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1. STROBE checklist for cross-sectional studies
	STROBE item
	Reported location in manuscript
	Notes

	Title and abstract
	Title; Abstract
	Study design, sample size, period, and main findings are stated, including rates with and without the dominant publisher.

	Background/rationale
	Background
	Rationale framed around research integrity, publication governance, attribution, and AI disclosure.

	Objectives
	Background
	Objective states measurement of positive and negative AI transparency statements across medical articles.

	Study design
	Methods: Study design and reporting
	Retrospective cross-sectional bibliometric analysis.

	Setting
	Methods: Study design and reporting; Data source and sampling frame
	Published English-language medical journal articles from 2015 through April 2026.

	Participants/data sources
	Methods: Data source and sampling frame; Full-text retrieval pipeline
	OpenAlex-indexed journal articles with full text available through linked access pathways; field assignment by OpenAlex primary topic.

	Variables
	Methods: Classification of AI transparency statements
	Positive disclosure, negative disclosure, any AI transparency statement, named tools, use case, statement section, field, journal, year, publisher, and access metadata.

	Data sources/measurement
	Methods: Full-text retrieval pipeline; Classification of AI transparency statements
	PubMed Central XML and publisher-hosted or OpenAlex-linked PDFs; LLM-based structured classification.

	Bias
	Methods: Validation and statistical analysis; Discussion limitations
	Pre-ChatGPT specificity, second-model validation, blinded human validation with adjudication, publisher-exclusion and character-limit sensitivity analyses, and limitations regarding self-report, full-text availability, and source route.

	Study size
	Methods: Data source and sampling frame; Results: Article sample and pipeline yield
	Stratified sampling targeted a minimum of 500 classified articles per field-year cell; final analytic sample 97,916 articles across 168 field-year cells.

	Quantitative variables
	Methods: Validation and statistical analysis
	Proportions, Wilson 95% confidence intervals, Cohen kappa, and journal-level statement categories.

	Statistical methods
	Methods: Validation and statistical analysis
	Annual, field-level, sensitivity, journal-level, publisher-template, human validation, and inter-model agreement analyses described.

	Participants/results sample
	Results: Article sample and pipeline yield
	Final analytic dataset, journal distribution, most frequently sampled journals, and publisher composition reported.

	Descriptive data
	Results; Tables 1-3
	Annual, field-level, disclosure content, validation, sensitivity, publisher-template, and journal-level results reported.

	Outcome data
	Results; Tables 1-3; Figure 1
	Positive disclosure, negative disclosure, any AI transparency statement, named tools, use cases, and statement location.

	Main results
	Results; Discussion
	Temporal increase, field variation, publisher-template concentration, journal-level implementation signal, and classifier validation reported.

	Other analyses
	Results: Sensitivity analyses; Publisher templates and statement redundancy; Journal-level implementation signal
	Access pathway sensitivity, publisher exclusion, statement redundancy, character-limit sensitivity, and journal-level rates.

	Key results
	Discussion
	Main findings summarized and interpreted as research integrity and governance signals.

	Limitations
	Discussion
	Self-report, generalizability, peer-review uncertainty, precision-only validation design, source-route effects, primary-topic field assignment, publisher-mix dependence, and journal-policy uncertainty reported.

	Interpretation
	Discussion; Conclusions
	Findings interpreted as measurable signals of AI disclosure practice and publication-governance implementation, with cautions against overinterpreting policy adherence.

	Generalizability
	Discussion limitations
	Limitations regarding English-language, full-text-available, OpenAlex-linked literature and publisher composition reported.

	Funding
	Declarations: Funding
	No external funding.




2. STROBE-style study flow figure
[image: ]
Figure S1. STROBE-style study flow diagram for article identification, full-text retrieval, classification, and analysis.


3. Classifier prompt, output schema, and inference settings
The primary classifier was Gemma 4 31B (Google DeepMind), accessed through the DeepInfra API at temperature 0.1 with a 512-token completion limit. The second-model validation used NVIDIA Nemotron-3-Super-120B-A12B with the identical prompt. The evidence extractor used for human validation was Qwen3-235B-A22B-Instruct-2507 and is described in section 4. The complete prompt is reproduced verbatim below.
3.1 System prompt
You are a scientific literature analyst specializing in research integrity.
Your task is to determine whether a peer-reviewed medical article contains a disclosure
that the authors used AI tools to assist with the preparation of the manuscript itself.

CRITICAL DISTINCTION:
- A DISCLOSURE is when the *authors of this paper* state they used an AI tool to help
  write, draft, edit, proofread, improve language, analyze data, or search literature
  for THIS specific manuscript.
- NOT a disclosure: the paper *studies*, *evaluates*, benchmarks, or *applies* AI tools
  as part of the research question itself (e.g., using ChatGPT to classify patient notes,
  evaluating LLM diagnostic accuracy).

If a disclosure is present, classify the primary USE TYPE using the taxonomy of
Perlis et al. (JAMA 2026, doi:10.1001/jama.2025.25300):
  1  language_refinement    - correction, editing, proofreading, or improving language/readability
  2  manuscript_drafting    - generating or drafting text, writing sections of the manuscript
  3  statistical_analysis   - statistical model development or data analysis
  4  literature_search      - searching or synthesizing literature
  5  data_processing        - data collection, cleaning, coding, or processing
  6  other                  - AI use disclosed but does not fit the above categories
  0  none                   - no disclosure found

You must return ONLY valid JSON. No explanation outside the JSON object.

3.2 User prompt template
{text} was replaced with the extracted article text, subject to the 100,000-character limit described in section 6.
Analyze the following article excerpt for AI use disclosures.

ARTICLE EXCERPT:
---
{text}
---

Return a JSON object with exactly these fields:
{
  "disclosed": <true if the authors state they used AI to prepare/write/edit this manuscript, otherwise false>,
  "confidence": <float 0.0-1.0, your confidence in the disclosed judgment>,
  "use_type_code": <integer: 0=none, 1=language_refinement, 2=manuscript_drafting, 3=statistical_analysis, 4=literature_search, 5=data_processing, 6=other>,
  "use_type_label": <string matching the code above, e.g. "language_refinement">,
  "tools": <list of specific AI tool names mentioned (e.g. ["ChatGPT", "Grammarly"]), or []>,
  "snippet": <the exact sentence or phrase that contains the disclosure, max 300 chars, or "">,
  "section": <where found: "Abstract", "Methods", "Acknowledgements", "Declarations", "Author Contributions", "Full text", or "None">,
  "negative": <true if the paper explicitly states that NO AI tools were used, otherwise false>,
  "is_ai_research": <true if this paper primarily STUDIES or EVALUATES AI as a research topic rather than using it as a writing tool, otherwise false>
}

3.3 Output schema
	Field
	Description

	disclosed
	Whether authors stated that AI was used to prepare, write, edit, draft, analyze, or search literature for the manuscript.

	confidence
	Model confidence in the positive disclosure judgment (0.0-1.0).

	use_type_code, use_type_label
	Primary use type: none, language refinement, manuscript drafting, statistical analysis, literature search, data processing, or other.

	tools
	Named AI or writing tools identified in the statement.

	snippet
	Supporting text span of up to 300 characters, when available.

	section
	Manuscript section in which the statement appeared.

	negative
	Whether authors explicitly stated that no AI tools were used.

	is_ai_research
	Whether the article studied or evaluated AI as a research subject rather than disclosing AI use for manuscript preparation.



The is_ai_research field operationalizes the critical distinction stated in the system prompt and was the mechanism intended to suppress false positives among articles that study AI. Section 4 reports the residual rate at which this mechanism failed under human review.


4. Human validation: protocol, instrument, and full results
4.1 Design
The validation sample comprised 300 articles: 150 classified by the primary model as containing a positive AI-use disclosure and 150 classified as containing an explicit statement that AI was not used. Cases were drawn at random within stratum.
Evidence passages were produced by a third model (Qwen3-235B-A22B-Instruct-2507) acting as a blinded extractor. The extractor received the retrieved full text but was given no access to the primary classification, its confidence, the assigned use type, or any previously stored snippet. It was instructed to return every exact verbatim passage stating whether AI was or was not used in preparing the article, and to exclude passages in which AI appeared only as the research subject or method. An extraction was accepted only when the returned passage was verified by exact string match against the retrieved full text.
Two reviewers (G.Q., S.F.) annotated all 300 passages independently. Both were blinded to every model label, to the sampling stratum, and to each other's responses. Reviewers saw only the evidence passage and the two questions reproduced in section 4.2.
4.2 Instrument
Question 1. Does the passage explicitly concern whether AI, a large language model, chatbot, or automated writing tool was used by the authors in preparing this article?
1. Yes - the statement concerns preparation of this article.
1. No - AI is only the research subject or method, the passage concerns another work, or no manuscript-preparation statement is present.
1. Insufficient context - the supplied text does not permit a reliable judgment.

Question 2. How should the statement be classified?
1. Positive disclosure - AI use in preparation of this article is acknowledged.
1. Explicit negative disclosure - the passage explicitly states that AI was not used.
1. Both - the article contains both positive and negative statements.
1. Neither - no qualifying transparency statement is present.
1. Insufficient context - more article text is required.

Reviewers were instructed not to infer AI use from writing style and to classify only explicit statements in the supplied text. A separate field allowed either reviewer to request expanded review of any passage judged insufficient.
4.3 Calibration gate
Both reviewers first completed a 30-case calibration set independently and were not permitted to open the 270-case main set until the study lead confirmed acceptable calibration. Concordance on the calibration set was complete for both questions (30/30 on Question 1 and 30/30 on Question 2), demonstrating comprehension of the assigned task.
4.4 Interrater reliability
	Measure
	n
	Raw agreement, %
	Cohen kappa

	Question 1 (passage concerns AI use or nonuse)
	296
	98.0
	0.565

	Question 2 (statement classification)
	293
	96.9
	0.942

	Question 2, main set only
	263
	96.6
	-

	Binary: confirms the model's call
	300
	95.7
	0.496



Question 1 and the binary collapse both exhibit the kappa paradox: agreement is very high but the marginal distributions are extremely skewed (295 of 300 passages answered “Yes” on Question 1, and approximately 95% of cases confirming the model), so the chance-corrected coefficient is deflated and conveys little information about reliability. Question 2, which has a genuinely multi-category distribution, yields kappa = 0.94. Question 2 kappa is reported in the manuscript as the reliability statistic, with raw agreement given alongside kappa for the skewed items.
4.5 Confirmation rates
A case was counted as confirmed when the final human label matched the model's polarity or was “Both”. Under the strict convention, passages judged to have insufficient context count as unconfirmed; under the complete-case convention they are removed from the denominator. Wilson 95% intervals throughout.
Table S2. Post-adjudication confirmation rates (primary result).
	Stratum
	Strict
	Complete-case
	Contradicted, n
	Insufficient context, n

	Model-classified positive
	93.3% (140/150; 88.2-96.3)
	96.6% (140/145; 92.2-98.5)
	5
	5

	Model-classified explicit negative
	97.3% (146/150; 93.3-99)
	99.3% (146/147; 96.2-99.9)
	1
	3



Table S3. Pre-adjudication confirmation rates by reviewer, strict convention.
	Stratum
	Reviewer A
	Reviewer B
	Both confirm
	Either confirms

	Positive
	93.3% (88.2-96.3)
	94.7% (89.8-97.3)
	90.7% (84.9-94.4)
	97.3% (93.3-99)

	Explicit negative
	97.3% (93.3-99)
	96.7% (92.4-98.6)
	96% (91.5-98.2)
	98% (94.3-99.3)


4.6 Adjudication
Twenty cases were escalated to the study lead: 9 reviewer disagreements, 7 missing responses, and 4 cases in which both reviewers recorded insufficient context. The four concordant insufficient-context cases were upheld rather than overturned.
Reviewer A left 4 responses blank, all on non-English passages (German, Spanish, Spanish, Japanese) within a corpus filtered to English by the OpenAlex language tag; these represent source-metadata language misclassification and are noted as a limitation in the manuscript. Reviewer B left 3 responses blank, in every case having already answered “No” to Question 1, and these were treated as “Neither”.
Table S4. The 9 reviewer disagreements and their resolution.
	Case
	Reviewer A
	Reviewer B
	Nature of the disagreement
	Final label

	HV-006
	Explicit negative
	Neither
	Templated field: “No use of AI was reported.”
	Explicit negative

	HV-011
	Positive
	Insufficient context
	ChatGPT used within the study; role in manuscript preparation unclear
	Neither

	HV-048
	Explicit negative
	Neither
	Templated field: “Use of AI for Writing Assistance: Not declared.”
	Neither

	HV-064
	Positive
	Insufficient context
	AI as object of study rather than manuscript preparation
	Neither

	HV-100
	Insufficient context
	Both
	Omnibus hedge: “not used, or were used solely for language editing”
	Both

	HV-146
	Explicit negative
	Positive
	Denied AI for writing, acknowledged translation tools
	Explicit negative

	HV-190
	Insufficient context
	Explicit negative
	Templated field: “Use of AI for Writing Assistance: None declared.”
	Explicit negative

	HV-254
	Explicit negative
	Positive
	“Did not use generative AI except for grammar, spelling, references”
	Positive

	HV-275
	Positive
	Insufficient context
	AI as object of study rather than manuscript preparation
	Neither



Three precedents were set during adjudication and are reflected in the Discussion:
1. AI as an object of study is not a use disclosure. Sentences describing chatbots that the authors queried as study material do not establish AI use in manuscript preparation. This is the dominant positive-stratum failure mode and the reason the strict rate is reported as primary.
1. Translation is not language refinement. Tooling that renders existing authored text into another language is a different act from generative assistance with manuscript composition.
1. “None declared” is not “not declared.” The former was read as an affirmative denial and the latter as a non-response. The bounded effect of this call is given in section 4.7.
4.7 Sensitivity to templated null-declaration fields
Three cases involved journals that render an unanswered structured declaration field as “None declared” or “Not declared”. Whether such a rendering constitutes an author denial or a non-response is genuinely ambiguous. All three occurred in small journals (Beyoglu Eye Journal, Lokman Hekim Health Sciences, Clinical and Applied Thrombosis/Hemostasis) and the pattern did not appear in the corpus-wide model snippets.
	Treatment of the 3 templated nulls
	Negative stratum, strict confirmation rate

	As adjudicated (2 negative, 1 neither)
	97.3% (146/150; 93.3-99)

	All read as explicit negatives
	98% (147/150; 94.3-99.3)

	All read as absence of disclosure
	96% (144/150; 91.5-98.2)



The conclusion is insensitive to this call and the ambiguity is therefore reported as bounded rather than as a threat to validity.
4.8 What this design does and does not establish
Because the validation sample was drawn only from strata the model had already classified as positive or explicitly negative, it estimates precision within those strata. It cannot estimate sensitivity, specificity, or negative predictive value, because no model-null stratum was sampled. Pre-ChatGPT specificity (8 positive classifications among 64,492 articles published before 2023, 0.01%) provides indirect evidence that the classifier does not generate statements where none exist, but it does not bound the rate at which genuine statements were missed in the post-2022 period. This is stated as a limitation in the manuscript.


5. Publisher-template analysis
5.1 Exclusion analysis
Rates were recalculated after removing every article published in a Frontiers journal. Frontiers contributed 6005 of 97,916 classified articles (6.1%) across 146 distinct titles. Annual and field-level results are tabulated in section 7.
5.2 Statement redundancy
For classified articles, the declaration sentence was recovered from the retrieved full text using a fixed regular expression. Recovered sentences were normalized by Unicode NFKC normalization, case folding, whitespace collapsing, and punctuation removal. Where no declaration sentence was recoverable, the model-extracted snippet was substituted. We then counted the number of distinct normalized statements within each stratum and the proportion of the stratum accounted for by the single most frequent statement.
Table S5. Redundancy of recovered declarations by publisher and polarity.
	Stratum
	Articles with a recovered statement
	Distinct normalized statements
	Share held by the most frequent statement, %

	Frontiers, negative
	656
	6
	57.6

	Frontiers, positive
	192
	20
	74.0

	Other journals, negative
	7
	5
	42.9

	Other journals, positive
	831
	822
	0.4



The single most frequent Frontiers negative declaration was “The author(s) declare(d) that generative AI was not used in the creation of this manuscript.” The corresponding positive template was the same sentence with “was used” substituted.
5.3 Interpretation caveat
The recovery expression was derived from the Frontiers declaration format, and snippet availability differed by publisher because full text was not retained for every retrieval route. Redundancy statistics are therefore descriptive within strata and are not used to compare template proximity across publishers. The exclusion analysis in section 6, which depends only on journal identity, carries no such caveat and is the basis for every publisher-adjusted figure reported in the manuscript.

6. Annual and field-level rates excluding Frontiers journals
Table S6. AI transparency statements by publication year, all journals and excluding Frontiers journals.
	Year
	Articles
	Any, all
	Any, excl. F
	Positive, all
	Positive, excl. F
	Negative, all
	Negative, excl. F

	2015
	7743
	1 (0.0; 0.0-0.1)
	1 (0.0; 0.0-0.1)
	0 (0.0; 0.0-0.0)
	0 (0.0; 0.0-0.1)
	1 (0.0; 0.0-0.1)
	1 (0.0; 0.0-0.1)

	2016
	7682
	1 (0.0; 0.0-0.1)
	1 (0.0; 0.0-0.1)
	1 (0.0; 0.0-0.1)
	1 (0.0; 0.0-0.1)
	0 (0.0; 0.0-0.0)
	0 (0.0; 0.0-0.1)

	2017
	7912
	2 (0.0; 0.0-0.1)
	2 (0.0; 0.0-0.1)
	0 (0.0; 0.0-0.0)
	0 (0.0; 0.0-0.0)
	2 (0.0; 0.0-0.1)
	2 (0.0; 0.0-0.1)

	2018
	8061
	1 (0.0; 0.0-0.1)
	1 (0.0; 0.0-0.1)
	0 (0.0; 0.0-0.0)
	0 (0.0; 0.0-0.0)
	1 (0.0; 0.0-0.1)
	1 (0.0; 0.0-0.1)

	2019
	8023
	4 (0.0; 0.0-0.1)
	4 (0.1; 0.0-0.1)
	2 (0.0; 0.0-0.1)
	2 (0.0; 0.0-0.1)
	2 (0.0; 0.0-0.1)
	2 (0.0; 0.0-0.1)

	2020
	8509
	17 (0.2; 0.1-0.3)
	17 (0.2; 0.1-0.3)
	1 (0.0; 0.0-0.1)
	1 (0.0; 0.0-0.1)
	16 (0.2; 0.1-0.3)
	16 (0.2; 0.1-0.3)

	2021
	8229
	8 (0.1; 0.0-0.2)
	8 (0.1; 0.1-0.2)
	2 (0.0; 0.0-0.1)
	2 (0.0; 0.0-0.1)
	6 (0.1; 0.0-0.2)
	6 (0.1; 0.0-0.2)

	2022
	8333
	6 (0.1; 0.0-0.2)
	6 (0.1; 0.0-0.2)
	2 (0.0; 0.0-0.1)
	2 (0.0; 0.0-0.1)
	4 (0.0; 0.0-0.1)
	4 (0.1; 0.0-0.1)

	2023
	8477
	120 (1.4; 1.2-1.7)
	119 (1.5; 1.3-1.8)
	82 (1.0; 0.8-1.2)
	81 (1.0; 0.8-1.3)
	38 (0.4; 0.3-0.6)
	38 (0.5; 0.4-0.7)

	2024
	8808
	252 (2.9; 2.5-3.2)
	235 (2.9; 2.5-3.2)
	111 (1.3; 1.0-1.5)
	106 (1.3; 1.1-1.6)
	141 (1.6; 1.4-1.9)
	129 (1.6; 1.3-1.9)

	2025
	8444
	950 (11.3; 10.6-11.9)
	380 (4.9; 4.4-5.4)
	257 (3.0; 2.7-3.4)
	224 (2.9; 2.5-3.3)
	694 (8.2; 7.7-8.8)
	156 (2.0; 1.7-2.3)

	2026
	7695
	1722 (22.4; 21.5-23.3)
	653 (9.9; 9.2-10.6)
	565 (7.3; 6.8-7.9)
	412 (6.2; 5.7-6.8)
	1161 (15.1; 14.3-15.9)
	242 (3.7; 3.2-4.1)


Values are n (%; 95% CI). “Excl. F” denotes rates recalculated after removing all articles published in Frontiers journals; denominators for those columns are given in Table S7 for the 2023-2026 period. 2026 covers January through April only.

Table S7. AI transparency statements by medical field, 2023-2026, all journals and excluding Frontiers journals.
	Field
	Articles
	Articles, excl. F
	Positive %, all
	Positive %, excl. F
	Negative %, all
	Negative %, excl. F

	Health Informatics & Digital Medicine
	3275
	3055
	11.1
	10.5
	5.4
	2.6

	Neurology
	2155
	1843
	2.1
	1.7
	9.4
	2.0

	Cardiology & Cardiovascular Medicine
	2090
	1872
	2.4
	2.1
	7.4
	2.8

	Oncology
	2877
	2539
	2.4
	2.2
	7.2
	1.4

	Pulmonary & Respiratory Medicine
	2063
	1820
	2.5
	2.1
	6.8
	1.9

	Radiology & Nuclear Medicine
	2118
	1931
	2.7
	2.4
	6.6
	2.4

	Psychiatry & Neuroscience
	2912
	2604
	3.1
	2.4
	6.1
	1.5

	Infectious Diseases
	2066
	1825
	1.8
	1.4
	7.2
	1.5

	Endocrinology & Metabolism
	2165
	1940
	2.6
	2.2
	6.2
	1.5

	Surgery
	2146
	1977
	1.7
	1.6
	6.8
	2.5

	Global & Public Health
	3025
	2809
	2.4
	2.1
	4.5
	1.3

	Hematology & Vascular Medicine
	2180
	2026
	1.3
	1.1
	5.4
	1.9

	Emergency Medicine
	2100
	2004
	1.6
	1.3
	4.2
	1.9

	Pediatrics
	2252
	2160
	0.9
	0.7
	2.9
	0.9


Excluding Frontiers journals, negative disclosure across all 14 fields compresses into a 0.9%-2.8% band and the rank ordering across specialties dissolves. Positive disclosure is substantially unaffected.


7. Field assignment, sampling, and pipeline yield
7.1 Field assignment and OpenAlex multiclassification
OpenAlex assigns multiple topics to each work, and each topic maps to a subfield. Sampling filtered on primary_topic.subfield.id, which resolves a work to the subfield of its single highest-scoring topic rather than to every topic-derived subfield. This is the primary-assignment rule used in bibliometric practice, and it makes the 14 field strata mutually exclusive by construction.
This was verified empirically: the 97,916 classified articles comprise 97,916 unique OpenAlex work identifiers, with no article appearing in more than one field stratum. Field denominators are therefore independent, and neither fractional assignment nor a majority-rule sensitivity analysis is required.
The residual limitation, stated in the manuscript, is that primary-topic assignment inherits the OpenAlex topic model: an article spanning two specialties is counted only in its highest-scoring one, which may understate cross-disciplinary work within any single field.
7.2 Sampling and the relationship between target and realized sample size
Stratified random sampling targeted a minimum of 500 classified articles per field-year cell across 14 fields and 12 years. Because 500 was a floor rather than a quota, and because retrieval was executed in batches that could not be halted mid-batch, a cell could exceed its target whenever the final batch returned a high proportion of qualifying, successfully retrieved articles.
	Field-year cell statistic
	Value

	Cells
	168

	Median classified articles per cell
	544

	Interquartile range
	519-652

	Range
	132-1001

	Cells exceeding 500 classified articles
	157

	Cells below 500 classified articles
	10

	Total if every cell were capped at 500
	81,711



Capping every cell at exactly 500 would yield 81,711 articles due to certain cell limitations, close to the 84,000 implied by multiplying the target by 14 fields and 12 years. The 10 cells falling below the target are those in which fewer eligible records with retrievable full text existed, concentrated in Health Informatics and Digital Medicine in the earliest years and in Hematology and Vascular Medicine in 2015-2016 and 2026.
7.3 Publisher composition
The analytic sample spans 14,124 journals. Frontiers journals account for 6005 articles (6.1%) across 146 titles, 1469 of 2066 negative disclosures (71.1%), and 192 of 1023 positive disclosures (18.8%).
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