolution from WorldClim 2%2, and aggregated with bilinear
interpolation to 0.25° spatial resolution (approximately 25 km at the
equator) to match with the LUH2 land-use data resolution.

Historical land-use data for 2015 and projected land-use data for
2070 were obtained from the Land Use Harmonization 2 (LUH2)
project at 0.25° spatial resolution®**®. The LUH2 data reconstructs
and projects changes in land use among 12 categories: primary for-
est, non-forested primary land, potentially forested secondary land,
potentially non-forested secondary land, managed pasture, rangeland,
cropland (four types) and urban land. To capture species’ habitat pref-
erences, we downloaded data for all 3,870 mammal species from the
IUCN Habitat Classification Scheme (v.3.1) and mapped the 104 unique
IUCN habitat classifications onto the 12 land-use types present in the
LUH2 dataset following ref. (Supplementary Table 1).

Finally, we downloaded global population projections from the
SEDAC Global 1km Downscaled Population Base Year and Projection
Grids based on the SSPs v.1.0%%, and selected the year 2070 for RCP 2.6
(see the ‘Climate and land-use futures’ section). These data are down-
scaled to1km fromaprevious dataset at 7.5 arcminute resolution®. We
aggregated 1km grids up to 0.25° grids for compatibility with other
layers, again using bilinear interpolation.

Additional data. A handful of smaller datasets were incidentally used
throughoutthe study. Theseincluded the [IUCN Red List, which was used
to obtain species taxonomy, range maps and habitat preferences®®; the
US Geological Survey Global Multi-resolution Terrain Elevation Data
2010 dataset, which was used to derive a gridded elevation in metres
ataround 25 kmresolution; and a literature-derived list of suspected
hosts of Ebola virus®.
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Mapping species distributions

We developed SDMs for a total of 3,870 species in this study, divided
into two modelling pipelines on the basis of data availability (Supple-
mentary Figs.1and 2).

Poisson point process models. For 3,088 species with at least 10
unique presence records, Poisson point process models, a method
that is closely related to maximum entropy SDMs, were fitted using
regularized downweighted Poisson regression® with 20,000 back-
ground points, using the R package glmnet®**, The spatial domain
of predictions was chosen on the basis of the continent(s) in which a
species occurred in their IUCN range map. As a final error check, spe-
cies ranges were constrained to a1,000 km buffer around their [UCN
ranges. We trained SDMs on current climate data using the WorldClim
2 dataset®, using the five previously specified Bioclim variables.

Toreducethe possibility of overfitting patterns due to spatial aggre-
gation, we used spatially stratified cross-validation. Folds were assigned
by clustering records on the basis of their coordinates and splitting
the resulting dendrogram into 25 groups. These groups were then
randomly assigned to five folds (if a species had fewer than 25 records,
asmaller number of groups was used based on sample size, and these
were splitinto five folds). This flexible approach accounts for variation
inthe spatial scale of aggregation among species by using the cluster
analysis. By splitting into 25 groups initially (rather than 5), we obtain
better environmental coverage (at least on average) within a fold and
minimize the need to extrapolate for withheld predictions.

Linear (all species), quadratic (species with>100 records) and product
(species with>200 records) features were used. Positive coefficients of
quadratic features are not allowed (that is, all have an upper bound of O
inthe model-fitting process), to avoid the undesirable effect of increas-
ingsuitability predictions at range edges. The regularization parameter
was determined on the basis of fivefold cross-validation with each fold,
choosingavalue1s.d. below the minimum deviance®. This resulted in five
models per species that were then combined into anunweighted ensem-
ble. Continuous predictions of the ensemble were converted to binary
presence/absence predictions by choosingathreshold based onthefifth
percentile of the ensemble predictions at training presence locations.

When models were projected into the future, we limited extrapola-
tionto1s.d. beyond the datarange of the presence locations for each
predictor. This decision balances asmall amount of extrapolation based
on patterns in a species niche with limiting the influence of mono-
tonically increasing marginal responses, which can lead to statisti-
cally unsupported (and probably biologically unrealistic) responses
to climate.

Range-bagging models. For an additional 783 poorly sampled spe-
cies (3to9unique pointsonthe 25 kmgrid), we produced SDMs witha
simpler range-bagging algorithm, astochastic hull-based method that
can estimate climate niches from an ensemble of underfit models®*’
thatis therefore well suited for smaller datasets. From the full collection
of presence observations and environmental variables range-bagging
proceeds by randomly sampling a subset of presences (proportion
p) and a subset of environmental variables (d). From these, a convex
hullaround the subset of points is generated in environmental space.
Thehullisthen projected onto the landscape with alocation considered
part of the species range if its environmental conditions fall within
the estimate hull. The subsampling is replicated N times, generating
N*votes’ foreach cell onthe landscape. One canthen choose athresh-
old for the number of votes required to consider the cell as part of the
species’ range to generate the binary map used in our downstream
analyses. On the basis of the guidelinesinref. %, we chose p=0.33,d =2
and N=100. We then chose the voting threshold to be 0.165 (=0.33/2)
because this implies that the cell is part of the range at least half the
time for each subsample. After visual inspection, this generally led to

predictions that were very conservative about inferring that unsampled
locations were part of aspecies distribution. The same environmental
predictors and ecoregion-based domain selection rules were used
for range-bagging models as were used for the point process models
discussed above. This hull-based approachis particularly valuable for
poorly sampled species which may suffer from sampling bias because
bias within niche limits has little effect on range estimates.

Model validation and limitations. PPM models performed well, with a
meantestareaunder the receiver operator curve (AUC) under fivefold
cross-validation (using spatial clustering to reduce inflation) of 0.78
(s.d., 0.14). The mean partial AUC evaluated over a range of sensitiv-
ity relevant for SDM (0.8-0.95) was 0.81 (s.d., 0.09). The mean sen-
sitivity of binary maps used to assess range overlap (based on the 5%
training threshold used to make a binary map) was 0.90 (s.d., 0.08).
Range-bagging models were difficult to meaningfully evaluate be-
cause they were based on extremely small sample sizes (3-9). The mean
training AUC (we did not perform cross-validation due to small sample
size) was 0.96 (s.d., 0.09). The binary maps had perfect sensitivity (1)
because the threshold used to make them was chosen sufficiently low
to include the handful of known presences for each species. One way
to assess how well we inferred the range for these species is to quantify
how much of the range was estimated based on our models, on the
basis of the number of 10 km cells predicted to be part of the species
range even when it was not observed there. The mean number of cells
inferred to contain a presence was 254 (s.d., 503); however, the distri-
bution is highly right skewed with a median of 90. This indicates that
therange-bagging models were typically relatively conservative about
inferring ranges for poorly sampled species.

Although our models performed well, we note that researchers should
approach the interpretation of SDMs with a certain degree of caution.
Even adhering to best practices, many SDM methods are sensitive to
subjective user-end choices that influence model performance, transfer-
ability and interpretability. Some of those choices may have marginally
affected the patterns that we document in this study. For example, to
quantify theresilience of our results to the choice of threshold, we con-
structed pairwise overlaps for the current range estimates of all species
across three habitat suitability thresholds (1%, 5% and 10%). We did this
using the climate projections, the [IUCN-clipped climate projections,
andtheland-use and IUCN-clipped projections (see the sections below),
such that there were nine total replicates, only one of which (IUCN and
land use-clipped 5% threshold) was used in our main analyses. We fitted
the proportional overlap between each species pair across all nine rep-
licates in a linear mixed model with the identity of the species pair and
the thresholding replicate as random effects to quantify the variance
associated with the choice of processing pipeline compared with the vari-
ance associated with the species pair itself. We also examined the mean
proportional overlap across the nine replicates. Our linear mixed model
examining the variance associated with thresholding pipeline found that
thresholding accounted for only 2.2% of the variance in proportional
overlap, in contrast tothe 72.3% accounted for by theidentity of the spe-
cies pair. Furthermore, there was very little difference observed in the
mean proportional overlap and the number of overlapping species across
thresholds. These results demonstrate that the choice of thresholding
had aneffect ontheresults of our analysis, but an extremely marginal one,
and we expect that similar results would be found for other choices such
asvariable setreduction, model calibration, the resolution of predictor
data and the processing of point occurrence data.

Finally, we note that—although many factors besides climate are
ignored by our models, such as biotic interactions or animal social
behaviour—our models are tailored to our aim: predicting hotspots
of elevated risk under climate change. In our application, correctly
predicting presences is more important than incorrect prediction of
absences, because we are focused on the potential for new species
overlap. We cannot say whether that overlap will happen, owing to



the multiple factors besides climate that influence distributions and
range shifts, but we can say with confidence based on robust current
niche estimates, validated with spatially stratified cross-validation and
biologically grounded estimates of dispersal ability where risk would
be elevated in accordance with our simulations.

Habitat range and land use. To capture species’ habitat preference, we
collated data for all 3,870 mammal species from the IUCN Habitat Clas-
sification Scheme (v.3.1). We next mapped 104 unique IUCN habitat clas-
sifications onto the12land-use types presentin the LUH2 dataset. For 962
species, no habitat data were available, or no correspondence existed
betweenaland type inthe [IUCN scheme and our land-use data; for these
species, land-usefilters were not used. Filtering onthe basis of habitat was
performed as permissively as possible: species were allowed in current
and potential future ranges to exist in a pixel if any non-zero percent was
assigned asuitable habitat type; almost all pixels contain multiple habitats.
In some scenarios, human settlements cover at least some of a pixel for
most of the world, allowing synanthropic species to persist throughout
most of their climatically suitable range. For those with habitat data, the
averagereductioninrange from habitat filtering was 7.6% of pixels.

Predicting future species distributions

We modelled atotal of 136 future scenarios, produced by the four paired
climate-land-use change pathways replicated across nine GCMs (with
one, GFDL-ESM4, available for only two climate scenarios, RCP 2.6 and
RCP 7.0; see below), modified by two optionalfilters on species ranges
(habitat preferences and dispersal limits). The full matrix of possible
scenarios captures acombination of scenario uncertainty about global
change and epistemological uncertainty about how best to predict
species’ range shifts. By filtering potential future distributions on the
basis of climate, land-use and dispersal constraints, we aimed to maxi-
mize realism; our predictions were congruent with extensive previous
literature on climate- and land-use-driven range loss*¢%¢°,

Climate and land-use futures. We considered four possible scenarios
fortheyear2070 each based on a pairing of the RCPs and the SSPs. RCP
numbers (that is, 2.6 or 4.5) represent W m~ of additional radiative
forcing by the end of the century, whereas SSPs describe alternative
possible pathways of socioeconomic development and demographi-
cal change. As pairs, SSP-RCP scenarios describe alternative futures
for global socioeconomic and environmental change. Not all SSP-RCP
scenario combinations in the ‘scenario matrix’ are realistically pos-
sible’. For example, in the vast majority of integrative assessment
models, decarbonization cannot be achieved fast enoughin the SSP 5
scenario to achieve RCP 2.6.

We used four SSP-RCP combinations: SSP 1-RCP 2.6, SSP 2-RCP 4.5,
SSP 3-RCP 7.0, and SSP 5-RCP 8.5. We selected these four scenarios
because they span a wide range of plausible global change futures,
and serve as the basis for climate model projections in the Scenario
Model Intercomparison Project for the newest generation of GCMs
(CMIP6)™. SSP 1-RCP 2.6 is a scenario with low population growth,
strong greenhouse gas mitigation and land-use change (especially an
increasein global forest cover), which makes global warming probably
less than 2 °C above preindustrial levels by 2100; SSP 2-RCP 4.5 has
moderate land-use change and greenhouse gas mitigation with global
warmingof around 2.5 °C by 2100; SSP 3-RCP 7.0 has high population
growth, substantial land-use change (especially a decrease in global
forest cover) and very weak greenhouse gas mitigation efforts with
globalwarming of around 4 °C by 2100; and SSP 5-RCP 8.5 is the high-
estwarmingscenario with less decrease inforest cover compared with
SSP 3 but more substantial increases in coal and other fossil fuel use,
leading to more than 4 °C warming by 210077,

Climate model uncertainty. To identify the contribution of climate
model uncertainty and its propagation through our analysis, we used

allnine selected GCMs from CMIP6 and produced multimodel averages
for Figs.1-5. For all statistical analysis in the main text, we present each
multimodel meanwith as.d. across the nine GCMs. We also compared
the first encounters from the two models with the highest (CanESM5)
and lowest (MIROC6) effective climate sensitivity in the available CMIP6
seton WorldClim** (Extended DataFig. 5) . We also present the map of
firstencounters and novel viral sharing ineach GCM run for each RCP,
accounting for both climate and land-use change, with the full dispersal
and limited dispersal scenario (Supplementary Figs. 3-20).

Limiting dispersal ability. Not all species can disperse toallenvironments,
and not all species have equal dispersal ability, in ways that are likely to
covarywithviralsharing properties. We follow arule proposedinref.™,in
which Schloss described an approximate formulafor mammal range shift
ability onthe basis of body mass and trophic position. For carnivores, the
maximum distancetravelled inagenerationisgivenas D=40.7M°%, where
Disdistance inkilometres and Misbody massinkilograms. For herbivores
and omnivores, the maximum is estimated as D =3.31M°%,

We used mammalian diet data from the EltonTraits database™, and
used the same cut-offas ref. ™ toidentify carnivores as any species with
10%or less plantsin their diet. We used body mass data from EltonTraits
in the Schloss formula to estimate maximum generational dispersal,
and converted estimates to annual maximum dispersal rates by divid-
ing by generation length, as previously estimated by another compre-
hensive mammal dataset”. We multiply by 50 years (from 2020 as the
present to 2070) and use the resulting distance as a buffer around the
original range map, and constrain possible range shifts within that
buffer. For 420 species with missing datain one of the required sources,
weinterpolated dispersal distance based on the closest relative in our
supertree with a dispersal velocity estimate.

Qualified by the downsides of assuming full dispersal™, we excluded
bats from the assumed scaling of dispersal limitations. The original
study™ chose to omit bats entirely, and subsequent work has not pro-
posed any alternative formula. Moreover, the Schloss formula per-
forms notably poorly for bats. For example, it would assign the largest
batin our study, the Indian flying fox (Pteropus giganteus), a dispersal
ability of lower than that of the grey dwarf hamster (Cricetulus migra-
torius). Bats were instead given full dispersal in all scenarios: given
significantevidence that some bat species regularly cover continental
distances**?, and thatisolation by distance is uncommon within many
bats’ ranges™, we felt this was a defensible assumption for modelling
purposes. Moving forwards, the rapid range shifts already observed
in many bat species (see ‘Dispersal drives the importance of bats’in
the main text) could provide an empirical reference point to fit anew
allometric scaling curve (after standardizing those results for the
studies’ many different methodologies). A different set of functional
traits probably govern the scaling of bat dispersal, chiefly the aspect
ratio (length:width) of wings, whichis astrong predictor of population
genetic differentiation®. Migratory status would also be important
toinclude as a predictor, although here we exclude information on
long-distance migration for all species (owingtoalack of any real frame-
work for adding that information to SDMs in the literature).

Explaining spatial patterns

Toexamine the geography of new assemblages, we used linear models
that predicted the number of first encounters (new overlap of species
pairs) atthe 25 kmlevel (N =258, 539 grid cells). Explanatory variables
included: richness (number of species inhabiting the grid cell in our
predicted current ranges for the given scenario); elevation in metres
(derived fromthe US Geological Survey Global Multi-resolution Terrain
Elevation Data 2010 dataset); and the predominant land cover type for
the grid cell. We simplified the classification scheme for land-use types
into five categories for these models (human settlement, cropland,
rangeland and pasture, forest and unforested wildland), and assigned
pixels a single land-use type based on the maximum probability from
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the land-use scenarios. We fitted a model for each scenario and pair
of biological assumptions; owing to the large effect that bats had on
the overall pattern, we retrained these models on subsets of encoun-
ters with and without abat speciesinvolved. To help modelfitting, we
log[x +1]-transformed the response variable (number of overlaps in
the pixel) and both continuous explanatory variables (metres of eleva-
tion above the lowest point and species richness). As some elevation
values were lower than O (thatis, below sealevel), we treated elevation
as metres above the lowest terrestrial point rather than metres above
sealevel to allow us to log-transform the data.

Viral sharing models

Criteria for species inclusion. Of the 3,870 species for which we gener-
ated distribution models, 103 were aquatic mammals (cetaceans, sireni-
ans, pinnipeds and sea otters) and 382 were not present in the mamma-
liansupertree that we used for phylogenetic data”. These species, and
the associated SDMs, were excluded from the analysis. Aquatic species
were removed using atwo-filter approach, by first cross-referencing with
Pantheria’, and second by checking that no species had only aquatic
habitat use types (see the ‘Habitat range and land use’ section). We also
excluded 246 monotremes and marsupials because the shape of the
supertree prevented us from fitting satisfactory generalized additive
mixed model (GAMM) smooths to the phylogeny effect, leaving 3,139
non-marine placental mammals with associated phylogenetic data.

Generalized additive mixed models. We used a previously published
model of the phylogeography of viral sharing patterns to make predic-
tions of future viral sharing™. This model was based on an analysis of
510 viruses shared between 682 mammal species?, and predicted the
probability that a pair of mammal species will share a virus given their
geographical range overlap and phylogenetic relatedness. The origi-
nal study uncovered strong, nonlinear effects of spatial overlap and
phylogenetic similarity in determining viral sharing probability, and
simulating the unobserved global network using these effect estimates
capitulated multiple macroecological patterns of viral sharing.

In the original study, a GAMM was used to predict virus sharing as a
binary variable on the basis of (1) geographical range overlap; (2) phylo-
geneticsimilarity; and (3) speciesidentity asa multimembership random
effect. The phylogeographical explanatory variables were obtained from
twobroadly available, low-resolution datasources: pairwise phylogenetic
similarity was derived from amammaliansupertree previously modified
for host-pathogen studies®””, with similarity defined as the inverse of
the cumulative branch length between two species, scaled to between O
and 1. Geographical overlap was defined as the area of overlap between
two species’ I[UCN range maps, divided by their cumulative range size”.

We first retrained the GAMMs from'® on the pairwise overlap matrix
of SDMs generated for this study, such that present predictions would
be comparable with potential future distributions. Of the 3,139 species
inourreduced dataset, 544 had viralrecordsin our viral sharing dataset
andshared with atleast one other mammal, and were used to retrain the
GAMM fromref.'. To check the performance of the GAMM, we predicted
sharing patterns with (1) only random effects, (2) only fixed effects and
(3) withboth. To extend predictions to the full set of mammals, we gener-
ated random effects for out-of-sample species by drawing from the fitted
distribution of species-level effects (predicting without these random
effects underestimates species variance, resulting in mean sharing of
0.02ratherthanthe observed 0.06). The mean sharing value across these
predictions closely approximated observed sharing probability (~0.06).

Note that this model uses citation counts to correct for sampling
bias, animperfect method but one that leads to strong validation per-
formance onanindependently compiled dataset of host-virus associa-
tions, which carries adifferent set of biases. However, it is still possible
that sampling bias in host-virus datasets could artificially inflate the
signal of phylogeography in viral sharing, if researchers investigat-
ing a noteworthy viral detection then preferentially sample closely

related host speciesintheimmediate area. Itisimprobable that these
effects would bias our resultsina particular direction, but accounting
for these biases should at least involve some acknowledgement that
cross-species transmission is challenging to predict (see the discus-
sioninref.'® for amore in-depth treatment of sampling bias effects).

Model validation and limits. Compared with the current viral sharing
matrix, the model performs well with only fixed effects (AUC = 0.80)
and extremely well with both fixed and random effects (AUC = 0.93).
The model explained avery similar proportion of the deviancein viral
sharing to thatin ref.'° (44.5% and 44.8%, respectively).

In practice, several unpredictable but confounding factors could
affect thereliability of this model as aforecasting tool, including tem-
perature sensitivity of viral evolution in host jumps*, or increased
susceptibility of animals with poorer health in lower-quality habitat or
unfavourable climates. Moreover, once viruses can produce an infec-
tion, their ability to transmit within a new species is an evolutionary
race between mutation and recombinationratesin viralgenomes, host
innate and adaptive immunity, virulence-related mortality, and legacy
constraints of coevolution with previous hosts and vectors®*®®!, How-
ever, data cataloguing these precise factors are hardly comprehensive
for the hundreds of zoonotic viruses, let alone for the thousands of
undescribed viruses in wildlife. Moreover, horizontal transmission is
not necessary for spillover potential to be considered significant; for
example, viruses such as rabies or West Nile virus are not transmitted
within human populations but humans are still noteworthy hosts.

Mapping opportunities for sharing. We used the GAMM effect es-
timates to predict viral sharing patterns across the 3,139 mammals
with associated geographical range and phylogenetic data, for both
the present and future scenarios. By comparing current and future
sharing probabilities for each of the four global change scenarios, we
estimated which geographical and taxonomic patterns of viral sharing
would probably emerge. We separately examined patterns of richness,
patterns of sharing probability and their change (that is, future sharing
probability — current sharing probability, giving the expected prob-
ability of anew sharing event).

Asubset of the mammalsin our dataset were predicted to encounter
each other for the first time during range shifts. For each of these pair-
wise first encounters, we extracted the area of overlap in every future
scenario, and assigned each overlap a probability of sharing from the
mean GAMM predictions and mapped the mean and cumulative prob-
ability of anew sharing event happeningin a given geographical pixel.

Case study on ZEBOV. For a case study in possible significant cross-
species transmission, we compiled alist of known hosts of ZEBOV, a zo-
onosis with potentially high host breadth that has been known to cause
wildlife die-offs, but has no known definitive reservoir. Hosts were taken
from two sources: the training dataset on host-virus associations? and
anadditional dataset of filovirus testing in bats®'. In the latter case, any
bats that have been reported to be antibody positive or PCR-positive
for ZEBOV were included. A total of 19 current known hosts were se-
lected. We restricted our analysis to the 13 hosts from Africa, because
thereis no conclusive evidence that ZEBOV actively circulates outside
Africa; although some bat species outside Africa have tested positive
for antibodies to ZEBOV, this is probably due to cross-reactivity with
other undiscovered filoviruses®#*#, We used the 13 African hosts to
predict possible firstencountersinall scenarios (Extended DataFig. 8),
and mapped the current richness of ZEBOV hosts, the change in host
richness by 2070 and the number of first encounters (Fig. 3).

Overlap with human populations. To examine the possibility that hot-
spots of cross-species transmission would overlap withhuman popula-
tions, we used SEDAC’s global population projections v.1.0 for the year
2070%. We aggregated these to native resolution for each of the four



SSPs paired with the native RCP-SSP pairing for the SDMs. In Fig. 4, we
present the population projections for SSP 1, which pairs with RCP 2.6.

Timing of opportunity

As a final supplementary analysis, we examined the potential timing of
first encounters throughout a century of species’movements. Todo so,
wereproduced our entire modelling pipeline using CHELSA v.2.1,aclimate
product for CMIP6 with five general circulation models (GFDLESM4,
IPSL-CM6A-LR, MPI-ESM1-2-HR, MRI-ESM2-0 and UKESM1-0-LL) pro-
jectedinthreescenarios (SSP 1-RCP 2.6,SSP 3-RCP 7.0 and SSP 5-RCP 8.5)
and averaged infour timeslices (1981-2010, 2011-2040, 2041-2070 and
2071-2100). Giventhe focus on timing, species occurrence records were
filteredtospanthe years1900to02019; this enabled us tobuild 2,948 point
process models and 903 range-bagging models (3,850 models) for this
analysis. We treated the first time interval as the baseline for SDMs, and
projected species distributionsinto each of those three future intervals;
wethenidentified the firstencountersin each timeinterval asacumula-
tive process (for example, two species that meetin2011-2040 for the first
time cannot also have afirst encounter in 2041-2070).

Reporting summary
Further information on research design is available in the Nature
Research Reporting Summary linked to this paper.

Data availability

No original datawere generated during our study. All raw datasets are
available online, including the GBIF database of biodiversity occurrence
data (https://www.gbif.org/), the IUCN Red List (https://www.iucn-
redlist.org/), the WorldClim climate dataset (https://worldclim.org/)®,
the CHELSA climate dataset (https://chelsa-climate.org/cmip6/)®, the
LUH2land-use dataset (https://luh.umd.edu/)’, the USGS GMTED 2010
elevation dataset (https://www.usgs.gov/coastal-changes-andimpacts/
gmted2010), the HP3 dataset of host-virus associations (https://github.
com/ecohealthalliance/HP3; https://doi.org/10.5281/zenodo.596810)
and a dataset of filovirus testing in bats®'.

Code availability

Code to reproduce the study is deposited on Zenodo (https://doi.
org/10.5281/zenodo0.6463429) and is available at GitHub (https://
github.com/viralemergence/iceberg). Additional code to generate
the generalized additive mixed models used in this study, reused
fromref.'°, are also available at GitHub (https://github.com/gfalbery/
ViralSharingPhylogeography).
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Extended DataFig.1| The mammal-virus network. The present-day viral
sharing network by mammal order inferred from modelled pairwise
predictions of viral sharing probabilities. Edge width denotes the expected
number of shared viruses (the sum of pairwise species-species viral sharing
probabilities), with most sharing existing among the most speciose and closely

9 11 13 15
Degree

related groups. Edges shownin the network are the top 25% of links. Nodes are
sized by total number of species in that order in the host-virus association
dataset, colourisscaled by degree. Silhouettes are from http://phylopic.org
under Creative Commons license (creativecommons.org/licenses/by/3.0).
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Extended DataFig. 3 | Outcomes by model formulation and climate change
scenario. Heatmaps displaying predicted changes across model formulations.
(A) Range expansions were highest in non-dispersal-limited scenarios and in
scenarios with lower levels of global warming. (B) The number of predicted first
encounters was higher in non-dispersal-limited scenarios and in scenarios with
lower levels of global warming. (C) The number of expected new viral sharing
events was higherinnon-dispersal-limited scenarios and in more severe RCPs.
(D) The overall change insharing probability (connectance) across the viral

changes may appear small, but an 0.4% increase in connectivity is notable on
thescale of millions of possible pairwise combinations of species. Change is
positiveacrossall scenarios, being greatest in non-dispersal-limited scenarios
andinscenarios with lower levels of global warming. Results are averaged
across nine global climate models, with standard deviationindicated in
parentheses underneath main statistics.
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concentration pathways (RCPs), accounting for climate change and land use CMIP6 set on WorldClim®*. Darker colours correspond to greater numbers of
change through pairing with shared socioeconomic pathways (SSPs) as firstencountersin the pixel.
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Extended DataFig. 6 | Geographical distribution of expected viral sharing
events fromfirstencounters. Predictions were carried out for potential
future distributions for four representative concentration pathways (RCPs),
accounting for climate change and land use change, without (left) and with
dispersal limits (right). Darker colours correspond to greater numbers of new
viral sharingeventsin the pixel. Probability of new viral sharing was calculated
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by subtracting the species pair’s present sharing probability from their future
sharing probability that our viral sharing GAMMs predicted. This probability
was projected across the species pair’srangeintersection, and then summed
acrossallnovel species pairsin each pixel. Results are averaged across nine
global climate models.
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Extended DataFig.7|Order-level heterogeneityinfirst encounters. mean number of firstencounters and order size (line). Results are averaged
Dispersal stratifies the number of first encounters (RCP 2.6 with all range across nine global climate models.

filters), where some orders have more than expected atrandom, based on the
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Extended DataFig. 8| Projected viral sharing fromsuspected Ebola
reservoirs is dominated by bats. Node size is proportional to (left) the
number of suspected Ebola host speciesin each order, which connect to
(middle) firstencounters with potentially naive host species; and (right) the
number of projected viral sharing eventsin eachreceiving group. (Node size
denotes proportions out of 100% within each column total). While Ebola hosts
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willencounter amuch wider taxonomic range of mammal groups than current
reservoirs, the vast majority of future viral sharing will occur
disproportionately in bats. (First encounters are averaged across GCMs to
capture the maximum range of taxonomic diversity). Silhouettes are from
http://phylopic.orgunder Creative Commons license (creativecommons.org/
licenses/by/3.0).


http://phylopic.org

Article

2011
2041
2071
Encounters « N ,\Q\ QQN QQ\
S
Extended DataFig. 9| Geographical distribution of first encounters over (2011-2040;2041-2070;2071-2100). Darker colours correspond to greater
time without dispersal restrictions. We show the RCP with the least numbers of first encountersin the pixel. Results are averaged across five global

mitigation (RCP2.6) and most mitigation (RCP 8.5). Projections are made climate models from CHELSA v2.1.
based onfuture climate and land use. Years are the start of each interval
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(RCP2.6) and most mitigation (RCP 8.5). Projections are made based on future CHELSAVv2.1.

climateandland use. Years are the start of eachinterval (2011-2040; 2041-2070;
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For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.
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distribution modeling pipeline.

Data analysis Two separate pipelines are used in this study, both based in R (v4.1.3). The species distribution modeling component uses the 'gimnet' R
package version 4.1-3. Code for both species distribution models and the viral sharing simulation components of the study, and the code to
produce all visualizations, has been made publicly available (github.com/viralemergence/iceberg).
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- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy
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Sample size We report the sample size of species included in the study throughout the paper, including in Extended Data Figure 10. The decision to apply
point process or range bagging models is based on a sample size cutoff, informed by literature on the performance of these models with
different levels of data. Species with 3 to 9 unique georeferenced points on a 25km grid were entered into the range bagging pipeline, and
species with 10 or more were subject to the point process modeling pipeline. Species with fewer points were omitted from the analyses.

For climate datasets used in the study, we always used every available climate model at the time of pipeline initiation.

Data exclusions  Species with data limited by sample size (above) were excluded, as were those absent from the phylogeny, marine mammals (inappropriate to
model with terrestrial species), and non-eutherian mammals (due to model calibration challenges for phylogenetic regression explained in
Albery et al.'s original publication). Species occurrence points were also excluded based on a Grubb outlier test to identify spurious records of
their distribution.

Replication Our study is reproduced on both WorldClim2's CMIP6 models and the CHELSA CMIP6 ensemble, which each include several global climate
models (GCMs) and multiple scenarios. Throughout the text, we report key statistics with a standard deviation across GCMs. The code
pipeline made available with the study makes simultaneous replication across climate products possible.

Randomization  Not applicable (no experimental trials with a control and intervention; this is a simulation study).

Blinding Not applicable (no experimental trials of any kind; this is a simulation study, which would be impossible to design "blinded").
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