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Abstract

Secondary use is now the ordinary course for data and biospecimens in health research. Clinical records collected for care
become training data for prediction tools; archived images become foundation models; legacy biospecimens become renewable
cell lines; and large corpora are repurposed to build health-related language models. Governance nevertheless continues to
privilege the most obvious signals of persistence such as provenance logs, repository approvals, broad-consent forms, locality-
preserving architectures, and documented ingestion pipelines, as if they were sufficient to establish legitimacy. They are not. In
this article, we define the Continuity Trap as a continuity-specific form of proxy closure: a review-stage governance error in
which a salient continuity signal in one domain is treated as sufficient reason to stop inquiry into whether semantic,
authorization, and relational continuity have also been preserved. The concept is narrower than generic proceduralism, ethics
washing, or proxy failure, because it isolates a specific inferential mistake in secondary-use review; and it is distinct from
Goodhart’s and Campbell’s laws, which describe the dynamic corruption of measures once they become targets. The Continuity
Trap can occur at an earlier stage, even in good-faith review. Continuity of ethical governance in data science health research
must therefore be assessed across four domains, provenance, semantics, authorization, and relational standing, that we previously
developed in our Representational Veracity framework. These domains can diverge as data are linked, transformed, modeled,
and redeployed. We use vignettes from polygenic risk scores, legacy induced pluripotent stem cell derivation, federated learning,
and health-related large language models to illustrate the problem. The policy implication is not universal re-review, but
triggered continuity review whenever visible continuity is likely to be overread.
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Abstract

Secondary use is now the ordinary course for data and biospecimens in health research. Clinical

records  collected  for  care  become  training  data  for  prediction  tools;  archived  images  become

foundation  models;  legacy  biospecimens  become  renewable  cell  lines;  and  large  corpora  are

repurposed to build health-related language models. Governance nevertheless continues to privilege

the most obvious signals of persistence such as provenance logs, repository approvals, broad-consent

forms,  locality-preserving  architectures,  and  documented  ingestion  pipelines,  as  if  they  were

sufficient to establish legitimacy. They are not. In this article, we define the Continuity Trap as a

continuity-specific  form  of  proxy  closure:  a  review-stage  governance  error  in  which  a  salient

continuity signal in one domain is treated as sufficient reason to stop inquiry into whether semantic,

authorization,  and  relational  continuity  have  also  been  preserved.  The concept  is  narrower  than

generic  proceduralism,  ethics  washing,  or proxy failure,  because it  isolates  a  specific  inferential

mistake in secondary-use review; and it is distinct from Goodhart’s and Campbell’s laws, which

describe the dynamic corruption of measures once they become targets. The Continuity Trap can

occur at an earlier stage, even in good-faith review. Continuity of ethical governance in data science

health  research  must  therefore  be  assessed  across  four  domains,  provenance,  semantics,

authorization, and relational standing, that we previously developed in our Representational Veracity

framework. These domains can diverge as data are linked, transformed, modeled, and redeployed.

We  use  vignettes  from  polygenic  risk  scores,  legacy  induced  pluripotent  stem  cell  derivation,

federated learning, and health-related large language models to illustrate the problem. The policy

implication is not universal re-review, but triggered continuity review whenever visible continuity is

likely to be overread. 
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Introduction

Data science health research is built on the secondary use of data that were rarely generated

with  present  applications  in  view.[1,  2] Electronic  health  records  collected  for  clinical  care  are

repurposed  for  sepsis  alerts,  deterioration  scores,  and  generative  summarization  tools.  Imaging

records are assembled to become training materials for foundation models. Stored biospecimens and

genomic datasets collected under one research horizon are redeployed for new analytic tasks, new

commercial  pathways,  and  new  inferential  claims.  Even  when  data  never  leave  the  originating

institution, as in federated learning, they can still be functionally reoriented toward purposes that

neither patients nor institutions originally contemplated.[3-8]

In these settings, governance understandably privileges what can be verified. Such verifiable

entities include chain-of-custody records, access approvals, signed consent documents, provenance

metadata, documented preprocessing steps, model cards, and the “data stayed local” assurances.[9-

12] But these answer only some of the questions that ethical review of secondary data use in data

science health research should ask. These entities can certify lineage, documentation, and sometimes

confidentiality safeguards, but they do not, by themselves, establish that current use remains ethically

continuous  with  what  participants,  patients,  clinicians,  or  communities  were  asked to  entrust  to

researchers  and  clinicians  when  the  primary  data  was  collected.[8,  13-18] An  ethics,  data

governance, or data access committee may treat a visible sign of persistence of ethical governance as

if it means the present use of secondary data remains ethically continuous with earlier stages of the

same data or material. That inference is unsafe.[19]

In  this  article,  we  define  this  inferential  mistake  as  the  Continuity  Trap  -  an  ethical

governance error of proxy closure where a salient signal of continuity in one domain is allowed to

do the work of legitimacy for other domains, and ethical review closes prematurely on that basis.

Two operational clarifications are needed. First, “recognition” of cross-domain strain requires more

https://preprints.jmir.org/preprint/98699 [unpublished, non-peer-reviewed preprint]
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than generic procedural caution. A review body recognizes cross-domain strain when it explicitly

identifies which domain, provenance, semantics, authorization, or relational standing, has weakened

and  documents  that  identification  in  its  review  record.  Imposing  additional  documentation

requirements  without  specifying  the  domain  at  risk  is  precisely  the  kind  of  undifferentiated

procedural response that allows proxy closure to persist. Second, “targeted” means that the safeguard

imposed must be functionally matched to the domain that is under strain: if semantic continuity is the

weak link, the response must address descriptor validation, not simply procure another provenance

certificate.

The concept is narrower than generic critiques of proceduralism, ethics washing, or organizational

decoupling.[20-23] It  is  also  analytically  distinct  from Haggerty’s  ethics  creep,  which  describes

expansionary  scope of  procedural  review,  and from Bosk and de  Vries’s  bureaucracies  of  mass

deception,  which identify substitution of  compliance for  genuine deliberation.[20,  24] These are

important critiques, but the Continuity Trap identifies something different: not why more activities

come under review, but why review, even when it occurs, may close prematurely on the strength of a

single domain signal. Nor does the Continuity Trap replicate Goodhart’s and Campbell’s laws: those

describe dynamic corruption of measures once they become targets, whereas the Continuity Trap can

occur earlier, in good-faith review, before any gaming or optimization pressure exists.[25, 26] Once

institutions  elevate  provenance,  locality,  or  broad  consent  into  compliance  targets,

Goodhart/Campbell  dynamics then intensify the trap,  but the trap precedes and does not  require

them.

The concept also fills a gap in the data science literature. Dataset shift, concept drift, representation

bias,  transportability  failure,  and contextual  integrity  all  identify real  problems,  but  they do not

explain  why  those  problems  become  institutionally  underweighted.[27-30] The  Continuity  Trap

explains how these problems are masked when visible continuity elsewhere is allowed to terminate

inquiry.[11, 13]

https://preprints.jmir.org/preprint/98699 [unpublished, non-peer-reviewed preprint]
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From Proxy Failure to the Continuity Trap

Proxy closure, as described in Strathern’s audit literature, Campbell’s law, Goodhart’s law, and the

broader proxy-failure literature—refers to the institutional practice of relying on a partial proxy for a

complex value, treating the proxy as adequate, and stopping inquiry into what the proxy leaves out

(Table 1).[25, 26, 31-33] The Continuity Trap is a continuity-specific subtype of proxy closure with

three distinctive features. First, the proxied object is not “quality,” “fairness,” or “compliance” in the

abstract, but ethical governance continuity in secondary data use. Second, the unit of failure is the

review episode: an access decision, approval, derivation decision, transfer authorization, or clearance

for deployment. Third, the structure of the error is cross-domain closure: a sign of continuity in one

domain—most  commonly  provenance,  but  sometimes  broad  consent,  locality  preservation,

repository approval, or input documentation—is taken as sufficient reason to stop inquiry into other

domains.

Table 1. Comparison of the Continuity Trap, Proxy Closure, and Goodhart/Campbell Dynamics

Concept
What is being overread
or optimized?

Unit of failure Why it matters here

Proxy closure A  partial  proxy  is
treated as if it exhausts
a more complex moral
or institutional object.

Any
governance  or
evaluative
setting

Broader  genus:  legibility
substitutes for fidelity.

Continuity Trap A continuity  signal  in
one  domain  is  treated
as  sufficient  evidence
of  ethical  continuity
overall.

Secondary-use
review episode

Continuity-specific
subtype: provenance, broad
consent,  locality,  or
documentation  closes
inquiry  into  semantics,
authorization,  and
relational standing.

Goodhart/Campbell
dynamics

A measure  becomes  a
target, and optimization
pressure  degrades  its

Incentive  or
compliance

Dynamic  intensifier:  once
provenance  completeness,
locality,  or  model

https://preprints.jmir.org/preprint/98699 [unpublished, non-peer-reviewed preprint]
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Concept
What is being overread
or optimized?

Unit of failure Why it matters here

connection  to  the
underlying goal.

regime documentation  become
targets, actors optimize the
visible  marker  rather  than
the  underlying  ethical
object.

The Continuity Trap Distinguished from Goodhart’s Law

Goodhart’s  and Campbell’s laws describe dynamic corruption: once a measure becomes a target,

actors optimize toward the measure, and the measure becomes less reliable as an indicator of the

underlying goal.[25, 26, 32] The Continuity Trap is different because it occurs at the review stage,

where a visible continuity signal is treated as sufficient, even before gaming, strategic adaptation, or

metric manipulation occurs. A federated-learning proposal approved because “the data never moved”

can exhibit the Continuity Trap even if every actor is acting transparently and no one is gaming

anything. The mistake lies in assuming that locality settles authorization, semantic commensurability,

accountability, and distributive fairness. Goodhart dynamics enter later, when institutions convert

locality preservation, provenance completeness, or model-card presence into checklist targets. This

distinction means one can diagnose the Continuity Trap in a conscientious review committee without

alleging  manipulation,  while  also  explaining  why  audit-heavy  regimes  predictably  worsen  the

problem over time.[6, 7, 23, 25, 26, 32, 34]

Domains of Ethical Governance Continuity

Ethical governance continuity in secondary data use is not monolithic. It is relation-specific across

four domains, developed fully in the companion Representational Veracity (RV) framework.[19] We

summarize them here to orient the diagnostic logic of the Continuity Trap.

https://preprints.jmir.org/preprint/98699 [unpublished, non-peer-reviewed preprint]
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Throughout  this  article,  we  use  the  term  data-stage to  refer  to  the  specific  state  of  a  dataset,

biospecimen, model, or derivative at the point of review - the concrete object in its present form (a

linked dataset, a fine-tuned model, a derived cell line, an aggregate embedding space, a deployed

classifier,  or  a  commercially  licensed  derivative)  -  rather  than  the  abstract  dataset  as  originally

collected. The governance question is which ethical continuity relations still hold strongly enough at

this stage to support the decision that must be made now.

Each domain must be distinguished from the visible signal that may be offered as evidence for it: a

chain-of-custody  record  is  not  provenance  continuity  itself;  a  consent  form is  not  authorization

continuity  itself;  a  model  card  is  not  relational  accountability.  These are  evidence artifacts.  The

ethical question is whether the underlying continuity relation still holds.

Provenance  continuity concerns  lineage.  Where  did  this  data  or  material  come  from,  what

transformations have occurred,  and whether the present stage can be traced to the earlier stages.

Semantic continuity concerns whether descriptors, ontologies, labels, and proxies still correspond to

the constructs they are taken to represent. Authorization continuity concerns whether the permissions

and  expectations  being  relied  upon  remain  normatively  coherent  with  current  use.  Relational

standing concerns whether persons, communities, and source institutions retain meaningful capacity

to shape conditions, contest uses, or share in value when secondary use generates group-level claims

or  downstream  benefit.[14,  19,  23,  35-40] These  domains  can  diverge:  a  model  may  be  fully

traceable yet semantically unstable; a dataset may be legally accessible yet relationally extractive; a

federated architecture may preserve locality while functionally repurposing data in place (Table 2).

Table 2. Domains of Ethical Continuity and the Proxies That Commonly Mislead Reviewers

Domain What it tracks
Visible  proxy  that
can mislead

Load-bearing  review
question

Provenance Lineage,  handling, Audit  trail, What  does  traceability

https://preprints.jmir.org/preprint/98699 [unpublished, non-peer-reviewed preprint]
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Domain What it tracks
Visible  proxy  that
can mislead

Load-bearing  review
question

and transformation repository  approval,
ingestion log

establish—and what does
it  not  establish—about
meaning,  authorization,
and accountability?

Semantics Descriptors,
ontologies,  labels,
and  inferred
constructs

Stable  variable
names,  legacy
categories,
harmonized labels

Do current categories still
map  onto  the  same
constructs,  persons,  or
groups?

Authorization Permissions,
expectations,  and
justificatory scope

Broad  consent,
legacy IRB approval,
license terms

Is  the  present  use  still
within the justified scope
of entrustment?

Relational
standing

Voice,  recourse,  and
claim  to  benefit  or
contestation

Naming  a  source
group,  token
consultation,
diversity language

Who  can  object,  shape
conditions,  or  share  in
value  if  group-level
claims or harms arise?

Operational Conditions for Relational Standing

The relational  domain  requires  discipline:  community  standing should not  be invoked whenever

individual  consent  looks thin.  It  becomes governance-relevant  when four  conditions  are  met:  (i)

group-level claims are foreseeable from the proposed use; (ii) an affected collectivity is reasonably

identifiable;  (iii)  likely harms or benefits are more than trivial;  and (iv) some plausible route to

representation exists or can be constructed.

The  fourth  criterion  creates  an  apparent  paradox:  communities  with  weaker  organizational

infrastructure  would,  on  a  strict  reading,  fail  to  trigger  relational  review  precisely  because  no

plausible  route  to  representation  exists.  Yet  these  are  often  the  communities  most  vulnerable  to

extractive secondary data use. We propose that when the first three criteria are clearly met but the

fourth is not, the absence of a representational route should itself be treated as a governance finding.

https://preprints.jmir.org/preprint/98699 [unpublished, non-peer-reviewed preprint]
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Indeterminacy should constrain rather than enable high-stakes downstream claims. Review bodies

should  impose  precautionary  limits  on  group-level  claims,  commercialization,  or  deployment  in

identifiably affected but representationally absent populations, and should flag the construction of

representational  pathways  through  community  advisory  boards,  consortium-level  governance,  or

standing  partnerships  with  local  research  institutions  as  a  condition  for  proceeding  beyond

precautionary constraints.[41]

Communitarian moral philosophy provides a distinctive normative foundation for this domain. In

Metz’s  formulation,  ubuntu  ethics  holds  that  moral  status  is  constituted through relationships  of

identification, solidarity, and reciprocal recognition.[42] Molefe’s account of relational personhood

deepens this by arguing that moral value is realized through active participation in relationships of

mutual  recognition  and  shared  benefit.[43] The  implication  for  data  governance  is  direct:  if

personhood is partly constituted through communal relationships, extracting value from community-

generated  data  without  reciprocal  benefit  violates  not  merely  autonomy  but  the  conditions  of

personhood itself. Relational standing therefore persists even when individual consent is formally in

place, because what is at stake is whether communal relationships through which moral value is

constituted remain intact, respected, and reciprocally sustained.[35, 42-45]

Institutional Mechanisms That Produce the Continuity Trap

The Continuity Trap is not an isolated lapse in judgment. It is produced by recurrent institutional

mechanisms.  Meyer  and  Rowan’s  foundational  analysis  of  institutionalized  organizations

demonstrated  that  formal  organizational  structures  often  function  as  legitimacy-conferring

ceremonies  rather  than  instruments  of  substantive  coordination—a  process  they  termed

“decoupling,” in which visible compliance structure becomes detached from actual work practices it

is supposed to govern.[22] When review bodies treat provenance logs, consent documentation, or

model cards as sufficient grounds for approval,  they engage in precisely this kind of ceremonial

https://preprints.jmir.org/preprint/98699 [unpublished, non-peer-reviewed preprint]
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compliance:  the  formal  structure  of  review is  preserved,  but  substantive  inquiry  into  semantic,

authorization, and relational continuity is decoupled from the approval decision.

Four specific mechanisms drive this decoupling.

Provenance privilege arises because lineage is highly legible, serializable, and auditable. Provenance

evidence receives disproportionate weight not because reviewers believe it is sufficient, but because

it  is the most readily available, standardized, and defensible in  post hoc accountability inquiries.

Regulatory  frameworks such as  HIPAA’s data-use  agreement  infrastructure,  GDPR’s processing-

record requirements, and repository accreditation standards reinforce this priority while providing

comparatively little guidance on semantic validation, authorization scope assessment, or relational

standing evaluation.[16, 46, 47]

Descriptor sedimentation occurs when old labels become embedded in forms, datasets, and analytic

pipelines  and acquire  an appearance of  naturalness  that  makes them resistant  to  re-examination.

Population  categories  such  as  “African,”  “Black,”  “European,”  and  “ancestry”  are  not

interchangeable,  but  once  encoded  in  variable  names,  metadata  schemas,  and  pipeline

documentation,  they  travel  between  studies,  institutions,  and  jurisdictions  without  triggering  the

semantic review that their repurposing warrants.[36-39]

Authorization fossilization occurs when formal permissions outlive the ethical coherence of the uses

they  now  justify.  Broad-consent  instruments,  legacy  IRB  approvals,  data-use  agreements,  and

material  transfer  agreements  were designed for  particular  horizons of  use.  When relied  upon to

authorize  materially  different  downstream  applications,  e.g.,  iPSC  derivation  from  legacy

biospecimens,  commercial  licensing of genomic datasets,  or training of predictive algorithms on

clinical records, the authorization has fossilized: it retains formal legal standing but no longer tracks

the normative expectations that grounded the original entrustment. This is the decoupling mechanism

most directly anticipated by Brunsson’s analysis of organizational hypocrisy.[35, 48]

https://preprints.jmir.org/preprint/98699 [unpublished, non-peer-reviewed preprint]
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Community effacement occurs when groups remain present as sources of diversity, legitimacy, or

biological  material  but  disappear  as  practical  participants  in  downstream  governance.  Source

communities may be named in publications, diversity statements, and grant applications, but have no

mechanism  for  contesting  derivative  uses,  shaping  benefit-sharing  arrangements,  or  influencing

deployment decisions.  The visible  markers  of  community engagement  are  present;  the relational

infrastructure that would make contestation or reciprocal benefit possible is absent.[22, 35, 42-45]

Together,  these  four  mechanisms explain  why ethical  governance  of  secondary  data  use  can  be

simultaneously conscientious and insufficient. They are not independent pathologies but reinforcing

elements of a single institutional logic: the logic of legibility-based compliance, in which the most

auditable,  standardized,  and  documentable  aspects  of  governance  receive  disproportionate

institutional  weight,  while  the  less  tractable  dimensions—shifting  meanings,  collective  stakes,

changing expectations, and relational obligations—are implicitly downgraded. The Continuity Trap

is the moment that downgrade becomes a decision rule.

The Continuity Trap in Existing Data Science Governance Frameworks

The Continuity Trap is not a rival to contemporary data science or AI governance frameworks. It

serves as a diagnostic supplement to them. The NIST AI Risk Management Framework, the National

Academy of Medicine’s AI Code of Conduct, the FDA’s evolving regulatory perspective, and local

health-system AI governance structures all emphasize lifecycle oversight, transparency, monitoring,

evaluation, and accountability[23, 49-51]. But these frameworks operate at a higher level than the

review episode where proxy closure may occur. They tell institutions to govern, measure, monitor,

and engage impacted individuals.  They do not  by themselves  tell  a  reviewer when a  repository

approval, model card, broad-consent instrument, or locality-preserving architecture is being allowed

to terminate inquiry that should remain open. That is why even sophisticated institutions can be

confident about their ethical governance of secondary data use but for the wrong reasons. Nong and
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colleagues showed that academic medical centers vary substantially in how they govern predictive

AI  under  uncertainty.[23] The  Continuity  Trap  explains  one  recurrent  source  of  that  variation:

institutions  are  structurally  drawn  toward  what  is  auditable,  standardized,  and  administratively

tractable.

Case Vignettes

The following four vignettes illustrate how the Continuity Trap operates across distinct data-stages

and governance contexts. Each case is treated at greater length including full analysis within our

Representational Veracity framework.[19]  Here we focus narrowly on the inferential structure of the

trap itself: which continuity domain provides the salient proxy signal, and which domains remain

unexamined as a result.

Polygenic Risk Scores

Polygenic  risk  scores  (PRS)  illustrate  why  the  Continuity  Trap  must  be  distinguished  from the

technical problem of transportability. Linkage disequilibrium structure, allele frequencies, effect-size

heterogeneity, and environmental interaction explain much of the empirical challenge in moving PRS

across  populations.[38,  39] The  Continuity  Trap  emerges  at  a  different  level:  when  a  well-

documented  genome-wide  association  pipeline,  ancestry  adjustment,  or  validation  workflow  is

treated as sufficient  warrant  to move the score into new populations or clinical settings without

reopening semantic and relational questions.

The proxy closure mechanism is provenance-driven: a computationally reproducible pipeline with

rigorous quality-control documentation creates a strong impression of governance continuity. But

categories such as “African,” “European,” “Black,” “Yoruba,” and “ancestry” do not do identical

work  across  contexts.[36-39] Computational  and  provenance  continuity  can  be  excellent  while

semantic continuity is weak: a PRS can be technically elegant yet organized by descriptors that travel

poorly.  And  governance  arrangements  may  give  source  communities  little  voice  in  downstream
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deployment,  commercialization,  or  performance  oversight  -  a  relational  standing  failure  that

provenance documentation cannot reveal.

Legacy Biospecimens and iPSC Derivation

Legacy  biospecimens  transformed  into  induced  pluripotent  stem  cell  (iPSC)  lines  reveal  the

Continuity Trap in a limiting case. Here, material continuity is exceptionally strong: the derivative

remains biologically traceable to the donor and retains genomic continuity. Precisely for that reason,

reviewers  may  be  tempted  to  regard  the  derivative  as  an  ethically  continuous  extension  of  the

original specimen. That inference is unsafe. Reprogramming changes what the material can become -

organoids,  disease  models,  gene-edited  derivatives,  screening  platforms,  and  potentially

commercially valuable products - thereby expanding the horizon of possible uses beyond what may

have been contemplated at collection.[35]

It was the specific analysis of iPSC derivation that prompted the naming of the Continuity Trap

concept in earlier work.1 Once iPSC lines are derived, characterized, and distributed to repositories

and research laboratories worldwide, the biological material enters a state of indefinite self-renewal.

Unlike a dataset that can in principle be recalled, deleted, or access-restricted, a distributed iPSC line

cannot  be  unilaterally  withdrawn  from  global  circulation.  The  cell  line  propagates,  genomic

information persists within it, and downstream derivatives multiply the number of biologically active

entities  carrying  the  donor’s  genetic  identity.  After  derivation,  characterization,  and distribution,

ordinary withdrawal rights become progressively weaker as viable practical instruments for restoring

donor or community control. This circumstance is important not because it proves the Continuity

Trap is inevitable, but because it shows that sustained engagement, local scientific participation, and

benefit-oriented governance can interrupt it.[35]

Federated Learning

Federated learning presents a different variant because the privileged continuity signal is locality.
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The statement that raw data stay at the local institution is often true and privacy-relevant.[6, 7] But

locality answers only one class of questions.  It does not by itself  settle whether clinical records

generated for care may legitimately function as distributed training inputs for a different purpose;

whether  diagnostic  categories  are  commensurable  across  sites;  whether  smaller  institutions  bear

unequal  burdens  in  producing  a  global  model;  or  whether  patients  and  contributing  sites  have

meaningful recourse when downstream products are commercialized or deployed asymmetrically.[6,

7, 34]

The  technical  governance  community  has  not  ignored  these  concerns:  differential  privacy

integration,  secure  aggregation  protocols,  gradient  auditing  techniques,  and  formal  data-use

agreements  governing  aggregation  servers  represent  meaningful  responses  to  privacy  and

confidentiality risks.[6, 7, 34] These mechanisms are real and important. The argument is rather that

they are designed primarily to address confidentiality and privacy risks which lie in the provenance

domain,  but  remain  insufficient  for  the  authorization  and  relational  governance  problems  the

Continuity  Trap  identifies.  Differential  privacy  can  bound  information  leakage  from  individual

records, but it cannot determine whether the purpose for which clinical data are now being used falls

within the scope of the trust under which those data were originally generated. In federated learning,

the  “data  never  moved”  mantra,  reinforced  by  increasingly  sophisticated  privacy-preserving

mechanisms,  can  become  a  proxy  for  “the  governance  problem  has  been  solved.”  That  is  the

Continuity Trap.[6, 7, 34]

Health-Related Large Language Models

Large  language  models  intensify  the  Continuity  Trap  because  the  distance  between  input

documentation  and  downstream  influence  is  very  difficult  to  govern.  An  important  distinction

applies:  a  model  trained  on  a  clearly  governed,  research-consented  clinical  dataset  presents  a

different ethical  governance problem from one trained retrospectively on a large,  opaque,  cross-
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border  dataset  that  incidentally  contains  health-relevant  information.  The  frontier  governance

challenge is the latter.[52-54]

In such settings, developers may be able to document broad categories of source material without

being  able  to  show  how  particular  persons  or  communities  influenced  model  behavior,  how

downstream harms can be traced back to source conditions, or what route exists for contesting use.

Machine unlearning is an active technical field and may improve; yet even when partial unlearning is

feasible, technical removability is not the same as governance adequacy.[52-54] The Continuity Trap

lies  in  treating  input  documentation  as  if  it  were  already  an  ethically  sufficient  account  of

authorization, relational standing, and accountability.

Toward Trigger-Based Continuity Review

We propose a rigorous but not bureaucratically inflationary response to Continuity trap. Continuity

review should be triggered when one or more of the following conditions are present:

Box 1. Trigger Conditions for Continuity-Sensitive Review

 Irreversible or hard-to-reverse transformation of source data or material

 Repurposing of descriptors across populations, sites, ontologies, or historical periods

 Materially expanded uses, including commercialization or cross-border transfer

 Production  of  outputs  likely  to  generate  group-level  claims,  sensitive  inferences,  or

deployment asymmetries

 Absence of a credible pathway for accountability, contestation, or benefit-sharing

Not all secondary use triggers continuity review. Routine reuse within the scope contemplated by the

original data-access agreement, e.g., a new statistical analysis of a dataset already approved for the
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investigator’s  research  program,  a  replication  study  using  the  same  variables  and  population

descriptors,  or  internal  quality-improvement  analyses  that  do not  generate  group-level  claims or

commercial outputs, would not ordinarily meet any trigger condition. The triggers are designed to

identify cases where the data-stage has undergone a qualitative transformation in purpose, scope, or

inferential reach,  not cases where the same data are being used for closely related analytic ends

within an existing governance authorization. The distinction is between quantitative extension (more

analyses  of  the  same  kind,  within  the  same  authorization)  and  qualitative  transformation  (new

inferential  claims,  new  populations,  new  commercial  pathways,  or  new  derivative  objects).

Continuity review is triggered by the latter, not the former.

The Continuity Statement

For  triggered  cases,  investigators  or  developers  should  provide  a  short  continuity  statement

answering the following four questions:

Box 2: Continuity assessment survey

 Question 1. What is the present data-stage under review—source dataset, linked dataset,

trained model, derivative, or deployment?

 Question  2.  Which  continuity  domain  is  doing  most  of  the  justification  for  ethical

governance continuity?

 Question  3.  Which  continuity  domain  is  the  least  secure—provenance,  semantics,

authorization, or relational standing?

 Question 4. What feasible safeguard targets the endangered domain?

The safeguard that is recommended must match the endangered domain. If semantic continuity is

weak, the response should include descriptor justification, uncertainty disclosure, or local validation

https://preprints.jmir.org/preprint/98699 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Adebamowo et al

before  deployment—not  simply  a  provenance  certificate.  If  authorization  continuity  is  weak,

renewed notice, re-engagement, or explicit restrictions on derivative applications may be sufficient.

If  relational  standing  is  weak,  advisory  review,  joint  oversight,  benefit-sharing  provisions,

contestability  pathways,  or  deployment  limits  are  appropriate.  If  provenance  itself  is  weak,

reconstruction of lineage and transformation auditing are the relevant next steps.

The continuity statement is a structured disclosure, not a self-certification instrument. Investigators

draft it, but reviewers evaluate it and retain the authority to disagree with the investigator’s domain

assessment. When a trigger condition has been met but the investigator asserts that all domains are

adequately secure, reviewers should treat that mismatch itself as warranting scrutiny, similar to how

a  conflict-of-interest  committee  would  scrutinize  a  nil  disclosure  from  an  investigator  with

substantial  industry  ties.  Question  2  (“Which  domain  is  doing  most  of  the  justification?”)  and

Question 3 (“Which domain is the least secure?”) require the investigator to articulate where the

load-bearing governance work is concentrated, and a claim that no domain is under strain when a

trigger condition is clearly met should itself raise a flag.

Dispute Resolution and Epistemic Gaps

When investigators and reviewers disagree about  which domain is  least  secure,  a  precautionary

attention default should apply: the domain that either party identifies as vulnerable should receive

targeted attention in the continuity statement. This conservative default is justified because the cost

of over-reviewing a domain that is actually secure is administrative inconvenience, while the cost of

under-reviewing a domain that is actually weak is governance failure. This default does not function

as a veto. If targeted review concludes that the flagged domain is adequately secured, the continuity

statement documents that finding and the review proceeds.

Semantic  continuity  evaluation  poses  a  distinct  epistemic  challenge.  Traditional  research  ethics

committees are well positioned to assess authorization and provenance but may lack the informatics,
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epidemiological,  or  sociological  expertise  needed to  evaluate  whether  descriptors,  ontologies,  or

population categories remain valid across data-stages. This gap does not require a new review body.

It does require that data-access committees and AI governance bodies incorporate relevant domain

expertise when continuity statements identify semantic continuity as the endangered domain. This

eventuality is provided for in many ethics guidance documents.[55] In consortium settings, shared

descriptor metadata repositories and harmonization protocols can reduce the evaluative burden on

any single committee.[36, 37, 41]

Institutional Roles and Burden

Institutional roles must be assigned realistically. Developers and investigators should characterize the

present data-stage, justify descriptors, and map downstream uses. Health systems, research ethics

committees, and data-access committees should insist on local validation, disclosure of uncertainty,

and contestability where semantic or relational continuity is weak. Repositories, funders, journals,

and contracts can carry derivative-use restrictions, downstream reporting obligations, and, in some

cross-border settings, benefit-sharing or joint-governance conditions.[6, 7, 16, 34, 44, 45] No single

committee has plenary authority in adjudicating this. Continuity-sensitive governance works only if

duties are distributed across the institutions and bodies that actually control access, deployment, and

value capture.

The continuity statement itself should be a concise document of one to three pages structured around

the four questions above, submitted alongside existing ethics review or data-access applications.

Evaluation should fall to the existing institutional body with jurisdiction over the relevant access

decision: the IRB, data-access committee, material transfer authority, or institutional AI governance

body. We estimate that a well-structured continuity statement would add approximately two to four

hours of preparation time for investigators and one to two hours of evaluation time for reviewers.

These are burdens comparable to reviewing a data-management plan and substantially less than a full
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re-review.

This  burden-sensitive  approach matters  particularly  in  low-resource  settings  where  overextended

research ethics committees should not be asked to perform full sociological reconstruction for every

secondary-use request. Triggered review should therefore be parsimonious, use existing forms where

possible, rely on consortium-level descriptor metadata, and prefer standing advisory structures over

ad hoc consultation whenever feasible. In settings where institutional capacity is limited, consortium-

level governance mechanisms can distribute the burden across participating institutions rather than

concentrating it at any single review site.

Conclusion

The Continuity Trap defines and names a type of failure in the ethical governance of data science

health research where institutions infer too much from what they can most easily see. Provenance

logs, repository approvals, consent documents, model cards, and locality-preserving architectures all

matter,  but  none of  them alone  can  certify  legitimacy.  Ethical  continuity  in  data  science  health

research  is  relation-specific  across  provenance,  semantics,  authorization,  and relational  standing.

Those relations can diverge even in technically sophisticated, well-documented systems.

Naming  the  trap  is  useful  because  it  identifies  a  correctable  institutional  error.  It  explains  how

governance  can  be  simultaneously  conscientious  and  insufficient,  technically  advanced  and

normatively stale. The policy implication is not a new bureaucracy for every reuse, but a trigger for

renewed inquiry whenever visible continuity is likely to be overread. Data science health research

will  often be most vulnerable not when documentation is  absent,  but  when documentation is  so

reassuring that institutions stop asking the harder questions. Provenance should therefore be treated

as the beginning of ethical review rather than the end of it.
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The Continuity Trap illustrated.
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