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ABSTRACT
This study investigates the status and regulatory nature of Artificial 
Intelligence (AI) usage policies within mainstream English-language 
physical education journals. Ten peer-reviewed physical education 
journals were included. Results indicated a top-down, publisher- 
driven approach to AI policy formulation; however, the widespread 
adoption of these policies across the broader landscape of physical 
education journals remains limited. While AI authorship was strictly 
banned, regulations on content generation varied. Moreover, 
a regulatory asymmetry emerged, characterized by stringent confiden
tiality protocols for reviewers alongside comparatively lax standards 
for data privacy and security on the author’s side. Current governance 
relies on generic templates; thus, journals must transition to a human- 
centered framework establishing symmetric data protection and bias 
screening to safeguard integrity.
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The rapid emergence of artificial intelligence (AI) tools has begun to reshape research 
practices across academic disciplines, including physical education (PE) (Caputo 2025). On 
one hand, AI technologies offer new possibilities for researchers by supporting literature 
synthesis, data management, and scholarly writing, raising important questions related to 
authorship, accountability, transparency, and ethical responsibility (Hosseini et al., 2023). 
On the other hand, AI has the potential to substantially transform or even partially 
replace traditional peer review processes, prompting concerns about the quality, reliability, 
privacy, and integrity of scholarly evaluation (Gatrell et al., 2024). In response to these 
developments, academic publishers and journals have increasingly introduced policies to 
regulate AI use in research, publication, and peer review across many fields (Gatrell et al.,  
2024). For PE research, which frequently involves human participants, qualitative inquiry, 
and pedagogical implications, these developments present both opportunities and chal
lenges that warrant careful examination (Latzel & Glauner, 2024).

Despite the growing presence of AI-related publication policies, considerable uncertainty 
remains regarding how AI use is defined, constrained, and permitted across PE journals. 
While some journals provide detailed guidance on acceptable AI-assisted practices, others 
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rely on general or ambiguous statements, leaving authors, reviewers, and editors to interpret 
policy boundaries independently. This lack of clarity may contribute to inconsistent 
practices, uneven disclosure, and confusion across the publication process, underscoring 
the need for systematic analysis of how AI policies are articulated and operationalized 
within PE research publications.

Ethical dilemmas of AI in academic publishing

The convenience and efficiency AI brings to academic publishing are accompanied by 
numerous controversies. The following three issues are particularly noteworthy. First is the 
crisis of accuracy and academic integrity. Multiple studies warn that AI hallucinations can 
lead to fabricated references and erroneous data interpretation, severely damaging scientific 
credibility if used without rigorous verification (Athaluri et al., 2023; Sun et al., 2024). 
Furthermore, researchers may unwittingly engage in unconscious plagiarism when AI- 
generated text closely mirrors original content from its training databases (Kim, 2024).

The second one is that the proliferation of cloud-based AI tools poses significant 
confidentiality and intellectual property risks. Uploading unpublished work to third-party 
AI systems for polishing effectively exposes intellectual property to commercial entities 
(Hosseini et al., 2023). Scholars emphasize that such actions violate confidentiality agree
ments and risk the learning or leakage of original ideas before publication, triggering serious 
legal disputes (Mollaki, 2024; Thelwall, 2024).

The third issue is related to the detriment of researchers’ autonomy and judgment by 
fostering increasing dependence on its convenient and often persuasive features. As AI 
systems become more integrated into the entire research process such as supporting tasks 
defining research questions, choosing research design, selecting conceptual framework, 
synthesizing literature, analyzing data and polishing the academic writing (Latzel & 
Glauner, 2024; Springmier, 2025), there is a risk that researchers may gradually defer to AI- 
generated suggestions without sufficient critical evaluation (Gendron et al., 2022). 
Researchers have pointed out that this reliance can subtly reshape decision-making pro
cesses, narrowing the space for independent reasoning and scholarly creativity (Gendron 
et al., 2022; Mollaki, 2024; Springmier, 2025). Such dependence may weaken researchers’ 
capacity to formulate original questions, challenge prevailing assumptions, and exercise 
epistemic agency. In this way, AI not only influences how knowledge is produced but may 
also constrain the direction of inquiry itself, ultimately reducing researchers’ control over 
their own epistemological agendas (Guelmami et al., 2024; Mollaki, 2024). As warned by 
Gendron et al. (2022), “the future of academic publishing as a meaningful human activity is 
at stake” (p. 1) due to the use of AI in research.

Previous studies on AI policies in academic journals

Given that no previous studies have examined AI policies for PE research journals, the brief 
literature review will focus on studies of the topic published in other fields to shed lights on 
PE. It has been found that the development and implementation of AI policies across 
academic journals in various fields exhibit significant disciplinary disparities. Lund and 
Naheem (2024) indicated that natural science journals such as physics, biology, chemistry, 
and medicine responded most swiftly, with 71.3% establishing guidelines. This rapid 
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adoption is similarly evident in the medical field, where nearly 80% of journals have 
established specific principles (Alkhawam et al., 2025). In contrast, fields like the social 
sciences and humanities have lagged behind. Multiple studies reveal a lower adoption rate 
in these disciplines (Alkhawam et al., 2025; Kim, 2024; Resnik & Hosseini, 2025). 
Specifically, Lund and Naheem (2024) reported an adoption rate of 46.9%, and Kim 
(2024) noted that over half of social science journals have yet to issue clear guidelines. 
This divergence stems partly from the social sciences’ emphasis on discourse originality and 
theoretical deduction, leading to greater caution in policy formulation (Resnik & Hosseini,  
2025).

It is important to acknowledge that publishers are shifting from technological blockade 
to mandatory transparency (Thorp, 2023). Such emerging consensus prioritizes risk man
agement through detailed disclosure mechanisms rather than absolute bans, thereby shift
ing ethical accountability back to human authors (Resnik & Hosseini, 2025). This shift 
closely aligns with a broader theoretical trend as a growing body of research has emphasized 
the concept of human-centered artificial intelligence (HCAI) governance in recent years 
(Ozmen Garibay et al., 2023; Shneiderman, 2020). HCAI refers to a design framework that 
combines high levels of human control with high levels of computer automation to create 
reliable, safe, and trustworthy systems that amplify, augment, and empower human per
formance (Ozmen Garibay et al., 2023; Shneiderman, 2020). Specifically, HCAI rests on 
three core propositions: augmenting rather than replacing human capabilities, preserving 
human agency in decision-making, and upholding ethical standards that support long-term 
societal well-being (Albannai & Raziq, 2026; Schmager et al., 2025). Some studies suggest 
a notable divergence in how journals approach the permissible scope of substantive AI use 
(Ganjavi et al., 2024; Resnik & Hosseini, 2025). This regulatory fragmentation is similarly 
evident in the broader field of education, which closely aligns with the pedagogical dimen
sions of PE. For instance, a recent review by Hsu et al. (2025) highlighted considerable 
variability and a lack of standardized ethical guidelines regarding AI-assisted writing across 
education journals. Meanwhile, there is also AI policy research in sports science, kinesiol
ogy, and public health. A study reported by Guelmami et al. (2024) indicated that an 
international panel of experts identified 15 key ethical challenges, including AI misuse, 
data falsification, and plagiarism, and proposed a comprehensive set of guidelines to uphold 
research integrity in the sports medicine and exercise science field. An analysis of 108 sport- 
science journals by Caputo et al. (2025) found that 77.8% had established AI policies, and 
the prevalence of these policies was positively correlated with journal ranking. Furthermore, 
researchers show that the policies of sport-science and kinesiology journals primarily 
emphasize on transparency, human accountability, and clearly defined ethical boundaries 
of AI use (Caputo 2025; Mangum & Kuenze, 2025).

In summary, the identified key themes emerging from the above literature review in 
are transparency in AI use, human accountability, authorship boundaries, and ethical 
considerations as well as points of divergence across disciplines and journals, includ
ing differences in the level of policy specificity, enforcement mechanisms, and open
ness to AI-assisted writing. These findings help establish a clearer comparative 
backdrop for the present study, enabling a more meaningful interpretation of how 
AI policies in PE journals align with or differ from those in other fields. The current 
divergence in policy implementation, where natural science and medical journals are 
more formally regulated, while those in social sciences and humanities remain more 
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cautious and less developed, also exerts a notable influence on the PE domain. PE is 
inherently a highly interdisciplinary field, encompassing both the natural science 
attributes of students’ physiological indicators and movement performance, and the 
social science attributes focusing on behavioral changes, social interactions and educa
tional equity (Ekberg, 2021; Larsson, 2023). The significant divergence in AI policies 
observed across other disciplines not only accurately reflects the inherent complexities 
PE journals inevitably face when establishing unified AI regulatory standards, but also 
profoundly explains why current AI governance in this field remains in a fragmented 
and exploratory stage.

As noted earlier, no study has systematically analyzed AI-related policy documents 
across PE research journals. AI policies adopted by journals in adjacent fields cannot be 
assumed to apply directly to PE journals and a focused analysis is necessary to capture the 
discipline-specific landscape of AI policy, ultimately informing more relevant and effective 
guidelines for researchers and practitioners in PE. PE is a field centered on embodied 
practice and involves students’ performance, movement contexts, and social interactions 
(Volshøj et al., 2025). These settings often include sensitive personal data, such as students’ 
health information and psychological states, meaning that the use of AI may introduce risks 
related to privacy breaches and data governance (Klimova & Pikhart, 2025). These factors 
are not always addressed in broader or adjacent disciplines. For instance, general education 
does not typically focus on movement-based contexts, while health sciences often lack 
a strong pedagogical component. Therefore, research designs, data types, and professional 
standards can differ substantially from adjacent disciplines. Additionally, PE journals may 
vary in their adoption of AI policies due to differing editorial priorities and the discipline’s 
highly interdisciplinary nature. Without examining PE-specific journals, it is difficult to 
determine whether existing policies adequately address these distinct realities or if there are 
gaps, inconsistencies, or emerging needs.

The purposes and significance of the current study

The purpose of this study is to examine how AI use is regulated in PE research journals by 
conducting a thematic analysis of AI-related publication policies. Specifically, this study 
seeks to identify key themes and points of divergence in how journals define permissible 
and restricted AI use, address issues of authorship and peer review, and responsibility, and 
promote transparency and ethical research practices. The secondary purpose is to synthe
size in what ways AI and data-driven analytics could alter the evolution of research 
publishing in PE. By mapping the current policy landscape, this analysis aims to provide 
greater clarity for PE researchers navigating AI-related publication requirements and to 
contribute to ongoing discussions about the responsible and informed integration of AI in 
scholarly research.

While the usage of AI in PE research is inevitable, systematic analysis of AI policies 
within the field of PE remains scarce. This lack of clarity exposes scholars to ethical risks 
and compliance uncertainties. Consequently, this study investigates AI regulations across 
mainstream PE journals to analyze core policy elements and limitations. The findings aim 
to inform the development of consistent, ethically grounded guidelines for the PE 
community.
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Methods

Criterion for inclusion of AI policy documents

To identify relevant AI usage policies within the field of PE, this study established two 
inclusion criteria: (a) the journals must be peer-reviewed, English-language publications 
with an academic scope explicitly focused on physical education, ensuring they represent 
the field’s academic standards; and (b) the journals or their affiliated publishers must have 
publicly accessible AI use policy, author guidelines, and/or publication ethics documents 
published on their official websites.

Data collection

Prior to data extraction, a rigorous screening process was conducted to establish the 
research sample across four major database platforms: Web of Science, Scopus, the 
Education Resources Information Center (ERIC), and SCImago. To ensure that the selected 
publication venues were fundamentally rooted in pedagogical and education-based con
texts, we first restricted our search scope to the specific subject category of “Education & 
Educational Research.” Within this established category, we applied the exact term 
“Physical Education” as a precise filter. This retrieval process yielded nine journals from 
Web of Science, five from Scopus, six from ERIC, and 15 from SCImago. After the removal 
of duplicates, 27 journals were identified. Following a further manual screening, 17 of the 27 
journals without the explicitly articulated AI policies were excluded. The AI policies of the 
remaining 10 journals were included for the final analysis (see Figure 1).

Records Identified From

Web of Science (n = 9) 

Scopus (n = 5) 

ERIC (n = 6) 

SCImago (n = 15)

Total Records 
Identified: (n = 35) 

Identification
D

eduplication 
Screening 

Records Retained 
After Duplicates 

Removed:  
(n = 27)

Duplicates Removed: n = 8

Excluded: Journals without 
published AI policies (n = 17) 

Final Sample: 
Journals included 

for AI policy 
document analysis 

(n = 10)

Figure 1. Flowchart of the journal selection and screening process.
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Two steps were taken to ensure the reliability and validity of the data collection. First, the 
research team downloaded the latest versions of policy documents directly from each 
publisher’s official website in December 2025. For major publishers such as Taylor & 
Francis and Sage, dedicated “AI Policy” were retrieved; for independent journals, relevant 
sections within the “Instructions for Authors” were extracted. Second, to ensure data 
completeness, the study collected not only specific ethical statements but also general 
submission guidelines to capture the full regulatory context. All documents were retained 
in their original English versions. A coding sheet was developed based on previous research 
on the topic in other fields (Alkhawam et al., 2025; Veiga, 2025; Weber-Wulff et al., 2023). 
Then all the collected documents were coded using the coding sheet.

Data analysis

This study employed document analysis to examine data from the selected policy docu
ments. The analysis process consisted of three phases: skimming (superficial examination), 
reading (thorough examination), and interpretation (Bowen, 2009). This process has been 
used in studies in the field of PE (Yang et al., 2025). In the first phase, the research team first 
determine the top 10 journals published in English focusing on PE based on the journal’s 
mission statement and its impact factor. Then all relevant materials, including author 
guidelines, ethics policies, and specific AI statements were skimmed by the research team, 
to determine whether each journal possessed a specific AI policy statement. The second 
phase involved a thorough, concentrated re-reading and review of the data to extract core 
themes across two distinct dimensions: author-oriented and reviewer-oriented regulations. 
Specifically, all policy information was coded using a structured code sheet containing the 
following variables (see Table 1). Author-side regulation variables included (see Table 2): 
(a) Authorship accountability, assessing whether policies explicitly addressed AI eligibility 
for authorship; (b) Permissible scope of use, categorized into language refinement and 
substantive content generation; (c) Prohibited applications, specifying restrictions on image 
creation and data manipulation or fabrication; (d) Risk mitigation strategies, coding for the 
implementation of author self-checks for accuracy and bias, the use of automated technical 
detection tools, and requirements for editorial intervention; and (e) Transparency mechan
isms, identifying general disclosure requirements for conditional AI use. Reviewer-side 
regulation variables included (see Table 3): (a) Confidentiality protocols, coding for man
dates prohibiting the uploading of unpublished manuscripts or sensitive data into AI 
systems; (b) Evaluative autonomy, identifying restrictions on using AI for manuscript 
evaluation or decision-making; and (c) Linguistic assistance, specifying whether reviewers 
are permitted to use AI for polishing review reports while maintaining liability for the 
accuracy of their feedback.

Data trustworthiness

Data trustworthiness was established through investigator triangulation, which involves 
using multiple researchers to code the same data to reduce potential bias (Patton, 2015). 
Specifically, two researchers coded the policy documents independently. Upon completion, 
the research team met to discuss discrepancies until the team reached a consensus. 
Additionally, the study utilized the method of document analysis verification by cross- 
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referencing findings against external industry standards (COPE & UNESCO guidelines) to 
evaluate the completeness and rigor of the journal policies. Operationally, the research team 
utilized the COPE position statement on AI tools and the core tenets of the UNESCO 
Recommendation on the Ethics of AI as objective external benchmarks. Subsequently, the 
research team systematically mapped and compared the coded dimensions of the PE journal 
policies against these benchmarks to examine the alignment of existing policies with 

Table 1. Coding sheet of AI policy in PE field.

Journal Publisher
Category 
Quartile

Impact 
Factor

Journal 
Citation A1 A2 A3 A4 A5 A6 A7 A8 A9 R1 R2 R3

PESP Taylor & Francis Q1 3 SSCI 0 1 2 3 3 1 1 0 1 1 1 1
CSHPE Taylor & Francis Q1 2.1 ESCI 0 1 2 3 3 1 1 0 1 1 1 1
MPEES Taylor & Francis Q2 1.9 SSCI 0 1 2 3 3 1 1 0 1 1 1 1
JPERD Taylor & Francis Q3 0.29 ESCI 0 1 2 3 3 1 1 0 1 1 1 1
SJPSE Taylor & Francis Q4 N/A 0 1 2 3 3 1 1 0 1 1 1 1
JTPE Human Kinetics 

Journals
Q2 1.8 SSCI 0 1 3 3 3 1 0 0 0 1 1 2

EPER Sage journal Q1 3.3 SSCI 0 1 2 2 2 1 0 1 1 1 1 1
JPES Editura 

Universitatea 
din Pitesti

Q3 0.38 0 2 2 2 2 0 0 0 1 0 0 0

IJPEFS Asian Research 
Association

N/A N/A 0 1 3 3 3 1 0 0 0 1 0 0

PETM OVS LLC Q3 0.32 0 1 3 3 3 1 0 1 0 0 0 0

Note: SSCI = Social Sciences Citation Index; ESCI = Emerging Sources Citation Index; PESP= Physical Education and Sport 
Pedagogy; CSHPE= Curriculum Studies in Health and Physical Education; MPEES= Measurement in Physical Education and 
Exercise Science; JPERD= Journal of Physical Education, Recreation and Dance; SJPSE= Strategies: A Journal for Physical and 
Sport Educators; JTPE= Journal of Teaching in Physical Education; EPER= European Physical Education Review; JPES= Journal 
of Physical Education and Sport; IJPEFS= International Journal of Physical Education, Fitness and Sports; PETM= Physical 
Education Theory and Methodology.

Table 2. Coding book of author-side regulation variables.
Variable Codes

A1: Authorship Accountability 0 = Not mentioned 
1 = Prohibited 
2 = Allowed

A2: ermissible Scope: Language Refinement 0 = Not mentioned 
1 = Allowed 
2 = Conditionally Allowed (Required disclosure) 
3 = Prohibited

A3. Permissible Scope: Substantive Content Generation
A4. Prohibited Applications: Image Generation
A5. Prohibited Applications: Data Manipulation/Generation
A6. Risk Mitigation: Author Self-check 0 = Not explicitly required, 

1 = Required
A7. Risk Mitigation: Automated Technical Tools 0 = Not used / Not mentioned, 

1 = Used
A8. Risk Mitigation: Editorial Intervention 0 = Not mentioned, 1 = Required
A9. Transparency Mechanisms 0 = Not mentioned, 1 = Disclosure Required

Table 3. Coding book of reviewer-side regulation variables.
Variable Codes

R1. Confidentiality: Uploading Unpublished Manuscripts 0 = Not mentioned, 1 = Prohibited
R2. Evaluative Autonomy: Use AI for Decision Making
R3. Linguistic Assistance: Language Polish for Reviews 0 = Not mentioned, 1 = Allowed, 2 = Prohibited
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international ethical consensus and to precisely analyze regulatory gaps in the discussion 
section. This cross-verification process ensured that the research team’s evaluation regard
ing the completeness and rigor of the journal policies was grounded in internationally 
recognized ethical frameworks rather than subjective assumptions, thereby minimizing 
subjective bias in the qualitative content analysis to the greatest extent possible.

Results

Characteristics of included journals

The study ultimately retrieved 27 major PE journals published in English, of which only 
10 had established AI usage policies or guidelines. As shown in Table 4, among these 10 
journals, seven derived their policies directly from their respective publishers while one 
journal (i.e., International Journal of Physical Education, Fitness and Sports) adopts its AI 
policy from its affiliated Association. Conversely, there are two journals (i.e., Journal of 
Physical Education and Sport, and Physical Education Theory and Methodology) which created 
their own independent AI policies instead of using the one developed by its publisher.

Thematic AI policy for authors

Ethical principles and scope of use
There is a universal consensus regarding the legitimacy of linguistic assistance. Policies 
from all 10 journals explicitly permit the use of AI tools for language editing. This 
unanimity reflects a pragmatic recognition that AI can democratize access to publishing 
by reducing language composition barriers for all researchers. However, this permission is 
strictly bounded. Policies emphasize that such tools must function solely as copyeditors to 
improve clarity and readability, without altering the original scientific meaning or theore
tical framework of the text.

In contrast to the uniformity on language editing, the policies regarding substan
tive content generation (e.g., idea generation, and literature synthesis) reveal 
a significant divide. It is worthy to note that content/idea generation or an entirely 
AI-produced manuscript is usually not permitted by most journals (see Table 5). 

Table 4. Physical education journals included in the study.
Journal Publisher Category Quartile Impact Factor (2024) Journal Citation

EPER Sage journal Q1 3.3 SSCI
PESP Taylor & Francis Q1 3.0 SSCI
CSHPE Taylor & Francis Q1 2.1 ESCI
MPEES Taylor & Francis Q2 1.9 SSCI
JTPE Human Kinetics Journals Q2 1.8 SSCI
JPES Editura Universitatea din Pitesti Q3 0.38
PETM OVS LLC Q3 0.32
JPERD Taylor & Francis Q3 0.29 ESCI
SJPSE Taylor & Francis Q4 N/A
IJPEFS Asian Research Association N/A N/A

Note: SSCI = Social Sciences Citation Index; ESCI = Emerging Sources Citation Index; PESP= Physical Education and Sport 
Pedagogy; CSHPE= Curriculum Studies in Health and Physical Education; MPEES= Measurement in Physical Education and 
Exercise Science; JPERD= Journal of Physical Education, Recreation and Dance; SJPSE= Strategies: A Journal for Physical and 
Sport Educators; JTPE= Journal of Teaching in Physical Education; EPER= European Physical Education Review; JPES= Journal 
of Physical Education and Sport; IJPEFS= International Journal of Physical Education, Fitness and Sports; PETM= Physical 
Education Theory and Methodology.
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The rationale for this ban lies in the fact that the core cognitive tasks of scientific 
research must be led and completed by humans to ensure the authenticity of 
academic outcomes.

Human responsibility and authorship integrity
Every analyzed journal strictly excludes AI tools from being listed as authors or coauthors. 
This universal prohibition serves to preserve the integrity of the academic record, ensuring 
that every name on a byline corresponds to a human entity capable of ethical reasoning and 
professional liability.

The journals included in the study primarily explain the policy excluding AI from 
authorship with accountability as the core rationale. Physical Education and Sport 
Pedagogy (PESP) further elaborates that AI tools are unable to manage copyright and 

Table 5. Rationale & responsibility requirements of AI usage across PE journals.
Journal 
Name Language Refinement Substantive Content Generation Image/Data Generation

PESP ✓ “Language improvement . . . 
Idea generation and idea 
exploration . . . Literature 
classification” (T&F AI 
Policy).

✓* “Authors should not submit 
manuscripts where 
Generative AI tools have 
been used in . . . text or 
code generation without 
rigorous revision” (T&F AI 
Policy).

X “Does not permit the use . . . in 
the creation and 
manipulation of images 
and figures” (T&F AI Policy).

CSHPE ✓ Same as above ✓* Same as above X Same as above
MPEES ✓ Same as above ✓* Same as above X Same as above
JPERD ✓ Same as above ✓* Same as above X Same as above
SJPSE ✓ Same as above ✓* Same as above X Same as above
JTPE ✓ “Technologies can be used 

only for language 
refinement” (Human 
Kinetics Journals AI Policy).

X “AI use for original writing, 
data analysis, or other 
applications is not 
permitted” (Human 
Kinetics Journals AI Policy).

X “AI use for original writing, 
data analysis, or other 
applications is not 
permitted” (Human Kinetics 
Journals AI Policy).

EPER ✓ “Sage welcomes 
developments in this 
area . . . Polishing 
language, or structuring 
a submission” (Sage AI 
Policy).

✓* “Sage welcomes 
developments in this 
area . . . synthesizing, or 
analyzing findings” (Sage 
AI Policy).

✓* “The use of AI tools that can 
produce content such as 
generating references, text, 
images or any other form of 
content” (Sage AI Policy).

JPES ✓* Not explicitly detailed in text ✓* Not explicitly detailed in text ✓* Not explicitly detailed in text
IJPEFS ✓ “Authors may use AI tools for 

non-substantive tasks . . . 
Using AI for grammar 
checks, spelling, 
punctuation and stylistic 
improvements” (Asian 
Research Association AI 
Policy).

X “Prohibited uses include . . . 
content generation . . . 
abstracts, literature 
reviews, methodology, 
results or conclusions” 
(Asian Research Association 
AI Policy).

X “Image Creation: Generating 
or altering images . . . is 
prohibited”; “Data 
Manipulation . . . is 
prohibited” (Asian Research 
Association AI Policy).

PETM ✓ “AI tools may be used only for 
technical assistance, such 
as: language editing and 
grammar checking, 
improving clarity and 
fluency of English 
language, minor stylistic 
adjustments that do not 
alter the scientific content” 
(PETM AI Policy).

X “Unacceptable . . . producing 
substantial parts of the 
scientific content 
(Introduction, Methods, 
Results, Discussion)” (PETM 
AI Policy).

X “Unacceptable . . . generating 
fabricated data” (PETM AI 
Policy).

Note: ✓ = Allowed; ✓* = Conditionally allowed (typically requires disclosure or specific conditions); X = Prohibited.
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licensing agreements or provide contractual assurances regarding the integrity of the work. 
European Physical Education Review (EPER) adds a qualitative dimension, noting that 
LLMs cannot replicate human creative and critical thinking. Thus, the requirement for 
human authorship is a mechanism to ensure that there is always a liable party responsible 
for the originality, validity and integrity of the published contents.

Data accuracy and bias prevention
The policies articulate specific epistemological risks associated with AI (see Table 6). The 
policies warn of systemic biases embedded in the training data, which are hard to detect and 
can inadvertently propagate stereotypes in research findings. To address accuracy and 
integrity risks, these publications have established a dual defense mechanism. While 90% 
of journals prohibit the use of AI for substantive research tasks, 100% mandate author self- 
checks. This universal requirement reflects a professional consensus that authors must serve 
as the primary filter against AI hallucinations. Technical solutions remain underdeveloped, 
as only 50% of journals, primarily those within the Taylor & Francis portfolio, utilize 
automated testing tools. Furthermore, these applications are strictly limited to image 
detection through platforms like Imagetwin and cannot yet verify textual authenticity.

Strategies for mitigating bias are notably less standardized, with only 60% of journals 
requiring authors to screen for systemic bias and a mere 20% requiring editors to check for 
such biases in AI-generated content once authors have explicitly disclosed their use of AI. 
The discrepancy between the 100% self-check rate for accuracy versus the 60% rate for bias 
control suggests that journals prioritize factual errors over subtle algorithmic prejudices. In 
general, journals rely heavily on authorial integrity due to the infancy of AI detection 
technology.

Confidentiality risks and privacy
Regulatory oversight regarding author confidentiality appears inadequate. Only 60% of the 
included journals established requirements for manuscript confidentiality when using AI. 
Moreover, the majority of these merely required authors to self-check and prevent data 
leakage, with only the International Journal of Physical Education, Fitness and Sports 
explicitly prohibiting the uploading of unpublished materials or manuscripts.

Thematic AI policy for reviewers

Strict confidentiality requirements
The protection of unpublished manuscripts is treated as the paramount ethical obligation 
for reviewers. Table 7 shows that 80% of journals strictly prohibit reviewers from uploading 
unpublished manuscripts into AI tools. This consensus reflects a fear that AI platforms act 
as “data leaks,” compromising the confidentiality that is central to the blind peer review 
process.

Policies explicitly prohibit reviewers from uploading manuscripts, project proposals, or 
any associated files into AI tools. This restrictive approach suggests that the current AI 
infrastructures is viewed as insufficiently secure for handling privileged information, 
thereby necessitating a strict separation between the peer review process and AI tools.

10 Y. LI ET AL.
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Primacy of human judgment in evaluation
Journals emphasize that reviewers are selected for their domain-specific expertise, which 
current AI technologies are unable to replicate. For example, PESP explicitly states that 
reviewers are chosen as experts in their respective fields and should not use AI for manu
script analysis. This position reflects a broader belief that expert human judgment is 
qualitatively distinct from, and not substitutable by, AI, thereby safeguarding the quality 
and integrity of the peer review process (see Table 4).

Divergence on linguistic assistance
As shown in Table 4, unlike the bans on content generation, journals like Physical Education 
and Sport Pedagogy and European Physical Education Review permit AI to improve review 
language. This acknowledges that reviewers, particularly non-native English speakers, may 

Table 7. Checklist of AI usage permissions for peer reviewers.

Journals
Uploading Unpublished 

Manuscripts Use AI for Decision Making Language Polish

PESP X “Peer reviewers must not 
upload unpublished 
manuscripts or project 
proposals, including any 
associated files, images or 
information, into 
Generative AI tools” (T&F 
AI Policy).

X “Peer reviewers are chosen 
experts in their fields and 
should not be using 
Generative AI for analysis 
or to summaries 
submitted articles or 
portions thereof in the 
creation of their reviews 
(T&F AI Policy).”

✓ “Generative AI may only be 
utilized to assist with 
improving review 
language, but peer 
reviewers will at all times 
remain responsible for 
ensuring the accuracy and 
integrity of their reviews 
(T&F AI Policy).”

CSHPE X Same like above. X Same like above. ✓ Same like above.
MPEES X Same like above. X Same like above. ✓ Same like above.
JPERD X Same like above. X Same like above. ✓ Same like above.
SJPSE X Same like above. X Same like above. ✓ Same like above.
JTPE X “Reviewers and editors 

should not upload any 
manuscript in whole or in 
part into a generative AI 
tool.” (Human Kinetics 
Journals AI Policy).

X “Reviewers and editors 
should not use generative 
AI to make decisions 
about, evaluate, or review 
a manuscript (Human 
Kinetics Journals AI 
Policy).”

X Not mentioned. (Note: The 
policy explicitly bans 
uploading “even to 
improve readability”)

EPER X “We ask that Editors ensure 
the reviewers invited are 
aware of the 
confidentiality issues 
presented by generating 
a review report using 
language models or 
generative AI” (Sage AI 
Policy).

X “Reviewers using ChatGPT or 
other Generative AI tools 
to generate review 
reports inappropriately 
will not be invited to 
review for the journal and 
their review will not be 
included in the final 
decision (Sage AI Policy).”

✓ “Reviewers may wish to use 
Generative AI to improve 
the quality of the 
language in their review. 
If they do so, they 
maintain responsibility for 
the content, accuracy and 
constructive feedback 
within the review (Sage AI 
Policy).”

JPES Not mentioned. N/A N/A
IJPEFS X “Authors, reviewers and 

editors must not input 
confidential, sensitive or 
unpublished material into 
AI tools.” (Asian Research 
Association AI Policy).

N/A N/A

PETM Not mentioned. N/A N/A
PESP 0% 0% 60%
Rate 80% 70% 70%

Note: ✓ = Allowed; X = Prohibited; N/A = Not mentioned.
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benefit from tools that help them express their critiques more effectively. Nevertheless, 
these policies still require reviewers to take full responsibility for the accuracy and integrity 
of any content generated by AI for language assistance. Crucially, all permission for AI use 
are coupled with clauses that place full liability on reviewers.

Discussion

The data from the study indicated that only 10 of the 27 (i.e., 37%) PE journals have 
established AI policies, an adoption rate significantly lower than that observed in other 
disciplines (Caputo 2025). This may to suggest that the PE field currently places less 
emphasis on AI governance, raising potential concerns regarding the robustness of policy 
enforcement. Despite a universal consensus against AI authorship, policies differ signifi
cantly concerning the usage boundaries for substantive content generation. Moreover, 
current frameworks exhibit critical enforcement gaps by prioritizing reviewer confidenti
ality while leaving vulnerabilities in author data privacy and offering limited guidance on 
the necessary screening for algorithmic bias.

Limited top-down policy diffusion in the PE Field

The data from the current study reveal a pronounced “top-down” diffusion pattern in AI 
policies within the field of PE. Specifically, regulations primarily originate from the stan
dardized mandates of major publishers such as Taylor & Francis, and Sage, rather than 
being autonomously formulated by individual journals based on disciplinary specificities. 
This finding aligns with previous policy surveys in other disciplines, which suggest that top- 
tier journals and publishing houses typically take the lead in introducing and adopting 
regulatory frameworks to address major technological innovations in scientific research 
(Ganjavi et al., 2024; Perkins & Roe, 2024). Subsequently, these rules cascade down to 
subsidiary journals (Lund & Naheem, 2024). Although there are advantages (i.e., promoting 
consistency and efficiency across journals) for many journals to largely derive their AI 
policies from publisher-level guidelines, this centralized approach may not fully account for 
disciplinary differences (Wang & Gong, 2026). In the context of PE, the field’s applied and 
interdisciplinary nature, particularly its emphasis on movement-based research, pedagogi
cal practice, and human participant interactions, raises considerations that may not be fully 
addressed by general AI policies. For example, using AI to analyze student movements or 
conduct assessments introduces distinct ethical and methodological challenges, which differ 
significantly from text-heavy or nonhuman disciplines. While many medical journals have 
implemented discipline-specific AI policies driven by professional autonomy and collective 
alliances rather than commercial publishers (O’Brien et al., 2025; Yoo, 2025), such tailored 
governance remains rare in humanities and social science journals, where generic publisher 
templates still predominate (Alduais et al., 2025; Resnik & Hosseini, 2025). As such, it is 
reasonable to suggest that PE journals could benefit from some degree of policy individua
lization to better reflect our field-specific practices and concerns. For example, AI policies in 
the field of PE may need to address whether AI-generated images of human movement 
should be permitted in PE journals.

It is also important to note that the diffusion of AI policies within the PE field remains 
limited. Consequently, 17 of the 27 PE-focused journals we collected identified in this study 
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did not have publicly available AI policies posted on their websites. These findings indicate 
that AI policy adoption remains incomplete across PE journals, as many journals still do not 
provide publicly available guidance on AI use in publication and peer review. This regula
tory gap leaves journals situated outside established policy frameworks vulnerable to 
publishing articles that contain non-compliant or undisclosed AI-generated content 
(Ganjavi et al., 2024). The reasons why many PE journals have yet to establish explicit AI 
policies to guide research publication and peer review practices remain unclear and warrant 
further investigation.

Consensus on upholding human responsibility and disqualifying AI authorship

The data from the study reveals that all journals strictly prohibit AI authorship (see Table 2), 
with accountability universally cited as the primary rationale, which is consistent with what 
has been reported in the literature on the topic in other fields (Alkhawam et al., 2025; Kim,  
2024). This indicates a consensus within the PE academic community: regardless of 
technological evolution, the legal liability, ethical obligations, and credit for creativity in 
academic research must always reside with human participant. Viewed through the lens of 
a HCAI framework, this consensus perfectly operationalizes the core pillar of human 
accountability. This universal consensus across PE journals aligns seamlessly with the 
core tenets established by COPE, which unequivocally states that AI tools cannot meet 
the requirements for authorship because they cannot take legal or moral responsibility for 
the submitted work, nor can they assert the presence or absence of conflicts of interest 
(COPE Council [COPE], 2023). Therefore, excluding AI from authorship is not merely 
a technical stipulation, but a profound normative statement anchored in human account
ability. This policy convergence centers primarily on establishing the accountability of 
human authors and maintaining confidentiality. All journal policies emphasize reinforcing 
human authorial responsibility; excluding AI from authorship is not merely a technical 
stipulation but a profound normative statement. Delineating the normative boundaries 
between “human” and “nonhuman” is critical for establishing agency, legal liability, and 
maintaining journal legitimacy (Christen et al., 2023). This human-centric perspective 
provides a theoretical foundation for relevant legislation and policy formulation 
(Hallamaa & Kalliokoski, 2022), asserting that the originality of human scholarship must 
be safeguarded in academic writing and that AI tools should not supplant the dominant role 
of human authors (Cheng et al., 2025). From a legal standpoint, AI, as a non-legal entity, 
cannot hold copyright or sign contracts; thus, humans are recognized as the sole authorial 
entities (Ide et al., 2023; Teixeira Da Silva, 2023). Furthermore, given AI’s lack of emotional 
sentience and moral judgment (Cheng et al., 2025; Teixeira Da Silva, 2023), enforcing strict 
human accountability for the authorship represents the most effective mechanism at this 
stage to mitigate legal risks and ensure the quality of scholarly publications, and uphold the 
integrity of the HCAI framework.

Permissive use of AI for improving the quality of writing

Across the AI policies examined in this study, another common area of consensus concerns 
the permissive use of AI to support the quality of academic writing (see Table 2), which is 
also in line with what has been reported in other fields (Caputo 2025; Guelmami et al.,  
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2024). These practices are generally framed as analogous to traditional editorial support 
services and are viewed as non-substantive contributions that do not alter the intellectual 
content of the research. This restrictive use reflects an underlying principle that improving 
how ideas are expressed is fundamentally different from producing the ideas themselves. 
However, it remains unclear why this rationale has been so broadly adopted across the 
publishing field, particularly given ongoing debates about human–AI collaboration. 
Notably, even within this permissive category, journals vary in their expectations for 
transparency, with some requiring explicit disclosure of AI-assisted language editing and 
others offering only general guidance. Together, these findings suggest that journals 
recognize the practical benefits of AI for enhancing writing quality, while simultaneously 
reinforcing the primacy of human authorship and intellectual responsibility in scholarly 
publishing.

It is important to recognize that academic writing differs fundamentally from other 
forms of writing, such as documentaries or announcements, in that meaning, stance, and 
authorial voice are constructed through deliberate lexical and grammatical choices. Word 
selection, hedging, modality, and syntactic structure all contribute to how arguments are 
framed, how claims are qualified, and how authors position themselves in relation to 
existing scholarship. These features are not merely stylistic and they are integral to the 
development and communication of scholarly knowledge. As such, AI-assisted polishing or 
revision, often framed as “language improvement” can extend beyond surface-level edits. 
Changes in wording, sentence structure, or tone may unintentionally alter emphasis, shift 
the strength of claims, or modify how evidence is interpreted. Therefore, the boundary 
between language improvement and substantive content change is not always clear-cut. 
What appears to be a minor linguistic adjustment can carry meaningful implications for 
interpretation, authorial positioning, and even the perceived contribution of the work. 
Given this potential risk, utilizing AI for language editing still necessitates human oversight. 
From the perspective of the HCAI paradigm, authors cannot simply accept algorithmic 
outputs; Mosqueira-Rey et al. (2023) emphasize the necessity of a “human-in-the-loop” 
approach, where users must serve as active verifiers to ensure that AI-driven language 
refinements do not inadvertently distort their scientific intention. The risk of such unin
tended distortions underscores the need for careful consideration and transparent guide
lines regarding the use of AI in academic writing, particularly in disciplines where nuance 
and contextual sensitivity are central to scholarly communication.

Blurred boundaries of legitimacy in core content generation

The analysis shows that 70% of the journals adopt a permissive but regulated model (see 
Table 2), viewing AI as a research assistant capable of enhancing efficiency. This stance 
aligns with existing research, given that some scholars assert that leveraging AI for proces
sing extensive literature reviews or preliminary idea conceptualization can significantly 
reduce mechanical cognitive load, thereby enabling researchers to devote more energy to 
higher-order critical analysis and creative thinking (Pavlik, 2023). Furthermore, this 
human-AI collaboration model is regarded as an inevitable methodological evolution for 
addressing the exponential growth of scientific literature and enhancing research produc
tivity (Salvagno et al., 2023). In contrast, the remaining 30% of the included journals 
implement a strict prohibition policy, categorizing tasks involving cognitive processing as 
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restricted area for AI. On one hand, research indicates that mainstream AI tools still pose 
a risk of AI hallucinations, where AI tools produce content based on user prompts that 
appears plausible but is, in reality, completely fabricated, absurd, or factually incorrect 
(Athaluri et al., 2023; Sun et al., 2024). As a result, utilizing AI tools to create core content 
and draft manuscripts could severely compromise the accuracy and integrity of research 
findings (Perkins, 2023). On the other hand, given that AI-generated text may be highly 
similar or even identical to original sources, using AI to directly generate core content and 
paragraphs may lead authors to inadvertently use excerpts from previously published 
articles (Guelmami et al., 2024). This inconsistency in defining usage boundaries is 
a prominent characteristic of the current policy landscape, yet it also creates significant 
confusion for authors. The same manuscript utilizing AI-assisted literature classification 
might be deemed compliant innovation by one journal, while constituting academic mis
conduct in another (Ganjavi et al., 2024). This regulatory fragmentation highlights that the 
PE discipline has not yet formed a unified consensus regarding what constitutes unique 
human intellectual contribution.

Overall, current AI policies in PE indicate that AI is permitted in research publishing 
and, to a limited extent, in the peer review process. However, its use is typically restricted to 
language refinement. AI is generally positioned as a supplementary technical tool within 
existing scholarly workflows rather than as an integrated component of research produc
tion. These policy patterns reflect an emphasis on control and risk management in the 
governance of AI within academic publishing. Such an approach may constrain the gen
eration of new knowledge within scholarly research publishing.

Policy gaps and limitations

The lack of explicit details in current AI policies from PE journals raises concerns in terms 
of systemic enforcement gap. The absence of effective verification technologies compels 
journals to rely heavily on authorial integrity and ethical constraints. Furthermore, current 
policies predominantly focus on the accuracy of AI-generated content, while some journals 
pay insufficient attention to the potential algorithmic biases inherent in AI tools. Moreover, 
despite strict prohibitions against reviewers regarding manuscript upload risks, regulations 
governing authors remain comparatively lax.

Absence of technical verification and over-reliance on author integrity
When facing the risks of AI hallucinations and fabrication, although all journals require 
author self-checks, only 50% have introduced automated detection tools (see Table 3), 
which are primarily limited to image plagiarism checks. This cautious attitude toward text 
detection technology stems from the immaturity and instability of current detection 
technologies. Multiple studies point out that existing AI text detection technologies are 
still in an immature stage, and their reliability is far from meeting the zero-tolerance 
standards required for academic publishing (Chemaya & Martin, 2024; Weber-Wulff 
et al., 2023). Research has found that these detection algorithms are prone to false positives, 
particularly when assessing the writing of non-native English scholars, where the false alarm 
rate rises significantly (Liang et al., 2023). In addition, further research confirms that 
content generated by ChatGPT often exhibits extremely low text duplication rates, allowing 
it to easily evade existing text matching and detection software, which makes relying solely 
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on technical means to identify AI-generated content extremely challenging (Elkhatat, 2023). 
Therefore, given the status where technology cannot reconcile fairness with accuracy, most 
PE journals then choose to avoid using such tools to prevent creating misjudgments due to 
algorithmic defects.

While the current strategy of journals successfully transfers the liability for AI misuse 
from publishers to individual researchers at a legal level through mandatory author 
declarations, it may be virtually ineffective in terms of actual regulatory impact. Due to 
the lack of reliable detection tools as enforcement mechanisms, ethical policies aimed at 
regulating AI use often devolve into formalism. Studies point out when the benefits of 
noncompliance are extremely high while the risk of detection is nearly zero, relying solely 
on author self-discipline creates a massive responsibility gap (Hu, 2024). This regulatory 
environment lacking hard constraints actually creates a systematic gray area that increases 
the risk of undisclosed AI-generated content entering academic publications (Hosseini 
et al., 2023).

Insufficient scrutiny of AI algorithmic bias
Results from our study reveal that while all included journal policies emphasize the accuracy 
of AI-generated content, only 60% explicitly mandate screening for algorithmic bias (see 
Table 3). These results indicate that a significant proportion of PE journals still deviate from 
the UNESCO recommendation on the Ethics of AI. UNESCO (2022) warns that AI 
algorithms risk amplifying societal biases and discrimination. Consequently, it mandates 
all AI actors to actively minimize these risks and implement ethical impact assessments to 
combat AI-generated stereotypes (UNESCO, 2022). Given that PE research frequently 
involves sensitive issues such as body image, race, and gender, this regulatory blind spot 
may allow stereotypes embedded within AI to pass unverified, posing a potential threat to 
the objectivity of disciplinary knowledge. Previous studies have warned that Large Language 
Models (LLMs) may inherit societal biases and data skew from their training data, which are 
often amplified in the generated content (Gallegos et al., 2024; Navigli et al., 2023). Research 
indicates that AI’s tendency to prioritize idealized body standards while excluding non
standard types directly undermines inclusivity in PE (Luccioni et al., 2023). Furthermore, in 
decision-making scenarios involving race and gender (Wu et al., 2025), AI has been 
confirmed to exhibit significant implicit discrimination, such as the underestimation of 
specific groups’ abilities or stereotypical categorization (Abid et al., 2021). From a HCAI 
perspective, the current regulatory blind spot regarding bias reflects a prioritization of 
superficial procedural compliance over the substantive integration of fairness and justice 
into the review process, which is essential to safeguard research communities from diverse 
backgrounds from being marginalized by algorithmic bias. If such unscrutinized bias 
permeates academic writing, it will severely compromise the impartiality and ethical 
foundation of scientific research.

Asymmetric confidentiality standards for authors and reviewers
To safeguard the confidentiality of peer review, 80% of journals have established stringent 
barriers, explicitly prohibiting reviewers from uploading unpublished manuscripts to AI 
platforms (see Table 4). However, data privacy protections on the author’s side appear 
disproportionately weak: only 10% of policies explicitly prohibit authors from inputting 
sensitive research data into AI tools, while as many as 40% remain entirely silent on this 

18 Y. LI ET AL.



issue (see Table 3). While this may indicate that journals have yet to establish comprehen
sive and explicit standards for data privacy, it does not imply a complete regulatory void 
regarding participant confidentiality. Recent research indicates that although 87% of insti
tutional policies highlight the potential risks associated with inputting data into AI tools, 
only 38% explicitly address human participant data; therefore, while such data protection 
measures are gradually emerging, the safeguarding of research participants still lacks 
sufficient attention (Ganguly et al., 2025). Concurrently, guidelines issued by the 
Secretary’s Advisory Committee on Human Research Protections emphasize the critical 
role of institutions and Human Research Protection Programs in addressing data security 
concerns (Protections [OHRP], 2022). Therefore, journals could consider strengthening 
their collaboration with institutional bodies regarding data protection. By incorporating 
more rigorous document reviews during the manuscript submission process, journals can 
work in tandem with institutions to mitigate potential data breach risks, thereby enhancing 
their accountability and contribution to the broader public interest of data privacy. For 
instance, commercial AI platforms (e.g., ChatGPT) typically retain user data by default for 
model training purposes (Hosseini et al., 2023). Research warns that once sensitive data are 
uploaded to the cloud, it risks not only becoming a permanent part of the model’s memory 
but also being maliciously extracted and reconstructed through specific technical vectors, 
such as model inversion attacks (Mollaki, 2024). PE research not only frequently involves 
the image privacy of minors but also encompasses vast amounts of multi-modal sensitive 
data, including students’ physiological and biochemical markers, mental health records, 
private interview data and videos of motor skills (Radanliev, 2025). In the absence of explicit 
prohibitions, the inadvertent input of sensitive biometrics into commercial systems risks 
exposing participants to unauthorized exploitation and violating regulations like General 
Data Protection Regulation (GDPR) or Health Insurance Portability and Accountability 
A (HIPAA) (Hosseini et al., 2023; Latzel & Glauner, 2024).

Implications for future research and journal policy formulation

Implications for future research
Given that most of PE journals rely on generic publisher templates, future research should 
deeply investigate how these top-down mandates adapt to the specific disciplinary needs of 
PE over time. Future studies should examine whether the absence of publicly available AI 
policies is associated with journal characteristics such as ranking, impact factor, indexing 
status, publisher type, or editorial structure. Furthermore, since detection technologies 
remain immature, the mere possession of a policy does not equate to compliance; therefore, 
future studies should further explore the actual implementation and efficacy of these 
policies. More empirical research is needed to verify whether the “author self-check” 
mechanism effectively filters out hallucinations and bias, or if it exacerbates the “respon
sibility gap” identified in this study.

Future research should proactively explore how AI policies will shape the evolving roles 
and practices of authors and reviewers in scholarly publishing. As AI tools become more 
integrated into research workflows, studies are needed to assess how policy design can 
support effective, transparent, and responsible use that enhances research quality and 
review processes. In particular, examining how appropriate applications of AI may improve 
efficiency, analytical depth, and research capacity will be critical. The affordability of AI 
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tools for underserved authors and reviewers remains an important concern, as disparities in 
access may contribute to new forms of inequality in scholarly publishing. Addressing these 
emerging inequities warrants greater attention from researchers, editors, and policy profes
sionals within the field. Insights from such research can guide the development of forward- 
looking policy frameworks that balance innovation with accountability and support sus
tainable human – AI collaboration in new knowledge production.

Implications for journal policy formulation
To address limitations within the existing policy framework and move beyond short-term 
compliance, journals should anchor their future AI governance in a dynamic and human- 
centered framework that requires continuous optimization. First, journals should enforce 
active human oversight and eliminate regulatory asymmetry regarding data privacy. This 
requires bridging the gap where reviewer confidentiality is strictly guarded while author- 
side data privacy is less adequately addressed. Specifically, policies should explicitly prohibit 
the input of non-anonymized biometric data into public AI platforms to ensure compliance 
with regulations such as GDPR. Second, acknowledging the enforcement challenges of 
technical bans, journals should transition from simple prohibitions toward radical trans
parency. Furthermore, considering that only 60% of current policies mandate bias screen
ing, PE journals should institutionalize specific “bias check” protocols. These should require 
authors to explicitly confirm that they have scrutinized AI-generated content for potential 
stereotypes, thereby upholding the discipline’s core values of human-centered inclusivity.

Limitations

First, the analysis based solely on public documents reflects only the status of policy establish
ment. The absence of publicly articulated AI policies does not necessarily indicate a lack of 
internal editorial oversight, as journals may operate under nonpublic criteria. Accordingly, 
this study maps the outward-facing policy landscape but cannot assess actual internal enfor
cement or author compliance. Second, the exclusive inclusion of English-language journals 
may overlook regulatory nuances in non-English contexts, thereby limiting the global general
izability of the findings. Finally, the number of included journals was constrained by the 
current lag in policy formulation within the PE field, as only 10 of the 27 retrieved journals had 
established policies, thereby limiting the potential for broader statistical inference.

Conclusions

From a macro perspective, our findings reveal a “top-down” diffusion pattern driven by 
major publishers; however, the depth of this diffusion within the PE field remains insuffi
cient, with a significant lag in policy formulation observed among other PE journals. 
Regarding specific regulations, while a strong academic consensus has been reached on 
rejecting AI authorship to ensure human accountability and AI can be used for improving 
the quality of writing, significant divergence persists concerning the permissible boundaries 
for the substantive use of AI tools. Furthermore, current regulations regarding potential 
algorithmic bias remain inadequate, and a regulatory asymmetry exists between reviewer 
and author policies, prioritizing the confidentiality of peer review while leaving gaps in 
addressing author-side data privacy.
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