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Abstract

Prevailing ethical oversight of data science health research concentrates on privacy, consent, bias, and fairness. These concerns
are necessary but insufficient, because each presupposes an answer to a prior question that is seldom asked directly. That is, “do
the targets, proxies, labels, classifications, ontologies, and population descriptors on which a current study rests still truthfully
represent the persons, populations, and phenomena they are taken to describe, at the point of use rather than the point of collection?”
In this viewpoint, we name that question representational veracity (RV) and develop it as a construct for upstream ethical review.
Our aims are to define RV and derive the domains along which it can be assessed; to demonstrate that it asks something that
measurement validity, critical data studies, and algorithmic fairness do not; and to translate it into instruments that review bodies
can use. We derive 4 assessment domains of RV analytically, asking for each transition in the data journey what must remain
stable for a stored artifact still to stand for what it originally stood for. The resulting domains are material provenance, informational
descriptors, normative authorization, and relational community. These domains interact but do not substitute for one another.
Intact provenance cannot repair a poorly chosen target, and a transparent labeling process cannot confer authorization it never
had. Drawing on scholarship in quantification, classification, measurement, critical data studies, algorithmic fairness, and health
AI governance, we show that a model may be accurate, reproducible, and formally fair while resting on a representation that is
too thin, too unstable, or too normatively misdirected for the proposed use. We examine 4 recurrent failure modes, proxy
substitution, category misassignment, label generation error, and descriptor sedimentation, anchoring each in a published case,
and we present a counterpoint in which better representation reveals rather than conceals inequity. A polygenic risk score (PRS)
case study illustrates all 4 domains and shows how a score can misclassify risk in the populations least represented in its derivation
while its code, pipeline, and internal validation statistics remain intact. We then translate the framework into practice using 10
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reviewer prompts that an editor can paste into a review form, a justification template and scoring rubric provided as appendices,
a tiered model that triggers full review only for subgroup, equity, transportability, public health, or clinical implementation claims,
and a graded account of what should follow an adverse finding. Our argument is that existing governance mechanisms require
an upstream layer. Investigators should be asked to justify not only whether their models perform, but whether their representations
are truthful enough for the claims at hand. The intended audience is investigators, informaticians, research ethics committees,
institutional review boards, data access committees, funders, regulators, and journal editors.

(J Med Internet Res 2026;28:e102537) doi: 10.2196/102537
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Introduction

Data science health research is built on a sequence of
representational decisions. A clinical condition becomes a
diagnosis code, a care need becomes a cost variable, a complex
exposure becomes a category, a clinical judgement becomes a
label, and a population history becomes an ancestry descriptor
[1-3]. These translations determine what counts as evidence,
who becomes visible to a model, which forms of adversity are
made computable, and which forms of context are filtered out
as data move across institutions [4-7].

In response to this proliferation of representational decisions,
and to the growing reliance on secondary data described above,
ethical governance has emphasized privacy, consent, data
security, bias mitigation, fairness metrics, transparency, and
accountability [8-10]. This is a valuable response, but it leaves
a prior question unaddressed. A dataset may be secure and a
model reproducible, yet the target may be wrong, the proxy
may encode unequal access to care, the label may record
undertesting rather than disease, the category may carry
unexamined social meaning, and the descriptor may no longer
name the population it once named.

In this article, we present the persistence-based foundations of
representational veracity (RV), including the 4-domain
assessment architecture grounded in temporal counterpart

relations between data-stages. We apply the architecture to the
upstream representational questions that are most pressing for
those who build, evaluate, peer-review, or oversee secondary
data use for clinical prediction, public-health informatics, and
clinical AI.

We have 3 aims in this viewpoint. First, we define RV and
derive the 4 domains along which it can be assessed, so that the
construct rests on a stated argument rather than on assertion.
Second, we establish what RV asks that measurement validity,
critical data studies, and algorithmic fairness do not ask, using
a worked example in which construct validity alone reaches a
more permissive and less defensible conclusion. Third, we
translate the RV construct into instruments that can be applied
by those who review health data science, including a set of
reviewer prompts, a justification template and scoring rubric,
a tiered model that keeps the burden proportionate, and an
account of what should follow when a representation is judged
to be inadequate. The sections that follow correspond to these
aims in turn. The intended audience is investigators,
informaticians, and algorithm developers who build these
systems; health research ethics committees (HRECs),
institutional review boards (IRBs), data access committees
(DACs), and AI governance bodies that authorize them; and
funders, regulators, journal editors, and peer reviewers who
decide what may be claimed on their basis. We define the key
terms that we use in this viewpoint in Textbox 1.
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Textbox 1. Key terms and working definitions.

Representational veracity (RV): the extent to which banked data, including identifiers, clinical variables, population descriptors, and models derived
from them, continue to represent accurately and responsibly the biological, social, and value-based characteristics of the persons, communities, and
phenomena from which they were derived, at the point of use and not merely at the point of collection.

Target: the construct or outcome a study or system claims to predict, classify, estimate, or explain (eg, disease burden, need, risk, severity, or benefit).
Not interchangeable with the variable that operationalizes it.

Proxy: a measurable variable used in place of a construct that is harder to observe directly. Examples: cost as a proxy for need; use as a proxy for
burden; documented diagnosis as a proxy for disease.

Label: the observed classification used for model training, evaluation, or analysis. Labels are produced through clinical testing, coding, documentation,
registry abstraction, or administrative rules, and carry the imprint of those processes.

Category: a classificatory grouping applied to persons, populations, diseases, exposures, or outcomes, including race, ethnicity, ancestry, disease stage,
phenotype, and eligibility class.

Descriptor sedimentation: the process by which historically contingent labels, categories, or population descriptors become stabilized in data systems
and are later treated as if they were natural, stable, or portable across populations and settings. This is distinct from descriptor drift, in which a descriptor
and its referent diverge over time. In sedimentation, the descriptor does not move at all, and that is precisely the problem.

Material provenance: the continuity of lineage, handling, transformation, linkage, exclusion, and traceability between earlier and present data-stages,
including documentation that allows reconstruction of how data reached their current form.

Informational descriptors: the labels, categories, ontologies, codes, variables, and population descriptors used to represent persons, phenomena, and
groups in the data system. Drift occurs when these representations no longer track the constructs or populations they were taken to represent.

Normative authorization: the continuing fit between the current use of data or material and the permissions, expectations, statutory authority, public
justification, and trust relationships under which the data were originally entrusted.

Relational community: the continuing capacity of affected persons, communities, or source institutions to contest, shape, govern, or share in value
when downstream uses create group-level claims, risks, or benefits.

Representational uncertainty: uncertainty about whether the chosen representation remains adequate for the inference or decision at hand, even when
statistical uncertainty is well-quantified.

Continuity trap: a review-stage governance error in which a salient signal of continuity in one domain is treated as sufficient evidence of ethical
continuity overall, causing premature closure of inquiry into the other domains.

Data-stage: the current state of a dataset, biospecimen, model, derivative, embedding, cell line, or deployment at the point of review.

Derivation of the 4-Domain Architecture

Overview
Here, we present the theoretical commitments on which the 4
domains rest and the process by which we elicited them.

Theoretical Commitments
The architecture of RV rests on 3 commitments. First, a
persistence-based account of representation. A stored datum,
model, or descriptor is treated not as a fixed object but as a
temporal counterpart of the person, community, or phenomenon
from which it was derived, so that its truthfulness is a relation
that can be preserved or lost as the artifact travels, rather than
a property that is fixed at the point of collection. Second, a
relational and normative account of data. Following science
and technology studies and critical data studies, we take
classifications and descriptors to be historically contingent
infrastructures [5,11] that carry moral and political weight
[2,12]. They are not neutral mirrors of the world, so their
adequacy for use cannot be based on technical fidelity alone.
Third, a use-relative criterion of adequacy. A representation is
adequate not in the abstract but for a specified inferential or
governance claim. This is why the same descriptor can be
adequate for one use and inadequate for another use. These
commitments jointly entail that assessing a representation
requires examining the full source-to-use chain along every

dimension on which the representation does ethical and
inferential work.

Process of Domain Elicitation
We derived the domains of RV analytically rather than by
consensus vote or survey. For each transition in the data journey
(collection, storage, linkage, modelling, and deployment), we
asked what would have to remain stable for the stored artifact
to still stand for what it originally stood for, and we grouped
the resulting continuity conditions into mutually distinct domains
[1,3]. This procedure yielded 4 domains. We tested the set
against the canonical cases in this viewpoint, and each mapped
onto one or more of the 4 domains. We do not claim that these
4 domains exhaust the conditions under which ethical
governance of secondary data use as a whole can fail. Indeed,
governance capacity can be lost in ways that leave a
representation intact. Oversight mechanisms can lapse while
descriptors remain sound, and recognition and benefit return
can fail while provenance is complete. However, our claim is
narrower and specific to representation. These are the conditions
under which a stored artifact can be said to still stand for what
it originally stood for, for a given use. Within that scope, they
are individually necessary and jointly nonsubstitutable, and, as
we argue below, no single domain stands in for the others.
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Why Representation Is an Ethical
Problem

Use of data gains institutional authority because it allows
decisions to travel across settings where users may not have
local knowledge, clinical experience, or community context
[5-8,11,13]. That portability is useful, but it is not neutral. It is
obtained by filtering, standardizing, and compressing
heterogeneous realities into forms that can be recorded,
aggregated, modelled, and audited.

Science and technology studies have established that
classification systems do not passively mirror the world. Rather,
they create durable infrastructures that privilege certain
distinctions and suppress others [4]. In health care, those
infrastructures include diagnosis codes, registry schemas, case
definitions, severity scales, race and ethnicity fields, electronic
health record (EHR) templates, genomic descriptors, and
performance indicators. Once embedded in databases, these
choices can appear self-evident, inevitable, or biologically given
rather than chosen, even when they reflect historical
contingency, administrative convenience, institutional
incentives, or unequal access to diagnosis and care [2,14-17].

This concern is sharpened by several converging bodies of
scholarship. Fairness failures often arise because technical
systems are abstracted from the social conditions in which they
operate [8]. Measurement scholarship has shown that many
algorithmic harms originate in a mismatch between the construct
of interest and the variable used to operationalize it [9].
Dynamic-justice accounts add that any assessment must address
feedback loops, deployment trajectories, and evolving conditions
of use [10]. Critical data studies show that apparently neutral
data architectures can reproduce structural inequality while
retaining an appearance of objectivity [11,12,18].

These risks are amplified in health data science because
algorithmic outputs can directly shape care delivery [19-22].
The harms of misrepresentation reach beyond questions of
knowledge alone. A misrepresented target, label, or descriptor
in a deterioration model can alter, shift, or change rapid-response
activation, a clinical-prediction system, triage thresholds, or
clinical recommendations across entire populations.

Definition of RV

RV refers to the extent to which banked data, including
identifiers, clinical variables, models derived from them, and
population descriptors continue to accurately and responsibly
represent the biological, social, and value-based characteristics
of the persons and phenomena they describe, at the point of use
and not merely at the point of collection (Figure 1). The concept
asks whether a particular representation supports the specific
claim being made with it.

RV is distinct from, but related to, several established constructs.
It differs from construct validity in that construct validity tests
whether a measure captures the construct it claims to measure,
whereas RV also asks whether that construct is the ethically
appropriate target [9,23]. Table 1 states explicitly what the
adjacent constructs of construct validity, critical data studies,
and algorithmic fairness each establish, and what RV adds
beyond them.

The unit of review is therefore not the algorithm alone. It is the
representational chain from problem formulation, target, proxy,
label-generation process, category schema, ontology, data
provenance, authorization basis, and proposed use [9]. Review
should assess whether each link supports the inferential claim,
and whether the weakest link changes what the system is
ethically permitted to assert.
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Figure 1. The data journey. Representational veracity is assessed across four domains - material provenance, informational descriptors, normative
authorization, and relational community - each of which corresponds to a characteristic failure mode when left unexamined. RV: representational
veracity.

Table 1. What representational veracity adds beyond adjacent constructs.

What representational veracity additionally asksWhat it establishesConstruct

Whether that construct is the ethically appropriate
target, and whether provenance, authorization, category
use, and community standing support the claim being
made.

Whether a measure reliably and validly captures the
construct it claims to measure.

Construct validity (measurement the-
ory)

A structured, per-domain review that yields an action-
able adequacy judgment for a specific use, rather than
a general critique.

That classification systems and data infrastructures
are historically contingent and morally consequential.

Critical data studies

Whether all groups are being classified through an
adequate target and label in the first place — a question
upstream of any parity metric.

Whether model outputs satisfy formal parity criteria
across defined groups.

Algorithmic fairness

Is the representation truthful enough, across material
provenance, informational descriptors, normative au-
thorization, and relational community, for the clinical,
public-health, or policy claim at hand?

Integrates the 3 constructs above into a single upstream
question.

Representational veracity (this View-
point)

Four Review Domains

RV is assessed across 4 domains (Figure 1). Although separable
for analytical purposes, these domains interact, but they do not
justify, substitute for, or salvage each other.

Material provenance asks whether the lineage, transformations,
linkages, exclusions, and re-mappings of data can be
reconstructed at the point of use. In an EHR-derived study, this
encompasses the documented chain from a clinical encounter
to a phenotype label—which exclusions were applied, which
sites contributed, which preprocessing steps were taken, and
which cohort versions were used for training and validation
[1,3]. In federated learning, it includes documentation of training
and inference flow, model-version control, and the lineage of
aggregated or harmonized features [24,25]. Material provenance

is the most legible domain and therefore the most liable to be
overread.

Informational descriptors ask whether the labels, categories,
ontologies, codes, variables, and population descriptors in the
current data-stage still represent the constructs or populations
they were taken to represent. This domain encompasses targets,
proxies, labels, categories, and population descriptors. A
diagnosis code can persist verbatim while its referent shifts
across hospitals, eras, or coding regimes [3]. Similarly, a race
field can persist while its meaning migrates among social,
administrative, and biological registers, and a polygenic risk
score (PRS) can be computationally reproducible while the
descriptors that justified its transportability have ceased to mean
what they once meant [2,24].
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Normative authorization asks whether the permissions,
expectations, statutory authorities, public justifications, and
trust relationships under which the data were originally entrusted
still cover the present use. This domain covers broad consent,
legacy IRB approvals, data-use agreements, statutory
public-health authority, license terms, and emergency
exemptions. Documentary permission can outlive the moral
coherence of the uses it is asked to cover. Authorization
continuity is therefore a normative relation, not merely a
documentary one [16].

Relational community asks whether affected persons,
communities, and source institutions retain a meaningful
capacity to contest uses, shape conditions, participate in
governance, or share in value when downstream uses generate
group-level claims. Named source groups, token consultation,
and diversity statements are easy to produce and are the least
reliable indicators of this domain [26,27]. Relational community
fails when those visible markers lack any structural relationship
behind them. Table 2 summarizes the 4 domains and their
characteristic failure modes.

Table 2. The four review domains for representational veracity in health data science.

Illustrative empirical anchorCommon failure modeCore review questionDomain

Reproducibility audits in clinical machine
learning; provenance documentation for

EHRa-derived phenotypes.

Hidden preprocessing; opaque distributed
pipelines; undocumented exclusions; drift
between training and deployment cohorts.

Can lineage, transformation,
linkage, exclusion, and remap-
ping of data, biospecimens,
models, or derivatives be recon-
structed at the point of use?

Material provenance

Cost-as-proxy-for-need; Race-corrected

algorithms; Disparate censorship; PRSb

descriptor migration.

Proxy closure (cost for need); race-as-bi-
ology category use; label generation dis-
torted by undertesting; descriptor sedimen-
tation across populations.

Do the targets, proxies, labels,
categories, ontologies, and
population descriptors still pick
out the constructs and popula-
tions they are taken to repre-
sent?

Informational descriptors

Public-health surveillance repurposed for
unrelated enforcement; legacy biospeci-
men reuse for AI training; cross-jurisdic-
tional data sharing.

Authorization drift in repurposed public-
health surveillance; broad consent
stretched beyond its moral horizon; cross-
border transfer outside original authoriza-
tion.

Does the current use remain
within the permissions, expecta-
tions, statutory authority, or
public justification under which
the data were entrusted?

Normative authorization

Underrepresented-population AI deploy-
ment without community oversight; con-
sortium governance that names without
engaging source communities.

Community effacement; named source
groups without structural participation;
diversity statements decoupled from gov-
ernance authority.

Do affected persons, communi-
ties, and source institutions re-
tain capacity to contest, shape,
govern, or share in value from
downstream uses?

Relational community

aEHR: electronic health record.
bPRS: polygenic risk score.

Four Recurrent Failures in Data Science
Health Research

Overview
Proxy failure, category failure, label-generation failure, and
descriptor sedimentation each sit primarily in the
informational-descriptors domain, but each interacts with one
or more of the other 3 domains and can remain invisible if
ethical review begins only after a model has been trained and
validated (Figure 1).

Proxy Failure: When Cost Is Treated as Need
Obermeyer and colleagues showed that a
population-health-management algorithm used future healthcare
cost as a proxy for illness burden [28]. Because less money had
historically been spent on Black patients with comparable illness
burden, the algorithm assigned them lower need scores. The
representation was technically measurable and operationally
convenient, but the decisive problem was not model bias in the
conventional sense. It was a misalignment between target and
proxy at the informational-descriptors level (Table 2). A

conventional construct-validity or predictive-validity evaluation
would have endorsed cost as a reliable, well-measured
operationalization of use and cleared the model; RV reaches
the opposite conclusion, because cost is not an ethically adequate
stand-in for need across populations with unequal access to
care.

If the construct is need, cost is a socially patterned proxy
reflecting access, insurance coverage, referral patterns, and
clinician responsiveness. Post-hoc fairness adjustment applied
after proxy selection cannot correct the ethical misdescription
embedded in the target itself. Review should ask at problem
formulation whether the proposed proxy tracks the intended
construct across the populations to which the model will be
applied [28].

Category Failure: When Race Is Given Biological
Authority
Vyas et al [14] documented that clinical tools have embedded
race adjustment in ways that alter referral, eligibility, diagnosis,
and treatment decisions. Race is not irrelevant to health because
it can be essential for understanding structural inequality,
environmental exposure, historical exclusion, and health-system
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behavior [29-31]. The error arises when a socially and politically
constructed category is treated as a stable biological variable
without justification (Table 2) [15-17,32-37].

RV at the informational-descriptors domain requires
investigators to specify what role the category is serving. Is it
a biological proxy, exposure marker, signal of structural racism,
resource-allocation variable, or equity-monitoring subgroup
descriptor. The same word can carry different epistemic and
ethical functions across different uses. Category use should be
justified, versioned, and revisable rather than treated as a default
analytic input. The 2023 National Academies report on
population descriptors in genetics and genomics research
provides authoritative guidance for genomic data; an analogous
discipline is required across clinical machine learning and other
artificial-intelligence systems, including the generative and
foundation models now being applied to clinical text, imaging,
and decision support, in which categories are inherited from
large training corpora and are even less visible to the end user
[2].

Label-Generation Failure: When Undertesting
Becomes Ground Truth
Clinical machine learning routinely treats the observed label as
ground truth; yet, labels are produced by testing, referral,
documentation, coding, insurance, and institutional workflows
[38,39]. Chang et al [40] identified disparate censorship and
undertesting as sources of label bias. For example, when an
untested patient is assigned a negative label, the label may record
absence of testing rather than absence of disease (Table 2)
[40,41].

Label-generation review should ask how a diagnosis, outcome,
or class became visible—who was tested, who was referred,
who had access to documentation, which settings used
confirmatory testing, and which groups were more likely to be
miscoded, censored, or missing [38-41]. Without these
questions, a model may optimize against an administrative trace
of clinical practice rather than the health phenomenon it is meant
to represent. This is a failure at the informational-descriptors
domain that can go undetected because the material-provenance
domain appears intact [40]. Descriptor sedimentation, the fourth
failure mode (Table 2), is developed in the PRS case study
below, where it is most clearly illustrated.

A Counterpoint: When Better Representation Reveals
Inequity
The preceding 4 phenomena are failure modes. In this section,
we describe where a deliberate break with an earlier
representation improves rather than degrades representational
adequacy and call this corrective discontinuity. This case is
included to show that RV is a 2-sided criterion rather than a
blanket indictment or a general and severe criticism of data
science research practice. Pierson et al [42] used knee
radiographs to predict experienced pain and found that a learned
severity measure captured substantially more racial disparity
than the standard radiologist grading system, thereby revealing
harms that conventional clinical representations obscured.

The criterion is therefore based on whether representation is
closer to the lived, clinical, or population phenomenon that is

being claimed. Data science can compound misrepresentation
when it scales poor proxies, and it can improve equity when it
realigns measurement with meaningful experience [42-45].

PRS and Descriptor Sedimentation
PRS illustrate all 4 RV domains simultaneously. A score can
be computationally reproducible yet remain representationally
unstable if the population descriptors used to justify its clinical
transferability do not bear the weight being placed on them
[46-48].

PRS performance typically differs across genetic ancestry
groups, and European-derived scores have been substantially
less predictive in many non-European populations [46-48]. In
the cross-population analysis by Martin et al [47], PRS derived
from European-ancestry cohorts were on average several-fold
more accurate in individuals of European ancestry than in
individuals of African ancestry, with predictive accuracy
declining approximately in proportion to genetic distance from
the discovery cohort. A score used to stratify breast cancer or
cardiovascular risk can therefore misclassify risk in exactly the
populations least represented in its derivation, while the code,
the pipeline, and the reported internal-validation statistics all
remain intact. Recent Polygenic Risk Methods Development
(PRIMED) Consortium guidance emphasizes that terms such
as African, European, Black, Yoruba, ancestry, population, race,
and ethnicity are not interchangeable [2,48-51]. Each may refer
to different combinations of genetic relatedness, geography,
self-identification, sampling frame, colonial history, language,
migration, and social exposure. That data model is designed to
retain granular, traceable descriptor information and to separate
social identity from biological inference, and it therefore
mitigates descriptor sedimentation at the point of data
preparation. However, sedimentation can occur downstream
wherever a later user collapses the retained granularity back
into a single frozen label at the moment of clinical deployment,
which is precisely the transition that representational-veracity
review is meant to examine [51].

At the informational-descriptors domain, RV asks how the
descriptor used in PRS derivation, validation, and clinical
implementation was constructed and whether it is portable. At
the material-provenance domain, it asks whether the chain from
genotype to allele frequency to effect size to deployment can
be reconstructed. At the normative-authorization domain, it asks
whether consent obtained for the discovery cohort covers clinical
deployment in a population not represented in that cohort. At
the relational-community domain, it asks whether affected
populations can contest a clinical recommendation derived from
a score whose discovery excluded them. PRS deployment is
therefore a case where a single legible signal, computational
reproducibility, risks being overread as certification of adequacy
across 3 additional domains [49,50].

Regulatory and Reporting Context

Current governance frameworks address important risks but
leave RV questions underspecified. Privacy rules protect
identifiable information while leaving proxy choice unexamined.
AI risk frameworks require documentation and monitoring while
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leaving the adequacy of targets and labels largely outside formal
audit scope. Medical-device guidance can mandate
change-control procedures without engaging the social meaning
of category migration [52]. Reporting guidelines improve
transparency but do not, by themselves, determine whether a
representation is ethically adequate for the claim being made.

These observations are not arguments against the existing
frameworks. Rather, they support adding RV as an upstream
review layer within them. The US Health Insurance Portability
and Accountability Act of 1996 (HIPAA), the Common Rule,
EU (European Union) General Data Protection Regulation
(GDPR), FDA (Food and Drug Administration) guidance on
AI or machine learning (ML)–enabled software, the National
Institute of Standards and Technology (NIST) AI Risk
Management Framework, World Health Organization (WHO)
guidance on AI for health, the National Academy of Medicine
AI Code of Conduct, and AI reporting guidelines such as
CONSORT-AI (Consolidated Standards of Reporting
Trials–Artificial Intelligence), SPIRIT-AI (Standard Protocol
Items: Recommendations for Interventional Trials–Artificial
Intelligence), DECIDE-AI (Developmental and Exploratory
Clinical Investigations of DEcision support systems driven by
Artificial Intelligence), and TRIPOD+AI (Transparent Reporting
of a multivariable prediction model for Individual Prognosis
Or Diagnosis plus Artificial Intelligence), all create useful
oversight infrastructure [52-59]. The risk is that completing
auditable documentation will be mistaken for the stronger claim
that the underlying data representation remains truthful,
legitimate, and fit for the proposed use.

Normative Authorization Beyond Consent
and Public-Health Use

The domain of normative authorization should not be reduced
to only informed consent. Public-health surveillance, disease
notification, cancer registries, immunization information
systems, syndromic surveillance, wastewater surveillance, and
emergency response systems may be ethically authorized
without individual consent when they rest on statutory authority,
necessity, proportionality, minimization, transparency, public
accountability, and public trust [60]. The relevant question for
RV is not simply whether consent was obtained, but whether
the representation continues to support the public-health claim
being made with it.

This distinction is consequential when public-health data are
repurposed. Data collected to monitor immunization coverage,
track communicable disease, or allocate health resources may
lose normative-authorization adequacy if they are later used as
general administrative evidence for unrelated enforcement,
exclusion, commercial scoring, or surveillance [60-63]. A
vaccine record is not only a portable fact, but also part of a
public-health relationship [60].

RV is best understood as complementary to, rather than a
substitute for, adaptive and collaborative models of AI
governance. Adaptive-governance proposals such as the
Copyleft AI with Trusted Enforcement model argue that soft-law
instruments can be updated as systems and their uses evolve,

keeping oversight responsive over time [64]. Public-health
scholarship has gone further and characterized AI itself as a
structural determinant of health, arguing that governance should
draw on harm reduction, the social determinants of health,
public-health ethics, and One Health perspectives rather than
on individual-level controls alone [65]. RV supplies the
upstream diagnostic question that these governance models
presuppose but do not themselves answer. In this sense, RV
operationalizes, at the level of the representation, the
fit-for-purpose expectation increasingly emphasized in the
AI-enabled digital-twin and clinical-AI literatures, by specifying
the domains along which fitness for a stated purpose must be
demonstrated.

Authorization adequacy is also a property of the accountability
ecology in which a given instrument operates, not only of the
instrument itself. The protective force of consent and statutory
authority depends on background conditions such as financial
and institutional incentives, legal-adjudicatory recourse, political
accountability, and public contestability [66]. These conditions
are unevenly distributed across jurisdictions. Cross-border and
low-resource settings therefore require engagement with the
accountability ecology itself, not only with the formal
authorization document. Empirical research on the YRI HapMap
samples has confirmed that broad consent durability is
contingent on sustained community engagement, transparent
governance, and practical mechanisms for reciprocal benefit
[27].

Global and Cross-Population Implications

RV problems are amplified when data-science tools migrate
across health systems and populations. Global health data
science frequently relies on infrastructures, measures, and model
artifacts developed in settings with different disease
distributions, clinical workflows, data-capture practices,
languages, funding arrangements, and histories of research
participation [67-69]. A model transported from a high-income
health system to an African, Caribbean, or diasporic population
may retain its code and documentation while losing
representational fit. Population descriptors, disease labels,
care-seeking pathways, and registries can carry different
meanings across jurisdictions [51]. Review must therefore
examine whether the representation travels, not merely whether
the data file is technically compatible.

For consortia, repositories, and multicountry studies, the
relational-community domain supports stronger reciprocal
governance. Data contributors and communities should not be
positioned solely as sources of raw material for portable models.
Empirical research in Nigeria has documented that biobank
participants hold strong preferences regarding consent type,
sample sharing, feedback, indefiniteness of consent
authorization, and religious constraints on research use,
preferences that cannot be preserved if relational community
governance is absent [26,27,70]. They should be able to review
descriptor use, challenge misleading subgroup claims, define
local limits on interpretation, and participate in decisions about
reuse. This is especially important when downstream outputs
affect screening, risk prediction, resource allocation, or public
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narratives about disease burden in underrepresented populations.
The relational-community domain invites engagement with the
moral traditions actually operative in the communities being
researched, not reliance on a single framework [71].

Implications for Peer Review and Editorial
Policy

Peer reviewers can be asked to evaluate whether a manuscript
identifies the construct of interest, justifies the proxy chosen to
operationalize it, explains how labels were generated, defines
population descriptors, and states the limits of transportability
[58,59]. These questions are particularly important for
submissions that make subgroup, equity, public-health, or
clinical-implementation claims. To make the framework usable
rather than aspirational, Textbox 2 translates the 4 domains into
a short set of reviewer prompts that an editor can paste directly
into a review form.

The prompts in Textbox 2 are the short form of 2 structured
tools provided as supplementary material to this viewpoint.
Multimedia Appendix 1, a representational veracity justification
(RVJ) template with a one-page triage screen, 4-domain
continuity assessment, a heightened-review trigger checklist,
and a proportionate-mitigation plan; and Multimedia Appendix
2, a domain-level scoring rubric that rates each domain Low,
Moderate, or High risk against explicit indicators. Together
these supply the checklist, decision algorithm, and scoring rubric
that are analogous to the role played by TRIPOD+AI and
DECIDE-AI for model reporting, while remaining deliberately
proportionate through the triage screen.

Reviewers of secondary data use should also distinguish
representational insufficiency from ordinary study limitations.
Every study has limitations, but representational insufficiency

is a narrower consideration which occurs when the data
representation cannot support the claim being made, or when
the claim must be restricted because the target, proxy, label,
category, or descriptor is unstable for the proposed use. Naming
this problem explicitly prevents secondary data users from
making broad acknowledgement of limitations while drawing
conclusions that exceed what the RV of the data they used can
ethically sustain [72].

We recognize that this upstream layer asks review bodies to
make judgments that draw on clinical epidemiology, genetics,
and the sociology of measurement, and that many IRBs, DACs,
and editorial teams may not have these expertise in-house. We
therefore propose a tiered RV review, in which the full set of
prompts in Textbox 2 is triggered only when a study makes
subgroup, equity, transportability, public-health, or
clinical-implementation claims, with brief screening questions
that help to determine whether that threshold is met.
Lower-stakes descriptive or methodological work would face
only the screening question. Tiering in this way steers between
treating stored data as the same ethical object indefinitely, so
that new risks and changed meanings go unexamined, and
treating every transformation as requiring full renewed review,
which would make secondary governance impractical. This
keeps the burden proportionate and mirrors the risk-tiering logic
already familiar from data-access and human participants review
[73-76].

For data science health research journals, this issue is timely.
Many submissions now combine secondary data, machine
learning, EHR-derived phenotypes, clinical decision support,
and public-health informatics. RV review gives editors and
reviewers a vocabulary for assessing whether such submissions
have established the ethical and epistemic adequacy of their
data representations before advancing claims about performance,
usability, or implementation.
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Textbox 2. Representational veracity review prompts for editors, reviewers, and data-access committees.

Target and proxy

1. What is the construct of interest, and what target or proxy operationalizes it? Does the proxy track that construct across every population to which
the model will be applied?

2. Could the proxy encode access, cost, referral, or workflow rather than the intended clinical construct?

Labels and categories

3. How were the outcome labels generated (testing, referral, coding, documentation), and could a negative label record absence of testing rather than
absence of disease?

4. What role does each social category (for example, race, ethnicity, or ancestry) serve — biological, exposure, structural, resource-allocation, or
equity-monitoring — and is that role justified, versioned, and revisable?

Descriptors and transportability

5. How were the population descriptors constructed, and is there evidence they remain valid in the deployment population?

6. Does the manuscript state the limits of transportability across settings and populations?

Provenance and authorization

7. Can the data lineage, exclusions, and transformations be reconstructed at the point of use?

8. Do the original consent, statutory authority, or data-use terms cover the present use?

Community and claims

9. Do affected communities retain a meaningful capacity to contest or shape this use, particularly for subgroup or equity claims?

10. Does the strongest claim in the paper exceed what the weakest link in the representational chain can support and, if so, has the claim been restricted
accordingly?

Application: apply the full set of prompts when a submission makes subgroup, equity, transportability, public-health, or clinical-implementation
claims; lower-stakes descriptive or methodological work is screened by prompt 10 alone (tiered review).

What Should Follow an Adverse Finding

A diagnostic framework that names a problem without
specifying a remedy places reviewers in an untenable position,
and we therefore state what we think an adverse RV finding
requires. The consequences should be graded, because
representational inadequacy admits of degrees and a single
verdict would be both crude and unenforceable. Where the
representation cannot support the breadth of the claim being
made but can support a narrower one, the appropriate outcome
is restriction of the claim rather than rejection of the work.

Where the inadequacy is remediable through documentation,
the outcome is conditional acceptance pending a completed RV
Justification. Where a clinical implementation or subgroup claim
rests on a representation already known to fail in the population
in which deployment is proposed, and no restriction of the claim
can repair the mismatch, rejection is appropriate. The PRS case
is the paradigm. The ground for rejection is the unsupported
claim, not the population: a score whose accuracy declines in
proportion to genetic distance from its discovery cohort may
be reported and published as what it is, and should not be
advanced as a clinical instrument for populations in which it
has not been shown to perform. The remedy is a better score,
not a narrower field of beneficiaries.

For HRECs, IRBs, and DACs, the parallel outcomes are
approval with use restrictions written into the data use
agreement, approval conditional on descriptor and provenance
documentation, and refusal where the proposed use cannot be

reconciled with the representation available [73-75]. In each
case the burden of justification sits with the party proposing the
use, not with the review body proposing the objection, which
is the ordinary allocation in research ethics and requires no new
principle.

Conclusions

Governance of data science health research cannot be limited
to questions of privacy, consent, bias, and model performance,
because each of those questions presupposes that the underlying
representation is already ethically adequate, and that
presupposition is often precisely what requires scrutiny [8-10].
RV names the requirement that health data representations
remain truthful for the populations, constructs, and uses to which
they are applied, and it can be assessed along the 4 domains
above. Reviewed through those domains, 4 recurrent failures
become visible that model performance metrics do not reveal.
The remedy we propose is neither a new bureaucracy nor a veto
over data science, but an upstream layer of review that is
proportionate to the strength of the claim being made. Where
a representation proves inadequate, the consequence should be
graded, from restriction of the claim, through conditional
acceptance pending documentation, to rejection. Investigators,
editors, reviewers, HRECs, and DACs should therefore ask not
only whether a model performs, but what its data represent,
why that representation is justified for the claim at hand, where
it is likely to fail, and which domain is carrying the weight of
legitimacy. That is not an addition to responsible research
practice. It is part of what responsible research practice means.
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