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Abstract

Generative artificial intelligence (GAI) is changing how health sciences manuscripts are produced, revised, and evaluated.
Publication guidance emphasizes necessary safeguards, such as disclosure, authorship, confidentiality, transparency, verification,
and human responsibility, for AI-assisted content. However, disclosure alone does not establish whether consequential claims in
a manuscript are grounded in accountable authorial and domain judgment. This viewpoint addresses this governance gap. We
define expression-rich but judgment-thin scholarship as AI-amplified scholarly output in which linguistic fluency, structural
coherence, and surface plausibility exceed the traceability of the reasoning, evidence interpretation, uncertainty, contextual limits,
and responsibility behind major claims. We frame AI-induced research waste as a conceptual extension of the established research
waste literature rather than as a measured prevalence claim. The concern is not that AI-assisted writing is inherently low quality;
rather, GAI can make it easier to produce large volumes of polished text whose underlying judgments may be weakly supported,
insufficiently limited, or difficult to defend. Building on emerging work on claim accountability, provenance, responsible
AI-assisted writing, and publication ethics, we propose domain judgment traceability as a claim-centered governance approach
for health sciences publishing. The framework asks whether major clinical, methodological, statistical, ethical, policy, and
implementation claims can be traced to an appropriate evidence base, an identifiable interpretive step, explicit uncertainty,
population and setting limits, equity and harm considerations, proportionate recommendation strength, and accountable human
authorship. This approach shifts the unit of governance from the AI tool or prompt to the major scholarly claim. It also distinguishes
disclosure from defensibility: disclosure describes whether and how AI contributed to manuscript development, whereas judgment
traceability examines whether the resulting claim can be reconstructed, challenged, and defended by responsible authors. We
propose practical implications for authors, reviewers, editors, and journals, including claim-level verification, proportionate
requests for clarification, and selective piloting of traceability prompts rather than routine AI detection or exhaustive prompt
surveillance. We also identify safeguards against gatekeeping, including attention to language equity, reviewer subjectivity, and
the risk of conflating linguistic polish with scholarly competence. Domain judgment traceability is presented as a provisional
conceptual governance aid, not a validated scoring instrument or reporting guideline. Its purpose is to complement—not
replace—existing disclosure policies and reporting standards by making accountable judgment more visible where claims may
influence clinical care, research interpretation, policy, implementation, or public trust. The framework creates an empirical agenda:
future studies can test whether claim-centered prompts improve reviewer agreement, citation accuracy, proportionality between
evidence and recommendations, author experience, and editorial usefulness without imposing an excessive documentation burden.
The goal is not to reject AI-assisted scholarship or require disclosure of every prompt but to ensure that increasingly scalable
scholarly expression is proportionate, defensible, context sensitive, and answerable to human judgment in health sciences
publishing.
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Background

Generative AI (GAI) has rapidly entered scholarly writing, with
large-scale lexical analysis suggesting detectable traces of large
language model (LLM)–assisted writing in biomedical abstracts
[1]. In health sciences publishing, AI-assisted tools may be used
to organize manuscripts, improve clarity, support literature
navigation, identify possible omissions, and reduce
language-related barriers for authors who work in an
English-dominant publication environment [2-4]. These uses
are not inherently problematic; peer-reviewed commentary has
emphasized both potential productivity and accessibility benefits
of GAI and the need for transparent, verifiable human oversight
[3-5]. The research integrity concern is therefore more specific
than AI use itself: fluent and well-structured AI-assisted prose
may make a manuscript appear complete without showing
whether its major claims are accurate, proportionate to the
evidence, contextually limited, and defensible by responsible
authors [6-9].

Current publishing guidance has therefore focused on disclosure,
authorship, confidentiality, transparency, verification, and
human responsibility. Peer-reviewed guidance and policy
analyses consistently state that AI systems cannot assume
authorship responsibility and that human authors remain
accountable for the accuracy, integrity, and transparency of the
final work [3-5,9-14]. Policy analyses also show substantial
heterogeneity across journals and publishers in allowable uses,
disclosure expectations, and required descriptions of human
oversight [3,13,14]. This heterogeneity matters because a
disclosure statement may document the presence of AI without
revealing whether an author has verified the evidence,
reconstructed the reasoning behind a consequential claim, or
calibrated the strength of a recommendation. The emerging
literature therefore increasingly distinguishes procedural
transparency from substantive accountability [4,7-9,15].

Building on emerging arguments that responsible AI governance
should move beyond tool disclosure toward accountability for
scholarly claims [7], this viewpoint asks what claim
accountability requires in health sciences publishing. It defines
expression-rich but judgment-thin scholarship, distinguishes it
from adjacent research integrity problems, and proposes domain
judgment traceability as a claim-centered governance approach
for AI-assisted health sciences manuscripts. The intended
audience includes journal editors and reviewers, health sciences
authors, publication ethics committees, research integrity
officers, and institutions developing AI use policies. Although
the argument is especially relevant to clinically oriented
manuscripts, it applies more broadly to public health, health
informatics, health services research, implementation science,
epidemiology, policy research, qualitative inquiry, and
biomedical scholarship. Clinical judgment traceability is
therefore treated as one important subtype within the broader
concept of domain judgment traceability. This formulation is
consistent with recent peer-reviewed arguments that responsible

governance should preserve provenance, verification, and
identifiable human responsibility rather than treating disclosure
or prohibition as sufficient ends in themselves [4,7-9].

This viewpoint does not claim that AI-assisted writing is
inherently defective or that disclosure policies are unimportant.
Instead, it identifies a narrower governance gap. Disclosure
documents whether and how a tool contributed to manuscript
preparation; judgment traceability asks whether the resulting
claims are sufficiently supported, limited, and accountable. This
distinction allows the manuscript to engage AI-related risks
while preserving a balanced position toward legitimate
AI-assisted language, organization, and revision support
[3-5,10]. Its primary contribution is to operationalize emerging
claim accountability arguments for health sciences publishing
through domain judgment traceability: a way of asking whether
major scholarly claims remain connected to evidence,
interpretation, uncertainty, context, and accountable authorship
[7,8]. The framing deliberately avoids the stronger assertion
that judgment traceability has already been empirically shown
to reduce research waste. Instead, it treats judgment traceability
as a provisional governance aid whose usefulness, burden,
fairness, and effects on editorial decision-making require
empirical evaluation [4,7,8].

Ethics Approval and Informed Consent

Ethics approval and informed consent were not applicable
because this viewpoint did not involve human participants,
personal data, or identifiable clinical information.

Why Disclosure Is Necessary but
Insufficient

Disclosure is a necessary part of responsible AI-assisted
publishing because it informs editors, reviewers, and readers
that a nonhuman system contributed to manuscript development.
Peer-reviewed guidance increasingly recommends disclosures
that specify not only the tool but also the task, extent of
assistance, verification process, and location of AI-supported
work [3,10-14]. Frameworks such as GAIDeT (Generative
Artificial Intelligence Delegation Taxonomy) further provide
structured language for documenting which research or writing
tasks were delegated to GAI while preserving human oversight
[16]. These approaches strengthen transparency because “AI
was used” can otherwise conceal materially different practices,
ranging from grammar correction to literature summarization,
conceptual brainstorming, data analysis, or recommendation
drafting. However, disclosure is a description of process rather
than a direct test of claim quality. A manuscript may
transparently disclose AI use and still contain overextended
interpretations, unsupported clinical implications, fabricated or
erroneous citations, or recommendations whose strength exceeds
the underlying evidence [17-19]. Conversely, AI may be used
for language editing, organization, or perspective checking,
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while authors preserve rigorous source interpretation, contextual
limits, and responsibility for every substantive claim [3-5].

This focus on claim quality addresses a practical weakness of
tool-centered governance. A disclosure statement can be
accurate yet uninformative about whether a recommendation is
justified by the cited evidence. For example, an author may
disclose AI-assisted drafting or summarization but still fail to
show why a limited observational finding warrants a broad
clinical implication; conversely, an author may use AI to
improve readability while maintaining rigorous source
interpretation and cautious recommendations [4,7-9,15]. A
citation should therefore not merely appear relevant: the cited
source should directly support the claim attributed to it, and
authors should be able to explain how the evidence justifies the
level of inference or recommendation being made. This
distinction is particularly important because disclosure practices
remain heterogeneous across journals, disciplines, and publishers
[3,13,14]. Some policies request only the name of a tool,
whereas others ask authors to describe the task, location of use,
or degree of human verification [3,10,13,14]. Disclosure can
support transparency, but it remains procedural unless connected
to the claims the manuscript asks readers to accept. A
claim-centered standard therefore complements rather than
competes with disclosure by asking whether consequential
interpretations and recommendations remain attributable to
responsible human judgment [7,8].

Expression-Rich but Judgment-Thin
Scholarship

Expression-rich but judgment-thin scholarship is defined as
scholarly work in which the language, structure, and apparent
completeness of a manuscript exceed the traceability of the
judgment supporting its major claims. The concept does not
refer simply to poor writing, weak scholarship, or the use of
GAI. Rather, it identifies a mismatch between scholarly
expression and accountable reasoning: a manuscript may read
as fluent, balanced, clinically relevant, and well organized while
leaving unclear how its central claims were framed, interpreted,
limited, and made defensible by responsible authors. This
concern is compatible with broader warnings that GAI can create
persuasive or seemingly authoritative outputs without reliable
epistemic grounding and that apparent fluency should not be
mistaken for understanding [4,6,20]. It also aligns with recent
claim accountability and provenance arguments that the central
governance question is whether a human can reconstruct and
defend the reasoning, evidence, and verification behind what
enters the scholarly record [7,8].

Judgment thinness is best understood as a property of the
relationship among text, authorial process, and claims. A
manuscript can be judgment thin without AI because
conventional academic writing can also be formulaic,
overgeneralized, densely cited but poorly interpreted, or
disconnected from clinical and methodological realities. A
manuscript can also be AI assisted and judgment rich if authors
use AI to improve expression, identify missing perspectives,
challenge assumptions, or organize reasoning while retaining
responsibility for the final claims [3-5,9]. AI may amplify

judgment thinness, not because it uniquely causes weak
reasoning, but because it can increase the speed and scale at
which plausible scholarly text is produced and can make weakly
examined reasoning appear polished enough to pass superficial
review. The risk is therefore not the presence of
machine-generated language itself; it is the possibility that
fluency masks unresolved evidentiary, methodological, or
contextual problems that responsible authors have not adequately
examined [6-8,19].

This concept overlaps with, but is not reducible to, several
existing concerns. Hallucination concerns fabricated or
inaccurate content, paper mill production concerns fraudulent
or industrialized paper generation, automation bias concerns
overreliance on machine output [21,22], and epistemic opacity
concerns difficulty understanding how algorithmic systems
produce outputs [23]. Paper mills represent a documented threat
to research integrity [24,25], and work on AI in science has
warned that AI systems may produce illusions of understanding
[6]. Concerns about fluent but ungrounded language model
output, including the “stochastic parrots” critique, are relevant
background but do not by themselves define the claim-level
failure mode addressed here [20]. Judgment thinness specifically
concerns whether the reasoning behind major claims is visible,
proportionate, and defensible.

We propose several observable warning signs that may prompt
closer review: broad clinical or policy implications that exceed
the evidence cited; generic recommendations that do not specify
population, setting, resource, or equity limits; literature
summaries that list findings without interpreting their strength
or relevance; conclusions that convert limited evidence into
action-oriented recommendations without explaining inferential
steps; citations that exist but do not support the sentence in
which they are placed; and statements that appear authoritative
but cannot be defended by a responsible author when challenged
[7,8,17-19]. These features should prompt clarification of
claim-to-evidence reasoning, not accusations of AI use. They
are intentionally framed as review prompts rather than diagnostic
criteria because AI detection tools have documented limitations
and may produce inequitable misclassification, including for
nonnative English writers [2,26]. Nor should the prompts
penalize concise writing. Their purpose is to identify where a
manuscript may require clearer explanation of evidence strength,
inferential steps, contextual limits, or authorial responsibility.
In this sense, judgment traceability functions as a quality and
accountability standard rather than an AI detection strategy
[7,8].

From Research Waste to AI-Induced
Research Waste

Research waste is commonly discussed in relation to the
production, conduct, reporting, dissemination, and usability of
empirical research [27-29]. In health sciences, this framing has
ethical as well as economic significance because low-value
research can consume participant contributions, public funding,
institutional resources, reviewer labor, editorial attention, and
reader trust. Contemporary research integrity literature also
documents how fraudulent publication systems and paper mills
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can introduce large volumes of unreliable work into the scholarly
record and create downstream burdens for journals and evidence
synthesis [24,25,30]. This literature provides the conceptual
foundation for asking whether AI-assisted scholarly production
may create an additional pathway to low-value output while
also requiring caution: AI-induced research waste is proposed
here as a conceptual extension, not as a measured prevalence
claim.

Empirical evidence supports the plausibility of this concern
without proving its prevalence. Large-scale lexical analysis
suggests detectable traces of LLM-assisted writing in biomedical
abstracts [1]. Separate studies demonstrate risks, including
fraudulent-looking AI-generated medical manuscripts, fabricated
or erroneous AI-generated citations, and citation errors that can
appear bibliographically plausible [17-19]. These findings do
not show that AI-assisted manuscripts are inherently lower
quality or judgment thin. They do show why authors, reviewers,
and editors cannot rely on surface fluency, citation density, or
procedural disclosure alone when evaluating whether a
manuscript’s claims add proportionate knowledge value. The
problem is compounded when unreliable material enters later
scholarship: empirical work on paper mill contamination has
shown that retracted fraudulent papers can be incorporated into
systematic reviews and continue to be cited even after retraction
[30]. Although paper mills and AI-assisted writing are distinct
phenomena, both illustrate why scholarly systems need
safeguards that evaluate the integrity of the claim-source
relationship rather than only the appearance of a completed
manuscript [24,25,30].

On this basis, AI-induced research waste should be understood
as a possible pathway by which AI-assisted scholarly outputs
consume attention without adding proportionate epistemic,
clinical, methodological, or social value. The concern includes
obvious problems, such as fabricated references and unreliable
summaries, but it also includes a subtler failure: manuscripts
that are fluent and rhetorically complete yet leave reviewers
and readers to reconstruct missing judgment behind their major
claims [6-8]. This formulation is intended to prevent
overclaiming. The available empirical evidence supports
component risks (detectable AI-assisted writing, fabricated or
erroneous citations, fraudulent-looking text, detector bias,
automation-related overreliance, and broader threats to
provenance), but it does not measure the prevalence of
judgment-thin scholarship as an empirical category
[1,2,6,8,17-19,21,22,26,31]. The proposed contribution is
therefore conceptual and governance-oriented: it names a failure
mode that may become more scalable under AI-assisted writing
conditions and specifies what would need to be visible for major
claims to remain accountable. This emphasis also avoids
equating productivity with value; the ethical concern is not that
AI makes writing faster but that increased output can become
wasteful when the additional text does not carry commensurate
evidentiary or interpretive value [9,27-29].

From Clinical Judgment to Domain
Judgment Traceability

Because health sciences publishing includes diverse forms of
inquiry, clinical judgment traceability should not be treated as
the only relevant standard. Evidence-based practice has long
emphasized that clinical decisions require integration of the
best-available evidence, professional expertise, and patient
values [32]. Yet, manuscripts in public health, epidemiology,
implementation science, health informatics, qualitative inquiry,
health services research, policy research, and biomedical science
may not make direct clinical recommendations while still
depending on domain-specific judgment. Recent discussions of
claim accountability and provenance similarly emphasize that
the defensibility of scholarly claims depends on identifiable
human responsibility for evidence selection, interpretation, and
verification regardless of discipline [7,8]. For this reason, this
viewpoint uses domain judgment traceability as the broader
governance concept.

Domain judgment traceability refers to the ability of readers,
reviewers, and editors to identify how responsible authors
interpreted evidence, handled uncertainty, considered context,
and justified the level of claim being made. Clinical judgment
traceability is one subtype that becomes especially important
when a manuscript makes claims about patient care, professional
practice, clinical workflow, health system operations, or policy
decisions with foreseeable implications for care. Other forms
include methodological, statistical, ethical, policy, and
implementation judgment. Judgment types describe the
substantive domains in which authors exercise judgment,
whereas the traceability domains in Table 1 describe what must
be made visible for a major claim to remain accountable. Where
prior claim accountability work establishes that a named human
must be able to reconstruct and defend each scholarly claim [7],
domain judgment traceability specifies what should be visible
for that defense in health sciences manuscripts: the evidence
base, author interpretation, uncertainty, population and setting
context, equity and harms, recommendation strength, and
accountable authorship. Its additional contribution is to connect
those elements to health sciences–specific concerns about
research waste; transferability; patient or population
consequences; and the proportionality of clinical, policy, and
implementation recommendations. This approach extends rather
than replaces existing publication ethics expectations and
reporting standards [4,5,7-14]. The CONSORT-AI
(Consolidated Standards of Reporting Trials–Artificial
Intelligence) extension and DECIDE-AI (Developmental and
Exploratory Clinical Investigation of Decision Support Systems
Driven by Artificial Intelligence), for example, emphasize
intended use, clinical setting, human-AI interaction, input and
output handling, implementation context, and safety evaluation
[33,34]. Judgment traceability is not proposed as a replacement
reporting guideline; rather, these reporting concerns illustrate
why claims about AI-supported care, workflow, risk prediction,
or implementation should make the evidence base, setting,
uncertainty, harms, and level of action justified visible.
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Table 1. Proposed claim-centered framework for domain judgment traceability in AI-assisted health sciences manuscripts.

Example of adequate traceabilityPotential failure modeWhat authors should make visibleTraceability domain

The recommendation is based on two
observational studies and should be in-
terpreted cautiously.

Sources are cited but not interpreted;
weak evidence supports strong
claims.

Studies, guidance, data, or conceptual
sources supporting the claim

Evidence base

We interpret these findings as relevant
to workflow redesign because the ob-
served effect concerns response timing
while recognizing that alternative expla-
nations remain possible.

Findings are listed or paraphrased
without an identifiable inferential
step.

How responsible authors moved from
evidence to meaning and why the claim
follows

Author interpretation

The direction of effect is consistent,
but uncertainty remains because evi-
dence is heterogeneous and external
validation is limited.

The manuscript presents a qualified
finding as settled or omits material
uncertainty.

What remains uncertain, including
limitations, competing explanations,
and confidence in the inference

Uncertainty

These implications apply primarily to

adult EDsa with integrated electronic
health record alert systems and defined
response protocols.

A narrow finding is generalized to all
patients, settings, or systems.

Who the claim applies to, where it ap-
plies, and under what resource or
workflow conditions

Population, setting, and
context

Performance should be assessed across
relevant demographic, clinical, lan-
guage, and access-related subgroups,
when appropriate.

The manuscript assumes equal benefit
across groups or ignores possible
harms.

Potential differential effects, exclu-
sions, burdens, or unintended conse-
quences

Equity and harms

Current evidence supports further
evaluation in appropriately resourced
settings, not immediate universal
adoption.

A tentative implication is written as
a universal implementation mandate.

Whether the recommended action is
proportionate to the strength, consisten-
cy, and applicability of the evidence

Recommendation strength

AI assisted drafting of this section; the
authors checked the cited sources, re-
vised the inference, and accept respon-
sibility for the final recommendation.

Responsibility is diffused into passive
wording or AI-generated generality.

Which authors are responsible for inter-
pretation and recommendation; whether
AI materially supported major claims;
and how relevant outputs were checked

Accountable authorship and
AI assistance

aED: emergency department.

Different forms of domain judgment require different forms of
traceability. Clinical judgment concerns whether claims about
care, risk, diagnosis, treatment, triage, monitoring, or
professional action are appropriate for the relevant population
and setting. Methodological judgment concerns whether the
study design, sampling, measurement, comparison, and
interpretation are aligned with the question being asked.
Statistical judgment concerns whether analytic choices,
uncertainty, effect estimates, assumptions, and limitations are
interpreted proportionately. Ethical judgment concerns whether
benefits, burdens, risks, consent, privacy, equity, and potential
harms are adequately considered. For the purposes of the
framework proposed here, policy and implementation claims
should additionally make feasibility, stakeholders, resources,
workflows, workforce capacity, and unintended consequences
visible rather than presenting these considerations as if they
were automatically established by a generic AI reporting
standard. The framework is therefore not restricted to bedside
clinical decisions: A statistical claim may require traceability
of analytic assumptions and uncertainty; an implementation
claim may require traceability of staffing, infrastructure, and
local feasibility; and a policy claim may require traceability of
stakeholders, unintended consequences, and the level of action
justified. These distinctions matter because health sciences

manuscripts often combine empirical evidence, interpretation,
and recommendations within the same paper, and the strength
of each layer should remain visible rather than being compressed
into a single authoritative sentence [4,7,8].

What Should Be Traceable?

Judgment traceability should be claim centered. It should apply
primarily to major interpretive, clinical, methodological, ethical,
policy, and implementation claims rather than to every sentence.
A major claim is one that asks readers to accept an
interpretation, change a practice, adopt a policy, cite a
conclusion, prioritize an intervention, or treat a proposed
implication, as warranted. Stronger claims require stronger
traceability. Figure 1 therefore places the major scholarly claim,
rather than the AI tool or prompt, at the center of governance.
AI assistance may influence multiple stages of scholarly work,
but the unit of governance is the claim and whether it remains
traceable to an evidence base, author interpretation, uncertainty,
population and setting context, equity and harms,
recommendation strength, and accountable authorship [7,8].
This claim-centered orientation is also consistent with
peer-reviewed calls to prioritize provenance and verification
over attempts to govern GAI through prohibition alone [8].
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Figure 1. Claim-centered judgment traceability in AI-assisted health sciences publishing. The figure presents a conceptual framework, not an empirically
validated model. AI: artificial intelligence.

The practical value of a claim-centered approach is
proportionality. A minor wording edit does not require extensive
documentation, whereas a claim that implies a change in clinical
practice, health policy, professional responsibility, or
implementation priority should make its evidentiary basis and
inferential pathway visible [4,7,8]. Before applying the
traceability domains, authors and reviewers should first classify
the claim as an evidence summary, inference, implication,
recommendation, or speculation because the required level of
support depends on what the statement asks readers to accept.
Table 1 then translates judgment traceability into seven domains
that correspond to Figure 1: evidence base, author interpretation,
uncertainty, population and setting context, equity and harms,
recommendation strength, and accountable authorship. These
domains are not intended to create a scoring instrument; they
provide a vocabulary for asking what must be visible for a major
claim to be defensible. Existing reporting guidelines, such as
CONSORT-AI and DECIDE-AI, demonstrate the broader value
of making the intended use, setting, human-AI interaction,
safety, and implementation context explicit, even though
judgment traceability is not proposed as a replacement reporting
guideline [33,34].

The framework also clarifies the difference between empirical
support and conceptual contribution. Empirical studies can
support component concerns, such as fabricated citations,
detector bias, language barriers, publication policy
heterogeneity, paper mill contamination, and automation bias
[1-3,13,14,17-19,21,22,24-26,30,31]. They cannot, by
themselves, prove the full construct of expression-rich but
judgment-thin scholarship, because that construct is proposed
here as an analytic lens. Accordingly, this viewpoint uses
empirical evidence to support the plausibility and relevance of
the problem while using explicit proposal language when
advancing judgment traceability as a governance response [7,8].

This separation is important for metascience: a useful conceptual
framework should generate testable questions without presenting
its proposed constructs as though their prevalence, reliability,
or effectiveness had already been established.

Table 1 summarizes the seven traceability domains shown in
Figure 1. It is not a validated assessment instrument. Rather, it
is a conceptual governance aid intended to help authors,
reviewers, and editors identify what should be made visible for
consequential scholarly claims to remain defensible.

When AI Contributes an Idea: a Worked
Example

A further question is whether a recommendation initially
suggested by an AI tool can count as being supported by human
judgment if the authors had not independently conceived it
before the AI output was produced. The answer depends not on
the origin of the idea but on the authorial work that follows.
Accountability rests on whether responsible authors can
reconstruct the reasoning, evaluate the evidence, consider
alternative interpretations, identify limits, and defend the final
claim as their own scholarly judgment [7-9]. This position is
consistent with publication ethics arguments that AI systems
cannot bear authorship responsibility and with peer-reviewed
guidance that verification and human responsibility remain
necessary even when GAI materially assists writing or idea
development [4,5,9-12,14]. The practical distinction is between
assistance that stimulates accountable scholarly work and
delegation that leaves no responsible human able to defend the
resulting claim.

This issue is also relevant to honest AI disclosure. If authors
believe that acknowledging AI use will automatically trigger
disproportionate procedural burdens, they may be less willing
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to disclose assistance; conversely, generic disclosures may
become performative if they are treated as sufficient evidence
of responsible use [3,4,7,10]. A claim-centered approach reduces
that risk by focusing scrutiny on the consequences of the claim
rather than the mere presence of AI support. The same standard
can therefore be applied to AI-assisted and non-AI-assisted
manuscripts: are the major claims proportionate, source
grounded, context sensitive, and attributable to accountable
authors? This preserves the transparency value of disclosure
while avoiding a governance model in which every prompt or
stylistic edit receives the same scrutiny as a recommendation
that could influence care, policy, or research priorities [7,8].

The worked example here illustrates this distinction in a clinical
context, but the same logic can be adapted to other health
sciences claims. We propose that a qualitative manuscript should
make visible how interpretations were derived from data and
context; an informatics manuscript should clarify intended users,
workflow assumptions, model limitations, and potential harms;
and a policy viewpoint should distinguish evidence supporting
a proposed action from normative or speculative elements. These
are applications of the proposed traceability framework rather
than claims that one existing reporting guideline already covers
all paper types [7,8]. Consider a hypothetical AI-assisted
manuscript discussing an emergency department (ED) sepsis
alert intervention. A judgment-thin implication might state,
“AI-enabled sepsis alerts should be implemented across EDs
to improve early recognition, accelerate treatment, and enhance
patient safety.” This sentence is fluent and clinically plausible,
but it does not show whether the supporting evidence came
from adult or pediatric populations, academic or community
hospitals, high-resource or underresourced settings, or
prospective trials or early-stage evaluations or whether the alert
system’s positive predictive value, false-positive burden,
workflow effects, and performance across patient subgroups
were adequately assessed. Empirical sepsis alert literature
illustrates why these details matter: ED alert systems vary
substantially across studies, and recent evidence shows both
potential clinical benefits and persistent concerns about the alert
burden, generalizability, and sociodemographic performance
[35-37].

A judgment-traceable version would make the claim more
proportionate: “Available evidence may support further
evaluation of AI-enabled sepsis alerts in EDs with sufficient
informatics infrastructure; clinician response protocols; and
monitoring for false positives, alert burdens, workflow effects,
and subgroup performance. The current evidence should not be
interpreted as a universal implementation mandate. Before
adoption, journals, institutions, and clinical leaders should
examine whether the evaluated population, setting, workflow,
AI system version, input data, output interpretation, and outcome
measures correspond to the intended local use case.” The
difference is not merely tone. The judgment-traceable version
distinguishes evidence from inference and recommendation,
identifies contextual limits, makes uncertainty visible, and
preserves accountability for the level of action being proposed
[7,8,33-37]. It also demonstrates why judgment traceability is
not reducible to adding more citations: the same evidence base

can support very different claims, depending on how authors
interpret scope, uncertainty, harms, and transferability.

Implications for Authors, Reviewers,
Editors, and Journals

For authors, judgment traceability means identifying major
claims and ensuring that each is supported by an appropriate
evidence base, an explicit interpretive step, and a proportionate
level of recommendation. Authors should distinguish evidence
summaries from inferences, implications, recommendations,
and speculation and should verify that cited sources actually
support the statements attributed to them [7,8,18,19].
Transparent AI-assisted writing can support this process when
authors document human intellectual contribution and
verification without turning governance into indiscriminate
prompt-level surveillance [3,4,9,10,14-16]. The goal is not to
record every prompt but to ensure that claims likely to influence
interpretation, practice, policy, or implementation can be
reconstructed and defended by responsible authors. A useful
author-facing question is therefore not “Did AI write this
sentence?” but “If challenged, can we show why this claim
follows from the cited evidence, why its limits are appropriate,
and who accepts responsibility for it?” [7,8].

For reviewers and editors, judgment traceability should function
as an interpretive aid rather than a punitive label. Reviewers
should not be asked to determine whether text is AI generated,
particularly because detection tools may be unreliable and may
disadvantage nonnative English writers [2,26]. Instead, they
can examine whether cited evidence directly supports major
claims, whether population and setting limits are specified,
whether competing interpretations are acknowledged, and
whether recommendation strength is proportionate to the
evidence [7,8]. Editors can use this approach selectively when
claims appear clinically, methodologically, ethically, or policy
relevant but insufficiently supported. Journals could pilot
structured traceability prompts before treating them as settled
standards and evaluate outcomes, such as author burden,
reviewer agreement, editorial usefulness, citation accuracy,
correction requests, and perceived fairness. The staged approach
also clarifies what journals should not routinely require:
complete prompt histories, private drafting records, or
speculative reconstructions of every AI interaction may be
burdensome, difficult to standardize, and poorly aligned with
the integrity risk [3,4,8,10]. A more feasible approach is to
request clarification when a consequential claim lacks adequate
evidence, context, uncertainty, or accountability, preserving the
integrity function of peer review while avoiding a governance
model that rewards paperwork over reasoning.

For journals and publishers, a practical starting point is not to
require a new universal form but to identify where current
editorial workflows already ask for evidence, limitation, and
accountability. Traceability prompts could be integrated
selectively into reviewer forms, revision letters, or editorial
checks for manuscripts containing high-consequence clinical,
policy, or implementation claims. For example, reviewers could
be asked whether a major recommendation is directly supported
by the cited evidence, whether the target population and setting
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are explicit, and whether uncertainty or foreseeable harms have
been acknowledged. Such prompts would operationalize claim
accountability without requiring editors to infer how much text
was generated by AI or to police every stage of drafting [7,8].
Existing disclosure taxonomies and peer-reviewed guidance
can continue to document the role of AI in manuscript
production, while judgment traceability addresses the separate
question of whether the resulting claims are defensible
[3,4,10,14,16]. Importantly, implementation should be evaluated
rather than assumed beneficial. Journals would need to monitor
whether additional prompts improve citation accuracy, reviewer
consistency, and recommendation proportionality and whether
they create new burdens, delays, or inequities for authors and
reviewers. A governance intervention that increases paperwork
without improving claim quality would itself risk becoming a
form of editorial waste. The proposed framework therefore
favors targeted clarification of consequential claims over blanket
expansion of submission requirements, and it treats feasibility,
fairness, and workload as empirical outcomes for future testing.

Equity, Subjectivity, and Gatekeeping

Any framework that asks reviewers to evaluate judgment carries
risks of subjectivity. Reviewers may mistake familiar
disciplinary language, institutional prestige, seniority, native
English fluency, or agreement with their own clinical
preferences for stronger judgment. Evidence from peer-reviewed
research suggests that author and affiliation information can
influence reviewer behavior in some settings [31]. Research on
AI text detection raises a separate equity concern: GPT detectors
have misclassified nonnative English writing as AI generated
in some evaluation settings [26], while nonnative
English-speaking researchers face measurable burdens in
reading, writing, publishing, and presenting science [2]. Domain
judgment traceability should therefore be applied through
observable claim features rather than impressions of author
competence. A judgment-rich manuscript does not need ornate
prose or extensive rhetorical display; it needs alignment among
claim, evidence, inference, uncertainty, context, and
accountability [7,8]. Authors should have opportunities to clarify
allegedly insufficiently traceable claims, and reviewer concerns
should be framed as requests for claim evidence clarification
rather than accusations about AI use or author capability. These
safeguards are essential if claim-centered governance is to
improve accountability without reproducing linguistic or
institutional gatekeeping [2,3,26,31].

Boundaries of Judgment Traceability and
Future Research Priorities

Judgment traceability should be understood as a proposed
conceptual governance aid rather than a validated assessment
instrument. Its domains and examples require refinement
through stakeholder consultation, piloting, and empirical
evaluation. Future work should examine whether claim-centered
traceability improves reviewer agreement, author experience,
editorial usefulness, citation accuracy, correction rates, and
proportionality between evidence and recommendations while
also measuring burden and unintended consequences [7,8].

Validation should proceed in stages: Qualitative work can first
examine how authors, reviewers, and editors understand
traceability; consensus methods can then refine candidate
domains; pilot studies can assess interreviewer agreement and
feasibility; and comparative evaluations can test whether
traceability prompts improve claim-source alignment or
recommendation proportionality without creating inequitable
barriers. The emerging literature on claim accountability,
provenance, and responsible AI-assisted writing is developing
rapidly, so the contribution of judgment traceability should be
interpreted within this evolving conversation rather than as a
claim of conceptual exclusivity [4,7,8,15].

The concept should also be applied proportionately across paper
types. A clinical guideline, empirical study, qualitative analysis,
policy commentary, laboratory report, implementation report,
and philosophical essay make different kinds of claims and
require different levels of traceability. Judgment traceability
should not become a universal checklist applied mechanically
to all scholarly writing, nor should it be used as a proxy for
seniority, institutional prestige, English fluency, or disciplinary
conformity [2,26,31]. Its purpose is to make consequential
scholarly claims more accountable while preserving equitable
access to legitimate AI-assisted language and writing support
[2-4]. A boundary-focused implementation should also
distinguish private reasoning from accountable scholarly
justification. Judgment traceability does not require authors to
reveal private chain-of-thought, informal notes, or every
intermediate draft; it requires that consequential scholarly
judgments—such as why evidence was interpreted in a particular
way, why a recommendation is limited to a certain population
or setting, and who accepts responsibility for the final claim—be
sufficiently visible for review, revision, and accountability [7-9].
This boundary is important because responsible publishing
needs verifiable justification, not surveillance of cognition.

Conclusion

GAI does not make scholarship irresponsible by default; it may
improve clarity, accessibility, organization, and language equity
when used with transparent human verification [2-5]. The
integrity problem begins when fluent scholarly expression
becomes disconnected from accountable judgment. In health
sciences publishing, where claims may influence care, policy,
education, research priorities, and public trust, the crucial
question is not only whether AI was used but also whether major
claims remain traceable to evidence, interpretation, uncertainty,
context, and responsible authorship [7,8]. This viewpoint
proposes expression-rich but judgment-thin scholarship as a
conceptual lens for recognizing that mismatch and domain
judgment traceability as a claim-centered governance response.
Detection asks whether text can be identified as machine
generated; disclosure asks whether AI use has been reported;
and judgment traceability asks whether the claims carried by
the text can be reconstructed and defended by responsible
authors. The framework does not replace disclosure, reporting
guidelines, peer review, or research integrity standards. It adds
a proportional question at the point where those mechanisms
converge: does the strength of a consequential claim remain
matched to its evidence, interpretation, limits, and accountable
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human judgment? In an era when scholarly expression can be
generated at scale, responsible publishing will increasingly
depend not only on knowing how text was produced but also

on whether the claims it carries are proportionate, defensible,
and traceable to accountable human judgment [4,6-9,15].
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