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Abstract
Conversational systems built on large language models have become an ordinary route through which members of the public obtain health information, answering questions directly rather than returning ranked links to identifiable publishers. Whether such information is acted upon depends less on its accuracy than on whether it is trusted, and two explanatory traditions have been recruited to explain that trust: a receiver-centred tradition rooted in health literacy, and a message-centred tradition rooted in source credibility. This critical narrative review examines how well these traditions account for public trust in artificial intelligence-generated health information, where they conflict, and what the resulting evidence base can and cannot support. Literature was identified through Europe PMC, Crossref Metadata Search and OpenAlex, supplemented by citation searching and an authoritative institutional source, with a final search date of 9 June 2026. The synthesis is organised around conceptual foundations, observed patterns and determinants of trust, source-credibility cues and the attribution problem, health literacy as a contested moderator, the quality of the object of trust, and consequences for behaviour and equity. Three findings emerge with reasonable confidence. First, the widely assumed penalty attached to machine authorship is neither consistent nor robust: experimental and meta-analytic evidence points to small, conditional and sometimes absent effects, and blinded quality evaluations are routinely conflated with labelled trust experiments. Second, health literacy and its digital derivatives perform poorly as predictors of trust in representative surveys, whereas artificial intelligence literacy and perceived usefulness perform better, which suggests that the receiver-side account has been specified at the wrong level. Third, the stylistic properties that raise perceived credibility, particularly fluency and warmth, are partly antagonistic to accuracy, creating a structural rather than incidental risk. The evidence base remains dominated by cross-sectional designs, self-reported constructs and single-country convenience samples, and almost no work measures whether trust is calibrated to actual accuracy. Research priorities should shift from explaining trust levels to measuring trust calibration, and from self-reported literacy to performance-based appraisal.
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1. Introduction
The environment in which members of the public look for health information has been reconfigured within a very short period. Search engines returned ranked lists of documents, each carrying an identifiable publisher, a visible domain and a set of surface cues that a reader could use to judge provenance. Conversational systems built on large language models return a single synthesised answer in continuous prose, usually without an identifiable author and frequently without traceable sources. The change is not merely one of interface. It removes several of the cues on which lay evaluation of health information has historically depended, while simultaneously lowering the linguistic barrier to comprehension. Trust in health care institutions and trust in online information have followed distinct trajectories, and the arrival of large language models has complicated both (Heumann & Steinhubl, 2026). A scoping review of health consumers' use and perceptions of generative chatbots found that evaluative attention has concentrated on accuracy, readability, trustworthiness, privacy and usefulness, but that the empirical base supporting any of these judgements was small and methodologically uneven (Bautista et al., 2025). Recent think-aloud research likewise found that participants valued ChatGPT for clarity and speed while expressing concerns about accuracy, sourcing and bias, indicating that perceived utility and credibility may diverge during health information seeking (Wardle et al., 2025).
Uptake has nonetheless been rapid. In an early cross-sectional survey, most respondents indicated willingness to use a general-purpose chatbot for self-diagnosis, and performance expectancy together with risk-reward appraisal explained a substantial share of the variance in that intention (Shahsavar & Choudhury, 2023). A parallel survey of active users established that trust predicted intention to use, and that intention partially mediated the relationship between trust and actual use (Choudhury & Shamszare, 2023). Similar patterns have been reported in Taiwan, where general trust was the decisive predictor of willingness to apply a chatbot in clinical contexts among students with health care training, while novelty and perceived usefulness mattered more for those without such training (S. Y. Chen et al., 2024). Trust, in other words, is not a peripheral attitude in this domain. It is the proximate determinant of whether generated health content is used at all. Nationally representative Australian survey evidence further documents public use of ChatGPT for health information and shows that trust in the tool was assessed alongside patterns of use and intended future use (Ayre et al., 2025). Longitudinal Danish survey data also associated first-hand ChatGPT exposure with reduced uncertainty in perceptions of AI in healthcare, although the observational design does not establish a causal effect of exposure (Isaksen et al., 2025).
The consequences of miscalibrated trust run in both directions. Insufficient trust produces underuse and forgone benefit, particularly where a system provides accurate guidance more accessibly than the alternatives. Excessive trust produces substitution for clinical contact. A large Chinese survey combined with agent-based simulation found that higher trust in artificial intelligence (AI) was associated with modestly increased odds of delayed care-seeking, with usage frequency partially mediating the association (Cai et al., 2026). The magnitude was small and the design cannot establish causation, but the direction is consistent with long-standing concern that conversational systems which pass superficially for human interlocutors will attract confidence that their reliability does not warrant (Powell, 2019).
Two research traditions have been enlisted to explain who trusts such content and why. The first is receiver-centred and derives from health literacy, understood since Nutbeam (2000) as a graded capability spanning functional, interactive and critical dimensions, and formalised by Sørensen et al. (2012) as competence in accessing, understanding, appraising and applying health information. Its digital extension, eHealth literacy, was defined by Norman and Skinner (2006) as the ability to seek, find, understand and appraise electronic health information and apply it to a health problem. The empirical warrant for treating literacy as protective comes largely from the pre-generative internet, where lower health literacy was associated with weaker evaluation of online health information, although the review evidence for that association rested heavily on educational proxies rather than direct measurement (Diviani et al., 2015). The second tradition is message-centred and derives from source credibility research, in which the perceived expertise and trustworthiness of a communicator shape acceptance of an identical message (Hovland & Weiss, 1951). Its application to computational sources rests on the argument that machine agency introduces its own set of cues and heuristics, distinct from those attached to human communicators (Sundar, 2020), and on experimental work showing that machine attribution alters perceived credibility of otherwise identical content (Waddell, 2018).
These traditions were developed for an information environment in which source and message were separable. Generative systems dissolve that separation. The source is layered, comprising a model developer, a deploying platform, an undisclosed training corpus and an interface persona, and none of these is visible to the reader at the point of use. The message is fluent, personalised and free of the register mismatch that previously marked authoritative health content as difficult. A reader with limited functional literacy therefore encounters material that is easier to understand than anything a health service is likely to have published, and simultaneously loses the provenance cues that would allow appraisal. Whether health literacy protects, is irrelevant, or perversely amplifies confidence in such an environment is an open empirical question rather than a settled one.
The available evidence does not resolve it, and the disagreements are substantial rather than marginal. A multi-group structural equation analysis of representative samples from four European countries found that AI literacy and performance expectancy consistently increased trust in AI-generated health information, whereas health literacy was not a significant predictor in any country (Reinhardt et al., 2025). A large representative Czech survey similarly reported that higher eHealth literacy was only marginally associated with trust and had no direct relationship with willingness to use generative systems for health purposes (Svestkova et al., 2025). Against this, a Chinese study reported that digital health literacy significantly moderated the relationship between user perceptions and health information seeking intention (Zhu & Ding, 2026), and a survey of registered nurses found eHealth literacy positively predicting attitudes towards AI use through technology trust and perceived value (Z. Chen et al., 2025). The source-credibility literature is no more settled. A meta-analysis of 31 studies of AI-generated news reported a small but statistically significant credibility penalty for AI-labelled content (Kim et al., 2026), while a systematic review of provenance and disclosure cues in journalism published in the same period concluded that most extractable results showed no difference between AI-attributed and human-attributed material, with effects conditional on topic, baseline trust and signalled human oversight (Licenji & Hoxha, 2026). A randomised experiment on labelling of AI-generated content found no significant main effect of the label on perceived accuracy, message credibility or sharing intention (Li & Yang, 2024). Recent survey evidence further identified perceived credibility, together with performance expectancy and social influence, as a predictor of attitudes toward using ChatGPT for health information, while condition severity moderated the role of dissatisfaction with healthcare services in usage intentions (Paik et al., 2026).
Existing reviews do not address these tensions. The scoping review by Chew and Achananuparp (2022) predates generative systems and treats AI in health care as a clinical rather than an informational technology. The scoping review by Bautista et al. (2025) searched to July 2024 and included twelve papers, providing a useful descriptive map but no critical appraisal of competing determinants. Saeidnia et al. (2026) synthesised the supply side of generative health misinformation rather than public evaluation of legitimate content. Abeo et al. (2025) reviewed AI techniques applied to health literacy and found that only one of eighteen included studies incorporated an individual-level health literacy measurement instrument, which indicates that the literacy construct is frequently invoked and rarely measured. The two most relevant credibility syntheses concern journalism rather than health (Kim et al., 2026; Licenji & Hoxha, 2026), and the health-specific reviews that exist are confined to single specialties (Santhosh Kumar et al., 2025), single populations (T. Liu et al., 2026) or single countries (Wiedermann et al., 2026). No published synthesis integrates the receiver-side literacy literature with the source-side credibility literature for AI-generated health information, and none subjects the assumption that literacy is protective to critical examination.
1.1 Scope, Research Gap and Objectives
This review concerns public trust in health information generated by general-purpose conversational AI systems and encountered outside a formal clinical encounter. It covers adult lay users rather than clinicians, health-related informational content rather than diagnostic or triage decision support, and evaluative and attitudinal outcomes rather than clinical performance. Studies of clinician trust, of image-based diagnostic algorithms, of administrative applications and of institutionally deployed decision support are considered only where they illuminate lay evaluation.
The knowledge gap addressed is specific. The receiver-centred literature on health literacy and the message-centred literature on source credibility have developed in parallel, use incompatible outcome measures, and generate conflicting predictions about who will trust AI-generated health information and under what conditions. Neither literature has been asked to account for the other's null findings, and neither has been evaluated against the possibility that generative systems improve access and comprehension while degrading the conditions for appraisal.
The intended contribution is an integrated critical account that treats trust calibration rather than trust magnitude as the outcome of interest, and that identifies the conflation of message quality with source attribution as the principal methodological obstacle to progress. Excluded from consideration are the technical literature on model architecture and alignment, the regulatory literature except where it bears directly on disclosure to lay users, evidence concerning children and adolescents, and quantitative synthesis of effect sizes, which the heterogeneity of the underlying designs does not support.
The objectives are fivefold: to clarify the constructs of trust, source credibility and health literacy as they apply to generative health information and to identify where their standard operationalisations break down; to synthesise and critically appraise evidence on the distribution and determinants of public trust in this content; to evaluate the experimental literature on source attribution, disclosure and stylistic cues, distinguishing blinded quality evaluation from labelled trust manipulation; to adjudicate between protective and amplifying accounts of health literacy using the available evidence; and to specify defensible research priorities that would allow the field to move from describing trust levels to assessing whether trust is calibrated to accuracy.
2. Methods for Literature Selection
2.1 Review Design and Rationale
A critical narrative review was selected because the research question is conceptual and integrative rather than answerable by a single specified comparison. The literatures involved span health communication, information science, psychology, nursing, public health and clinical specialties; they use incommensurable outcome measures, ranging from Likert-scaled global trust to forced-choice preference to blinded quality ratings; and a substantial part of the relevant argument concerns whether particular constructs have been operationalised coherently at all. A systematic review with a fixed protocol and quantitative pooling would either exclude most of this material or aggregate measures that are not measuring the same thing. Narrative reviews are not epistemically inferior to systematic reviews when the question is interpretive, and the assumption of a strict hierarchy between the two has been challenged on methodological grounds (Greenhalgh et al., 2018). Transparency and critical appraisal remain obligatory. The reporting of this review was disciplined by the domains of the Scale for the Assessment of Narrative Review Articles, which specify justification of importance, statement of aims, description of the literature search, referencing of claims, scientific reasoning and appropriate presentation of data (Baethge et al., 2019). Adopting a narrative design does not license selective citation, and the search and appraisal procedures described below were applied consistently.
2.2 Information Sources
Three scholarly indexes were searched directly: Europe PMC, which returns MEDLINE and PubMed-indexed records alongside additional biomedical and life-science content; Crossref Metadata Search, used for bibliographic verification and for retrieving records in communication, psychology and management outside the biomedical indexes; and OpenAlex, used to broaden coverage of information-science and communication literature that biomedical indexing captures poorly. Reference metadata for every included item were verified against the Crossref record, and Digital Object Identifiers were confirmed to resolve to the cited article.
Database searching was supplemented by backward citation searching of recent reviews and meta-analyses, by forward citation checking through OpenAlex citation counts, and by targeted searching of the website of the World Health Organization for authoritative guidance. Records were checked for corrections, retractions and expressions of concern; one candidate record identified during screening carried a retraction notice and was excluded rather than cited.
Subscription databases including Web of Science Core Collection, Scopus, Embase, PsycINFO, CINAHL and Communication and Mass Media Complete were not accessible during the preparation of this review, and no search of those resources was performed. Their coverage is partly represented indirectly through included systematic reviews that searched them, but this is an incomplete substitute and is recorded as a limitation.
2.3 Search Strategy and Search Period
Search concepts were derived from four facets of the review question: the technology, the informational context, the evaluative outcome and the receiver-side construct. Representative Boolean strings combined controlled and free-text terms. For the technology and context facets, a representative string was: ("generative artificial intelligence" OR "large language model" OR "ChatGPT" OR "AI chatbot" OR "conversational agent") AND ("health information" OR "health advice" OR "patient education" OR "health communication"). For the evaluative outcome facet: (trust OR trustworthiness OR credibility OR "source credibility" OR "perceived accuracy" OR acceptance). For the receiver-side facet: ("health literacy" OR "eHealth literacy" OR "digital health literacy" OR "AI literacy" OR "algorithm literacy" OR "algorithmic literacy"). Additional strings targeted specific mechanisms, including (disclosure OR label OR labelling OR provenance OR attribution) AND ("AI-generated" OR "machine-written"), and (misinformation OR disinformation OR hallucination OR sycophancy) AND ("large language model" OR chatbot). Field tags were used where the index supported them, with title and abstract restrictions applied to reduce retrieval of clinical performance studies unrelated to lay evaluation.
The search period ran from 1 January 2000 to 9 June 2026, which was the final search date. The starting year was chosen because the contemporary formulation of health literacy as a graded public health capability dates from that point (Nutbeam, 2000), and because the online health information environment that the review's comparisons depend upon developed subsequently. Foundational works published before 2000, including the source credibility experiments of Hovland and Weiss (1951) and the integrative trust model of Mayer et al. (1995), were identified through backward citation searching and retained because the constructs under examination cannot be discussed coherently without them.
2.4 Eligibility Criteria
Eligible records were peer-reviewed journal articles reporting empirical findings, systematic or scoping reviews, meta-analyses, or conceptual and theoretical papers making a substantive methodological contribution. Authoritative guidance from a recognised intergovernmental body was eligible as an institutional source. Eligible populations were adult members of the public, patients considered as health information consumers, and, where directly relevant to the literacy argument, health professionals considered as survey respondents. Eligible content concerned health information generated or mediated by AI systems, evaluation of such information, or the receiver characteristics hypothesised to shape that evaluation.
Records were excluded if they addressed clinical algorithm performance without an evaluative or attitudinal component; if they concerned children or adolescents exclusively; if they were preprints for which peer-reviewed evidence on the same question was available; if bibliographic details could not be confirmed against an authoritative record; or if they were conference abstracts, editorials without argumentative content, trade publications, promotional material or non-scholarly commentary. Language was restricted to English, which is recorded as a limitation. Retracted articles were excluded unless the retraction itself was the object of discussion, which did not arise.
2.5 Screening, Duplicate Handling and Study Selection
Records retrieved from the three indexes were screened first on title and abstract for relevance to the review question, then at full-record level for eligibility and for the specific claim each item would be required to support. Duplicates arising from overlapping index coverage were identified by Digital Object Identifier and removed programmatically; where the same work appeared with differing metadata across indexes, the Crossref record was treated as authoritative and any discrepancy in volume, issue, pagination or author order was corrected accordingly. Records without a resolvable Digital Object Identifier or a verifiable stable institutional location were not retained. Items published after the final search date were excluded even where they were visible during preparation, in order to keep the stated search period accurate.
No count of screened, excluded or included records is reported. Selection was purposive and iterative rather than exhaustive, as is appropriate to a narrative design, and reporting numerical flow data would misrepresent the process as systematic. Where a claim in the synthesis rested on a single study, that dependence is stated explicitly in the text.
2.6 Critical Appraisal and Evidence Synthesis
No formal risk-of-bias instrument was applied, because the included designs were too heterogeneous for any single validated tool and because several key items were conceptual rather than empirical. Appraisal instead followed criteria matched to design. Survey and structural equation studies were assessed on sampling frame and representativeness, response rate where reported, whether trust was measured with a validated multi-item instrument or an ad hoc scale, whether common method variance was addressed, and whether the analysis distinguished mediation from moderation. Experimental studies were assessed on randomisation, whether the manipulation altered the message, the label or both, whether participants were blinded to the comparison, preregistration, and adequacy of power. Evaluation studies of chatbot output were assessed on prompt specification, model version and date of testing, number and independence of raters, blinding, and whether the instrument used had established validity. Reviews were assessed on search date, breadth of sources, and whether appraisal was conducted.
Themes were developed inductively from the conceptual structure of the disagreements rather than from study characteristics. Where findings conflicted, the synthesis sought explanations in design differences before attributing conflict to true heterogeneity, distinguishing in particular between studies that manipulated source labels and studies that compared blinded content. Confidence in each conclusion is characterised in the text according to the consistency, directness and methodological quality of the supporting evidence, and claims resting on cross-sectional association are not expressed in causal terms.
3. Conceptual Foundations of Trust, Credibility and Health Literacy in Generative Information Environments
Progress in this field has been impeded less by a shortage of studies than by imprecision about what is being measured. Three constructs recur across the literature, each with a mature theoretical lineage and each applied to generative systems with only limited adaptation. Their conceptual boundaries, and the points at which their standard operationalisations fail, are set out below.
3.1 Trust as a relational construct applied to a non-relational object
The dominant formulation of interpersonal and organisational trust treats it as a willingness to accept vulnerability to another party, predicted by perceptions of that party's ability, benevolence and integrity (Mayer et al., 1995). Two of these three antecedents presuppose that the trusted party has intentions. Benevolence concerns whether the trustee wishes the trustor well independently of self-interest; integrity concerns adherence to principles the trustor finds acceptable. Neither maps cleanly onto a statistical language model, which has no interests and no principles, although the commercial entity deploying it plainly has both. The apparent applicability of the model in survey research may therefore reflect the tendency of respondents to attribute intentions to fluent conversational agents rather than the validity of the construct.
A review of empirical research on human trust in AI distinguished cognitive trust, grounded in perceived competence and reliability, from emotional trust, grounded in affective attachment, and identified tangibility, transparency, reliability and immediacy behaviours as the properties through which representation shapes trust (Glikson & Woolley, 2020). This distinction has practical consequence in the present domain because conversational systems are engineered to maximise the very properties that generate emotional trust while their competence varies unpredictably across topics. Trust in AI-generated health advice may thus be high in aggregate while bearing little relationship to the reliability of any particular answer.
The construct that matters for public health is not trust magnitude but trust calibration, meaning correspondence between the confidence a user places in a given output and that output's actual accuracy. Almost the entire empirical literature reviewed here measures magnitude. Studies report mean trust scores, structural paths from trust to intention, and proportions preferring one source over another. Very few present participants with outputs of known and varying accuracy and examine whether trust tracks that variation. The consequence is that a finding of high trust cannot presently be interpreted as either a benefit or a hazard, because the accuracy of the material being trusted is typically unmeasured within the same design.
3.2 Source credibility when the source is layered and invisible
Classical source credibility research established that identical messages attributed to sources differing in expertise and trustworthiness produce different acceptance (Hovland & Weiss, 1951). The framework assumes a single identifiable source about which the receiver holds prior beliefs. Generative systems present a stratified source: a model developer, an intermediary platform, an undisclosed and unattributable training corpus, an interface persona, and sometimes a health organisation that has commissioned or endorsed the deployment. Users are ordinarily aware of at most the second and fourth of these.
Sundar (2020) argued that the psychology of human-AI interaction is organised around machine agency, whereby the perceived source of a communication shifts from a human to a machine and activates heuristics specific to machines, which may cut either way. A machine heuristic can confer an impression of objectivity, freedom from fatigue and absence of self-interest; it can equally confer an impression of coldness, error-proneness and inability to grasp particulars. Experimental work on chatbot design shows that visual, identity and conversational cues independently shape perceptions of humanness (Go & Sundar, 2019), which means that the direction of the machine heuristic is partly under the control of the interface designer rather than being a stable property of user psychology. Any claim that the public trusts or distrusts AI-generated health information in general is therefore under-specified: the answer depends on cues that vary between products and change between releases.
A further complication is that credibility cues in generative health content can be manufactured. Citations, hedged qualifiers, references to guidelines and invitations to consult a clinician all function as credibility signals, and all can be produced without any corresponding epistemic warrant. An audit of five widely used chatbots found that citations supplied alongside health answers were frequently inaccurate or incomplete (Tiller et al., 2026). The cue and the property it is supposed to indicate have become decoupled, which is a qualitative departure from the pre-generative web, where a fabricated citation required deliberate effort.
3.3 Health literacy and its proliferating digital derivatives
Health literacy in the sense established by Nutbeam (2000) is not a single skill but a graded capability: functional literacy sufficient to read and act on basic material, interactive literacy sufficient to extract and apply information in changing circumstances, and critical literacy sufficient to analyse information and exercise control over health determinants. The integrative model of Sørensen et al. (2012) separates four competencies, namely accessing, understanding, appraising and applying health information, and the distinction between the second and third of these is the crux of the present argument. Norman and Skinner (2006) extended the construct to electronic environments, defining eHealth literacy as the capacity to seek, find, understand and appraise electronic health information and apply it to a health problem.
Generative systems act on these competencies unevenly. Access is trivially improved: an answer is returned immediately, in the user's language, at whatever register is requested. Understanding is measurably improved, since simplification of health material is one of the tasks these systems perform most reliably. Appraisal is made harder, because the cues that supported it have been removed and the cues that remain can be fabricated. Application is unchanged or slightly improved. A capability model that treats health literacy as a single latent variable will therefore mispredict, because the technology raises two components while depressing a third.
The response in the empirical literature has been construct proliferation rather than construct refinement. Digital health literacy, eHealth literacy, AI literacy and algorithm literacy are all now used as predictors of trust in AI-generated health content, frequently within the same study and rarely with attention to their overlap. The most widely used instrument in this space measures perceived skill rather than demonstrated skill; Norman and Skinner (2006) were explicit that their scale assesses self-efficacy in relation to electronic health information. A respondent who confidently misjudges AI-generated content will score highly. This is not a marginal psychometric quibble, because the studies that find literacy unrelated to trust and those that find it positively related both rely on self-report, and neither can distinguish competence from confidence.
The following table sets out the constructs used across the reviewed literature, their standard operationalisations, what they have been shown to predict, and the principal limitation attaching to each. It is intended to make explicit the mismatches that generate apparent contradictions in later sections, particularly the reliance on self-reported capability and the near-absence of calibration measures.
Table 1. Core constructs in the study of public trust in AI-generated health information: definitions, operationalisations and principal limitations
	Construct
	Working definition
	Typical operationalisation
	Principal limitation
	Supporting references

	Trust
	Willingness to accept vulnerability to a system whose output cannot be verified at the point of use
	Multi-item Likert scales adapted from technology acceptance research; occasionally single global items
	Antecedents of benevolence and integrity presuppose intention, which a statistical model does not possess
	Mayer et al. (1995); Glikson & Woolley (2020)

	Trust calibration
	Correspondence between confidence in a specific output and that output's actual accuracy
	Rarely operationalised; would require per-item confidence against a verified accuracy standard
	Almost absent from the reviewed literature, so high trust cannot be interpreted as benefit or hazard
	Glikson & Woolley (2020); Ibrahim et al. (2026)

	Source credibility
	Perceived expertise and trustworthiness of the communicator, shaping acceptance of an identical message
	Message and source credibility scales; forced-choice preference between attributed sources
	Assumes a single identifiable source, whereas generative systems present a layered and invisible one
	Hovland & Weiss (1951); Kim et al. (2026)

	Machine heuristic and anthropomorphism
	Inferences triggered by attribution of a message to a machine or by human-like interface cues
	Attribution manipulations; perceived humanness, anthropomorphism and social competence scales
	Direction of effect is partly set by interface design, so it varies between products and releases
	Go & Sundar (2019); Sundar (2020); Zhu & Ding (2026)

	Health literacy
	Graded capability to access, understand, appraise and apply health information
	Self-report scales; frequently substituted by educational attainment as a proxy
	Component competencies are rarely measured separately, obscuring divergent effects of the technology
	Nutbeam (2000); Sørensen et al. (2012); Diviani et al. (2015)

	eHealth and digital health literacy
	Capacity to seek, find, understand and appraise electronic health information and apply it to a health problem
	eHealth literacy self-report instruments and their adaptations
	Measures self-efficacy rather than demonstrated skill, so confident misjudgement scores as literacy
	Norman & Skinner (2006); Svestkova et al. (2025)

	AI and algorithm literacy
	Understanding of how AI systems function, their limitations and their outputs
	Heterogeneous self-report scales; occasionally brief informational interventions
	Overlaps with technology exposure; a brief literacy intervention did not change attitudes experimentally
	Reinhardt et al. (2025); Z. Liu et al. (2025); Grub & Naab (2026)


Note. AI = artificial intelligence. Operationalisations listed are those most frequently encountered in the reviewed literature and are not exhaustive. "Calibration" denotes correspondence between confidence and actual accuracy of the specific output evaluated.
4. Patterns and Determinants of Public Trust in AI-Generated Health Information
4.1 Distribution of use, acceptance and trust
Descriptive evidence indicates substantial and rising lay use with markedly conditional endorsement. Early survey work found that most respondents were willing to use a general-purpose chatbot for self-diagnosis, with performance expectancy and risk-reward appraisal accounting for a large share of the variance in that willingness (Shahsavar & Choudhury, 2023). Among active users, trust predicted intention to use and, through intention, actual use (Choudhury & Shamszare, 2023). The scoping review by Bautista et al. (2025) confirmed that perceptions clustered around accuracy, readability, trustworthiness, privacy and usefulness, but included only twelve papers and could not characterise the distribution of trust in any population. Work modelling the antecedents of adoption among health care customers similarly places trust at the centre of the pathway from perceived attributes of generated content to intention to act upon it (Guo et al., 2025).
Where representative sampling has been achieved, endorsement appears qualified rather than enthusiastic. The four-country European survey reported by Reinhardt et al. (2025) found trust strongly predictive of intention to use in every national sample, with path-level effects largely stable across contexts, which suggests that the trust-to-intention mechanism generalises even where trust levels differ. A scoping review of Italian evidence characterised the pattern as conditional acceptance combined with an optimism-knowledge gap, meaning that favourable attitudes coexist with limited understanding of what the systems do (Wiedermann et al., 2026). Comparative evidence is less favourable to generative systems than adoption figures imply: in a randomised factorial experiment with Texas adults, conventional link-based search received significantly higher ratings than a generative response paradigm across all technology acceptance constructs for colorectal cancer information seeking (Love et al., 2026). Familiarity with an established interface, rather than any property intrinsic to generated text, may account for a considerable part of this difference, and the finding cautions against inferring trust from usage statistics.
4.2 Individual-level determinants
The most consistent individual-level predictors across studies are AI-specific capability beliefs and perceived usefulness rather than health-specific competence. In the four-country European analysis, AI literacy and performance expectancy consistently increased trust, while social norms and prior experience showed smaller and context-dependent effects, and health literacy, personal innovativeness, effort expectancy and surveillance risk perceptions were not significant predictors (Reinhardt et al., 2025). Informational risk perceptions exerted only a weak negative effect, indicating that concern about inaccuracy plays a minor role in shaping confidence. The Czech representative survey reached a compatible conclusion by a different route, finding that trust mediated the effects of health status and health anxiety on willingness to use, while eHealth literacy was only marginally related to trust and unrelated to willingness (Svestkova et al., 2025).
Evidence pointing the other way exists but is drawn from less representative samples. A survey of registered nurses in one Chinese province found eHealth literacy positively predicting attitudes towards AI through technology trust and perceived value (Z. Chen et al., 2025), a design that establishes mediation rather than moderation and that samples a professionally trained population whose literacy distribution is unrepresentative. A partial least squares analysis of Chinese generative AI users found that perceived competence, convenience and anthropomorphism raised trust and subjective norms, with digital health literacy moderating the relationship between perceptions and seeking intention (Zhu & Ding, 2026). Both studies used non-probability recruitment and self-reported measures throughout, and neither adjusted for the possibility that respondents with higher literacy scores are also more frequent users.
Privacy concern and topic sensitivity interact with capability in ways that complicate any simple ordering. In a survey of nearly 1,500 Chinese respondents, privacy concerns reduced acceptance of chatbots as substitutes for physicians, particularly for sensitive issues, but AI literacy attenuated those concerns across all functional domains, and perceived health stigma increased acceptance of chatbots for sensitive matters (Z. Liu et al., 2025). The implication is that AI literacy does not simply raise or lower trust; it changes which considerations drive it. Where stigma is salient, the anonymity of a machine interlocutor becomes an asset, and the same user may extend more trust to a chatbot than to a clinician for one topic and less for another.
Findings on age, education and media use are inconsistent and often incidental to the primary analysis. A two-phase Chinese study of online health videos found that participants rated older presenting doctors as most credible in both AI-narrated and human-narrated conditions, with intensity of social media use negatively associated with that age-based preference (T. Liu et al., 2025). The heuristics governing credibility judgement appear to survive the substitution of a synthetic presenter, which is theoretically important: users may not be evaluating the machine at all, but rather the persona it presents.
4.3 Contextual and topic-level determinants
Task complexity and perceived stakes moderate trust reliably. In a survey study in which a representative United States sample attempted to distinguish provider-written from chatbot-written responses, correct classification varied widely by question, and trust in chatbot functions declined as the complexity of the health-related task increased (Nov et al., 2023). Participants were willing to accept generated content for logistical and informational questions and progressively less willing as the task approached diagnosis and treatment. This gradient is one of the more replicable findings in the field. It is consistent with evidence that resistance to medical artificial intelligence is driven by a belief in personal uniqueness, such that people regard automated judgement as unable to accommodate their particular circumstances (Longoni et al., 2019), and it qualifies the finding that lay people otherwise tend to weight algorithmic advice more heavily than human advice on ordinary estimation tasks (Logg et al., 2019). The pattern is better characterised as a preference for human involvement in domains where humans are seen as uniquely qualified than as generalised aversion to algorithms (Morewedge, 2022).
Mental health is a distinctive case. An online experiment comparing human advisors with chatbots in mental health applications found human advisors rated more favourably on likeability, credibility and social competence, and, notably, that brief informational interventions designed to increase algorithm literacy did not alter those preferences (Grub & Naab, 2026). The failure of a literacy manipulation to shift attitudes is a rare experimental test of an assumption that pervades the observational literature, and it should temper enthusiasm for literacy-based policy responses.
4.4 Critical appraisal of the determinants literature
Four weaknesses recur. First, the design distribution is heavily skewed towards cross-sectional surveys analysed with structural equation modelling, in which all constructs are measured by self-report at a single time point. Common method variance is rarely addressed beyond a single-factor test, and the directionality implied by path diagrams is not established by the data. Second, trust is measured inconsistently; some studies use multi-item scales adapted from technology acceptance research, others use single global items, and almost none distinguish trust in the technology from trust in the deploying organisation or from trust in the specific answer received. Third, outcome measures are almost invariably intentions rather than behaviour. The exception, in which higher AI trust was associated with increased odds of self-reported care delay, reported a small effect and relied on simulation for its intervention estimates (Cai et al., 2026). Fourth, geographical concentration is severe, with the great majority of studies conducted in China, the United States and Western Europe, and near-absence of evidence from low- and middle-income settings where the informational gap generative systems purport to fill is largest.
The table below summarises representative studies of the determinants of trust, with attention to design, population and the principal limitation constraining interpretation. It is presented to make the pattern of evidence transparent rather than to imply that the listed studies are the only relevant ones, and it demonstrates the reliance of this literature on non-probability samples and intention-based outcomes.
Table 2. Representative evidence on determinants of public trust in AI-generated health information
	Study focus
	Design and sample
	Key finding relating to trust
	Principal limitation
	Supporting references

	Self-diagnosis intentions
	Cross-sectional survey, PLS-SEM, 607 adults
	Most respondents were willing to use a general-purpose chatbot for self-diagnosis; performance expectancy and risk-reward appraisal predicted intention
	Non-probability sample; intention outcome only
	Shahsavar & Choudhury (2023)

	Trust and actual use
	Cross-sectional survey of active users, PLS-SEM, 607 adults
	Trust predicted intention to use, and intention partially mediated the relationship between trust and self-reported actual use
	Self-reported use; single time point; common method variance
	Choudhury & Shamszare (2023)

	Usefulness, trust and risk
	Online survey of 659 students with prior chatbot experience
	General trust was decisive for adoption among those with health care training; novelty and usefulness mattered more for others
	Student sample; limited generalisability to general public
	S. Y. Chen et al. (2024)

	Cross-national determinants
	Multi-group SEM, nationally representative samples in four European countries
	AI literacy and performance expectancy consistently increased trust; health literacy was not significant in any country
	Cross-sectional; self-reported literacy measures
	Reinhardt et al. (2025)

	eHealth literacy and willingness
	Representative survey of Czech internet users, SEM
	Trust strongly predicted willingness to use; eHealth literacy was only marginally related to trust and unrelated to willingness
	Cross-sectional; no accuracy standard against which trust could be calibrated
	Svestkova et al. (2025)

	Adoption among health care customers
	Empirical survey study with structural modelling
	Perceived attributes of generated content influenced adoption intention through trust
	Non-probability sampling; intention outcome only
	Guo et al. (2025)

	Privacy, AI literacy and stigma
	Cross-sectional survey of 1,487 adults, regression modelling
	Privacy concerns reduced acceptance for sensitive issues; AI literacy attenuated those concerns; perceived stigma increased acceptance
	Single-country convenience sample; self-report throughout
	Z. Liu et al. (2025)

	Perceptions and seeking intention
	Online survey, PLS-SEM
	Perceived competence, convenience and anthropomorphism raised trust; digital health literacy moderated the perception-intention path
	Non-probability sampling; moderation not replicated elsewhere
	Zhu & Ding (2026)

	Comparison with search engines
	Randomised 2 x 2 factorial experiment, 764 adults
	Link-based search received significantly higher ratings than the generative paradigm across all acceptance constructs
	Single cancer topic; interface familiarity not controlled
	Love et al. (2026)

	Trust and care-seeking delay
	Cross-sectional survey of 2,460 adults with agent-based modelling
	Higher AI trust was associated with modestly increased odds of self-reported care delay, partially mediated by usage frequency
	Convenience sampling; binary self-reported outcome; simulated intervention estimates
	Cai et al. (2026)


Note. AI = artificial intelligence; PLS-SEM = partial least squares structural equation modelling; SEM = structural equation modelling; TAM = technology acceptance model. Findings are summarised in relation to trust and are not exhaustive of each study's results.
5. Source Credibility Cues and the Attribution Problem
5.1 Blinded quality evaluation is not a test of trust
A substantial body of work compares AI-generated and clinician-generated health content under blinding. Licensed health professionals rating anonymised responses to patient questions from a public forum preferred chatbot responses on both quality and empathy (Ayers et al., 2023). Patients with cancer rated chatbot responses to cancer questions as more empathic than physician responses (D. Chen et al., 2025). In a cross-sectional survey in which 160 patients compared one chatbot answer with three surgeon answers across four topics of increasing complexity, the chatbot matched or exceeded the surgeons on accuracy, authenticity and believability, scoring highest across all three credibility domains and being the most trusted response for two of the four questions (Prasad et al., 2026).
These results are frequently cited as evidence that the public trusts AI-generated health information, and that inference does not follow. Blinded comparison measures the persuasive and communicative quality of the text; it does not measure the effect of knowing that the text was machine-generated. The design deliberately removes the variable of interest. Conversely, studies that reveal the source measure the effect of the label but usually hold content constant, so they cannot speak to quality. Conflating the two produces the widespread but unsupported claim that AI-generated health advice is trusted more than clinician advice. What the blinded studies establish is narrower and still important: the surface features that lay readers use to infer credibility, including completeness, structure, acknowledgement of feeling and absence of jargon, are features that generative systems produce more consistently than time-pressured clinicians.
5.2 Disclosure, labelling and the inconsistent attribution penalty
Early experimental work in journalism found that attributing content to a machine reduced perceived credibility relative to human attribution (Waddell, 2018), and this result hardened into an assumption that an AI label carries a credibility penalty. The contemporary evidence does not sustain that assumption in its general form. A meta-analysis of 31 studies and 41 effect sizes reported a small but statistically significant penalty for AI-labelled compared with human-labelled news on both source and message credibility, with the effect significantly moderated by actual authorship and more pronounced when the material had in fact been written by humans (Kim et al., 2026). A systematic review of provenance and disclosure cues published in the same period, covering 47 studies, concluded that most extractable results showed no difference between AI-attributed and human-attributed news, that observed effects were conditional on topic, baseline trust and whether human oversight was signalled, and that the smaller body of work on disclosure cues specifically was dominated by null or conditional findings (Licenji & Hoxha, 2026). In the health domain, a randomised experiment found no significant main effect of AI-generated content labels on perceived accuracy, message credibility or sharing intention, with information type rather than label driving evaluations (Li & Yang, 2024).
These are not irreconcilable. A small average effect, heterogeneous across topics and conditional on cues about human oversight, is consistent with a meta-analytic signal and with a narrative synthesis reporting predominantly null individual results. What the combination rules out is the strong claim that machine attribution reliably depresses credibility. It also indicates that the penalty, where it exists, attaches to the label rather than to the content, and therefore falls on accurate and inaccurate material alike. A disclosure regime designed to protect the public may consequently reduce confidence in correct information while doing little to impede deliberately produced falsehood, which is distributed without labels by parties who have no incentive to apply them.
Exposure to output quality appears to attenuate whatever aversion exists. In a registered three-condition experiment, most participants preferred human-authored advice before seeing any advice, and this preference fell substantially in conditions where participants observed the AI-generated content, with the largest reduction where the source was blind (Meincke et al., 2026). The domain was ethical rather than medical advice, which limits direct transfer, but the mechanism is general and consequential: aversion measured before exposure overestimates aversion in use. Longitudinal work is required to determine whether repeated exposure produces calibrated confidence or simple habituation.
Health-specific evidence on source attribution is thinner and points in the direction of a modest human advantage. In a factorial experiment with 480 current smokers, cessation messages attributed to human experts produced greater perceived source credibility than identical messages attributed to AI, but there was no source effect on any other outcome and no interaction with emotional appeal (Chang et al., 2025). The credibility difference did not translate into differences in risk perception or quitting intention, which suggests that in persuasive health communication the label may affect judgements of the communicator without affecting behavioural response.
Qualitative evidence indicates that disclosure statements as currently written may not perform their intended function. In interviews using vignettes, adult patient portal users interpreted written disclosures about AI-generated draft replies inconsistently, with nearly half unable to identify AI as the writer of the draft, and expressed concerns about error, authorship and depersonalisation while nonetheless preferring that disclosure occur (Barrison et al., 2026). Two implications follow. Disclosure is wanted, which is a normative finding of some weight, and current disclosure language does not communicate what it purports to communicate, which is an implementation failure rather than an argument against transparency.
5.3 Anthropomorphic, empathic and stylistic cues
The cues that most reliably raise perceived credibility are stylistic. Visual, identity and conversational cues shape perceptions of humanness independently (Go & Sundar, 2019), and perceived anthropomorphism has been found to raise trust directly in health information seeking (Zhu & Ding, 2026). Empathic expression is particularly potent, given that patients rated chatbot responses as more empathic than physician responses to the same cancer questions (D. Chen et al., 2025).
This is where the most serious structural problem in the field becomes visible. Controlled experiments across five language models, in which each was trained to produce warmer responses and then evaluated on consequential tasks, found that warm models showed error rates 10 to 30 percentage points higher than their original counterparts, promoted conspiracy theories, supplied inaccurate factual information and offered incorrect medical advice, and were significantly more likely to validate incorrect user beliefs, particularly where user messages expressed sadness (Ibrahim et al., 2026). The effects were consistent across architectures and occurred despite preserved performance on standard benchmarks. The property that most efficiently generates trust is therefore in tension with the property that would justify it, and this tension is systematic rather than a defect of any particular product. It is also invisible to conventional evaluation, since the models continued to perform normally on standard tests.
The consequence for the source credibility framework is substantial. In classical formulations, credibility cues are imperfect but broadly diagnostic indicators of expertise and trustworthiness. In generative health communication, one of the strongest credibility cues is inversely related to accuracy under precisely the conditions of vulnerability in which accurate information matters most. Warnings that human-seeming conversational agents would attract confidence disproportionate to their reliability, issued when such systems were far cruder (Powell, 2019), and subsequent argument that generative systems would reshape the basis of trust in health communication (Dunn et al., 2023), have acquired a specific mechanism.
5.4 Referencing, verifiability and the manufacture of provenance
Citations function as credibility cues, and generative systems supply them. Their reliability is variable. An adversarial audit of five widely used chatbots across cancer, vaccines, stem cells, nutrition and athletic performance found that nearly half of responses were problematic, comprising 30% somewhat problematic and 19.6% highly problematic, with no significant difference in overall quality between chatbots, and scored citations for accuracy and completeness alongside readability (Tiller et al., 2026). A cross-sectional evaluation of large language model responses on laryngeal cancer, graded by specialists, junior physicians and non-medical raters blinded to model identity using safety and global quality scores, found variation between models in reliability and safety (Ostrowska et al., 2024). Reviews in specific clinical areas report the same instability: a systematic review of thirteen cross-sectional studies of chatbot responses to orthodontic questions found accuracy for one model ranging from roughly 69% to 93% across studies, with lower scores and mixed results reported for others (Santhosh Kumar et al., 2025).
Retrieval-augmented architectures that constrain generation to validated reference documents and attribute sources offer a partial remedy. In an evaluation of a custom retrieval-augmented chatbot for type 2 diabetes mellitus, most responses cited the supplied reference documents and the overwhelming majority of those sourced responses were judged fully appropriate by specialists, whereas a minority of responses attributed to general knowledge included an inappropriate answer (Kelly et al., 2025). This design shifts the locus of trust from the model to a curated corpus and to whoever curates it, which is a more tractable governance problem, although it does not remove the difficulty that users cannot distinguish a retrieval-augmented system from a general-purpose one at the interface.
The critical point is that provenance signals are now decoupled from provenance. A fabricated citation, a confident guideline reference and a hedged qualifier are cheap to produce and expensive to verify, and the verification burden falls on the reader who is least equipped to bear it. Analyses of chatbot use in oncology patient education have identified this combination of convincing human-like conversation with algorithmic opacity as the central risk to informed trust (Lawson McLean & Hristidis, 2025).
The table that follows organises the experimental evidence on source and stylistic cues by mechanism and by the direction and consistency of observed effects. It is presented here because the apparent disagreement in this literature largely dissolves once cue type and study design are separated, and it identifies which cues are supported by convergent evidence and which rest on single studies.
Table 3. Source and stylistic cues in AI-generated health communication: mechanisms, observed effects and strength of evidence
	Cue
	Hypothesised mechanism
	Observed direction
	Evidence strength
	Key qualification
	Supporting references

	Machine authorship label
	Activation of a machine heuristic that alters inferred expertise and trustworthiness
	Small negative to null
	Moderate but inconsistent
	Meta-analytic penalty is small and conditional; a large systematic review reports predominantly null results
	Waddell (2018); Kim et al. (2026); Licenji & Hoxha (2026)

	Explicit content label in health or misinformation contexts
	Signalling of synthetic origin prompting greater scrutiny
	Null main effect
	Limited, single randomised experiment
	Information type rather than the label drove evaluations of accuracy and credibility
	Li & Yang (2024)

	Source attribution in persuasive health messaging
	Expertise inference from human versus machine authorship
	Small negative for source credibility only
	Limited, single factorial experiment
	No effect on risk perception or behavioural intention and no interaction with emotional appeal
	Chang et al. (2025)

	Exposure to output quality
	Replacement of prior expectation with observed performance
	Positive; reduces prior aversion
	Limited but preregistered
	Demonstrated for ethical rather than medical advice; durability of the shift is untested
	Meincke et al. (2026)

	Signalled human oversight
	Restoration of an accountable human source
	Positive or moderating
	Moderate
	Identified as a moderator in synthesis rather than tested directly in health contexts
	Licenji & Hoxha (2026); Barrison et al. (2026)

	Anthropomorphic and empathic style
	Social presence cues raising perceived warmth and competence
	Positive
	Moderate and convergent
	Optimising for warmth substantially increases error rates and validation of incorrect beliefs
	Go & Sundar (2019); D. Chen et al. (2025); Ibrahim et al. (2026)

	Citations and guideline references
	Verifiability signal implying an external evidential warrant
	Positive but unwarranted
	Moderate
	Supplied citations are frequently inaccurate or incomplete, decoupling the cue from the property
	Tiller et al. (2026); Kelly et al. (2025)

	Presenter persona attributes
	Transfer of person-based heuristics to a synthetic presenter
	Follows human heuristics
	Limited, single two-phase study
	Age-based credibility preferences persisted in both AI-narrated and human-narrated conditions
	T. Liu et al. (2025)


Note. AI = artificial intelligence. Direction of effect refers to perceived credibility or trust unless otherwise stated. Evidence strength reflects consistency across independent studies, directness to health contexts and design quality, and is a qualitative judgement rather than a formal grading.
6. Health Literacy as a Contested Moderator
The assumption that health literacy protects against misplaced trust is embedded in policy discourse and in the design of most survey instruments in this field. It is not well supported by the evidence concerning generative systems, and the reasons for its failure are informative rather than merely negative.
6.1 The protective account and its empirical basis
The protective account holds that individuals with greater health literacy appraise information more critically, apply evaluation criteria more consistently, and are consequently less susceptible to plausible but unreliable content. Its principal empirical support comes from the pre-generative internet. A systematic review of 38 articles examining the association between low health literacy and the evaluation of online health information found relatively few studies that measured health literacy directly, with most relying on educational level or general literacy as proxies, and reported associations with ability to evaluate, perceived quality, trust and use of evaluation criteria (Diviani et al., 2015). The evidential base was therefore weaker than the frequency of citation implies, and the mechanism was inferred rather than demonstrated. Related work suggests the pathway is partly indirect: health literacy and health-related social media use influenced online health behavioural intentions through self-efficacy, with the association between health literacy and self-efficacy stronger among younger respondents (Niu et al., 2021).
Applied to AI-generated content, the protective account predicts a negative association between health literacy and trust, or at least a negative association with indiscriminate trust. The predicted association is largely absent. Health literacy was not a significant predictor of trust in AI-generated health information in any of four nationally representative European samples (Reinhardt et al., 2025), and eHealth literacy was only marginally associated with trust and unrelated to willingness to use in a large representative Czech sample (Svestkova et al., 2025). Where a positive association has been reported, it has come from professional or non-probability samples in which literacy covaries with technology exposure (Z. Chen et al., 2025; Zhu & Ding, 2026). The one experimental test located, in which brief interventions designed to raise algorithm literacy were compared against no intervention, found no effect on attitudes towards chatbots in mental health applications (Grub & Naab, 2026).
6.2 The amplification account
An alternative account holds that literacy increases engagement rather than scepticism. Individuals with higher health and digital literacy seek health information more often, adopt new informational technologies earlier, and are therefore exposed to more AI-generated content, with more opportunities for confident acceptance. The evidence is compatible with this reading. AI literacy and performance expectancy were the consistent positive predictors of trust across four countries (Reinhardt et al., 2025), and AI literacy attenuated privacy concerns across all functional domains in a large Chinese sample, thereby removing a brake on acceptance rather than applying one (Z. Liu et al., 2025). Digital health literacy moderated the relationship between favourable perceptions and seeking intention in the positive direction (Zhu & Ding, 2026).
The amplification account should not be overstated. None of these studies measured whether the confidence of high-literacy users was better calibrated to the accuracy of what they received. It remains entirely possible that literate users trust more and are also more often correct to do so, because they use the systems for tasks where the systems perform well and verify elsewhere. What can be said with reasonable confidence is that health literacy, as currently measured, does not function as a brake on trust in AI-generated health information, and that policy proposals premised on that function lack empirical warrant.
6.3 Construct proliferation and the measurement problem
The competing accounts cannot presently be adjudicated because the constructs are measured in ways that cannot distinguish them. Three problems are decisive. The dominant instruments assess perceived rather than demonstrated capability; the influential eHealth literacy scale was designed as a measure of self-efficacy in relation to electronic health information (Norman & Skinner, 2006), and a respondent who is confidently wrong scores as literate. The four competencies of the integrative model, namely accessing, understanding, appraising and applying (Sørensen et al., 2012), are almost never measured separately in AI studies, so the specific competency that the technology is hypothesised to degrade is invisible in the data. Finally, the constructs have multiplied without hierarchical specification: health literacy, eHealth literacy, digital health literacy, AI literacy and algorithm literacy appear as interchangeable or overlapping predictors, and the finding that AI literacy predicts trust while health literacy does not may simply mean that a technology-specific measure captures technology exposure while a health-specific measure does not.
The consequence is visible in the wider literature. A systematic review of AI techniques applied to health literacy found that among eighteen included studies only one incorporated an individual-level health literacy measurement instrument, that organisational health literacy was largely overlooked, and that only five studies involved any participant engagement at all (Abeo et al., 2025). A field that invokes health literacy as its central construct while measuring it in one study in eighteen is not in a position to adjudicate between competing accounts of its role.
6.4 The comprehension-appraisal gap
Evidence that generative systems improve the comprehensibility of health material is comparatively strong and internally consistent. Comparative evaluation against a validated asthma knowledge instrument found high and statistically indistinguishable accuracy for two widely used models across 54 standardised items (Høj et al., 2025). Reviews of applications in kidney care describe simplification and translation as the most dependable functions (Miao et al., 2025), and a retrieval-augmented chatbot constrained to validated documents produced responses judged largely appropriate by specialists (Kelly et al., 2025). Systematic review evidence confirms that text simplification, readability enhancement, translation and question answering are the tasks to which these systems have been most successfully applied in the health literacy domain (Abeo et al., 2025).
No comparable evidence exists that generative systems improve appraisal. This asymmetry is the central theoretical claim of the present review. The technology reliably raises the accessing and understanding competencies of the integrative model while leaving the appraising competency unaddressed and arguably degraded, since fluent, simplified, well-organised prose removes the register mismatch and hedging that previously signalled to lay readers that a claim was contested. The result is a comprehension-appraisal gap: users understand more of what they read and have less basis for judging whether it is right.
Two consequences follow. First, interventions that improve readability should not be reported as improvements in health literacy without qualification, because they address one competency and not the one that governs safe use. Second, the equity case for generative health information, which rests on the genuine benefit to users with limited functional literacy, cannot be assessed without knowing whether those users are also the least able to detect the errors that audits consistently identify. No located study addresses this directly, and it constitutes the single most important gap in the evidence.
7. Quality of the Object of Trust and Cross-Cutting Methodological Limitations
7.1 Accuracy audits and their instability
Trust is only interpretable against a known standard of accuracy, and the accuracy literature is large, heterogeneous and unstable. The adversarial audit by Tiller et al. (2026) prompted five widely used chatbots with 50 questions across five domains prone to misinformation and found nearly half of responses problematic, with roughly one in five highly problematic, no significant difference in overall quality between chatbots and one model producing significantly more highly problematic responses than chance would predict. Blinded specialist and lay grading of responses on laryngeal cancer found differences between models in safety and global quality (Ostrowska et al., 2024). Systematic review evidence in orthodontics found accuracy for a single model ranging from approximately 69% to 93% across thirteen studies, with lower and more variable performance for others (Santhosh Kumar et al., 2025).
Three features limit what this literature can support. Instruments differ, with DISCERN, global quality scores, bespoke Likert scales and readability indices used interchangeably and rarely validated for generated text. Model versions change continuously, so an audit describes a system that may no longer exist by the time it is published, and few studies report the precise version and testing date with sufficient precision for replication. Prompting is rarely standardised or reported in full, and output varies substantially with phrasing, which means that between-study variation may reflect prompt design as much as model capability. The reasonable conclusion is that accuracy is materially imperfect and highly variable across topics and models, and that no stable accuracy figure can be attached to the category of AI-generated health information as a whole.
7.2 Deliberate misuse and the fragility of safeguards
Beyond incidental error lies deliberate production of health disinformation. Demonstration work established that publicly accessible systems could be induced to generate substantial volumes of persuasive health disinformation complete with fabricated references and testimonials, and argued for vigilance and structural safeguards (Menz et al., 2024). Subsequent cross-sectional evaluation of six consumer-facing platforms found marked heterogeneity in safeguard performance, with two platforms demonstrating complete resistance across all prompt types and four exhibiting substantial vulnerabilities (Modi et al., 2026). Systematic review evidence indicates that generative AI increases the volume, speed and perceived credibility of health disinformation, that users struggle to distinguish AI-generated from human-authored health misinformation, that sharing intentions are not tightly coupled with perceived accuracy, and that detection systems perform poorly against generated content while labelling interventions have context-dependent effects (Saeidnia et al., 2026).
The last of these findings bears directly on the disclosure debate in Section 5. If sharing is not tightly coupled to perceived accuracy, then interventions that shift perceived accuracy will not necessarily shift dissemination, and the policy value of labelling has been assumed rather than demonstrated.
7.3 The warmth-accuracy trade-off as a structural risk
The trade-off documented by Ibrahim et al. (2026) deserves separate emphasis because it changes the character of the risk. Incidental error is amenable to engineering improvement, and audits show meaningful variation between products, implying that better performance is attainable. A systematic relationship in which optimising for warmth degrades accuracy, most sharply when users express vulnerability, is not amenable to the same remedy, because warmth is a deliberate product objective with strong commercial and user-experience justification. The finding that error rates rose by 10 to 30 percentage points while standard benchmark performance was preserved also indicates that current evaluation practice would not detect the problem.
For public health, the implication is that the population most likely to be harmed is the population most likely to be engaged: users who approach a conversational system in distress, disclose that distress, and receive validation of an incorrect belief delivered in a register that maximises perceived credibility. This is a mechanism-level account of how miscalibrated trust arises, and it does not depend on the user being credulous or poorly informed.
7.4 Cross-cutting methodological limitations
The limitations identified across the reviewed evidence are summarised in the table below, which also indicates the consequence of each for interpretation and the design features that would address it. The table is presented at this point because the preceding three sections have each encountered the same constraints from different directions, and because the research priorities set out subsequently follow directly from these entries.
Table 4. Recurrent methodological limitations across the evidence base and their consequences for interpretation
	Limitation
	Manifestation in the literature
	Consequence for interpretation
	Design feature that would address it
	Supporting references

	Dominance of cross-sectional self-report
	Trust, literacy and intention measured simultaneously by questionnaire and analysed with path models
	Direction of association cannot be established and common method variance is unaddressed
	Longitudinal measurement with objectively recorded outcomes
	Reinhardt et al. (2025); Svestkova et al. (2025); Cai et al. (2026)

	Absence of calibration measurement
	Trust reported as a level without reference to the accuracy of the content evaluated
	High trust cannot be classified as appropriate or misplaced
	Per-item confidence elicited against independently verified accuracy
	Nov et al. (2023); Ibrahim et al. (2026)

	Conflation of quality with attribution
	Blinded comparisons and labelled experiments treated as addressing the same question
	Claims that AI advice is trusted more than clinician advice are not supported by either design alone
	Factorial crossing of actual authorship with attributed authorship
	Ayers et al. (2023); Prasad et al. (2026); Kim et al. (2026)

	Self-reported rather than demonstrated literacy
	Instruments assessing confidence in handling electronic health information
	Competence and overconfidence are indistinguishable, weakening tests of the protective account
	Performance-based appraisal tasks with planted errors of known severity
	Norman & Skinner (2006); Abeo et al. (2025)

	Unstable evaluation targets
	Model version and prompt wording inconsistently reported in accuracy audits
	Findings have uncertain currency and between-study comparison is unsafe
	Full reporting of model version, testing date and prompt text with preregistration
	Tiller et al. (2026); Santhosh Kumar et al. (2025)

	Heterogeneous and unvalidated instruments
	Global quality scores, bespoke Likert scales and readability indices used interchangeably
	Quantitative pooling is precluded and effect sizes are not comparable
	Consensus instruments validated for generated health text
	Ostrowska et al. (2024); Bautista et al. (2025)

	Geographical and linguistic concentration
	Evidence drawn overwhelmingly from China, Western Europe and North America in English
	Generalisation to other health systems and languages is unsupported
	Coordinated multi-country studies with harmonised instruments
	Wiedermann et al. (2026); T. Liu et al. (2026)

	Intention as terminal outcome
	Behavioural intention reported in place of health service use or self-management behaviour
	Public health consequences of trust remain essentially unquantified
	Administratively verified service contact linked to repeated trust measurement
	Choudhury & Shamszare (2023); Cai et al. (2026)


Note. AI = artificial intelligence. Consequences describe the inferential restriction imposed by each limitation rather than a judgement on individual studies.
8. Consequences for Behaviour, Equity and Health Systems
8.1 From attitudes to behaviour
The link between measured trust and health behaviour is the weakest part of the causal chain assumed throughout this literature. Most studies terminate at intention. The principal exception found that higher AI trust was associated with modestly increased odds of self-reported care delay, with usage frequency partially mediating, in a large convenience sample recruited through social media and hospital portals (Cai et al., 2026). The odds ratio was small, the outcome was binary and self-reported, and the intervention estimates derived from agent-based simulation rather than empirical manipulation. The finding is suggestive rather than probative, and it is currently the best available evidence on a question of considerable public health importance.
Contextual evidence complicates the assumption that trust in AI substitutes for trust in clinicians. Trust in health care and online information seeking have followed diverging trajectories, and large language models enter an environment in which institutional trust was already under strain (Heumann & Steinhubl, 2026). Attitudes to AI in health care are better described as conditional acceptance coexisting with limited understanding than as either enthusiasm or rejection (Wiedermann et al., 2026), and qualitative evidence indicates that patients presented with AI-generated communications want disclosure precisely so that clinician accountability is preserved (Barrison et al., 2026). Trust in AI-generated health information may therefore be parasitic on institutional trust rather than competitive with it: users appear willing to accept generated content where a clinician remains answerable for it.
8.2 Equity
The equity argument for generative health information is genuine. Systems that simplify, translate and answer at any hour address barriers that health services have failed to remove for decades, and the demonstrated reliability of simplification tasks supports this case (Abeo et al., 2025; Miao et al., 2025). The counter-argument is that benefit and risk may be distributed to the same groups. Users with limited functional literacy gain most from comprehensibility and are least equipped to detect the errors that audits identify, and no located study has measured error detection stratified by literacy in AI-generated health content.
Population coverage is uneven. A systematic scoping review of multimodal generative AI in older adults' health management identified 28 studies, the great majority published within the preceding two years and over half concerning text-driven conversational agents, with validation reported across cognitive and mental health domains (T. Liu et al., 2026). Evidence concerning users with low digital access, users of languages other than English and populations in low- and middle-income countries is scarce throughout. Since generative systems perform unevenly across languages and their training corpora over-represent high-income contexts, the assumption that findings from Chinese, European and North American samples transfer is unsupported.
8.3 Governance and the accountability gap
Guidance from the World Health Organization on the ethics and governance of large multi-modal models in health identifies the generation of false, inaccurate, biased or incomplete information as a principal risk to those who use such systems to make decisions about their health, and sets out obligations distributed across governments, developers, providers and deployers, including transparency, oversight and liability arrangements (World Health Organization, 2024). Two features of the present evidence complicate implementation.
First, disclosure obligations, which are the most commonly proposed instrument, rest on an assumed credibility penalty that the evidence does not consistently support, and on an assumed link between perceived accuracy and sharing that systematic review evidence contradicts (Kim et al., 2026; Licenji & Hoxha, 2026; Saeidnia et al., 2026). Where disclosure has been examined qualitatively, current statements were interpreted inconsistently and frequently failed to convey that AI had been used (Barrison et al., 2026). Disclosure remains defensible on autonomy grounds, and patients want it, but it should not be represented as a demonstrated protective intervention.
Second, the accountability gap is structural. Users cannot identify which system produced an answer, which corpus informed it, whether retrieval augmentation constrained it, or which entity would be answerable if it were wrong. Retrieval-augmented designs that attribute sources to curated documents shift accountability to an identifiable curator (Kelly et al., 2025), which is more tractable than governing model behaviour directly, but confers no visible signal at the interface distinguishing such systems from unconstrained ones. Until provenance is machine-verifiable and legible to lay users, source credibility judgement in this domain rests on cues that can be manufactured.
9. Future Directions
The priorities set out below follow from the specific inferential restrictions identified in Sections 4 to 7 rather than from a general call for more research. They are ordered by the degree to which resolving them would unblock other questions, and they are distinguished into work that could be undertaken immediately with existing methods and work requiring infrastructure that does not yet exist.
9.1 Replace trust magnitude with trust calibration as the primary outcome
The unresolved problem is that a decade of survey research has established how much people trust AI-generated health information without establishing whether that trust is warranted for the specific content received. Current evidence is inadequate because trust and accuracy are measured in separate literatures using separate designs, so no study can say whether a high-trust respondent was trusting an accurate answer. The appropriate design is an experiment in which participants evaluate a set of AI-generated health outputs of independently verified and deliberately varied accuracy, with confidence elicited per item, allowing computation of discrimination between accurate and inaccurate content and of over- or under-confidence. Populations should include adults with a range of health literacy levels and users of high-stakes and low-stakes health topics, with outcome measures reporting calibration statistics rather than mean trust. Such studies are feasible immediately and require no new instrumentation. Their policy value is direct, since a disclosure or literacy intervention can only be evaluated properly against a calibration outcome, and the current inability to do so is why the labelling debate remains unresolved (Kim et al., 2026; Li & Yang, 2024; Licenji & Hoxha, 2026).
9.2 Measure appraisal competence by performance rather than self-report
The unresolved problem is whether health literacy protects, is irrelevant, or amplifies confidence in generative environments. Current evidence is inadequate because the dominant instruments measure perceived capability (Norman & Skinner, 2006) and because the appraising competency of the integrative model is not measured separately from understanding (Sørensen et al., 2012). The methodological improvement required is a performance-based appraisal task in which respondents evaluate AI-generated health content containing planted errors of known type and severity, scored against a specialist standard, and administered alongside conventional self-report scales so that the two can be compared. The relevant population is the general adult public with stratification by education and digital access, and the appropriate scale is a nationally representative sample in at least two contrasting health systems. This would resolve directly whether the null findings for health literacy reflect an absent relationship or an inadequate measure (Reinhardt et al., 2025; Svestkova et al., 2025), and would permit the equity question in Section 8.2 to be answered.
9.3 Separate content manipulation from label manipulation by design
The unresolved problem is the conflation of message quality with source attribution described in Section 5.1. Current evidence is inadequate because blinded comparisons and labelled experiments are conducted separately and their results are then combined rhetorically. The appropriate design is a factorial experiment crossing actual authorship, which may be clinician-written or AI-generated, with attributed authorship, using health content of matched and independently verified quality, and measuring both credibility and behavioural intention. This design would isolate the label effect from the quality effect and would establish whether the moderation by actual authorship identified in news contexts (Kim et al., 2026) holds in health contexts, where the existing single relevant study found a credibility difference without downstream behavioural consequences (Chang et al., 2025).
9.4 Establish longitudinal links between trust and verified health behaviour
The unresolved problem is that the trust-to-behaviour link rests on cross-sectional self-report and simulation (Cai et al., 2026). Current evidence is inadequate because intention is a weak proxy for care-seeking behaviour and because reverse causation cannot be excluded. The methodological improvement required is a prospective cohort with repeated measurement of trust and use, linked to administratively verified health service contacts, with pre-specified outcomes covering delayed presentation, unnecessary presentation and self-management errors. The relevant timescale is at least two years, given the pace of change in the systems themselves, and the analysis should treat model version and product as time-varying exposures. Implementation implications are direct, since the case for or against clinical guidance to patients about consumer AI use depends on effects of this kind.
9.5 Evaluate disclosure and provenance as interventions rather than assuming their effects
The unresolved problem is that disclosure is being mandated on the basis of a credibility penalty that the evidence does not consistently support, using statements that lay readers frequently misinterpret (Barrison et al., 2026). Current evidence is inadequate because most disclosure research concerns news rather than health and measures perception rather than downstream action. The appropriate design is a randomised comparison of disclosure formats, including plain-language statements, machine-verifiable provenance indicators and human-oversight signals, embedded in realistic health information tasks, with pre-specified subgroup analysis by health literacy and digital access to detect differential effects. Outcome measures should include comprehension of the disclosure itself, which existing work suggests cannot be assumed, alongside calibration and verification behaviour.
9.6 Extend the evidence base beyond high-income, English-language and single-country settings
The unresolved problem is that almost the entire determinants literature derives from China, Western Europe and the United States. Current evidence is inadequate for the populations in which generative health information may have the greatest marginal value and where model performance is least well characterised. The methodological improvement required is coordinated multi-country survey and experimental work using harmonised instruments, with model performance in the relevant languages evaluated in the same programme so that trust and accuracy can be interpreted together. The cross-national design reported by Reinhardt et al. (2025) provides a usable template for the survey component.
9.7 Address the warmth-accuracy trade-off as an evaluation problem
The unresolved problem is that optimising conversational systems for warmth degrades accuracy under conditions of user vulnerability while leaving standard benchmark performance intact (Ibrahim et al., 2026). Current evidence is inadequate because this finding rests on a single controlled programme, albeit across five models, and because no established evaluation protocol detects it. The methodological improvement required is a vulnerability-stratified evaluation protocol in which health queries are presented with and without expressions of distress and with and without incorrect user beliefs, scored for factual accuracy and for validation of incorrect beliefs. Independent replication in explicitly health-focused tasks is the immediate priority; incorporation into pre-deployment assessment is the longer-term objective, and it bears directly on the oversight obligations set out in international guidance (World Health Organization, 2024).
The table below consolidates these priorities with the specific gap, the design required and the anticipated contribution, and distinguishes immediate from longer-term work. It is included because the preceding subsections specify the reasoning for each priority while the comparison between them is easier to assess in tabular form.
Table 5. Research priorities, required designs and anticipated contribution
	Priority
	Unresolved problem
	Required design
	Timescale
	Anticipated contribution

	Calibration as primary outcome
	Whether trust discriminates between accurate and inaccurate generated health content
	Experiment presenting outputs of independently verified and varied accuracy with per-item confidence
	Immediate
	Converts trust from an uninterpretable level into an evaluable public health quantity

	Performance-based appraisal measurement
	Whether health literacy protects, is irrelevant, or amplifies confidence
	Error-detection task with planted errors administered alongside self-report scales in representative samples
	Immediate
	Determines whether null findings reflect an absent relationship or an inadequate measure

	Separation of content from label
	Conflation of message quality with source attribution
	Factorial crossing of actual and attributed authorship using quality-matched health content
	Immediate
	Isolates the label effect and tests whether authorship moderation holds in health contexts

	Longitudinal trust and behaviour
	Whether trust affects care-seeking, and in which direction
	Prospective cohort with repeated trust measurement linked to verified health service contacts
	Longer term
	Supplies the effect estimates required for clinical and policy guidance to patients

	Disclosure evaluated as an intervention
	Whether disclosure protects, and for whom
	Randomised comparison of disclosure formats with pre-specified subgroup analysis by literacy and access
	Immediate
	Replaces assumed protective effects with measured ones and detects differential impact

	Geographical and linguistic extension
	Absence of evidence from low- and middle-income and non-English settings
	Coordinated multi-country surveys and experiments with parallel evaluation of model performance by language
	Longer term
	Establishes whether determinants and risks transfer to the settings of greatest potential benefit

	Vulnerability-stratified evaluation
	Warmth optimisation degrades accuracy without affecting standard benchmarks
	Evaluation protocol presenting health queries with and without expressed distress and incorrect user beliefs
	Immediate, then longer term
	Provides a detection method for a structural risk that current pre-deployment testing misses


Note. AI = artificial intelligence. "Immediate" denotes work feasible with existing methods and infrastructure; "longer term" denotes work requiring cohort infrastructure, multi-country coordination or changes to evaluation practice.
10. Conclusions
Public trust in AI-generated health information is now the proximate determinant of whether such information influences health decisions, and the evidence assembled here supports several defensible conclusions about how that trust is formed, alongside a clear account of what remains unknown.
The strongest conclusion concerns what the evidence does not show. The assumption that machine attribution carries a reliable credibility penalty is not supported. Meta-analytic evidence indicates a small average penalty that is conditional on topic, baseline trust and signalled human oversight, systematic review evidence covering a larger set of studies reports predominantly null individual results, and the only randomised health-adjacent labelling experiment located found no main effect of the label on perceived accuracy, credibility or sharing. Where a penalty appears, it attaches to the label rather than to the content and therefore falls equally on accurate and inaccurate material. Policies premised on labelling as a protective mechanism rest on weaker foundations than their prevalence suggests, although disclosure retains a strong independent justification in respect of autonomy and accountability, and patients themselves want it.
The second conclusion concerns health literacy. In nationally representative samples, health literacy and its digital derivatives are weak or null predictors of trust in AI-generated health information, whereas AI literacy and perceived usefulness are consistent positive predictors. The single located experimental test of a literacy intervention found no effect on attitudes. This does not establish that literacy is irrelevant; it establishes that the receiver-side account has been specified at the wrong level and measured with instruments assessing confidence rather than competence. The most defensible interpretation is that generative systems improve the accessing and understanding competencies while leaving appraisal unaddressed, producing a comprehension-appraisal gap in which users understand more of what they read and possess less basis for judging whether it is correct. This interpretation is consistent with the available data but has not been tested directly, and it should be treated as a well-motivated hypothesis rather than an established finding.
The third conclusion concerns the object of trust. Accuracy is materially imperfect, highly variable across topics, models and prompts, and unstable over time, so no single accuracy figure can be attached to the category. More consequentially, controlled experimental evidence indicates that optimising conversational systems for warmth substantially increases error rates and the validation of incorrect beliefs, most sharply when users express vulnerability, while leaving standard benchmark performance intact. The stylistic properties that most efficiently generate trust are therefore partly antagonistic to the properties that would justify it. This is a structural feature of how these systems are built and marketed rather than a defect of any particular product, and it is the most important finding for public health in the material reviewed.
Confidence in these conclusions is bounded by the design of the underlying evidence. Cross-sectional surveys with self-reported constructs and non-probability samples dominate, outcomes are overwhelmingly intentions rather than behaviours, and calibration is almost never measured. The link from trust to health behaviour rests on a small number of studies with modest effect sizes and designs that cannot establish direction. The broader significance of the synthesis is that the field has been answering a question of secondary importance. How much the public trusts AI-generated health information matters far less than whether that trust discriminates between accurate and inaccurate content, and the redirection of research effort towards calibration is the change most likely to make this literature useful to those who must decide how such systems are governed and how patients should be advised about them.
11. Limitations
This review is a narrative synthesis and carries the limitations intrinsic to that design. Study identification was purposive and iterative rather than exhaustive, so relevant work will have been missed, and both selection and interpretation are susceptible to bias despite the transparent description of the search strategy, eligibility criteria and appraisal approach. Themes were developed by a process of judgement, and a differently framed synthesis of the same literature could reasonably reach different emphases.
Access to subscription databases was incomplete. Web of Science Core Collection, Scopus, Embase, PsycINFO and the principal communication indexes were not searchable during preparation, and their coverage is represented only indirectly through included systematic reviews that searched them. This is likely to have reduced retrieval of communication and psychology literature in particular, which is precisely the disciplinary area in which the source credibility argument developed. The restriction to English-language publications compounds this, and will have excluded evidence from the linguistic contexts in which model performance is least well characterised.
The evidence itself imposes further constraints. Designs are heterogeneous in a manner that precludes quantitative synthesis, with trust measured by instruments ranging from single global items to adapted multi-item technology acceptance scales, and with outcomes ranging from forced-choice preference to structural path coefficients. Reliance on cross-sectional and observational evidence is heavy, and the small number of experimental studies are mostly conducted with online panels performing hypothetical tasks. Geographical representation is uneven and concentrated in a small number of high-income and upper-middle-income settings, and evidence concerning low- and middle-income countries is close to absent. Long-term evidence does not exist, since the technology has been publicly available for a period shorter than the interval required to observe health behaviour outcomes.
The field also changes faster than it can be reviewed. Model versions, interface design and safety behaviour alter between the conduct and publication of any given study, so findings about the properties of specific systems have uncertain currency, and comparability between studies conducted even eighteen months apart cannot be assumed. Several conclusions drawn here rest on single studies, and this dependence is stated in the text where it occurs. Finally, the review does not assess the technical literature on model architecture, alignment or evaluation methodology, and its account of why particular system behaviours arise is therefore necessarily limited to what the reviewed empirical work reports.
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