
communicationsmedicine Article
A Nature Portfolio journal

https://doi.org/10.1038/s43856-025-00903-w

Hidden challenges in evaluating spillover
risk of zoonotic viruses using machine
learning models
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Abstract

BackgroundMachine learningmodels have been deployed to assess the zoonotic spillover
risk of viruses by identifying their potential for human infectivity. However, the lack of
comprehensive datasets for viral infectivity poses amajor challenge, limiting the predictable
range of viruses.
Methods In this study, we address this limitation through two key strategies: constructing
expansive datasets across 26 viral families and developing the BERT-infect model, which
leverages large language models pre-trained on extensive nucleotide sequences.
Results Here we show that our approach substantially boosts model performance. This
enhancement is particularly notable in segmented RNA viruses, which are involved with
severe zoonoses but have been overlooked due to limited data availability. Our model also
exhibits high predictive performance even with partial viral sequences, such as high-
throughput sequencing reads or contig sequences from de novo sequence assemblies,
indicating the model’s applicability for mining zoonotic viruses from virus metagenomic
data. Furthermore, models trained on data up to 2018 demonstrate robust predictive
capability for most viruses identified post-2018. Nonetheless, high-resolution evaluation
based on phylogenetic analysis reveals general limitations in current machine learning
models: the difficulty in alerting the human infectious risk in specific zoonotic viral lineages,
including SARS-CoV-2.
ConclusionsOur study provides a comprehensive benchmark for viral infectivity prediction
models and highlights unresolved issues in fully exploiting machine learning to prepare for
future zoonotic threats.

Because zoonotic viruses pose a significant threat to human health, mon-
itoring animal viruses with the potential for human infection is crucial1–3.
Despite advances in metagenomic and metatranscriptomic research
revealing vast viral genetic diversity in animals4,5, the evaluation of viral
phenotypes, such as infectivity, transmissibility, pathogenesis, and viru-
lence, requires substantial human efforts due to the lack of high-throughput
methods. Human infectivity, an important phenotypic characteristic rele-
vant to zoonotic viral spillover and subsequent emerging diseases, remains
largely unvalidated for most viruses. To address these challenges, machine
learningmodels for predicting human infectivity using viral genetic features

as inputs have been developed2,3,6–11. These models may help determine
priority viruses for further virological characterization.

Unsupervised feature extraction from viral genetic sequences and their
interpretation are helpful in understanding of themechanisms driving viral
infectivity as well as improvingmodel performance. Large languagemodels
(LLMs), pre-trained on extensive genetic data, have achieved state-of-the-
art performances in various genotype-to-phenotype tasks12. Pre-trained
LLMs are expected to capture context-like rules in nucleotide sequences,
allowing the construction of high-performance models even with limited
labeled data. Furthermore, leveraging LLMs for viral infectivity prediction
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Plain language summary

To prepare for future pandemics caused by
animal-derived viruses, there is a growing
need for computational models that can pre-
dict whether a virus might infect humans. We
constructed extensive datasets covering
information about different viruses, including
key human pathogens. We developed com-
putational models using these datasets,
which outperformed existing approaches
across many virus types. However, we also
revealed that current models share the same
unresolved challenges when assessing whe-
ther specific viruses will infect humans,
including SARS-CoV-2. These findings sug-
gest that current models may fail to identify
animal viruses that can infect humans, which
underscores the urgent need for improved
predictive models to strengthen pandemic
preparedness.

Communications Medicine |           (2025) 5:187 1

12
34

56
78

90
():
,;

12
34

56
78

90
():
,;

http://crossmark.crossref.org/dialog/?doi=10.1038/s43856-025-00903-w&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s43856-025-00903-w&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s43856-025-00903-w&domain=pdf
http://orcid.org/0000-0002-6609-5300
http://orcid.org/0000-0002-6609-5300
http://orcid.org/0000-0002-6609-5300
http://orcid.org/0000-0002-6609-5300
http://orcid.org/0000-0002-6609-5300
http://orcid.org/0000-0002-3820-9542
http://orcid.org/0000-0002-3820-9542
http://orcid.org/0000-0002-3820-9542
http://orcid.org/0000-0002-3820-9542
http://orcid.org/0000-0002-3820-9542
http://orcid.org/0000-0001-9466-1034
http://orcid.org/0000-0001-9466-1034
http://orcid.org/0000-0001-9466-1034
http://orcid.org/0000-0001-9466-1034
http://orcid.org/0000-0001-9466-1034
mailto:jrt13mpmuk@gmail.com
mailto:mhamada@waseda.jp
www.nature.com/commsmed


tasks can potentially uncover previously indiscernible patterns crucial for
predicting viral infectivity. Thus, suchunsupervised feature extraction could
improve model performance and deepen our understanding of molecular
mechanisms underlying viral infectivity.

While existing models have demonstrated high performance, several
gaps remain in the model evaluation scheme2,13,14. First, the absence of
standardized datasets limits the uniform comparison of model perfor-
mances. Second, previous evaluations may have overestimated predictive
performance because the datasetwas occupied by viruses that did notmatch
the purpose of predicting viral infectivity in humans, such as
bacteriophages7,8,11. Third, given the successive emergence of novel zoonotic
viruses, models should preferably be predictive for the infectivity of novel
viruses (i.e., identified after the model construction). Addressing these
challenges inmodeldevelopment is essential for their real-world application
in public health management.

Here, we aim to improve viral infectivity prediction by (i) curating
datasets covering various viral families and (ii) developing models by
leveraging LLMs. Our models outperform existing models for most viral
families. Nonetheless, we also identify the general limitations in current
machine learningmodels: the difficulty in alerting the human infectious risk
in specific zoonotic viral lineages. This study provides a comprehensive
benchmark for viral infectivity prediction models and highlights the
remaining challenges of fully leveraging machine learning in preparedness
for upcoming zoonotic threats.

Methods
Preparing viral sequences and infectivity datasets
Viral sequences andmetadata for the 26 viral families were collected from
the NCBI Virus Database15. Viral infectivity was labeled according to the
host information, fromwhich organism the viral sequences were isolated,
and the human infectivity was not experimentally verified for all viruses.
In addition, viral sequences collected from environmental samples were
excluded from our dataset because the host organisms were ambiguous.
For segmented RNA viruses, which include multiple sequences, we
grouped sequences into viral isolates based on the combination of 22
entries in the metadata (Supplementary Data 1). If a single viral isolate
contained more sequences than the specified number of viral segments
(i.e., Orthomyxoviridae: 8, Rotaviridae: 12, and other segmented RNA
viruses: 3), redundancy was eliminated by randomly sampling a sequence
for each segment. We also checked the Segment column in metadata to
ensure that multiple segment sequences were not assigned to a single
virus, which resulted in the removal of 76 virus isolates and
1270 sequences. For non-segmented viruses, representative sequences
were selected from identical viral sequences with the same infectivity
label. Through these dataset curations, we selected 140,638 sequences
from the 1,336,901 sequences downloaded from the NCBI Virus Data-
base. Eventually, our curation strategy generated ~29 times more viral
data available than that of the Virus-Host Database used predominantly
in previous studies (Supplementary Data 2).

We divided the collected data into a past virus dataset for model
training and a future virus dataset for evaluating model performance for
novel viruses identified after the model construction. Data with a sequence
collection date before December 31, 2017, were classified into the past virus
datasets, while the subsequent data were classified into the future virus
datasets. To validate the applicability of viruses associated with repeated
zoonoses, we collected additional future virus dataset for Orthomyoviridae
and Coronaviridae families from several different resources: (i) Influenza A
viruses classified into four H subtypes (i.e., H1, H3, H5, and H7) from the
NCBI Influenza virus database16, (ii) Influenza A virus classified into H5
subtype from the GISAID database (https://gisaid.org/), and (iii) SARS-
CoV2-related viruses (i.e., sarbecoviruses identified after 2018) with animal
infectivity from previous study17 and those with human infectivity from the
Nextstrain database18 (Supplementary Data 3-4). For the GISAID dataset
prediction, we annotated the position of open reading frame (ORF) by

EMBOSS getorf (version 6.6.0.0)19 and used them as inputs of the zoonotic
rank model.

Constructing predictivemodel for viral infectivity based on LLMs
We constructed predictive models for viral infectivity, namely BERT-
infect, based on the LLMs. We used the (i) DNABERTmodel pre-trained
on human whole genome20 and (ii) ViBE model pre-trained on the viral
genome sequences in the NCBI RefSeq database21. Since pre-trained
models with 4-mer tokenization were available in both the DNABERT
and ViBE models, we fine-tuned these BERT models using the past virus
datasets to construct an infectivity prediction model for each viral family.
Input data were prepared by splitting viral genomes into 250 bp frag-
ments with a 125 bp window size and 4-mer tokenization. The hyper-
parameters used to fine-tune two BERT models are listed in
Supplementary Data 5.

Re-training comparative models
Supplementary Data 6 lists the candidate models that could serve as com-
parisons in this study. Among these, the HostNet8 and VirusBERTHP11

models were not publicly available when we initiated this study, and
retraining on our dataset was not possible. Furthermore, VIDHOP18 was
excluded from the subsequent analysis for the following reasons: (i) the
original study used >100,000 sequences per viral family as training dataset
(i.e., approximately ten-fold of the amount of our dataset), and (ii) the
original VIDHOP model was only built for three viral families, making it
difficult to compare model performance across a diverse range of viral
families.

Eventually, three existing models (humanVirusFinder19, DeePac_vir20,
and zoonotic_rank21) were re-trained with our newly constructed datasets.
The hyperparameters for the DeePac_vir model re-training are listed in
Supplementary Data 7. The humanVirusFinder and zoonotic_rankmodels
were re-trained with the same parameters as in the previous studies. For
humanVirusFinder model, we used the 4-mer frequency as inputs, which
exhibited best performance in previous study. The zoonotic rankmodelwas
re-trained using all genome composition features (i.e., viral genomic fea-
tures, similarity to interferon-stimulated genes, similarity to housekeeping
genes, and similarity to remaining genes) over 1000 iterations, and the top
10% of iterations were used to construct the bagged model.

We used BLASTn22 to evaluate potential dataset predictability
based on the simple hypothesis that a virus showing sequence similarity
to human infectious viruses is predicted to be human infectious.
BLASTn prediction was conducted using the training dataset as a
database and test dataset as a query. The following cases were judged as
unpredictable: (i) there was no hit sequence with an E-value of <1e-4, or
(ii) the aligned length of the top hit sequence did not cover >50% of the
query sequence.

Evaluation of viral infectivity prediction for the past viral genome
Inmodel training and validating using the past virus datasets, stratified five-
fold cross-validation was performed to adjust for the class imbalance of
infectivity and virus genus classifications. The training, evaluation, and test
datasets proportions were set to 60%, 20%, and 20%, respectively. The
predictionprobabilitieswere calculated in differently for each type ofmodel.
The humanVirusFinder and zoonotic_rank models use the viral genome
sequence as input and directly output the predicted results for each
sequence. In contrast, the BERT-infect, DeePac_vir, and VIDHOP models
use 250 bp subsequences as inputs, and the prediction results for genomic
sequences were calculated by averaging the predicted scores for sub-
sequences. The predictive performances were compared using two metrics:
(i) the area under the receiver operating characteristic curve (AUROC) and
(ii) the area under the precision-recall curve (PR-AUC). Down-sampling
was conducted for virus families with PR-AUC< 0.75 in all models when
training with the original past virus dataset (i.e., Rhabdoviridae, Circovir-
idae, Poxviridae, and Hantaviridae).
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Evaluation of model detection ability for human-infecting virus
using high-throughput sequencing data
We evaluated model predictive performance when using high-throughput
sequencing data based on different inputs: (i) 250 bp single-ended high-
throughput sequence reads and (ii) variable-length contig sequences (i.e.,
500 bp, 1000 bp, 3000 bp, and 5000 bp). For the first input, we only com-
pared BERT-infectDNABERT, BERT-infectViBE, and DeePac_vir because the
humanVirusFinder and zoonotic_rankmodels have a recommended input
of >500 bp sequences and viral genomic sequences, respectively. For the
second input, we compared BERT-infectDNABERT, BERT-infectViBE,
humanVirusFinder, and DeePac_vir. The humanVirusFinder model
directly outputted the predicted results for each contig, whereas the pre-
diction results of the other three models were calculated by averaging the
predicted scores for subsequences.We evaluatedmodel performance based
on the AUROC and PR-AUC.

Evaluationofviral infectivityprediction for the futureviralgenome
Model predictive performance for the future viral dataset was evaluated
under the two scenarios. First, the infectivity of novel viruses was deter-
mined based on the threshold representing the highest F1 score in the past
viral datasets, and F1, recall and precision metrics were calculated. Second,
we investigated the enrichment of human-infecting viruses within the top
20% of predicted probabilities.

Phylogenetic analyses
Multiple sequence alignments for each viral family were constructed by
adding sequences to the reference alignment provided by the International
Committee on Taxonomy of Viruses resources23. First, we eliminated
sequence redundancy in our datasets using CD-HIT (version: 4.8.1)24,25

when the number of sequences per label was >200. For nucleotide reference
sequences, our dataset sequences were added into the reference alignment
using mafft (version: 7.508)26 with the options “--add” and “--keeplength”.
For amino acid reference sequences, the protein sequences were extracted
from viral genomic sequences using tBLASTn (version: 2.15.0)22 and were
added into the reference alignment usingmafftwith the options “--add” and
“--keeplength”. Phylogenetic trees were constructed by the maximum
likelihood method using IQ-TREE (version 2.1.4 beta)27. Substitution
models were selected based on the Bayesian information criterion provided
by ModelFinder28. The branch supportive values were measured using
ultrafast bootstrap in UFBoot229 with 1000 replicates. Visualization of the
phylogenetic tree, viral characteristics, and their prediction results were
performed using ggtree package (version 3.6.0)30. The parameters used to
construct the phylogenetic analyses are listed in Supplementary Data 8.

Ethical approval
This studydidnot require approval froman institutional reviewboard (IRB)
because it was based exclusively on publicly available data and did not
involve any identifiable human subjects or personal information.

Results
Constructing comprehensive large-scale datasets for 26 viral
families
We developed models for each viral family by training with pairs of viral
sequences and their host information (Fig. 1A). While the Virus-Host
Database31, a curated source for virus-host relationships, has been mainly
used for training dataset in previous studies29, its dataset composition does
not perfectly align with the purpose of the models: predicting the zoonotic
potential of viruses. For example, this database (version 2019/01/31, used in
ref. 30) included 13,396 viral sequences, but only 77.6%were associatedwith
eukaryotic hosts (SupplementaryData 2), whichmay lead to overestimating
model performanceowing to the presence of easy-to-predict viruses, such as
bacteriophages.

To construct models more suitable for human-infecting viruses, we
collected data from the NCBI Virus database31 for 26 viral families that
include key human-infecting pathogens (details in “Methods”,

Supplementary Data 1 and 3–4). Because the human infectivity of many
viruses has not been directly validated, the infectivity label (i.e., human-
infecting or animal-infecting) for each viral strain was defined based on the
host information from which the viral sequences were collected (see “Dis-
cussion”). Our datasets included viruses associated with 1476 vertebrate
species and 535 arthropod species.

Eventually, our curated datasets offered a substantial increase in
available data, ~29 times more than that of the Virus-Host Database31

(Fig. 1C). Notably, the Virus-Host Database contained <20 human-
infecting viral strains for 15 of the 26 viral families, potentially over-
looking important pathogens during model training and evaluation. By
contrast, our comprehensive datasets encompassed at least 50 human-
infecting viral strains for each viral family in the past virus datasets,
establishing a valuable resource for developing predictive models for
viral infectivity.

Evaluation strategy and comparative models
To assess the predictive capability against new viral sequences identified
after themodel construction,we divided the viral data into twodatasets: (i) a
past virus dataset comprising sequences identified up to the end of 2017 for
model training and (ii) a future virus dataset for evaluating the predictive
capability toward viruses discovered post-2018 (Fig. 1B).

To address the potential shortage of labeled data for viral infectivity, we
utilized LLMs pre-trained on extensive genetic sequences26. We fine-tuned
two pre-trained Bidirectional Encoder Representations from Transformers
(BERT)models usingourdatasets: (i)DNABERTpre-trainedon thehuman
whole genome20 and (ii) ViBEpre-trained on the viral genomes registered in
the NCBI RefSeq Viral Database21 (see “Methods”). Molecular mimicry of
host organisms is known tobe a factor that definehost rangeby contributing
to efficient replication and immune evasion of viruses3,32–34, and therefore,
we hypothesized that the DNABERT model, pre-trained with the human
genome, could extract representative features associated with human
infectivity.

We evaluated model performance through benchmarking with exist-
ing models29. Candidate models were selected based on (i) their use of viral
genome sequences as inputs and (ii) their applicability to several viral
families (Supplementary Data 6).

Performance comparison among models trained with the past
virus datasets
To evaluate our model performance in predicting viral infectivity, we
trained our and existing models using the past virus datasets with five-fold
stratified cross-validation (Fig. 2A, B). BLASTn22 was used to assess the
potential predictability of our datasets based on the simple hypothesis: if a
human-infecting virus was included among the hit sequences, it was pre-
dicted to be human-infecting (see “Methods”).

Our benchmark revealed that BERT-infectDNABERT and BERT-
infectViBE (fine-tuned with the past virus datasets) outperformed
existing models across most viral families (Fig. 2C). Conversely, BERT-
infectDNABERT_scratch and BERT-infectViBE_scratch models (fine-tuned
BERT models without pre-trained weights) failed to predict viral
infectivity even with fine-tuning on the same datasets. The difference in
performance between BERT-infect and previous models was especially
pronounced when training with the relatively small datasets from the
Virus-Host Database (Supplementary Fig. 1). These results underscore
the critical role of LLM pre-training for enhancing model performance,
especially when labeled data is limited.

Remarkably, BERT-infect models demonstrated superior PR-AUC
scores across 18 viral families, with particularly pronounced performance in
the segmented RNA viruses. Despite comprising key pathogens associated
with severe diseases, such as hemorrhagic fever35, these viral families have
been neglected in previous model evaluations owing to data limitations
(Fig. 2C). Thus, our comprehensive datasets represent a valuable resource
for developing predictive models for viral infectivity across a range of
viral families.
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Model applicability for zoonotic virus detection from high-
throughput sequencing data
We evaluated model performance in detecting human-infecting viruses
from high-throughput sequencing data when inputting (i) 250 bp single-
ended high-throughput sequencing reads and (ii) viral contigs with various
lengths, which reflect the real-world scenario where short viral contigs are
oftenobtainedusing sequence assembly36. TheBERT-infect andDeePac_vir
models maintained consistent performance for most viral families,
regardless of input length (Fig. 2D). We attributed the decrease in the
predictive performance of the humanVirusFinder model to the k-mer
compositions in short input sequences, which may not fully represent viral
genome complexity31. These results indicated that only certain models are
suitable for mining human-infecting viruses when inputting partial viral
sequences (i.e., high-throughput sequencing reads or assembled contigs).

Weconsidered the computational resource required formodel training
and prediction (Supplementary Data 9). Deep learning-based models,
including BERT-infect, can effectively process shorter input sequences, but
they require considerable computational power and time. For example,fine-
tuning theBERT-infectDNABERTmodelwith theCoronaviridaedataset takes
12 hourswith fourNVIDIATeslaV100. In contrast, thehumanVirusFinder
and zoonotic rank models offer greater resource efficiency but are chal-
lenging to apply to high-throughput sequencing data. These observations
underline the trade-offs between computational efficiency and model
applicability to various types of inputs.

Model performance in predicting infectivity of newly identified
viruses
To provide early warnings on future pandemics, models should be able to
predict the infectivity of newly discovered viruses. We evaluated the pre-
dictive capability of models trained on the past virus datasets when applied
to the future virus datasets (Fig. 1B). For the family Coronaviridae, severe
acute respiratory syndrome coronavirus 2 (SARS-CoV2)-related viruses

(i.e., sarbecoviruses identified post-2018) were distinguished from other
coronaviruses in the evaluation of model performance (see “Methods”).

Our approach considered two distinct thresholds (Fig. 3A). The first
threshold was set based on the highest F1 scores from the past virus dataset
analysis and served as a definitive criterion for distinguishing human-
infecting viruses.Weobserved comparablemedian F1 scores in fourmodels
(Fig. 3B). In contrast, the DeePac_vir model displayed lower F1 scores,
primarily due to decreased precision scores. However, it should be noted
that the human infectivity of viruses in our dataset has not been experi-
mentally validated, suggesting that some viruses may be mislabeled.
Therefore, it is difficult to determine whether the low precision score is due
to the high number of false positives or the detection of viruses unproven to
be infectious to humans (see “Discussion”, Supplementary Figs. 2–4). For
the second threshold, we explored the enrichment of human-infecting
viruses among those predicted with the higher probabilities, which
attempted to reflect apractical scenariowhereweneed toprioritizehigh-risk
viruses based on their predicted scores.We observed no notable differences
across models; for instance, targeting viruses with the top 20% of predicted
probabilities led to a median detection rate of ~40% for human-infecting
viruses (Fig. 3C). These results demonstrate a high level of model perfor-
mance toward novel viruses identified after the model training.

Systematic identification of difficult-to-predict viral lineages
To identify virus lineages for which human-infection risk is difficult to
predict, we conducted a high-resolution model comparison at the viral
family and genus levels (Supplementary Figs. 5–8).While the F1 scoreswere
>0.75 for most virus families, poor predictive abilities were observed in
almost all models for some viral families: Circoviridae, Coronaviridae,
Flaviviridae, Hepeviridae, Rhabdoviridae, and Hantaviridae. Furthermore,
even when F1 scores were above 0.75 for other viral genera, there were
predictive gaps within particular viral genera: SARS-CoV2-related viruses,
Flavivirus, and Phlebovirus, associated with severe infectious diseases and

Fig. 1 | Training and evaluation of predictivemodels for viral infectivity. ADataset preparation andmodel training (see “Methods”).BData splitting to reflect real-world
data availability. C Number of virus strains in our datasets and those in the Virus-Host Database15, mainly used in previous studies7,8.
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suspected zoonotic origins. Such difficulties were also observed in the ori-
ginal model, although not noted in previous studies32. Notably, half of these
difficult-to-predict viral lineages were listed as high-risk viruses by WHO
pathogens prioritization (Supplementary Fig. 9). Although we checked for
problems in the training dataset for these difficult-to-predict virus lineages,
neither the amount of data were extremely small, nor the proportion of
viruses that infect humans was particularly low (Supplementary Fig. 10),
whichmeans that the reason behind the difficulty of prediction could not be
clarified (see “Discussion”). Our findings highlight critical issues in viral
infectivity prediction models: despite achieving substantial predictive per-
formance overall, the models consistently failed to predict the infectivity of
specific zoonotic viral lineages.

Difficult-to-predict viral lineage frequently changed infectivity
during evolution
To further investigate the challenges in predicting human infectivity of
zoonotic viruses, we mapped the phylogenetic relationships of viruses
alongside their prediction results (Fig. 4A).Here,we focusedonFlaviviridae,
which includes viruses that cause severe infectious diseases in humans, such
as hepatitis Cvirus (genusHepacivirus) andZika virus (genusFlavivirus). In
the genus Hepacivirus, a phylogenetic distinction existed between human-

and animal-infecting viruses, and F1 scores for allmodels were above 0.8 for
both the past and future virus datasets (Fig. 4B). In contrast, model per-
formance dropped for the genus Flavivirus, which was characterized by
frequent shifts in infectivity during its evolution: the F1 scores were ~0.6 for
the future virus dataset. These results suggest the insufficient predictive
capability of current models for viral lineages in which the zoonotic-
infection potential has been acquired repeatedly.

Challenges in detecting human infectious risk of emerging zoo-
notic viral lineages
Our study revealed severe limitations in the ability of models to identify the
risk of human infectivity posed by SARS-CoV2-related viruses (Supple-
mentary Fig. 5). All models trained on the past virus dataset failed to
recognize SARS-CoV2-related viruses as a potential threat despite achieving
high predictive performance for most coronaviruses (Fig. 5A, B). Notably,
although this dataset included various human-infecting SARS-CoV-2 var-
iants from the original outbreak and the currently prevalent Omicron
variants, the human-infecting potential of SARS-CoV2-related viruses
couldnot bedeterminedbasedon thebest F1 score for thepast virusdatasets
(Fig. 5C). These findings highlight a crucial gap in our preparedness for
zoonotic pandemics: even if SARS-CoV2-related viruses had been detected

Fig. 2 | Predictive performance when using the past viral genomes as inputs.
A Dataset division for five-fold stratified cross-validation. The fold datasets were
prepared to maintain similar proportions of infectivity labels and viral genera as the
overall data. B Differences in inputs and outputs of each model (see “Methods”).
C Comparison of precision-recall area under the curve (PR-AUC) scores when
inputting the past viral genomes. Box plots show the median (center line),

interquartile range (box), and data range within 1.5 × interquartile range (IQR;
whiskers). Themedian PR-AUC score is shown on the right side of the plot. Each dot
corresponds to a viral family (n = 26). D Changes in the PR-AUC score of each
model according to the length of input sequences. Each line corresponds to a viral
family (n = 26). The 250 bp input is not available in the humanVirusFinder model,
and its result is not included.
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before the COVID-19 outbreak through genomic surveillance, the current
models would not have flagged them as high-risk (see “Discussion”).

Furthermore, we also revealed that current models did not predict the
human infectivity ofmostH5 influenzaAviruses,whichhave reported>900
human infections so far, with an increase in spillover cases into dairy cattle,
cats, and humans since March 202437–39 (Supplementary Fig. 11). Despite
the high performance of several models, including the BERT-infect models,
on past and future viral datasets, they failed to detect the human infection
risk of H5 influenza A viruses. These findings emphasized an essential area
for model improvement to accurately assess the risk posed by emerging
zoonotic viruses.

Discussion
The rapid elucidation of viral genetic diversity has increased the demand for
high-throughput approaches for assessing thepotential human infectivity of
viruses, such as machine learningmodels using viral genetic information as
inputs3,34,35. In this study, to overcome the limitations of insufficient labeled
data in constructing viral infectivity predictionmodels, we constructed new
datasets across 26 viral families and developed innovative models utilizing
pre-trained LLMs for context-like rules within genetic sequences (Fig. 1).
Our models exhibited high predictive performance for the past and future
virus datasets across most viral families (Figs. 2, 3). Particularly noteworthy
was the improved performance of our models on segmented RNA viruses,

which have been neglected in viral infectivity prediction owing to limited
data. These results represent amajor advance in ourpreparedness to combat
the future threats of zoonotic viruses.

While models trained on the past virus datasets demonstrated high
predictive capabilities for most viruses that identified after model con-
struction, our high-resolution evaluation based on phylogenetic analysis
revealed significant limitations in current models for assessing the risk
associated with specific zoonotic viral lineages (Figs. 4, 5, Supplementary
Figs. 5–8). Such limitations were observed even in models previously
reported to have high predictive performance, indicating an essential area
for future development that has not been addressed before. Crucially, no
model has accurately identified the human infection risk posed by SARS-
CoV2-related viruses, and previous studies have also only weakly warned of
the risks associated with these viruses. Therefore, even with enhanced viral
surveillance in animal populations, current models may fail to detect
emerging high-risk zoonotic viruses. Our insights emphasize the need for
advancements in predictive models to prepare against future zoonotic viral
diseases.

Apotential limitation indevelopingmodels topredict viral infectivity is
the gap between the predictive purpose and the training datasets, where the
labels may not accurately reflect the actual viral infectivity. Typically, most
models are trainedusing infectivity labels definedbasedonhost information
fromwhichorganism the viral sequenceswere identified (Fig. 1A).This is an

Fig. 3 |Model capabilities for predicting infectivity of future viruses. AEvaluation
ofmodel predictive performance for the future viral infectivity using two thresholds.
BModel comparison when using the criteria representing the highest F1 scores in
the past virus dataset. C The enrichment of human-infecting viruses in the top 20%
of predicted probabilities. The y-axis shows the percentage of human-infecting

viruses detected for each viral family in the top 20% of probabilities. Box plots show
the median (center line), interquartile range (box), and data range within 1.5×IQR
(whiskers). Each dot corresponds to a viral family (n = 26). The median score is
shown above the plot.
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alternative approach due to the limited availability of comprehensive
datasets on viral infectivity in humans35. Thus, it should be noted that a
certain number of human-infecting viruses may be labeled as animal ones.
Given such limitations, this study focused on model sensitivity: detecting
human infection risk, and animal-derived viruses predicted to be human-
infectious by multiple models should be prioritized for risk assessment in
future research (Supplementary Fig. 4). Furthermore, the multi-labeling
method, which explicitly indicates viruses that infect both animals and
humans, may improve predictive performance for zoonotic viruses. On the
other hand, an important hyperparameter for the multi-labeling method
has not been investigated: the taxonomic hierarchy to assign labels. Future
work will need to include preliminary investigations into the degree of
sequence variation that leads to infectivity changes to identify the appro-
priate taxonomic hierarchy for multi-labeling.

In this study, we constructed new datasets across 26 viral families,
comprising ~29-times more data available than previously used36 (Fig. 1C);
however, further dataset curation is necessary to enhance the model per-
formance of zoonotic viral infectivity prediction. The exclusive inclusion of
easy-to-predict viruses could hinder learning for zoonotic viruses derived
from rare spillover events36. Our evaluation showed high predictive cap-
abilities formost viral families in the future virus datasets, likely owing to the
presence of viruses having high sequence similarity and the same infectivity
as the past viruses (Supplementary Fig. S2). Thus, further dataset curation
focusing on viral lineages associated with zoonoses could enhance model
performance. However, it should also be noted that removing redundancy
involves a trade-off with the scarcity of data, because a limited number of
human infectious viruses have been experimentally validated.

Furthermore, another limitation in our dataset curation is that the data
labeling method cannot distinguish between infectivity (i.e., capability for

animal-human infection) and transmissibility (i.e., ability to expand
human-human infections). In this study, we also conducted large-scale
predictions on the infectivity of zoonotic H5 influenza A viruses, showing
that current models did not predict almost all their infectivity (Supple-
mentary Fig. 11). On the other hand, it is currently difficult to determine
whether these results reflect that recent spillover events by the H5 influenza
A viruses have not led to human-to-human transmission or due to the
inadequate predictive performance of the current models. Further model
developments tohierarchically predict infectivity and transmissibilitywould
be necessary for accurately assessing the risk of zoonotic spillover and
subsequent pandemic potential.

We identified difficult-to-predict viral lineages, but we found no pro-
blems with these viral genera in the training datasets; the reason behind this
difficulty of prediction thus remains unclear (SupplementaryFig. 10). Itmay
be that frequent changes in virus infectivity during Flavivirus evolution
might have hindered model training (Fig. 4); however, the association
between prediction difficulty and changes in infectivity should be further
assessed throughvirus-host evolutionary analysis.Anotherpossibility is that
capturing infectivity changes due to a small number of genomic variations
might be challenging for models using nucleotide sequences as the input.
Indeed, our evaluation revealed that current models fail to recognize the
human infectivity threat posed by SARS-CoV2-related viruses (Fig. 5),
whose infectivity has been reported to be changed by limited mutations,
mainly in the spike protein40,41. Utilizing protein language models, known
for extracting feature vectors that reflect the structural and functional
properties of proteins40, could enhancemodel performance by detecting key
changes at the amino acid level relevant to viral infectivity42.

Knowledge-based models integrating multiple features related to
molecular mechanisms underlying viral infectivity represent another

Fig. 4 | Predictive viral infectivity for Flaviviridae. A Association between viral
phylogenetic relationships and predicted results (n = 2215). The upper panel shows
the phylogenetic tree, and the heatmaps in themiddle panel show each viral property
(i.e., viral genus, host label, and dataset). The lower panel shows the predictive

probabilities generated by the five models. B Comparison of the F1 scores among
viral genera. The black and pale green bars correspond to the past and future viral
datasets.
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promising approach43. Recent studies highlighted the importance of various
types of virus-host interactions, beyond the entry pathway, in determining
viral infectivity3,32,44. Interestingly, our BERT-infect models displayed
comparable predictive performance, although the DNABERT and ViBE
models were pre-trained on the human and viral genomes, respectively

(Figs. 2, 3, Supplementary Figs. 5–8). These results suggest that two BERT-
infect models may capture different contextual features involved in viral
infectivity and yield new insights into viral infection mechanisms. Thus, a
dual strategy of (i) model refinement for unsupervised feature extraction
and (ii) deepened understanding of infection mechanisms through model

Fig. 5 | Predictive viral infectivity for Coronaviridae. A Association between viral
phylogenetic relationships and predicted results (n = 3102). The upper panel shows
the phylogenetic tree, and the heatmaps in themiddle panel show each viral property
(i.e., viral genus, host label, and dataset). The lower panel shows the predictive

probabilities generated by five models. B Comparison of the F1 scores among viral
genera. C Ranking of predictive probabilities in the past virus dataset (upper,
n = 2683), future virus dataset (middle, n = 439), and SARS-CoV2-related viruses
(bottom, n = 205).
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interpretation would contribute to developing knowledge-basedmodels for
accurately assessing the human infection risk of viruses.

In conclusion, this study presents the BERT-infect model leveraging
LLMs, along with a framework for evaluating model performance in pre-
dicting viral infectivity. Although ourmodels demonstrated high predictive
performance for various viral families, we found unresolved challenges in
accurately predicting certain zoonotic viral lineages across the current
models. These findings emphasized an essential area for model improve-
ment to accurately assess the risk posed by emerging zoonotic viruses. On
the other hand, needless to say, relying on a machine learning model is not
realistic to prepare for future zoonotic viral pandemics, and we believe that
enhanced virus surveillance in animals and collaboration with virological
experiments are still extremely important. The zoonotic risk surveillance
should be enhanced through such a research ecosystem.

Data availability
Thedatasets for 26viral families andBERT-infectmodels are available in the
Zenodo Repository45–48. Metadata for viral sequences (e.g., taxonomic
classification and host label) is also provided in Supplementary
Data 1 and 3-4. The source data for Figs. 1–5 is in Supplementary Data 10.

Code availability
The relevant codes are available at https://github.com/Junna-Kawasaki/
BERT-infect_2024.
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