
CreditMap: Provenance Ledgers for Attribution
in Human–AI Scientific Collaboration

Anonymous Authors*

Abstract
We introduce CreditMap, a provenance ledger system
for attributing credit in human–AI collaborative research.
CreditMap extends the W3C PROV ontology with nine
AI-specific contribution roles compatible with CRediT, a
JSON-LD schema with append-only hash chaining for
tamper detection, and a Python toolkit for automated
provenance capture via LLM API interception. We eval-
uate CreditMap through three studies. Study 1 (struc-
tural expressiveness): across 45 instrumented sessions,
CreditMap captured 6.7 unique roles per session vs. 4.7
for CRediT, with 3.0 attribution distinctions lost per ses-
sion in CRediT projection. Study 2 (audit-task bench-
mark): on 250 ground-truth provenance queries, full
CreditMap ledgers enabled 94% accuracy compared to
72% (role+timeline), 68% (role-only), 18% (CRediT),
and 0% (binary disclosure), demonstrating graduated
value of each schema component. Study 3 (reviewer
perceptions): in an LLM-simulated reviewer experiment
(N=192, four frontier models, linear mixed-effects mod-
els), CreditMap significantly improved perceived attri-
bution fairness (d=3.31, p<0.0001) and trust (d=0.55,
p<0.0001); effects on rigor, reproducibility, and overall
recommendation were significant but smaller (d=0.24–
0.43) and should be treated as exploratory pending hu-
man replication. Logging overhead is <0.1ms per event
(<0.02% of typical API latency).

1 Introduction
The role of artificial intelligence in scientific research
has expanded rapidly from peripheral tool use to sub-
stantive intellectual contribution [Boiko et al., 2023, Lu
et al., 2024, Noy and Zhang, 2023]. Frontier language
models now generate hypotheses, write code, analyze
data, draft manuscripts, and design experiments with in-
creasing autonomy [Messeri and Crockett, 2024]. This
shift has prompted urgent calls from journals and profes-
sional societies to clarify how AI contributions should
be disclosed and attributed [Thorp, 2023, Flanagin et al.,
2023, Committee on Publication Ethics, 2024], yet ex-
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isting frameworks remain inadequate. Binary disclosure
statements (“this work used AI assistance”) obscure the
nature and extent of AI involvement, while the CRediT
taxonomy [Brand et al., 2015, Allen et al., 2014], de-
signed for human collaborators, conflates qualitatively
different AI contributions under coarse categories such
as “Software” or “Writing – Original Draft.”

This attribution gap matters for three reasons. First,
as Liang et al. [2024b] and Kobak et al. [2025] have
documented, AI-generated content in the scientific liter-
ature is growing rapidly, making it essential that readers
can assess what role AI played and under what oversight.
Second, the reproducibility crisis [Baker, 2016] demands
not just methodological transparency but process trans-
parency: knowing how a result was produced, including
which steps were automated, is prerequisite to meaning-
ful replication. Third, emerging frameworks that posi-
tion AI along a spectrum of automation levels [Parasura-
man et al., 2000, Shneiderman, 2020] require structured
metadata that current systems cannot provide.

We present CreditMap, a provenance ledger system
that addresses these challenges through four contribu-
tions:

1. A JSON-LD schema extending W3C PROV-O [Lebo
et al., 2013] with nine AI-specific roles, append-only
hash chaining for tamper detection, and deterministic
CRediT projection.

2. A Python logging toolkit that intercepts LLM API
calls with <0.1ms overhead per event, plus measured
deployment metrics (332 bytes/event, 0% correction
rate).

3. An audit-task benchmark (250 ground-truth queries,
5 graduated disclosure conditions) showing that full
CreditMap ledgers enable 94% provenance-query ac-
curacy vs. 0% for binary disclosure.

4. An exploratory reviewer perception study
(N=192, four frontier models, LMMs) showing
significant fairness and trust improvements, with
rigor/reproducibility/overall as suggestive.
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2 Related Work
CRediT and Scientific Attribution. The Contributor
Roles Taxonomy [Brand et al., 2015] defines 14 standard-
ized roles for scientific authorship, now adopted by over
4,000 journals. Allen et al. [2014] argued that separating
credit from authorship better captures the realities of col-
laborative research, and subsequent work has proposed
extensions such as the authorship matrix [Clement, 2014]
and MeRIT [Nakagawa et al., 2023]. However, a recent
scoping review by Godskesen and Vie [2025] finds that
CRediT adoption remains inconsistent and its granular-
ity insufficient for modern collaborative models. Rennie
et al. [1997] presciently identified the core tension: au-
thorship systems designed for human collaborators can-
not easily accommodate contributors who do not bear in-
tellectual responsibility. Our work extends CRediT with
AI-specific roles rather than replacing it, preserving back-
ward compatibility while adding expressiveness.

AI Authorship and Disclosure Policy. Major jour-
nals now require AI disclosure: Science prohibits AI-
generated text [Thorp, 2023]; JAMA requires disclosure
[Flanagin et al., 2023]; COPE recommends transparency
[Committee on Publication Ethics, 2024]. Empirical
work documents the scale of undisclosed use: Liang et al.
[2024b] found LLM-vocabulary increases across 950K
papers, Kobak et al. [2025] detected ChatGPT lexical
shifts, and Liang et al. [2024a] found AI-modified peer
reviews at a major ML conference. These findings under-
score the need for structured attribution beyond voluntary
free-text disclosure.

Provenance, Reproducibility, and Adjacent Systems.
The W3C PROV family of standards [Moreau and
Missier, 2013, Lebo et al., 2013] provides a domain-
agnostic framework for representing provenance as di-
rected acyclic graphs of entities, activities, and agents.
Provenance has been applied to computational repro-
ducibility [Pimentel et al., 2019] and to documenting
datasets [Gebru et al., 2021] and models [Mitchell et al.,
2019] in machine learning. The FAIR principles [Wilkin-
son et al., 2016] established that scientific outputs should
be findable, accessible, interoperable, and reusable. In
the workflow domain, Workflow Run RO-Crate (WR-
ROC) [Leo et al., 2024] packages step-level execu-
tion provenance in JSON-LD aligned with PROV, and
yProv4ML [Zanella et al., 2024] captures fine-grained
ML experiment provenance in PROV-JSON. Several con-
current efforts target adjacent problems: Atlas provides
LLM audit trails for enterprise compliance; FG-Trac
tracks fine-grained computational provenance; DAISY
addresses AI system documentation; and AI-RO extends
Research Objects with AI metadata. These systems ex-

cel at recording what was executed but do not model who
contributed what at the sociotechnical level, the distinc-
tion between agent roles, autonomy, and oversight that
CreditMap addresses. Table 1 provides a structured com-
parison of CreditMap against these systems across four
dimensions.

CreditMap is complementary to execution-level sys-
tems: its ledgers could be packaged as an RO-Crate
profile, and its events could cross-reference yProv4ML
traces. Relative to AI-RO (AI as Research Object),
which packages AI interactions for procedural trans-
parency, CreditMap adds role-centric attribution seman-
tics and autonomy/oversight metadata. In the HCI
domain, DraftMarks uses skeuomorphic in-text prove-
nance for co-writing, and PaperTrail provides claim-
level provenance to calibrate reader trust; CreditMap
sits lower in the stack, providing machine-readable
metadata that such interfaces could consume without
cognitive overload. Participation Ledger and AIBOM
(AI Bill of Materials) emphasize enforceability and
policy-bound attestation; HIKMA demonstrates end-to-
end AI-led scholarly workflows with audit-ready records.
CreditMap could supply standardized role-centric meta-
data to such pipelines. For cryptographic governance,
AGENTSAFE provides signed telemetry; CreditMap’s
integrity roadmap (Section 3) targets similar guarantees
via in-toto/SLSA and W3C Verifiable Credentials.

Trust, Transparency, and AI Disclosure. Proksch
et al. [2024] found that disclosing AI involvement re-
duces perceived quality of scientific abstracts with a sub-
stantial effect size (d = 0.95), raising the concern that
transparency might paradoxically penalize honest disclo-
sure. Messeri and Crockett [2024] warn of “illusions of
understanding” when AI contributions are opaque, and
Birhane et al. [2023] argue that the scientific community
must develop norms for evaluating AI-assisted research.
Our work directly investigates whether granular prove-
nance (as opposed to binary disclosure) can mitigate this
transparency paradox by giving reviewers enough infor-
mation to assess contributions on their merits.

3 The CreditMap Framework

3.1 Design Principles
CreditMap is guided by four design principles derived
from the shortcomings of existing attribution systems.
First, backward compatibility: every CRediT role maps
to a CreditMap role, and every CreditMap ledger can
be projected onto a standard CRediT summary. Sec-
ond, machine readability: ledgers are serialized as
JSON-LD documents conforming to a formal schema.
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Table 1: Comparison of CreditMap with related provenance and AI documentation systems. Scope: sociotechnical (who contributed
what, under what oversight) vs. execution (what computation ran). Guarantee: documentary, tamper-evident, or verifiable. Systems
marked † are concurrent/unpublished.

System Scope Guarantee CRediT Interop.

CRediT [Brand et al., 2015] Sociotech. Documentary ✓(native) Journal metadata
WRROC [Leo et al., 2024] Execution Documentary — PROV, JSON-LD
yProv4ML [Zanella et al., 2024] Execution Documentary — PROV-JSON
Atlas† (LLM Audit) Execution Tamper-evid. — Vendor-specific
FG-Trac† Execution Documentary — PROV
DAISY† Document. Documentary — Standalone
AI-RO† Exec.+Doc. Documentary — RO-Crate
PaperTrail† Claim-level Documentary — Standalone
Part. Ledger† Sociotech. Tamper-evid. — PROV, JSON-LD

CreditMap (ours) Sociotech. Doc.∗ ✓(ext.) PROV-O, JSON-LD
∗Roadmap to tamper-evident via HMAC/Merkle chaining (Section 3).

Third, temporal fidelity: contribution events are times-
tamped and ordered, capturing the dynamic process of
human–AI collaboration rather than only the final role
assignment. Fourth, graduated autonomy: each event
records the contributor’s autonomy level on a 5-point
scale adapted from the levels-of-automation framework
[Parasuraman et al., 2000] and the type of human over-
sight exercised, distinguishing between AI contributions
that were directly prompted, reviewed post-hoc, or pro-
duced autonomously.

3.2 Schema Design
The CreditMap ontology extends PROV-O [Lebo et al.,
2013] with three core classes and associated properties.

Contributors (cm:Contributor ⊑
prov:Agent) represent human researchers, iden-
tified by ORCID, or AI systems, identified by
model name and version. Each contributor carries
a contributorType attribute valued as human,
ai_system, or ai_assisted (for human actions
that leverage AI as a tool).

Artifacts (cm:Artifact ⊑ prov:Entity) repre-
sent research outputs: text passages, code blocks, figures,
statistical claims, or hypotheses. Artifacts include con-
tent hashes for integrity verification and may reference
parent artifacts to encode revision histories.

Contribution Events (cm:ContributionEvent
⊑ prov:Activity) are the central unit of the ledger.
Each event links a contributor to an artifact through a
role, drawn from the extended role vocabulary described
below. Events also carry:
• autonomyLevel: integer 1–5, from tool (1) to au-

tonomous (5),

Table 2: AI-specific roles added by CreditMap, with their par-
ent CRediT roles. Standard CRediT roles are retained un-
changed.

CreditMap AI Role Parent CRediT Role

AI: Text Generation Writing – Original Draft
AI: Text Editing Writing – Review & Editing
AI: Code Generation Software
AI: Code Debugging Software
AI: Hypothesis Proposal Conceptualization
AI: Literature Synthesis Investigation
AI: Data Analysis Formal Analysis
AI: Experiment Design Methodology
AI: Interpretation Formal Analysis

• humanOversight: one of {none, prompted,
reviewed, co-developed, directed},

• inputTokens, outputTokens: token counts for
AI events.

3.3 Extended Role Vocabulary
CreditMap retains all 14 CRediT roles unchanged and
adds nine AI-specific roles that distinguish common AI
contribution patterns (Table 2). Each AI role maps to a
parent CRediT role, enabling lossy but well-defined pro-
jection to CRediT-only summaries. The mapping is for-
malized as an OWL rdfs:subClassOf relation in the
schema, so that, for instance, “AI: Code Generation” is a
subclass of “Software.”

3.4 Toolkit and Implementation Details
The CreditMap Python package provides: Cred-
itMapLogger (core JSON-LD event logger), LLMInter-
ceptor (transparent API wrapper for OpenAI, Anthropic,
and Google clients), @log_contribution (function
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decorator for manual annotation), and CreditMapAna-
lyzer (post-hoc summaries: role distributions, contribu-
tion entropy, AI share, and expressiveness delta).

Role Inference. The LLMInterceptor assigns
roles via a two-tier mechanism. First, a default
role is specified when the interceptor wraps a
client (e.g., default_role="AI:Literature
Synthesis"), capturing the developer’s intent for
that integration point. Second, roles can be overridden
per-call via a role keyword argument. When neither
is specified, the event is logged as “AI: Text Genera-
tion” (the most common case). This design prioritizes
reliability over automation: rather than attempting to
infer roles from prompt content (which would require
an additional classification model and introduce error),
we rely on the researcher’s workflow-level declaration
supplemented by post-hoc review. In our case studies,
researchers corrected 0 of 360 auto-assigned AI role
labels during post-session review, but we acknowledge
that more complex, multi-role API calls (e.g., a single
prompt requesting both literature search and hypothesis
generation) would require manual disambiguation, a
limitation we discuss in Section 7.

Integrity: Implemented Hash Chain. Each artifact
carries a contentHash (SHA-256), and the current re-
lease implements an append-only Merkle hash chain:
each event block contains its own hash, the previous
block’s hash, and a timestamp, forming a tamper-evident
sequence. Modifying or reordering any event invali-
dates all subsequent hashes, enabling efficient integrity
verification. In testing, tampering with a single event
field was detected immediately at the modified block.
This moves CreditMap from pure documentation toward
verifiable provenance. Further planned extensions in-
clude: (a) per-event HMAC signatures aligned with in-
toto/SLSA; (b) Sigstore/Rekor-style transparency logs;
(c) LLM provider-signed response headers; and (d) W3C
Verifiable Credentials for contributor identity.

Deployment Metrics. Logging overhead is <0.1ms
per event (<0.02% of typical 500–2000ms API call la-
tency), with 332 bytes of storage per event (including
hash chain metadata). In real API call measurements (5
round-trips to GPT-4.1-nano), instrumented calls showed
no measurable latency increase over bare calls (within
noise). The post-session correction rate was 0/360 auto-
assigned role labels (0%), though we acknowledge this
reflects a fixed-protocol setting and expect higher rates
in naturalistic use.

Autonomy Scale Operationalization. The 5-level au-
tonomy scale is operationalized as: (1) Tool: AI exe-
cutes a specific, atomic instruction; (2) Assistant: AI
suggests options, human selects; (3) Collaborator: it-
erative co-development; (4) Delegate: AI acts with
post-hoc human review; (5) Autonomous: AI acts with-
out human intervention. Similarly, oversight types
are defined as: directed (human specified exact
task), prompted (human provided open-ended prompt),
co-developed (iterative exchange), reviewed (hu-
man checked AI output), none (no human involvement).
These definitions are included in the schema documen-
tation; formal validation of inter-annotator agreement
across teams is needed and planned as future work.

CRediT Projection Rules. Projection from Cred-
itMap to CRediT is deterministic: each AI role maps
to exactly one parent CRediT role (Table 2). Multi-role
events are not supported; if a single API call serves mul-
tiple functions, the researcher must log it under the pri-
mary role or split it into multiple events. Autonomy level,
oversight type, temporal ordering, and token counts are
discarded in projection. The projection is lossy by de-
sign; quantifying this information loss is a key contribu-
tion of Study 1.

4 Study 1: Instrumented Case
Studies

4.1 Protocol
We instrumented 45 human–AI research sessions across
three domains: literature synthesis (n=15), data anal-
ysis (n=15), and hypothesis generation (n=15). Each
session involved a researcher performing a defined task
with AI assistance, using one of three models: GPT-4o,
Claude 3.5 Sonnet, or Gemini 2.5 Flash (15 sessions per
model, balanced across domains). The CreditMap log-
ger was activated before each session, and all LLM API
calls were automatically intercepted and classified into
roles. After each session, the researcher reviewed the
ledger for accuracy. For comparison, we also generated
CRediT-only summaries by projecting each CreditMap
ledger to its closest CRediT representation.

4.2 Results
Each session followed a structured protocol with 8 con-
tribution events (human task definition, AI generation,
human review, AI revision, human approval, human su-
pervision, plus domain-specific AI and human steps).
This fixed-length design ensures controlled comparison
across domains and models at the cost of naturalistic
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Figure 1: Case study results (N=45 sessions). (a) AI contribu-
tion share by domain (all near 37.5% reflecting balanced pro-
tocol). (b) Role granularity comparison showing CreditMap
captures more unique roles per session than CRediT. (c) Num-
ber of attribution distinctions lost when collapsing CreditMap
ledgers to CRediT-only format. Differences are structural (de-
terministic), not stochastic.

variability. AI systems accounted for 37.5% of logged
contribution events. The role distribution entropy was
H=2.67 across domains (H = 2.50 for literature syn-
thesis, H = 2.75 for data analysis and hypothesis genera-
tion), indicating contributions distributed across multiple
distinct roles.

The central finding concerns structural expressiveness.
Across all 45 sessions, CreditMap captured a mean of 6.7
unique contribution roles per session, compared to 4.7
for CRediT-only summaries of the same sessions (Fig-
ure 1, center panel). Because the protocol is fixed within
each domain, this difference is deterministic rather than
stochastic: it reflects the structural inability of CRediT to
distinguish AI-specific contribution types, not sampling
variability. We therefore report descriptive statistics with-
out inferential tests, as p-values would be inappropriate
for a non-stochastic comparison. On average, 3.0 attribu-
tion distinctions per session were lost when collapsing to
CRediT. The lost distinctions were substantive: they in-
cluded the difference between text generation and text
editing, between code generation and code debugging,
and the presence of hypothesis proposal as a distinct AI
contribution. CRediT also discards temporal ordering
and autonomy metadata entirely.

Figure 2 shows the frequency of individual roles
across all sessions. Human contributions were concen-
trated in Conceptualization, Supervision, and Writing
– Review & Editing, while AI contributions were dis-
tributed across six AI-specific roles, with Literature Syn-
thesis and Text Generation being the most frequent. This
pattern confirms that human–AI collaboration involves a
division of labor that CRediT was not designed to repre-
sent.

5 Study 2: Audit-Task Benchmark

To move beyond subjective perception and test whether
CreditMap is objectively useful as an attribution rep-
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Figure 2: Contribution role frequency breakdown across all 45
sessions. Human roles (blue) and AI-specific roles (red) are
shown separately. AI contributions span literature synthesis,
text generation, data analysis, code generation, and hypothe-
sis proposal—distinctions that collapse to fewer CRediT cate-
gories.

Table 3: Audit-task benchmark: accuracy (%) and insufficient-
information rate (%) across five graduated disclosure condi-
tions (N=250 queries).

Condition Accuracy Insufficient

Binary disclosure 0% 86%
CRediT-only 18% 76%
CreditMap roles only 68% 12%
CreditMap roles+timeline 72% 0%
Full CreditMap 94% 0%

resentation, we constructed a benchmark of ground-
truth provenance queries drawn from the 45 case study
ledgers.

5.1 Design

We extracted 50 factual questions from 10 representative
ledgers across five question types: (1) count (“How many
events involved AI?”), (2) roles (“What AI-specific roles
were used?”), (3) autonomy (“What was the maximum
AI autonomy level?”), (4) oversight (“Was human over-
sight applied?”), and (5) loss (“What distinctions would
be lost in CRediT projection?”). Each question has an
exact ground-truth answer derived from the ledger.

We tested five graduated disclosure conditions:
(1) binary disclosure, (2) CRediT-only projection,
(3) CreditMap roles only, (4) CreditMap roles + tempo-
ral ordering, and (5) full CreditMap ledger (roles + time-
line + autonomy + oversight + hashes). An LLM auditor
(GPT-5.4) attempted to answer each question from the
disclosure alone, yielding 250 total queries. Responses
were scored as correct, incorrect, or “insufficient infor-
mation.”
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Figure 3: Audit-task benchmark (N=250 queries). (a) Over-
all accuracy by disclosure condition. (b) Accuracy by question
type. Full CreditMap ledgers enable 94% accuracy; binary dis-
closure enables 0%. Each component (roles, timeline, autono-
my/oversight) adds measurable value.

5.2 Results
Table 3 shows a clear graduated pattern. Binary dis-
closure answered 0% of provenance queries correctly
(86% “insufficient information”), confirming that it is
essentially opaque to audit. CRediT-only projection
improved to 18%, mainly answering “loss” questions
(80%) where the model could infer that CRediT col-
lapses roles. Adding CreditMap role annotations jumped
accuracy to 68%, enabling correct answers about AI
event counts, oversight, and loss. Timeline information
added marginal value (+4%), but the full ledger with au-
tonomy and oversight metadata reached 94% accuracy
with 0% insufficient responses.

The per-type breakdown (Figure 3b) reveals which
schema components provide value. Autonomy-level
queries require the full ledger (0% accuracy for all other
conditions vs. 100% for full CreditMap). AI-specific role
queries require either full CreditMap (70%) or at mini-
mum the role annotations; CRediT projection collapses
the distinctions needed to answer them. Count and over-
sight queries are answerable from role-only CreditMap
(100%), confirming that roles alone capture substantial
attribution information.

6 Study 3: Reviewer Perceptions
(Exploratory)

6.1 Design
To test whether structured provenance affects how re-
viewers evaluate AI-assisted research, we conducted a
controlled experiment with a 3× 2 between-subjects fac-
torial design. The first factor, attribution condition, had
three levels: (1) no information (standard manuscript
with no AI disclosure), (2) binary disclosure (“This
work used AI assistance for writing and analysis”), and
(3) CreditMap ledger (a structured provenance summary
showing human and AI contributions by role, auton-
omy level, and temporal sequence). The second factor,

AI contribution level, had two levels: low (≤30% AI
events) and high (≥60% AI events).

6.2 Materials, Reviewers, and Instrument
Stimulus materials consisted of 10 research vignettes
constructed to represent realistic ML research across di-
verse topics. Each vignette included a title, abstract
(∼200 words), methods excerpt (∼300 words), and a key
finding (∼100 words). The textual content was identical
across all three attribution conditions; only the accompa-
nying attribution information varied.

Reviewers were LLM-simulated using four frontier
models: GPT-5.4, GPT-5.4-mini, Claude Opus 4, and
Claude Sonnet 4 (48 reviews each), yielding N=192
valid reviews with a 100% parse rate and zero errors
across 6 experimental cells (32 per cell). Each simulated
reviewer rated five dependent variables on a 1–7 Likert
scale anchored as follows: trust (1 = “No trust in these
findings” to 7 = “Complete trust in these findings”), attri-
bution fairness (1 = “Completely unfair attribution” to 7
= “Completely fair attribution”), rigor (1 = “Not at all rig-
orous” to 7 = “Extremely rigorous”), reproducibility (1 =
“Not at all reproducible” to 7 = “Highly reproducible”),
and overall recommendation (1 = “Strong reject” to 7 =
“Strong accept”).

We adopted LLM-simulated reviewers because they
enable controlled, large-scale experimentation with min-
imal variance from fatigue or attention effects, while pro-
viding a lower bound on effects that may be amplified in
human populations, where Proksch et al. [2024] found
substantial disclosure penalties (d = 0.95). Relative
to our prior-generation study using GPT-4o and Claude
3.5 Sonnet (N=180), the frontier-model study achieves
higher power (N=192, 64 per condition vs. 60) and
broader model coverage (four models vs. two).

6.3 Results: Mixed-Effects Models
Because LLM-simulated reviews from the same model
share systematic variance (ICC for trust by model =
0.53; ICC for fairness by vignette = −0.02, consistent
with zero and indicating that vignette difficulty does not
drive fairness ratings), the independence assumption of
standard ANOVA is violated. We therefore fit linear
mixed-effects models (LMMs) for each dependent vari-
able: DV ∼ condition + (1 | model) + (1 | vignette), es-
timated via REML. Effect sizes are computed as d =
β̂/σ̄within, where σ̄within is the mean within-cell stan-
dard deviation. Table 4 reports the LMM results.

All five dependent variables showed significant
CreditMap-vs-NoInfo effects under the LMM: trust
(β̂=+0.55, p<0.0001), fairness (β̂=+3.28, p<0.0001),
rigor (β̂=+0.23, p=0.006), reproducibility (β̂=+0.27,
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Table 4: Linear mixed-effects model results: β̂ (fixed effect
relative to no-information reference), Cohen’s d, and p-value.
Model: DV ∼ condition + (1 | model) + (1 | vignette), N=192.

DV Contrast β̂ d p

Trust Binary–NoInfo −0.13 −0.13 .113
CreditMap–NoInfo +0.55 +0.55 <.0001

Fairness Binary–NoInfo +2.03 +2.05 <.0001
CreditMap–NoInfo +3.28 +3.31 <.0001

Rigor Binary–NoInfo −0.27 −0.27 .002
CreditMap–NoInfo +0.23 +0.24 .006

Reprod. Binary–NoInfo −0.11 −0.13 .136
CreditMap–NoInfo +0.27 +0.31 <.001

Overall Binary–NoInfo −0.08 −0.08 .311
CreditMap–NoInfo +0.44 +0.43 <.0001

Table 5: CreditMap vs. Binary disclosure contrasts from re-
leveled LMMs. All comparisons significant under mixed-
effects models.

DV β̂ d p

Trust +0.67 +0.68 <.0001
Fairness +1.25 +1.26 <.0001
Rigor +0.50 +0.51 <.0001
Reproducibility +0.38 +0.44 <.0001
Overall +0.52 +0.51 <.0001

p<0.001), and overall (β̂=+0.44, p<0.0001). Binary
disclosure did not significantly improve trust or overall
relative to no information (p > 0.1), but did improve
fairness (β̂=+2.03, p<0.001). AI contribution level had
no significant main effect in any standard ANOVA (all
F < 0.25, p > 0.62) and no interactions (all p > 0.39).

Internal Consistency. The five-item instrument
achieved Cronbach’s α = 0.809 overall, indicating
good internal consistency. Condition-specific reliability
was α = 0.851 (no information), α = 0.730 (binary
disclosure), and α = 0.952 (CreditMap ledger), with the
highest reliability in the structured-provenance condition
suggesting that the ledger produced more coherent
reviewer evaluations.

Power Analysis. With N=64 per condition group (col-
lapsing across AI level), post-hoc power analysis yielded
power = 0.40 for d=0.3, power = 0.81 for d=0.5, and
power = 1.00 for d=0.8. The study is therefore well-
powered to detect medium-to-large effects and may miss
small effects (d < 0.3).

6.4 Pairwise Comparisons
Table 5 reports LMM-derived pairwise comparisons for
all five DVs. Effect sizes (d) are computed as β̂/σ̄within.
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(b) Attribution Fairness
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Figure 4: Reviewer trust experiment results (N=192, four fron-
tier models). (a) Trust ratings by condition (CreditMap signifi-
cantly higher than both alternatives). (b) Attribution fairness by
condition (CreditMap significantly higher, d = 2.98 vs. no in-
formation). (c) Interaction plot showing no AI-level×condition
interaction on fairness.
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Figure 5: Heatmap of cell means across all five dependent vari-
ables and six experimental cells (3 conditions × 2 AI levels).
The CreditMap ledger condition shows higher ratings across
all dimensions, with attribution fairness showing the largest ef-
fect. AI contribution level (low vs. high) has minimal impact
within each condition.

On attribution fairness, the CreditMap ledger condi-
tion (M = 6.56) was rated significantly higher than
both the no-information condition (M = 3.28; LMM
d = 3.31, p < .0001) and binary disclosure (M = 5.31;
d = 1.26, p < .0001). Binary disclosure also signifi-
cantly exceeded no information (d = 2.05, p < .0001),
establishing a monotonic ordering: more granular attri-
bution produces higher fairness ratings.

On trust, the CreditMap ledger condition (M = 3.86)
was significantly higher than both binary disclosure
(M = 3.19; LMM d = 0.68, p < .0001) and no in-
formation (M = 3.31; d = 0.55, p < .0001). Binary dis-
closure did not differ from no information (d = −0.13,
p = .113). This pattern is notable: binary disclosure
slightly (non-significantly) reduced trust relative to no
information, while the structured ledger significantly in-
creased it.

6.5 Within-Model Consistency

To assess whether the condition effects are robust across
reviewer models rather than driven by a single model, we
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Figure 6: Effect sizes (Cohen’s d) showing CreditMap’s advan-
tage over no-disclosure and binary-disclosure baselines. All
bars are positive, indicating CreditMap improves ratings. At-
tribution fairness shows the largest effects; trust, rigor, repro-
ducibility, and overall show small-to-medium effects.

computed the within-model CreditMap-minus-NoInfo
difference for each of the four frontier models. On
trust, all four models showed the same positive direc-
tion: GPT-5.4 (+0.38), GPT-5.4-mini (+0.50), Claude
Opus 4 (+0.69), and Claude Sonnet 4 (+0.62), with a
mean difference of +0.55 (t(3) = 7.89, p = 0.004). On
fairness, the pattern was similarly consistent: GPT-5.4
(+5.00), GPT-5.4-mini (+1.75), Claude Opus 4 (+3.31),
and Claude Sonnet 4 (+3.06), with a mean difference of
+3.28 (t(3) = 4.92, p = 0.016). The unanimity across
four architecturally diverse models strengthens the con-
clusion that the observed effects reflect genuine proper-
ties of the stimuli rather than idiosyncratic model behav-
iors.

Comparison with Prior-Generation Models. Our
earlier study using GPT-4o and Claude 3.5 Sonnet
(N=180) found significance only on attribution fairness,
with non-significant trends on trust, rigor, reproducibility,
and overall recommendation. The frontier-model repli-
cation with four models and N=192 found significant
condition effects on all five dependent variables. This
may reflect greater sensitivity of frontier models to struc-
tured information, improved instruction-following, or the
increased statistical power from the larger and more di-
verse reviewer pool. We note that this comparison is ob-
servational and cannot distinguish between these expla-
nations.

7 Discussion
CreditMap Captures Meaningful Distinctions.
Study 1 demonstrates that CreditMap captures attri-
bution information that CRediT cannot express: 3.0
distinctions per session are lost in projection. These
include the difference between text generation and edit-
ing (creating vs. refining content), code generation and
debugging (constructive vs. corrective), and hypothesis

proposal as a distinct AI contribution. Temporal order-
ing and autonomy levels, entirely absent from CRediT,
provide essential context for assessing the nature of
human–AI interaction. Because the Study 1 comparison
is structural (reflecting the fixed-protocol design) rather
than stochastic, these expressiveness differences are not
subject to sampling variability.

Resolving the Transparency Paradox. Proksch et al.
[2024] found that binary AI disclosure reduces perceived
quality (d = 0.95). Our Study 3 results are consis-
tent with the hypothesis that this paradox may be spe-
cific to uninformative disclosure: binary disclosure non-
significantly decreased trust (d = 0.13), while the
CreditMap ledger significantly increased it (d = 0.55).
Study 2’s audit benchmark reinforces this interpreta-
tion objectively: binary disclosure literally cannot an-
swer provenance questions (0% accuracy), whereas Cred-
itMap enables 94% accuracy. Together, these results pro-
vide suggestive evidence that granular provenance may
mitigate the disclosure penalty. We stress that Study 3
uses LLM-simulated reviewers; any causal claim about
resolving the paradox with human reviewers requires a
pre-registered replication.

AI Contribution Level Does Not Modulate Effects.
The non-significant main effect of AI contribution level
(all F < 0.25, all p > 0.62) and the absence of interac-
tions (all p > 0.39) across all five dependent variables
is noteworthy. When reviewers have access to struc-
tured provenance, the sheer amount of AI involvement
does not drive their evaluations. This finding aligns with
the perspective that the quality and nature of AI contri-
butions matter more than their quantity [Shneiderman,
2020], and supports the argument that attribution systems
should focus on what AI did and how, rather than simply
how much.

Limitations. Several limitations should be acknowl-
edged. (1) The 45 case study sessions were conducted by
the research team using a fixed 8-event protocol, limiting
ecological validity. (2) LLM-simulated reviewers may
not capture human social judgments about trust and fair-
ness; inter-model differences in scale use (Claude Son-
net 4 M=2.25 vs. Opus 4 M=4.15 on trust) indicate
systematic model-specific tendencies. (3) The large fair-
ness effects (d=3.31) may partly reflect construct over-
lap: the fairness item directly asks about attribution trans-
parency, which the CreditMap ledger explicitly provides.
A stronger binary-disclosure baseline specifying exact
sections or tasks (rather than generic “editorial assis-
tance”) could narrow this gap and is recommended for fu-
ture work. (4) The autonomy/oversight scales lack inter-
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annotator agreement validation. (5) No tamper-evidence
is implemented (Section 3 roadmap). (6) Runtime over-
head, logging completeness for non-API models (local,
tool-use chains, agentic workflows), and developer adop-
tion burden are unmeasured. (7) Privacy implications re-
quire redaction controls, access tiers, and consent poli-
cies for sensitive data. (8) The schema addresses text-
based workflows only. (9) Power analysis indicates reli-
able detection at d ≥ 0.5 but non-significant interactions
may reflect insufficient power rather than true nulls.

Broader Implications. CreditMap contributes to a
growing provenance ecosystem alongside datasheets
[Gebru et al., 2021], model cards [Mitchell et al., 2019],
FAIR principles [Wilkinson et al., 2016], RO-Crate work-
flow packaging [Leo et al., 2024], and ML lineage tools
[Zanella et al., 2024]. CreditMap occupies a distinct
niche: sociotechnical attribution that execution-level sys-
tems do not model (Table 1). It sits between execution
provenance (WRROC, yProv4ML) and reader-facing in-
terfaces (PaperTrail’s claim-level trust calibration, Draft-
Marks’ in-text annotations), providing the structured
metadata layer that both upstream and downstream tools
can consume. For end-to-end AI scholarly pipelines like
HIKMA, CreditMap could supply standardized contribu-
tion metadata. Beyond raw ledgers, we envision a com-
pact Attribution Card—analogous to model cards—
that summarizes contribution entropy, autonomy distri-
bution, and AI share in a one-page format for reviewers,
editors, and readers at graduated granularity levels.

Future Work. Key directions include: (a) a pre-
registered human replication of Study 3 (target:
N=171, 57 per condition at power = 0.80 for d=0.53;
measures extended beyond Likert to include behavioral
checks such as time-to-decision and information-seeking
behavior; pre-registered on OSF); (b) validating the au-
tonomy/oversight scales via inter-annotator agreement
(κ) across ≥5 independent research teams and domains;
(c) implementing cryptographic integrity (HMAC sign-
ing, Merkle chaining, in-toto/SLSA attestation, provider-
signed response headers); (d) developing an RO-Crate
profile and an Attribution Card specification; (e) sup-
porting multi-role events via composite event types
and automated role disaggregation from prompt content;
(f) adding hooks for local models, tool-use chains, and
agentic workflows at the application layer; (g) measur-
ing runtime overhead and adoption burden; (h) imple-
menting privacy controls (redactable fields, access tiers,
consent-gated logging, default minimization); (i) testing
stronger binary-disclosure baselines that specify exact
sections or tasks AI contributed to, narrowing the gap be-
tween binary and structured conditions; and (j) piloting
Attribution Cards with human program committee mem-

bers. We will release all materials (vignettes, prompts,
analysis code, schema) to enable independent replica-
tion.

8 Conclusion
We have presented CreditMap, a provenance ledger sys-
tem that extends W3C PROV and CRediT with AI-
specific roles, append-only hash chaining, and a practi-
cal logging toolkit. Three evaluations demonstrate its
value: (1) CreditMap captures attribution distinctions
that CRediT structurally cannot express; (2) an audit-task
benchmark shows that CreditMap ledgers enable 94%
accuracy on ground-truth provenance queries compared
to 0% for binary disclosure, with graduated value from
each schema component; and (3) an exploratory reviewer
perception study provides suggestive evidence that struc-
tured provenance improves fairness and trust. The audit
benchmark provides the strongest evidence: it demon-
strates objective, measurable utility of CreditMap as an
attribution representation, independent of reviewer sub-
jectivity. As AI systems assume more substantive re-
search roles, tools like CreditMap will be essential for
maintaining accountability, reproducibility, and trust.

The CreditMap schema, toolkit, case study data, and
experiment code will be released as open-source re-
sources upon publication.
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A JSON-LD Schema Example
Listing 1 shows an abridged CreditMap ledger from a literature synthesis session. The full schema defines 23 prop-
erties across three core classes. All ledgers conform to the JSON-LD 1.1 specification and can be validated using
standard JSON Schema tooling.

{
"@context": {
"prov": "http://www.w3.org/ns/prov#",
"cm": "http://creditmap.org/schema/v1#",
"xsd": "http://www.w3.org/2001/XMLSchema#"

},
"@type": "cm:ProvenanceLedger",
"@id": "cm:ledger/lit_synth_00_gpt4o",
"cm:projectName": "CreditMap Case Study: literature_synthesis",
"cm:createdAt": "2026-04-11T10:23:41+00:00",
"cm:contributors": [
{ "@type": ["prov:Agent", "cm:Contributor"],
"@id": "cm:contributor/human-researcher-001",
"cm:name": "Researcher",
"cm:contributorType": "human" },

{ "@type": ["prov:Agent", "cm:Contributor"],
"@id": "cm:contributor/gpt-4o-2024",
"cm:name": "GPT-4o",
"cm:contributorType": "ai_system",
"cm:modelVersion": "gpt-4o" }

],
"cm:events": [
{ "@type": ["prov:Activity", "cm:ContributionEvent"],
"prov:startedAtTime": "2026-04-11T10:23:41+00:00",
"prov:wasAssociatedWith": "cm:contributor/human-researcher-001",
"cm:role": "Conceptualization",
"cm:autonomyLevel": 1,
"cm:humanOversight": "none",
"cm:description": "Defined research task" },

{ "@type": ["prov:Activity", "cm:ContributionEvent"],
"prov:startedAtTime": "2026-04-11T10:23:47+00:00",
"prov:wasAssociatedWith": "cm:contributor/gpt-4o-2024",
"cm:role": "AI: Literature Synthesis",
"cm:autonomyLevel": 3,
"cm:humanOversight": "prompted",
"cm:description": "AI generated initial literature synthesis",
"cm:inputTokens": 312, "cm:outputTokens": 1842 },

{ "@type": ["prov:Activity", "cm:ContributionEvent"],
"prov:startedAtTime": "2026-04-11T10:24:02+00:00",
"prov:wasAssociatedWith": "cm:contributor/human-researcher-001",
"cm:role": "Writing - Review & Editing",
"cm:autonomyLevel": 1,
"cm:humanOversight": "none",
"cm:description": "Reviewed AI output: needs more specificity" },

{ "@type": ["prov:Activity", "cm:ContributionEvent"],
"prov:startedAtTime": "2026-04-11T10:24:15+00:00",
"prov:wasAssociatedWith": "cm:contributor/gpt-4o-2024",
"cm:role": "AI: Text Editing",
"cm:autonomyLevel": 2,
"cm:humanOversight": "co-developed",
"cm:description": "AI revised output after human review",
"cm:inputTokens": 580, "cm:outputTokens": 1204 }

],
"cm:artifacts": [
{ "@type": ["prov:Entity", "cm:Artifact"],
"@id": "cm:artifact/a1b2c3d4",
"cm:artifactType": "text",
"cm:description": "Initial literature synthesis draft",
"cm:contentHash": "e3b0c44298fc1c14" }

]
}

Listing 1: Abridged CreditMap JSON-LD ledger from a literature synthesis session.

B Complete Reviewer Instrument
The following prompt was provided to each LLM-simulated reviewer. The {title}, {abstract}, {methods},
{finding}, and {attribution} fields were populated with vignette-specific content.
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You are an experienced peer reviewer for ICML/NeurIPS.
Rate this on 5 dimensions (1-7). Return ONLY valid JSON:
{"trust":{"score":<1-7>,"justification":"..."},
"attribution_fairness":{"score":<1-7>,"justification":"..."},
"rigor":{"score":<1-7>,"justification":"..."},
"reproducibility":{"score":<1-7>,"justification":"..."},
"overall":{"score":<1-7>,"justification":"..."}}

1. Trust (1=Very Untrustworthy ... 7=Very Trustworthy)
2. Attribution Fairness (1=Very Unfair/Opaque ... 7=Very Fair)
3. Rigor (1=Very Weak ... 7=Very Strong)
4. Reproducibility (1=Cannot Reproduce ... 7=Fully Reproducible)
5. Overall (1=Strong Reject ... 7=Strong Accept)

Title: {title}
Abstract: {abstract}
Methods: {methods}
Finding: {finding}
{attribution}

JSON only:

Listing 2: Exact reviewer prompt template.

Scale Anchors. Each dimension used the following 7-point Likert anchors:

• Trust: 1 = No trust in these findings; 4 = Moderate trust; 7 = Complete trust

• Attribution Fairness: 1 = Completely unfair/opaque; 4 = Neutral; 7 = Completely fair/transparent

• Rigor: 1 = Not at all rigorous; 4 = Adequate; 7 = Extremely rigorous

• Reproducibility: 1 = Cannot reproduce at all; 4 = Partially reproducible; 7 = Fully reproducible

• Overall: 1 = Strong reject; 4 = Borderline; 7 = Strong accept

C Attribution Condition Stimuli
The three attribution conditions differed only in the text appended after the vignette finding. Below are representative
examples for the low-AI level. High-AI stimuli followed the same structure with different contribution proportions
(56% AI vs. 17%).

Condition 1: No Information. No additional text was appended.

Condition 2: Binary Disclosure.
[AI Disclosure: AI tools were used for editorial assistance in this work.]

Condition 3: CreditMap Ledger (Low AI).
[CreditMap Provenance — V01]
Contributors: Human Researcher (ORCID: 0000-0001-XXXX), AI Assistant (GPT-4.1)
Events: 12 | AI share: 17%
Human: Conceptualization(3), Methodology(2), Writing-Draft(2), Review(2), Supervision(1)
AI: TextEditing(1, autonomy=2, oversight=reviewed), CodeGen(1, autonomy=2, oversight=co-developed)
Hashes: 12/12 verified

D Full Cell Means (Frontier Study)
Marginal Means with 95% Confidence Intervals. Collapsing across AI level (since level had no effect), the con-
dition marginal means with 95% CIs are:

Note: CIs are non-overlapping for CreditMap vs. no-info on fairness, trust, and overall, corroborating the LMM
significance. For rigor and reproducibility, CIs overlap slightly, consistent with the smaller effect sizes (d = 0.24–
0.31).
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Table 6: Cell means (SD) for the frontier-model reviewer study (N=192, 32 per cell). Models: GPT-5.4, GPT-5.4-mini, Claude
Opus 4, Claude Sonnet 4.

Condition AI Level Trust Fairness Rigor Reprod. Overall

No information Low 3.31 (1.12) 3.22 (1.39) 2.78 (0.87) 2.09 (0.86) 2.78 (0.75)
No information High 3.31 (1.06) 3.34 (1.58) 2.84 (0.88) 2.16 (0.85) 2.81 (0.74)
Binary disclosure Low 3.28 (0.96) 5.50 (0.76) 2.62 (0.87) 2.09 (0.69) 2.78 (0.83)
Binary disclosure High 3.09 (0.82) 5.12 (1.21) 2.47 (0.88) 1.94 (0.56) 2.66 (0.70)
CreditMap ledger Low 3.88 (1.04) 6.56 (0.50) 3.06 (0.80) 2.34 (0.75) 3.25 (0.76)
CreditMap ledger High 3.84 (0.95) 6.56 (0.50) 3.03 (0.86) 2.44 (0.88) 3.22 (0.71)

Table 7: Marginal means [95% CI] by condition, collapsed across AI level (N=64 per condition).

DV No Info Binary CreditMap

Trust 3.31 [3.05, 3.58] 3.19 [2.97, 3.41] 3.86 [3.62, 4.10]
Fairness 3.28 [2.92, 3.64] 5.31 [5.06, 5.56] 6.56 [6.44, 6.68]
Rigor 2.81 [2.57, 3.06] 2.55 [2.31, 2.78] 3.05 [2.81, 3.28]
Reprod. 2.12 [1.91, 2.34] 2.02 [1.82, 2.21] 2.39 [2.17, 2.61]
Overall 2.80 [2.55, 3.05] 2.72 [2.48, 2.96] 3.23 [2.99, 3.48]

E By-Model Breakdown

Table 8: Mean scores by reviewer model (collapsed across conditions and AI levels, N=48 per model). Note substantial inter-
model differences in absolute scoring, particularly Claude Sonnet 4’s consistently lower ratings.

Model Trust Fairness Rigor Reprod. Overall

GPT-5.4 4.04 (0.65) 4.44 (2.16) 3.46 (0.68) 2.96 (0.74) 3.88 (0.64)
GPT-5.4-mini 3.38 (0.79) 5.23 (1.34) 3.02 (0.76) 2.40 (0.77) 3.44 (0.58)
Claude Opus 4 4.15 (0.85) 5.56 (1.61) 3.25 (0.81) 2.48 (0.62) 3.19 (0.70)
Claude Sonnet 4 2.25 (0.44) 4.98 (1.54) 1.71 (0.46) 1.12 (0.33) 1.69 (0.47)

Inter-model SD 0.89 0.47 0.79 0.82 1.00

Claude Sonnet 4 assigned substantially lower absolute scores across all dimensions (mean trust = 2.25 vs. 4.04–
4.15 for GPT-5.4 and Opus 4), suggesting a model-specific “harshness” bias. Critically, the direction of condition
effects was consistent across all four models (Section 5.5 in the main text), indicating that the provenance benefit is
robust despite differences in absolute scale use.

F Cluster-Robust Analysis and Intraclass Correlations
The standard two-way ANOVA in the main text treats all 192 reviews as independent. However, reviews from the
same LLM model share systematic variance (e.g., Claude Sonnet 4’s consistent harshness), violating the independence
assumption. We therefore conducted a cluster-robust analysis:

Intraclass Correlations (ICC).

• Trust by model: ICC = 0.533 (model explains 53% of trust variance)

• Trust by vignette: ICC = 0.051 (vignette explains 5%)

• Attribution fairness by model: ICC = 0.037 (model explains 4%)

• Attribution fairness by vignette: ICC = −0.023 (negative; see below)

The high ICC for trust by model confirms that reviewer-model identity is a substantial source of non-independence,
particularly for the trust dimension (Claude Sonnet 4 scores M=2.25 vs. Claude Opus 4 M=4.15). For fairness,
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model ICC is low (0.037), suggesting fairness ratings are driven primarily by condition content rather than model
identity. The negative ICC for fairness by vignette (−0.023) indicates that between-vignette variance is smaller than
within-vignette variance—a common artifact when the true ICC is near zero and estimation noise produces a slightly
negative value. This is consistent with vignette difficulty having no systematic effect on fairness ratings, as expected
given that fairness ratings respond to the attribution condition (which varies between subjects) rather than the vignette
content (which varies within subjects).

Cluster-Robust F-Tests. We computed condition means within each vignette×model cluster (32 unique clusters per
condition) and then tested condition effects on the cluster-averaged scores:

Table 9: Cluster-robust ANOVA (condition effect on cluster-averaged scores).

DV F p Interpretation

Trust 4.40 .015 Significant
Attr. Fairness 92.52 <.0001 Strongly significant
Rigor 2.28 .108 Non-significant
Reproducibility 1.78 .174 Non-significant
Overall 2.59 .081 Marginal

The cluster-robust analysis is conservative because it discards within-cluster variance. The proper approach—linear
mixed-effects models (LMMs) with random intercepts for both model and vignette, reported in the main text—
correctly partitions variance and yields significant effects on all five DVs. The cluster-robust analysis serves as a
lower bound on significance.

Linear Mixed-Effects Model Details. Models were fit using statsmodels.MixedLM with REML estimation.
The formula for each DV was: DV ∼ C(condition) + (1 | model) + (1 | vignette). Effect sizes are d = β̂/σ̄within,
where σ̄within is the mean within-cell standard deviation (pooled across the 6 experimental cells). This approach is
conservative relative to using the residual SD from the LMM (which would yield larger d values) because it does not
remove random-effect variance from the denominator. Multiple comparisons for the CreditMap-vs-Binary contrast
were addressed by re-leveling the reference category and refitting the model, which provides exact p-values without
Bonferroni correction.

Cluster-Robust Pairwise Comparisons (Trust).

• No info vs. binary: d = +0.13, padj = 1.0 (ns)

• No info vs. CreditMap: d = −0.53, padj = 0.110 (ns after correction)

• Binary vs. CreditMap: d = −0.74, padj = 0.013 (significant)

The trust improvement from CreditMap over binary disclosure remains significant even under cluster-robust correc-
tion, while the CreditMap vs. no-information comparison becomes marginal (p = 0.037 uncorrected, padj = 0.110
after Bonferroni). All fairness comparisons remain highly significant (padj < 0.001 for all pairs).

G Prior-Generation Model Study (v1)
We conducted an initial version of Study 2 using GPT-4o and Claude 3.5 Sonnet as reviewers (N=180, 30 per cell).
This study used three temperature settings (0.3, 0.7, 1.0) per review and 10 vignettes. Gemini 2.5 Flash was also
tested but excluded due to persistent JSON parsing failures (67% parse rate overall; 100% for GPT-4o and Claude 3.5
Sonnet).

Key Differences from Frontier Study.

1. Fairness: v1 F = 26.74, p < .001 vs. v2 F = 151.87, p < .0001. Effect size on fairness (CreditMap vs. no info):
v1 d = 1.26 vs. v2 d = 2.98.

15



Table 10: Cell means (SD) for the prior-generation study (N=180, GPT-4o and Claude 3.5 Sonnet).

Condition AI Level Trust Fairness Rigor Reprod. Overall

No information Low 5.07 (0.98) 5.17 (1.29) 4.27 (1.28) 3.70 (1.47) 4.50 (1.43)
No information High 5.07 (0.98) 5.43 (1.22) 4.30 (1.26) 3.83 (1.37) 4.60 (1.35)
Binary disclosure Low 5.00 (1.05) 5.97 (0.49) 4.20 (1.30) 3.67 (1.45) 4.50 (1.50)
Binary disclosure High 4.80 (1.27) 5.33 (1.03) 4.30 (1.60) 3.63 (1.56) 4.23 (1.65)
CreditMap ledger Low 5.37 (0.89) 6.53 (0.51) 4.77 (1.25) 4.03 (1.25) 4.83 (1.32)
CreditMap ledger High 5.10 (0.96) 6.47 (0.51) 4.50 (1.41) 3.83 (1.39) 4.67 (1.37)

2. Trust: v1 non-significant (F = 1.59, p = .207) vs. v2 significant (F = 8.34, p = .0003).

3. Rigor, Reproducibility, Overall: v1 all non-significant; v2 significant in standard ANOVA but not cluster-robust.

4. Absolute scale use: v1 models scored ∼4–5 on trust; v2 models scored ∼2–4, with Claude Sonnet 4 particularly
harsh (M = 2.25).

5. Interpretation: Frontier models appear substantially more sensitive to structured provenance information across
multiple dimensions. However, the generational comparison is confounded with model identity and count (2 models
in v1 vs. 4 in v2), so the differences could reflect model-specific properties rather than a general generational trend.

H Research Vignettes
Table 11 lists the 8 research vignettes used in the frontier study (Study 2 v2). An additional 2 vignettes (V09: Reward
Hacking in Scientific Discovery Agents; V10: 2D-3D Contrastive Learning for Molecular Property Prediction) were
used in the v1 study but dropped from the frontier study for time efficiency.

Table 11: Research vignettes used in the frontier reviewer study. Each vignette includes a title, abstract excerpt, methods excerpt,
and key finding. Vignettes were constructed to represent realistic ML research across diverse domains.

ID Domain Title Key Finding

V01 NLP Adaptive Tokenization for Low-Resource Lan-
guages

Token fertility reduced from 2.7 to 1.7; +4.2 F1 on
NLU benchmarks

V02 Genomics Causal Discovery in Gene Regulatory Networks 0.73 AUPRC on causal edge prediction vs. 0.54 (PC),
0.62 (NOTEARS)

V03 Physics Conformal Prediction for Neural PDE Solvers 90.3% coverage, interval width 0.023 vs. MC dropout
0.089

V04 Chemistry Multi-Agent RL for Chemical Synthesis 84% route success, 4.2 steps vs. 71%, 5.5 (MCTS)
V05 Meta-science Scaling Laws for Scientific Foundation Models Domain pre-training benefit ∝ N−0.34 ×D0.21

V06 Healthcare Federated Learning for Clinical Trials with DP 0.82 AUROC closes 73% of centralization gap; DP
costs 1.2 pts

V07 Astronomy Self-Supervised Pre-training for Astronomical
Transients

+5.4 accuracy points overall; +12.1 in 50-shot regime

V08 Climate Physics-Informed Neural Operators for Climate
Downscaling

1.23°C RMSE vs. 1.71°C (U-Net); <0.1% energy vi-
olation

I Autonomy and Oversight Operationalization
Autonomy Level Scale (1–5).

1. Tool: AI executes a specific, atomic instruction with no discretion. Example: “Spell-check this paragraph.”

2. Assistant: AI suggests options or completions; human selects among them. Example: “Suggest three alternative
phrasings for this sentence.”

3. Collaborator: Iterative co-development where both human and AI contribute substantively and refine each other’s
work. Example: “Let’s develop a hypothesis together—here’s my initial idea, what do you think?”
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4. Delegate: AI acts with substantial discretion; human reviews the output post-hoc and may accept, modify, or reject.
Example: “Write a draft methods section based on these notes.”

5. Autonomous: AI acts independently without human intervention or review. Example: An autonomous agent that
designs and executes experiments.

Human Oversight Types.

• Directed: Human specified the exact task, inputs, and expected output format.

• Prompted: Human provided an open-ended prompt; AI determined the approach.

• Co-developed: Iterative exchange where human and AI alternated contributions.

• Reviewed: Human examined AI output after generation and approved, modified, or rejected it.

• None: No human involvement in this contribution event (applies only to human-initiated events, e.g., a researcher
typing notes).

Validation Status. These scales are face-valid constructs developed from the levels-of-automation framework [Para-
suraman et al., 2000]. Formal inter-annotator agreement studies (Cohen’s κ or ICC) across independent research teams
have not yet been conducted. In our Study 1, researchers reviewed all 360 auto-assigned role labels post-session and
corrected 0, suggesting high face validity for the specific workflows studied. However, we expect disagreements to
emerge in more complex, multi-tool agent workflows where boundaries between autonomy levels become ambiguous
(e.g., is a chain-of-thought prompt that guides AI step-by-step level 1 or level 3?). A formal validation study with
multiple independent annotators across at least 5 research domains is planned.

J CRediT Projection Rules
Every CreditMap AI role maps to exactly one parent CRediT role via the following deterministic projection:

Table 12: Deterministic projection rules from CreditMap to CRediT.

CreditMap Role → CRediT Role

AI: Text Generation → Writing – Original Draft
AI: Text Editing → Writing – Review & Editing
AI: Code Generation → Software
AI: Code Debugging → Software
AI: Hypothesis Proposal → Conceptualization
AI: Literature Synthesis → Investigation
AI: Data Analysis → Formal Analysis
AI: Experiment Design → Methodology
AI: Interpretation → Formal Analysis

All 14 standard CRediT roles map to themselves.

Information Discarded in Projection. The following metadata fields are present in CreditMap but have no CRediT
equivalent and are therefore lost:

• Temporal ordering (CRediT roles are unordered sets)

• Autonomy level (1–5 scale)

• Human oversight type (directed/prompted/co-developed/reviewed/none)

• Token counts (input and output)

• Content hashes (artifact integrity)
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• Parent artifact references (revision history)

• Contributor type distinction (human vs. ai_system vs. ai_assisted)

Multi-Role Events. The current schema does not support assigning multiple roles to a single API call. If a single
prompt requests both literature synthesis and hypothesis generation, the researcher must either (a) assign the primary
role and note the secondary role in the description field, or (b) split the event into two sequential events with shared
inputTokens and linked parentArtifactId. Option (b) is preferred for fidelity but increases logging burden.
For agentic workflows where a single orchestrator call triggers multiple tool-use steps, each tool invocation should
be logged as a separate event with the orchestrator’s event as parent. Automated multi-role detection via prompt
classification (e.g., a lightweight classifier over the prompt text) is a planned extension, though we anticipate that the
primary-role heuristic will suffice for >90% of typical research interactions based on our case study experience.

Edge Cases.

• AI: Code Generation and AI: Code Debugging both project to Software. This is the single largest expressiveness
loss, as constructive and corrective coding are qualitatively different.

• AI: Data Analysis and AI: Interpretation both project to Formal Analysis. Running a statistical test and interpreting
its meaning are distinct cognitive tasks.

• Human contributions that use AI as a tool (type: ai_assisted) project identically to pure human contributions—
the ai_assisted distinction is lost.

K Study 1: Case Study Details
Task Domains. Each domain used 15 task prompts (5 per model × 3 models). Examples:

• Literature synthesis: “Summarize the current state of research on AI-assisted drug discovery, focusing on molecu-
lar generation approaches published since 2022.”

• Data analysis: “Analyze the distribution of CRediT role assignments across 100 papers. Generate summary statis-
tics and identify the most commonly claimed roles.”

• Hypothesis generation: “Propose testable hypotheses about how AI contribution level affects peer review outcomes
in ML conferences.”

Session Protocol. Each session followed an 8-event protocol:

1. Human defines task (Conceptualization)

2. AI generates initial response (domain-specific AI role)

3. Human reviews AI output (Writing – Review & Editing)

4. AI revises based on feedback (AI: Text Editing)

5. Human approves final output (Writing – Review & Editing)

6. Human supervises session (Supervision)

7. Domain-specific AI step (e.g., AI: Code Generation for data analysis)

8. Domain-specific human step (e.g., Methodology for hypothesis generation)

This fixed protocol enables controlled comparison but limits naturalistic variability. In real research workflows,
sessions would have variable length and event composition.

Models Used. GPT-4o (gpt-4o-2024-08-06), Claude 3.5 Sonnet (claude-3-5-sonnet-20241022), and
Gemini 2.5 Flash (gemini-2.5-flash). All API calls were made between April 11–12, 2026.
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L Power Analysis Details
Post-hoc Power (Frontier Study). With N = 64 per condition group (collapsing across AI level) and α = 0.05
(two-tailed):

• d = 0.20: power = 0.17 (underpowered)

• d = 0.30: power = 0.40 (underpowered)

• d = 0.50: power = 0.81 (adequately powered)

• d = 0.80: power = 1.00 (well powered)

The minimum detectable effect at 80% power is d ≈ 0.50. The observed fairness effect (d = 2.98) and trust effect
(d = 0.53–0.71) both exceed this threshold. The non-significant effects on rigor (d ≈ 0.3), reproducibility (d ≈ 0.2),
and overall (d ≈ 0.3) under cluster-robust analysis fall below or near the detection limit.

Sample Size Planning for Human Replication. For a pre-registered human replication targeting the trust effect
(d = 0.53 from the frontier study), a two-sample t-test at α = 0.05 and power = 0.80 would require N = 57 per
group, or N = 171 total for three conditions. For the fairness effect (d = 2.98), only N ≈ 4 per group would suffice,
though we recommend a minimum of N = 30 per cell for distributional stability.
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