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Predicting unknown mammalian viral hosts
with Dynamic Positive–Unlabeled learning

Gabriele Pignalberi 1 , Andrea Tonelli 2, Stefano Giagu 1 &
Moreno Di Marco 2

Most emerging infectious diseases in humans are zoonotic in origin. Yet,
knowledge of host–pathogen associations remains limited. Machine learning
models have been increasingly used to infer missing zoonotic host–pathogen
associations, but face challenges due to biased data and the absence of con-
firmed negative cases. Here, we introduce Dynamic Positive–Unlabeled (DPU)
learning, a semi-supervised framework for predicting missing links in incom-
plete, biased networks. DPU learning integrates a propensity score model that
estimates the probability of observing existing links with a classifier that pre-
dicts true link existence. This approach corrects predictions for uneven sam-
pling bias and explicitly accounts for missing links arising from either true
absences of associations or gaps in data collection.We appliedDPU learning to
predict missing associations between 5,330 mammalian species and 33 viral
families worldwide, integrating phylogeographic relationships between
mammals, observed mammal–virus association patterns, mammalian traits,
and viral genetic characteristics. Our model predicted newly confirmed asso-
ciations absent from the training data with a median probability of 0.82 and
estimated a 8.6-fold increase in the total number of mammalian species–viral
family associations. These results highlight the potential of DPU learning to
support strategic, data-driven surveillance activities for proactive zoonotic
risk mitigation.

Two-thirds of emerging infectious diseases have zoonotic origin, with
wild animals being the most common reservoirs of pathogens1,2.
Mammals alone are predicted to harbor hundreds of thousands of
undiscovered viruses3,4, with highly divergent estimates of how many
of these have zoonotic potential3–5. Humans share several viruses with
other mammals, e.g., HIV, Rabies virus, Ebola virus, SARS-CoV-2, some
of which have had profound consequences for public health and
human livelihoods6. Preventing the spillover of zoonotic viruses into
humans would be orders of magnitude cheaper than facing the con-
sequences of a disease outbreak6, but this requires a comprehensive
knowledge of pathogens existing in the wild.With only a small fraction
of the global mammal virome currently described3,4,7,8, knowledge of
existing pathogens is far from comprehensive, and establishing

effective pandemic preparedness strategies remains a global
challenge9.

The enormous knowledge gap on the diversity of mammalian
viruses4 requires accelerated discovery rates to be filled3. At the
moment, however, resources are largely insufficient to achieve this
acceleration, calling for the development of data-driven methodolo-
gies to support traditional virological sampling strategies10. Predictive
modeling has been employed to aid the identification of potential host
species to be targeted for zoonotic risk surveillance11,12. Such approa-
ches leverage the patterns that characterize the known host–virus
associations, correlating observed susceptibilities with biological and
ecological determinants of viral exposure and infection, to predict the
existence of unknown associations13,14. The growth ofmachine learning
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approaches has driven rapid development in the predictions of
host–virus associations15,16, but, despite methodological develop-
ments, important challenges remain unaddressed.

First, observedmammal–virus associations are heavily influenced
by sampling biases, as research efforts have disproportionately tar-
geted certain taxa and geographic areas following public health
emergencies and logistical convenience17,18. Second, the absence of
confirmed true negatives further complicates the training of machine
learning predictivemodels: a single recorded occurrence of a virus in a
mammal is usually deemed sufficient as evidence of an existing asso-
ciation (i.e., positive case), but the lack of records cannot be taken as
evidence of a nonexistent association (i.e., negative case). As a result,
predictingmissing associations should be cast as a positive–unlabeled
(PU) learning problem, where only a fraction of the positive associa-
tions is labeled, and the rest—potentially containing both positives and
negatives—remains unlabeled.

Under this PU framework, it is crucial to distinguish two funda-
mental mechanisms that underlie data generation. The first is the
ground truth mechanism, which can be modelled through a classifier
that estimates the probability that candidate associations truly exist.
The second is the labelingmechanism,which canbemodelled through
a propensity score model that estimates the probability that existing
associations are empirically observed and thus labeled. By jointly
modeling these two complementary mechanisms, it is possible to
effectively disentangle real biological patterns from observational
biases and improving models’ fidelity19.

Although previous studies have recognized the challenges posed
by sampling bias and the absence of true negatives in host–pathogen
networks20–22, most practical implementations have treated unlabeled
associations as negatives11,23–26. This effectively imposes a naïve closed-
world assumption27, whereby all undocumented associations—includ-
ing those that are simply unobserved—are assumednot to exist. Failing
to explicitly account for the PU nature of the data can result in
unwarranted and biased predictions that may reflect observational
artifacts rather than true associations28, a problem worsened in the
presence of uneven sampling efforts. Some methodological efforts
have attempted to relax the closed-world assumption. These include
approaches that correct for class imbalance between positive and
unlabeled cases (e.g., through synthetic oversampling of known
positives24) or that designate subsets of unlabeled associations as
pseudo-negatives based on their probability of being observed21.While
such strategies represent important pragmatic improvements over a
naïve closed-world assumption, they still ultimately reduce the pro-
blem to a conventional positive-negative classification task.

Alternative approaches have adopted a Bayesian perspective,
explicitly separating the ground-truth from the labeling processes and
thereby providing a principled solution to the conceptual limitations
of the closed-world assumption. However, Bayesian formulations to
host–pathogen networks have typically relied on uniform propensity
scores across all possible associations22,29, equivalent to the Selected
Completely at Random (SCAR) assumption30, wherein the probability
of observing an existing association is independent of the instance
under consideration. This simplification fails to account for the sub-
stantial heterogeneity in sampling effort across host and pathogen
taxa, as well as geographic regions. Hierarchical Bayesianmodels have
been introduced in the ecological network literature to accommodate
instance-specific detectability conditional on true process
existence31,32, consistent with the Selected At Random (SAR)
assumption33, under which propensity scores depend on observed
covariates. To our knowledge, however, such hierarchical Bayesian
approaches have not been extended to the prediction of missing
associations in host–pathogen networks. Furthermore, while Bayesian
methods can provide principled uncertainty quantification, they
remain limited in their capacity to capture complex, high-dimensional,
and graph-structured data patterns—a domain in which recent

advances in representation learning have been shown to be highly
effective34–36.

Furthermore, while both SAR and SCAR assumptions treat pro-
pensity scores as static and independent of previously labeled
instances, the probability that anexisting host–pathogen association is
observed increases as knowledge accumulates. Each new study raises
the likelihood that true but undocumented associations will be
detected, and newly discovered associations frequently redirect sam-
pling effort toward related geographic areas or phylogenetically
proximate host and pathogen taxa. Consequently, propensity scores
are more accurately characterized as intrinsically dynamic, mono-
tonically non-decreasing functions of time, shaped by historical sam-
pling activities and previously documented associations18. This
motivates a propensity score model that explicitly accounts for the
evolving set of observed associations, incorporating also contextual
information derived from currently documented associations. Like-
wise, because newly documented associations increasingly reveal
informative biological structure, classifiers can also benefit from con-
ditioning their predictions on the evolving observed network rather
than relying solely on static covariates or prefixed relational or hier-
archical structures.

Here, we introduce Dynamic Positive–Unlabeled (DPU) learning
(Fig. 1), a novel semi-supervised framework for building quantitative
machine learning predictivemodels in PU scenarios where predictions
are explicitly conditioned on currently labeled data. This formulation
allows the classifier to infer biologically plausible missing links based
on the current structure of the observed host–pathogen network.
Similarly, the propensity scoremodel can use the same information to
characterize sampling biases. We apply the DPU framework to the
network of observed mammal–virus associations to predict missing
links between 5,330 terrestrial mammal species and 33 viral families. In
this context, a predicted association between amammal species and a
viral family may suggest either a known virus that has not yet been
sampled in that host or a novel virus from that family infecting the
host. Contrary to prior studies that limited their analysis only to
mammals with known viral associations (ca. 27% of all mammal
species37,38), we include all terrestrial mammals, providing a more
comprehensive picture of global mammal biodiversity and allowing
predictions also for hosts without known viral association. We adopt a
hierarchical, network-informed Bayesian model for estimating pro-
pensity scores across mammal–virus pairs, allowing us to explicitly
quantify heterogeneity in research effort and correcting for imperfect
and uneven detection. Using these propensity scores, we then train an
ensemble of graph neural networks (GNNs) to infer biologically plau-
sible associations, leveraging mammal and virus traits, host phylo-
geography, and emerging patterns in the observed mammal–virus
network. By explicitly correcting for observation biases and incom-
plete sampling, DPU learning overcomes some of the customary
challenges in predicting unknown viral hosts, delivering improved
predictions to guide viral surveillance strategies.

Results
Performance of DPU learning in predicting missing
mammal–virus associations
We assessed the predictive performance and robustness of our DPU
framework for mammal–virus associations using a 10-fold cross-vali-
dation (see the “Methods” section). All mammal–virus pairs (both
labeled and unlabeled) were partitioned into 10 non-overlapping folds.
In each iteration, eight folds were used for training, one for validation,
and one as a held-out test set. Mean model performance was stable
across folds (Supplementary Table S1A): training sets had ameannaïve
recall of 0.99, naïve ROC-AUC of 0.95, and naïve PR-AUC of 0.31;
validation sets had ameannaïve recall of 0.90, naïve ROC-AUC of 0.91,
and naïve PR-AUC of 0.27; test sets had a mean naïve recall of 0.88,
naïve ROC-AUC of 0.91, and naïve PR-AUC of 0.26. Here, naïve denotes
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that unlabeled associations were treated naively as negatives for
metric computation. Although naïve PR-AUC values (0.26–0.31) were
modest in absolute terms, they still exceeded the random baseline
(~0.03; corresponding to a labeled prevalence of ~2.8%) by approxi-
mately an order of magnitude. Moreover, as these metrics treat all
unlabeled associations as true negatives, naïve PR-AUC values con-
stitute a conservative lower bound on true model performance. To
assess how model performance varied with host sampling intensity,
mammal species were grouped by their number of observed viral
family associations. Across all groups, median predicted probabilities
for labelled test-set associations remained high (medians across
groups: mean=0.993, s.d. = 0.005; Supplementary Fig. S1), indicating
consistent recovery of known associations across both well-studied
and sparsely sampled species.

We further evaluated the model’s ability to identify associations
that were treated as unlabeled during our training but were subse-
quently discovered—referred to hereafter as new labels. This provides
an independent test of themodel’s ability to prioritize biologically real
associations among unlabeled candidates, directly emulating the
intended deployment scenario in which predictions are made over a
set of still-undiscovered associations conditioned on those currently
documented. New labels receivedmuchhigher predicted probabilities
in our framework than associations that remained unlabeled (median
0.82 vs. <0.01), confirming the model’s discriminatory capacity
(Fig. 2a). This pattern held consistently across individual viral families,
mammalian orders, and mammal species with varying numbers of
known associations (Supplementary Figs. S2—S4). The difference
between group-level median predicted probabilities for new labels
versus still-unlabeled associations averaged 0.39 (s.d. = 0.28) across
viral families, 0.59 (s.d. = 0.33) across mammalian orders, and 0.41
(s.d. = 0.28) across species groups. Discrimination was further

quantified using the still-unlabeled-prevalence–new-label-sensitivity
curve (SUPNLSC)25, a novel ROC-style metric evaluating the relative
ranking of newly labelled versus still-unlabeled associations. The
resulting AUC of 0.81 confirms substantially better-than-random dis-
crimination between new labels and still-unlabeled associa-
tions (Fig. 2b).

The DPU framework was further evaluated on two synthetic
datasets constructed by augmenting real observational data with
synthetic associations belonging to one of two hypothetical viral
families. This design afforded full control over the ground truth and
labellingmechanisms for the synthetic familywhile preserving the real-
data context for all remaining viruses (see the “Methods” section). For
the first synthetic viral family (Syn1), all Musteloidea mammals were
designated as viable hosts, with subsequent viral spread simulated to
Caniformia species inhabiting the Nearctic realm. For the second
synthetic family (Syn2), all Laurasiatheria mammals in the Afrotropical
region were designated as hosts. Predictions from models trained on
these datasets aligned well with the ground truth for associations that
were provided as unlabeled during training, with true unlabeled syn-
thetic associations consistently ranked higher than non-existent ones
(Fig. 2c, e). Predictive performance was robust across both scenarios
(Syn1: ROC-AUC=0.90, PR-AUC=0.60; Syn2: ROC-AUC=0.81, PR-
AUC =0.38; Supplementary Table S2), with the model correctly iden-
tifying true host clades, while assigning low predicted probabilities to
the majority of non-associated taxa (Supplementary Fig. S5).

The model also demonstrated a notable extrapolative capacity of
inference by identifying non-trivial association patterns for taxa with
no labeled associations during training. For example, despite the order
Pholidota having no labeled associations with Syn2 during training, the
model correctly predicted one of three positive species within this
groupwith high probability (around 0.998). A small number of species

Fig. 1 | Dynamic Positive–Unlabeled (DPU) framework for predicting missing
mammal–virus associations. The DPU framework combines a classifier and a
propensity score model to jointly account for both the ground truth mechanism,
responsible for determining truly existent associations from nonexistent ones, and
the labelingmechanism, responsible for which existent associations are effectively
documented through scientific evidence. Specifically, the classifier employs a
graph neural network (GNN) framework to capture emerging patterns within the
observed network of mammal–virus associations, as well as in the mammalian
phylogeographic network. Combining these relational structures with both viral-
specific and mammal-specific features, the GNN generates node representations
that encode both thepositional contextof the nodewithin the observed networkof

mammal–virus interactions and node-specific biological features, enabling the
identification of biologically realistic associations between mammal species and
viruses. The propensity score model is built using a hierarchical Bayesian frame-
work that incorporates mammalian taxonomy, proxies for study effort, and hosts
geographic range data. By integrating these complementary factors, the model
provides informed propensity score estimates for all mammal-virus associations,
accounting for human-centric, geographic, biological, and self-reinforcing biases.
Finally, the classifier and propensity score model are jointly used to estimate the
probability that a missing association reflects a true but undocumented link,
forming the basis for reconstructing the predicted mammal-virus association
network.
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were mispredicted. For instance, the single species in the order
Tubulidentata received a high predicted probability despite being a
true negative, likely reflecting the higher uncertainty in very small,
phylogenetically isolated clades. Other negative species also received
relatively high predictions among Primates (25 out 478 species had

probability >0.05), Hyracoidea (3 out 5), and Proboscidea (1 out 2).
Although these orders represent true negatives under the ground
truth of Syn2 (falling outside the host clade Laurasiatheria), most
predicted species (all except five primates)were still locatedwithin the
Afrotropical realm. This suggests that, while the model occasionally

Fig. 2 | Predictions for unlabeled associations using observational and
synthetic data. For panels a, c, e: each data point is the predicted probability for
one distinct mammal species–viral family pair, averaged across five observed
mammal–virus subgraphs (see the “Methods” section); horizontal red lines indicate
the median of each distribution, horizontal blue lines indicate the extrema (mini-
mum andmaximum) predictions for each group, and violin width reflects the local
density ofpredictedprobabilities. Individualdatapoints arenotoverlaid for groups
exceeding 1000 pairs to avoid overplotting. a Violin plots comparing predicted
probabilities for newly discovered associations (new labels; n = 686 pairs) against
associations that remained unlabeled (n = 170,236 pairs). b Still-unlabeled
prevalence–new label-sensitivity curve (SUPNLSC), showing the true positive rate

(TPR) of new labels versus the predicted positive rate (PR) for still-unlabeled
associations across all thresholds from 0 to 1 (sample sizes as in a); area under the
curve (AUC) is indicated for the curve. c, e Violin plots comparing predicted
probabilities for true/existent (Syn1: n = 51 pairs; Syn2: n = 450 pairs) versus false/
nonexistent (Syn1: n = 5249 pairs; Syn2: n = 4780 pairs) unlabeled synthetic asso-
ciations.d, fReceiver operating characteristic (ROC) curves evaluated onunlabeled
synthetic associations for Syn1 and Syn2, respectively (sample sizes as in c, e),
showing the true positive rate (TPR) versus false positive rate (FPR) across unla-
beled synthetic associations at each threshold; area under the curve (AUC) is
indicated for each curve.
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over-extended host-clade boundaries, its predictions remained biolo-
gically realistic and coherent with the simulated patterns of Syn2,
successfully capturing the underlying biogeographic constraints
defining the true hosts.

For Syn1, the model correctly identified a lower degree of geo-
graphic constraint, yielding predictions closely aligned with the
ground truth distribution even in regions with sparser recorded
associations (Supplementary Fig. S6). For Syn2, the model appro-
priately captured a stronger geographic constraint, correctly reco-
vering the Afrotropical hub of viable hosts with few predictions
outside this region (Supplementary Fig. S7). ROCs computed for
unlabeled synthetic associations against the ground truth showed a
steep initial rise before transitioning to amore gradual increase after a
well-defined knee corresponding to a near-optimal classification
threshold (Fig. 2d, f). This indicates that themodels retrieve a subset of
true associations with high confidence, producing rapid gains in sen-
sitivity with minimal false positives prior to entering a region of
diminishing separability.When using a naïve classification threshold of
0.5, the models achieved high precision but limited recall (Syn1:
F1-score = 0.29, Precision =0.82, Recall = 0.18; Syn2: F1-score = 0.544,
Precision =0.59, Recall = 0.51; Table S2). However, optimizing the
threshold to maximize the F1-score substantially improved sensitivity
for Syn1, where a threshold of 0.07 yielded a F1-score of 0.66
(Precision = 0.70, Recall = 0.63; Table S2). Collectively, these results
suggest that the DPU approach is particularly suited to ranking
potential hosts, retaining high discriminatory power even when
absolute values of predicted probabilities may be low.

Patterns of predicted mammal–virus associations
After validation, we trained an ensemble of 100 DPU models, each
conditioned on a differentmammal–virus subgraph and configuration
of propensity scores drawn from their Bayesian posterior, allowing
eachmodel to represent a distinct, plausible scenario of how sampling
efforts were distributed and shaped observational data. Across the
ensemble, we predicted a median expected number of 42,838 (90%
CI = 39,927–47,735) new associations between mammal species and
viral families. These predictions correspond to 25.2% (90%
CI = 23.5%–28.0%)of all previously unobserved associations at the time
of training. As a result, the sparsity of the mammal–virus association
matrix decreased from 96.8% to a predicted 72.4% (90%
CI = 69.7%–74.1%), representing an 8.6-fold increase (90% CI = 8.1–9.4)
in the total number of associations relative to those currently
observed. To avoid ambiguity, hereafter, fold increase is defined as the
ratio of the total number of predicted associations—including both
newly predicted and previously observed true associations—to the
number of currently observed associations.

On the host side, both species-poor and speciose mammalian
orders showed high numbers of new predicted associations per spe-
cies. Orders with few living representatives—including Tubulidentata
(median 18.4, 90% CI = 1.9–29.2; 1 species), Perissodactyla (median
15.4, 90%CI = 11.3–18.4; 11 species), and Proboscidea (median 14.4, 90%
CI = 8.6–19.4; 2 species)—ranked among the highest, but so did spe-
ciose orders such as Cetartiodactyla (median 14.5, 90% CI = 13.3–16.1;
213 species) and Primates (median 12.2, 90%CI = 11.2–13.8; 478 species;
Supplementary Fig. S8a). In terms of fold increase in the total number
of associations, the largest gaps were identified in Afrosoricida (med-
ian 52.4, 90% CI = 15.5–101.7), Hyracoidea (33.9, 90% CI = 1.0–82.1),
Cingulata (18.7, 90% CI = 10.0–27.6), Lagomorpha (12.2, 90%
CI = 9.9–15.3), and Rodentia (11.9, 90% CI = 10.6–13.5; Supplementary
Fig. S8b).

Beyond overall counts, predictions also revealed preferential
host–virus family combinations that were not always among the most
frequently observed associations. This is also the case for mammalian
orders considered to be among the most important hosts of zoonotic
viruses: rodents, bats, and primates12. For example, rodents (order

Rodentia) are a fairly well-studied mammal order for almost all viral
families due to their zoonotic potential11, especially Flaviviridae, Han-
taviridae, and Arenaviridae. Our predictions showed that the highest
number of associations (ca. >50% rodent species affected in all cases)
includes some of these families—Flaviviridae and Hantaviridae—but
also some families with limited observed associations, such as Para-
myxoviridae and Herpesviridae (Supplementary Fig. S9). Likewise, bats
(order Chiroptera) are considered highly likely hosts of zoonotic
viruses39 and have well-known associations with Paramyxoviridae,
Coronaviridae, and Rhabdoviridae, which was also confirmed by our
predictions (>50% bat species affected in all cases; Supplementary
Fig. S9). However, we also predicted a high percentage of bat species
associated with Flaviviridae, Herpesviridae, Astroviridae, Adenoviridae,
and Picornaviridae (all of which have a more limited number of
observations compared to the former three families). Finally, primates
(order Primates) were predicted to have a significantly broader viral
range than currently documented, with over 50% of species expected
to associate with up to 15 viral families (Supplementary Fig. S9).

On the virus side, certain viral families were consistently assigned
with higher predicted probabilities, resulting in disproportionately
large numbers of new host associations (Supplementary Fig. S8c). This
was the case for Flaviviridae (median 3507 expected predicted asso-
ciations, 90% CI = 2807–4173), Paramyxoviridae (median 3378, 90%
CI = 2625–4069) and Herpesviridae (median 2834, 90%
CI = 1950–3458). Viral families which showed the highest fold increase
in the total number of associations includedHepeviridae (median fold-
increase 12.8, 90% CI = 7.2–20.4), Astroviridae (median 11.5, 90%
CI = 9.2–15.8), Circoviridae (median 11.0, 90% CI = 6.2–16.3), and Peri-
bunyaviridae (median 10.9, 90% CI = 7.5–16.3; Supplementary
Fig. S8d).

Key zoonotic viral families, such as Coronaviridae and Para-
myxoviridae, showed shifts in association patterns when comparing
observed vs predicted associations. The Coronaviridae family includes
several viruses known to infect a wide range of animals, and notable
zoonotic viruses such as SARS-CoV, MERS-CoV, and SARS-CoV-2.
These viruses are known for their ability to cause respiratory, gastro-
intestinal, and neurological diseases in both humans and animals. We
found that Coronaviridae had a high proportion of predicted associa-
tions across several mammal orders (Supplementary Figs. S10, S11),
which included well-known hosts such as bats as well as relatively less
known hosts such as ungulates (orders Perissodactyla and Cetartio-
dactyla). The relative difference between observed vs. predicted
associations led to a substantial change in the global patterns of host
species richness for Coronaviridae (Supplementary Fig. S12). Para-
myxoviridae is a family of enveloped, single-stranded RNA viruses
known for infecting a wide range of hosts, including humans, mam-
mals, and birds. Notable zoonotic viruses within Paramyxoviridae
include Nipah and Hendra, two bat-associated viruses that emerged in
the Indo-Pacific region with dramatic public health consequences. Our
predictions indicate that a major proportion of bat and primate spe-
cies are potentially susceptible to these viruses, withmedian expected
proportions of 0.87 for Chiroptera (90% CI = 0.80–0.95) and 0.85 for
Primates (90% CI = 0.72–0.92; Supplementary Figs. S10, S11). As these
are among the most speciose mammalian orders, the confirmation of
these predictions could drastically alter our spatial perception of
zoonotic risk (Supplementary Fig. S12).

Overall, these predictions revealed a much broader picture of
mammal–virus association compared towhat is currently documented
(Fig. 3). Several of the established mammal–virus association patterns
were confirmed, yet numerous additional ones were predicted at
similar or higher levels despite limited current observational evidence.
The number of known and new predicted associations was positively
correlated across mammalian orders (median Pearson’s r = 0.57, 90%
CI = [0.38, 0.78]; Supplementary Fig. S13a) and viral families (r = 0.89,
90% CI = [0.83, 0.94]; Supplementary Fig. S14a). Yet, residual analysis
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indicated that the model captured additional information beyond the
sole number of known associations, suggesting that predictions are
not fully explained by the current volume of documented associations
alone (Supplementary Figs. S13b, S14b). Mammalian orders with fewer
known associations exhibited higher fold increases in associations
(median Pearson’s r = −0.39, 90% CI = [−0.53, −0.30]), indicating pro-
portionally larger predicted knowledge gaps in poorly sampled clades
(Supplementary Fig. S13c, d). Similarly, while viral families displayed
roughly constant fold increases (median Pearson’s r =0.06, 90% CI =
[−0.11, 0.31]), this gives credible evidence that viruses with sparser
observational data were not systematically suppressed by the model
(Supplementary Fig. S14c, d). Together, these results suggest that
current surveillance efforts may be severely underestimating the true
breadth of mammal–virus associations, particularly for poorly sam-
pled host clades, wherepotentially important associationsmay remain
undetected.

Discussion
Our DPU approach was effective at predicting missing associations
from incomplete and biased observations, as demonstrated on new
labels and synthetic data. In addition to identifying the most likely
missing mammal–virus associations, DPU learning can also be used to
quantify prediction uncertainty and research effort, expressed as
propensity scores (Supplementary Fig. S15), providing a transparent
basis for interpreting the results and prioritizing future efforts. The
results obtained also highlight the suitability of GNNs for efficiently
extracting complex emerging patterns that arise from the joint inte-
gration of mammalian phylogeography and the observed
mammal–virus association networks. Importantly, the GNN allowed us
to unify and extend major host–pathogen modelling traditions within
a single machine learning framework. By leveraging observed asso-
ciation network topology13,24,25,40, species traits11,23,26, and evolutionary
and biogeographic constraints on host–virus associations22,41–44, GNNs
can learn node representations that jointly encode and integrate

information from all these heterogeneous data sources, enabling the
model to capture cross-modal interactions that would be difficult to
recover with traditional models.

Froma PU learning perspective, the principal contribution ofDPU
learning lies in the joint modelling of the ground truth and labelling
mechanisms through the explicit conditioning of both the classifier
and propensity score model on the set of currently labelled associa-
tions. Unlike traditional PU approaches30,33—where predictions condi-
tion on fixed covariates, latent parameters, or predefined relational
structures, and labelled associations inform model outputs solely
through learned weights and parameters—DPU learning enables both
components to dynamically update their predictions as new labelled
associations are incorporated during the inference. This formulation
confers two key advantages. First, it enables both components to
capture and exploit structural dependencies across labeled associa-
tions, such as co-occurrence and shared connectivity patterns, to
improve predictive performance. Second, it supports an explicitly
dynamic interpretation of both the ground truth and labeling
mechanisms: as new associations are discovered, predictions are
reconditioned on the expanded label set, enabling iterative reinter-
pretation of both the underlying interaction network and the obser-
vational sampling process.

Conditioning on the currently labelled association set permits
direct exploitation of the observed mammal–virus network for
extracting informative patterns. Spatial or taxonomic clustering of
records can inform the modeling of differential sampling, whereas
higher-than-expected co-occurrence of viral families among host
species can be leveraged to infer shared susceptibilities or overlapping
host ranges. Notably, this approach enables the use of message-
passing architectures36, designed for complex graph topologies35,45–48,
to propagate signals through the observed association network and
learn node representations that encode both its global and local
structure. To integrate predefined relational structureswithin a unified
multigraph framework, signal propagation was further extended

Fig. 3 | Observed vs. predicted mammal–virus associations across mammalian
orders and viral families. Heatmap of observed (left) and total predicted (right)
associations between mammal orders and viral families (i.e., percentage of

mammal species in the order associated with the viral family). Predicted percen-
tages represent the median expected percentage of associations across 100
model runs.
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through phylogeographically related hosts. This facilitates general-
ization to species with few or no observed associations by leveraging
known phylogenetic and biogeographic affinities, a key requirement
for global-scale inference where the majority of mammalian species
remain unstudied. For instance, a viral family with associations con-
centrated in a particular host clade can propagate signal simulta-
neously through the association network—influencing node
representations of co-occurring viral families andknownhost species—
and through the phylogenetic and biogeographic graphs to tax-
onomically related or geographically overlapping hosts. This allows for
predictions that integrate known epidemiological context, evolu-
tionary relatedness, and geographic proximity in a single inference
step. Capturing such patterns from the observed network is critical in
host–pathogen applications, where node-level features and pre-
defined relational structures (e.g., mammalian and viral traits and
phylogeography) alone are often insufficient to obtain a complete
characterization of association probabilities24.

Together, our results make DPU learning a robust and flexible
foundation for applying graph-based deep learning techniques to link
prediction in partially observed, biased networks. In particular,
although we developed the DPU formalism for predicting missing
associations in host–pathogen networks, we argue that it also applies
to other network reconstruction tasks such as recommendation
systems49,50, drug–drug51,52, drug–disease53 or protein–protein
interactions54–56, plant–pollinator networks57,58, ecological interaction
networks59,60, and species geographic-presence networks61. In these
contexts, associations with understudied interactors, such as rare
diseases, are more underrepresented in available data, not because
they are unlikely to exist, but because limited study effort or experi-
mental difficulty reduces their likelihood of being observed. DPU
offers a principled way to account for such uneven gaps in the
observed network, leading to more reliable and unbiased link-
predictions with quantified uncertainty estimates.

Global-scale viral discovery efforts are crucial for the establish-
ment of pandemic preparedness strategies3,6. However, with hundreds
of thousands of zoonotic viruses potentially unknown3, discovery
programmes require economic and temporal resources which are not
currently available62. Integrating advanced analytical tools into exist-
ing viral discovery initiatives can help identify research priorities
across host taxonomies and geographic areas and anticipate potential
risks from human encroachment into natural habitats16,63. Machine
learning tools enable the modelling of high-dimensional relationships,
which makes them especially valuable when the underlying mechan-
isms of a system are complex and poorly understood64, as is the case
with mammal–virus associations. However, the effectiveness and effi-
ciency of such models depend heavily on the quality of the data, the
appropriateness of the learning algorithms used, and careful con-
sideration of observational biases and data deficiencies65.

In the context of mammal–virus associations, data are sparse,
biased, and largely incomplete. Nevertheless, with rigorous training
and validation, sound theoretical grounding, and synergetic use of
accessible biological determinants (e.g., host and viral traits, phylo-
geny, and biogeography), machine learning models can still yield
meaningful and informative probabilistic predictions based on docu-
mented associative patterns. Explicitly accounting for the PU nature of
the data and applying tailored learning algorithms is necessary for
ensuring the statistical validity and biological plausibility of model
outputs. While predictions remain probabilistic and come with
uncertainty (Supplementary Fig. S15), they can serve as valuable
decision-support tools that may complement conventional methods
for viral discovery. Results from DPU applications have practical value
in this context. Our findings highlight mammalian taxa with dis-
proportionately larger numbers of viral associations compared to
currently observed levels, as is the case for Afrosoricida, wheremedian
expected viral diversity is 50 times higher than known diversity. These

taxa warrant priority focus in terms of viral discovery and local sur-
veillance, representing potential blind spots of viral hazard21,24. Vali-
dation on new labels further confirms the ability of DPU learning to
predict unknown associations before these are discovered. This was
the case for true insectivores (order Eulipotyphla), a known under-
sampled taxon66 which had ~76% of their newly recorded associations
predicted by DPU with probabilities above 0.5.

While our results illustrate the practical value of DPU, the inter-
pretation of predictions requires careful consideration of two meth-
odological constraints. First, whileDPUquantifies the variability across
model ensembles in the expected values of aggregated predictions
(e.g., the total number of associations for a specific taxon or geo-
graphic tile), these intervals do not constitute a complete measure of
predictive uncertainty. In fact, estimating full predictive uncertainty
would require computing joint probability distributions and account-
ing for correlations among single-point predictions, which is not
possible in the current framework. While confidence intervals for
single-point predictions (i.e., for individual mammal–virus couples)
reflect complete aleatoric and epistemic predictive uncertainty,
intervals for aggregated predictions only reflect how much our esti-
mates shift under different inferred patterns of research effort (i.e.,
propensity scores). As such, they should be interpreted as a lower
bound of true predictive uncertainty. Second, as the DPU approach
naturally prioritizes unlabeled associations that resemble known
positives (Supplementary Equation S67), mammal–virus couples that
are highly isolated or under-sampled may receive consistently low
association probabilities across all models in the ensemble. This
implies that in severely underexplored regions of the mammal–virus
network, the method may underestimate both the likelihood of true
associations and the corresponding uncertainty. Yet, we also find that
understudied taxa exhibit higher prediction uncertainty than better-
studied taxa (Supplementary Figs. S16—S18). This suggests that the
DPU’s expected tendency to be overconfident for poorly studied taxa
is, at least partially, mitigated. Furthermore, results from 10-fold cross-
validation and new labels indicate that DPU achieves comparable
accuracy across species regardless of how extensively their viral
associations have been documented, highlighting its ability to recover
truemissing associations even among severely under-sampled species
and those with no prior viral records (Supplementary Figs. S1, S5).

Emergingmachine learning tools, such asDPU learning, can play a
crucial role in optimizing resource allocation for the discovery of
host–pathogen associations, supporting cost–benefit assessments,
andmaximizing viral discovery per effort unit.While this study focuses
on viral family-level predictions, the DPU approach provides a general
methodological framework that can be deployed to finer taxonomic
resolutions, for example, to model host associations with viral genera
of interest, provided sufficiently detailed data is available. While we
considered generic viral features for predictions at the viral family
level, DPU learning applications at finer levels would enable the usage
of more specific features reflecting viral structure and composition.
Further improvements may also involve expanding the model to
account for viral associations with other key hosts (e.g., birds) as well
as vectors such as mosquitoes, ticks, and sandflies67. Incorporating
thesegroupswould allow themodel to identify broader biogeographic
patterns of susceptibility and provide a more comprehensive and
realistic view of the global host–virus network. Additionally, as scien-
tific knowledge on viral hosts continues to grow, predictive accuracy is
expected to improve. This opens the door to adaptive learning, where
model predictions guide data acquisition efforts, and newly acquired
data are iteratively used to refine and update those predictions68. In
particular, further research on the stability of the predictions in
response to new data can help both quantify model uncertainty and
identify host–virus associations with the highest impact in reshaping
the inferred network69. Prioritizing these associations offers a
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principled strategy to reduce predictive uncertainty and guide tar-
geted surveillance in a cost-effective way.

Approaches such as DPU learning, which explicitly disentangle
biological signal from sampling bias and quantify uncertainty at each
stage, offer decision-makers clearer, more accountable evidence to
support OneHealth strategies compared to standard approaches. Still,
integrating explainable modeling frameworks within the DPU work-
flow can further strengthen this transparency by clarifying the biolo-
gical and sampling-driven determinants of predicted host–virus
associations70, enabling researchers and policymakers to better eval-
uate model-guided prioritization. Incorporating such predictive ana-
lyses into the design of viral surveillance can transform global One
Health strategies of pandemic preparedness, shifting the focus from
reactive crisis response to proactive, data-driven prevention.

Methods
Input data
We retrieved known mammal–virus associations from the Global Vir-
ome in One Network (VIRION)37 database, retaining associations
between terrestrial mammals and viruses supported by any type of
evidence (e.g., sequencing, PCR, serology). These may include viruses
associated with the host’s microbiota (e.g., as hypothesized for
Smacoviridae71). Viral associations of each mammal species were
aggregated at the level of viral family tomitigate sparsity anddetection
bias at lower taxonomic categories, while preserving biologically
meaningful patterns of host–virus compatibility14. By focusing on
family-level, rather thanon species-level, viral associations,we avoided
the risk of having a small number of well-studied viruses dominating
the dataset. The value of our inference is coarser compared to a
species-level prediction, but this coarser resolution allowsus tomake a
generic inference that also applies to poorly studied and even poten-
tially undiscovered viruses. Viral families with fewer than 10 known
associations were excluded to ensure sufficient data for robust model
training and reliable prediction performance, and because they lacked
enough data for meaningful validation. Also, we removed Homo
sapiens and all mammal species for which mammalian traits, phylo-
genetic information, and geographic distribution (see below)were not
available. This filtering produced a dataset of 5330 mammal species
m 2 M (out of 5642 terrestrialmammal species officially recognized by
IUCN (2020)72) and 33 viral families v 2 V linked by 4968 unique
associations; 686 additional associations from GenBank38 were incor-
porated as new labels. Here, M and V denote the sets of mammal
species and viral families, respectively. Mammal species names were
harmonized across different data sources following the IUCN (2020)
binomial nomenclature.

New mammal–virus associations (new labels) were systematically
collected from GenBank using a custom pipeline in R (packages:
rentrez73, rvest74, xml275). The search targeted viral records for all
mammalian species, following IUCN 2020 taxonomy, deposited
between January 2022 and September 2024 in theNucleotide database
(https://www.ncbi.nlm.nih.gov/genbank/). Associations were based on
PCR amplification from host samples. We filtered for novel viral
family–mammal associations not previously present in our training
data to ensure these new labels provided an independent
validation set.

Mammal and viral features. Each mammal species m 2 M was asso-
ciated with a vector xm of 18 mammal traits sourced from the COM-
BINE and PHYLACINE v.1.2 datasets76,77. These encompass species’
adult body mass (log-transformed), maximum longevity, gestation
length, interbirth interval, weaning age (log-transformed), mean litter
size, annual litter output, trophic level, and the first 10 phylogenetic
eigenvectors. These traits are known to capture biologicalmechanisms
underlying host susceptibility andpathogen transmission14,44,78–80. Each
viral family v 2 V was associated with a vector xv of 7 binary viral

features sourced from Wardeh et al. 202124, encompassing viruses’
nucleic acid type (DNA/RNA), retro-transcription capability, strand
structure, genome topology (circular/linear), genome segmentation,
and envelope presence. These viral traits are extensively used in vir-
ology for virus classification and characterization81 and have already
been proven to be important for predicting viral host-range24,82–90. A
detailed description of the mammalian and viral traits used in the
analysis, together with the rationale for their selection, is provided in
the Supplementary Information file, Supplementary Subsections A.1.1
and A.1.2.

Mammals reciprocal relationships. Mammalian phylogenetic and
biogeographical relationships were also considered to inform our
model. Phylogenetic relatedness was modeled using patristic dis-
tances (extracted from the PHYLACINE v. 1.2 database77), that is, the
elapsed time since the most recent common ancestor for a pair of
species91,92. Biogeographic relationships were estimated by consider-
ing the spatial overlap between any two pairs of co-occurring species
(based on IUCN Red List v. 2020-2 range maps72). Pairwise range
overlaps were computed using the “sf” R package93. While phylogeny
captures the evolutionary relationships of mammal species, biogeo-
graphy reflects their geospatial connectivity94. Both represent two of
the most important determinants of interspecific viral transmission,
quantitatively linked to pathogen sharing within animal
communities24,41–44,95.

Modelling approach
The task of predicting missing associations between mammal species
and viral families was framed as a dynamic positive-unlabeled (DPU)
problem. Documented mammal–virus associations were treated as
labeled cases; all others were considered unlabeled.

Graph representation of mammal–virus and mammal–mammal
interactions. Current knowledge of mammal–virus associations was
represented using a bipartite and unweighted graph referred to as the
observed network of mammal–virus associations GMV = M ∪V , EMV

� �
.

The node set M ∪V consisted of all mammalian species and viral
families included in the dataset. The edge set EMV � M ×V comprised
all mammal–virus pairs with a recorded association. In Supplementary
Fig. S19, we reported the degree distribution for mammal species and
viral families in GMV. While both the underlying biology and the sam-
pling process contribute to this distribution, substantial evidence
indicates that the observed heterogeneity is predominantly driven by
differences in research effort12,18,40, highlighting how some species and
viral families have been far more extensively studied than others. This
network representation offered a compact and structured way to
encode all known mammal–virus associations (representing our pri-
mary source of information about mammalian viral diversity and
virus–host-range) within a graph-theoretic framework. This allowed
GNNs to directly leverage the network structure underlying known
associations inorder to characterizemammal species and viral families
based on their observed associations and to uncover global patterns
and local motifs to improve the plausibility of missing links by using
contextual information derived from currently labeled data.

Additionally, we defined a mammalian phylogenetic graph to
represent species phylogenetic distances among species, and a mam-
malian biogeographical graph to represent their geographical adja-
cencies and cooccurrences (Supplementary Information file,
Supplementary Subsection A.2.1). Modeling phylogenetic and bio-
geographical relationships among mammals is crucial for uncovering
latent patterns, biological constraints and dependencies in our data.
This approach provides deeper insight into phylogenetically and bio-
geographically conserved patterns of host association within viral
families and helps compensate for observational data gaps by
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leveraging known interspecific relationships to propagate viral infor-
mation through hosts.

Overcoming observational biases. Four main sources of observation
biases were identified and explicitly modeled in our DPU framework
(Supplementary Information file, Supplementary Subsection A.2.2).
These biases include: human-centric reporting96, arising because
knowledge of infectious agents is concentrated on humans and
domesticated animals rather than wild species12,97; geographic
biases17,98, due to higher research output in wealthier countries, lead-
ing to better knowledge of associations relevant to those regions;
biological biases99, whereby virus–host associations with more visible
effects are more likely to be studied; and self-reinforcing biases18, in
which hosts already known to be susceptible to certain pathogens are
more likely to be studied when a new agent of that type is discovered
(e.g., coronaviruses in bats).

These patterns are captured in our model through data-driven
proxies for research effort that integrate network-derived, geographic,
and taxonomic signals, capturing how, for each viral family, research
effort accumulates and propagates across related hosts. The number
of known viral associations per host serves as a proxy for overall
research intensity, subsuming self-reinforcing biases whereby hosts
already known to harbor certain pathogens usually attract dispropor-
tionate subsequent studies, as well as human-centric biases con-
centrating knowledge on economically or medically relevant species.
Host taxonomic structure captures both biological biases—wherein
phylogenetically related hosts share susceptibility to the same viral
families—and self-reinforcing biases that redirect sampling effort
toward relatives of known reservoir species. Mean host exposure to
field studies reflects geographic and human-centric sampling effort, as
hosts occurring in regions with higher research output or in proximity
to human populations are more likely to be included in viral surveys.
Finally, viral taxonomy accounts for research history and biological
biases, capturing the uneven attention directed toward viral families
with greater perceived zoonotic potential or more conspicuous
pathological effects.

DPU formalism. The DPU framework generalizes the SCAR30 and SAR33

assumptions by introducing a dynamic labeling mechanism, in which
past observations inform both current predictions and propensity
scoreestimation. This requires two complementarymodels: a classifier
(Supplementary Equation S9) that predicts the likelihood that a given
association exists and a propensity score model (Supplementary
Equation S11) that estimates the likelihood of an existing association
getting labeled—both conditioned on the labels of all other associa-
tions. Importantly, to prevent data leakage, predictions for each focal
association are generated by masking its own label from both com-
ponents, ensuring that neither model has access to it, but only to the
labels of all other remaining associations.

The labeled or unlabeled status of a potential association is
nonetheless informative during inference (Supplementary Equation
S12). By the PU learning convention, a labeled association is always
treated as a confirmed positive. Conversely, an association that
remains unobserved despite a high propensity score (i.e., a high
probability of detection had it existed) is less likely to represent a true
link, even if the classifier deems it biologically plausible. In contrast, a
high classifier output combined with a low propensity score is indi-
cative of a likely missing association. The DPU framework leverages
both components to make principled probabilistic inferences about
unlabeled associations: classifier outputs discriminate biologically
plausible positives from negatives, as in conventional models, while
propensity scores provide complementary information by distin-
guishing associations with low research effort—representing genuinely
unknown cases—from those with high research effort—which con-
stitute more reliable negatives. Jointly integrating these two

components allows the DPU framework to account for both biological
plausibility and observational evidence during inference. A full treat-
ment of the DPU formalism is provided in Supplementary Methods,
Subsection A.2.3.

Bayesian DPU modelling. For every viral family v 2 V , our Bayesian
DPU model consisted of two hierarchical components—one function-
ing as a classifier (with parameters Θv) and the other as a propensity
score model (with parameters Φv). To ensure consistency, all classi-
fiers shared a common architecture and parameters’ prior distribu-
tions across viral families, and the same applied to the propensity
score models. Parameters Θv and Φv were structured hierarchically
following mammalian taxonomy, estimating parameters at multiple
taxonomic levels and shared within related taxonomic groups. This
structure allowed us to borrow statistical strength from data-rich
groups to improve estimates in data-poor groups, by generalizing
patterns observed in well-studied clades to make inferences in related
but less-studied ones.

Given the database of associations’ labels K (see Supplementary
Equation S7), we computed the probability distribution of the models’
parameters:

Pr Θ,ΦjKð Þ=
Y
v2V

Pr Θv,Φv

� � Y
m2M

pS m, vð Þ
m, vð Þ 1� p m, vð Þ

� �1�S m, vð Þ
, ð1Þ

where we assumed prior independence of parameters Θv,Φv asso-
ciated with different viral families, and that the binary labels S m, vð Þ 2
f0, 1g inK are generatedby aBernoulli processwith success probability

p m, vð Þ =Pr S m, vð Þ= 1jKM × fvg,Θv,Φv

� �
=

=Pr Y m, vð Þ= 1jKM × fvg,Θv

� ��
� Pr S m, vð Þ= 1jKM × fvg,Y m, vð Þ= 1,Φv

� � ð2Þ

Here, Pr Θv,Φv

� �
is the prior of the models’ parameters andQ

m2Mp
S m, vð Þ
m, vð Þ 1� p m, vð Þ

� �1�S m, vð Þ
is the likelihood for data related to viral

family v and KM × fvg is the database of associations’ labels where all the
labels of all potential associations with v have been masked. Finally,
Y ðm, vÞ 2 f0, 1g is the true value of couple ðm, vÞ, i.e., Y ðm, vÞ= 1 if ðm, vÞ
is a truepositive and Y ðm, vÞ=0 if ðm, vÞ is a truenegative. The classifier
was defined as

Pr Y m, vð Þ= 1jKM × fvg,Θv

� �
=πf mð Þ, v, ð3Þ

with πf , v being a parameter within Θv. We modeled propensity scores
as

Pr S m, vð Þ= 1, j,KM × fvg, Y m, vð Þ= 1,Φv

� �
=

=
1 + Ev � gm, v KM × fvg

� �
1 + Ev � gm, v KM × fvg

� � � em, v KM × fvg,Φv

� � em, v KM × fvg,Φv

� �
,

ð4Þ

with

em, v KM × fvg,Φv

� �

=Cf ðmÞ, v +
σ

dm, v KM × fvgð Þ�Af ðmÞ, v
Bf ðmÞ, v

� �
� σ � Af ðmÞ, v

Bf ðmÞ, v

� �
1� σ � Af ðmÞ, v

Bf ðmÞ, v

� � Df ðmÞ, v 1� Cf ðmÞ, v
� � ð5Þ

where Af , v,Bf , v,Cf , v,Df , v, Ev are parameters in Φv, f mð Þ is the mam-
malian family of m, gm, v KM × fvg

� �
represents a proxy for geographic

sampling bias defined as

gm, v KM × fvg
� �

=
1

Vj j � 1

X
v02Vnfvg

max
m02Mnfmg

g m,m0, v0ð Þ
� �

, ð6Þ
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with:

g m,m0, v0ð Þ :¼
overlap m,m0ð Þ
overlap m0 ,m0ð Þ ifS m0, v0ð Þ= 1,

0 otherwise,

(
ð7Þ

and dm, v KM × fvg
� �

is the degree of mammal species m in the
masked database K m, vð Þ:

dm, v KM × fvg
� �

=
dm Kð Þ � 1 ifS m, vð Þ= 1,
dm Kð Þ otherwise:

�
ð8Þ

All the parameters defined at a mammalian family-level f were
drawn from a distribution parametrized by the corresponding para-
meters at the mammalian order-level o fð Þ. In turn, the parameters
defined at a mammalian order-level o were drawn from a distribution
parametrized by parameters at the global mammalian level. More
information about the Bayesian model architecture, the functional
dependences between themodels’parameters, themodel’s priors, and
the overall model’s rationale can be found in the Supplementary
Information file, Supplementary Subsection A.2.4.

Calculationswere performed using the TeraStat2HPC100 using the
JAGS101 library interfaced with Python102 through the package
PyJAGS103. Sampling of the model’s parameters was performed on 8
parallel chains with a burn-in of 3000 samples and a thinning interval
of 10. The chains were stopped using the R-hat convergence and
effective sample size (ESS) efficiency tests104, specifically when R-hat
values were <1.01 and ESS values were >1000 for all parameters and
hyperparametersof themodel.Using this strategy, the resulting chains
contained between 7000 and 32,000 samples for each viral family,
depending on convergence time, which ranged, using TeraStat2 HPC,
from 3 to 18 h across families.

GNN classifier model. Two distinct mammal–virus latent adjacency
matrices were constructed to capture the positional context of each
node within the multi-graph structure of mammal–virus interactions:
one based onmammalian phylogenetic relationships, and one on their
biogeographic distribution. Weighted edges were assigned between a
mammal speciesm 2 M andviral family v 2 V by aggregatingobserved
associations with v across mammal species either phylogenetically or
biogeographically related to m. In practice, the edge weight is com-
puted as a normalized weighted sum: the number of observed asso-
ciationswith viral family v among relatedmammal species is combined
with the strength of their relationships tom through a fixed (i.e., non-
learnable) mammal–mammal interaction matrix. Formally, given a
normalizedmammal–virus adjacencymatrixA Gð Þ

MV induced by observed
associations in a given mammal–virus network G,

A Gð Þ
MV m, v½ �=

1ffiffiffiffiffiffiffiffiffiffiffiffi
d Gð Þ
m d Gð Þ

v

p if m, vð Þ 2 E Gð Þ,

0 otherwise,

8<
: ð9Þ

and a predefined mammal–mammal interaction network
M : M ×M ! 0, 1½ �, we define the latent mammal–virus adjacency
matrix constructed via G and M as

Q M,Gð Þ
MV = DMA Gð Þ

MV

� ��1
MA Gð Þ

MV : ð10Þ

Unlike adjacency matrices derived directly from empirical data,
these matrices incorporate meta-edges that connect mammal species
to viral families even in the absence of documented associations.
Specifically, a mammal species can be indirectly linked to a viral family
via phylogenetically or biogeographically related species that are
directly linked to it (i.e., known hosts). These meta-paths, inspired by
the method used in Graph Transformer Networks48 for node repre-
sentation learning on heterogeneous graphs, traverse both the
observed mammal–virus and the fixed mammal–mammal networks,

allowing the model to capture latent structural dependencies across
the two. By constructing such latent matrices, we can use message-
passing using the latent adjacency matrix to generate node embed-
dings that reflect both mammal–virus known associations and meta-
interactions, enabling inference in mammalian groups where direct
host–virus associations are sparse or absent by leveraging known
interspecific relationships.

Message-passing was performed usingMLP with one hidden layer
(see Supplementary Equations S53—S56). The resulting node embed-
dings from the two matrices were aggregated through a weighted
SoftMax Aggregation105 for each mammal and virus node (Supple-
mentary Equation S58), providing a comprehensive representation of
the nodes that reflects both phylogenetic and biogeographic rela-
tionships among mammals, observed (i.e., labeled) mammal–virus
associations, and node-specific mammalian and viral features. Finally,
these embeddings were concatenated for each mammal–virus and
processed through a Dense Neural Network to compute the prob-
ability of existent association between them. Non-linearity in the
model’s layers was introduced via PReLU activation functions106, and
each GNN layer was normalized using GraphNorm107. The model was
implemented in Python102, using the Pytorch108 and Pytorch
Geometric109 libraries. All training and inference were performed on
NVIDIA V100 GPUs with 32 GB of memory, with each model requiring
~17 h to train. More detailed information about the GNN architecture
can be found in the Supplementary Information file, Supplementary
Subsection A.2.5.

Model training, validation, and predictions
In this section, we outline the methodological pipeline used to train
our models, estimate their predictive performance, and generate final
predictions with quantified uncertainty.

Training procedure. First, we used the Bayesian DPU model to esti-
mate reasonable joint probability distributions of the propensity
scores across all potential mammal–virus associations in our dataset.
Next, we either sampled configurations of propensity scores or used

their expected values to define a non-negativeDPU empirical riskRDPU
‘ .

This served as the loss function to train the GNN classifier via gradient
descent with the AdamW optimizer110,111. In particular, given a graph-

dataset D = G kð Þ, E kð Þ
S , E kð Þ

U

� �n oK

k =0
, with G kð Þ being a subgraph of the

observed mammal–virus association network, E kð Þ
S being the set of

labeled associationsmissing fromG kð Þ, and E kð Þ
U being a set of unlabeled

associations, we defined the DPU risk RDPU
‘ conditioned to a set of

propensity scores e= fe m, vð Þg m, vð Þ2M ×V as:

RDPU
‘ g, e,D½ � :¼ 1

Vj j
X
v2V

R + , S
‘, v g, e,D½ �+ max 0,R�, S

‘, v g, e,D½ �+R�, U
‘, v g,D½ �

n o
,

ð11Þ

with:

R + , S
‘, v g, e,D½ �= πs, vPK

k = 1jE kð Þ
S, vj

XK
k = 1

X
x2 E kð Þ

S, v

1
ex

‘ðgðx, G kð ÞÞ, 1Þ ð12Þ

R+ , S
‘, v g, e,D½ �= πs, vPK

k = 1jE kð Þ
S, vj

XK
k = 1

X
x2 E kð Þ

S, v

1� 1
ex

� �
‘ðgðx, G kð ÞÞ, 0Þ, ð13Þ

R�, U
‘, v g,D½ �= 1� πs, vPK

k = 1jE kð Þ
U, vj

XK
k = 1

X
x2 E kð Þ

U, v

‘ðgðx, G kð ÞÞ, 0Þ: ð14Þ
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Here: E kð Þ
S, v = E kð Þ

S \ ðm, vÞ jm 2 M

 �

, E kð Þ
U, v = E kð Þ

U \ ðm, vÞ jm 2 M

 �

,
and πs, v is the proportion of labeled hosts with v. Finally, ‘ðŷ, yÞ = �
y logðŷÞ � ð1� yÞ logð1� ŷÞ is the binary cross entropy. The proposed
loss function is built on recent advancements in developing learning
algorithms for training bias-free predictivemodels in PU scenarios33,112.
Minimizing DPU risk encourages the model to treat labeled associa-
tions as positive instances without strictly enforcing that all unob-
served associations are true negatives, using propensity scores to
debias predictions (see Supplementary Information file, Supplemen-
tary Subsection A.3.1).

Mixed precision-training was used to improve computational
efficiency113 and propensity scores were clipped to 0.005 during the
training for limiting unstable outcomes114. Finally, predictions for
unlabeled associations were obtained by combining their respective
propensity scores with the GNN classifier’s outputs (Supplementary
Equation S11).

Cross-validation, external evaluation, and synthetic benchmarking.
We evaluated the performance of the DPU approach using three
complementary strategies. First, we performed a cross-validation by
dividing all labeled and unlabeled associations (from the VIRION
database) into 10 non-overlapping balanced folds (Supplementary
Information file, Supplementary Subsections A.3.2, A.3.3), each con-
taining ~497 labeled and 17,092 unlabeled associations. Each fold was
further divided into 50 smaller subfolds, each containing ~10 labeled
and 342 unlabeled associations. For each subfold, we constructed a
subgraph by removing from the originalmammal–virus graph only the
edges corresponding to the 10 labeled associations in that subfold.
This subgraphwas thenused to assess themodel’s predictions forboth
the held-out labeled associations and the unlabeled associations in the
subfold, conditional on the remaining observed network structure.
This subgraph/subfold creation process was repeated five times for
each fold, resulting in 250distinct subgraphs/subfolds per fold. During
the cross-validation, each fold served eight times aspart of the training
set, once as the validation set formodel tuning, andonce as the test set
for model validation. Because labeled and unlabeled associations that
are used as prediction targets during the training are not contained in
the validation and test folds, model performance is evaluated only on
associations and network configurations that were not seen during
training, ensuring an unbiased assessment across both mammal–virus
pairs and observed network structures.

Second, we retrained the classifiermodel using all 10 folds and the
hyperparameters optimized during cross-validation. Thus, we vali-
dated themodel on the 686 new labels—confirmed associations absent
from the VIRION database and therefore unlabeled during training—
obtained from theGenBankdatabase for external evaluation. Third, we
simulated associations betweenmammalian species and two synthetic
viral families, for whichwe controlled the ground truth host-range and
the labelling mechanism (Supplementary Information file, Supple-
mentary Subsection A.1.4). To define the ground truth for both syn-
thetic viral families, we focussed on phylogenetic and spatial patterns
for determining the drive of susceptibility and exposure ofmammalian
species to viral pathogens, as these represent the two critical factors
influencing viral host range24,41,44,95. By assessing the ability of the DPU
framework to retrieve these synthetic associations given a subset of
labelled synthetic associations, we tested whether the phylogeny-
explicit and spatial-explicit components of our modelling approach
were able to effectively capture the generated patterns. All themodels
were trained using, for each potential mammal–virus association, the
expected value of its propensity score. Expected values of propensity
scores were also used during inference to compute probabilities for
missing associations (via Supplementary Equation S11).

Each validation strategy employed a different set of performance
metrics. For nested cross-validation and new label validation—where
only positive and unlabeled instances were available—we used naïve

Recall, Negative Recall, ROC-AUC, PR-AUC, Precision, and TSS (TSS =
Recall + Negative Recall–1115). The naïve prefix is used here for all
metrics to indicate that they all treat naively unlabeled instances as
true negatives, despite the inherent uncertainty in their labeling. A
novel DPU metric, SAR-PUF1 (see Supplementary Information file,
Supplementary Subsection B.1), was used to assess the classifier’s
ability to match the ground truth116 using only PU data and estimated
propensity scores. SAR-PUF1 was also employed for early stopping
during all model training. In contrast, for synthetic datasets, where
both synthetic positives and negatives were available, we evaluated
prediction performance on synthetic associations unlabeled during
training using standard (i.e., non-naïve) metrics: Recall, Negative
Recall, ROC-AUC, PR-AUC, Precision, and TSS.

Generatingfinal predictions andquantifyinguncertainty. Finally, we
used the complete observed network of mammal–virus associations
(obtained by combining labels from VIRION and GenBank databases)
to train both the Bayesian DPU model and an ensemble of 100 GNN
classifiers, in order to generate the most up-to-date predictions. Each
GNN in the ensemble was trained using a unique DPU loss function,
determined by a distinct set of propensity scores sampled from the
posterior distribution of the Bayesian DPU model. These same pro-
pensity scores were also used during inference to compute prob-
abilities for missing associations (via Supplementary Equation S11).
Additionally, each GNN was initialized with different random weights
and trained on a distinct set of subgraphs randomly sampled from the
observed network of mammal–virus associations. This ensemble
approach enabled us to propagate and thereby quantify the uncer-
tainty in the propensity scores captured by the Bayesian DPU model
(and thus in our estimates of research effort distribution) into the final
predictions.

For each model, we computed the expected number of associa-
tions at different aggregation levels (e.g., per host species/order, or
viral family) and then used themedian of these expected values across
the ensemble as our primary summary statistics (i.e., median expected
values). To reflect variability across ensemble members, we also
reported 90% empirical ensemble intervals, calculated as the 5th and
95th percentiles of expected values across the 100 ensemble mem-
bers,whichdefined our confidence intervals (CIs) used throughout the
main text. These CIs do not represent full predictive uncertainty, as
they do not capture aleatoric uncertainty or account for correlations
between individual predictions in aggregated predictions (see Sup-
plementary Information file, Supplementary Subsection B.2).

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

Data availability
The data generated in this study have been deposited in the Zenodo
database under accession code https://doi.org/10.5281/zenodo.
20764782117.

Code availability
The codes generated in this study have been deposited in the Zenodo
database under accession code https://doi.org/10.5281/zenodo.
20764782117.
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