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Supplementary Text
The steps taken to estimate the global number of mammalian and avian viruses are
detailed below. Data and code necessary to reproduce the analysis are available at
http://www.github.com/ecohealthalliance/GVP_Science.
Estimating viral diversity in wildlife hosts of zoonotic relevance

To estimate the diversity of viruses that threaten to emerge in people we extrapolated from estimates
derived from two mammalian wildlife hosts, a bat species and a primate species, representing the only
published estimates of unknown viral diversity in vertebrate hosts (7, 16). Mammals represent the most
important hosts for emerging viral zoonoses, with ~88% (69/78) of emerging viral zoonoses with a
confirmed reservoir host in a published database of emerging infectious disease events originating in nonhuman mammals (1), and ~99% in non-human mammals or in birds (69 from mammals, 8 from birds).
These include viruses that originate in, or have genes that originate in, these classes of vertebrates or that
are transmitted by them at some stage in their emergence. In many biological studies, estimates of diversity
include the number of species or other taxonomic units in a region (the species richness), as well as the
variability within species, among species, and across landscapes, i.e. the degree of difference among
organisms (17). For the purposes of this paper, we follow previous work (5, 16) and use the phrase ‘viral
diversity’ to denote the species richness of viruses, i.e. the number of species of viruses in a given host,
group of hosts or geographic region. Estimates of viral diversity for the bat Pteropus giganteus are based
on repeated sampling of individuals of this species and viral discovery using PCR with degenerate familylevel primers targeting 9 viral genera or families, all known to contain zoonoses (5). Estimates of viral
diversity for the rhesus macaque Macaca mulatta targeted 21 viral families by PCR, as well as highthroughput sequencing (HTS) (16). For each host species, we obtained raw test data from (5, 16)
((https://github.com/ecohealthalliance/GVP_Science/blob/master/data/macaque_data.xlsx),
(https://github.com/ecohealthalliance/GVP_Science/blob/master/data/pteropus_data.csv)) and repeated the
analysis of unknown viral diversity for each set of viral family-level tests to estimate the expected number
of viral species and standard error for all known and expected unknown viruses from each of the 30 viral
family test protocols conducted (Code available at
https://github.com/ecohealthalliance/GVP_Science/blob/master/R/pteropus_validation_anthony_2013.R
and
https://github.com/ecohealthalliance/GVP_Science/blob/master/R/macaque_validation_anthony_2015.R,
respectively). This gave an average of 11.58 viruses per family (standard error 6.74), indicating that the
average viral family has between 4.84 and 18.32 viral species. However, this mean was heavily skewed by
the 120 discovered and 200.83 estimated Picobirnoviruses in M. mulatta. The median number of viral
species per viral family was 2.5, indicating that many viral families have only a few viral species in a given
host, but rare families can have many more. For the purposes of the Global Virome Project (GVP), the
mean is a more useful metric so that costs are not underestimated. The likely variability in viral diversity
among mammalian species and viral families highlights the need for a strategy to monitor sampling and test
results in real time to guide per-species sampling as the GVP proceeds (see below).

To decide which viral families to include in GVP testing protocols, we used the
stringent database from (6) that requires PCR evidence of viral sharing among humans
and other animals, and is derived from (3). All 21 viral families targeted in (5, 16)
contain known zoonoses, based on PCR reports in the database from (6), but neither
study covered the Hepeviridae, which also contains zoonoses, so this was included. The
Arteriviridae contains a species pathogenic in primates and none that are known from
humans, but could reasonably be considered a risk for future zoonotic viral emergence
from either known or unknown viral Arterivirus species, given close evolutionary
relationships between humans and other primates. The Bornaviridae was not included
because the evidence for its zoonotic origin is unclear, and most reports of animal
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infections are from livestock, not wildlife (18, 19). The Hepadnaviridae was included
because there is PCR and in vitro infection evidence of viral origin in wildlife species
that are known high zoonotic risk reservoirs, suggesting high likelihood of related novel
viruses capable of spilling over into people (20). We therefore multiply the per-viral
family mean of 11.58 species by 25 (see specific viral families listed below) to give an
estimate of the total viral diversity within all 25 viral families that have high zoonotic
potential as 289.5 (se 121.0 - 458.0) for each mammalian host species. Given that there
are 5,291 known mammal species (21) (excluding marine mammals which have limited
contact with humans relative to terrestrial and volant mammals) we estimate global
mammalian viral richness in our 25 target viral families at 1,531,745 (se 640,211 2,423,278). In addition, influenza viruses derived from mammals and birds represent a
significant public health threat globally. Therefore, we used the mean viral diversity per
viral family in mammal hosts (11.58), and assumed that this may also represent the
average per-host species viral diversity for influenza viruses (Orthomyxoviridae) in each
of the 11,862 known bird species bird species (22). This gives an estimated avian
influenza viral richness of 137,362.96 (se 57,412 - 217,312), and a total global richness
of viral species from families with high zoonotic potential of around 1,669,106 (se
697,623 - 2,640,590).
The viral families to be targeted by the GVP include 16 families of RNA viruses
known to infect people: Arenaviridae, Astroviridae, Bunyaviridae, Caliciviridae,
Coronaviridae, Filoviridae, Flaviviridae, Hepeviridae, Orthomyxoviridae,
Paramyxoviridae, Picobirnaviridae, Picornaviridae, Reoviridae, Retroviridae,
Rhabdoviridae, and Togaviridae; an additional RNA viral family (Arteriviridae) that
infects non-human primates will be included, as explained above; and an additional 8
families of DNA viruses which contain known zoonoses (Adenoviridae, Anelloviridae,
Hepadnaviridae, Herpesviridae, Papillomaviridae, Parvoviridae, Polyomaviridae,
Poxviridae), bringing the total to 25 viral families.
There are a number of assumptions in this approach that need to be considered.
Firstly, viruses, and RNA viruses in particular, have remarkable potential for evolution
which suggests that estimates of viral diversity may not remain static over the period of
the GVP. However, the large standard error around the GVP estimates of viral diversity
suggests that they err on the side of over-estimation of viral diversity by using the mean
per-family value. Therefore, the evolution of novel viral lineages during the GVP is
unlikely to significantly alter total diversity discovered. Furthermore, the work on which
these estimates are based used a conservative approach to the definition of a viral species,
and this has been followed in the current calculations (5, 16). It is also likely that viral
evolution is more constrained in reservoir hosts (the subject of the GVP sampling and
testing) than in spillover hosts (e.g. humans, the subject of many studies of RNA viral
evolution, e.g. (23), which may further reduce the impact of viral evolution on these
estimates. Secondly, the estimates of viral diversity are based on two species, the
macaque and the giant fruit bat, which may not be representative of all mammalian or
avian species in that they are both mammals, both social, the former is widely distributed
and the latter lives in dense colonies and is volant. These and other factors (e.g.
overlapping host species ranges resulting in viral sharing, long evolutionary distance
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from related host species resulting in diversification of viral lineages) suggest that our
estimates of global viral diversity may be lower or higher than stated. Some of these have
been discussed in (5, 16), and given the large standard errors presented here for our
estimates of viral diversity, seem unlikely to suggest a significant disparity (e.g. by orders
of magnitude) between the estimated viral diversity and that which would eventually be
discovered. However, to deal with potential disparities, we propose that the testing results
from the GVP should be analyzed routinely as the project progresses, to monitor and
evaluate progress relative to initial estimates and assumptions. Specifically, the same
algorithms used in (5, 16) could be applied to viral family test results per host species,
family, order, and geographical sampling region to ascertain whether the standard error
around estimated total viral diversity reduces as the project progresses. A reduction in
these standard errors would denote a gain in accuracy of estimates, and if these suggest
some viral families are far more (or less) speciose than assumed, or some species or taxa
have a much greater or lesser viral species richness than assumed, the strategic targeting
of the GVP could be altered accordingly to maximize discovery, by expanding, reducing
or halting sampling and testing.
Estimating the number of potentially zoonotic unknown viruses
To estimate the number of wild mammal viruses and bird influenzas with the
potential to infect people, (i.e. the species richness of unknown viral zoonoses), we used
data from (3, 6) on the host species range for all known mammalian viruses and the
proportion of those viruses that can infect humans. We found that, of 580 known
mammalian viruses in the 25 viral families targeted by the GVP, 261 (45.0%) infect
humans (2 other viruses are not within these families: the unassigned Hepatitis delta
virus, and Borna disease virus-1; bringing the total known human viruses from (3, 6) to
263). (https://github.com/ecohealthalliance/HP3/blob/master/data/viruses.csv) As
evidence for a mammalian viral species’ capacity to infect people, we used data from the
less stringent database in (6), which includes those with either PCR or serology evidence
of infection. This reduces the likelihood of underestimating zoonotic potential, and
reflects the large number of studies of spillover potential that use serological surveys of
exposed people. We did not include Hepatitis delta virus, in our calculations because this
is considered an RNA viroid, requires hepatitis B virus (HBV) as a ‘helper virus’ for its
replication and transmission, and is only known in nature from HBV-infected humans
(24-26). Furthermore, it has not been categorized into a viral family by the ICTV. Of the
580 known mammalian viruses in the 25 viral families targeted by the GVP, 74 are
thought to be exclusively human and 187 are zoonotic (32.2% of the known mammalian
viruses in the targeted families). Considering evidence that most exclusively human
viruses appear to have originated in animals (7), we assume that between 493,856 (se
206,412 - 781,298) (32.2%) and 689,285 (se 288,095 - 1,090,475) (45.0%) of the total
unknown mammalian viruses have potential to infect humans. Because influenza viruses
have exceptional capacity for genetic recombination, we made the conservative
assumption that all strains of influenza virus in birds are likely capable of zoonotic
transmission. Our best estimate of the total number of potential zoonoses globally is
therefore between 631,218 (se 263,824 – 998,610) and 826,647 (se 345,507 - 1,307,787).
It is possible that as-yet-undiscovered viruses harbor a lower proportion with zoonotic
potential than those already known, given our long history of interaction with wildlife on
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the planet, and our likely skewed surveillance of hosts known to harbor zoonoses (6).
However, data show that the rate of disease emergence is increasing after correcting for
reporting bias, with zoonotic pathogens originating in wildlife increasing significantly as
a proportion of all emerging pathogens (1, 8). This suggests that any reduced potential for
zoonotic emergence in the undiscovered pool may be far less important in driving risk
than the very large number of pathogens to which humans have not yet been significantly
exposed, or the exponentially increasing drivers of high-risk contact with wildlife that
leads to disease emergence (1, 27). Furthermore, the identification of a pathogen as
zoonotic requires that it infects people and is then clinically observed. Capacity to
conduct disease detection and viral discovery in people, livestock and wildlife is likely
lowest in countries with the highest mammalian biodiversity (and therefore viral
diversity), so that many viruses may remain undiscovered, even if they have already
emerged repeatedly into human populations in these regions. This hypothesis is supported
by the apparent repeated spillover of HIV-1 progenitors prior to its emergence (28), and
PCR evidence of simian foamy virus infections in three bushmeat hunters in Cameroon in
a survey of 1099 individuals, ten of which had serological evidence of exposure (29). In
addition, analysis of ICTV data and the literature (6) suggests that prior surveillance
studies have not skewed to hosts with higher proportions of zoonoses due to research
focused on identifying reservoirs of zoonotic pathogens. For example, this work shows
that bats have a statistically significant higher proportion of zoonoses than any other
mammalian order, even though bat viruses are not historically well-studied relative to
other mammalian host groups (21). Indeed, other factors may determine the selection of
hosts for surveillance, not least of all convenience. For example, historical surveys of
mammals are often based on ease of capture, and therefore have focused more on diurnal
terrestrial species (e.g. rodents, primates) than nocturnal volant species (e.g. bats).
Finally, the standard error for our estimates of the number of viruses with zoonotic
potential is quite large, but still results in a minimum expectation of >220,000 viruses of
zoonotic potential. Given the high, and growing, public health impact and economic costs
of EID outbreaks (8), it seems that this lower number would still provide adequate
economic and public health rationale for a large project like the GVP.
Targeting the Global Virome Project to maximize discovery of zoonoses
We propose that work conducted by the Global Virome Project (GVP) should be
streamlined to discover those viruses with the highest zoonotic potential by targeting host
taxa which have historically harbored the majority of zoonoses. Mammalian taxa sampled
could reasonably exclude marine mammals, which have a reduced likelihood of contact
with people relative to terrestrial and volant mammals, and have not been the primary
reservoir from which any prior EIDs have originated (1). Target mammalian species
primarily would be wildlife because 91% of zoonoses reported between 1990 and 2010
involved a wildlife host, with some of those also implicating a domestic animal host for
the same virus etiology (30). For avian influenza viruses, the GVP could reasonably
target only water birds (Anatidae, Laridae, Charadriiformes and others, with a global
species richness of 871) which harbor a wide diversity of known zoonotic avian
influenzas, and include species that are closely related to widely-domesticated species,
and that are hunted extensively (22). Some recent emerging diseases have been caused by
viruses transmitted to people from wildlife via domestic animal reservoirs (e.g. Nipah
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virus and pigs, MERS coronavirus and camels). The GVP could sample a small number
of livestock and poultry species (n=10) in regions that are known emerging disease
hotspots (1, 27). Because these species are abundant and widely distributed, sampling in
5 regions globally would not be logistically difficult, and would increase the target by an
equivalent of 50 species.
Estimating the cost of a Global Virome Project

To estimate the cost of sampling and discovering unknown viruses, we used cost data derived from the
USAID EPT/PREDICT project, which has a goal of conducting zoonotic viral discovery in wildlife to
identify potentially zoonotic pathogens and build capacity to reduce the risk of pandemics (10, 11). This
project has been operating in over 25 developing countries, in emerging disease hotspots, for just over 8
years. This project has set up field teams in each country, captured and sampled over 80,000 wildlife and
domestic animals, designed and operated diagnostic platforms in-country, and conducted over 400,000 viral
discovery tests. The USAID EPT/PREDICT project conducted the work in (5, 16). The cost of estimating
the viral diversity of P. giganteus, collecting metadata, conducting risk assessment and partially
characterizing some of the viruses discovered was $1.2 million. The bulk of these costs were in sample
collection, setting up laboratory testing platforms, and conducting sample preparation. Considering that the
cost of adding primers to PCR reactions once samples are prepared for analysis, including HTS, is
relatively insignificant, we estimate the cost of taking the Global Virome Project to scale is approximately
$6.3492 billion (the $1.2 million cost of the P. giganteus work multiplied by the number of extant
terrestrial and volant mammals) for 100% of the estimated unknown 1,531,745 mammalian viruses
(excluding marine mammals). Because the bulk of these costs comprise the logistics of fieldwork, sample
collection and cold chain management, they are therefore driven largely by host species considerations and
relatively unaffected by the uncertainty in viral diversity estimates. The GVP would require an additional
$1.1052 billion to sample water bird species (n=871) for influenza, and to conduct limited domestic animal
sampling (n=50, as described in the SM, above). This would bring the total costs of the GVP to $7.454
billion, which, if annualized over a decade would cost around $745 million per year to discover virtually
100% of the viral zoonotic threats to our species.
(https://github.com/ecohealthalliance/GVP_Science/blob/master/data/GVP_costs_from_anthony2013.xlsx)

However, because the viral discovery curves reported in (5, 16) are asymptotic,
marginal returns (i.e. rates of new virus discovery) diminish rapidly as the number of
samples collected increases. Using the discovery rates and total costs from (5), and
assuming a linear relationship between samples collected, we examined the relationship
between total project costs and the percentage of the undiscovered global virome found.
(Fig. S1). Based on these calculations, we estimate that 97.4% of targeted viral diversity
would be discovered with half of the sampling and testing effort ($3.73 billion), 85% of
targeted viral diversity would be discovered with only 23% of the costs ($1.69 billion),
and 71% diversity with only 16% of the costs ($1.2 billion, considering some fixed
costs). Neither start-up infrastructure costs nor cost savings from economies of scale are
included in this model, both of which may reduce the steepness of the curve shown in
Fig. S1, but this simple model is included to demonstrate the decreasing rate of discovery
after an initial sampling phase. This model suggests that a GVP costing $1.2 billion could
discover a substantial majority (71%) of unknown viral diversity in non-marine mammals
and of the zoonotic influenza risk from water birds, with some limited domestic animal
sampling. GVP costs likely would not be significantly increased if estimates of viral
diversity prove to be low due to, for example, the discovery of a very diverse new viral
family, or greater diversity within a known family. The increased number of viruses
discovered would not be linearly translated into increased costs of the project, because
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the bulk of the costs are in the collection of field samples rather than sequencing a larger
number of PCR products.
Further strategic targeting to increase return-on-investment
Further targeting strategies are proposed in the main text to increase return-oninvestment from the GVP, and deliver public health value as rapidly as possible: 1)
Optimizing sampling to target host species and regions with the highest number of
‘missing zoonoses’, or hosts otherwise more likely to be involved in viral spillover. It is
logical that some host species, genera or orders may have a higher risk than others of
harboring zoonoses, or of their viral fauna spilling over to people. This may be due to
their higher contact with people (e.g. through a propensity to live in human-dominated
habitat, or their involvement in the wildlife trade etc.); due to intrinsic biological factors
that lead to them harboring a higher number of viruses, or likely zoonotic viruses; or
because they are more abundant or have a wider geographic or ecosystem range, and
therefore increased potential for direct viral spillover or via domestic animals to humans.
Recent analyses suggest that species which have greater contact with humans (31), and
are more closely related phylogenetically (32, 33) are more likely to harbor viruses with
the potential to be zoonotic. Analysis of data on all mammalian host-virus relationships in
(3), after controlling for reporting effort, demonstrates that both the total number of
viruses that infect a given species, and the proportion likely to be zoonotic are predictable
(6). The proportion of viral species that are zoonotic in mammalian hosts is predicted by
phylogenetic relatedness to humans, host taxonomy, and human population within a
species range (a proxy for human-wildlife contact). By setting reporting bias in to the
maximum known for any wild mammal, it is possible to identify geographic regions with
the largest estimated number of ‘missing viruses’ and proportion of ‘missing zoonoses’
(6). Prioritizing sampling of these species and regions would therefore provide the
highest rate of zoonotic viral discovery for the GVP. 2) Targeting EID hotspots. Analysis
of all infectious diseases reported as emerging in humans since 1960 shows that, when
corrected for reporting bias, their geographic origins are correlated with wildlife
biodiversity and human population density (1). The spatial distribution of these correlated
drivers provides a geographic map of EID hotspots which represent the most likely
regions for future spillover events. This analysis has been revised significantly, with a
new database, new analytical approach, new measures of reporting effort, new validation
methods, and specifically targeting zoonotic EIDs (27). The results demonstrate that,
after accounting for reporting effort, zoonotic EID risk is elevated in forested tropical
regions experiencing land-use changes and where wildlife biodiversity (mammal species
richness), and human population density, are high. Apart from the correlation with
mammal species richness which is already accounted for in the GVP targeting, these
results could be used to identify initial GVP sampling sites. Novel viruses identified in
wildlife at these sites would have the highest relative propensity to emerge, other traits
being equal. 3) Syndromic surveillance at wildlife-livestock-human interfaces. Targeting
GVP sampling of wildlife to sites with repeated reports of undiagnosed outbreaks in
humans or livestock may increase the probability of identifying causative agents of these
outbreaks. For example, there are substantial available data on undiagnosed case clusters
and outbreaks of encephalitis and other discrete syndromes with potential infectious
etiology from the literature and from internet-based reporting. During the late 1990s,
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analyses of these reports for South Asia suggested that some outbreaks may be caused by
Nipah virus – at the time not known in the region. This provided the rationale for a
survey of fruit bats in Northern India (the reservoirs for Nipah virus elsewhere), which
led to the first report of Nipah virus in bats in India (34). Syndromic surveillance allowed
identification post hoc, of the causative agent of outbreaks in South Asia (35, 36).
Similarly, syndromic surveillance of livestock has been used to identify diseases of
significance to livestock production or public health (37-40). Data on undiagnosed
clusters of potential infectious etiology in livestock could be used to target the planned
livestock sampling in the GVP. These approaches may provide more direct benefits from
the GVP for public health and food security. 4) Initial targeting of RNA viruses. RNA
viruses have caused 94% of the zoonoses documented from 1990 to 2010, 28 times
higher than the proportion of RNA viruses detected among all vertebrate viruses (30).
Therefore, to maximize the early detection of likely zoonotic viruses, GVP testing could
target RNA viral families, including retroviruses. Alternatively, following testing for all
24 viral families, novel viruses could be triaged initially for further characterization based
on their RNA vs. DNA genome. 5) Economies of scale. Economies of scale would
potentially reduce the cost of the GVP, providing that issues of access to sampling sites,
sample movement and intellectual property are negotiated equitably. For example,
modeling could be used to identify the maximum return (i.e. number of unique viruses
identified from wildlife species, or number of unique wildlife species adequately
sampled) on investment (number of sampling sites and cost) per country. In regions with
discrete pockets of biodiversity, algorithms used to identify sites for protected areas could
be modified to increase GVP site selection efficiency (41-43). At a national scale, the
presence of biodiversity hotspots across country boundaries could lead to repetitive
sampling over two adjacent countries if targeting is based on country-by-country
analyses. A regional (multinational) approach may reduce costs significantly while giving
the same species coverage, and would allow for decisions on logistical efficiencies to
drive sample site choice. Testing of samples in laboratories that already have a regional
remit may increase efficiency and reduce costs of laboratory capacity building. Similarly,
regional bioinformatics platforms could be used that would not only increase the capacity
for analysis of sequence data, but also provide training in bioinformatics for scientists
across a region. 6) Technological innovation. The decade-long timescale of the GVP may
allow for technological innovation to significantly reduce testing and bioinformatics costs
and therefore to increase efficiencies. As an extreme example, the cost of sequencing a
human genome fell from $100,000,000 to around $10,000 in 10 years (2002-2012), i.e. 4
orders of magnitude, exceeding projected increased efficiency by Moore’s Law (44).
Technological advances continue in biased and unbiased viral discovery technology (45),
and are likely to increase testing efficiency and reduce costs (46).
Potential direct benefits of the GVP to reducing risk of zoonotic viral emergence
The GVP’s goal of identifying the bulk of currently-unknown viruses with zoonotic
potential from wildlife reservoirs will have substantial potential for preventing and
controlling zoonotic viral emergence in the future. However, the development of
biomedical countermeasures (therapeutic drugs or vaccines) would require significant
financial investment beyond that costed out for the GVP, and significant time following
discovery (47-49). For example, substantial research on influenza viruses over the past
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few decades has yielded a wealth of data on virology, immunology, pathology and
epidemiology. This has led to strategies to predict the emergence of seasonal flu strains
and to develop vaccines for them in advance of their emergence. However, their efficacy
appears to be variable (50), and vaccine development to the recently emerging H1N1
pandemic strain lagged its global spread, albeit that speed of production was greatly
enhanced (51, 52).
Despite the challenges of countermeasure development, there are a number of ways
that the GVP could rapidly and feasibly improve efforts to pre-empt zoonotic viral
emergence, more rapidly diagnose cases, and intervene earlier in outbreaks: 1) Greater
diversity of viral reagents for countermeasure development. Having the sequence data for
thousands, rather than a few, viruses from a single family could enhance our
understanding of the efficacy of novel therapeutics, vaccines or other countermeasures to
a wider range of targets. For example, following the emergence of SARS-CoV, a large
number of diverse related coronaviruses has been discovered from bats, including a group
closely related to SARS - the bat SARS-like coronaviruses (SL-CoVs). The spike
proteins of a number of recently-discovered SL-CoVs have ability to bind to the human
receptor for SARS-CoV, and to infect and replicate SARS-like disease in mice when
inserted into a mouse-adapted SARS-CoV backbone (13, 53). However, both a vaccine
and monoclonal therapy that reduces SARS-CoV infection in this model failed to
neutralize and protect from infection with the SL-CoV chimera (54). Thus, expanding our
knowledge of the diversity of related SL-CoVs under a GVP program may provide more
effective testing protocols for SARS therapeutics and prophylactics; 2) Capacity
building. To facilitate the scaling up of current surveillance and viral discovery programs,
the GVP would necessarily require training of One Health teams in regions most likely to
experience novel outbreaks of emerging diseases. In the USAID EPT/PREDICT project,
teams of trained wildlife biologists capable of safely sampling wildlife during outbreak
conditions have assisted in outbreaks of yellow fever in Africa, Ebola virus disease in
West Africa, Nipah virus in Bangladesh and a range of others (55). Scaling up of incountry One Health capacity would help more rapidly identify the reservoirs of known or
novel viruses causing outbreaks in EID hotspots, and identify exclusion measures or
other strategies to reduce risk of further spillover; 3) Enhancing rapid diagnosis during
outbreaks. The identification of relatives of known zoonotic viruses in new regions may
enhance the speed and capacity to diagnose at-risk populations. For example, the
identification of novel and distinct henipaviruses in bats in Africa has led to testing for,
and evidence of, their transmission to pigs and humans in the region (56-58). This group
of viruses can now be included in investigation of future outbreaks of Nipah- or Hendralike disease in livestock in the region. 4) Designing risk mitigation policies. The metadata
collected by the GVP on viral-host ecology, viral distribution, seasonal dynamics,
proximity to dense human populations and travel centers, and to communities with
cultural practices that increase risk of spillover, can be used to enhance public health.
Sequence data from new relatives of known agents can be used to increase the breadth of
coverage of PCR-based diagnostic tests. Ecological and human behavioral data collected
in the GVP will help refine our mechanistic understanding of spillover, and can be used
to develop novel interventions. For example, the USAID EPT/PREDICT has identified
sites in Yunnan Province, China where cave-dwelling bats harbor a high diversity of
10

novel SARS-like coronaviruses, including some capable of infecting human cells and
causing illness in humanized mice (13, 54, 59). Ecological data collected during site
evaluation prior to wildlife sampling, and human behavioral data collected routinely in
the USAID EPT/PREDICT project identified human communities with significant
exposure to bats from these caves. Targeting these communities for serological
surveillance to SARS-like coronaviruses may help identify early evidence of spillover
prior to full-scale emergence. Identification of potential zoonoses in hunted, traded and
consumed wildlife species may provide a public health rationale for interventions (e.g.
public education programs, enhanced biosecurity in farming systems and markets, policy
interventions in wildlife trade) to reduce the risk of spillover. These mitigation strategies
may also help prevent spillover of yet-to-be identified viruses within the same risk
pathway or interface. The GVP metadata will also allow refinement of predictive models
of zoonotic disease emergence, and viral host ranges (1, 6, 11, 27). For most of these,
gaps in globally relevant datasets lower their predictive capacity, something that would
be addressed by ground-truthing with much-expanded data on viral-host relationships and
geographical distribution. 5) Strategies to triage potentially pandemic viruses for
enhanced characterization and risk mitigation policies. It would not be feasible to design
and target control and intervention programs against all novel viruses identified by the
GVP, and strategies to distinguish which novel viruses have true pandemic potential are
rudimentary at present (14). Knowledge of influenza diversity and evolution has led to
seasonal vaccine development based partly on predictive modeling of next year’s
dominant strain, but this is enhanced by a great deal of data on influenza viruses recently
and currently circulating in people. To begin to address this issue, the USAID
EPT/PREDICT project has developed an approach that characterizes the relative
importance of newly-discovered viruses based on viral-dependent traits (e.g. proportion
of known zoonoses per viral family, phylogenetic relatedness of known zoonoses, host
breadth/plasticity,) and viral-independent traits (e.g. host species geographic range,
abundance and proximity to people; viral prevalence in host; location of host in an EID
hotspot) (11). Some of these approaches have been shown to predict zoonotic potential
from large databases of virus-host relationships (6, 30). In the USAID EPT/PREDICT
project, this strategy is used to identify which viruses are most likely to be potentially
zoonotic, and to allocate resources for further in-depth characterization (11, 55). This
approach was used successfully to further characterize the spike proteins of SARS-like
coronaviruses discovered in this project, assess their capacity to bind to human cells, and
conduct behavioral and serological surveys to assess the potential that spillover has
occurred into the human population (54, 59). We propose that if this triage approach is
used in the GVP, it will not only provide a preliminary framework for risk assessment,
but will ultimately involve orders magnitude more data on viral sequence, geographic and
host distribution, human behavioral and ecological risk and other parameters. This
significant scaling up of available data will underpin a strategy to produce more realistic
projections of zoonotic and pandemic potential.
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Fig. S1. Cost estimates of the GVP compared to the percentage of the targeted global
virome discovered. The targeted global virome includes sampling from all 5,291
terrestrial mammal species and testing for 25 viral families of zoonotic potential, 871
species of water birds tested for influenza viruses, and limited (n=50) sampling of
domestic animals and testing for 25 viral families.
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