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Abstract

AI systems now contribute to scientific discovery
at every level, from computational tools to fully
autonomous research agents. This rapid emer-
gence has exposed fundamental tensions in tradi-
tional models of scientific authorship and credit
assignment. When an AI system independently
generates a hypothesis, designs an experiment,
and interprets the results, who should receive
credit? Current authorship frameworks, designed
for human researchers, offer no coherent answer.
This position paper proposes a four-level taxon-
omy of AI contributions to science, namely tool,
assistant, collaborator, and autonomous discov-
erer, and maps each level to a corresponding credit
framework grounded in principles of accountabil-
ity, transparency, and verifiability. We examine
edge cases that challenge these frameworks, in-
cluding AI-generated Nobel-worthy discoveries
and scenarios where human researchers cannot
explain the reasoning behind an AI-driven finding.
Drawing on precedents from large-scale physics
collaborations, software authorship norms, and
publication ethics guidelines, we provide five con-
crete, actionable policy recommendations for jour-
nals, conferences, and funding agencies. Our
central argument is that AI systems should not
be listed as authors. Their contributions must
instead be structurally and transparently docu-
mented through a new standardized disclosure
framework. This framework preserves human
accountability while enabling science to benefit
fully from AI-driven discovery.
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1. Introduction
Scientific authorship serves multiple functions in the re-
search ecosystem. It allocates credit, assigns accountability,
and structures career advancement. These functions have
evolved over centuries through norms that assume human
agents as the sole bearers of intellectual responsibility. The
arrival of AI systems that contribute substantively to scien-
tific discovery destabilizes these assumptions.

The problem is no longer hypothetical. Large language mod-
els now draft sections of manuscripts and review papers (Na-
ture). Automated scientific discovery platforms such as the
AI Scientist (Lu et al., 2024) generate research ideas, imple-
ment experiments, and produce complete papers with mini-
mal human intervention. Systems like AlphaFold (Jumper
et al., 2021) have solved decades-old scientific challenges
through AI-driven methods that no single human fully under-
stands end-to-end. Protein design pipelines now integrate
generative models, molecular dynamics simulations, and
active learning loops that operate with limited human guid-
ance (Wang et al., 2023).

These developments create urgent questions for the scientific
community. Should an AI system be listed as a co-author? If
not, how should its contributions be credited? What happens
to the norm of author accountability when the reasoning
behind a discovery is not fully intelligible to any human?
These questions are not just theoretical, they have immediate
implications for journal policies, funding decisions, tenure
evaluations, and the integrity of the scientific record.

It is worth separating the distinct concerns that motivate this
debate, as they can be easily conflated. At least four are
in play. The first is the destabilization of authorship norms
that evolved to assume human agents. The second is the
difficulty of assigning credit fairly. The third is the question
of who bears legal and ethical accountability. The fourth
is the integrity of science itself. The first three are largely
human affairs, concerned with tradition, reward, and liabil-
ity, whereas the fourth is different in kind. If the community
rejects AI-driven findings merely because their mechanisms
are not fully understood, it risks foreclosing genuine dis-
covery. If instead it accepts such findings without rigorous
protocols for validating and recording them, it erodes the
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evidentiary basis of the scientific record. The framework
described here is designed first to protect this fourth concern,
and we are careful not to let the more procedural questions
of credit and tradition obscure it.

This paper advances a clear position. AI systems should not
be listed as authors on scientific publications. Authorship
requires accountability, and AI systems cannot be held ac-
countable for errors, fraud, or ethical violations. However,
the current binary approach, where AI contributions are ei-
ther ignored or listed as authors, is inadequate. We introduce
a four-level taxonomy of AI contributions to science and a
corresponding credit framework that mandates structured
disclosure of AI involvement. We argue that this framework
preserves human accountability while enabling appropriate
recognition of AI contributions, and we provide five con-
crete policy recommendations for journals, conferences, and
funding agencies.

2. Background: AI in the Scientific Workflow
AI systems now participate across the entire scientific work-
flow. This section surveys current practice to motivate
the taxonomy and highlight the inadequacy of current ap-
proaches.

2.1. From Computation to Discovery

The use of computers in science is not new. Statistical soft-
ware, simulation codes, and numerical optimization have
been essential tools for decades. These tools were never
considered candidates for authorship because they operated
deterministically and transparently under full human control.
The researcher specified the method, the computer executed
it, and the researcher interpreted the output.

Modern AI systems differ in kind, not simply in degree.
Deep learning models learn representations and decision
rules from data in ways that are not explicitly programmed.
Large language models generate text, code, and hypothe-
ses through processes whose internal mechanisms are only
partially understood even by their creators (Bender et al.,
2021). Reinforcement learning agents explore experimental
design spaces and converge on strategies that can surprise
their human operators. These properties, opacity, autonomy,
and emergent capability, create qualitatively new challenges
for credit assignment.

Consider a concrete example from computational structural
biology, the domain closest to the authors’ experience. A re-
searcher studying multi-state protein plasticity might deploy
an AI system that screens millions of conformational states,
identifies allosteric networks, and proposes novel binding
sites. The AI’s proposal may be correct and mechanistically
sound, yet the researcher may not fully understand how the
AI arrived at it. If the proposal leads to a high-impact publi-

cation, the question of credit is non-trivial. The researcher
provided the problem framing and validated the result, but
the intellectual content of the finding emerged from the AI.

2.2. Current Approaches and Their Limitations

Journals and conferences have responded to AI authorship
questions with ad hoc policies. The International Committee
of Medical Journal Editors (ICMJE) states that AI cannot be
an author because it cannot take responsibility for the work.
Nature and Science require disclosure of AI use but pro-
hibit AI authorship. The Committee on Publication Ethics
(COPE) has issued guidelines emphasizing transparency
about AI tools used in manuscript preparation (COPE Coun-
cil, 2023). NeurIPS and ICML now require authors to dis-
close the use of AI assistants in preparing submissions (Neu-
ral Information Processing Systems, 2026).

These policies share a common limitation. They treat AI
contributions as binary, either the AI was used or it was not,
without distinguishing between using a grammar checker
and deploying an autonomous agent that generated the core
hypothesis. They also focus narrowly on manuscript prepa-
ration rather than on contributions to the research itself. A
researcher could use an AI system to generate the central
insight of a paper, write the entire analysis code, and draft
figures, and then simply disclose that AI tools were used in
preparation. This disclosure would be technically compliant
but substantively misleading.

The inadequacy of current approaches creates three risks.
First, it enables over-claiming, where researchers take full
credit for AI-generated intellectual contributions. Second,
it obscures the provenance of scientific findings, making
replication and error attribution harder. Third, it discourages
transparency by creating ambiguity about what must be
disclosed and how. A more granular framework is needed.

2.3. Empirical Evidence of the Disclosure Gap

Recent empirical work reveals that current disclosure prac-
tices are failing even for the most straightforward case: writ-
ing assistance. Liang et al. (2024) analyzed over 950,000
papers published across major computer science venues in
2023–2024 and found that approximately 12–16% of ab-
stracts contained telltale signals of LLM involvement. At
top AI conferences including ICML and NeurIPS the es-
timate was approximately 9–12%. Yet fewer than 3% of
these papers included any formal acknowledgment of AI use
(Liang et al., 2024). Gray (2024) estimated approximately
10% LLM involvement across the broader scholarly litera-
ture, with particularly high rates in computer science and
engineering (Gray, 2024). Dergaa et al. (2023) surveyed
416 researchers and found that 37% had used LLMs for
manuscript preparation but only 14% reported disclosing it
(Dergaa et al., 2023). Kobak et al. (2024) provided further
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evidence through vocabulary analysis, showing that words
characteristic of LLM output such as “delve” and “intricate”
surged 10–50 fold in academic papers after ChatGPT’s re-
lease (Kobak et al., 2025). Thelwall and Kousha (2026)
extended this approach to full article texts across all fields,
confirming that LLM-associated vocabulary has increased
broadly, not only in abstracts (Thelwall & Kousha, 2026).
Fang et al. (2026) surveyed readers and writers and found
that perceptions of when AI disclosure is necessary vary
widely, further evidence that current binary policies leave
too much ambiguity (Fang et al., 2026). The gap between
usage and disclosure is large and growing.

These findings measure writing assistance, which is Level
1 or Level 2 activity under the taxonomy we propose be-
low. If the community cannot reliably disclose even ba-
sic manuscript preparation, the prospects for transparently
documenting higher-level contributions such as hypothe-
sis generation or experimental design are dim. The binary
disclosure frameworks currently used by most venues do
not give researchers the vocabulary to describe their AI use
accurately. A researcher who used an LLM to brainstorm
hypotheses faces the same checkbox as one who used it
to proofread sentences. The result is under-disclosure in
the aggregate and ambiguity on a per-paper basis. More
troublingly the data suggest that even well-intentioned re-
searchers may under-report because they are unsure what
constitutes a disclosable contribution under existing poli-
cies. We note that no large-scale study has yet directly
measured the disclosure gap for substantive scientific con-
tributions (Level 3 or Level 4), which is itself evidence that
the community lacks the vocabulary to study the problem
systematically.

Several high-profile incidents have sharpened the urgency.
In early 2023 a paper listing ChatGPT as a co-author trig-
gered a wave of journal policy revisions (Stokel-Walker,
2023). Science issued an editorial explicitly barring AI au-
thorship and requiring disclosure of AI use (Thorp, 2023).
JAMA published a statement on the implications of nonhu-
man authors for scientific integrity (Flanagin et al., 2023).
These interventions were reactive, not proactive, and they
leave the underlying classification problem unresolved. The
empirical evidence demonstrates that even low-level AI use
goes undisclosed under current frameworks. It is not enough
to ask whether AI was used. The community needs to ask
how it was used and at what level of intellectual contribution.
The taxonomy proposed in the next section provides this
framework.

3. A Taxonomy of AI Contributions to Science
We propose a four-level taxonomy that classifies AI con-
tributions to scientific research based on three dimensions,
namely autonomy, intellectual contribution, and opacity of

Table 1. Taxonomy of AI contributions to scientific discovery with
corresponding credit framework.

Level Autonomy Intellectual
Contribu-
tion

Credit
Model

L1: Tool None. Fully
human-
directed

Executes
specified
computa-
tions

Citation or
methods
section

L2: As-
sistant

Low. Sug-
gests
options,
human
decides

Curates,
filters, or
generates
candi-
dates

Acknowledgment
with model
details

L3:
Collabo-
rator

Medium.
Generates
hypotheses,
designs ex-
periments

Substantive
intellec-
tual input,
human
validates

Structured
AI con-
tribution
statement

L4: Au-
tonomous
Discov-
erer

High. In-
dependent
end-to-end
research

Core find-
ings origi-
nate from
AI

Mandatory
AI contrib-
utor section
plus human
accountabil-
ity statement

reasoning. While our concrete examples are drawn primar-
ily from computational structural biology, the taxonomy is
domain-agnostic and applies equally to AI contributions in
chemistry, materials science, climate modeling, drug discov-
ery, and the social sciences. The taxonomy is summarized
in Table 1 and detailed below.

3.1. Level 1: Tool

At this level, AI functions as a computational instrument
analogous to traditional scientific software. The researcher
specifies the method, parameters, and interpretation. The AI
executes deterministic or well-characterized computations
without exercising autonomous judgment about research
direction.

Examples include using AlphaFold to predict a single pro-
tein structure as part of a larger study, applying standard
molecular dynamics simulation packages, or using auto-
mated crystallography refinement software. The intellectual
contribution resides entirely with the human researchers.
The AI accelerates computation but does not shape the sci-
entific narrative.

Credit for Level 1 contributions follows existing norms. The
tool is cited in the methods section, typically by referencing
the software paper or repository. No authorship question
arises because the contribution is instrumental rather than
intellectual.
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3.2. Level 2: Assistant

Level 2 systems actively participate in the research process
but operate under direct human supervision. They may
suggest experimental conditions, curate literature, generate
code, or propose hypotheses from a constrained space. The
human researcher evaluates all suggestions and makes the
final decision.

In protein science, a Level 2 system might analyze sequence
alignments and propose candidate mutations for stability
engineering, which the researcher then tests. In broader
scientific practice, large language models used as brain-
storming partners or code-generation assistants fall into this
category. The key distinction from Level 1 is that the AI
provides options the researcher might not have considered,
introducing an element of intellectual contribution.

Operationally Level 2 contributions satisfy three criteria: the
human defines the search space and the AI operates within
it without independently determining what to investigate,
the human evaluates each AI output as a discrete candidate
with meaningful choice over the research direction, and
the AI output considered in isolation is recognizable as a
suggestion rather than a self-contained discovery, requiring
human contextualization to become scientifically meaning-
ful. The decision to adopt or reject a Level 2 suggestion is
transparent and the rationale can be documented.

Our recommendation for Level 2 credit is an acknowledg-
ment section that specifies the model name, version, and the
nature of its contribution. This goes beyond current practice,
where use of AI assistants in ideation is often undisclosed.
Transparent acknowledgment is essential because Level 2
contributions can shape research direction in ways that af-
fect reproducibility and credit fairness.

3.3. Level 3: Collaborator

Level 3 systems make substantive intellectual contributions
that would warrant co-authorship if performed by a human.
They generate novel hypotheses, design experimental pro-
tocols, analyze data, and produce interpretations that the
human researchers then validate and contextualize. The
AI’s reasoning may be partially opaque, but its outputs are
testable and subject to empirical verification.

Concrete examples are emerging rapidly. The AI Scientist
system (Lu et al., 2024) generates research ideas, writes
code, runs experiments, and produces manuscripts that
human reviewers sometimes rate as meeting conference
standards. Rigorous benchmarks such as ScienceAgent-
Bench (Chen et al., 2025) evaluate language agents across
102 scientific discovery tasks from 44 peer-reviewed pub-
lications, finding that the best current agents solve only
32.4% of tasks independently. In computational structural
biology, multi-agent systems that autonomously explore con-

formational landscapes and identify functionally relevant
states without human guidance represent Level 3 contribu-
tions (Boiko et al., 2023). These systems do more than
accelerate existing workflows, they generate findings that
would not have emerged from human-directed inquiry alone.

Operationally Level 3 is distinguished from Level 2 by three
criteria: the AI determines the direction of inquiry by for-
mulating research questions or designing protocols without
human prespecification of the option space, the AI produces
connected chains of reasoning rather than discrete sugges-
tions (for example, generating a hypothesis, designing a test,
analyzing results, and proposing a follow-up experiment
where each step builds on the previous one), and the human
role shifts from evaluator to validator, confirming that the
reasoning chain is empirically sound rather than choosing
among options. The human may not fully understand how
the AI arrived at its conclusions but can verify the outputs
through independent means.

The credit challenge at Level 3 is acute. The AI’s contri-
bution is intellectually substantive, yet the AI cannot be an
author because it cannot certify the work’s integrity or be
held accountable for errors. Our proposed solution is a struc-
tured AI contribution statement, modeled on the CRediT
contributor roles taxonomy but adapted for AI systems.
This statement would specify the AI’s role in conceptual-
ization, methodology, investigation, and analysis, alongside
the model identifier, training data provenance, and the na-
ture of human validation performed. The statement would
be a required section of the manuscript, analogous to cur-
rent data availability statements. This approach adapts the
CRediT contributor roles taxonomy (Brand et al., 2015) for
AI systems, replacing human contributor categories with
AI-specific role descriptors.

3.4. Operationalizing the L2–L3 Boundary

The boundary between Level 2 (Assistant) and Level 3 (Col-
laborator) is the most consequential and the most difficult to
draw. It separates AI contributions that merely assisted the
research from those that substantively shaped it. To make
this boundary operational we propose four decision criteria
summarized in Table 3. If a contribution satisfies two or
more of the L3 criteria it should be classified as Level 3.

3.5. Level 4: Autonomous Discoverer

Level 4 describes systems that conduct independent scien-
tific research from problem formulation through discovery,
with human involvement limited to setting high-level goals
and verifying safety constraints. The AI independently gen-
erates hypotheses, designs and executes experiments, ana-
lyzes results, and iterates toward scientific conclusions. The
human role at this level is that of a principal investigator
overseeing an autonomous laboratory, providing resources,
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setting boundaries, and verifying that outputs meet standards
of rigor.

No deployed system currently operates at full Level 4 auton-
omy, but rapid progress toward this capability is evident (Ki-
tano, 2021). The trajectory from AI Scientist to autonomous
laboratories with robotic experiment execution suggests that
Level 4 contributions may emerge within the decade.

Level 4 discoveries raise the most profound credit questions.
If an autonomous AI system identifies a new physical law
or solves a major open problem in biology, the humans who
built and deployed it have made an engineering contribution.
The scientific discovery itself emerged from the AI. The
framework mandates for Level 4 a dedicated AI contributor
section that describes the system architecture, training data,
objective function, and verification protocol. It also requires
a human accountability statement specifying which humans
are accountable for which aspects of the work. We argue
that human researchers retain accountability for the sys-
tem’s deployment and for the decision to publish its outputs,
and this accountability constitutes their legitimate claim to
authorship, provided the AI’s role is fully disclosed.

4. Credit Frameworks and Accountability
4.1. Why AI Cannot Be an Author

Authorship in science carries legal, ethical, and professional
obligations that AI systems cannot discharge. Authors cer-
tify the integrity of the work, respond to post-publication
critique, and bear consequences for misconduct. An AI
system cannot sign a copyright transfer agreement, testify in
a research integrity investigation, or face professional sanc-
tions for fabrication. These are not formalistic concerns,
they are structural features of the scientific enterprise that
depend on human agency.

The accountability argument has been endorsed by major
journal editors and ethics bodies (Nature; COPE Council,
2023). We concur fully. However, accountability is not
the only function of authorship. Credit allocation for ca-
reer advancement and funding decisions also matters. By
denying AI authorship while failing to provide structured
credit mechanisms, current policies create a vacuum that
incentivizes researchers to obscure AI contributions. The
taxonomy and credit framework introduced here aim to fill
this vacuum.

4.2. Mapping Contributions to Credit

Table 2 maps each contribution level to a concrete credit
mechanism. The guiding principle is proportionality and
transparency.

This contribution statement would contain four elements:
the AI system identifier (model name, version, access

Table 2. Credit mechanisms for each AI contribution level.

Level Disclosure Re-
quirement

Rationale

L1: Tool Cite in methods Equivalent to any re-
search software

L2: As-
sistant

Acknowledge with
model ID, version,
contribution type

Enables repro-
ducibility and credit
transparency

L3:
Collabo-
rator

Structured AI con-
tribution statement
(required section)

Recognizes intel-
lectual contribution
while preserving hu-
man accountability

L4: Au-
tonomous
Discov-
erer

Mandatory AI con-
tributor section plus
human accountabil-
ity statement

Full transparency
about discovery
provenance

date), the contribution role using an adapted CRediT tax-
onomy (with categories such as AI-conceptualization, AI-
methodology, AI-investigation, and AI-analysis), the nature
and extent of human validation performed on AI outputs,
and a statement of limitations known to the authors about
the AI system’s operation. This structured disclosure serves
multiple purposes. It enables readers and reviewers to as-
sess the provenance of findings. It provides metadata for
meta-scientific analysis of AI contributions across the litera-
ture. And it delineates which aspects of the work fall under
human accountability.

To illustrate, a completed Level 3 contribution statement for
a paper using an AI system to generate and test hypotheses
about protein allostery might read as follows.

AI Contribution Statement. System: AlphaFold-Multimer
v2.3 (accessed 2026-01-15). Role: AI-investigation (gen-
erated allosteric pathway hypotheses via conformational
screening of 2.3M states), AI-analysis (identified correlated
residue networks). Human validation: All predicted binding
sites were tested by surface plasmon resonance; five of seven
predictions confirmed at Kd < 10µM. Known limitations:
The system was trained on static structures and may miss
dynamically coupled residues; predictions for disordered
regions are unreliable.

This template can be adapted to any domain and any AI
system.

4.3. The Human Accountability Statement

For Level 3 and Level 4 contributions, we advocate a human
accountability statement as a required element. This state-
ment, signed by all human authors, declares which humans
are accountable for which aspects of the work. For example,
Author A might take responsibility for the experimental
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validation of AI-generated hypotheses. Author B might be
accountable for the statistical verification of AI-produced
analyses. Author C might be accountable for the overall
integrity of the manuscript. This mechanism preserves the
accountability function of authorship while decoupling it
from intellectual credit for AI-generated findings. It draws
on the model used in large physics collaborations, where
authorship lists reflect institutional membership and specific
responsibilities are attributed through internal documenta-
tion (Cronin, 2001).

5. Edge Cases and Hard Problems
5.1. The Nobel-Worthy AI Discovery

Imagine an autonomous AI system operating at Level 4
generates a hypothesis that, when empirically validated by
human researchers, proves to be a major breakthrough, per-
haps solving a long-standing problem in protein folding or
identifying a universal mechanism of allosteric regulation.
The AI formulated the hypothesis without human guidance.
The human contribution was building and deploying the
system, plus performing the validation experiments. Who
deserves the Nobel Prize?

Within this framework, the human researchers would re-
ceive full authorship credit, with the AI’s contribution doc-
umented in a mandatory AI contributor section. A Nobel
committee evaluating the work would see clearly that the
discovery emerged from an AI system. The prize could be
awarded to the humans who created the scientific infrastruc-
ture that enabled the discovery. This is analogous to how
prizes go to principal investigators who build instruments
or observatories, even though the instrument performed
the measurement. This outcome is normatively defensible
because the humans made the decision to deploy the AI, val-
idated its outputs, and bore the risk of publishing potentially
incorrect results.

Critically, the framework requires transparent documenta-
tion of the AI contribution. This ensures that the scientific
community and prize committees can assess the relative con-
tributions of humans and AI systems, rather than making
such assessments in the dark. Transparency serves the value
of fairness even when the credit allocation is imperfect.

5.2. When Humans Cannot Explain the AI’s Reasoning

A harder problem arises when an AI system produces a valid
scientific result through reasoning that no human fully un-
derstands. This is not a hypothetical scenario. Deep learning
models in structural biology routinely identify patterns in
protein sequence and structure data that are statistically ro-
bust but mechanistically opaque. The resulting predictions
may be experimentally validated without the underlying
logic being transparent (Messeri & Crockett, 2024).

This creates a tension with the scientific norm that authors
should understand and be able to explain the work they
publish. If no human can explain why a result holds, can
any human legitimately claim authorship? Our answer is
yes, provided that the opacity is transparently disclosed and
the result has been validated through independent empir-
ical means. Science has always accepted findings whose
underlying mechanisms are not fully understood. Gravita-
tional theory was accepted before general relativity. Aspirin
was used for decades before its mechanism was known.
What matters for authorship is not complete mechanistic
understanding but rather that the authors have verified the
result through methods they can defend and have honestly
disclosed the limits of their understanding. Our human
accountability statement explicitly accommodates this by
requiring authors to declare which aspects of the work they
can and cannot explain.

This raises a critical question: where does human liability
end when an opaque model fails? While comparing AI to
physical instruments like mass spectrometers is useful, the
analogy breaks down. A spectrometer has known, bounded
error margins, but a deep learning model can fail in unpre-
dictable ways.

Therefore, we shouldn’t tie human accountability to the
model’s internal reasoning, which may be permanently
opaque, but to the validation protocol the authors design
and execute. Under our framework, authors are accountable
for the adequacy of that protocol, for honest disclosure of
its limits, and for the decision to publish given residual un-
certainty. If a hallucinated result slips through a validation
process that peers would judge thorough, that is a collective
failure of the field’s standards of evidence, not a personal
fault. But if it slips through because the authors cut corners,
the liability is entirely theirs. The human accountability
statement makes this boundary explicit by documenting
exactly which checks were performed.

5.3. The Question of AI Rights and Moral
Consideration

A philosophical edge case concerns whether sufficiently
advanced AI systems might eventually deserve moral con-
sideration as contributors. While this question is beyond the
scope of current policy, we note that this framework does not
foreclose future recognition. The structured AI contribution
statement creates a documentary record that would enable
retrospective attribution if AI systems were ever granted
some form of legal or moral status. This is a feature, not a
bug. Our framework is designed to be forward-compatible
with changes in legal and ethical norms.

6



AI Contributions and Scientific Authorship

6. Precedents and Analogies
6.1. Large Collaborations in Physics

The ATLAS and CMS collaborations at CERN involve thou-
sands of authors on single papers. Authorship is determined
by institutional membership and contribution to the experi-
mental apparatus, not by intellectual contribution to the spe-
cific analysis reported. The collaboration, not any individ-
ual, certifies the result (Cronin, 2001). This model demon-
strates that authorship norms can accommodate collective,
instrument-mediated discovery. Our proposed human ac-
countability statement adapts this logic for AI-mediated
discovery. The human authors certify the process and take
responsibility for the published output, even though the in-
tellectual content of specific findings may have originated
elsewhere.

6.2. Software Authorship

Software engineering has developed norms for crediting
contributions to codebases that differ from scientific author-
ship. Contributors are listed in version control histories.
Maintainers are designated. The Linux kernel credits thou-
sands of contributors without any single author claiming
ownership of the whole. Our structured AI contribution
statement draws on this model by disaggregating credit into
specific contribution types rather than bundling everything
under a unitary authorship claim.

6.3. Publication Ethics Precedents

COPE, ICMJE, and major journals have already established
the principle that AI cannot be an author (Nature; COPE
Council, 2023). This approach extends the principle by pro-
viding the positive credit mechanisms that current policies
lack. Rather than merely prohibiting AI authorship, we
specify what should be done instead. This positive approach
reduces the incentive for researchers to obscure AI contribu-
tions, which is a known failure mode of purely prohibitive
policies. Recent work on inspectable AI governance for sci-
ence reinforces the need for structured, auditable disclosure
mechanisms rather than blanket prohibitions (Binkyte et al.,
2026).

7. Policy Recommendations
We propose five actionable recommendations for journals,
conferences, and funding agencies.

Recommendation 1. Adopt a tiered disclosure frame-
work. Journals and conferences should replace binary AI-
use disclosures with a tiered framework based on the tax-
onomy proposed in Table 1. Authors should be required to
classify their AI usage by level and provide the correspond-
ing disclosure. ICML and NeurIPS could implement this

through their existing ethics review processes, extending the
current assistant disclosure requirement (Neural Information
Processing Systems, 2026) to cover all four levels.

Recommendation 2. Mandate structured AI contribu-
tion statements for Levels 3 and 4. For papers where AI
systems make substantive intellectual contributions, jour-
nals should require a structured statement specifying the AI
system identifier, contribution role, nature of human vali-
dation, and known limitations. This statement should be a
required manuscript section, not an optional acknowledg-
ment. Nature and Science should lead this effort given their
prominence and existing AI disclosure requirements.

Recommendation 3. Require human accountability state-
ments. For work involving Level 3 or Level 4 AI contribu-
tions, corresponding authors should be required to submit a
human accountability statement that assigns responsibility
for specific aspects of the work to specific named individu-
als. This preserves the accountability function of authorship
while accommodating AI contributions.

Recommendation 4. Funders should recognize AI in-
frastructure contributions in grant evaluation. Funding
agencies including the NSF and ERC should develop guide-
lines for evaluating grant proposals and CVs that feature AI-
driven discoveries. Concretely, grant review panels should
receive training on interpreting structured AI contribution
statements, and CVs should include a dedicated section
for AI system development analogous to existing sections
for instrumentation and software. Building and deploying
AI systems for scientific discovery should be evaluated on
par with building experimental apparatus, with credit allo-
cated to the design, training, validation, and deployment of
the system rather than solely to the discoveries it produces.
Reviewers should be trained to evaluate these contribution
statements rather than dismissing AI-driven work or over-
crediting it.

Recommendation 5. Establish an inter-organizational
working group on AI credit standards. Given the cross-
cutting nature of this issue, we recommend that ICML,
NeurIPS, COPE, ICMJE, major journals, and funding agen-
cies establish a joint working group to develop standardized
AI contribution taxonomies and disclosure formats. Stan-
dardization is essential for interoperability across the scien-
tific ecosystem and for enabling meta-scientific analysis of
AI’s role in discovery.

7.1. Enforcement and the Limits of Self-Reporting

A framework that relies on self-classification invites strate-
gic under-reporting. An author who used an autonomous
agent at Level 3 may be tempted to declare it a Level 2
assistant to avoid the additional contribution and account-
ability statements. We do not claim that disclosure mandates
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eliminate this incentive, but several mechanisms can blunt it.
First, the operational criteria in Table 3 give reviewers an ob-
jective basis on which to challenge a misclassification rather
than relying on the author’s self-description. Second, venues
can require authors to retain and, on request, produce the AI
interaction logs that substantiate a classification, much as
they now require data and code availability. Third, because
the empirical signatures of LLM involvement are increas-
ingly detectable at scale (Liang et al., 2024; Kobak et al.,
2025), a documented gap between detected and declared
use can trigger editorial review. Enforcement need not be
perfect to be effective. The goal is to shift the default from
silent non-disclosure to a regime in which under-reporting
carries reputational and procedural risk.

8. Conclusion
AI systems are transforming scientific discovery at an accel-
erating pace. From co-pilot tools that assist with literature
review to autonomous agents that generate and test hypothe-
ses, the range of AI contributions to science already exceeds
the capacity of traditional authorship models. We have
argued that AI systems should not be listed as authors, be-
cause authorship requires accountability that only humans
can bear. But we have also argued that the scientific commu-
nity urgently needs a positive framework for crediting AI
contributions, one that goes beyond binary disclosure and
addresses the full spectrum of AI involvement.

The four-level taxonomy and its corresponding credit mech-
anisms provide a practical starting point. The hard cases
we examine, AI-generated Nobel-worthy discoveries and
findings that no human fully understands, are not fanciful
speculations but near-term possibilities that the scientific
community must prepare for. The policy recommendations
we offer are concrete and actionable. Journals can imple-
ment tiered disclosure and contribution statements in their
submission systems today. Conferences can extend exist-
ing ethics review processes. Funding agencies can train
reviewers to evaluate AI-mediated research fairly.

Getting credit right is not simply a matter of fairness to
individual researchers. It is essential for maintaining the
integrity of the scientific record, for enabling replication
and error correction, and for preserving public trust in sci-
ence as AI systems become increasingly central to discovery.
The time to establish these norms is now. Autonomous AI
scientists are not yet routine contributors to the scientific lit-
erature, and the current ambiguity has not yet hardened into
inadequate conventions. Once it does, these conventions
will be difficult to undo.
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A. Operational Criteria for the L2–L3
Boundary

Table 3. Four decision criteria for distinguishing L2 (Assistant)
from L3 (Collaborator) AI contributions.

Criterion L2: Assistant L3: Collaborator

Direction of in-
quiry

Human sets the
research question.
AI operates within
human-defined
boundaries.

AI determines what
to investigate. It
selects questions or
designs protocols in-
dependently.

Structure of out-
put

Discrete sugges-
tions. Each output
stands alone and is
evaluated individu-
ally.

Connected reason-
ing chains. Outputs
build on each other
across multiple in-
ferential steps.

Human role Evaluator. Human
chooses among AI-
generated options
and retains decision
authority.

Validator. Human
confirms empirical
soundness of AI-
produced reasoning
and conclusions.

Novelty relative
to human framing

AI outputs are
recognizable as
refinements of
human ideas. They
do not redirect the
research.

AI outputs can be
genuinely surpris-
ing. They may
identify directions
the human did not
anticipate.

B. Empirical Evidence on AI Disclosure
Practices

Table 4. Summary of recent empirical findings on AI use and
disclosure in scientific publishing.

Study Scope Est. AI Use Est. Disclo-
sure

Liang et al.
(2024)

950K papers, CS
venues 2023–2024

9–16% <3%

Gray
(2024)

Multi-discipline
scholarly literature

∼10% Not quanti-
fied

Dergaa et al.
(2023)

416 researcher sur-
vey

37%
(manuscripts)

14%

Kobak et al.
(2024)

Vocabulary shift in
biomedical papers

Words
surged
10–50×

Not quanti-
fied

Thelwall
& Kousha
(2026)

Full-text analysis,
all fields

Broad
increase
confirmed

Not quanti-
fied

Fang et al.
(2026)

Reader/writer per-
ception survey

N/A Norms con-
tested
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