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Abstract 

Background  Artificial intelligence chatbots (AICs) are designed to mimic human conversations through text 
or speech, offering both opportunities and challenges in scholarly publishing. While journal policies of AICs are 
becoming more defined, there is still a limited understanding of how Editors in chief (EiCs) of biomedical journals’ 
view these tools. This survey examined EiCs’ attitudes and perceptions, highlighting positive aspects, such as lan‑
guage and grammar support, and concerns regarding setup time, training requirements, and ethical considerations 
towards the use of AICs in the scholarly publishing process.

Methods  A cross-sectional survey was conducted, targeting EiCs of biomedical journals across multiple publish‑
ers. Of 3725 journals screened, 3381 eligible emails were identified through web scraping and manual verification. 
Survey invitations were sent to all identified EiCs. The survey remained open for five weeks, with three follow-up email 
reminders.

Results  The survey had a response rate of 16.5% (510 total responses) and a completion rate of 87.0%. Most respond‑
ents were familiar with AIs (66.7%), however, most had not utilized AICs in their editorial work (83.7%) and many 
expressed interest in further training (64.4%). EiCs acknowledged benefits such as language and grammar support 
(70.8%) but expressed mixed attitudes on AIC roles in accelerating peer review. Perceptions included the initial time 
and resources required for setup (83.7%), training needs (83.9%), and ethical considerations (80.6%).

Conclusions  This study found that EiCs have mixed attitudes toward AICs, with some EICs acknowledging their 
potential to enhance editorial efficiency, particularly in tasks like language editing, while others expressed concerns 
about the ethical implications, the time and resources required for implementation, and the need for additional 
training.
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Introduction
Artificial intelligence(AI) refers to computer systems 
designed to perform tasks traditionally associated with 
human intelligence, including understanding complex 
information, solving problems, and learning from data 
[1–3]. Among various AI applications, artificial intelli-
gence chatbots (AICs) represent a rapidly advancing cat-
egory of tools that use large language models (LLMs) and 
deep learning algorithms to simulate human-like dialogue 
[4–6]. Notable examples of these AICs include ChatGPT, 
Google Gemini, Meta AI, and Microsoft Co-Pilot, which 
are increasingly being used in both general and special-
ized academic contexts [7–10]. As AICs become more 
widely integrated into academic settings, their potential 
to support or disrupt traditional research and publish-
ing workflows has become a subject of growing interest. 
Several studies have begun to assess how researchers and 
institutions perceive and regulate these tools. For exam-
ple, one large-scale, international, cross-sectional survey 
explored how medical researchers view the role of AICs 
in the scientific process [11]. The findings suggested cau-
tious optimism, as while researchers were interested in 
using AICs to support literature reviews, manuscript 
drafting, and data interpretation, they also expressed 
concerns about the accuracy, reproducibility, and trans-
parency of AI-generated content, particularly in relation 
to scientific credibility and authorship integrity [11].

The emergence of AICs has also prompted academic 
publishers to issue new policies. A policy audit of 162 
academic publishers found that only 34.6% had pub-
licly available policies regarding the use of AI tools [12]. 
Among those with policies, most required disclosure 
of AIC use and explicitly prohibited naming AICs as 
authors [12]. Some went further by banning AI-assisted 
writing entirely, reflecting the lack of consensus in how 
AI should be integrated. Their accompanying systematic 
review emphasized the need for clearer and more con-
sistent policies [12]. Another study further explored jour-
nal-level guidance in the medical field and categorized AI 
policies based on their scope and enforcement mecha-
nisms [13]. This body of work demonstrates the urgency 
of establishing standardized recommendations that pre-
serve academic integrity while allowing for the respon-
sible use of AI tools. These discussions are particularly 
relevant to the peer review process, where AI tools are 
increasingly being explored to support key editorial 
functions. AI applications have been tested for a range 
of tasks including triaging submissions, assessing manu-
script completeness, detecting ethical issues such as pla-
giarism or inappropriate authorship, and even assisting 
in reviewer selection [14].

These tools promise to enhance efficiency and reduce 
editorial workload, however, significant concerns remain. 

Chief among them are the accuracy of AI systems in 
identifying nuanced scholarly misconduct and the risk of 
breaching manuscript confidentiality [15–17]. To address 
these issues, the International Association of Scientific, 
Technical & Medical Publishers (STM) released guide-
lines emphasizing transparency, intellectual property 
protection, confidentiality, and ethical oversight in the 
use of AI [18, 19]. These principles reinforce the idea that 
AI should augment, rather than replace, human editorial 
judgment.

Recent studies also suggest that AI could support 
editorial workflows by helping to identify submission 
quality, flagging methodological inconsistencies, and 
highlighting areas needing editorial attention [20–22]. 
Editors, as gatekeepers of research quality, play a central 
role in safeguarding the publication process [23]. Editors 
in chief (EiCs), in particular, are tasked with making final 
decisions on manuscripts, ensuring journal standards, 
and implementing editorial policy [24]. The introduc-
tion of AICs into these workflows presents opportunities 
to reduce manual burden and improve decision-making 
speed and consistency [25]. However, the views of EiCs, 
who typically are those with the highest level of editorial 
responsibility, remain underexplored.

While earlier studies have focused on researcher atti-
tudes and publisher policies, few have directly investi-
gated how EiCs perceive the integration of AICs into peer 
review and editorial decision-making [11]. Given their 
authority to influence journal policies and set ethical 
standards, understanding EiCs’ attitudes and perceptions 
is critical to guiding the responsible and effective imple-
mentation of AI tools in scholarly publishing. This study 
addresses this gap by examining how EiCs currently view 
AICs, their potential uses, limitations, and the implica-
tions for editorial workflows and scientific integrity.

Methods
Open science statement
The protocol for the study was registered on the Open 
Science Framework (OSF) [26]. All study materials and 
data can be found at https://​doi.​org/​10.​17605/​OSF.​IO/​
D7NV5 [27]. All raw survey data, including open-ended 
responses with assigned codes, are available in our data 
repository at https://​osf.​io/​rhqbx [28].

Ethical considerations
Ethics approval was obtained from the Ottawa Health 
Science Network Research Ethics Board (REB # 
20240334-01H) and informed consent was obtained from 
all participants before initiating this study. Respondents 
identifying information, including IP addresses, was not 
collected to maintain confidentiality.

https://doi.org/10.17605/OSF.IO/D7NV5
https://doi.org/10.17605/OSF.IO/D7NV5
https://osf.io/rhqbx
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Approach and study design
An anonymous, cross-sectional, closed survey of EiCs of 
biomedical journals was conducted to investigate their 
attitudes and perceptions towards the use of AICs in the 
scholarly publishing process. As this is a closed survey, 
only invited EiCs were eligible to participate, and they 
were instructed not to forward the survey to colleagues, 
including other EiCs within their network. Following 
the initial protocol, additional authors (GD, WAA, MA, 
JA, TK, PM, AV) were recruited to assist with data col-
lection and analysis. These authors were not involved in 
the development of the protocol, which accounts for the 
increase in the number of authors in the final manuscript 
compared to the original protocol. Due to confidentiality 
and privacy considerations, the email list of EiCs will not 
be publicly shared to prevent potential spam or misuse.

Sampling framework
A search was conducted for EiCs of biomedical jour-
nals across the five largest scholarly publishers by jour-
nal count [29]. A table detailing included journal sources 
can be found in the Supplementary file, eTable 1. These 
publishers were chosen to ensure a large sample size and 
diverse representation across biomedical disciplines. The 
publishers included Springer & BMC (part of Springer 
Nature), Taylor & Francis, Elsevier, Wiley, and SAGE. 
For each journal, the journal name, journal URL, EiC 
name(s), and EiC email(s) were recorded by a custom 
web scraping software, which automated journal listing 
navigation and implemented a prediction algorithm to 
assess email accuracy. Further details on the web scrap-
ing methodology, including software implementation 
and data verification, are provided in the Web Scrap-
ing Methodology section that follows [30]. While open 
source, an research resource identifier (RRID) is not cur-
rently available [30]. The information web scraped was 
entirely manually verified by a team of research assistants 
(MK, WAA, MA, JA, TK, PM, and AV) at each stage to 
remove any potential errors or duplicates before survey 
administration. When EiC emails could not be found by 
the software, our team conducted reverse searches using 
the EiC’s name to find the most recent EiC email on rele-
vant websites including PubMed, faculty webpages, insti-
tutional websites, and publisher-specific pages.

Web scraping methodology
A custom, open source, software identified and collected 
the email addresses of EiCs associated with the academic 
journal categories [30]. The software was developed in 
Python 3.9 and employed libraries such as Beautiful-
Soup4 for parsing HTML content, Requests for mak-
ing HTTP requests, Pandas for data manipulation and 

export, tqdm for progress tracking, and Selenium Web-
Driver for automated browser navigation when needed. 
The software collected EiC names from each journal and 
accounted for instances of multiple EiCs per journal by 
specifically searching for HTML elements tagged in a 
manner that denotes the EiC(s) information. PubMed 
was then queried for articles authored by the identi-
fied EiCs to collect the email addresses. The software 
extracted email addresses found within the affiliation 
or contact information sections. Given the potential for 
multiple email addresses, the script employed a pre-
diction algorithm [30]. This algorithm compared each 
extracted email address against the EiC’s name, assign-
ing a score based on likelihood of accuracy, and prior-
itized addresses that appeared more personalized (e.g., 
containing parts of the EiC’s name) [30]. If no email 
addresses met the accuracy criterion, the script recorded 
this outcome, ensuring transparency in data collection. 
All screened journals were compiled into a structured 
dataset, including EiC name, journal name, journal URL, 
extracted email addresses, and accuracy score [31]. This 
dataset can be found in our data repository at https://​osf.​
io/​dw9rswith EiC names and email addresses excluded 
to maintain confidentiality and prevent susceptibility to 
spam [31].

Eligibility criteria
Participants must have self-identified as an EiC of a 
scholarly journal of any biomedical topic (e.g., medicine/
surgery, dentistry, nursing, pharmacy, and other health-
related topics and professions), and could have held the 
role of EiC for any length of time. Participants who were 
not an EiC of a scholarly journal on any biomedical topic 
were ineligible.

Participant recruitment
Convenience sampling was used to recruit participants. 
An invitation authorized by our local REB detailing the 
study and its objectives, was sent to participants through 
email using Microsoft Outlook Mail Merge software 
[32]. The invitation can be found in Supplementary File, 
eMethods. When participants clicked on the survey link, 
the first page of the survey was an informed consent form 
where participants had to click “Next” to proceed. After 
each round of emails were sent, incorrect emails were 
either replaced with the correct one or a search was con-
ducted for the correct email in the following situations: 
1) if a reply or autoreply was received indicating that 
the email address was no longer active (e.g., the EiC has 
changed institutions and had an updated email address), 
2) if a response from the invitee indicated that they were 
not the EiC (e.g., the EiC of the journal had recently 
changed), or 3) an email was erroneously sent to an 

https://osf.io/dw9rs
https://osf.io/dw9rs
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individual who has the same name as the EiC. Participa-
tion was entirely voluntary, with the option to withdraw 
at any point prior to submission of the survey. Monetary 
compensation was not provided.

Survey
The survey began with a screening question to determine 
eligibility, followed by questions about demographic 
information, experience with AICs, the role of AICs in 
publishing, and the perceived benefits and challenges 
of AICs. Follow-up questions were included, and a final 
open-ended question allowed for additional feedback. 
The survey consisted of 31 questions across seven pages 
and took approximately 15  min to complete, with par-
ticipants being able to review and modify their answers 
before submission. The complete survey is provided on 
OSF: https://​osf.​io/​mzagw [33]. The first draft of the sur-
vey was designed by JYN and reviewed by the co-authors. 
The survey was pilot-tested prior to distribution by a 
team of researchers, and their feedback was integrated 
into the survey.  The survey was administered online 
through the University of Ottawa’s version of the Sur-
veyMonkey software [34]. The survey was open for five 
weeks, from July 22, 2024, to August 25, 2024, with three 
follow-up email reminders sent during this period. EiCs 
who had not responded to the original invitation received 
follow-up emails during the weeks of July 29, 2024, 
August 5, 2024, and August 12, 2024. A 2-week waiting 
period followed the final reminder.

Data management & analysis
Data collected in the survey was summarized using 
descriptive statistics, including percentages and fre-
quencies. Stratification across variables (e.g., age, sex, 
career stage) was conducted to determine potential dif-
ferences in attitudes and perceptions between subgroups 
of participants. SurveyMonkey’s cross-tabulation fea-
ture automatically segmented responses and generated 
contingency tables, displaying response distributions 
across variables of interest [35]. The survey dataset was 
exported and analyzed using Microsoft Excel. Strength-
ening the Reporting of Observational Studies in Epidemi-
ology (STROBE) and Checklist for Reporting Results of 
Internet E-Surveys (CHERRIES) guidelines were used to 
inform the reporting of this survey study [36, 37].

Qualitative data gathered from open-ended questions 
was analyzed using thematic content analysis [38–40]. 
Pilot coding was conducted by two authors (MK and GD), 
who independently and in duplicate coded all responses 
to question 14 (the first open-ended question in the sur-
vey). Based on the outcomes of this pilot coding, the 
authors collaboratively developed a shared codebook 
through discussion and consensus. Once the codebook 

was finalized, all remaining open-ended responses were 
independently coded by the same two authors using the 
agreed-upon codes and finalized through consensus. Fol-
lowing this, the codes were iteratively refined, and any 
discrepancies were resolved through discussion with 
JYN. The initial codes were then grouped into overarch-
ing themes, based on patterns, similarities, and common-
alities observed in the data [38, 39]. These themes were 
first developed independently by MK and GD and then 
finalized through collaborative discussion with JYN, and 
following that, all other co-authors. A descriptive defi-
nition for each theme was created to ensure clarity and 
consistency in interpretation.

Results
Respondent demographics
A total of 3381 survey invitations were sent, and 295 
emails bounced (i.e., survey invitation did not reach the 
participant). From the total emails sent, the publisher dis-
tributions for participating EiCs are as follows: 1107 Else-
vier, 828 Springer Nature, 730 Taylor and Francis, 464 
Wiley, and 252 SAGE. 510 invitees provided responses 
(17% response rate, n = 510/3086), wherein 505 respond-
ents met the eligibility criteria (99%, n = 505/510), 
and 439 completed the survey (87% completion rate, 
n = 439/505). Since not all respondents completed all 
survey questions, the number of responses for each ques-
tion was variable. Responses were stratified by age, career 
stage, research category, and sex can be found in our data 
repository at https://​osf.​io/​3rycf [41].

Demographic data is presented in eTable  2. Most 
respondents identified as male (68%, n = 311/490), 
around a third identified as female (31%, n = 150/490), 
and 9 respondents preferred not to say (2%, n = 9/490). 
Most respondents fell into the following three age ranges: 
65 + (32%, n = 156/492), 56–65 (28%, n = 139/492), and 
46–55 (27%, n = 131/492). Respondents self-identified as 
coming from 43 countries, across six continents, with the 
top three countries being the United States of America 
(40%, n = 196/486), United Kingdom of Great Britain and 
Northern Ireland (10%, n = 48/486), and Australia (7%, 
n = 35/486). Most respondents were senior research-
ers (95%, n = 470/493), faculty members at a university/
academic institution (78%, n = 385/492) and primarily 
received clinical research manuscript submissions (64%, 
n = 313/492).

Experience with artificial intelligence chatbots
Many respondents (67%, n = 325/487) reported that 
they were familiar with the concept of AICs and mostly 
used ChatGPT (67%, n = 327/485). The majority of EiCs 
had not used an AIC for a purpose related to their role 
as EiC (84%, n = 401/479), however some reported using 

https://osf.io/mzagw
https://osf.io/3rycf
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ChatGPT (13%, n = 63/479), Microsoft Copilot (2%, 
n = 10/479), Google Gemini (1%, n = 5/479), and Meta 
AI (0.2%, n = 1/479) for purposes relating to their role as 
EiC. Of this group, EiCs of clinical journals were most 
likely to use AIC, specifically ChatGPT in their role (70%, 
n = 44/57). eFigure  1 in the Supplementary File details 
EiC use of various LLMs for any use and EiC-specific use.

Respondents also indicated that they were either 
unlikely (25%, n = 123/487) or very unlikely (26%, 
n = 127/487) to use an AIC within the context of their role 
as an EiC in the future. Most respondents also reported 
that their journal or publisher either does not provide 
any training on the use of AICs in context of their role 
as EiC (54%, n = 262/486) or that they were unsure if any 
training was provided (30%, n = 147/486). When asked 
if the journal or publisher has implemented any policies 
surrounding the use of AICs in the scholarly publishing 
process, around half of the respondents answered yes 
(50%, n = 240/484), and the remaining respondents were 
divided between being unsure of these policies (29%, 
n = 138/484) or indicating that there were no policies 
implemented (22%, n = 106/484). The responses were 
collected anonymously due to REB restrictions, thus pre-
venting analysis by publisher.

Respondents highlighted that EiCs should undergo 
either a lot (45%, n = 211/468) or some (44%, n = 208/468) 
training to effectively use AICs in scholarly publish-
ing. They indicated interest in learning more and 

receiving more training surrounding the use of AICs 
(64%, n = 302/469). eTable 2 details experience with AICs 
and their affiliated publisher and journal’s views on poli-
cies and training on the use of AICs.

Role of artificial intelligence chatbots in the publishing 
process
The respondents were asked to rate their agreement with 
statements on a 5-point Likert scale from “very helpful” 
to “very unhelpful” regarding how helpful an AIC would 
be in different steps of the scholarly publishing process 
(Fig. 1). Notably, many respondents felt that AICs would 
be helpful or very helpful in the language and grammar 
checks (74%, n = 345/469) and screening for plagiarism 
and ethics issues (72%, n = 336/468). However, when 
asked if AICs would assist with the continuous improve-
ment of the journal’s publishing process, although a third 
believed AICs would be helpful (31%, n = 146/467), a 
notable proportion remained unsure (38%, n = 179/467). 
Similarly, though, some respondents believed that AICs 
would be helpful in managing post-publication correc-
tions and manuscript updates (27%, n = 125/467), other 
respondents were unsure (38%, n = 178/467).

Respondents were asked to rate how often they had 
used AICs in different steps of the scholarly publish-
ing process on a 5-point Likert scale from “Always” 
to “Never.” (Fig.  2). The question was answered by 81 
respondents and skipped by 429 participants. Most 

Fig. 1  Biomedical EICs perceptions of steps in scholarly publishing where AICs are helpful
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respondents answered that they never have used AICs in 
any step of the publishing process. Over 80% had never 
used AICs for monitoring and managing the peer review 
process (82%, n = 65/79), for metadata extraction and 
indexing (85%, n = 68/80), to assist with managing post-
publication corrections and updates (86%, n = 70/81), 
interacting with indexing and abstracting databases (83%, 
n = 67/81), or for the continuous improvement of the 
journal’s publishing process (82%, n = 66/81). AICs were 
often or always used for language and grammar checks 
of manuscripts (20%, n = 17/81) or for plagiarism and 
ethical screening of the submitted manuscripts (20%, 
n = 17/81).

The respondents believed that AICs will be important 
or very important in the future of scientific research 
(77%, n = 363/470) and that they would have a positive 
impact on future research outcomes (44%, n = 208/471). 
Similarly, respondents also believed that AICs would be 
important or very important for improving the scholarly 
publishing process (79%, n = 370/469) and have a posi-
tive impact on the future of scholarly publishing (47%, 
n = 220/470); respondents from clinical & health services 
research categories reported higher numbers of posi-
tive ratings compared to other research categories (57%, 
n = 191/338). eFigure 2 in the Supplementary File details 
EiC perceptions of potential future importance of AICs 
in scholarly publishing and scientific research, and eFig-
ure  3 in the Supplementary File details EiC perceptions 
of potential future impact of AICs in scholarly publishing 
and scientific research.

Perceived benefits & challenges of artificial intelligence 
chatbots in the scholarly publishing process
The respondents were asked to rate their agreement 
with statements about some of the proposed benefits to 
the use of AICs in the scholarly publishing process on a 
5-point Likert scale ranging from “Strongly disagree” 
to “Strongly agree” (Fig.  3). The respondents agreed 
and strongly agreed that AICs could reduce the burden 
on editorial staff by automating repetitive tasks such 
as manuscript status updates and submission guide-
lines (59%, n = 260/438), offering language and gram-
mar support (71%, n = 308/435), facilitating plagiarism 
and ethics screening of manuscripts (67%, n = 294/437), 
and streamlining technical checks and formatting (60%, 
n = 261/436).

When asked if AICs could accelerate the peer review 
process by automating reviewer assignment and coor-
dinating communication, ratings were mixed; 179/437 
respondents disagreed or strongly disagreed (41%), 
149/437 agreed or strongly agreed (34%), and 109/437 
respondents were unsure (25%). Similarly, when asked if 
AICs could help foster innovation within the publishing 
industry, opinions were also divided; a total of 113/433 
respondents disagreed or strongly disagreed (23%), 
184/433 agreed or strongly agreed (43%), and 151/437 
respondents were unsure (35%).

The respondents were also asked to rate their agree-
ment with statements about some of the potential chal-
lenges to the use of AICs in the scholarly publishing 
process on a 5-point Likert scale ranging from “Strongly 

Fig. 2  Biomedical EICs frequency of AIC use in various steps of the scholarly publishing process
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disagree” to “Strongly agree.” Fig. 4 depicts the respond-
ents’ answers. The most agreed upon challenges to 
the use of AICs in the publishing process include: the 
additional training and monitoring for editors to effec-
tively interact with and oversee AIC interactions (84%, 
n = 360/429), the initial investment of time and resources 
for setup, customization, and alignment with specific 
editorial needs (84%, n = 359/429), present unforeseen 

ethical quandaries related to accountability, transpar-
ency, and the responsible use of AI technology (81%, 
n = 345/428), risk of biased decisions (80%, n = 344/431), 
struggle to adequately address complex ethical issues 
that require human judgment and ethical considera-
tions (79%, n = 340/429), lack of human insight needed 
to understand contextual nuances and emotional 
aspects of interactions with authors and reviewers (78%, 

Fig. 3  Biomedical EICs perceptions of proposed benefits of AIC chatbots in the scholarly publishing process

Fig. 4  Biomedical EICs perceptions of proposed challenges with AIC chatbots in the scholarly publishing process
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n = 338/431), susceptibility to technical dependence and 
failures (75%, n = 322/428), and facing user acceptance 
challenges (72%, n = 309/430).

Open‑ended questions
A total of seven optional open-ended questions offered 
participants an opportunity to share additional insights 
and feedback on the use of AICs in the scholarly pub-
lishing process. The identified themes, subthemes, and 
individual codes, and their frequencies are detailed in 
supplementary materials available in our data repository 
at https://​osf.​io/​juzhb [42]. The main themes identified 
through the thematic analysis include: “no AI in author-
ship or peer review” referring to the EiC current journal/
publisher policy on AIC use, “ethical, integrity, and pri-
vacy concerns” referring to EiC perceptions of challenges 
with the use of AICs in the scholarly publishing process, 
and “need for editor AIC training” which refers to need 
for editor AIC training within the context of the scholarly 
publishing process. Additional details on these themes 
are available in the Supplementary File, eResults “Themes 
from Thematic Analysis of Open-Ended Questions).

Discussion
In this survey, although most respondents were familiar 
with the concept of AICs, over 80% have never used an 
AIC for a purpose relating to their role as EiC. Respond-
ents expressed mixed views about the potential use of 
AICs within their role as EiC, mostly responding that 
they would be unlikely or very unlikely to do so. While 
many respondents recognized that AICs could be help-
ful in tasks like language checks and plagiarism screen-
ing, they were generally unlikely to adopt them in their 
editorial work. Respondents also had mixed views on the 
benefits of AICs, but there was strong agreement on the 
potential challenges, including concerns about bias, ethi-
cal dilemmas, and technical failures. These findings high-
light that, although some benefits of AICs are known, 
their practical adoption in EiC workflows remains 
limited.

Respondents generally had a mix of positive and nega-
tive views on the use of AICs in scholarly publishing. 
Many acknowledged that AICs could provide benefits, 
especially in tasks like language and grammar support 
(70% of respondents), as well as plagiarism and eth-
ics screening (72%). However, concerns about ethical 
implications, technical issues, and the resources needed 
to train and implement these tools led to consider-
able reluctance. A large portion of EiCs expressed the 
need for further training (64%) and perceived the setup 
and resource investment as a major barrier to adoption 
(83%). Despite the limited use of AICs by EiCs, many 
respondents believed AICs would play an important or 

very important in the future of scholarly publishing, with 
90% believing that some or a lot of training would be 
required to effectively use AICs in the scholarly publish-
ing process. However, only half reported that their jour-
nal or publisher had implemented policies on AIC use, 
and over 53% indicated that no training was offered. This 
lack of training and clear policies could be attributed to 
the relatively new integration of AICs into the publishing 
process. These findings highlight a need for better tools 
and training initiatives to ensure the responsible and 
effective use of AICs. While training is important, it is 
possible that providing better AI tools and ensuring that 
editorial staff are proficient with them may also be cru-
cial for EiCs. Moreover, further exploration is required to 
address ethical considerations, technical challenges, and 
the potential for misuse in the scholarly publishing land-
scape. Developing scalable and efficient solutions such 
as mandatory watermarking to enable detection of AIC 
outputs, as well as creating and adhering to policies such 
as the STM guidelines, may help ensure transparency and 
accountability in the use of AI-generated content [16, 19].

The use of AICs in scholarly publishing is an emerg-
ing topic, recognized for its potential to automate and 
streamline editorial processes. A review by Kousha 
et  al., showed that AICs assisting in initial manuscript 
evaluations, performing tasks like plagiarism detection 
and technical checks, reduces editorial workload. [43] 
Our study aligns with these findings, where EiCs rec-
ognized AICs’ utility in performing routine tasks such 
as language checks and plagiarism screening. However, 
similar to concerns highlighted by our respondents, 
AIC reliability in detecting AI-generated content or fab-
ricated data remains a limitation [15]. This concern is 
echoed in our survey and by other studies conducted by 
the lead author (JYN), such as those where perceptions 
towards AICs in both educational and scientific con-
texts, revealed mixed attitudes regarding their reliability 
and ethical implications [11, 44]. In educational contexts, 
Ng et al. investigated the perspectives of biomedical stu-
dents and postdoctoral fellows on using AICs. [44] The 
study revealed that while participants acknowledged the 
potential of AICs to support learning, they raised sig-
nificant concerns about academic integrity and the ethi-
cal implications of relying on such tools in educational 
settings [44]. Ng et al. also examined the perspectives of 
medical researchers regarding the role of AICs in the sci-
entific process. [11] This research found notable interest 
in employing AICs for research support, but also high-
lighted concerns about the transparency of AICs and the 
accuracy of their outputs, which could impact the cred-
ibility of scientific research [11].

Fiorillo & Mehta explored AICs’ potential to reduce 
editorial bias but also noted risks like algorithmic bias 

https://osf.io/juzhb
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and data manipulation [21]. These concerns resonate 
with those voiced by EiCs in our study, particularly 
regarding the transparency and integrity of using AICs 
in the publishing process. Ethical frameworks, including 
those from Committee on Publication Ethics (COPE), 
the World Association of Medical Editors (WAME), and 
the European Commission emphasize the importance 
of transparency in the use of AICs and recommend dis-
closure to authors without explicitly requiring written 
consent [45–47]. Additionally, establishing clear report-
ing standards for the use of AICs and other AI tools is 
essential for transparency and reproducibility in schol-
arly publishing. Recent work in this area includes a sys-
tematic review of 26 published reporting guidelines for 
medical AI research, which identified substantial varia-
tion in scope, consensus quality, and applicability across 
research phases, underscoring the need for harmonized 
standards to improve reliability, reproducibility, and pub-
lic trust [48]. In parallel, AI-specific reporting guidelines 
are currently under development through initiatives 
listed by the EQUATOR Network, aiming to address 
existing gaps and promote safe, ethical, and effective 
integration of AI into healthcare research and publishing 
[49].

Currently, there are notable concerns and chal-
lenges with AIC usage that require immediate attention. 
While most EiCs were familiar with AICs, the majority 
had never used them in their editing roles. Many also 
expressed interests in training, but few reported formal 
training programs or policies at their journals. This high-
lights the need for structured training to navigate AIC 
use effectively and ethically. Clear guidelines and poli-
cies are crucial to mitigate risks to research integrity as 
AICs become more integrated. Respondents also raised 
concerns regarding bias, ethical, and technical limita-
tions associated with AICs. AI engineers and evaluators 
should also focus on addressing the current limitations 
and errors in AIC models to improve their reliability and 
functionality.

The high rate of skipped responses to the question 
regarding AIC use in specific publishing steps warrants 
further exploration. This may indicate discomfort or 
uncertainty among participants, potentially due to lim-
ited familiarity, lack of experience with the tool, or hesi-
tancy to disclose practices due to perceived judgment. 
Given that approximately 15% of EiCs also reported using 
AICs in their editorial role, future studies should assess 
EiC understanding of confidentiality and data-privacy 
obligations when entering manuscript or review content 
into third-party AICs, including disclosure, storage, and 
alignment with journal or publisher policies.

To track the evolution of attitudes and perceptions of 
biomedical journal EiCs towards the use of AICs in the 

scholarly publishing process, the survey should be repli-
cated in subsequent years, allowing for longitudinal anal-
ysis of trends, emerging concerns, and shifts in editorial 
policies.

Strengths and limitations
This study, based on a large, purposefully selected sample 
of biomedical journal EiCs, offers broad relevance to the 
fields of biomedicine and research ethics. By collecting 
the most recent EiC contact information through Pub-
Med and institutional webpages, we minimized the risk 
of sending survey invitations to invalid or inactive email 
addresses. Additionally, tracking email bounce-backs 
allowed for an accurate assessment of survey response 
rates.

A key limitation of this study is the exclusion of non-
English speaking EiCs due to language constraints, as 
well as the likely underrepresentation of editors from 
low-and middle-income countries (LMICs) and smaller 
publishers [50]. Including EiCs from LMICs could pro-
vide a broader range of insights, especially as the chal-
lenges and experiences with AI and AICs within these 
regions may differ from high income countries [51]. 
Moreover, EiCs from smaller publishers, such as soci-
ety-based or university-based publishers, were not 
specifically searched for, leading to potential underrep-
resentation of these groups, with the exception of soci-
ety journals published by the publishers included in this 
study [52]. The focus on larger publishers may further 
limit the generalizability of the findings, as perspectives 
may differ substantially in terms of AIC usage and chal-
lenges. Additionally, the low response rate for our survey 
may reflect concerns about cyber scams, survey fatigue, 
and/or unfamiliarity or lack of interest with the subject, 
however, the high completion rate mitigates some con-
cerns about data quality. Respondents’ lack of familiar-
ity with specific AIC models could affect the depth and 
accuracy of their responses, especially as AICs rapidly 
evolve; a “snapshot” of AICs’ current use may have lim-
ited value, as new capabilities and challenges continue to 
emerge, thus it would be worthwhile to re-administer this 
survey again in the future as AIC technology progresses. 
We must also acknowledge non-response bias and selec-
tive response bias, which may affect the internal validity 
and generalizability of the collected data [51]. It is impor-
tant to note that some aspects of AIC use may overlap, 
particularly regarding editorial tasks and functions such 
as monitoring and managing the peer review process. 
While the survey aimed to differentiate distinct stages of 
the publishing workflow, variation in respondents’ inter-
pretations may have influenced the reported data.

While the use of a Likert scale for attitude and per-
ception measurement increases the reliability of the 
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responses, the survey relied on self-reported data, 
which is susceptible to bias, including social desirabil-
ity bias, where participants may respond in a way they 
believe is more socially acceptable [53]. Additionally, 
the closed nature of the survey may limit generaliz-
ability, as it was restricted to EiCs of journals within 
specific publishers and did not include broader rep-
resentation from other scholarly fields outside of 
biomedicine.

Conclusion
In conclusion, this study provides valuable insights into 
the attitudes and perceptions of biomedical journal EiCs 
regarding the use of AICs in the scholarly publishing 
process. While many EiCs acknowledge the potential of 
AICs to enhance editorial efficiency, particularly in lan-
guage editing and plagiarism detection, there remains 
significant hesitation regarding their broader integra-
tion due to concerns about ethical implications, training 
needs, and resource constraints. The findings highlight 
the need for clearer guidelines, training programs, and 
ethical frameworks to facilitate the responsible adoption 
of AICs in scholarly publishing. As AI technology con-
tinues to evolve, future research should explore longitu-
dinal trends in editorial perspectives, assess the impact 
of AI adoption on publication quality and integrity, and 
develop best practices for integrating AI tools in aca-
demic publishing workflows. Addressing these challenges 
proactively will ensure that AICs serve as a valuable com-
plement to, rather than a replacement for, human edito-
rial expertise.
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