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Viral genomic features predict
Orthopoxvirus reservoir hosts

Check for updates

Katie K. Tseng1, Heather Koehler2, Daniel J. Becker 3, Rory Gibb4,5, Colin J. Carlson 6,
Maria del Pilar Fernandez 1,7 & Stephanie N. Seifert 1,7

Orthopoxviruses (OPVs), including the causative agents of smallpox andmpoxhave led to devastating
outbreaks in human populations worldwide. However, the discontinuation of smallpox vaccination,
which also provides cross-protection against related OPVs, has diminished global immunity to OPVs
more broadly. We apply machine learning models incorporating both host ecological and viral
genomic features topredict likely reservoirs ofOPVs.Wedemonstrate that incorporating viral genomic
features in addition to host ecological traits enhanced the accuracy of potential OPV host predictions,
highlighting the importance of host-virus molecular interactions in predicting potential host species.
We identify hotspots for geographic regions rich with potential OPV hosts in parts of southeast Asia,
equatorial Africa, and the Amazon, revealing high overlap between regions predicted to have a high
number of potential OPV host species and those with the lowest smallpox vaccination coverage,
indicating a heightened risk for the emergence or establishment of zoonoticOPVs.Our findings can be
used to target wildlife surveillance, particularly related to concerns aboutmpox establishment beyond
its historical range.

Variola virus, the smallpox-causing agent belonging to the Orthopoxvirus
genus (OPV), left an indelible mark on human history. This exceptionally
virulent disease triggered someof themost catastrophic outbreaks inhuman
memory, leading to significant morbidity and mortality on a global scale.
However, it also catalyzedprogress in therapeutic intervention, inspiring the
development of the first and highly effective vaccine. This vaccine leveraged
cross-protective immunity from a closely related but less virulent OPV,
ultimately leading to the successful eradication of smallpox1. In 1980,
smallpox became the first human disease to be eradicated as a result of a
global, coordinated vaccination effort --- and onlymadepossible by a lack of
suitable animal reservoirs to maintain variola virus outside of human
populations2. After the eradication of smallpox, vaccinations were largely
discontinued, resulting in aworldwide reduction in immunologicalmemory
against OPVs3. Nevertheless, the OPV genus is a diverse group, with many
members still circulating in animal reservoirs, facilitating periodic emer-
gence in humans and complicating intervention efforts.

Orthopoxviruses are notable for their variedmammalian host breadth
and pathogenicity, although their full range of circulation in wildlife is
unknown4. The diversity in host breath has been attributed to variations in
the large repertoire of accessory genes found across poxvirus species

includingmany genes associated with the inhibition of host innate immune
responses5–7. The evolutionary dynamics of OPVs is marked by gains and
losses among accessory genes, with genome reduction thought to contribute
to host specialization4. For example, the modified vaccinia virus Ankara, a
third-generation smallpox vaccine, lost considerable genetic information
(roughly 15%of the ~200 kb genome), includingmany genes used byOPVs
to regulate the mammalian host environment, resulting in a restricted host
range8. The viral genome of cetaceanpox viruses, a putative sister clade to
OPVs, encodes for roughly half the number of proteins found in other
poxviruses9 and these viruses are thought to have highly restricted host
ranges. OtherOPVs, includingmpox virus (formerly known asmonkeypox
virus) and cowpox virus, are capable of infecting a broad range of hosts,
increasing the likelihood of recurrent spillover events into the human
population4. The unprecedented recent global spread of mpox virus has
raised concerns about human-to-animal spillback to susceptible hosts
outside its historical range, ashasbeenobservedwithSARS-CoV-2 inwhite-
tailed deer populations10. Furthermore, the recent emergence of the novel
borealpox virus (formerly known as alaskapox virus) in humans from an
unknown animal reservoir suggests a high likelihood of unidentified OPVs
in nature with zoonotic potential11.

1Paul G. Allen School for Global Health,Washington State University, Pullman,WA, USA. 2School ofMolecular Biosciences,WashingtonStateUniversity, Pullman,
WA,USA. 3School of Biological Sciences, University ofOklahoma,Norman, OK,USA. 4Centre for Biodiversity andEnvironmentResearch, Department ofGenetics,
Evolution and Environment, University College London, London, UK. 5People & Nature Lab, UCL East, University College London, London, UK. 6Department of
Epidemiology of Microbial Diseases, Yale University School of Public Health, New Haven, CT, USA. 7These authors jointly supervised this work: Maria del Pilar
Fernandez, Stephanie N. Seifert. e-mail: pilar.fernandez@wsu.edu; stephanie.seifert@wsu.edu

Communications Biology |           (2025) 8:309 1

12
34

56
78

90
():
,;

12
34

56
78

90
():
,;

http://crossmark.crossref.org/dialog/?doi=10.1038/s42003-025-07746-0&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s42003-025-07746-0&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s42003-025-07746-0&domain=pdf
http://orcid.org/0000-0003-4315-8628
http://orcid.org/0000-0003-4315-8628
http://orcid.org/0000-0003-4315-8628
http://orcid.org/0000-0003-4315-8628
http://orcid.org/0000-0003-4315-8628
http://orcid.org/0000-0001-6960-8434
http://orcid.org/0000-0001-6960-8434
http://orcid.org/0000-0001-6960-8434
http://orcid.org/0000-0001-6960-8434
http://orcid.org/0000-0001-6960-8434
http://orcid.org/0000-0001-8645-2267
http://orcid.org/0000-0001-8645-2267
http://orcid.org/0000-0001-8645-2267
http://orcid.org/0000-0001-8645-2267
http://orcid.org/0000-0001-8645-2267
http://orcid.org/0000-0002-4397-6156
http://orcid.org/0000-0002-4397-6156
http://orcid.org/0000-0002-4397-6156
http://orcid.org/0000-0002-4397-6156
http://orcid.org/0000-0002-4397-6156
mailto:pilar.fernandez@wsu.edu
mailto:stephanie.seifert@wsu.edu
www.nature.com/commsbio


Given this complex landscape of host ranges and zoonotic potential,
identifying possible animal reservoir hosts of OPVs is critical for antici-
pating spillover events. However, identifying reservoirs through field sam-
pling is a resource-intensive endeavor12. To target these efforts, statistical
models can be used to predict undiscovered hosts of zoonotic viruses. These
statistical models leverage intrinsic traits of the virus13, host14,15, or both to
predict “missing links” in the host-virus network (a many-to-many pre-
dictive problem, often called link prediction), or can focus more specifically
on host susceptibility to a specific pathogen or pathogen group of interest (a
many-to-one predictive problem, which we call host prediction). This latter
approach is more easily implemented, given easy access to datasets that
capture host ecological, geographic, morphological, and phylogenetic
features15, and a lack of comparable standardized datasets of “viral traits.”

These types of modeling studies may be undermined by their reliance
on host ecological and phylogenetic features, and conversely, the lack of
predictors that capture host-virus compatibility at molecular scales. For
example, several such modeling efforts have indicated a high probability of
compatibility between domestic pigs (Sus scrofa) and SARS-CoV-215–17,
which was further supported by in vitro susceptibility of pig-derived cell
lines18. However, in vivo challenge studies demonstrated that SARS-CoV-2
fails to infect domestic pigs19,20, suggesting a post-entry incompatibility that
is poorly understood or captured in current predictivemodels. Similarly, the
Egyptian fruit bat, Rousettus aegyptiacus, was predicted to be a compatible
host forNipah virus using host trait data21, but failed to supportNipah virus
replication with experimental challenge22. Furthermore, viruses evolve over
time, changing host breadth or transmission potential, as illustrated by the
expanded host range of the SARS-CoV-2 Omicron variant23. As the evo-
lution of viruses is shaped by the host environment, from cell entry to
evading host innate and adaptive immune response, viral genomes encode
valuable information for predicting their host range but have seldom been
included in predictive modeling of host-virus associations.

Here, we developed a trait-based approach using boosted regression
trees (BRTs), a machine learning algorithm commonly used in ecological
and evolutionary research, and integrated both host ecological traits and
viral genomic features to predict mammal-OPV associations. To provide a

basis for comparison,we constructed traditional host predictionmodels that
usedonly host traits topredictOPVpositivity acrossmammal genera. These
models, trained separately on datasets of candidate host genera with evi-
dence of exposure to OPV species (based on molecular detection of viral
genetic material) or likely susceptible to infection (based on isolation of an
OPV from a host), assess how different detection methods influence pre-
dictions. Building on this framework, we combined PCR and virus isolation
data with OPVwhole genome sequences to create a comprehensive dataset
of host-virus interactions.Using this enricheddataset,wedevelopedamodel
to predict the probability of a specific link between a singleOPVand a single
host genus (i.e., link prediction) by including both host traits and virus
features critical to host-virus interactions on amolecular scale. Unlike a host
prediction model, which predicts positivity for a virus or group of viruses,
the link predictionmodel predicts compatible host-virus pairs, an approach
that can be applied to optimize targeted sampling and provide quantitative
insights into the hypothesized role of viral genomic variation in shaping
OPV host range.

Results
Host prediction models
Host prediction BRT models aimed at predicting the host range of OPVs
using either known host exposure to OPVs (based on PCR) or known
susceptible hosts of OPVs (based on virus isolation) had moderate pre-
dictive accuracy (Fig. 1; Supplementary Table 1). Compared to the host
exposure model, the susceptible host model had higher overall model
accuracy (area under the receiver operating characteristic curve [AUC] =
0.88 vs. 0.86; t = -4.38, p < 0.001), higher specificity (t =−7.21, p < 0.001),
and lower sensitivity (t = 5.66, p < 0.001) (Fig. 1; Supplementary Table 1).
Likewise, the predicted probabilities of OPV positivity (Supplementary
Data 1) were significantly correlated between the two evidence type models
(Spearman ρ = 0.535, p < 0.001), with predictions of the host exposure
model and the susceptible host model both exhibiting strong phylogenetic
signals (Pagel’s λ = 0.80 and 0.90, respectively). Phylogenetic factorization
identified some overlapping taxonomic patterns in the predictions of both
host predictionmodels, including a highermean probability of genera from

Fig. 1 | Performance measures of boosted regression tree models.Model accuracy
was evaluated by (a) area under the receiver operating characteristic curve, (b)
sensitivity and (c) specificity. Link prediction models were trained on known host-
virus links as the response variable but differed in the inclusion versus exclusion of

viral genomic traits as predictors. Host prediction models were trained on RT-PCR
positivity (i.e., host exposure model) versus virus isolation data (i.e., susceptible host
model). All models were trained on 100 random splits of training (70%) and test
(30%) data.
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the family Felidae (n = 17 species) to host OPVs, and a lower mean prob-
ability of the orders Lagomorpha and Rodentia (n = 514) as well as a sub-
clade of the rodent suborder Hystricomorpha (n = 74) to host OPVs (Fig. 2
and Supplementary Fig. 1; Supplementary Tables 2 and 3).

Link prediction model
In contrast, the linkpredictionmodel trainedonhost traits and viral features
(to predict the existence of a host-virus link) classified compatible host-virus
pairs with higher accuracy, higher specificity, and higher, moderate sensi-
tivity (Fig. 1; Supplementary Table 1). To explore the robustness of the link
prediction model, we tried predicting links solely on host traits, which,
similar to host prediction models, resulted in lower model accuracy, spe-
cificity and sensitivity compared to training on both host traits and viral
features (Fig. 1; Supplementary Table 1). We also tried excluding host
associations with vaccinia virus from our link prediction model trained on

host and virus traits. This decision was based on the fact that multiple
passages in vitro of vaccinia virus have led to the artificial selection of viral
genes implicated in virulence, replication capacity, and host range, which
maynot reflect natural host-virus interactions. Excluding linkswith vaccinia
virus significantly increased sensitivity (t = -10.06, p < 0.001) and lowered
specificity (t = 2.99, p < 0.001) and overallmodel accuracy, albeitmarginally
(AUC = 0.95 vs. 0.96; t = 10.1, p < 0.001) (Fig. 1; Supplementary Table 1).

Link predicted probabilities (Supplementary Data 1), represented as
the mean probability of hosting any OPV per host genera, displayed strong
phylogenetic signal (Pagel’s λ = 0.87). Similar to the host predictionmodels,
phylogenetic factorization predicted Felidae (n = 17 tips)more likely to host
OPV and Lagomorpha and Rodentia (n = 514) less likely to host OPV
(Fig. 2; Supplementary Tables 2–4). The order Perissodactyla (n = 8) was
alsopredictedmore likely tohostOPVs in agreementwith thehost exposure
model (Supplementary Tables 2–4), while overlapping taxa of the order

Fig. 2 | Predictions ofOrthopoxvirus positivity reveal taxonomic patterns and the
effects of threshold moving. For (a, b) the host exposure model and (c, d) the link
prediction model, bars/segments are scaled by predicted probabilities and colored by
binary classification of predicted host genera assuming an 80% sensitivity threshold (a, c)
or a threshold maximizing the sum of sensitivity and specificity (b, d). For the link
prediction model, if multiple links were predicted per host genus, their predicted prob-
abilities were averaged to represent the genus’mean probability of hosting any OPV.
Clades identified through phylogenetic factorization with significantly different mean
predictions are shaded in grey with corresponding labels and representative mammal

silhouettes,which apply acrosspanels of the samemodel: (a,b) for host exposure and (c,d)
for link prediction. Silhouettes were obtained from https://www.phylopic.org/ and are
available for reuse with the following attributions: Leporinae by SarahWerning (https://
creativecommons.org/licenses/by/3.0/), Phocoena phocoena by Chris huh (https://
creativecommons.org/licenses/by-sa/3.0/),Hyracotherium leporinum by Mary Harrsch
(modified by T. Michael Keesey) (https://creativecommons.org/licenses/by-nc-sa/3.0/),
and Lynx lynx by Gabriela Palomo-Munoz (https://creativecommons.org/licenses/by-nc/
3.0/).
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Cetacea and Ziphiidae were predictedmore likely to host OPVs by both the
link prediction and susceptible host models (Fig. 2 and Supplementary
Fig. 1; Supplementary Tables 3 and 4).

Optimizing classification
To address the problem of class imbalance (i.e., the unbalanced repre-
sentation of hosts and non-hosts or links and non-links in our training
datasets), we explored various optimal thresholdingmethods for generating
binary host classifications from the predictions of our host and link pre-
dictionmodels. Unsurprisingly, the number of predictedmammalian hosts
forOPVswas highly sensitive to the classification threshold, particularly for
the link predictionmodel (Fig. 2; Supplementary Table 5). Applying an 80%
sensitivity threshold (tReqSens80 = 0.36) versus a 90% sensitivity threshold
(tReqSens90 = 0.28) to host exposure model predictions resulted in a 2.3-fold
increase in the number of predicted host genera (from n = 116 to 263)
(Supplementary Table 5). The same thresholds selectionmethod applied to
link predictions (tReqSens80 = 0.13 vs. tReqSens90 = 0.05) resulted in a 3.6-fold
increase in the number of predicted host genera (from n = 502 using 80%
sensitivity to n = 1791 when using 90% sensitivity), which had a similar
effect to applying the threshold where sensitivity equals specificity
(tSens=Spec = 0.04; n = 1,864) (Supplementary Table 5). As evident across all
models, though, lowering the threshold value maximized sensitivity,

ensuring that fewer positive cases were missed, albeit at the expense of a
higher false positive rate.

Threshold selection also led to changes in the taxonomic composition
of previously unobserved, predicted mammal genera when grouped by
mammal order. For the link prediction model, increasing the required
sensitivity from 80% to 90%, which lowered the threshold value, led to an
increased representation of rodents (from 34% to 42%) and a decreased
representation of carnivores (from 23% to 17%), while the percentage of
unobserved predicted genera from other mammal orders remained
approximately the same: e.g., Cetartiodactyla (15-16%), primates (10-11%),
and Eulipotyphla (7-9%).

Feature importance
We observed some overlap in the mammal traits identified as predictive of
OPV positivity and compatible host-virus pairs. Across host trait models
and both link prediction models (trained on host and viral traits vs. host
traits only), PubMed citations of host genera, as an indicator of sampling
effort, and dispersal potential (i.e., the distance an animal can travel between
its place of birth and its place of reproduction) were consistently important
predictors (Fig. 3; Supplementary Figs. 2 and 3; Supplementary Data 3). To
determine whether host citation counts, as a proxy for sampling effort,
confounds the relationship between host trait profiles and OPV positivity,

Fig. 3 | Relative influence ofmodel features ranked.Themost important predictor
variables in BRT analysis are shown for (a) the host exposure model, (b) the sus-
ceptible host model, and (c) the link prediction model trained on a combination of
host-virus traits, including the principal components (PCs) of viral accessory gene
data, with explicit pairing of host-virus links as the response. Each horizontal bar

plots the variability in the relative influence of the predictor variables as measured
across 100 random partitions of training (70%) and test (30%) data. Boxplots show
the median and interquartile range, whiskers are the extremes, and circles are
additional outliers.
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we conducted a secondary set of BRTs that modeled citation counts as a
Poisson response, and found that host traits did not predict study effort
based on its classification performance (mean AUC = 0.5, which is not
different from chance). The two host traits with the highest relative
importance in the in the model including both the viral and host traits
(Fig. 3c), which had the best classification performance, were island dwelling
(the proportion of species in a genus having 20% or more of the breeding
range occur on an island) and dispersal (median distance in km travelled by
species in a genus, between the birth site and the breeding site). Both vari-
ables followed a positive association with the probability of hosting OPVs,
although their effect sizes were small (Supplementary Fig. 4).

In our link prediction model trained on host and viral traits, viral
featureswere representedby tenprincipal components (PCs)derived froma
principal component analysis (PCA). These components captured the
majority (70%) of the variance in the presence/absence of viral accessory
genes (Supplementary Fig. 5). While both host prediction models and the
link prediction model trained solely on host traits ranked life history traits
highly (Figs. 3a and 3b; Supplementary Fig. 6), rankings of relative feature
importance for the link prediction model identified a multitude of PC
variables as important predictors (Fig. 3c). Further analysis of the influential
PCs and their loadings,which indicate the relative contributionof individual
genes to each PC, found potential patterns in the functional roles of genes
with high positive or negative loadings (Supplementary Data 2). For

instance, genes with the greatest contributions to PC4 and PC3 largely
encoded proteins involved in host interaction and immune evasion,
including non-essential membrane proteins and proteins that target innate
cytokines/chemokine and cell death inhibitors (Fig. 4; Supplementary
Fig. 7). Notably, for PC1, genes with the greatest positive loadings were
predominately associated with cowpox virus, while genes with the greatest
negative loadings were primarily associated with mpox virus (Supplemen-
tary Data 2), indicating clustering among specific OPV species (Supple-
mentary Fig. 8) thatmaynot have been fully capturedby the accessory genes
included in the PCA. A list of accession numbers from the National Center
for Biotechnology Information (NCBI) and PCA loadings can be found in
the Github repository (github.com/viralemergence/PoxHost/data).

Distribution of potential Orthopoxvirus hosts
Mapping of the geographic distribution of observed hosts (i.e., known links)
alongside predicted host genera (observed and unobserved) revealed hot-
spots of overlapping OPV hosts in parts of Indonesia and Malaysia,
southernEastAfrica, theWestAfrican coastline, theAmazon basin, and the
Brazilian coastline (Fig. 5a, b). We identified the highest concentration of
potential OPV hosts in the Eastern Himalayas, western Cameroon, and
regions of Central and Eastern Africa extending from the Democratic
Republic of Congo to Kenya (Fig. 5b). Similar comparisons of observed vs.
predicted host genera for mpox virus revealed hotspots in the rainforested

Fig. 4 | Relative contribution of predicted functional groupings among genes
influential to principal components (PC) 1, 3, 4, and 9. For the most influential
viral traits based on link prediction, we assigned predictive functions to genes with
loading values greater than 1.5 times the standard deviation in the positive range or

less than 1.5 times the standard deviation in the negative range (n = 89,128, 123, and
89, respectively). We then plotted counts for each gene category (ankyrins, virus
structure and entry, virus replication and gene expression, host interactions and
immune evasion or unknown function) for (a) PC1, (b) PC3, (c) PC4, and (d) PC9.
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regions of Central and Eastern Africa and parts of the southern and
northern US plains (Supplementary Fig. 9a and b). Our models show high
overlap between geographic regions with the most potential OPV host
species (Fig. 5b) and areas where the smallest percentages of the population
have been vaccinated against smallpox24 (Fig. 5c) and are, therefore, at
higher risk of zoonotic OPV emergence.

Discussion
Machine learningmodels that leverage ecology to predict likely reservoirs
of emerging pathogens can be remarkably accurate and can be used to
guide the selection of target host species for monitoring and surveillance.
However, trait selection based on host ecology alone can overlook the
potential influence of genetic diversity on the ability of pathogens to infect
a broad or narrow range of hosts. Here, we focused our study on OPVs, a

group of closely related viruses whose genetic variability is thought to
contribute to their diverse host range. Using BRTs trained on observed
associations between OPVs and mammal hosts, we found that a model
informed by both viral genomic features and host ecological traits pre-
dicted mammal hosts with improved accuracy compared to a model
trained on host traits alone. Moreover, variables capturing viral accessory
gene data were found to be highly predictive of host-virus compatibility,
illustrating how integrating viral genomic traits, such as the presence or
absence of virulence genes, can improve host prediction and help identify
key features associated with host specificity. Relating the most influential
PCs inmodel prediction to their original features, we classified genes with
the highest loadings by their predicted functional roles, which offers new
opportunities to explore the roles of accessory genes in the prediction of
OPV host range.

Fig. 5 | Geographic distribution of Orthopoxvirus hosts. Host distributions are
based on the IUCNRed List database ofmammal geographic ranges for those species
belonging to (a) observed host genera and (b) predicted (observed and unobserved)
host genera based on the results of the link prediction model and applying a 90%

sensitivity threshold for host classification. The corresponding legend depicts the
number of species with overlapping geographic range by color. c depicts smallpox
vaccination coverage among humans (adapted from Taube et al.24), whereby the
legend indicates the percentage of the population susceptible to orthopoxviruses.
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Genomic features such as phylogenetic relatedness and codon usage
bias can be informative of host prediction13,25,26 but are rarely used alongside
host ecological traits to inform model prediction. Previous work has
demonstrated theutility of ensemblemodeling for amulti-perspective, host-
virus-network framework in predicting viral host ranges by integrating
multiple similarity learners derived from three perspectives: genomic (i.e.,
nucleotide bias, codon usage, secondary structure features, and genomic
dissimilarity), ecological (mammalian traits), and network-based27. The
network perspective utilized a bipartite graph of known virus-host inter-
actions to quantify node similarities, enabling predictions for unobserved
virus-host associations based on how viruses and hosts are positioned in the
network. All three perspectives were combined via ensemble modeling to
enhance predicting accuracy but were originally modeled separately.
Building on this foundation, we integrate genomic, ecological, andnetwork-
based perspectives into a unified model to address the underestimation of
host-virus associations. This approach demonstrates how incorporating
viral genomic features in link prediction can also serve as a valuable tool for
public health surveillance and generate new hypotheses about host-virus
compatibility. Our study found that BRTs trained on both host and virus
traits produced similar and on average higher AUC, specificity, and sensi-
tivity than BRTs trained solely on host traits alone. The architecture of our
model was also qualitatively similar to that of Blagrove et al.28, which used a
link prediction approach incorporating both host and viral traits to predict
potential hosts of poxviruses. Despite differences in feature selection and
methodology, their model, like ours, had low tomoderate sensitivity, which
was attributed to an imbalance in the distribution of observed versus
unobserved host-virus associations.While Blagrove et al. corrected for class
imbalance using over-sampling methods, we opted to explore the effects of
probability threshold selection on host predictions, offering an alternative
and more informative approach to addressing this challenge.

We note that in both our host and link prediction models, citation
counts of host generawashighly ranked (Fig. 3), reflecting the importanceof
sampling effort in accurate prediction, as genera with higher citation counts
are more likely to have been studied for viral associations and have greater
representation among OPV sequence data. A dataset rich in variation in
both viral genomic features and host species improves generalizability and
out-of-sample prediction of the model. We note that the family Felidae is
well-represented as hosts across diverse cowpox virus sequences, whichmay
contribute to the high predicted probability of detecting OPVs in the family
Felidae. Nearly half of all represented OPV genomes originated in humans.
In this dataset, mpox virus, cowpox virus, and vaccinia virus are relatively
well-represented while borealpox virus and cetaceanpox virus are the least
represented with a single host and viral genome. We included citation
counts as an explanatory variable to take into consideration the impact of
imbalanced sampling effort across taxa.

The problem of class imbalance is a common challenge when pre-
dicting the host range of emerging pathogens. Not only is there limited data
on rare or novel hosts, but also natural variation in species abundance and
host susceptibility along with sampling bias can lead to imbalance in the
representation of hosts and non-hosts (i.e., compatible and non-compatible
host-virus pairs). When class imbalance is severe, applying a default
threshold of 0.5will often result in poormodel performance.Thus, handling
class imbalance is an important step in predictivemodeling. In our study,we
elected to explore higher sensitivity thresholds (e.g., 80% and 90% sensi-
tivity) to reduce the risk of false negatives (i.e., potential hosts that are
incorrectly classified as non-hosts). In the context of zoonotic host predic-
tion, false negatives can lead to missed opportunities for surveillance and
limit our understanding of the diversity of the zoonotic risk landscape for
various OPV species. Thus, this trade-off ensures that fewer true hosts are
overlooked, making our predictions more useful for proactive and pre-
cautionary measures in public health and zoonotic disease surveillance.
Albeit a simple approach, tuning of the threshold parameter can have large
implications on the interpretation of model predictions (Supplementary
Table 5). For instance, our PCR host exposure model trained on host traits
alone estimated a 2.0 to 4.5-fold increase in the number of potential OPV

hosts, assuming an 80% and 90% sensitivity threshold. Applying the same
thresholds to our link prediction model trained on host and viral traits
resulted in a 5.0 to 17.7-fold increase in the number of potential hosts, a
likely artefact of the large proportion of pseudoabsences that construct our
link prediction dataset. This severe class imbalance yielded lower predicted
probabilities across BRTsmaking our ensemble of classifiers highly sensitive
to threshold selection as compared to BRTs trained to predict OPV posi-
tivity on host traits alone.

Given the wide range of predictions that can result from threshold
selection, choosing the optimal thresholding method should depend on the
goal of the model and the context of the predictive task. For instance,
borealpox virus is a recently emergent OPV only identified in humans thus
far. While no formal surveillance data has been published, bulletins
including communications from the CDC have implicated voles as a
putative reservoir. For the purpose of this study, we proceededwith only the
human host data. Based on a restrictive 80% sensitivity threshold, our link
prediction model predicted two potentially previously unobserved host
genera,Ailurus (red panda) andMicromys (harvest mice), neither of which
have a geographic range overlapping with known zoonotic events, and are
thus, unlikely current reservoirs in the observed virus geographic distribu-
tion. However, applying a less restrictive threshold of 90% sensitivity
resulted in the prediction of eight potential previously unobserved hosts for
borealpox virus, including the only known reservoirs of ectromelia virus,
rodents in the cosmopolitan genusMus (mice). Notably, genomic analysis
of borealpox virus suggests a history of recombinationwithectromelia virus,
including in the putative gene encoding the A-type inclusion protein29.
Deletion of the A-type inclusion protein in cowpox virus enhances viral
replication in Mus musculus30, suggesting that variants or deletion muta-
tions in this gene contribute to species specificity. We suspect this recom-
bination site drove the indicator for Mus species as a potential borealpox
virus reservoir in our model. In recapitulating the ectromelia virus recom-
bination site with borealpox virus, our findings suggest that when sample
data are sparse, applying less restrictive thresholds may be necessary to
reveal informative, meaningful predictions by identifying a broader set of
potential hosts for guiding targeted surveillance of a rare or novel virus.
Conversely, when sample data are abundant, a more restrictive threshold
may be appropriate to identify amanageable number of potential hosts and
prioritize specific candidates for detailed investigation.

Similarly, threshold selection can also impact the taxonomic repre-
sentation or composition ofmodel predictions. For instance, among known
mammal genera susceptible to mpox virus, the majority are from the
Rodentia (37%) and Primate (37%) orders, which is consistent with Bla-
grove et al. whose findings predicted a similar composition of mpox virus
hosts (80% from the Rodentia and Primate orders)28. However, we show in
our link prediction model, that the host composition of model predictions
broadenswhenapplying a less restrictive threshold.Whenassuming an80%
sensitivity threshold, 45.2%of previously unobservedmpox virus hostswere
predicted to be fromRodentia, while increasingmodel sensitivity to 90% led
to adecrease inpredicted rodent genera (31.4%) anda substantial increase in
genera from theCarnivora order (from3.2% to 19.6%), particularly those in
the Felidae (cats), Canidae (canids), Mephitidae (skunks), Mustelidae
(mustelids), and Procyonidae (raccoons) families. Thus, choosing the
optimal threshold for classification may have important public health
implications, as it may expand the focus on species that may be overlooked
when applying a more restrictive threshold. In the mpox example, this is of
particular interest since its recent global spread outside endemic countries
raises concerns of the potential for transmission from humans to wildlife or
spillback in nonendemic areas31 and the establishment of new animal
reservoirs. We note that the genus Rattus was not predicted as a likely host
for mpox virus in our link prediction model at any of our tested thresholds,
which is consistent with laboratory experimental data showing that rats are
not susceptible to mpox virus and in contrast to predictions using different
approaches28.A table of predictedbinaryhost-virus links canbe found in the
github repository (github.com/viralemergence/PoxHost/figures/other/
linkpred).
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Our study reveals a striking correspondence between regionswith high
potential OPV host species diversity and those where smallpox vaccination
rates are lowest (Fig. 5). This juxtaposition suggests a pronounced vulner-
ability to zoonotic OPVs within these populations. Hotspots identified as
having high concentrations of postulated OPV hosts included several dis-
tinct areas within the eastern Himalayas of South Asia bordering southwest
China, Central and Eastern Africa, Indonesia, and Malaysia – areas where
wildlife sampling and monitoring of spillover events should focus their
efforts. Comparing the geographic distribution of predicted hosts to known
hosts also revealed potentially under sampled areas along theWest African
and Brazilian coastline; these areas also coincide with many recent human
cases of reemerging zoonotic OPVs including mpox virus in Cameroon32

and vaccinia virus in Brazil33. Interestingly, greater geographic dispersal
(distance traveled between birth site and breeding site) was not only an
important predictor (Fig. 3), but was also positively associated with an
increased probability of hosting OPVs (Supplementary Figs. 2, 3 and 4),
supporting theories of host dispersal as a key contributor to the evolution of
host-pathogen dynamics34. Specifically, as individuals move to new areas to
breed, theymust adapt to newenvironmental conditions and, in theprocess,
are exposed to andmayhostmorediverse pathogens.On theotherhand, the
positive association between island dwelling and the probability of hosting
OPVs could indicate higher prevalence or oversampling in constrained
island communities, although the effect size was small (Supplemen-
tary Fig. 4).

Like all related studies, our study had several limitations, particularly
with respect to sampling bias, incomplete datasets, and model interpret-
ability. First, in zoonotic host prediction, host-virus association data is
inherently incomplete, a limitation further compounded by sampling bias,
as host-virus interactions are disproportionately observed in well-studied
taxa and regions, especially for human-associated OPVs. Although we
incorporated pseudoabsences to enhance generalizability, our predictions
may overemphasize well-documented interactions, while underestimating
associations involving rare or poorly sampled hosts, or novel human
infecting viruses. Ongoing efforts to consolidate host-virus interaction data
will help to reduce biases and improve data quality over time.

Second, as only completeOPVgenomeswere extracted fromNCBI for
inclusion in the linkpredictionmodel, thenumberof host-virus associations
with accessory gene data available was limited. Moreover, missing data for
host and virus traits precluded more precise predictions at the species level.
Thus, we aggregated the dataset at the general level to reduce the number of
pseudoabsences in the models. We expect future prediction models to
improve in their accuracy as whole genome sequences of host and virus
become more readily available.

Third, our study elected to classify accessory gene data based on pre-
sence-absence, trading simplicity over potential loss of information that
could have related protein activity to host-virus compatibility. Subsequent
studies could investigate transforming accessory gene data as continuous
variables based on amino acid conservation or ranked categorical variables,
where accessory genes aremissing, truncated andnon-functional, truncated
but likely functional, or intact, as previous studies have explored35. Reducing
accessory gene variables to their principal components to avoid overfitting
our model also precluded us from interpreting the effects of individual
accessory genes in predicting host-OPV pairs. However, our findings could
inform future iterations by training a model on the genes identified in this
study as contributing highly to influential principal components, thereby
directly exploring the relationshipbetweenspecific viral accessory genes and
host range. Furthermore, many functional roles of genes were predicted
based on sequence homology to known OPV accessory genes, particularly
for vaccinia virus or mpox virus, but are not well characterized in other
species. Because there is no standard for naming genes, many functions are
putative and gene names can be based off other viruses, which can be
misleading. Finally, predictive models can also be limited by the machine
learning algorithms they employ.As blackboxmodels, BRTs canbe difficult
to interpret and do not provide a complete or exact understanding of the
relationships andpotential interactionsbetweenpredictors and the response

variable. While our study employed cross-validation to assess the model’s
robustness, we did not perform external validation or biological validation,
which requires field and laboratory studies to confirm predicted host-virus
interactions. Nevertheless, our model can also provide guidance for
empirical sampling and initial insight into themolecular signatures of host-
virus compatibility. While not the aim of our study, future link prediction
models informed by viral genomic data could investigate training on dif-
ferent types of infection evidence to gain molecular insights into host
capacity.

Historically, zoonotic OPVs like mpox virus were associated with
small, sporadic outbreaks limited to endemic countries. However, large
outbreaks in recent years including the worldwide spread of mpox virus in
2022 warrant growing concerns about the potential for mpox virus and
other OPVs to establish new endemic areas. Recent evidence of animal-to-
human and human-to-animal transmission of mpox virus also suggest the
potential for new reservoir species to exist in traditionally non-endemic
regions, underscoring the importance of predicting the host range of
emerging pathogens. Adapting models to predict compatibility is also
crucial to expanding the growing toolkit of analyticalmodels used to predict
host-pathogen interactions.Here, we demonstrate how trait-basedmachine
learningmodels canbe trainedonbothmammal traits of potential hosts and
the genomic features of OPVs to improve the accuracy of host prediction
and gain amore comprehensive understanding of the factors that influence
host-virus compatibility. By exploring the trade-off between sensitivity and
specificity through classification threshold selection, we show the impor-
tance of aligning models to meet the specific needs and objectives of host
prediction for greater practical application.

Methods
We used OPVs as a case study to develop and validate a multi-perspective
modeling framework for the prediction of host-virus associations. We
generated two types of trait-based models to compare model performance
and predictions: (1) a host prediction model trained separately on two
evidence levels for host capacity (i.e., host exposure via PCR positivity data
and host susceptibility via virus isolation data) using host ecological traits
alone; and (2) a link prediction model trained on explicit pairing of host-
virus associations using a combination of host and virus features. The for-
mermodel type predicted host positivity forOPVs, a group of viruses, while
the latter predicted the existence of a host-virus link. Our modeling targets
were to identify taxonomic and phylogenetic patterns in the predicted
reservoir hosts of OPVs along with their corresponding geographic dis-
tribution, explore the effects of probability threshold selection on host
predictions, rank influential host and viral features, and investigate the
functional roles of accessory genes that contributed substantially to link
prediction.

Datasets
For the host predictionmodel, we obtained known host positivity data from
the Global Virome in One Network36 (VIRION; https://github.com/
viralemergence/virion), an open database of host-virus interactions drawn
from scientific literature and online databases. As one of the most com-
prehensive, published databases on the mammal virome, VIRION consists
of over 23,000 unique interactions representing 9521 virus species and 3692
vertebrate host species reconciled to NCBI taxonomy. We included only
host positivity detected via PCR (molecular detection) or virus isolation and
excluded detections with variola virus, as the virus was eradicated prior to
the development of many modern diagnostics. We then collapsed host
positivity data to the genus level, keeping only unique interactions resulting
in a total of 95 unique host-virus associations between 71 mammal genera
and 19 virus “species.” To allow for out-of-sample predictions of host
genera, we merged host positivity data with the broader mammal
taxonomy37 (https://data.vertlife.org/), assigning pseudoabsences to mam-
mal genera from taxonomic orders in which known host-virus associations
exist, resulting in an additional 875 mammal genera labeled as pseu-
doabsences. Our final dataset of mammal genera consisted of 946mammal
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genera including 71 with known OPV positivity: 58 were detected via PCR
and 48were detected via virus isolation (28wereOPVpositive by both PCR
and virus isolation).

Next, we derived host predictors from COMBINE38, a published
mammal dataset of 54 morphological, biogeographic, and life history traits
that is taxonomically compatible with the IUCN Red List v. 2020-239 and
PHYLACINE v. 1.240. We applied summary measures to represent ecolo-
gical trait data at the genus level by transforming all categorical variables into
multiple binary variables. We then aggregated binary variables to the genus
level assuming the mean to obtain the proportion of species in a genus
having the variable outcome/trait, and we aggregated continuous and
integer trait variables assuming themedian.Toaccount for large gaps in trait
coverage, we excluded variableswith zero variance or with data for less than
60% of host genera (Supplementary Fig. 10), resulting in 61 ecological trait
variables. We also generated binary predictors for each mammal family to
represent taxonomy, leading to an additional 110 taxonomic variables in the
host trait model. Lastly, we incorporated a variable for evolutionary dis-
tinctiveness (ed_equal) using the picante package in R and a count variable
of the number of scientific publications on each host genera (cites) as a
measureof sampling effort using theRpackage easyPubMed.A complete list
of host predictors incorporated in the host predictionmodel can be found in
Supplementary Data 3.

For the link prediction model, we merged data from VIRION with
host-OPV associations obtained from NCBI by extracting OPV genomes
and their annotations (https://www.ncbi.nlm.nih.gov/). We included viral
isolates with full genome sequences from experimental laboratory studies
when possible. Due to the abundance of available mpox virus and cowpox
virus genomes, we included a subset of each for all genomes with unique
host associations or representing divergent clades. Multiple sequences for a
particular virus-host combination were only included if an annotated
genome was available and there were differences in the presence/absence of
accessory genes. In total,197 orthopoxvirus genomes with annotations,
when available, were downloaded fromNCBI, representing 45 unique host-
virus associations between 35 host genera and 12 virus species (Supple-
mentary Data 4). After merging sequence data with data fromVIRION, the
final known association dataset for the link prediction model described a
network of 254 host-virus associations between 75 host genera and 19 virus
species. Next, we merged host-virus association data with the broader
mammal taxonomy37 (https://data.vertlife.org/) to accommodate out-of-
sample predictions of host genera with unknown host-virus interactions.
Keeping only those mammal genera that exist in taxonomic orders with
known host-virus associations, we expanded ourmammal-virus network to
include all combinations of mammal genera and OPV species. We then
assigned pseudo absences to those host-virus associations with no known
OPVdetection (by PCR or virus isolation), resulting in an additional 17,873
pseudo-absent links. The final mammal-virus network was composed of
18,126 host-virus pairs between 946 distinct mammal genera and 19 OPV
species.

As predictors in our link prediction model, we incorporated the same
host predictors as in the host predictionmodel (Supplementary Data 3). To
incorporate viral genomic features in our link prediction model, we
extracted genomes and their annotations from NCBI for all OPVs and
aligned them usingMAFFT v 7.49041,42. We then identified accessory genes
from the OPV genomes using Roary (https://sanger-pathogens.github.io/
Roary/) implemented in Galaxy v 3.13.0 + galaxy2 with 80% minimum
sequence identify for blastp and 95% of isolates a gene must be in to be
designated as part of the core genome. The resulting 981 accessory genes
were transformed into amatrix of binary presence/absence variables for the
197 sequence-based host-OPV associations.

Next, we conducted PCA to distill the 981 presence/absence accessory
gene variables down to their most important features for incorporation in
the link prediction model. PCA linearly transforms high dimensional
datasets into a coordinate system of uncorrelated axes where the first
principal component accounts for the greatest amount of variance, followed
by each subsequent component thereafter. Thus, PCA captures most of the

variance in the data in as few dimensions as possible. Using the R package
stats, we conducted four PCAs: the first included all 981 variables and
197 sequences; the second excluded accessory gene variables with close to
zero variance (i.e., accessory genes present in only one virus species); the
third excluded sequenceswith identical patterns of accessory gene presence/
absence as another sequence in our dataset; and the fourth excluded
potential outlying scores (sequences). Each PCA produced marginal dif-
ferences in the proportion of variance explained by each dimension. Fur-
thermore,weobservednonoticeable differences in the spatial distributionof
scores (i.e., the coordinates of each individual sequence) and loadings (i.e.,
the correlations between each original variable and the principal compo-
nents). As such, we used results from our first PCA and extracted the scores
of the first ten PCs as our final list of viral predictor variables. These ten PCs
explained roughly 70% of data variance (Supplementary Fig. 5) and were
included as viral predictors in our link prediction model (Supplementary
Data 3). Importantly, OPV genomic data used in the PCAwas available for
12 OPV species, but only for a limited number of OPV-host pairings (e.g.,
mpox virus-human, mpox virus-dog). However, as we considered the ten
PC variables derived from the PCA as viral traits, we conducted median
imputation of the PC values for the links between hostswith any of those 12
OPV species for which PC data weremissing (e.g., for all unobservedmpox
virus-host pairingswe applied themedian PC value formpox virus, for each
one of the PCs).A complete list of host and viral features incorporated in the
link prediction model can be found in Supplementary Data 3.

To capturemammal phylogeny,weused a supertree of extantmammal
species trimmed to the genus level37. We also reconstructed the viral phy-
logeny of the 12OPV species represented in the 197 sequences/associations
extracted fromGenBank to investigate clustering in the distribution of viral
genomicdata.Multiple sequence alignment of viral genomeswas completed
using MAFFT v7.490 and a maximum likelihood tree was inferred with
PhyML v3.3.20180621 using a generalized time reversible substitution
model and estimating the gamma distribution parameter and proportion of
invariable sites.

Lastly, for taxonomic reconciliation, we corrected naming incon-
sistencies by manually matching host trait dataset names to those of the
mammal phylogeny. This included reverting names to their homotypic
synonyms39,43: Liomys to Heteromys, Oreonax to Lagothrix, Paralomys to
Phyllotis, Pearsonomys toGeoxus, Pipanacoctomys to Tympanoctomys, and
Pseudalopex to Lycalopex. Additionally, the genus name Classomys in our
host trait datasetwasmissing from themammal supertree andwas switched
to Delomys, a phylogenetically closely related genus of the same Sigmo-
dontinae superfamily and a sister taxon with many morphological
similarities44.

All data collation (cleaning and merging) was conducted in R
version 4.2.2.

Statistics and reproducibility
For host prediction, following Mull et al.45 (https://github.com/
viralemergence/hantaro), we used a trait-based model to infer the host
range of OPVs, integrating only host mammal traits as predictors. This
approach handles binomial virus positivity of host genera as the response
variable and host trait data as predictors. It uses a machine learning algo-
rithm to identify host features associated with OPV detection and to make
predictions of the probability of OPV detection based on how similar a
species’ trait profile is to that of observed host species. False positive results,
where a species classified as a pseudoabsence is predicted to host a virus, are
used to infer potential, previously undetected or unobserved host genera.

To classify mammal genera as OPV hosts based on our matrix of
predictors/traits, we used boosted regression trees (BRTs). BRTs combine
two validated machine learning algorithms: regression trees, which model
the relationship between outcome and predictors by recursive binary splits,
and boosting, an adaptive technique in which the model considers the
prediction errors of previous trees when fitting subsequent trees thereby
improving predictive performance and classification accuracy46. BRTs are
advantageous to our study as they can handle large ecological datasets, a
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binomial outcome variable, and a diversity of model predictors and the
potential interactions between them. They can also fit potentially complex
nonlinear relationships, produce response functions for each predictor, and
are robust to missing values and outliers47.

Using BRTs, we developed separate evidence type models for classifi-
cation of virus positivity: a host exposure model based on PCR-detection
and a susceptible host model based on virus isolation data. Prior to model
fitting, we used the R package rsample to randomly partition our data into
training (70%) and test (30%) sets and apply stratified sampling to ensure an
equal distribution of positive labels in both datasets. Next, we tuned our
model by training it on multiple combinations of hyperparameter values
allowing for amaximumnumber of 5000 trees, an interactiondepth ranging
from 2 to 4 (to control tree complexity), a shrinkage (learning) rate ranging
from 0.0005 to 0.01, and a minimum number of 4 observations in terminal
nodes (Supplementary Fig. 11). Using the gbm package in R for all model
fitting, we applied five-fold cross validation and a bag/subsampling fraction
of 0.5, andwe assumedaBernoulli distribution error for our binary response
variable. Based on multiple model performance measures, we selected the
best set of parameter values for model training, which included a learning
rate of 0.01, and an interaction depth of three and themaximumnumber of
trees set to 4500.With our tunedmodel for prediction,we set citation counts
per genera to the mean across all mammal genera to adjust for sampling
effort. We then fit replicate models to 100 randomly stratified partitions
creating an ensemble of BRTs for each evidence type (PCR and virus iso-
lation). Additionally, we constructed a third set of BRTs to determine the
influence of sampling effort on the trait profiles of OPV positive genera;
instead of virus positivity, wemodeled the citation counts of host genera as a
Poisson response variable applying the sameoptimalhyperparameter values
except for 10,000 maximum trees.

Next, to predict the host ranges of multiple OPV species and to allow
for integration of viral genomic features, we adapted the host prediction
models for link prediction whereby the model predicts the existence of a
host-virus link (as opposed to positivity for a virus or group of viruses).
While the previous host prediction models predicted OPV positivity
(regardless of OPV species), the link prediction model uses explicit pairing
or ‘links’ between host genera and virus species as a response variable and,
therefore, allows for the inclusion of both viral and host traits simulta-
neously as predictors. As in the host prediction models, undiscovered host-
virus associations are identified based on false positive predictions.

Using BRTs to predict the probability of links (associations between
host genera and virus species), we followed a similar workflow as the host
predictionmodels for generating linkpredictions.We checked that both test
and training partitions contained similar proportions amongst the included
viral taxa.We developed three ensembles of BRTs. The first, which included
all combinations of host genera and OPV species, used a combination of
host and viral features to predict host-virus links. The second usedonly host
features for prediction. The third used both host and viral features for
prediction but excluded any host-virus combination with vaccinia virus.
The latter was intended to explore if spontaneous, extended deletions and
other modifications in viral genes implicated in virulence, replication
capacity and home range of vaccinia virus due to multiple passages in cell
cultures, may introduce bias in the genetic features included in the model
and affect model performance.

For each model fitting of the partitioned training and test data, we
obtained model performance metrics including AUC, sensitivity and spe-
cificity using the ROCR and InformationValue packages in R and a
threshold value of 0.5. For each ensemble model, we then calculated the
mean and standard error of each performance metric measured across the
100 random partitions and conducted an unpaired t-test to comparemodel
performance, with p-values adjusted for the false discovery rate using the
Benjamini-Hochberg correction48,49.

To compare model predictions, we first calculated the Spearman
correlation coefficient between the predicted probabilities of the host
exposure vs. susceptible host models as well as the link prediction model
when including vs. excluding vaccinia virus. Next, we assessed model

predictions for taxonomic patterns. Because the link prediction model
predictedmultiple links perhost genera, we calculatedmeanpredictions per
host genera to obtain a single value per tree tip (branch endpoint) for
phylogenetic analysis. Using the nlme package in R, we estimated host
phylogenetic signal based on Pagel’s λ, a measure of the degree to which the
propensity for virus positivity among related genera is driven by shared
evolutionary history. We then identified clades with significantly different
propensity for hosting OPV at various taxonomic resolutions using phy-
logenetic factorization, a graph-partitioning algorithm that explores the
differences in measured traits between pairs of taxa while accounting for
phylogenetic dependencies50. To determine the significant number of
phylogenetic factors (clades),we adjusted for the familywise error rate using
Holm’s sequentially rejective approach with a 5% threshold51. Phylogenetic
factorization was implemented using the phylofactor package in R.

To generate binary predictions of OPV hosts and non-hosts, we
transformed predicted probabilities into binary classifications using the
presenceabsence R package. Based on the previously described ROC, we
selected multiple thresholds to generate predictions based on different
methods of threshold optimization. First, we explored higher sensitivity
thresholds to prioritize minimizing false negatives (i.e., potential hosts that
are incorrectly classified as non-hosts) at the expense of increasing the
number of false positives (i.e., mammal genera incorrectly predicted to be
hosts). We specifically selected an 80% sensitivity threshold (such that 80%
of observed links are detected) and a 90% sensitivity threshold, as examples
ofmore and less restrictive thresholds, or higher and lower threshold values,
respectively. Second, we quantified the sensitivity of results to the choice of
threshold by calculating the number of predicted hosts at additional
threshold levels based on sensitivity-specificity trade-offs. These additional
approaches included finding the threshold where sensitivity equaled spe-
cificity and finding the threshold that maximized the sum of sensitivity and
specificity, otherwise known as the Youden Index. We then compared
classifications across models and demonstrated the effects of threshold
selection by plotting predicted probabilities and their binary classifications
on a circular phylogenetic tree using the package treeio and ggtree. Lastly, we
mapped the geographic distribution of predicted observed and unobserved
mammal genera; using the IUCN Red List database of known ranges of
mammal species, we layered shape files of species belonging to thresholded
genera to identify and contrast geographic patterns in model predictions.

Finally, we ranked model features by their mean variable importance
(i.e., relative influence coefficients) and assessed similarities betweenmodels
using the Spearman rank correlation coefficient, a rank-based measure of
association. Viral PC predictors with highmean variable importance in our
link predictionmodelwere further analyzed by gene loading contribution to
identify potential patterns in the functional roles of geneswithhigh loadings.
Specifically, we assigned predictive functions based on sequence homology
to genes with loading values that were greater than 1.5 times the standard
deviation in the positive range or less than 1.5 times the standard deviation
in the negative range (Supplementary Data 2).

All statistical analyses were conducted in R version 4.2.2 andMicrosoft
Excel version 16.69.1.

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

Data availability
Data used in this study is available as described in the methods section and
include the VIRION database36 (https://github.com/viralemergence/
virion), COMBINE: the coalesced mammal database of intrinsic and
extrinsic traits38 (https://doi.org/10.1002/ecy.3344), and global smallpox
vaccination coverage from Taube et al.24 (https://github.com/bansallab/
mpx_landscape). Additional source data can be found in Supplementary
Data 1-3. Accession numbers for OPV genomes included in this study can
be found in Supplementary Data 4 and are accessible through GenBank43

(https://www.ncbi.nlm.nih.gov/genbank/).
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Code availability
The R code to reproduce the analyses is available through GitHub (https://
github.com/viralemergence/PoxHost) and Zenodo (https://doi.org/10.
5281/zenodo.14752000).
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