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One Health, One Genome: A Critical Appraisal of Artificial Intelligence–Enabled Genomics for Global Infectious Disease Surveillance
Abstract
Pathogen genomics has become a routine instrument of infectious disease surveillance, and machine learning is increasingly proposed as the means by which sequence data generated across human, animal and environmental sectors can be converted into anticipatory public health intelligence. The premise that a single integrated genomic evidence base can serve all three sectors, and that artificial intelligence can extract predictive signal from it, has attracted substantial investment, yet the supporting evidence remains uneven and has not been appraised critically as a whole. This review evaluates the strength, consistency and limitations of the literature on artificial intelligence–enabled genomics for One Health infectious disease surveillance, covering lineage assignment and phylogenetic automation, sequence-based fitness and antigenic escape prediction, protein and genome language models, cross-species host and spillover inference, genotype-to-phenotype prediction of antimicrobial resistance, and wastewater and environmental metagenomics. Literature was identified through Europe PMC, Crossref and the Directory of Open Access Journals, supplemented by institutional sources, with all bibliographic records and digital object identifiers verified against registration metadata. The evidence is strongest where algorithms perform structured classification against well-curated reference data, notably clade and lineage assignment and resistance determinant detection in taxa with dense phenotype-linked genome collections. Confidence weakens progressively for retrospective fitness inference, and is weakest for prospective cross-species risk prediction, where reported discrimination is difficult to separate from sampling bias in the underlying host–virus association records. Independent reanalyses indicate that apparent predictive skill often reflects research effort and taxonomic structure rather than transferable biological signal. Recurrent methodological problems include data leakage across phylogenetically related sequences, absent external validation, severe geographical concentration of both genomes and metadata, and an almost complete lack of evaluation against public health decision outcomes rather than classification metrics. Progress depends less on model architecture than on representative sampling across sectors, interoperable contextual metadata, prospective evaluation designs, and governance arrangements that address equity and dual-use risk simultaneously.
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1. Introduction
Sequencing has moved from a specialist research activity to an operational component of infectious disease control. Portable sequencing during the West African Ebola virus disease epidemic demonstrated that genomes could be produced in the field and returned to responders within a working timeframe (Quick et al., 2016), and the subsequent decade normalised the expectation that outbreak investigation includes genomic characterisation (Grubaugh et al., 2019). The coronavirus disease 2019 pandemic accelerated this transition to an extent that had no precedent, generating tens of millions of viral genomes and an accompanying infrastructure of nomenclature systems, phylogenetic pipelines and public dashboards (Hadfield et al., 2018; Rambaut et al., 2020). The World Health Organization subsequently set the objective that every Member State should have, or have access to, timely genomic sequencing for pathogens with pandemic and epidemic potential (World Health Organization, 2022).
Two developments have converged on that infrastructure. The first is the formal consolidation of One Health as an organising framework for health governance. The One Health High-Level Expert Panel defined the approach as an integrated and unifying effort to balance and optimise the health of people, animals and ecosystems, recognising that these are closely linked and interdependent (One Health High-Level Expert Panel, 2022), and the Quadripartite organisations translated that definition into a coordinated programme of action across sectors (FAO et al., 2022). Applied to genomics, the framework implies that sequences derived from patients, livestock, wildlife, food and environmental matrices should be treated as observations of a single interconnected microbial system rather than as sector-specific datasets. Empirical work supports the biological premise. Genomic analysis of Acinetobacter baumannii across human, animal and environmental sources has identified lineages that traverse sectoral boundaries (Aguilar-Vera et al., 2026), and comparable analyses of Salmonella Enteritidis have shown niche-specific lineage replacement that would be invisible to sampling confined to a single host (Zhou et al., 2026). Recent multisource genomic analyses further show that cross-sector inference depends not only on assembling sequences from different compartments but also on using analytical definitions of relatedness that are appropriate to heterogeneous One Health datasets (Watt et al., 2025). Intersectoral comparison of foodborne-pathogen whole-genome sequencing pipelines likewise indicates that comparable analytical outputs are important for consistent interpretation across laboratories and sectors (Mixão et al., 2025).
The second development is the maturation of machine learning applied to biological sequence. Protein structure prediction reached experimentally useful accuracy (Jumper et al., 2021), language models trained on unlabelled protein sequence at scale learned representations that transfer to structural and functional tasks (Lin et al., 2023), and generative models extended the same architecture from molecules to genome scale (Nguyen et al., 2024). Within virology, sequence models have been used to score antigenic escape (Hie et al., 2021), to estimate lineage fitness from very large genome collections (Obermeyer et al., 2022), and to forecast escape mutations using pre-pandemic evolutionary data alone (Thadani et al., 2023). Reviews now describe this convergence as an inflection point for pathogen surveillance (Kraemer et al., 2025; Lytras et al., 2025). At the workflow level, recent bioinformatics work also reinforces the need for explicit quality assessment and reproducible processing before genomic outputs are used to support surveillance conclusions (Leoni et al., 2025).
The combination has produced a persuasive narrative. If genomic data are collected across sectors, and if models can infer host range, transmissibility, immune escape or resistance phenotype directly from sequence, then surveillance could shift from retrospective description to anticipatory risk assessment. Commentary in the infectious disease literature has framed spillover prediction as the natural application of this convergence while also questioning whether current data can support it (Koopmans et al., 2026). The narrative nonetheless outruns the evidence in several respects. Reported model performance is frequently obtained under evaluation designs that permit information to leak between training and test partitions, a problem documented across machine learning–based science more generally (Kapoor & Narayanan, 2023) and specifically identified in models that assign zoonotic risk to viral genomes (Kawasaki et al., 2025). Independent analysis of pathogen host jumps has found that risk is poorly predicted by the quantities such models typically use (Simony & Kennedy, 2026). The genomic evidence base itself is unevenly distributed, with sequencing and turnaround capacity concentrated in high-income settings (Brito et al., 2022) and with persistent gaps in Asia (Getchell et al., 2024; Stona et al., 2026) and in resistance surveillance globally (Aanensen et al., 2026).
Existing reviews address components of this landscape but not the whole. Syntheses of artificial intelligence in epidemic modelling concentrate on transmission dynamics and forecasting rather than genome interpretation (Kraemer et al., 2025). Reviews of pathogen genomic surveillance and machine learning are largely oriented to human virology (Lytras et al., 2025), while One Health genomics reviews emphasise sector integration and capacity without appraising algorithmic evidence (Derar et al., 2026). Wastewater genomics has been reviewed as a technical field (Munteanu et al., 2026) and as a methodological problem for resistance monitoring (Hughes et al., 2026), and machine learning for resistance prediction has been reviewed largely within clinical microbiology (Peiffer-Smadja et al., 2020). No current review evaluates, in an integrated and critical manner, whether algorithmic methods applied to cross-sectoral genomic data deliver the anticipatory capability attributed to them, and where the supporting evidence is strong, contested or absent. A recent One Health review of viral emergence similarly emphasizes integrated surveillance across human, animal and environmental domains as part of preparedness, while recognising persistent implementation constraints (Sikkema & Koopmans, 2026).
1.1 Scope, Research Gap and Objectives
This review examines the intersection of three domains: pathogen genomics generated across human, animal and environmental sectors; machine learning and related computational methods applied to that genomic data; and the use of the resulting outputs for infectious disease surveillance at national and global scales. The unit of analysis is the analytical claim rather than the individual pathogen, so evidence is organised around what algorithms are asserted to infer from sequence and how securely those assertions are supported.
The knowledge gap addressed is the absence of an integrated critical appraisal that connects algorithmic performance claims to the sampling, metadata and governance conditions under which cross-sectoral genomic surveillance actually operates. Performance claims and infrastructure critiques have developed in separate literatures, with the consequence that reported accuracy is seldom interpreted in the light of the representativeness of the data that produced it, and that infrastructure analyses seldom specify which analytical tasks are jeopardised by which data deficiencies.
The intended contribution is an evidence-calibrated account that separates well-supported operational capability from preliminary or speculative claims, and that attributes disagreements in the literature to identifiable methodological causes rather than treating them as unresolved differences of opinion.
Several areas fall outside the scope. Human host genomics, including susceptibility loci and pharmacogenomics, is excluded because the surveillance question concerns pathogen rather than host variation. Syndromic and clinical prediction models that do not use genomic input are excluded. Plant pathogen surveillance is acknowledged within the One Health framing but not appraised, since its evidence base and institutional arrangements differ substantially. Diagnostic assay development is considered only where it bears directly on surveillance data generation. Vector genomics and insecticide resistance are noted where relevant to cross-sector inference but are not reviewed systematically.
The objectives are fivefold. The first is to characterise the principal families of computational method applied to pathogen genomes in surveillance contexts and to specify the analytical task each addresses. The second is to appraise the strength and consistency of evidence supporting each family, distinguishing tasks validated against independent external data from those evaluated only internally. The third is to examine the cross-species inference problem in detail, since prospective risk prediction represents the strongest claim made for this field and attracts the most substantive methodological objections. The fourth is to assess whether data infrastructure, metadata standards and capacity distribution can support the inferences being attempted. The fifth is to identify defensible research priorities and to distinguish those that require methodological innovation from those that require investment in sampling and data governance.
2. Methods for Literature Selection
2.1 Review Design and Rationale
A critical narrative review was selected because the research question concerns the coherence and credibility of a body of claims spanning several methodological traditions, rather than the effect of a defined intervention on a defined outcome. The literature comprises method development papers, benchmarking studies, observational genomic epidemiology, implementation reports and policy analyses, with outcome measures ranging from area under the receiver operating characteristic curve to sequencing turnaround time. Heterogeneity of that magnitude precludes quantitative pooling, and a systematic review protocol constructed around a single comparator would exclude precisely the cross-domain comparisons that the question requires. Narrative synthesis nonetheless carries recognised risks of selective citation and interpretive bias, and the review was conducted with attention to the criteria set out for the quality assessment of narrative review articles, including explicit justification of importance, statement of aims, description of literature search, referencing of evidence, appropriate presentation of the strength of evidence, and presentation of data (Baethge et al., 2019). Adoption of a narrative design was treated as a reason for greater transparency about search conduct and appraisal, not as an exemption from it.
2.2 Information Sources
Three scholarly indexes were searched directly: Europe PMC, which provides coverage of biomedical, veterinary and environmental health literature including PubMed-indexed records; Crossref, which was used both for topic searching and for verification of registered bibliographic metadata; and the Directory of Open Access Journals, which was used to identify open-access material in public health and One Health journals that might be under-represented in the other indexes. Institutional sources were searched separately for policy and strategy documents, specifically the websites of the World Health Organization and the Food and Agriculture Organization of the United Nations, the latter providing access to the Quadripartite plan of action. Subscription-restricted databases, including Web of Science, Scopus, Embase and CAB Abstracts, were not accessible during the preparation of this review, and no search of those resources is claimed. Reference lists of recent reviews and consensus statements retrieved through the searches above were examined to identify further candidate sources, and each candidate identified in this way was located and verified independently in Europe PMC or Crossref before use.
2.3 Search Strategy and Search Period
Search concepts were constructed around four axes: the sectoral framing, the genomic data type, the computational method, and the surveillance application. Representative Boolean strings combined controlled and free-text terms, for example (TITLE:"One Health") AND (TITLE:"genomic" OR TITLE:"genomics" OR TITLE:"sequencing"); (TITLE:"genomic surveillance") AND (TITLE:"artificial intelligence" OR TITLE:"machine learning" OR TITLE:"deep learning"); (TITLE:"antimicrobial resistance") AND (TITLE:"prediction" OR TITLE:"predicting") AND (TITLE:"whole genome sequencing" OR TITLE:"genomes" OR TITLE:"machine learning"); (TITLE:"spillover") AND (TITLE:"prediction" OR TITLE:"machine learning" OR TITLE:"risk"); (TITLE:"wastewater") AND (TITLE:"genomic surveillance" OR TITLE:"metagenomic"); and (TITLE:"host prediction") OR (TITLE:"reservoir" AND TITLE:"predict\*" AND TITLE:"viral"). Field-specific syntax was adapted for each index, and title-restricted queries were relaxed to abstract-level searching where yield was low. Named-entity searches were used to locate specific methodological and infrastructural landmarks identified through citation trails.
The search period opened in 2016, the year in which real-time portable sequencing was first demonstrated in an epidemic response setting and the point from which operational genomic surveillance can meaningfully be dated (Quick et al., 2016). Foundational publications preceding that year were retained where necessary to explain conceptual origins. The final search date was 13 June 2026.
2.4 Eligibility Criteria
Publications were eligible if they reported original research, methodological development, benchmarking, systematic evaluation, critical commentary or institutional analysis relevant to the generation, computational analysis or surveillance application of pathogen genomic data. Eligible study designs included method development with quantitative evaluation, retrospective genomic epidemiology, comparative benchmarking, capacity assessment, implementation evaluation and authoritative policy analysis. Eligible sources spanned human, veterinary, food, agricultural and environmental sectors.
Publications were excluded if they addressed host rather than pathogen genomics, if they applied machine learning to clinical or epidemiological data without genomic input, if they concerned plant pathogens exclusively, or if they reported laboratory method development without a stated surveillance application. Preprints, conference abstracts, patents, trade material and non-peer-reviewed commentary were excluded, and no preprint is cited. Sources whose bibliographic identity could not be confirmed against registration metadata were excluded regardless of apparent relevance. No language restriction was applied at the search stage, although all sources ultimately retained are published in English, which is acknowledged as a limitation.
2.5 Screening, Duplicate Handling and Study Selection
Records retrieved from each index were screened at title level for topical relevance, and retained records were assessed at abstract level against the eligibility criteria. Duplicates were identified primarily by digital object identifier, and secondarily by normalised title and first-author surname where an identifier was absent. A specific duplication pattern required deliberate handling: preprint versions and their subsequent peer-reviewed publications frequently appear as separate records with distinct identifiers. In every such case the peer-reviewed version was retained and the preprint record discarded. Where an index returned a correction, addendum or author correction alongside a primary article, the primary article was retained and the correction was inspected to confirm that no substantive finding relied upon had been altered.
Full-text or publisher-record verification was undertaken for every source retained. Records were not carried forward on the basis of index snippets alone. No numerical screening counts are reported, because the search was iterative and concept-driven rather than executed as a single enumerable protocol, and reporting counts derived from such a process would misrepresent it as systematic. No flow diagram is presented for the same reason.
2.6 Critical Appraisal and Evidence Synthesis
No formal risk-of-bias instrument was applied, since no recognised tool covers the range of designs represented and the information required to score most included studies against such a tool was not available. Appraisal instead proceeded against criteria selected for their relevance to the specific inferential claim under evaluation. For computational method papers these were the adequacy of the evaluation design, in particular whether training and test partitions were separated phylogenetically or geographically rather than at random; the presence or absence of external validation on data not used in development; the appropriateness of the performance metric to the prevalence of the target class; the availability of code and data; and the extent to which reported gains were attributable to the model rather than to the reference database. For genomic epidemiological studies these were the representativeness of sampling across sectors, the completeness of contextual metadata, the treatment of ascertainment bias, and the strength of evidence supporting directional transmission claims. For implementation and capacity studies these were the transparency of the assessment instrument, the independence of the assessors, and the comparability of measures across jurisdictions.
Evidence was synthesised thematically around analytical tasks and their evidential status. Where studies disagreed, the synthesis sought a mechanistic explanation for the disagreement in differences of data, evaluation design or target definition before treating the disagreement as substantive. Convergent findings from independent groups using different data sources were weighted more heavily than repeated findings from a single research programme, and negative or corrective results were sought explicitly rather than being allowed to enter the synthesis only where they happened to be cited by positive reports.
3. The Conceptual Architecture of One Health Genomic Surveillance
3.1 From sector-specific sequencing to integrated genomic intelligence
Genomic surveillance developed independently in several sectors, each with its own institutional logic. Clinical and public health microbiology adopted sequencing for outbreak investigation and variant tracking. Veterinary and food safety systems adopted it for source attribution and trade assurance. Environmental microbiology adopted metagenomics for community-level description of resistance and pathogen occurrence. These trajectories produced different sampling frames, different metadata conventions and different reference databases, and the resulting datasets are not natively comparable even when they concern the same organism.
The One Health framing asserts that this separation is analytically costly. The strongest support for that assertion comes from studies in which cross-sector sampling reveals structure that single-sector sampling would misrepresent. Multi-host genomic epidemiology of A. baumannii identified lineages distributed across human, animal and environmental sources, indicating that the clinical population is not closed (Aguilar-Vera et al., 2026). One Health genomics of Salmonella Enteritidis demonstrated niche-specific lineage replacement, a dynamic that requires observations from more than one reservoir to detect (Zhou et al., 2026). Metagenomic surveillance in a veterinary referral centre identified resistance determinants and their genomic contexts in a setting that human-focused surveillance does not sample (Elton et al., 2025), and hybridisation capture applied to bovine respiratory disease improved detection of both pathogens and resistance genes in an agricultural reservoir of direct relevance to human medicine (Russell et al., 2025). National programmes have begun to formalise the integration, with a coordinated United Kingdom initiative linking human, animal, plant, aquatic and environmental sequencing capability under shared governance (Gupta et al., 2025).
The emergence of highly pathogenic avian influenza A(H5N1) in United States dairy cattle provides the clearest recent demonstration of why sectoral separation is inadequate. Genomic reconstruction established a single introduction from wild birds followed by interstate spread through cattle movement, with onward transmission to other mammals and to humans (Nguyen et al., 2025). The epidemiological signal was interpretable only because avian, bovine and human sequences could be analysed within one phylogenetic framework. The same event also illustrates the limits of integration in practice, since detection depended on the animal health sector generating and sharing sequence at a tempo that agricultural surveillance systems are not generally configured to sustain.
3.2 What the concept of a single genome can and cannot support
The phrase that gives this review its title functions as a conceptual claim, and it is worth stating precisely what it can support. It is defensible as a statement about biological continuity: mobile genetic elements, resistance determinants and viral lineages move between sectors, so the microbial gene pool is genuinely shared. It is also defensible as a statement about data architecture: analytical value increases when sequences from different sectors are placed in a common reference framework with harmonised metadata. It is not defensible as a claim that a single dataset can answer all sectoral questions, nor that observations from one sector can substitute for sampling in another.
The distinction matters because several methodological claims in this field depend implicitly on the stronger reading. Models that infer human infection risk from viral genome composition assume that the training data represent the diversity of viruses circulating in animal reservoirs, when in fact those data reflect where virological effort has been concentrated. Resistance models trained predominantly on clinical isolates are applied to environmental metagenomes in which the genomic context, host background and selective regime differ. Where the stronger reading is adopted implicitly, apparent generalisation is more likely to reflect shared sampling artefacts than shared biology.
Terminology also requires discipline. Genomic surveillance, genomic epidemiology, pathogen genomics and genomic intelligence are frequently used interchangeably despite denoting different activities with different evidentiary requirements. Similarly, artificial intelligence is used to cover supervised classifiers trained on curated reference data, unsupervised representation learning, phylogenetic inference automated by rule-based software, and generative sequence models, which differ substantially in their assumptions and failure modes. Table 1 sets out the distinctions used throughout this review, since imprecision at this level propagates into overstated claims about what has been demonstrated. The distinctions are consequential rather than semantic. Automated clade assignment is a classification task against a curated reference and its errors are auditable against that reference; prospective spillover risk estimation is an extrapolation beyond the observed data and its errors are, in the absence of prospective validation, essentially unmeasurable. Treating both as instances of artificial intelligence applied to genomic surveillance obscures a difference in evidentiary status of several orders of magnitude.
Table 1. Conceptual and methodological distinctions used in this review, with the analytical task and evidentiary requirement associated with each
	Term as used here
	Analytical task
	Principal data requirement
	What adequate evidence would look like
	Supporting references

	Pathogen genomics
	Generation and characterisation of pathogen sequence
	Isolate or matrix sampling; adequate sequencing depth
	Demonstrated sequence quality and reproducibility across laboratories
	Quick et al. (2016); Wagner et al. (2023)

	Genomic epidemiology
	Inference of transmission and evolutionary history from sequence plus epidemiological data
	Linked sequence and contextual metadata
	Concordance of genomic inference with independent epidemiological evidence
	Grubaugh et al. (2019); Nguyen et al. (2025)

	Genomic surveillance
	Continuous, systematic sequence-based monitoring for public health action
	Sustained representative sampling; defined reporting pathway
	Documented timeliness and demonstrable influence on decisions
	World Health Organization (2022); Nghiem et al. (2025)

	One Health genomic surveillance
	Integrated monitoring across human, animal, food and environmental sectors
	Cross-sector sampling under shared metadata standards
	Detection of cross-sector transmission not visible to single-sector sampling
	Aguilar-Vera et al. (2026); Gupta et al. (2025); Zhou et al. (2026)

	Rule-based genomic classification
	Assignment of sequences to defined lineages or clades
	Curated, versioned reference dataset
	Concordance with expert curation; auditable versioning
	Aksamentov et al. (2021); Rambaut et al. (2020)

	Supervised machine learning
	Prediction of a labelled outcome from sequence-derived features
	Labelled training data representative of deployment conditions
	External validation on data withheld by phylogeny or geography
	Jia et al. (2026); Mediouni et al. (2025)

	Representation learning with sequence language models
	Learning of transferable sequence embeddings without task labels
	Large unlabelled sequence corpora
	Transfer to downstream tasks with independent benchmarks
	Hie et al. (2021); Lin et al. (2023); Nguyen et al. (2024)

	Prospective risk prediction
	Estimation of future host jump, escape or emergence
	Unbiased sampling of the candidate space
	Prospective evaluation against subsequently observed events
	Kawasaki et al. (2025); Simony & Kennedy (2026)



Note. Terms are defined for internal consistency in this review and are not proposed as universal definitions. The final column lists sources that illustrate the task or the evidentiary standard described.
4. Algorithmic Approaches to Pathogen Genome Interpretation
4.1 Lineage assignment, phylogenetic placement and automated nomenclature
The most widely deployed computational tools in genomic surveillance are not statistical learners in the conventional sense. Real-time phylogenetic pipelines assemble, align, place and visualise sequences within a maintained evolutionary framework (Hadfield et al., 2018), and dynamic nomenclature systems assign lineage labels according to defined phylogenetic criteria (Rambaut et al., 2020). Clade assignment tools apply reference-based algorithms to place new sequences and to flag quality problems (Aksamentov et al., 2021). Their extension to non-human pathogens has been direct: reference datasets for avian influenza A(H5) permit rapid and accurate clade assignment across avian and mammalian sequences (Ort et al., 2025), which is the technical precondition for the cross-sector analysis that characterised the dairy cattle incursion.
The evidence supporting this class of method is comparatively strong, for reasons worth making explicit. The task is classification against an explicitly curated reference, so errors are detectable by comparison with expert curation. Reference datasets are versioned, which makes results reproducible over time. The methods have been applied at very large scale in operational settings and their failure modes, principally poor performance on low-coverage or recombinant sequences, are documented rather than latent. Confidence in this capability is therefore high, but it should be recognised for what it is. These systems standardise and accelerate description; they do not predict.
A second class of operationally proven method concerns the speed at which high-resolution typing can be delivered. Real-time nanopore sequencing with improved base-calling accuracy has been shown to support core genome multilocus sequence typing at a quality sufficient for outbreak investigation, substantially compressing time to result (Wagner et al., 2023), and continental-scale genomic surveillance of Plasmodium falciparum has been implemented using nanopore platforms across sub-Saharan Africa (Mwenda et al., 2026). These developments matter for the One Health argument because they lower the capital and logistical barriers that have historically confined sequencing to reference laboratories in well-resourced settings, and because they make sequencing feasible at the veterinary and environmental sampling points where cross-sector signal originates.
4.2 Sequence-based fitness and antigenic escape prediction
A more ambitious set of methods attempts to estimate the phenotypic consequences of mutation directly from sequence. Three approaches dominate. The first treats viral protein sequence as a language and uses the properties of a trained language model to identify mutations that are both grammatically plausible and semantically divergent, an approach that recovered known escape mutations in influenza haemagglutinin, human immunodeficiency virus envelope and severe acute respiratory syndrome coronavirus 2 spike (Hie et al., 2021). The second combines evolutionary modelling with structural and epidemiological covariates to prioritise mutations likely to feature in future variants of concern, a framework applied before the emergence of several such variants (Maher et al., 2022). The third estimates relative lineage fitness statistically from very large genome collections, using hierarchical Bayesian regression over millions of sequences to attribute growth advantage to specific substitutions (Obermeyer et al., 2022). A related approach demonstrated that models trained only on pre-pandemic evolutionary and structural data could rank escape-associated mutations without recourse to pandemic-era experimental measurements (Thadani et al., 2023).
Evaluation of these methods is more difficult than evaluation of classification tasks, and the difficulty is systematic rather than incidental. Most reported validations are retrospective, in the sense that the method is applied to historical data and shown to recover mutations that subsequently became prominent. Retrospective recovery is informative but weaker than prospective demonstration, because the analyst knows which mutations mattered and because the composition of the training corpus is itself a product of the epidemic being reconstructed. Statistical fitness estimation is additionally sensitive to sampling intensity, since apparent growth advantage is confounded with differential sequencing effort across jurisdictions and time periods, and the geographical unevenness documented for coronavirus disease 2019 sequencing is substantial (Brito et al., 2022). The pre-pandemic training design provides the strongest evidence in this group precisely because it removes one source of circularity, and its result should be read as demonstrating that useful escape signal exists in evolutionary data rather than as establishing that operational forecasting is currently achievable.
The application of language-model methods to routine surveillance has been explored, with sequence models and machine learning used to characterise circulating variants (Nagpal et al., 2022). Such applications remain largely demonstrative. Evidence that they change what surveillance systems detect, or when they detect it, relative to established phylogenetic monitoring is not available.
4.3 Protein and genome language models as general-purpose priors
The underlying representation learning has advanced considerably. Structure prediction at experimentally useful accuracy transformed the interpretation of variants of unknown significance (Jumper et al., 2021), and language models trained on protein sequence at scale produced embeddings that support structure prediction directly and transfer to a range of downstream tasks (Lin et al., 2023). Extension from protein to genome scale has produced models capable of prediction and generation across molecular and genomic contexts (Nguyen et al., 2024). For surveillance, the relevant question is whether such general-purpose representations improve inference on tasks that matter operationally.
The evidence here is genuinely mixed and should not be presented as settled. Embeddings from protein language models have been evaluated for viral clade assignment, a task for which curated rule-based methods already perform well, and the comparison illustrates a general pattern in which learned representations match rather than exceed established approaches on well-specified problems. In host prediction the position is different, since curated rules do not exist and learned representations offer a genuine alternative. Sequence-based prediction of viruses capable of infecting humans has been developed with attention to dataset construction, and the accompanying framework makes explicit that the composition of the training set is the dominant determinant of apparent performance (Carbajo et al., 2026). Evaluation of machine learning approaches for host prediction using influenza H3 genomic data similarly found performance to depend heavily on how the data were partitioned and on which host categories were included (Tran et al., 2025).
A reasonable interpretation is that general-purpose sequence models supply useful priors where labelled data are scarce and evolutionary signal is strong, and supply little advantage where curated references already encode the relevant knowledge. The frequent framing of these models as a categorical advance in surveillance capability is not supported by comparative evidence at present.
4.4 Where the evidence is strongest and where it is thin
Applications closest to operational deployment tend to be those in which the algorithm performs a bounded task within an existing workflow. Machine learning applied to healthcare-associated outbreak detection, in which genomic and electronic health record data are combined to identify transmission routes, has been reported to enhance investigation in a hospital setting (Sundermann et al., 2026). Machine learning in the clinical microbiology laboratory more broadly was appraised some years ago as promising but not yet ready for routine use (Peiffer-Smadja et al., 2020), and the intervening period has produced more applications rather than decisive evidence that the earlier assessment should be revised.
Table 2 summarises the principal method families, their surveillance tasks and the strength of supporting evidence. The pattern it displays is consistent and important: evidential strength declines monotonically as the inferential distance between the sequence and the predicted outcome increases. Methods that map sequence to an established label perform reliably; methods that map sequence to a phenotype measurable in the laboratory perform moderately well within the taxa for which phenotype-linked reference data are dense; methods that map sequence to an ecological or epidemiological outcome not yet observed have not been shown to perform reliably at all. The table also indicates that the binding constraint differs by family. For classification tasks the constraint is reference curation, which is tractable and largely resolved. For phenotype prediction it is the availability of linked genotype and phenotype data outside a small number of well-studied species. For prospective risk estimation it is the representativeness of the sampling frame, which is not a computational problem and cannot be solved by improved architectures.
Table 2. Principal families of computational method applied to pathogen genomes in surveillance, with associated tasks, evidence strength and principal constraints
	Method family
	Surveillance task
	Strength of current evidence
	Principal constraint on validity
	Supporting references

	Reference-based phylogenetic placement and clade assignment
	Lineage identification; quality control; real-time tracking
	Strong; large-scale operational deployment with auditable reference
	Poor performance on low-coverage and recombinant sequences
	Aksamentov et al. (2021); Hadfield et al. (2018); Ort et al. (2025); Rambaut et al. (2020)

	Rapid high-resolution typing on portable platforms
	Outbreak cluster resolution; decentralised surveillance
	Moderate to strong; validated against established typing schemes
	Dependence on local bioinformatics capacity and reagent supply
	Mwenda et al. (2026); Stona et al. (2026); Wagner et al. (2023)

	Statistical fitness estimation from large genome collections
	Attribution of growth advantage to specific substitutions
	Moderate; retrospective validation at very large scale
	Confounding of growth advantage with differential sequencing effort
	Brito et al. (2022); Obermeyer et al. (2022)

	Sequence language models for antigenic escape
	Prioritisation of mutations likely to evade immunity
	Moderate; strongest where training excludes the target epidemic
	Retrospective evaluation predominates; limited prospective testing
	Hie et al. (2021); Maher et al. (2022); Thadani et al. (2023)

	General-purpose protein and genome representation learning
	Transferable priors for downstream genomic tasks
	Preliminary in surveillance contexts; strong in structural biology
	Little comparative advantage where curated references exist
	Jumper et al. (2021); Lin et al. (2023); Nguyen et al. (2024)

	Supervised genotype-to-phenotype prediction of resistance
	Inference of susceptibility from genome sequence
	Moderate and taxon-dependent
	Sparse phenotype-linked data outside well-studied species
	Bortolaia et al. (2020); Jia et al. (2026); Mediouni et al. (2025)

	Sequence-based host range and zoonotic potential prediction
	Prioritisation of viruses or strains for further assessment
	Weak to preliminary; contested by independent reanalysis
	Sampling bias in host–virus association records
	Carbajo et al. (2026); Kawasaki et al. (2025); Mollentze et al. (2021); Tran et al. (2025)

	Integration of genomic and health record data for cluster detection
	Identification of unrecognised transmission in care settings
	Preliminary; single-setting evaluations
	Generalisability across institutions and data systems untested
	Peiffer-Smadja et al. (2020); Sundermann et al. (2026)



Note. Evidence strength is graded qualitatively as strong, moderate, preliminary or weak according to the availability of external validation, the number of independent groups reporting concordant results, and the scale of operational deployment. No formal grading instrument was applied.
5. Cross-Species Inference: Host Range, Reservoir Attribution and Spillover Risk
5.1 Genome-derived zoonotic potential
The most consequential claim made for computational genomics in One Health surveillance is that the zoonotic potential of a virus can be estimated from its genome before it is observed in humans. The rationale is that viral genomes carry signatures of adaptation to host cellular environments, and that these signatures are learnable. Early support came from the demonstration that reservoir hosts and arthropod vectors of RNA viruses could be predicted from evolutionary signatures in genome sequence with accuracy well above chance (Babayan et al., 2018). This was extended to the prioritisation of potential human-infecting viruses directly from genome sequences, with the resulting ranking proposed as a triage instrument for virus discovery programmes (Mollentze et al., 2021). Related work has applied similar reasoning to bacterial pathogens, using virulence determinants, resistance genes and mobile genetic elements as features for predicting zoonotic strains (Umeshkumar & Karwasra, 2026), and to reservoir attribution in orthopoxviruses using viral genomic features (Tseng et al., 2025).
Parallel work sought to identify host species in which recombination between coronaviruses might generate novel variants, combining viral genomic similarity with host trait data (Wardeh et al., 2021), and ecological modelling has projected that climate-driven range shifts will create novel opportunities for cross-species viral transmission concentrated in particular geographical regions (Carlson et al., 2022). Machine learning frameworks have also been applied to landscape-level determinants of spillover emergence in anthropogenically modified environments (Zhang et al., 2026). These lines of work share a structure: a model is fitted to a database of observed associations, and its predictions are extrapolated to unobserved associations.
5.2 The competing explanation of sampling bias
The central methodological objection to this programme is that the databases on which such models are trained record research effort as much as biology. Viruses are described where virologists work, hosts are sampled where sampling is convenient, and human infection is recorded where diagnostic capacity exists. A model fitted to these records can achieve high apparent discrimination by learning correlates of study intensity, and such a model will appear to generalise on held-out data drawn from the same biased distribution while failing on the extrapolation that motivated its construction.
Evidence for this objection is not merely theoretical. Analysis of zoonotic risk across mammalian and avian reservoir orders found that the proportion of viruses capable of infecting humans did not differ meaningfully among host orders, and that the apparent concentration of zoonotic risk in particular taxa was explained by the number of viruses those taxa harbour and by how intensively they have been studied (Mollentze & Streicker, 2020). This finding is difficult to reconcile with model frameworks that assign elevated risk on the basis of reservoir identity, and it implies that a substantial component of reported predictive skill in host-based models reflects taxonomic sampling structure.
A more direct examination of the machine learning literature identified hidden methodological problems in the evaluation of spillover risk models, including partitioning schemes that permit phylogenetically related sequences to appear in both training and test sets, and reporting practices that obscure how much of the apparent performance survives stricter evaluation (Kawasaki et al., 2025). This is a specific instance of the broader leakage problem documented across machine learning–based science, in which reported performance falls, sometimes to chance, when leakage is corrected (Kapoor & Narayanan, 2023). Commentary in the infectious disease literature has raised the same concern in explicitly One Health terms, questioning whether current data can support spillover prediction as an operational objective (Koopmans et al., 2026).
The most pointed recent challenge concerns the target variable itself. Analysis of pathogen host jumps found that the risk of a host jump was not predicted by the rate at which spillover occurs but rather by novelty, meaning the degree to which the pathogen is new to the recipient host population (Simony & Kennedy, 2026). If this holds, then models that rank viruses by frequency-weighted historical association are optimising against a quantity that is not the one of interest, and improved fit to those data would not translate into improved anticipation of emergence.
5.3 What can reasonably be concluded
Three positions can be distinguished, and the evidence supports them unequally. The strong position, that genome-based models can identify which viruses will cause the next epidemic, is not supported. No prospective evaluation demonstrates that any current model would have prioritised an emergent pathogen before its emergence, under conditions that exclude retrospective knowledge. The weak position, that genomic features carry some information about host compatibility, is supported. Concordant results from independent groups using different feature sets and different taxa indicate that such signal exists, even if its magnitude is uncertain (Babayan et al., 2018; Carbajo et al., 2026; Tseng et al., 2025). The intermediate position, that these models can usefully triage candidate viruses for laboratory characterisation, is plausible but unproven, and its evaluation requires prospective designs in which model-prioritised and randomly selected candidates are characterised in parallel.
The distinction is not academic. Resource allocation decisions in virus discovery and pandemic preparedness are being framed in terms of predictive prioritisation, and the honest characterisation of current capability is that these models generate hypotheses rather than risk estimates. Table 3 sets out the principal disagreements in this literature together with the most plausible explanation for each. The pattern that emerges is that most disagreements are attributable to identifiable differences in data construction and evaluation design rather than to unresolved biological questions, which is encouraging in one respect and discouraging in another. It is encouraging because the disagreements are in principle resolvable by better study design. It is discouraging because the required designs, in particular prospective evaluation against subsequently observed host jumps, demand time horizons and sampling investment that current funding structures rarely accommodate.
Table 3. Principal disagreements in the literature on genome-based cross-species risk prediction and their most plausible explanations
	Point of disagreement
	Position A
	Position B
	Most plausible explanation for the disagreement
	Supporting references

	Whether reservoir taxon predicts zoonotic risk
	Certain mammalian orders are disproportionate sources of zoonoses
	Proportion of zoonotic viruses is comparable across orders once virus richness is accounted for
	Position A conflates virus richness and research intensity with per-virus risk
	Mollentze & Streicker (2020); Wardeh et al. (2021)

	Reported accuracy of human-infectivity prediction from genome
	Discrimination is well above chance and operationally useful
	Apparent discrimination falls substantially under phylogenetically aware evaluation
	Random partitioning permits leakage between closely related sequences
	Kapoor & Narayanan (2023); Kawasaki et al. (2025); Mollentze et al. (2021)

	Whether spillover frequency indexes host jump risk
	Frequent spillover marks pathogens likely to establish in new hosts
	Novelty to the recipient host, not spillover rate, predicts host jump
	The two positions optimise against different target variables
	Simony & Kennedy (2026)

	Transferability of host prediction models across taxa and datasets
	Models trained on curated association data generalise
	Performance is dominated by dataset construction and host category definition
	Differences in negative-set construction and class balance
	Carbajo et al. (2026); Tran et al. (2025)

	Readiness of artificial intelligence for spillover prediction in practice
	Convergence of genomics and machine learning makes prediction attainable
	Current data cannot support prospective prediction
	Divergent standards for what constitutes prediction rather than description
	Koopmans et al. (2026); Kraemer et al. (2025)



Note. Positions are characterised as they appear in the cited literature and are not attributed as the settled views of individual authors. Explanations are offered as the most parsimonious account consistent with the cited evidence.
6. Genotype-to-Phenotype Prediction of Antimicrobial Resistance Across Sectors
6.1 The task and its reference infrastructure
Antimicrobial resistance is the domain in which One Health genomics has the clearest policy mandate and the most developed data infrastructure. The global burden analysis attributed a very large number of deaths annually to bacterial resistance and projected continued increase to mid-century (GBD 2021 Antimicrobial Resistance Collaborators, 2024), and resistance determinants demonstrably circulate between human, animal and environmental compartments. Prediction of resistance phenotype from genotype is consequently attractive: it would permit surveillance from sequence alone in matrices where culture-based susceptibility testing is impractical, which describes most environmental and much veterinary sampling.
The reference infrastructure supporting this task is comparatively mature. Curated resistance gene catalogues with associated detection tools provide standardised determinant identification (Feldgarden et al., 2021), and comprehensive resistance databases have expanded curation explicitly to support machine learning and resistome prediction (Alcock et al., 2023). Rule-based prediction of phenotype from genotype has been implemented and evaluated across multiple species and antimicrobial classes (Bortolaia et al., 2020). This infrastructure distinguishes the resistance domain from cross-species risk prediction, since it provides an auditable mapping between sequence features and biological function that is independent of the surveillance dataset being analysed.
6.2 Performance, interpretability and their trade-off
Recent supervised approaches report useful accuracy in specific organisms. Multi-level resistance prediction in Klebsiella pneumoniae from whole-genome sequence data has been reported using machine learning across several antimicrobial classes (Jia et al., 2026). Work directed at interpretability has sought models whose predictions can be traced to specific genomic features rather than accepted as opaque outputs (Mediouni et al., 2025). Interpretability is not a secondary concern in this setting. A resistance prediction that cannot be attributed to identifiable determinants cannot be audited against the reference catalogues, cannot be updated when a new determinant is characterised, and cannot support the regulatory and clinical governance that susceptibility reporting requires.
Performance is nonetheless strongly taxon-dependent and class-dependent, and the reasons are structural. Prediction is most reliable where resistance is conferred by acquired genes with well-characterised function and where large phenotype-linked genome collections exist. It is least reliable where resistance arises from combinations of chromosomal mutations, from changes in expression rather than sequence, or from mechanisms that are poorly represented in reference catalogues. Because those latter mechanisms are more prevalent in some species and antimicrobial classes than others, aggregate performance figures across a panel of organisms conceal substantial variation. Reporting practices that emphasise mean accuracy across a panel therefore overstate reliability for the specific organism–drug combinations that clinicians and surveillance programmes actually need.
A further limitation is that the great majority of phenotype-linked training data derive from clinical isolates. Applying models trained on such data to environmental or agricultural isolates involves an unstated assumption of transferability, and evidence bearing on that assumption is scarce. The genomic context of a resistance determinant, its host chromosomal background and the selective regime under which it was acquired all differ across compartments, and each of these can modify the genotype–phenotype relationship. Studies that generate paired genotype and phenotype data outside clinical settings are the direct remedy and remain uncommon.
6.3 The equity dimension of resistance genomics
The distribution of resistance genomic capacity is itself a determinant of what the field knows. A recent analysis characterised the genomic surveillance gap in resistance as requiring global equity and action rather than technical advance alone (Aanensen et al., 2026). Evaluation of bioinformatics tool selection for decentralised resistance surveillance in Africa identified the practical constraints that determine whether sequence data can be analysed where they are generated, including computational requirements, offline operation and training needs (Lacy-Roberts et al., 2026). A broader appraisal of One Health genomics in Africa identified both opportunities and structural obstacles for outbreak and resistance control (Derar et al., 2026).
These constraints have direct analytical consequences that are frequently omitted from methodological papers. Models trained predominantly on isolates from high-income settings encode the resistance determinants, clonal backgrounds and selective histories prevalent in those settings. Their application elsewhere is an extrapolation whose validity has rarely been tested, and where such models underpin treatment guidance or surveillance interpretation, the extrapolation carries clinical risk. The equity problem is therefore not solely a matter of fairness in resource distribution; it is a source of measurable model misspecification.
7. Environmental and Wastewater Genomics as the Integrative Layer
7.1 Population-level sampling without individual ascertainment
Wastewater and environmental sampling occupy a distinctive position in the One Health architecture because they aggregate signal across a population without requiring individual clinical presentation. Global sewage metagenomics established the feasibility of comparative resistance monitoring across many countries, revealing systematic regional differences in resistome composition (Hendriksen et al., 2019), and subsequent analysis extended this to more than one hundred countries with sufficient resolution to describe a global landscape of resistance (Munk et al., 2022). The conceptual argument for sewage as a surveillance substrate was set out explicitly in terms of its capacity to capture community-level carriage rather than clinical isolates alone (Aarestrup & Woolhouse, 2020).
The approach has since been applied at national scale and across settings. Comparison of high-throughput quantitative polymerase chain reaction with metagenomic approaches for national resistance surveillance found the methods to differ in sensitivity and in the breadth of determinants detected, with implications for how programme results should be interpreted (Knight et al., 2024). Metagenomic profiling of wastewater across metropolitan areas has characterised resistance patterns at city scale (Singh et al., 2026), and coordinated environmental genomic surveillance has been established across sub-Saharan African settings (Baker et al., 2026). Viral applications have developed in parallel, with wastewater genomic surveillance for severe acute respiratory syndrome coronavirus 2 reviewed comprehensively in terms of approaches, challenges and opportunities (Munteanu et al., 2026), and with specific attention to implementation in low-income countries where clinical surveillance is sparse (Wardi et al., 2024).
7.2 Analytical limitations that constrain inference
Environmental genomics carries analytical burdens that differ from those of isolate sequencing, and these have been articulated most clearly in recent methodological appraisal of wastewater resistance surveillance (Hughes et al., 2026). Sequence reads from complex matrices must be assigned to organisms and functions in the presence of high diversity and incomplete reference coverage. Relative abundance is influenced by extraction efficiency, matrix composition, dilution and degradation, so quantitative comparison across sites or over time requires normalisation whose validity is difficult to establish. Critically for the One Health argument, detection of a resistance gene in a metagenome does not establish which organism carries it, whether it is on a mobile element, or whether the host organism is a pathogen. Linkage between determinant and host is precisely the information required to infer cross-sector transmission, and it is the information that short-read metagenomics is least able to provide.
Machine learning is often proposed as the solution to these problems, and its contribution should be characterised carefully. Read classification, binning and assembly all benefit from learned models, and improvements in these areas are real. They do not, however, resolve the underlying identifiability problem: information about genomic linkage that is absent from short reads cannot be recovered by a classifier, however sophisticated. Long-read and hybridisation capture approaches address the problem at the level of data generation rather than analysis (Russell et al., 2025), which is the more defensible strategy. The distinction between analytical improvement and data generation improvement is one that the literature does not always maintain.
Table 4 summarises the principal methodological limitations that recur across the domains reviewed. The limitations are grouped by the level at which they arise, because the appropriate remedy differs accordingly: constraints arising from sampling design cannot be corrected analytically, whereas those arising from evaluation design can be. Two features of the table warrant emphasis. First, the most consequential limitations are concentrated at the data generation and sampling levels rather than at the modelling level, which is the inverse of where methodological effort in the literature is concentrated. Second, several limitations are mutually reinforcing: uneven geographical sampling produces training sets that are unrepresentative, which produces models whose failure is invisible under internal validation, which permits deployment in settings where the failure would matter most.
Table 4. Recurrent methodological limitations across the reviewed literature, grouped by level of origin
	Level
	Limitation
	Domains most affected
	Analytically correctable?
	Supporting references

	Sampling
	Geographical concentration of sequencing capacity and output
	All domains; acute in resistance and viral surveillance
	No; requires investment in distributed capacity
	Aanensen et al. (2026); Brito et al. (2022); Getchell et al. (2024)

	Sampling
	Research effort recorded as biological signal in host–virus databases
	Cross-species risk prediction
	No; requires structured sampling of understudied taxa
	Mollentze & Streicker (2020); Simony & Kennedy (2026)

	Sampling
	Under-representation of animal and environmental sectors relative to human
	One Health integration
	No; requires cross-sector programme design
	Elton et al. (2025); Gupta et al. (2025)

	Data generation
	Loss of genomic linkage information in short-read metagenomics
	Environmental and wastewater surveillance
	No; requires long-read or capture-based generation
	Hughes et al. (2026); Russell et al. (2025)

	Data generation
	Matrix-dependent recovery affecting quantitative comparison
	Wastewater surveillance
	Partially, through normalisation of uncertain validity
	Knight et al. (2024); Munteanu et al. (2026)

	Metadata
	Absent or non-interoperable contextual data limiting cross-sector linkage
	All integrative analyses
	Partially, through specification adoption
	Ara et al., 2026; Griffiths et al. (2026)

	Evaluation
	Random partitioning permitting leakage between related sequences
	Host prediction; resistance prediction
	Yes; phylogenetically aware partitioning
	Kapoor & Narayanan (2023); Kawasaki et al. (2025)

	Evaluation
	Absence of external validation on independently collected data
	Most supervised applications
	Yes; external validation designs
	Carbajo et al. (2026); Tran et al. (2025)

	Evaluation
	Metrics insensitive to class imbalance in rare-event prediction
	Spillover and emergence prediction
	Yes; prevalence-appropriate metrics
	Kawasaki et al. (2025)

	Translation
	Evaluation against classification metrics rather than decision outcomes
	All domains
	Partially; requires outcome-linked study designs
	Nghiem et al. (2025); Sundermann et al. (2026)



Note. Correctability refers to whether the limitation can be addressed through analytical choices alone, as distinct from changes to sampling or data generation. Domains are indicated where a limitation is most consequential rather than exclusively present.
8. Data Infrastructure, Metadata and Governance as Determinants of Analytical Validity
8.1 Sharing architectures and their consequences
Analytical possibility in this field is bounded by data architecture. Two broad models coexist. Open repositories provide unrestricted access with attendant analytical flexibility, and integrated public repository systems now explicitly accommodate pathogen surveillance data alongside general sequence submissions (Ara et al., 2026). Access-controlled platforms provide rapid sharing under terms that protect the interests of data generators, an arrangement that has demonstrably increased submission from countries that would otherwise withhold data (Shu & McCauley, 2017). The trade-off is direct: restricted access limits reproducibility and complicates the construction of training corpora, while unrestricted access can discourage contribution from generators concerned about equitable recognition and benefit. Both effects are real, and analyses that advocate one model without acknowledging the other misrepresent the problem.
Metadata is the more binding constraint for One Health analysis specifically. A sequence without host species, collection matrix, geographical origin and collection date supports phylogenetic placement but not cross-sector inference. Structured curation packages developed for mpox demonstrate the form that a solution takes, providing specifications and tooling to support collaborative surveillance with harmonised contextual data (Griffiths et al., 2026). Comparable specifications across the animal, food and environmental sectors are less developed, and their absence is the practical reason that many cross-sector analyses depend on bespoke data assembly rather than routine query.
8.2 Capacity distribution and its analytical consequences
The unevenness of sequencing capacity has been documented repeatedly and with increasing specificity. Global analysis of coronavirus disease 2019 surveillance quantified disparities not only in the volume of sequences generated but also in the time from sample collection to submission, which determines whether data can inform response (Brito et al., 2022). Multi-country assessment across lower-resource settings in Asia identified specific bottlenecks in laboratory capacity, bioinformatics and sustainable financing (Getchell et al., 2024), and subsequent analysis identified supply chain fragility as an under-recognised constraint on sustaining genomic surveillance in the region (Stona et al., 2026). Capacity building for mpox and other emerging disease surveillance in the African Great Lakes region illustrates both the feasibility of establishing local sequencing and the persistence of dependence on external technical support (Schuele et al., 2026). The African experience during the coronavirus disease 2019 pandemic is instructive in both directions, since continental collaboration produced genomic characterisation at a scale that had not previously been achieved on the continent (Wilkinson et al., 2021) and subsequently supported detailed reconstruction of epidemic waves and variant introductions (Tegally et al., 2022), while the same analyses documented that sequencing output remained concentrated in a minority of countries and that turnaround times lengthened where reagent supply was interrupted. Development of continental-scale malaria genomic surveillance using portable platforms demonstrates that distributed generation is achievable at scale when reagent supply and training are addressed (Mwenda et al., 2026), and integrated frameworks combining artificial intelligence with One Health approaches have been proposed specifically for resource-limited settings (Mukherjee et al., 2025).
Two analytical consequences follow. Models trained on data reflecting this distribution encode the pathogen diversity of well-sequenced regions, so their performance elsewhere is untested. Estimates of pathogen distribution, resistance prevalence and lineage dynamics derived from these data are subject to ascertainment bias whose magnitude varies systematically with income. Neither consequence is addressed by algorithmic improvement, and both are frequently omitted from the limitations sections of methodological papers.
8.3 Demonstrating public health value
A striking feature of this literature is how rarely the value of genomic surveillance is evaluated against public health outcomes rather than technical performance. An ecological study of integrated genomic surveillance for non-typhoidal Salmonella in Australia represents an important exception, examining the association between programme implementation and infection outcomes at population scale (Nghiem et al., 2025). Institutional evaluations of artificial intelligence–enhanced outbreak detection report investigation-level benefit within single settings (Sundermann et al., 2026). Beyond these, evidence linking genomic surveillance investment to measurable reductions in transmission, morbidity or resistance is sparse, and evidence linking machine learning components specifically to such outcomes is close to absent.
This absence has practical consequences for the field's credibility. Investment cases for One Health genomic surveillance are constructed largely from the demonstrated informational value of genomics during the coronavirus disease 2019 pandemic, a period whose conditions were exceptional in resourcing, political attention and pathogen characteristics. Whether comparable value accrues under routine conditions, for endemic pathogens, and in the animal and environmental sectors where sampling is costlier and institutional incentives weaker, remains an open empirical question that the field has largely not attempted to answer.
8.4 Dual-use considerations
Improved generative and predictive capability over pathogen sequence creates dual-use risk that is intrinsic to the capability rather than incidental to it. The same representations that support escape prediction for surveillance could in principle inform deliberate modification, and models capable of genome-scale generation extend this concern beyond individual proteins (Nguyen et al., 2024). Proposals for upstream risk–benefit review of dual-use artificial intelligence in biology argue for assessment at the point of model development rather than after publication (Hanke et al., 2026). The governance question interacts with the equity question in ways that resist simple resolution: restricting access to models and data mitigates misuse risk while entrenching the capability asymmetry that already limits the field's analytical validity. This review notes the tension without resolving it, since the empirical evidence required to evaluate the trade-off does not currently exist.
Table 5 relates identified gaps to proposed research priorities and to the evidence that would be required to close them.
Table 5. Research gaps, proposed priorities and the evidence required to resolve them
	Identified gap
	Why current evidence is inadequate
	Priority research design
	Evidence that would resolve the gap
	Supporting references

	Prospective validity of genome-based zoonotic risk prediction
	Validation is retrospective; leakage inflates reported performance
	Prospective evaluation with pre-registered predictions and phylogenetically blocked partitions
	Model-prioritised candidates confirmed at higher rate than matched controls
	Kawasaki et al. (2025); Mollentze et al. (2021); Simony & Kennedy (2026)

	Transferability of resistance prediction beyond clinical isolates
	Training data derive overwhelmingly from human clinical sources
	Paired genotype–phenotype generation in veterinary, food and environmental isolates
	Quantified performance change across compartments for defined organism–drug pairs
	Bortolaia et al. (2020); Elton et al. (2025); Jia et al. (2026)

	Determinant-to-host linkage in environmental metagenomes
	Short-read data cannot resolve genomic context
	Long-read and capture-based environmental sequencing with linkage benchmarks
	Demonstrated recovery of determinant–host associations against known standards
	Hughes et al. (2026); Knight et al. (2024); Russell et al. (2025)

	Public health outcome value of genomic surveillance
	Evaluation concentrates on technical performance
	Quasi-experimental and ecological designs comparing implemented and comparison jurisdictions
	Association between programme implementation and infection outcomes
	Nghiem et al. (2025); Sundermann et al. (2026)

	Cross-sector metadata interoperability
	Specifications exist for selected pathogens only
	Extension of contextual specification packages to animal, food and environmental sectors
	Routine cross-sector query without bespoke data assembly
	Ara et al. (2026); Griffiths et al. (2026); Gupta et al. (2025)

	Model validity in under-sequenced regions
	Training corpora reflect high-income sequencing output
	External validation using independently generated data from under-represented settings
	Reported performance stratified by region of data origin
	Brito et al. (2022); Derar et al. (2026); Lacy-Roberts et al. (2026)

	Governance of dual-use capability
	Frameworks proposed but not evaluated in operation
	Comparative evaluation of review mechanisms against defined risk and access outcomes
	Evidence on whether review reduces risk without reducing legitimate capability
	Hanke et al. (2026)



Note. Priorities are ordered by domain rather than by rank. Designs are indicated at the level of study architecture rather than specific protocol.
9. Future Directions
9.1 Immediate priorities
The most urgent methodological requirement is the adoption of evaluation designs adequate to the inferential claims being made. Random partitioning of sequence data permits closely related sequences to appear in training and test sets, and the resulting performance estimates are not informative about deployment. Phylogenetically blocked partitioning, in which entire clades are withheld, and geographically blocked partitioning, in which entire regions are withheld, are both straightforward to implement and both substantially reduce apparent performance in the applications where this has been examined (Kapoor & Narayanan, 2023; Kawasaki et al., 2025). Reporting should present performance under both random and blocked partitioning, since the difference between them quantifies the extent to which a model depends on relatedness within the dataset. Journals and funders are positioned to make this expectation routine, and doing so would resolve a substantial fraction of current disagreement about model capability at negligible cost.
The second immediate priority is prospective evaluation of cross-species prediction. The specific design required is a pre-registered exercise in which models rank a defined candidate set of viruses or bacterial lineages before laboratory characterisation, and in which model-prioritised and randomly selected candidates are characterised in parallel by investigators blinded to the ranking. The outcome measure is the difference in confirmed host compatibility between the two groups. Such a study is feasible within the timeframe of a standard research award, requires no methodological innovation, and would replace the current position, in which the field's central claim rests on retrospective demonstrations, with a defensible estimate of triage value. Its interpretation requires attention to the finding that novelty rather than spillover frequency may govern host jump risk (Simony & Kennedy, 2026), which implies that candidate sets should be constructed to include pathogens novel to the recipient host rather than only those with frequent recorded spillover.
The third immediate priority is the generation of paired genotype and phenotype data outside clinical settings. Resistance prediction is the application closest to operational deployment in the One Health context, and its principal untested assumption is that models trained on human clinical isolates transfer to veterinary, food and environmental isolates. The required work is unglamorous: susceptibility testing performed alongside sequencing on isolates from these compartments, at sufficient scale to estimate performance for defined organism–drug combinations. The appropriate scale is a few thousand isolates per major food-animal species and matrix, sampled across more than one country to permit assessment of geographical transferability. Outcome measures should be very major and major error rates by organism and drug rather than aggregate accuracy, since the former are the quantities that determine clinical and regulatory acceptability.
9.2 Medium-term priorities
Metadata interoperability across sectors is a medium-term priority because it requires institutional coordination rather than technical development. Contextual data specification packages have demonstrated their value for individual pathogens (Griffiths et al., 2026), and the extension required is to develop equivalent specifications for animal, food and environmental sampling and to embed them in the submission requirements of major repositories (Ara et al., 2026). The relevant outcome measure is the proportion of submitted sequences carrying the minimum contextual fields required for cross-sector analysis, disaggregated by sector, which is directly measurable from repository holdings and would provide an accountability mechanism that currently does not exist. The policy implication is that funders of sequencing in the animal and environmental sectors are better placed than repository operators to enforce metadata completeness, since they control the resource at the point of generation.
Data generation strategies that preserve genomic linkage in environmental samples constitute a second medium-term priority. The identifiability limitation of short-read metagenomics is not solvable analytically, and the appropriate response is investment in long-read and capture-based approaches at surveillance scale (Russell et al., 2025). The research required is comparative: parallel application of short-read, long-read and capture-based methods to the same environmental samples, with evaluation against known determinant–host associations, across the range of matrices used in surveillance. The outcome measures are the recovery rate of determinant–host linkage and the cost per linked observation, since the latter determines whether the approach is deployable in the settings where environmental surveillance is most needed.
Outcome-linked evaluation of genomic surveillance programmes is the third medium-term priority and arguably the most consequential for sustained investment. The design template exists in the ecological analysis of integrated Salmonella surveillance in Australia (Nghiem et al., 2025), and its extension requires comparable studies in other pathogen systems and jurisdictions, ideally exploiting staggered programme implementation to permit quasi-experimental inference. The outcome measures should be epidemiological rather than technical: incidence, outbreak size, time to control, and where applicable resistance prevalence. Studies of this kind would allow the field to state what genomic surveillance achieves rather than what it detects, and would provide the evidence base that ministries of finance require and that the field currently cannot supply.
9.3 Longer-term research needs
Two longer-term needs are distinguishable from the priorities above because they require sustained observation rather than discrete studies. The first is the construction of sampling frames in the animal and environmental sectors that are representative by design rather than opportunistic. Current cross-species inference is limited by databases that record where investigators have looked, and no analytical technique corrects this. Structured sampling of understudied host taxa and geographical regions, sustained over years, is the only remedy. The appropriate design is a sentinel network with defined sampling protocols across host groups and habitats, sized to permit estimation of viral and bacterial diversity with quantified confidence rather than to maximise discovery. The implementation implication is that such networks must be funded as infrastructure rather than as projects, since their value accrues only through continuity.
The second longer-term need concerns the governance of increasingly capable generative models over pathogen sequence. Upstream risk–benefit review has been proposed (Hanke et al., 2026), but no evidence exists on whether such review reduces misuse risk, at what cost to legitimate research, or how it interacts with the equity considerations that already constrain this field. Empirical evaluation of governance mechanisms, comparing jurisdictions and institutions that adopt different arrangements, would provide evidence for a debate currently conducted on the basis of assertion. The relevant outcome measures are the rate at which review identifies genuine concerns, the delay imposed on legitimate work, and the differential effect on institutions in high-income and lower-income settings, since a mechanism that protects against misuse by further concentrating capability would exchange one risk for another.
10. Conclusions
The evidence reviewed supports a differentiated rather than uniform assessment of artificial intelligence–enabled genomics for One Health infectious disease surveillance. Computational methods have delivered clear and well-evidenced operational capability in the standardisation, acceleration and scaling of genomic description. Automated phylogenetic placement, reference-based clade and lineage assignment, and rapid high-resolution typing on portable platforms are validated at scale, auditable against curated references, and increasingly deployable outside specialist centres. These capabilities are the foundation of contemporary genomic surveillance, and confidence in them is high. They are, however, methods that describe more precisely and more quickly rather than methods that predict.
Confidence declines as the inferential distance between sequence and predicted outcome increases, and this gradient is the central finding of the review. Sequence-based inference of antigenic escape and lineage fitness is supported by substantial retrospective evidence and by at least one design that excludes retrospective knowledge, but prospective operational value has not been demonstrated. Genotype-to-phenotype prediction of antimicrobial resistance performs usefully in organisms with dense phenotype-linked reference data and acquired resistance mechanisms, less reliably where resistance is chromosomally mediated, and with untested validity outside the clinical isolates that dominate training data. Prospective prediction of cross-species transmission and emergence, which is the capability most often invoked to justify investment, is not supported by current evidence. Independent analyses indicate that reported performance in this area is substantially attributable to sampling bias and to evaluation designs that permit information leakage, and at least one analysis suggests that the target variable conventionally modelled may not be the quantity that governs host jumps.
The biological premise of the One Health framing is well supported. Lineages, determinants and mobile elements demonstrably traverse human, animal and environmental compartments, and integrated genomic analysis reveals structure that single-sector sampling misrepresents. The analytical realisation of that premise is considerably less advanced than the premise itself. Sequencing output, metadata completeness and analytical capacity remain concentrated in a minority of settings and, within those settings, in the human health sector. This distribution is not merely an equity concern to be addressed alongside technical development. It is a direct source of model misspecification, because algorithms trained on unrepresentative data encode that unrepresentativeness and because internal validation cannot detect the resulting failure.
A consistent conclusion follows for research strategy. The binding constraints on this field are located predominantly at the levels of sampling, data generation and evaluation design rather than at the level of model architecture. Improvements in representation learning will not correct a host–virus database that records research effort, will not recover genomic linkage absent from short reads, and will not establish that a model trained in one compartment transfers to another. Progress therefore depends on structured sampling across sectors and regions, on contextual metadata sufficient to support cross-sector inference, on evaluation designs that partition data in ways reflecting deployment conditions, and on outcome-linked studies that establish what genomic surveillance achieves rather than what it detects.
The field's ambitions are reasonable and its foundations are sound. The current gap between demonstrated capability and asserted capability is nonetheless wide enough that closing it should be treated as the immediate objective, in preference to extending claims further. Precise characterisation of what is known, what is plausible and what remains speculative serves the field's long-term credibility better than optimistic aggregation of the three.
11. Limitations
This review is a narrative synthesis and carries the limitations intrinsic to that design. Source identification, selection and appraisal involved interpretive judgement at each stage, and a different reviewer applying comparable criteria could reasonably have assembled a partly different evidence base and reached somewhat different emphases. Although the search strategy, information sources, eligibility criteria and appraisal approach have been described in detail, the process was concept-driven and iterative rather than executed as a single enumerable protocol, and selection and interpretive bias cannot be excluded. The synthesis should be read as a critically argued assessment rather than as an exhaustive account of the field.
Access to subscription-restricted bibliographic databases was not available during preparation. Searching was confined to Europe PMC, Crossref and the Directory of Open Access Journals, supplemented by institutional sources and by examination of reference lists in retrieved reviews. Literature indexed exclusively in resources such as Web of Science, Scopus, Embase or agricultural and veterinary databases may therefore be under-represented, and veterinary and environmental literature is more likely to be affected by this than human biomedical literature, which is a material concern given the review's cross-sectoral framing.
All sources ultimately retained are published in English. No language restriction was applied at the search stage, but the indexes searched are English-dominant and no systematic effort was made to identify non-English publications. Relevant work published in other languages, particularly national surveillance reporting from regions where such reporting is not published in English, is likely to be absent. This compounds the geographical unevenness that the review itself identifies as a limitation of the underlying field.
Preprints were excluded, and a substantial volume of recent methodological work in machine learning applied to pathogen genomics circulates initially as preprints. The most recent developments in generative and representation learning are therefore represented by their peer-reviewed subset, which introduces a lag of uncertain duration in a domain where methods develop quickly. Some conclusions about the current state of methodological capability may consequently be conservative.
The heterogeneity of the included literature precluded quantitative synthesis. Outcome measures ranged from classification metrics to sequencing turnaround times to epidemiological incidence, populations ranged from viral genome collections to national surveillance programmes, and designs ranged from computational benchmarking to ecological analysis. No pooled estimate of model performance or programme effect is offered, and comparisons of evidence strength across method families are qualitative judgements based on the availability of external validation, the number of independent groups reporting concordant results and the scale of deployment. No formal risk-of-bias instrument was applied, since no recognised tool covers the range of designs represented and the information required to apply one was frequently unavailable.
Evidence in this field is unevenly distributed across pathogens and sectors, and the review reflects that distribution. Viral applications, particularly those developed during the coronavirus disease 2019 pandemic, are substantially better represented than bacterial, fungal or parasitic applications. Human health applications are better represented than veterinary, food safety or environmental applications. Assessments of method families in which evidence is concentrated in a small number of research programmes are correspondingly less robust than assessments of families with broader independent replication.
Finally, the field is developing rapidly, and the search concluded on a defined date. Publications appearing after that date are not represented, and in areas where methods are advancing quickly, particularly generative sequence modelling and its governance, the assessment of current capability may require revision on a short timescale. Long-term evidence is scarce throughout, and conclusions regarding the sustained value of genomic surveillance programmes rest on a small number of evaluations conducted over limited periods.
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