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Temporal Fusion of RT-qPCR and IgM/IgG Serology for Nipah Virus Diagnosis: A Critical Narrative Review and a Proposed Explainable Artificial Intelligence Framework

Abstract
Nipah virus infection is a high-consequence zoonosis of South and South-East Asia for which laboratory confirmation rests on two assay families whose informativeness moves in opposite directions across the course of illness. Reverse transcription quantitative polymerase chain reaction performs best while viral nucleic acid remains detectable in blood and the oropharynx, whereas enzyme-linked immunosorbent assays for immunoglobulin M and immunoglobulin G become informative as nucleic acid disappears. Prevailing practice interprets these assays as independent dichotomous results obtained at a single moment, discarding quantitative magnitude, specimen provenance and the day of illness on which each specimen was taken. This review critically evaluates whether the longitudinal structure of the two assay families can be exploited jointly, and what explainable artificial intelligence would need to deliver before such a model could be used in outbreak conditions. Human clinical studies describing the temporal behaviour of molecular and serological markers were appraised alongside the methodological literature on diagnostic accuracy without an adequate reference standard, and the computational literature on temporal and multimodal fusion and on explanation methods in clinical decision support. The evidence consistently indicates an ordered transition in which clearance of viral nucleic acid from blood precedes the appearance of virus-specific immunoglobulin G, and that the combination of detectable viraemia with absent immunoglobulin G at presentation carries adverse prognostic weight. Confidence in these observations is nevertheless constrained by very small samples, over-representation of the minority who survive, the absence of an international nucleic-acid standard, and geographical concentration of evidence in Bangladesh and Kerala. No clinical prediction model that fuses molecular and serological results over time was identified for this infection. A conceptual dynamic framework is developed that separates established temporal relationships from hypothesised gains, specifies the evaluation and governance requirements that would apply, and identifies prospective serial-sampling cohorts as the rate-limiting evidential step rather than model architecture.
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1. Introduction
Nipah virus (NiV) is a member of the genus Henipavirus within the family Paramyxoviridae, first characterised during an outbreak of encephalitis among pig farmers in peninsular Malaysia in 1998 and 1999 (Chua et al., 1999; Goh et al., 2000). The natural reservoir comprises pteropodid fruit bats, and in South Asia the principal reservoir species is the Indian flying fox, Pteropus medius. Since the Malaysian episode the epidemiological centre of the disease has shifted westwards. Bangladesh has recorded near-annual spillover since 2001, driven predominantly by consumption of raw date palm sap contaminated by bat excreta and by subsequent person-to-person transmission within households and hospitals (Luby et al., 2009; Nikolay et al., 2019). India has reported outbreaks in West Bengal and, since 2018, a recurrent series of events in Kerala (Chadha et al., 2006; Arunkumar, Chandni, et al., 2019; Sahay et al., 2025). Reported case fatality is extreme. The World Health Organization places it between 40% and 75% across outbreaks (World Health Organization, 2026); Bangladeshi surveillance data indicate approximately 71% overall and 84% among genomically characterised cases (Satter et al., 2025); and the Kerala outbreak of 2018 produced 21 deaths among 23 identified cases (Arunkumar, Chandni, et al., 2019). Approximately one in five survivors experiences persistent neurological impairment (World Health Organization, 2026), a figure corroborated by longitudinal follow-up of the largest Bangladeshi survivor cohort assembled to date (Aquib, Mondal, et al., 2026). No licensed vaccine or antiviral agent exists. Clinical management remains supportive, and the one antiviral used at scale during an outbreak produced no demonstrable benefit (Chandni et al., 2020; Luby, 2013).
In the absence of specific treatment, the practical value of diagnosis lies in three domains: triggering isolation and contact tracing before onward transmission occurs, directing scarce investigational therapeutics and intensive supportive care towards patients most likely to benefit, and enabling the epidemiological reconstruction on which outbreak containment depends. Each of these depends on the speed and reliability with which infection is confirmed or excluded. Laboratory confirmation currently relies on two distinct technologies. Reverse transcription quantitative polymerase chain reaction (RT-qPCR), most commonly targeting the nucleoprotein gene, is the reference approach during acute illness and is applied to throat or oropharyngeal swabs, whole blood or serum, urine and cerebrospinal fluid (CSF) (Guillaume et al., 2004; Arunkumar, Chandni, et al., 2019; Garbuglia et al., 2023). Enzyme-linked immunosorbent assays (ELISA) for virus-specific immunoglobulin M (IgM) and immunoglobulin G (IgG) provide the complementary serological arm, and are used both for diagnosis in patients presenting late and for retrospective ascertainment of infection in contacts (Daniels et al., 2001; Kumar et al., 2019; Alam et al., 2026).
The difficulty is that these two technologies are informative during different and only partially overlapping intervals. Viral nucleic acid is most reliably detected early, and its detectability in the oropharynx declines from approximately the second week of illness (As et al., 2024; Satter et al., 2026). Antibody responses, conversely, become measurable towards the end of the first week and persist thereafter (Wong et al., 2001; Arunkumar, Devadiga, et al., 2019). Serial sampling of the only two survivors of the 2018 Kerala outbreak demonstrated that clearance of NiV ribonucleic acid from blood preceded the appearance of virus-specific IgG (Arunkumar, Devadiga, et al., 2019). Analysis of all 22 human cases detected in Bangladesh during the outbreaks of 2023, 2024 and 2025 showed that every survivor was IgG positive at the time of diagnosis whereas only approximately one third of fatal cases were, and that detectable viraemia at diagnosis was associated with universal fatality, compared with a case fatality of 25% among the four patients without detectable viraemia (Satter et al., 2026). The two assay families therefore do not merely substitute for one another at different times; their joint pattern appears to carry information about both infection status and prognosis that neither conveys alone.
Despite this, diagnostic practice treats the two assays as independent dichotomous tests. A specimen is reported as positive or negative, and interpretation proceeds through a fixed sequential algorithm in which a negative molecular result prompts either repeat molecular testing or a switch to serology. The quantitative magnitude of the molecular signal, the specimen matrix from which it was obtained, the optical density ratio of the serological result, and above all the number of days elapsed since symptom onset are recorded in laboratory reports but play no formal part in the inference. This is not a peculiarity of NiV. Comparable criticism was directed at severe acute respiratory syndrome coronavirus 2 testing, where the probability of a false-negative molecular result was shown to vary substantially with time since exposure, and where explicit temporal framing of test interpretation was required to prevent systematic misclassification (Kucirka et al., 2020; Sethuraman et al., 2020). For NiV the consequences are amplified by the rarity of cases, the short interval between onset and death, and the biosafety constraints that restrict repeat testing.
Existing reviews of NiV diagnostics have described this landscape but have not addressed the inferential problem. Mazzola and Kelly-Cirino (2019) catalogued available assays and identified the absence of point-of-care (POC) tests and the inadequacy of specimen access for validation as the dominant gaps, while explicitly noting that an improved understanding of infection kinetics would be central to future diagnostic development. Thakur and Bailey (2019) and Sharma et al. (2024) surveyed assay platforms and their analytical characteristics. Garbuglia et al. (2023) provided the most detailed technical appraisal, comparing analytical sensitivities across molecular platforms and noting that serological assays are used mainly in seroprevalence work because of reduced sensitivity in acute infection. A landscape analysis completed subsequently identified 43 commercial NiV tests, of which only six held national regulatory approval, and found that only three of 28 relevant publications reported independent evaluation or external quality assessment (EQA) (Mazzola et al., 2026). Asokan et al. (2026) reiterated diagnostic gaps in the context of pandemic preparedness, and van den Hurk et al. (2025) reviewed laboratory diagnosis of both henipaviruses from a One Health perspective. None of these reviews treats the day of illness as an analytical variable, none evaluates the joint interpretation of molecular and serological results as a modelling problem, and none considers the computational literature on temporal or multimodal inference.
The computational literature, for its part, has developed methods that appear well matched to this structure without being applied to it. Attention-based architectures for multi-horizon forecasting provide variable-selection weights and temporal attention patterns intended to make multivariate time-series predictions inspectable (Lim et al., 2021), and have been developed and externally validated in clinical settings (Kapral et al., 2024). Recurrent architectures that treat the pattern of missing observations as itself informative address a defining feature of outbreak specimen collection (Che et al., 2018). Reviews of multimodal machine learning in health describe fusion strategies for combining heterogeneous data streams (Kline et al., 2022), and explainable artificial intelligence (XAI) methods have been applied to longitudinal clinical data in critical care and dialysis (Lauritsen et al., 2020; Yun et al., 2023; Athukorala & Ilmini, 2026). Explanation itself remains contested: post hoc attribution methods have been criticised as unreliable justification for individual clinical decisions (Ghassemi et al., 2021), and empirical work indicates that explanations can either raise or lower appropriate clinician reliance depending on how they are constructed and presented (Rosenbacke et al., 2024). Calls for explainable methods specifically within clinical microbiology and infectious diseases have appeared only recently (Warrier et al., 2026; Cao et al., 2026), and no clinical prediction model for NiV diagnosis or prognosis was identified during the preparation of this review.
1.1 Scope, Research Gap and Objectives
This review is bounded to the diagnosis of human Nipah virus infection using molecular and serological assays interpreted as a function of time since symptom onset, and to the computational and methodological requirements of combining them. Animal and environmental surveillance, vaccine and therapeutic development, ecological modelling of spillover risk, genomic epidemiology, and in silico drug discovery fall outside the scope except where they bear directly on the interpretation of human diagnostic results. Imaging-based diagnosis is not covered, since imaging findings in this infection are non-specific and no imaging-based classifier has been reported.
The gap addressed is specific. Clinical descriptions of Nipah virus infection contain repeated, mutually consistent observations that molecular and serological positivity are ordered in time and that their joint pattern is associated with outcome, yet no published work converts these observations into a formal inferential structure, and the diagnostic reviews that summarise the field do not identify this as a deficiency. Conversely, the computational methods that would be required are mature in other clinical domains but have not been applied to any henipavirus. The result is that the temporal information generated routinely during outbreak investigations is recorded and then discarded.
Four objectives follow. The first is to synthesise and critically appraise the human clinical evidence on the temporal behaviour of molecular and serological markers in Nipah virus infection, distinguishing well-supported patterns from observations resting on single small series. The second is to evaluate the methodological quality of that evidence, with particular attention to the absence of an adequate reference standard, the over-representation of survivors, and assay standardisation. The third is to assess which temporal and multimodal modelling strategies, and which explanation approaches, are defensible given the quantity and quality of data that realistically exist. The fourth is to develop a conceptual dynamic diagnostic framework that separates relationships already established by evidence from those that remain hypothesised, and to specify the validation, calibration and governance conditions under which such a framework could be tested.
The intended contribution is analytical rather than empirical. No new data are presented, no model is fitted, and no claim is made that the proposed framework would improve diagnostic performance. The framework is offered as a structured research agenda whose principal value is to make explicit what would have to be measured, and how it would have to be evaluated, before temporal fusion could be considered for use.
2. Methods for Literature Selection
2.1 Review Design and Rationale
A critical narrative synthesis was selected because the review question spans three literatures with incompatible study designs and reporting conventions: small observational clinical series describing Nipah virus infection, analytical validation studies of laboratory assays, and methodological and computational work on prediction modelling and explanation. A systematic review with quantitative pooling was not appropriate. The clinical evidence consists largely of outbreak investigations and case series with between two and twenty-three participants, in which sampling schedules were determined by operational circumstance rather than protocol, and in which the index tests under discussion also serve as the reference standard. Meta-analytic summary of diagnostic accuracy under these conditions would generate spuriously precise estimates from data that cannot support them. A scoping review would have mapped the literature without performing the comparative appraisal that the question requires, since the central difficulty is not the identification of studies but the reconciliation of what clinical observation, assay validation and modelling methodology each permit to be concluded.
The narrative design does not relax requirements for transparency or appraisal. Reporting conventions developed for prediction-model research were used as the appraisal lens for the computational literature, specifically the updated guidance for reporting prediction models that use regression or machine learning methods (G. S. Collins et al., 2024), the reporting guideline for early-stage clinical evaluation of artificial-intelligence-driven decision support (Vasey et al., 2022), and the minimum information checklist for clinical artificial intelligence modelling (Norgeot et al., 2020). For the diagnostic-accuracy literature, the appraisal was informed by established treatments of accuracy estimation when no adequate reference standard exists (Pepe & Janes, 2007; J. Collins & Huynh, 2014) and by reporting standards for studies using Bayesian latent class models (Kostoulas et al., 2017). Search concepts, sources, eligibility rules and appraisal criteria are stated below so that the selection can be interrogated and repeated.
2.2 Information Sources
Literature was retrieved from PubMed, Europe PMC, Crossref, the Directory of Open Access Journals, Semantic Scholar and Google Scholar. Institutional material was obtained directly from the website of the World Health Organization, comprising the Nipah virus fact sheet and the research and development blueprint documentation on priority diagnostics and target product profiles for this pathogen (World Health Organization, 2019, 2026). Database searching was supplemented by author-specific searching for the small number of investigator groups that have generated most of the human clinical data on this infection, by examination of the reference lists of the recent diagnostic reviews identified in the search, by forward citation searching of the principal clinical series, and by related-article searching. Bibliographic details and digital object identifiers for every retained source were confirmed against Crossref and, for indexed biomedical literature, against the corresponding database record.
2.3 Search Strategy and Search Period
Six search concepts were developed from the review question and combined with Boolean operators. The first identified the pathogen and its genus, the second molecular detection technologies, the third serological methods and antibody classes, the fourth temporal descriptors, the fifth computational and explanation methods, and the sixth evaluation methodology for diagnostic tests and prediction models. Representative strings, expressed in the title-field syntax used for the biomedical searches, included the following. For the pathogen and molecular arm: ("Nipah" OR "henipavirus") AND ("RT-PCR" OR "real-time" OR "RT-qPCR" OR "molecular" OR "nucleic acid" OR "viral load" OR "LAMP" OR "CRISPR" OR "point-of-care"). For the serological arm: ("Nipah" OR "henipavirus") AND ("serolog*" OR "IgM" OR "IgG" OR "ELISA" OR "antibody" OR "seroprevalence" OR "neutralisation"). For the clinical and temporal arm: ("Nipah") AND ("outbreak" OR "clinical" OR "encephalitis" OR "kinetics" OR "survivors" OR "contacts" OR "Kerala" OR "Bangladesh"). For the computational arm: ("explainable" OR "interpretable" OR "explainable artificial intelligence") AND ("clinical" OR "diagnosis" OR "infectious" OR "healthcare"), and ("temporal fusion transformer" OR "multimodal" OR "data fusion" OR "irregularly sampled" OR "missing values") AND ("clinical" OR "prediction" OR "time series"). For the evaluation arm: ("latent class" OR "reference standard" OR "diagnostic accuracy" OR "calibration" OR "external validation") AND ("diagnostic test" OR "clinical prediction" OR "machine learning").
Searching covered publications from 1 January 1999 for the Nipah virus literature, the year in which the aetiological agent of the Malaysian outbreak was characterised and the first human diagnostic assays were described, and from 1 January 2015 for the computational literature, by which point attention-based sequence architectures and formal work on model explanation had begun to appear in health applications. The final search date was 27 July 2026. Foundational publications outside these windows were retained where they were conceptually or historically necessary, which applied principally to methodological work on diagnostic accuracy estimation and to consensus material on encephalitis case definitions.
2.4 Eligibility Criteria
Peer-reviewed journal articles were eligible if they reported original human clinical or laboratory data on Nipah virus diagnosis, analytical development or validation of NiV molecular or serological assays, methodological guidance relevant to diagnostic accuracy or prediction-model development and reporting, or development, validation or critical evaluation of temporal, multimodal or explainable modelling approaches in clinical medicine. Authoritative institutional documentation from the World Health Organization was eligible for statements on disease burden, priority status and diagnostic target specifications. Publications were required to be in English.
Sources were excluded if bibliographic identity or digital object identifier could not be confirmed, if publication metadata remained incomplete at the time of verification, if they consisted of conference abstracts without full methodological reporting, or if they were preprints for which peer-reviewed evidence on the same question was available. Purely computational studies of viral structure, molecular docking, epitope prediction and vaccine design were excluded as outside scope, as were ecological niche models of spillover risk and animal-only diagnostic studies, except where an animal or reservoir study was necessary to establish an assay characteristic relevant to human testing. Commentary and correspondence were excluded as evidence but were consulted where they identified methodological disputes.
2.5 Screening, Duplicate Handling and Study Selection
Titles and abstracts retrieved by each search were screened against the eligibility criteria, and full texts of potentially relevant records were examined. Because searches were conducted across overlapping indexes, duplicate records were identified by digital object identifier and, where an identifier was absent, by matching of title, first author and journal; a single record was retained for each publication, with metadata taken from the source that agreed with the publisher record. Where indexes disagreed on volume, issue, pagination or year, the Crossref registration and the publisher page were treated as authoritative and the corrected metadata were used. Publications for which registries disagreed irreconcilably on year or volume were not retained.
No screening counts are reported. Selection was purposive and iterative rather than exhaustive: candidate sources were retained on the basis of relevance to a specific analytical claim, methodological adequacy for that claim, and contribution to the argument, and searching continued within each concept until additional retrieval ceased to alter the assessment. Sources whose full text could not be accessed were not cited. Language restriction to English means that Nipah virus literature published in Bengali, Malayalam or Malay, and regionally indexed material not captured by the international indexes searched, may be under-represented.
2.6 Critical Appraisal and Evidence Synthesis
Appraisal was tailored to study type. Human clinical series were assessed for sample size and completeness, whether serial specimens were collected to a protocol or opportunistically, whether the day of illness was reported for each specimen, whether survivors and fatal cases were both represented, and whether the assay used as reference was distinguishable from the assay under evaluation. Assay development and validation studies were assessed for the nature of the material tested, since analytical sensitivity established on cultured virus or contrived specimens does not transfer directly to clinical performance; for whether limits of detection were reported with units permitting comparison; for whether an international standard was used; and for whether independent evaluation had been performed. Computational studies were assessed for sample size relative to model complexity, whether validation was internal or external, whether calibration as well as discrimination was reported, whether explanation claims were empirically supported or asserted, and whether reporting followed a recognised guideline. Formal risk-of-bias instruments were not applied, because the reporting in the clinical series is insufficiently detailed to support item-level scoring and because no recognised instrument fits the heterogeneous mixture of designs assembled here.
Themes were developed inductively from the retained evidence and then tested against it. Four organising themes emerged: the temporal structure of the diagnostic signal, the methodological constraints of the evidence base, the information loss imposed by threshold-based interpretation, and the modelling and explanation requirements of a temporally informed alternative. Where studies disagreed, the disagreement was attributed where possible to an identifiable difference in specimen matrix, assay, viral lineage, clinical phenotype or sampling schedule, and was otherwise reported as unresolved. Claims are graded in the text by the language used: established relationships are stated directly with supporting citations, relationships supported by single small series are identified as such, and relationships that follow from mechanistic reasoning without direct empirical support are labelled hypothesised.
3. The Temporal Structure of the Diagnostic Signal in Human Nipah Virus Infection
3.1 Molecular Detection Across Specimen Matrices and Days of Illness
Molecular detection has been the operational basis of NiV confirmation since the first TaqMan-format real-time RT-PCR assay targeting the nucleoprotein gene was described (Guillaume et al., 2004), and the nucleoprotein gene has remained the dominant target across subsequent assay generations (Garbuglia et al., 2023). Revised diagnostic quantitative protocols have been published for reference laboratory use (Patel et al., 2023), and an assay distinguishing replicative from input viral ribonucleic acid has been developed, which matters conceptually because nucleic acid positivity alone does not establish the presence of replicating virus (Jensen et al., 2018). Alternative amplification chemistries have been described, including reverse transcription loop-mediated isothermal amplification designed to cover all sequenced NiV strains (Ma et al., 2019) and a single-reaction recombinase polymerase amplification coupled to clustered regularly interspaced short palindromic repeats-associated nuclease detection (Miao et al., 2023). An immunochromatographic lateral flow assay using recombinant human ephrin B2 as the capture ligand and a NiV-specific monoclonal antibody on the conjugate pad has been reported for antigen detection in both NiV and Hendra virus, with a diagnostic specificity of 94.4% and no cross-reactivity against other viruses tested; corresponding sensitivity against clinical specimens was not established (Jia et al., 2025).
Two features of this literature constrain what can be inferred about performance during illness. The first is that analytical sensitivity is reported in units that resist comparison, and no international standard for NiV nucleic acid exists. Garbuglia et al. (2023) assembled the available figures and reported approximately 10^3 equivalent copies per reaction for conventional real-time formats, approximately 20 equivalent copies per reaction using an intercalating-dye chemistry, and a limit of detection of approximately 54 equivalent copies per reaction for a multiple-pathogen card array, while noting explicitly that absence of an international standard prevents meaningful comparison across methods. The second is that analytical sensitivity established on cultured virus or contrived material degrades when assays are transferred to field-deployable platforms. A recent field-ready workflow reported a limit of detection of 3.7 to 4.2 copies per microlitre on a benchtop instrument, rising to 30.7 copies per microlitre when the same chemistry was run on a battery-powered portable thermocycler, with instrument-free nucleic acid extraction producing results comparable to automated extraction on contrived whole blood and pharyngeal swabs (Nguyen et al., 2026). The direction of this trade-off is the relevant point: the platforms most likely to be available where spillover occurs are those with the least analytical headroom, and the patients in whom viral load is lowest are precisely those in whom that headroom matters.
Evidence on the duration of detectability in clinical specimens is sparse but internally consistent. In the Kozhikode outbreak of 2023, in which six cases were identified and two died, NiV ribonucleic acid was detected in clinical specimens up to post-onset day 14, with viral loads in the range 1.7 to 3.3 × 10^4 ribonucleic acid copies per millilitre (As et al., 2024). In the Bangladeshi series covering the 2023, 2024 and 2025 outbreaks, clearance of virus from the oropharyngeal space was observed to begin between the sixteenth and twentieth day after illness onset (Satter et al., 2026). The Kerala outbreak investigation of 2018 applied RT-qPCR across throat swab, blood, urine and CSF, confirming 18 of 23 identified cases and reporting a median incubation period of 9.5 days with a range of 6 to 14 days (Arunkumar, Chandni, et al., 2019). Detection in non-respiratory compartments extends beyond the acute illness: NiV ribonucleic acid persisted in the semen of a Kerala survivor after clinical recovery (Arunkumar, Abdulmajeed, et al., 2019). Taken together, these observations support a detectability window that opens at or before symptom onset and closes progressively during the second and third weeks, with matrix-dependent variation. They do not support quantitative statements about sensitivity by day of illness, because no study has sampled a defined cohort to a fixed schedule with all matrices collected at each time point.
3.2 Humoral Response Kinetics and the Immunoglobulin M to Immunoglobulin G Transition
Serological diagnosis of NiV infection was established early using IgM-capture and indirect IgG ELISA formats, alongside virus neutralisation testing that requires maximum containment (Daniels et al., 2001). Subsequent work has sought to move serology out of high-containment facilities. A neutralisation test employing pseudotyped vesicular stomatitis virus expressing green fluorescent protein permits specific detection of NiV-neutralising antibodies without handling live virus (Kaku et al., 2009), and antigen-capture ELISA formats using monoclonal antibodies against henipavirus antigens have been described (Chiang et al., 2010). Multiplexed microsphere immunoassays allow simultaneous screening for antibodies against several high-consequence viruses in human and animal sera (Surtees et al., 2020). Most recently, an indirect ELISA based on recombinant NiV glycoprotein G has been developed and qualified against the international standard for anti-Nipah virus antibodies, reporting 100% sensitivity and specificity relative to reference sera, intra-assay coefficients of variation between 0.36% and 5.73%, inter-assay variation of 4.16%, a lower limit of detection of 0.51 international units per millilitre and a lower limit of quantification of 0.98 international units per millilitre, on a platform compatible with biosafety level 2 containment (Alam et al., 2026). The existence of an international antibody standard, in contrast to the absence of a nucleic acid standard, produces an asymmetry that has not been widely remarked upon: serological results are in principle more comparable across laboratories than molecular ones, despite molecular assays occupying the higher position in diagnostic hierarchies.
The qualification of that assay illustrates a recurring interpretive problem. Sensitivity and specificity of 100% were established against reference sera, not against clinical specimens from patients of unknown status sampled at defined intervals during illness. Analytical concordance with a standard is a necessary property of a serological assay; it is not an estimate of clinical accuracy, and it says nothing about performance during the interval when antibody is beginning to appear. Garbuglia et al. (2023) reached the same conclusion from the opposite direction, observing that serological assays are used predominantly in seroprevalence studies precisely because their sensitivity in acute infection is lower than that of molecular methods.
The available kinetic data derive from very few patients. Serial sampling of the two survivors of the 2018 Kerala outbreak demonstrated detectable NiV-specific IgM and IgG within one week of disease onset, and established the temporal ordering that is central to this review: clearance of NiV ribonucleic acid from blood preceded the appearance of virus-specific IgG and coincided with the peak of activated CD8 T cells expressing Ki-67, granzyme B and programmed cell death protein 1 (Arunkumar, Devadiga, et al., 2019). An earlier report of a patient presenting late in the Malaysian outbreak described the kinetics of the humoral response in a case in which serology rather than virus detection provided the diagnosis (Wong et al., 2001). Comparative immune profiling of the three survivors of the 2023 Kerala outbreak, followed for up to four months after onset, identified lower initial viraemia, increased activated T-cell responses and expanded plasmablasts as candidate protective signatures, alongside persistent lymphopenia extending to the regulatory T-cell compartment (Sahay et al., 2024). Serological testing also detects infections that molecular testing does not: a serosurvey of 155 healthcare workers and 124 household and community contacts of 18 confirmed Kerala cases identified three subclinical infections, two with both IgM and IgG and one with IgM alone (Kumar et al., 2019). Late relapse presents a further interpretive complication, since relapsed and late-onset encephalitis has been documented months to years after initial infection or subclinical exposure, in patients whose serological status at that point reflects remote rather than current events (Tan et al., 2002).
3.3 The Crossover Interval and Its Diagnostic Consequences
The single most consequential observation in this literature is that the two assay families exchange informativeness over an interval that coincides with the period in which most patients present. Molecular detectability is declining from approximately the second week, while antibody is appearing from the end of the first. The evidence for the ordering is direct but thin: two survivors sampled serially in Kerala (Arunkumar, Devadiga, et al., 2019), one late-presenting patient in Malaysia (Wong et al., 2001), and a complete series of 22 Bangladeshi cases in which the pattern was cross-sectional rather than longitudinal (Satter et al., 2026).
That Bangladeshi series nevertheless provides the strongest available evidence that the joint pattern is informative beyond diagnosis. The overall case fatality among the 22 cases was 86%. Detectable viraemia at the time of diagnosis was associated with fatality in every instance, whereas among the four patients in whom viraemia was not detectable the case fatality was 25%. All survivors were IgG positive at diagnosis, compared with approximately one third of those who died. Eighteen of the 22 cases had a history of recent raw date palm sap consumption consistent with primary rather than secondary infection (Satter et al., 2026). The internal coherence of these figures with the immunological findings from Kerala is notable: in both settings, patients who had begun to mount a detectable IgG response, and in whom viraemia had cleared or had never been detected, fared better. Sahay et al. (2024) reported the concordant observation that lower initial viraemia distinguished survivors.
Several cautions apply before this is treated as an established prognostic relationship. The sample is 22 patients from one country, drawn from three consecutive outbreak seasons, and the comparison rests on four patients in the favourable stratum. The association between viraemia and death is not adjusted for time since onset, and since viraemia declines with illness duration while mortality is concentrated early, part of the apparent prognostic effect may reflect the stage at which patients reached diagnosis rather than an independent biological gradient. The same confounding applies in reverse to IgG positivity, which is both a marker of immune competence and a marker of survival long enough to seroconvert. Disentangling these possibilities requires the day of illness to be modelled explicitly, which is precisely the analytical step that no study has taken. The evidence is therefore sufficient to establish that molecular and serological results are temporally ordered and jointly associated with outcome, and insufficient to establish that either carries independent prognostic information once time since onset is accounted for.
Clinical phenotype adds a further temporal dimension. Kerala outbreaks have alternated between presentations dominated by acute encephalitis syndrome (AES) and those dominated by acute respiratory distress syndrome (ARDS), and the encephalitis-predominant events of 2019, 2021 and 2024 were not accompanied by observed person-to-person transmission, whereas the ARDS-predominant events of 2001, 2007, 2018 and 2023 were (Sahay et al., 2025). Since respiratory involvement determines oropharyngeal viral shedding, phenotype plausibly governs which specimen matrix is most informative at a given time, and the same nominal day of illness may correspond to different detectability profiles in encephalitic and respiratory presentations. Genomic work indicates that the two Bangladeshi sublineages differ in geographical distribution and in the frequency of respiratory distress, without differing significantly in age, sex, transmission route or mortality (Satter et al., 2025), and non-human primate studies established that the Bangladesh and Malaysia lineages differ in pathogenesis (Mire et al., 2016). Whether these differences translate into distinct diagnostic kinetics has not been examined.
Table 1 summarises the temporal behaviour of each marker against the evidence supporting it and the interpretive limitation attaching to each. The pattern it makes visible is that every reported temporal window derives from a series of fewer than twenty-five patients, that no window has been replicated across both endemic countries using a common assay, and that the intervals for molecular and serological positivity overlap by roughly one week. The table is not exhaustive of the NiV diagnostic literature; it reports the human clinical evidence from which temporal statements can legitimately be drawn.
Table 1. Temporal behaviour of molecular and serological markers in human Nipah virus infection, with supporting evidence and interpretive limitations
	Marker and specimen matrix
	Reported temporal behaviour
	Evidence base and scale
	Principal interpretive limitation
	Supporting references

	RT-qPCR, oropharyngeal or throat swab
	Detectable from around symptom onset; clearance from the oropharynx beginning day 16 to 20 after onset
	Complete series of 22 Bangladeshi cases, 2023 to 2025; 23-case Kerala outbreak investigation, 18 laboratory confirmed
	Sampling opportunistic rather than protocolised; clearance onset defined by last positive rather than by scheduled negative results
	Arunkumar, Chandni, et al. (2019); Satter et al. (2026)

	RT-qPCR, blood or serum
	Viraemia concentrated early; clearance from blood precedes appearance of virus-specific IgG
	Serial sampling of 2 Kerala survivors; cross-sectional viraemia status in 22 Bangladeshi cases
	Longitudinal ordering established in 2 patients only; both were survivors and therefore atypical of the case population
	Arunkumar, Devadiga, et al. (2019); Satter et al. (2026)

	RT-qPCR, any clinical specimen, quantitative
	Detected to post-onset day 14 at 1.7 to 3.3 × 10^4 copies per millilitre
	6-case Kozhikode outbreak, 2023, 2 deaths
	Single outbreak, single laboratory; no international nucleic acid standard permits comparison with other series
	As et al. (2024); Garbuglia et al. (2023)

	RT-qPCR, semen
	Ribonucleic acid persists after clinical recovery
	Single Kerala survivor
	Case report; prevalence, duration and infectivity undetermined
	Arunkumar, Abdulmajeed, et al. (2019)

	IgM by ELISA
	Detectable within one week of onset; present in subclinical infection
	2 Kerala survivors sampled serially; 3 subclinical infections among 279 screened contacts
	Assay formats and cut-offs differ across laboratories; timing of the earliest detectable signal not resolved
	Arunkumar, Devadiga, et al. (2019); Kumar et al. (2019)

	IgG by ELISA
	Detectable within one week of onset; present at diagnosis in all survivors and approximately one third of fatal cases
	2 Kerala survivors; 22 Bangladeshi cases
	Association with survival not adjusted for time since onset; seroconversion requires survival long enough to occur
	Arunkumar, Devadiga, et al. (2019); Satter et al. (2026)

	IgG by standardised glycoprotein G ELISA
	Quantifiable from 0.98 international units per millilitre; lower detection limit 0.51 international units per millilitre
	Analytical qualification against international standard and convalescent sera from Bangladesh
	Performance established against reference sera, not against clinical specimens of unknown status during acute illness
	Alam et al. (2026)

	Neutralising antibody
	Specific detection achievable without live virus using pseudotyped reporter virus
	Assay development and evaluation studies
	Not incorporated into routine acute diagnostic pathways; kinetics during acute human illness not characterised
	Kaku et al. (2009); Daniels et al. (2001)


Note. ELISA = enzyme-linked immunosorbent assay; IgG = immunoglobulin G; IgM = immunoglobulin M; RT-qPCR = reverse transcription quantitative polymerase chain reaction. Temporal statements reflect the highest-quality human evidence identified and are not pooled estimates.
4. Critical Appraisal of the Diagnostic Evidence Base
4.1 Study Designs and the Arithmetic of Rarity
The human evidence on NiV diagnosis is generated almost entirely by outbreak response rather than by prospective study. The largest single clinical series describes 23 identified cases (Arunkumar, Chandni, et al., 2019); others report 22 cases across three seasons (Satter et al., 2026), 12 patients presenting to one emergency department (Chandni et al., 2020), six cases in one district (As et al., 2024), three survivors profiled immunologically (Sahay et al., 2024) and two survivors sampled serially (Arunkumar, Devadiga, et al., 2019). Fourteen years of investigation in Bangladesh assembled the largest epidemiological dataset available, but for transmission rather than diagnostic purposes (Nikolay et al., 2019). Genomic characterisation across 2016 to 2023 rested on 21 new sequences added to 17 previously reported (Satter et al., 2025).
These numbers are not a criticism of the investigators, who work under extreme operational constraint, but they impose hard limits on inference. With cohorts of this size, no study can estimate sensitivity by day of illness with usable precision, no study can adjust a prognostic association for more than one covariate, and no study can detect interaction between specimen matrix and illness day. Sampling schedules were determined by when patients presented, when they were recognised as suspected cases, when transport to a containment laboratory could be arranged, and how long they survived. The resulting data are informatively rather than randomly incomplete, a property that has direct implications for modelling and that is examined in section 6.
A structural change is now underway. A protocol has been published for an observational cohort study of infectious AES including Nipah virus disease in Bangladesh, with defined enrolment criteria and specimen schedules (Hassan et al., 2025). Post-mortem surveillance has been implemented in Bangladesh as a means of detecting cases that die before they are recognised, extending ascertainment to the segment of the case population from which no longitudinal specimens can be obtained (Aquib, Rahman, et al., 2026). Networks of virus research and diagnostic laboratories have been established for surveillance of severe acute respiratory illness in Kerala and West Bengal (Sahay et al., 2025), and national laboratory surveillance for AES and Japanese encephalitis has been characterised across a decade (Abdulkader et al., 2025). Prospective protocolised sampling is the single development most likely to change what can be concluded, and it postdates every kinetic study cited above.
4.2 The Absence of an Adequate Reference Standard
Every statement about the sensitivity of a NiV assay in this literature rests on a reference standard that is either the same assay, a related assay from the same technological family, or a case definition that itself incorporates laboratory results. The Kerala investigation classified cases as laboratory confirmed on the basis of RT-qPCR, then described RT-qPCR findings within those cases (Arunkumar, Chandni, et al., 2019). The Bangladeshi series defined cases by molecular or serological positivity, then reported the distribution of molecular and serological results among them (Satter et al., 2026). This circularity is unavoidable given that no independent confirmation exists short of virus isolation, which requires maximum containment and is rarely attempted on clinical material, and it means that reported accuracy figures cannot be interpreted as unbiased estimates.
The methodological literature offers established responses that have not been applied to this pathogen. Latent class approaches estimate the accuracy of several imperfect tests simultaneously without designating any as the standard, and their assumptions, failure modes and sample-size requirements are well documented (Pepe & Janes, 2007; J. Collins & Huynh, 2014). Bayesian latent class models have been used to resolve analogous problems in tuberculosis, where culture sensitivity in children is poor and no adequate standard exists (Schumacher et al., 2016), and in melioidosis, where culture had long been treated as definitive (Limmathurotsakul et al., 2010). Reporting standards for such analyses exist (Kostoulas et al., 2017). Application to NiV would be demanding, because latent class estimation with two conditionally dependent tests and a small sample is close to the limit of identifiability, and because molecular and serological results are dependent through the very temporal mechanism under study rather than independently so. The requirement would therefore be for a model in which conditional dependence is structured by time since onset, which returns the problem to the temporal framework proposed in section 8. The point of substance is that the field has not treated the reference-standard problem as tractable, and it partially is.
4.3 Survivor Weighting of the Kinetic Evidence
The most serious and least discussed limitation of the kinetic literature is that it is drawn disproportionately from patients who survive. Serial sampling requires a patient to remain alive across multiple time points. With case fatality of 86% in the Bangladeshi series and 91% in the Kerala outbreak of 2018 (Arunkumar, Chandni, et al., 2019; Satter et al., 2026), the patients from whom longitudinal antibody and viral load trajectories have been obtained are, by construction, the atypical minority. The ordering of viraemia clearance and IgG appearance was established in two survivors (Arunkumar, Devadiga, et al., 2019); the immune signatures described as potentially protective were identified in three survivors (Sahay et al., 2024).
This has a specific consequence for the framework proposed in this review. If a model were trained on trajectories obtained from survivors and then applied to unselected suspected cases, the majority of whom will die, the training distribution would differ systematically from the deployment distribution in exactly the respect that determines the target quantity. This is a form of dataset shift, and one with a known mechanism rather than an unexplained one (Finlayson et al., 2021). It is partially addressable: cross-sectional data from fatal cases exist and are informative about the joint marker pattern at a single point (Satter et al., 2026), and post-mortem specimens extend ascertainment to patients who die before recognition. It is not addressable by more sophisticated modelling of the existing longitudinal data, and any proposal that claims otherwise should be treated sceptically.
4.4 Assay Heterogeneity, Standardisation and the Validation Deficit
The molecular literature is heterogeneous in target, chemistry, platform and reporting unit, and lacks an international nucleic acid standard against which analytical claims could be harmonised (Garbuglia et al., 2023). Limits of detection are reported variously as equivalent copies per reaction, copies per microlitre and copies per millilitre, sometimes without stating the extraction efficiency or input volume required to convert between them. Cycle threshold values are reported inconsistently and are not comparable across assays even when reported. The consequence for temporal modelling is direct: a quantitative viral load trajectory assembled from results generated by different assays in different laboratories is not a single variable, and treating it as one would introduce measurement error correlated with site.
The validation deficit is equally material. Target product profiles setting out use cases and performance requirements for NiV diagnostics were published to direct development effort (World Health Organization, 2019), yet the resulting landscape remains thin. A landscape analysis identified 43 commercial NiV tests, of which six held national regulatory approval; three molecular assays were designed for near-POC use and one lateral flow assay for true POC use; and of 28 relevant publications, 23 described test development or validation, only three reported independent evaluation or external quality assessment, and two described specimen inactivation protocols. Nine publications reported novel POC prototypes, comprising seven molecular assays, one antigen test and one ribozyme biosensor, with limited clinical performance data in every case (Mazzola et al., 2026). Mazzola and Kelly-Cirino (2019) had identified restricted access to clinical specimens as the binding constraint on validation and external quality assessment seven years earlier, and the constraint remains. Maximum containment requirements for handling live virus compound this, although assays operable at lower containment, including pseudotyped neutralisation tests and recombinant-antigen ELISA formats, partially relieve it (Kaku et al., 2009; Alam et al., 2026).
4.5 Geographical and Lineage Restriction
Contemporary human diagnostic evidence derives almost exclusively from Bangladesh and from Kerala. Malaysian and Singaporean data describe the 1998 to 1999 epizootic-associated outbreaks and were generated with assays that no longer represent current practice (Chua et al., 1999; Goh et al., 2000; Wong et al., 2001). The Siliguri outbreak in West Bengal was characterised serologically and molecularly in 2006 (Chadha et al., 2006), and eastern India has since been identified as an area of renewed concern. The lineages differ: Bangladesh and Malaysia isolates produce distinguishable disease in non-human primates (Mire et al., 2016), the two Bangladeshi sublineages differ in geographical spread and in frequency of respiratory distress (Satter et al., 2025), and Kerala isolates cluster within an Indian clade distinct from both (As et al., 2024). Clinical phenotype differs correspondingly between encephalitis-predominant and respiratory-predominant outbreaks (Sahay et al., 2025).
Any model developed on data from one setting therefore faces a transportability question that cannot be resolved by internal validation. External validation in a second country, and ideally against a second lineage, would be required before a temporally informed interpretation rule could be considered generalisable, and the methodological literature on external validation and its sample-size requirements sets out what this would demand (Riley et al., 2021; Riley et al., 2024).
Table 2 organises these limitations against their consequences for model development and the steps that would mitigate them. The distinction the table is intended to draw is between limitations that better analysis can address, such as the reference-standard problem and the treatment of informative missingness, and limitations that only new data collection can address, such as survivor weighting, lineage restriction and the absence of a nucleic acid standard. Conflating the two is the principal risk in this area, because it invites methodological sophistication to substitute for evidence.
Table 2. Methodological limitations across the human Nipah virus diagnostic literature and their consequences for temporally informed modelling
	Limitation
	Manifestation in the retained literature
	Consequence for model development
	Addressable by analysis or only by new data
	Supporting references

	Very small samples
	Largest clinical series 23 cases; kinetic trajectories from 2 and 3 survivors
	Precludes estimation of day-specific accuracy, covariate adjustment and interaction testing
	New data; prospective cohort protocols now published
	Arunkumar, Chandni, et al. (2019) and Arunkumar, Devadiga, et al. (2019); Sahay et al. (2024); Hassan et al. (2025)

	Circular reference standard
	Case status defined by the same assays whose performance is described
	Reported accuracy is not an unbiased estimate; supervised learning has no clean label
	Partly by analysis, using latent class models with time-structured conditional dependence
	Pepe and Janes (2007); J. Collins and Huynh (2014); Schumacher et al. (2016)

	Survivor weighting of longitudinal data
	Serial sampling feasible only in patients surviving multiple time points, who are 9% to 14% of cases
	Training distribution differs from deployment distribution by the mechanism determining the outcome
	New data, including post-mortem and early-fatality ascertainment
	Arunkumar, Chandni, et al. (2019) and Arunkumar, Devadiga, et al. (2019); Satter et al. (2026); Finlayson et al. (2021)

	Opportunistic sampling schedules
	Specimen timing determined by presentation, recognition and transport rather than protocol
	Missingness is informative and correlated with severity and access
	Partly by analysis, using models that represent missingness explicitly
	Che et al. (2018); Arunkumar, Chandni, et al. (2019)

	No international nucleic acid standard
	Limits of detection reported in non-comparable units across assays and platforms
	Quantitative viral load cannot be treated as one variable across sites
	New data; standard development required
	Garbuglia et al. (2023); Nguyen et al. (2026)

	Analytical rather than clinical validation of serology
	Sensitivity and specificity established against reference sera
	Serological performance during seroconversion remains unquantified
	New data, using clinical specimens with known day of onset
	Alam et al. (2026); Garbuglia et al. (2023)

	Scarcity of independent evaluation
	3 of 28 publications reported independent evaluation or external quality assessment; 6 of 43 commercial tests nationally approved
	Reported performance is largely developer-generated
	New data; specimen access is the binding constraint
	Mazzola and Kelly-Cirino (2019); Mazzola et al. (2026)

	Geographical and lineage concentration
	Contemporary evidence from Bangladesh and Kerala; lineages differ in pathogenesis and phenotype
	Transportability across settings and lineages unestablished
	New data; external validation in a second setting
	Mire et al. (2016); As et al. (2024); Satter et al. (2025); Sahay et al. (2025)

	Loss of analytical sensitivity on deployable platforms
	Limit of detection rising approximately eightfold from benchtop to portable thermocycler
	Model inputs generated at the point of need differ in error structure from those used in development
	New data; platform-specific characterisation
	Nguyen et al. (2026)


Note. Percentages for survivor proportion derive from reported case fatality of 86% and 91% in the two largest series. Assessment in the fourth column reflects the judgement developed in this section rather than a formal appraisal instrument.
5. Static Decision Rules and the Information They Discard
5.1 Case Definitions and Sequential Testing Algorithms
Diagnostic pathways for suspected NiV infection are constructed as sequential filters. A patient meeting a syndromic case definition, typically acute febrile illness with encephalopathy or respiratory distress in a person with a compatible exposure history, is tested by RT-qPCR on one or more specimens. A positive result confirms the case. A negative result prompts repeat molecular testing, a switch to serology, or exclusion, depending on local protocol and the time elapsed since onset. The World Health Organization describes the same architecture, identifying RT-qPCR of respiratory specimens, blood or CSF as the main diagnostic test and antibody detection by ELISA as usable in the later phase, and noting that Nipah virus infection cannot be distinguished from other causes of encephalitis or pneumonia without laboratory testing (World Health Organization, 2026).
This architecture reflects established practice in syndromic infectious disease diagnosis. The International Encephalitis Consortium consensus statement sets out case definitions and a tiered diagnostic algorithm for encephalitis, and the sequential structure it recommends has been widely adopted (Venkatesan et al., 2013). Enhanced surveillance in India demonstrated the value of extending such an algorithm: systematic application of a standardised panel to AES patients negative for Japanese encephalitis virus increased the proportion of cases with an identified aetiology 3.1-fold compared with standard care, from 12.9% to approximately 40% among patients providing both serum and CSF, and established scrub typhus and dengue virus as major contributors alongside Japanese encephalitis virus, which accounted for 17.7% of the 5786 patients enrolled between 2014 and 2016 (Ravi et al., 2022). National laboratory surveillance across 2014 to 2023 has since characterised the wider AES and Japanese encephalitis burden (Abdulkader et al., 2025). The lesson of that work is that algorithmic breadth improves aetiological yield. The lesson it does not teach, and which has not been pursued, is that algorithmic depth in the temporal dimension might do the same.
5.2 What Threshold-Based Interpretation Discards
A dichotomous test report retains one bit of information from a measurement process that generates considerably more. At least five quantities are produced during routine NiV testing and then set aside.
The first is the quantitative magnitude of the molecular signal. Viral loads of 1.7 to 3.3 × 10^4 copies per millilitre were reported from the 2023 Kozhikode outbreak (As et al., 2024), and viraemia status was prognostically informative in the Bangladeshi series (Satter et al., 2026), yet a result at the limit of detection and a result three orders of magnitude above it are reported identically. The second is the specimen matrix. Positivity in an oropharyngeal swab, in blood, in urine and in CSF carry different implications for stage of illness, transmission risk and compartmental involvement, and matrices were sampled differentially across outbreaks (Arunkumar, Chandni, et al., 2019). The third is the day of illness. Given that oropharyngeal clearance begins between days 16 and 20 and that ribonucleic acid has been detected to day 14 (As et al., 2024; Satter et al., 2026), a negative molecular result on day 3 and a negative result on day 18 have substantially different evidential weight, and are recorded identically. The fourth is the quantitative serological signal. Optical density ratios, and increasingly standardised concentrations in international units per millilitre (Alam et al., 2026), are reduced to positive or negative at a fixed cut-off, discarding the magnitude that distinguishes early seroconversion from established response. The fifth is the joint pattern across assays. The combination of detectable viraemia with absent IgG, which in the Bangladeshi series was associated with universal fatality, is not represented anywhere in a report that lists two independent results (Satter et al., 2026).
The consequences of discarding temporal information are not hypothetical, because they were quantified for another respiratory virus. The probability of a false-negative RT-PCR result for severe acute respiratory syndrome coronavirus 2 was shown to vary markedly with time since exposure, such that a fixed interpretation of a negative result produced systematically different error rates at different points in the illness (Kucirka et al., 2020), and explicit temporal framing of both molecular and serological test interpretation was required to prevent misclassification (Sethuraman et al., 2020). That literature developed under conditions of extraordinary data abundance. For NiV, where fewer than a hundred cases have been characterised diagnostically in the modern era, the same reasoning applies with greater force and less evidence.
5.3 Comparison of Interpretive Paradigms
The alternative to threshold-based interpretation is not the abandonment of thresholds but their replacement by a probability that is conditional on everything known. Under a temporally informed interpretation, a negative molecular result obtained on day 18 from an oropharyngeal swab in a patient with rising IgG would update the probability of infection differently from an identical result obtained on day 3 in a seronegative patient, and the output would be a calibrated probability accompanied by an interval rather than a categorical determination. This is the structure of a diagnostic prediction model rather than of a test, and it brings with it the evaluation requirements of prediction models: calibration must be assessed alongside discrimination, because a model that ranks patients correctly but assigns miscalibrated probabilities can reduce net clinical benefit relative to no model at all (Van Calster & Vickers, 2015).
Two qualifications are essential. First, a probabilistic output is more demanding of the user, not less, and there is no evidence that clinicians managing a suspected high-consequence infection in a district hospital can act on a calibrated probability more effectively than on a categorical result. Second, the informational advantage of temporal fusion is an expectation derived from the structure of the data, not a demonstrated gain. No study has compared a temporally informed rule against current practice for this infection, and none can until serial specimens linked to the day of onset are available in sufficient number.
Table 3 sets the two paradigms against each other across the dimensions on which they differ, and records the evidential status of each claimed advantage. The purpose of the comparison is to separate what follows logically from the structure of the data, such as the fact that a negative result carries different information at different illness days, from what would require empirical demonstration, such as any improvement in patient-relevant outcomes. Every entry in the final column of that table that reads as hypothesised marks a claim that the present review does not support and that the framework in section 8 is designed to test.
Table 3. Comparison of threshold-based and temporally informed interpretation of molecular and serological results in suspected Nipah virus infection
	Dimension
	Threshold-based interpretation as currently practised
	Temporally informed interpretation
	Evidential status of the temporally informed claim
	Supporting references

	Unit of inference
	Independent result per assay per specimen
	Single posterior probability conditional on all results to date
	Follows from the structure of the data; not yet implemented for this pathogen
	Sethuraman et al. (2020); Satter et al. (2026)

	Treatment of day of illness
	Recorded but not used in inference
	Explicit conditioning variable
	Established that detectability varies with illness day; magnitude of variation unquantified
	As et al. (2024); Satter et al. (2026)

	Treatment of quantitative signal
	Reduced to positive or negative at a fixed cut-off
	Retained as a continuous predictor
	Established that viral load varies across cases and that viraemia status is prognostically associated
	As et al. (2024); Sahay et al. (2024); Satter et al. (2026)

	Treatment of specimen matrix
	Results reported separately without integration
	Matrix as a covariate modifying the interpretation of each result
	Plausible; differential matrix sampling documented but matrix-specific kinetics not characterised
	Arunkumar, Chandni, et al. (2019); Garbuglia et al. (2023)

	Treatment of the joint marker pattern
	Not represented
	Joint pattern as a derived state with diagnostic and prognostic meaning
	Supported by one complete series of 22 cases; not adjusted for time since onset
	Arunkumar, Devadiga, et al. (2019); Satter et al. (2026)

	Handling of a negative result
	Uniform interpretation irrespective of timing
	Interpretation weighted by the probability that the specimen was taken within the detectable window
	Established in principle for another virus; unquantified for Nipah virus
	Kucirka et al. (2020)

	Guidance on repeat testing
	Protocol-driven fixed intervals
	Model-derived expected information gain from a specimen at a stated interval and matrix
	Hypothesised; no supporting evidence for this pathogen
	Lim et al. (2021); Kapral et al. (2024)

	Output form
	Categorical determination
	Calibrated probability with an uncertainty interval
	Requires calibration assessment; miscalibration can reduce net benefit
	Van Calster and Vickers (2015); Kompa et al. (2021)

	Effect on patient-relevant outcomes
	Current standard of care
	Unknown
	Hypothesised; no comparative study exists
	Vasey et al. (2022)


Note. IgG = immunoglobulin G. Evidential status reflects the appraisal developed in sections 3 and 4. Entries marked hypothesised identify claims that the present review does not support.
6. Temporal and Multimodal Fusion Architectures and Their Applicability
6.1 Representing Sparse, Irregular Diagnostic Trajectories
The data structure generated by NiV outbreak investigation is a short, irregularly spaced multivariate sequence with extensive and non-random missingness. A patient may contribute one oropharyngeal swab and one serum sample on the day of admission, a second swab three days later, and nothing further. Missingness carries information: a patient with a single specimen is more likely to have died early or to have presented at a facility without transport arrangements to a containment laboratory, and a patient with several specimens is more likely to have survived and to have been managed at a referral centre.
Methods designed for this structure exist. Recurrent architectures that incorporate the time elapsed since the last observation and treat the missingness pattern as an input rather than a nuisance have been shown to outperform imputation-then-model approaches on clinical time series, precisely because informative missingness is exploited rather than erased (Che et al., 2018). Reviews of deep imputation for health time series document the trade-offs among alternative strategies and the conditions under which each is defensible (Kazijevs & Samad, 2023). For a dataset of tens of patients, however, the capacity of such architectures exceeds the information available, and the practical implication runs the other way: the representational insight is worth adopting, in the form of explicit indicators for observation timing and availability, while the architecture itself is not.
The unit of analysis requires care. Modelling the patient-day introduces strong within-patient correlation across very few patients. Modelling the specimen loses the longitudinal structure that motivates the exercise. A defensible intermediate is a patient-level state that is updated as each result arrives, which corresponds to a dynamic or landmark formulation rather than to a single cross-sectional model, and which permits the same patient to receive different probabilities at different points without treating those probabilities as independent observations.
6.2 Attention-Based Multi-Horizon Models
Attention-based sequence architectures have been developed specifically to make multivariate temporal prediction inspectable. The temporal fusion transformer combines variable-selection networks, which learn which inputs matter, with interpretable multi-head attention over time, which indicates which past time points contribute to a given prediction, and with quantile outputs that express predictive uncertainty directly (Lim et al., 2021). Clinical application has followed: temporal fusion transformer models for continuous intraoperative blood pressure forecasting were developed and externally validated, which is the relevant precedent because external validation is rare in this literature (Kapral et al., 2024). Related work has demonstrated real-time dual prediction of intradialytic hypotension and hypertension using an explainable deep learning model (Yun et al., 2023), and simultaneous forecasting of vital sign trajectories in intensive care has been reported using comparable architectures (He & Chiang, 2025).
The structural fit to the NiV problem is close. Variable selection would indicate whether molecular or serological inputs dominate at a given illness day; temporal attention would indicate which prior specimens drive the current estimate; and quantile outputs would express the wide uncertainty appropriate to a model trained on tens of patients. The evidential fit is poor. Every clinical application cited above was developed on thousands to tens of thousands of patient records. Applying an architecture of this class to a NiV dataset of the size that exists would produce a model whose apparent interpretability is an artefact of overfitting, and whose attention weights would vary substantially across resampled training sets. The appropriate conclusion is that attention-based temporal fusion is the correct target architecture for a mature evidence base and the wrong choice for the present one.
6.3 Fusion Strategy and Modality Availability
Multimodal machine learning in health has been surveyed systematically, and the taxonomy of early, intermediate and late fusion, together with the conditions favouring each, is established (Kline et al., 2022). Early fusion concatenates raw features and requires all modalities to be present. Late fusion combines modality-specific predictions and tolerates missing modalities at the cost of discarding cross-modality interaction. Intermediate fusion learns a joint representation while retaining modality-specific pathways.
For NiV the governing constraint is that single-modality availability is the norm rather than the exception. Many patients contribute a molecular result without a paired serological result, or the reverse, and the pairing is itself informative about illness stage and access. Early fusion is therefore unsuitable. Late fusion is robust but would discard exactly the cross-modality interaction that motivates the review, namely the joint viraemia-and-IgG pattern that carries prognostic weight (Satter et al., 2026). Intermediate fusion with explicit modality-availability indicators, permitting the model to condition on which modalities are present rather than requiring imputation of absent ones, is the strategy most consistent with both the data structure and the analytical objective. This is a design inference from the data structure, not a finding, and it has not been tested for this application.
6.4 Sample Size, Transfer and the Limits of Architectural Solutions
The quantity of usable data is the binding constraint. Fewer than one hundred human NiV cases have been characterised with both molecular and serological results in the modern diagnostic era, distributed across two countries, at least three lineages and two clinical phenotypes, and generated using non-harmonised assays. Minimum sample size requirements for external validation of a prediction model with a binary outcome have been formalised, and the numbers required for reliable estimation of calibration exceed what exists by a considerable margin (Riley et al., 2021). Guidance on the conduct and interpretation of external validation makes the same point from the design side (Riley et al., 2024).
Three responses are available, none of them sufficient alone. The first is to restrict model complexity severely, using hierarchical Bayesian or penalised temporal formulations in which prior information about assay characteristics and immunological ordering does part of the work that data cannot, and in which uncertainty is propagated honestly rather than concealed. The second is to pool data across countries. Federated approaches permit model training across institutions without transferring individual records, which addresses the governance and sovereignty obstacles to pooling specimens or patient data across national boundaries, and has been demonstrated at scale for outcome prediction across many sites during a pandemic (Rieke et al., 2020; Dayan et al., 2021). Federated training does not create statistical information that does not exist; it removes an administrative barrier to using the information that does. The third is to accept a narrower target. A model that estimates the probability that a specimen taken at a given illness day and matrix will be informative is a more modest and more estimable quantity than a model that classifies infection status, and would be useful in its own right for specimen scheduling.
Machine learning has already contributed to NiV diagnostics in a different mode. Computational design of nucleic acid detection assays has been used to generate highly sensitive diagnostics across diverse viral targets, an application in which the training data are sequences rather than patients and in which data scarcity at the patient level is therefore not limiting (Metsky et al., 2022). This illustrates a general point about where artificial intelligence can and cannot help in high-consequence, low-incidence infections: assay design, genomic surveillance and reservoir modelling are data-rich; patient-level diagnostic inference is not (Guo et al., 2023; Chu et al., 2023).
7. Explainability as a Requirement Rather than an Accessory
7.1 What Explanation Methods Deliver and What They Do Not
Explainable artificial intelligence encompasses methods intended to render model behaviour inspectable. Additive feature attribution based on cooperative game theory provides local explanations with defined consistency properties and has been applied to clinical prediction, including real-time prediction of intraoperative hypoxaemia with accompanying attributions (Lundberg et al., 2018), and extended to efficient exact computation for tree ensembles with aggregation into global explanations (Lundberg et al., 2020). Systematic reviews document a decade of application across healthcare domains (Loh et al., 2022) and survey methods specific to tabular and time series data, which is the relevant category here (Di Martino & Delmastro, 2023). Applications to longitudinal clinical prediction include models for acute critical illness from electronic health records (Lauritsen et al., 2020) and for early sepsis detection (Yang et al., 2020), and a systematic review of interpretable models in critical care documents both the volume of this work and the unevenness of its evaluation (Athukorala & Ilmini, 2026).
The critical literature is substantial and should temper any claim that explanation resolves the problem of opacity. Post hoc attribution methods have been argued to be insufficiently reliable to justify individual clinical decisions, on the grounds that explanations for a single prediction are not verifiable against ground truth, that different methods can produce divergent attributions for the same prediction, and that the appearance of transparency may substitute for the rigorous validation that would actually establish trustworthiness (Ghassemi et al., 2021). This argument does not imply that explanation is worthless; it implies that its function is auditing and error detection at the level of the model rather than justification at the level of the individual patient. Calls for explainable methods in clinical microbiology and infectious diseases have emerged recently and largely accept this framing (Warrier et al., 2026; Cao et al., 2026; Giacobbe et al., 2023).
7.2 Evidence on Explanation and Clinician Behaviour
Whether explanation improves decisions is an empirical question with mixed answers. A systematic review of how explainable artificial intelligence affects clinician trust concluded that explanations can either increase or decrease trust, and that the direction depends on the explanation format, the clinician's domain expertise and whether the explanation is congruent with clinical reasoning; inappropriate increases in trust were documented alongside appropriate ones (Rosenbacke et al., 2024). Automation bias in clinical decision support driven by artificial intelligence has been identified as a specific mechanism of harm, in which incorrect model output is accepted because it is presented authoritatively (Khera et al., 2023). Communication of predictive uncertainty has been argued to be a necessary component of any clinical machine learning output, and its omission a substantive defect rather than a presentational one (Kompa et al., 2021).
For NiV these findings carry particular weight because the decision context is unusually coercive. A clinician facing a suspected case in a district hospital in Kerala or Rajshahi must decide within hours whether to institute barrier nursing, isolate contacts and notify public health authorities, on the basis of a laboratory result that may take a further day to arrive from a distant containment facility. Under those conditions the risk of automation bias is elevated, because the model output may be the only quantitative input available, and the cost of both error directions is high: a false negative permits nosocomial amplification of the kind documented repeatedly in this disease (Chandni et al., 2020; Nikolay et al., 2019), while a false positive consumes isolation capacity and imposes stigma whose personal, familial and economic consequences have been documented in qualitative work with Bangladeshi survivors (Mondal et al., 2026).
7.3 Explanation Requirements Specific to This Setting
Three requirements follow that are not generic. The first is that explanation must address timing rather than only feature importance. The clinically actionable question is not which variable contributed most but whether the current negative result should be believed given when the specimen was taken, and whether a repeat specimen at a stated interval and matrix would change the estimate. Variable-selection and temporal-attention outputs of the kind provided by attention-based architectures are structurally capable of addressing this (Lim et al., 2021), although as argued in section 6 the architecture is premature for the available data.
The second is that explanation must be evaluated against known biology as a falsification test rather than presented as a validation. If a model trained on NiV data assigns weight to a pattern inconsistent with the established ordering of viraemia clearance and IgG appearance (Arunkumar, Devadiga, et al., 2019; Satter et al., 2026), that is evidence of a defect in the model or the data. Agreement with known biology does not establish correctness, since a model can reproduce a known relationship while failing on the cases that matter, but disagreement is diagnostic. Using explanation in this auditing role is consistent with the critical literature (Ghassemi et al., 2021).
The third is that fairness and transportability must be audited explicitly. Algorithmic fairness in medical artificial intelligence has been reviewed comprehensively, and the mechanisms by which models underperform in subgroups under-represented in training data are well characterised (Chen et al., 2023). For NiV the relevant subgroups are identifiable in advance: children, who constituted a substantial share of Bangladeshi cases with a median age of 17 years among sequenced cases and 21 years across the recent series (Satter et al., 2025; Satter et al., 2026); patients presenting to peripheral facilities where specimen timing is later and platform sensitivity lower (Nguyen et al., 2026); and patients infected with lineages other than those represented in training data (Mire et al., 2016; As et al., 2024). Work on artificial intelligence for health systems in low- and middle-income countries documents both the opportunity and the recurrent failure to evaluate performance in the settings where deployment is intended (Schwalbe & Wahl, 2020; Ciecierski-Holmes et al., 2022).
Table 4 maps the decision needs arising in suspected NiV infection onto candidate explanation outputs, and states for each what it can legitimately support and what it cannot establish. The distinction the table enforces is between explanation as an aid to model auditing and specimen scheduling, which the evidence supports, and explanation as justification for acting on an individual prediction, which it does not. Framing the requirement this way also clarifies what would need to be measured in an early-stage clinical evaluation, since the reporting guidance for such evaluations expects the intended role of the output in the clinical workflow to be specified in advance (Vasey et al., 2022).
Table 4. Decision needs in suspected Nipah virus infection mapped to candidate explanation outputs and their evidential limits
	Decision need
	Candidate explanation output
	What the output can legitimately support
	What the output cannot establish
	Supporting references

	Should a negative molecular result be accepted as excluding infection
	Contribution of illness day and specimen matrix to the current probability, with uncertainty interval
	Recognition that a negative result late in illness is weak evidence of absence
	That the individual patient is uninfected
	Kucirka et al. (2020); Ghassemi et al. (2021); Kompa et al. (2021)

	When and from which matrix should a repeat specimen be taken
	Expected change in the probability estimate for a specimen at a stated interval and matrix
	Rational specimen scheduling under constrained transport and containment capacity
	That the recommended schedule improves patient outcomes
	Lim et al. (2021); Kapral et al. (2024); Vasey et al. (2022)

	Is the patient at high risk of early deterioration
	Relative contribution of viraemia status and serological status to the risk estimate
	Triage of supportive care and monitoring intensity where capacity is limited
	An independent causal contribution of either marker once illness day is accounted for
	Sahay et al. (2024); Satter et al. (2026)

	Is the model behaving consistently with known immunology
	Global attribution patterns compared with the established ordering of viraemia clearance and IgG appearance
	Detection of model or data defects during development and post-deployment monitoring
	Model correctness, since agreement with known biology is not sufficient
	Arunkumar, Devadiga, et al. (2019); Lundberg et al. (2020); Ghassemi et al. (2021)

	Does the model perform equitably across the population it will serve
	Subgroup-stratified calibration and attribution for children, peripheral facilities and non-represented lineages
	Identification of subgroups in which the model should not be used
	Equitable performance in subgroups absent from the development data
	Chen et al. (2023); Ciecierski-Holmes et al. (2022)

	Should the clinician override the model
	Explicit presentation of predictive uncertainty alongside the point estimate
	Calibrated reliance, with wide intervals signalling low informativeness
	Protection against automation bias, which requires workflow design rather than explanation alone
	Khera et al. (2023); Rosenbacke et al. (2024)


Note. IgG = immunoglobulin G. All entries assume a model developed to the reporting and evaluation standards described in section 8; none is supported by evidence specific to Nipah virus at present.
8. A Proposed Dynamic Diagnostic Framework
8.1 Rationale and Overall Structure
The framework set out here is derived from the synthesis in sections 3 to 7 rather than imported from another domain. Its premise is that the information required to interpret NiV diagnostic results temporally is already generated in routine outbreak practice and is already recorded, but is not used. Day of symptom onset is collected for every case because it is needed for incubation period estimation and contact tracing (Arunkumar, Chandni, et al., 2019). Specimen matrix is recorded on every request form. Quantitative molecular output exists in the instrument record even when only a categorical result is reported (As et al., 2024). Serological magnitude is produced by every ELISA run and is increasingly expressible in standardised units (Alam et al., 2026). Clinical phenotype and exposure history are documented during investigation (Sahay et al., 2025; Satter et al., 2026). The framework therefore requires no new specimen, no new assay and no new instrument; it requires that existing variables be linked, retained and modelled.
Figure 1 presents the framework in two panels. Panel A depicts the temporal separation of the two modalities with the empirical anchors identified in section 3, and is explicitly schematic: the curves illustrate the relationship established by the cited studies and are not fitted to data, since no dataset exists from which they could be fitted. Panel B specifies the framework itself, distinguishing pathways supported by the reviewed evidence from outputs that remain hypothesised.
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Figure 1. Conceptual framework for temporally informed interpretation of molecular and serological results in suspected Nipah virus infection. Panel A shows the schematic temporal separation of the two diagnostic modalities, with the empirical anchors identified in the reviewed clinical literature; the curves are illustrative of the relationship reported in those studies and are not fitted to data. Panel B shows the proposed framework. Solid arrows indicate pathways supported by the reviewed evidence; dashed arrows indicate outputs that are hypothesised and that require prospective evaluation. CSF = cerebrospinal fluid; IgG = immunoglobulin G; IgM = immunoglobulin M; IU = international units; OD = optical density; RT-qPCR = reverse transcription quantitative polymerase chain reaction. The framework was developed from the synthesis presented in this review and is not adapted from prior published work.
8.2 Inputs, State Representation and Outputs
The inputs comprise days since symptom onset, specimen matrix, quantitative molecular result with the assay and platform identified, IgM and IgG magnitude in standardised units where available, clinical phenotype classified as encephalitic or respiratory predominant, routine laboratory indices obtained during admission, and exposure history covering raw date palm sap consumption, contact with a confirmed case and proximity to a known Pteropus roost. Assay and platform identity are treated as inputs rather than as nuisance variables, because the analytical sensitivity differences documented between benchtop and portable instruments are large enough to alter the interpretation of a negative result (Nguyen et al., 2026).
The state representation treats each patient as an irregular sequence with explicit indicators for observation timing and for which modalities are available at each point, following the principle that missingness in clinical time series is informative and should be modelled rather than imputed away (Che et al., 2018; Kazijevs & Samad, 2023). Fusion is intermediate rather than early or late, retaining modality-specific pathways so that a patient contributing only a molecular result can be processed without imputation of a serological result, while cross-modality interaction remains representable (Kline et al., 2022).
Three outputs are specified. The first is the posterior probability of infection given all results to date, which is the output for which the strongest evidential case exists, because the temporal ordering on which it depends is established (Arunkumar, Devadiga, et al., 2019; Satter et al., 2026). The second is the expected information gain from a repeat specimen at a stated interval and matrix, which is hypothesised: no evidence establishes that a model could identify the optimal repeat interval, and the quantity would need to be validated against observed changes in diagnostic status. The third is prognostic stratification derived from the joint viraemia and IgG pattern, which is likewise hypothesised at the level of an adjusted independent association, although the unadjusted association is documented (Sahay et al., 2024; Satter et al., 2026).
8.3 Model Class, Evaluation and Governance
Model class should follow the evidence rather than the ambition. With fewer than one hundred characterised cases, hierarchical Bayesian or penalised temporal formulations are appropriate, with informative priors encoding assay limits of detection and the established immunological ordering, and with predictive intervals reported rather than point estimates alone (Kompa et al., 2021). Attention-based multi-horizon architectures of the temporal fusion transformer family become appropriate only when pooled multi-country data reach a scale comparable with the clinical applications in which they have been validated (Lim et al., 2021; Kapral et al., 2024). Federated training across Bangladeshi and Indian institutions offers a route to that scale without transfer of individual records, and has precedent in multi-site clinical prediction (Rieke et al., 2020; Dayan et al., 2021).
Evaluation requirements are stringent and largely non-negotiable. Calibration must be assessed alongside discrimination, because a miscalibrated model can reduce net benefit relative to using no model (Van Calster & Vickers, 2015). External validation in a setting and lineage not represented in development is necessary before any claim of generalisability, and the design and sample-size requirements for such validation are established (Riley et al., 2021; Riley et al., 2024). Because the reference standard is imperfect and the two modalities are conditionally dependent through the temporal mechanism itself, accuracy estimation should use latent class formulations in which dependence is structured by illness day rather than assumed away (Pepe & Janes, 2007; J. Collins & Huynh, 2014; Kostoulas et al., 2017).
Reporting and governance should follow existing standards rather than improvised ones. Development and validation should be reported in accordance with the updated guidance for prediction models using regression or machine learning (G. S. Collins et al., 2024), with the minimum information checklist for clinical artificial intelligence modelling applied to the computational components (Norgeot et al., 2020). Any move towards clinical use should proceed through early-stage clinical evaluation as specified for artificial-intelligence-driven decision support, with the intended role in the workflow, the human factors of the interface and the safety monitoring plan defined in advance (Vasey et al., 2022). Regulatory pathways for artificial intelligence in health are evolving and would apply to any product-form implementation (Warraich et al., 2025). Subgroup-stratified performance should be reported for children, for patients diagnosed at peripheral facilities and for lineages under-represented in development, in line with established practice in algorithmic fairness assessment (Chen et al., 2023; Ciecierski-Holmes et al., 2022).
8.4 Feasibility and What Would Falsify the Proposal
Feasibility rests on three conditions. The first is prospective, protocolised serial specimen collection linked to the day of onset, which the published Bangladeshi cohort protocol would provide if implemented at scale (Hassan et al., 2025), and which the Indian laboratory surveillance networks could support (Sahay et al., 2025; Abdulkader et al., 2025). The second is assay harmonisation, requiring an international nucleic acid standard analogous to the existing antibody standard (Alam et al., 2026; Garbuglia et al., 2023). The third is a governance arrangement permitting cross-border pooling or federated analysis, which is an institutional rather than a technical problem.
The proposal is falsifiable in specific ways, and stating them is part of its purpose. If prospective data show that the crossover interval is so brief or so variable between patients that conditioning on illness day adds negligible information beyond the raw results, the framework fails at its foundation. If the prognostic association between the joint marker pattern and outcome disappears once illness day is adjusted for, the third output loses its rationale. If model-derived specimen scheduling does not outperform fixed-interval protocols in a prospective comparison, the second output should be abandoned. If explanation outputs prove to be unstable across resampled training sets, which is the expected failure mode at small sample sizes, the explanation layer should not be presented to clinicians at all (Ghassemi et al., 2021). Each of these is testable, and each would be testable earlier and more cheaply than the full framework.
Table 5 lists the framework components against their evidential status and the validation each would require. The pattern the table makes explicit is that the established components are those concerning inputs and temporal ordering, whereas everything concerning incremental performance gain is hypothesised. This asymmetry is the honest position of the field, and any implementation proposal that does not reproduce it should be treated as overstating the evidence.
Table 5. Components of the proposed dynamic diagnostic framework, with evidential status and required validation
	Component
	Specification
	Evidential status
	Validation required before use
	Supporting references

	Day of illness as a conditioning variable
	Days since symptom onset entered as a continuous predictor modifying the interpretation of every result
	Established that detectability varies with illness day
	Estimation of day-specific detection probability from protocolised serial sampling
	As et al. (2024); Satter et al. (2026); Hassan et al. (2025)

	Quantitative molecular input
	Copies per millilitre retained with assay and platform identity recorded
	Established that viral load varies across cases; platform sensitivity differences documented
	Harmonisation against an international nucleic acid standard
	Garbuglia et al. (2023); Nguyen et al. (2026); As et al. (2024)

	Quantitative serological input
	IgM and IgG magnitude in international units where an international standard applies
	Established analytically; clinical performance during seroconversion unquantified
	Characterisation against clinical specimens of known onset day
	Alam et al. (2026); Garbuglia et al. (2023)

	Modality-availability and timing indicators
	Explicit representation of which specimens exist and when, without imputation of absent modalities
	Plausible; informative missingness established in clinical time series generally
	Demonstration that explicit representation outperforms imputation in this dataset
	Che et al. (2018); Kazijevs and Samad (2023)

	Intermediate fusion architecture
	Modality-specific pathways feeding a joint representation
	Plausible design inference from single-modality availability
	Comparison against late fusion in prospective data
	Kline et al. (2022); Satter et al. (2026)

	Posterior probability of infection
	Calibrated probability conditional on all results to date
	Hypothesised as an improvement; temporal ordering on which it rests is established
	Calibration and discrimination with external validation in a second setting and lineage
	Arunkumar, Devadiga, et al. (2019); Riley et al. (2021, 2024); Van Calster and Vickers (2015)

	Expected information gain from a repeat specimen
	Predicted change in the estimate for a specimen at a stated interval and matrix
	Hypothesised; no supporting evidence for this pathogen
	Prospective comparison against fixed-interval repeat testing protocols
	Lim et al. (2021); Kapral et al. (2024); Vasey et al. (2022)

	Prognostic stratification
	Risk estimate derived from the joint viraemia and IgG pattern
	Unadjusted association established in one series of 22 cases; independence from illness day unestablished
	Adjustment for illness day in a larger multi-country dataset
	Sahay et al. (2024); Satter et al. (2026)

	Explanation layer
	Temporal attribution and variable-selection weights with explicit uncertainty
	Contested; explanation may increase or decrease appropriate reliance
	Stability assessment across resampled training sets and evaluation of effect on clinician decisions
	Ghassemi et al. (2021); Rosenbacke et al. (2024); Khera et al. (2023)

	Accuracy estimation method
	Latent class formulation with conditional dependence structured by illness day
	Established methodology; not yet applied to this pathogen
	Identifiability assessment at realistic sample sizes
	Pepe and Janes (2007); J. Collins and Huynh (2014); Kostoulas et al. (2017)


Note. IgG = immunoglobulin G; IgM = immunoglobulin M. Evidential status categories are established, plausible and hypothesised, as defined in section 2.6.
9. Future Directions
The priorities set out below are ordered by the extent to which each unblocks the others rather than by disciplinary interest. The first three are immediate in the sense that they can begin with existing infrastructure; the remainder depend on their completion.
The first and rate-limiting priority is prospective serial specimen collection linked to the day of symptom onset in every suspected case, including those who die early. The unresolved problem is that no dataset exists from which day-specific detection probabilities can be estimated for either modality, and the kinetic evidence that does exist derives from two and three survivors in a disease with case fatality above 80% (Arunkumar, Devadiga, et al., 2019; Sahay et al., 2024; Satter et al., 2026). Current evidence is inadequate not because it is poorly analysed but because it was never designed to answer this question. The appropriate design is a multi-site prospective observational cohort with a fixed sampling schedule covering oropharyngeal, blood and, where clinically indicated, CSF specimens, enrolling all patients meeting the syndromic case definition rather than only confirmed cases, so that test-negative patients contribute to the denominator. The published Bangladeshi AES cohort protocol provides an implementable template (Hassan et al., 2025), and the Indian laboratory surveillance networks supply the second site required for external validation (Sahay et al., 2025; Abdulkader et al., 2025). Outcome measures should include detection status by day and matrix, quantitative viral load, standardised antibody concentration, and survival to hospital discharge. Post-mortem ascertainment should be integrated so that the fatal majority is represented (Aquib, Rahman, et al., 2026). Without this, every subsequent priority remains speculative.
The second immediate priority is development and distribution of an international standard for NiV nucleic acid. The unresolved problem is that molecular results generated in different laboratories are not comparable, with limits of detection reported in mutually unconvertible units (Garbuglia et al., 2023). This is not an analytical problem and cannot be solved by modelling. An antibody standard already exists and has been used to qualify a glycoprotein G ELISA (Alam et al., 2026), which demonstrates both the feasibility and the benefit. The appropriate work is reference material preparation and collaborative study, on the model used for other high-consequence pathogens, with participation by the containment laboratories in both endemic countries. The direct consequence would be that quantitative viral load could be treated as a single variable across sites, which is a precondition for pooled temporal modelling.
The third immediate priority is retrospective assembly and harmonisation of existing outbreak datasets under a shared data model. The unresolved problem is that the diagnostic and clinical data from Kerala 2018 to 2024 and from Bangladesh 2016 to 2025 exist in separate institutional holdings and have never been analysed jointly. The appropriate approach is a common data dictionary covering onset date, specimen dates and matrices, quantitative results, assay identity, phenotype and outcome, followed by federated analysis that leaves records in place (Rieke et al., 2020; Dayan et al., 2021). Even with the limitations documented in section 4, a harmonised dataset of this kind would permit the first estimate of day-specific detection probability with any usable precision, and would establish whether the prognostic association between the joint marker pattern and outcome survives adjustment for illness day.
A medium-term priority is application of latent class methods with time-structured conditional dependence to estimate the accuracy of molecular and serological assays without designating either as the reference standard. The unresolved problem is that all reported accuracy figures are circular (Arunkumar, Chandni, et al., 2019; Satter et al., 2026). The methodology is established in other infections where no adequate standard exists (Limmathurotsakul et al., 2010; Schumacher et al., 2016), and reporting standards are available (Kostoulas et al., 2017). The principal technical question is identifiability at realistic sample sizes, which should be assessed by simulation before data are committed. The consequence would be the first non-circular estimates of assay performance in this disease.
A second medium-term priority is clinical validation of serological assays during the seroconversion interval specifically. The unresolved problem is that the best-characterised NiV IgG assay was qualified against reference sera rather than against acute clinical specimens of known onset day (Alam et al., 2026), and that serological sensitivity in acute infection is described as lower than molecular sensitivity without quantification (Garbuglia et al., 2023). The appropriate design nests within the prospective cohort above, comparing serological results against composite case status by illness day. The consequence would be replacement of the qualitative statement that serology becomes informative later with a quantitative function of time.
A third medium-term priority is characterisation of matrix-specific and phenotype-specific kinetics. The unresolved problem is that respiratory and encephalitic presentations plausibly differ in oropharyngeal shedding, and that Kerala outbreaks have alternated between these phenotypes with corresponding differences in observed person-to-person transmission (Sahay et al., 2025), yet no study has examined whether detectability by day differs between them. The appropriate analysis is stratified estimation within the prospective cohort, with lineage recorded from sequencing already performed routinely (As et al., 2024; Satter et al., 2025).
Longer-term priorities follow only if the above succeed. Development of a dynamic diagnostic model should begin with the most constrained formulation the data support and should be reported in accordance with existing standards (G. S. Collins et al., 2024; Norgeot et al., 2020). Any explanation layer should first be assessed for stability across resampled training sets, and only then for its effect on clinician decisions, in a design consistent with early-stage clinical evaluation guidance (Vasey et al., 2022; Ghassemi et al., 2021; Rosenbacke et al., 2024). Integration with point-of-care molecular platforms deserves attention, since the platforms most likely to be deployed where spillover occurs have the least analytical headroom and would benefit most from a model that quantifies how much a negative result on such a platform should reduce suspicion (Nguyen et al., 2026; Mazzola et al., 2026). Finally, the same framework should be examined for transferability to other high-consequence infections in which molecular and serological informativeness are temporally separated, since the methodological development would then be amortised across several rare diseases rather than one.
10. Conclusions
The diagnosis of Nipah virus infection depends on two assay families whose informativeness is separated in time, and the reviewed evidence establishes that separation with reasonable consistency. Molecular detection is most reliable early, with viral ribonucleic acid detected in clinical specimens to the second week of illness and clearance from the oropharynx beginning between the sixteenth and twentieth day. Virus-specific immunoglobulin M and immunoglobulin G become detectable towards the end of the first week, and clearance of viral nucleic acid from blood precedes the appearance of immunoglobulin G. The joint pattern of these two markers at presentation is associated with survival, with detectable viraemia and absent immunoglobulin G marking the least favourable group. These observations recur across independent outbreak investigations in two countries and two viral lineages, which lends them more weight than the size of any individual series would suggest.
The strength of that evidence should nevertheless be stated carefully. The temporal ordering was established longitudinally in two patients and cross-sectionally in twenty-two. The prognostic association has not been adjusted for time since symptom onset, and because viraemia declines with illness duration while mortality is concentrated early, some part of it may reflect stage at presentation rather than an independent biological gradient. Kinetic data derive disproportionately from the minority who survive, which is a structural rather than a correctable feature of the existing studies. No international standard permits molecular results to be compared across laboratories, serological assays have been qualified analytically rather than clinically during the interval that matters most, and independent evaluation of available tests is almost absent. These are limitations of the evidence base, not of its authors, and they set the ceiling on what any analytical method can currently deliver.
Against that background, the central argument of this review is that diagnostic practice discards information it already possesses. The day of illness, the quantitative magnitude of both molecular and serological signals, the specimen matrix and the joint pattern across assays are all recorded and none is used in inference. Temporal and multimodal modelling methods capable of using them are mature in other clinical domains, and explanation methods exist that could make such a model auditable. What does not exist is the evidence to support their application here. The proposed framework is therefore offered as a specification of what would have to be measured, harmonised and validated, with its established components confined to inputs and temporal ordering and every claim of incremental diagnostic or prognostic gain marked as hypothesised.
The broader significance lies in the general case that Nipah virus illustrates. For high-consequence infections that occur in small clusters in settings with limited laboratory infrastructure, the constraint on computational diagnosis is not model architecture but the quantity, comparability and representativeness of clinical data. Prospective serial sampling that includes those who die, an international nucleic acid standard, and governance arrangements permitting cross-border analysis would do more to advance diagnosis of this disease than any modelling development undertaken in their absence. Explainability, correspondingly, should be understood as a requirement for auditing models and detecting their failures rather than as a means of justifying individual clinical decisions, and it does not substitute for the validation that would establish whether such models help at all.
11. Limitations
This review is a narrative synthesis and carries the limitations intrinsic to that design. Selection of sources was purposive rather than exhaustive, and although search concepts, sources, eligibility criteria and appraisal approach have been stated, the judgements that determined which studies were retained and how their findings were weighted remain those of a single analytical perspective. Selection bias and interpretive bias cannot be excluded, and a different reviewer applying the same criteria might reasonably assemble a partly different evidence base or reach different conclusions about the relative weight of conflicting observations.
Access was restricted to openly accessible scholarly indexes and to publications whose full text could be retrieved. Subscription-only bibliographic databases were not searched, and their absence may have led to omission of relevant material, particularly older or regionally published work. The review was restricted to publications in English, which is a material limitation for a disease concentrated in Bangladesh, India and Malaysia, where clinically important observations may appear in Bengali, Malayalam or Malay. Regionally indexed literature that is not captured by the international indexes searched is likely to be under-represented, and the geographical concentration of the retained evidence in Bangladesh and Kerala may therefore be accentuated relative to the true distribution of knowledge.
The evidence itself constrains what could be concluded. Study designs are heterogeneous, comprising outbreak investigations, small case series, immunological profiling of individual survivors, analytical validation studies and methodological guidance, and no common appraisal instrument fits this mixture, so formal risk-of-bias scoring was not attempted. Sample sizes in the clinical literature are extremely small, sampling schedules were opportunistic, and outcome definitions and assay formats differ across studies to a degree that precludes quantitative synthesis. No meta-analysis was performed and none would have been defensible. Reliance on observational data means that no causal claim about the diagnostic or prognostic contribution of either marker can be supported, and the association between the joint marker pattern and survival is reported as observed rather than as established after adjustment.
Publication bias is a plausible influence in both literatures drawn upon. Outbreak investigations that identified cases are more likely to be published than investigations that did not, and assay development studies reporting favourable analytical performance are more likely to appear than those reporting failure, a tendency compounded by the small proportion of independent evaluations in this field. In the computational literature, models reported as performing well are substantially over-represented relative to those that did not, and few of the applications cited underwent external validation.
Both fields are developing rapidly. The Nipah virus diagnostic landscape changed materially during the period covered, with new serological standardisation, new field-deployable molecular workflows and new prospective cohort protocols appearing within the final two years of the search window, and the computational literature on temporal modelling and explanation is changing faster still. Conclusions drawn here are therefore time-limited. Finally, the framework presented is conceptual. It has not been implemented, no model was fitted, no data were analysed, and no claim is made that it would improve diagnostic accuracy, clinical decisions or patient outcomes; its value, if any, lies in specifying what would have to be established before such claims could be made.
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