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Abstract

Generative Al (genAl) is increasingly being integrated into critical appraisal and knowledge
synthesis of research, with growing discourse on its value for qualitative research. Moreover,
ChatGPT covers a major portion of the market share and is widely used by researchers
and academics. However, a major gap remains in genAl’s ability to assess the reporting
quality of qualitative research studies. This pilot study aimed to determine whether GPT-5
could reliably assess the reporting quality of health-related qualitative research studies. The
Standards for Reporting Qualitative Research (SRQR) checklist was used as a framework
for completing both human and Al chatbot assessments. The SROR is a widely used
validated checklist for enhancing the reporting of qualitative research. Overall, 68 peer-
reviewed studies were selected for testing, comparing human SRQR assessments with
GPT-5 assessments. Findings revealed a wide variability in agreement between human and
GPT-5 assessments, with crude agreement ranging between 60 and 100% and interrater
reliability ranging between 0 and 0.85 across checklist items. Simpler, objective checklist
items such as study purpose were often correctly identified and had stronger agreement
compared to nuanced items. The model struggled with the following SROR items leading
to an “Unclear” response: research design/paradigm (41%), researcher reflexivity (41%),
data processing (27%), and trustworthiness (46%). These preliminary results suggest that
GPT-5 may struggle with tasks requiring nuance and interpretation of qualitative research,
which is rich in complex methods and differing worldviews. Currently, GPT-5 and other
Al chatbots should be used with caution and alongside human oversight when assessing
the reporting quality of qualitative research within public health and healthcare.

Keywords: artificial intelligence; generative Al; quality of reporting; qualitative methods;
reporting checklist; research transparency

1. Introduction
1.1. The Rise of Generative Artificial Intelligence (Al)

Artificial intelligence (AI) encompasses computer algorithms that can simulate human
intelligence and behaviour to perform tasks that typically require cognition [1]. Since
its inception in the 1950s, Al has gone through multiple stages of development, with
early success in programmes such as General Problem Solver and ELIZA [2]. However,
limitations in processing capacity and reduced spending stagnated development [2]. In
2022, generative Al (genAl) systems, which are capable of creating “new” content (e.g.,
text, images, and audio) based on user prompts, attracted global attention with the release
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of ChatGPT (GPT-3.5) [2,3]. ChatGPT harnesses large language models (LLMs) and deep
learning techniques to learn using large volumes of data to predict, comprehend, and
generate context-relevant language [2,3].

Currently, Al is a rapidly emerging field, piquing the interest of various sectors,
including academia, industry, and government [1,4]. The public sector, which includes gov-
ernment organizations and public health agencies, is particularly interested in genAl due
to its ability to increase operational efficiency, support evidence-informed decision-making,
and assist with strategic resource management [5]. A 2024 survey indicated that 67% of
public sector organizations were actively engaged in exploring genAl technologies [6].

1.2. Applications of genAl in Research and Concerns Around the Quality of Reporting

Beyond operational applications in public and private sectors, genAl is increasingly
being integrated into both quantitative and qualitative research workflows to improve
efficiency, reduce human workload, and maintain rigour [1,7-9]. Examples of applications
in quantitative research include automated study screening and classification, and auto-
mated data extraction [7,10,11], whereas applications in qualitative research focus more
on data analysis methods, such as thematic analysis [8,9,12]. Despite these applications,
genAl’s capacity to automate research processes, support transparency in reporting, and
uphold methodological rigour remains unclear [7-12]. This gap is particularly pertinent to
qualitative research due to ongoing concerns around the quality of reporting [13,14].

1.3. Importance of Transparent and Rigorous Reporting in Qualitative Research

A reporting guideline is a structured tool that contains a list of reporting items to be
included in a research article [15]. These guidelines are typically used by researchers while
preparing manuscripts to ensure a minimal set of essential information is presented [15].
When used appropriately, such guidelines ensure authors report all relevant information
consistently, resulting in standardized and high-quality reporting of research [15]. Among
the two most widely used reporting guidelines for qualitative studies are the (i) Standards
for Reporting Qualitative Research (SRQR) and (ii) COnsolidated criteria for REporting
Qualitative research (COREQ) [16,17]. COREQ is a checklist designed for studies that
utilize in-depth interviews and focus groups [17]. Subsequently, the SRQR guidelines built
upon COREQ to provide a more general tool that can be applied to all types of primary
qualitative research [16,17].

1.4. Rationale and Objective

Qualitative research is used to explore and understand the meanings individuals
assign to a complex, context-rich social or human problem [18,19]. Qualitative research
methods have historically been used in the social sciences and have become increasingly
adopted in public health and the medical sciences [20]. Such inquiries help explain how
people interpret health and disease in their lives and disentangle the interplay between
social, cultural, and systemic factors contributing to health [20]. To aid in conducting
high-quality research, reporting checklists such as SROR can help investigators think
about which elements are needed during the conduct and reporting of their qualitative
inquiries [20]. However, manually assessing the reporting quality can increase human
workload and be time intensive. As such, the use of genAl to assist in evaluating the report-
ing quality provides an opportunity to greatly reduce the time needed while promoting
greater adherence to reporting guidelines.

There has been increased use and interest in integrating Al in qualitative research [21].
ChatGPT makes up the largest proportion of the market share for Al chatbots being used
by consumers [22]. Moreover, GPT-5 is easily accessible and smoothly integrates into
academic and professional workflows [10,11,23]. Previous research has used ChatGPT in
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other aspects of the qualitative research process [8,21], and there has been demonstrated
potential in automating evidence synthesis processes [10,11,23]. Its conversational interface
and wide popularity make it a suitable candidate for a pilot assessment.

No study has yet examined the ability of genAl to assess the reporting quality of
qualitative research. Therefore, the aim of this pilot study was to determine whether an
Al chatbot, specifically GPT-5, could reliably assess the reporting quality of health-related
qualitative research studies. The SRQR checklist was used to assess areas of agreement and
differences between human reviewers and GPT-5.

Outcomes of this pilot can help elucidate the potential for Al chatbots to be used in
rapidly determining the reporting quality of health research and provide future research
directions for scaling up future iterations of this inquiry.

2. Materials and Methods
2.1. Data Preparation

Figure 1 depicts the methodological framework followed for this pilot study. A pre-
liminary scan of the literature was conducted in Google Scholar (Google LLC, California,
United States of America) using keywords, including “Artificial Intelligence”, “Generative
AT’, “Healthcare”, and “qualitative research” to identify recently published systematic
reviews that synthesized qualitative research in fields such as healthcare, public health, and
Al Ten relevant qualitative systematic reviews were identified, and the following informa-
tion was recorded: year of publication, topic, number of included studies, and standards
of reporting used. A systematic review by Hogg et al. [4] was selected, which synthesizes
qualitative research on diverse stakeholder perspectives around the implementation of Al
in clinical settings, as the source of our study sample for assessing quality of reporting. This
review was chosen because it comprised a large number of open-access studies (n = 68) that
varied in setting, participants, and methodology. We restricted our sample to open-access
studies to avoid potential privacy and ethical concerns around uploading restricted files
(i.e., studies behind paywalls) to genAl platforms.

We selected SRQR for our pilot study due to its rigour and wide application in
qualitative research [16,24]. The SRQR checklist consists of 21 essential items across all
aspects of primary qualitative research, from the qualitative approach used to contributions
to the field, to ensure complete and transparent reporting [16]. In addition to assisting
authors in drafting transparent manuscripts, these standards can also help peer reviewers
in evaluating manuscripts for publication, and readers in assessing the reporting gaps
within primary qualitative research [16].

2.2. Manual Data Collection

A Google Sheets (Google LLC, California, United States of America) spreadsheet was
created to capture both manual and Al extractions of the SRQR checklist items with the
following headings: unique article ID, link to the open-access article, reporting checklist
used in the original article, 21 items for manual extraction, and 21 items for genAl extraction.

Prior to full manual assessments, an initial phase involved two reviewers (S], AT)
independently assessing a subset of five studies. A strong overall human-human inter-
rater reliability was observed (Cohen’s kappa > 0.80) [25]. Subsequently, manual human
checklist assessments were performed for the remaining included studies using the SRQR
checklist by a reviewer (SJ]) and followed by verification by a second reviewer (AT). Any
disagreements were resolved through discussion between reviewers. This consolidated
file served as a reference standard for comparison with genAl extractions of the SRQR
checklists across all studies.
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Feasibility of GPT-5 for assessing
SRQR reporting in qualitative studies

Figure 1. Methodological framework of the pilot study. A preliminary literature scan identified
an eligible systematic review of qualitative studies on artificial intelligence in healthcare [4]. Sixty-
eight open-access primary studies were assessed independently using the SRQR checklist by human
reviewers and by GPT-5 using a standardized prompt. Human consensus ratings served as the
reference standard. Agreement between human and GPT-5 assessments was evaluated using Cohen’s
kappa and crude agreement.

2.3. Prompt Development and Al Extraction

A pretest was conducted on six studies from the original systematic review to assess
GPT-5’s ability to assess the quality of reporting using the SRQR checklist and produce
consistent outputs. The pretest revealed minor inconsistencies in outputs (i.e., formatting
issues) and guided iterative refinements of the prompt provided to GPT-5 in September
2025 to ensure consistent outputs across studies.

The pilot was conducted using the ChatGPT Plus interface with access to the GPT-5
foundation model (model snapshot gpt-5-2025-08-07, accessed during September 2025).
Prompts were input using default configuration settings, relying on the model’s standard
automated routing and default reasoning configuration. Each SROR assessment was
conducted in a new conversation, whereby the open-access article in PDF format was
uploaded directly to the interface along with the prespecified prompt. These articles were
only assessed once. No external applications or additional tools were used.

All items within the SRQR checklist were included within our prompt, in addition to
attaching a PDF copy of each study. New chats were created for each new assessment to en-
sure consistent context and prevent prior conversation history from influencing subsequent
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outputs or introducing hallucinated information from other studies. An amended version
of the finalized prompt is shown below, and the full prompt that contains all checklist items
to guide GPT-5 is provided in Supplementary File S1. The following prompt, in addition
to a description of each item directly from the SRQR checklist, was applied to each study
in GPT-5:

Using the attached paper, apply the Standards for Reporting Qualitative Research
reporting guideline as a checklist written below and list which of the components it meets.
For each number in the checklist, provide a 1 sentence justification and location where it is
found in a table format and use “Yes”, “No”, and “Unclear” as your final decision. Please
ensure that the output is presented in 4 columns: (i) item No., (ii) item name, (iii) Met?,
(iv) justification & page number.

The following information was recorded for each GPT-5 extraction: item number, item
name, presence of the item, a brief justification, and the page number where the item is
found in the study.

2.4. Data Analysis

Descriptive characteristics of the 68 articles included in this study were taken from the
original review (e.g., publication year, setting, method), and the extent to which the articles
followed reporting guidelines. Human and GPT-5 assessments were descriptively reported.
While human assessments involved a binary response (yes vs. no), GPT-5 was instructed to
generate a third “unclear” response to facilitate further descriptive examination of where
the model struggled. Afterwards, “Unclear” outputs were ultimately collapsed to “No”
when estimating interrater reliability to match human assessments. We also performed
a sensitivity analysis to examine whether the exclusion of “Unclear” responses impacted
coefficients in any meaningful way. Agreement between human and GPT-5 assessments
was assessed using the ‘irr” package in RStudio (version 2025.05.0 running R 4.4.0). Some
items were reported across most or all studies, and thus, the kappa could not be computed.
Therefore, we also calculated a crude agreement, defined as the percentage of studies for
which the human and GPT-5 ratings matched exactly. Furthermore, potentially statistically
significant differences in SRQR reporting between studies that followed a checklist (vs. did
not follow) were assessed using the non-parametric Mann—-Whitney U test because the
assumptions of normality and homogeneity of variance were violated. All analyses were
conducted using RStudio.

All data supporting this study are openly available at https://doi.org/10.17605/OSE.
10/P6XW2, including: the consolidated human SRQR reference-standard ratings; results
of the six-study prompt pretest; the full item-level GPT-5 extractions (rating, justification,
and page number for each of the 21 SROR items across all 68 studies); and descriptive
characteristics of the included studies.

3. Results
3.1. Summary of Included Studies

This study included 68 peer-reviewed, open-access qualitative studies, sourced from
Hogg et al.’s systematic review [4]. Detailed information on the descriptive characteristics
of included studies can be accessed in the open database: https://doi.org/10.17605/OSE.
10/P6XW2. Most studies were published between 2019 and 2020 (47%), and conducted
in the United States, United Kingdom, or Canada (53%) (Table 1). Studies captured the
perspectives of various stakeholders, including healthcare professionals, developers, pa-
tients, caregivers, and the public, with the median number of participants being 23 (range:
3-16,519). Interviews were the most commonly used data collection method (50%). Within
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the included studies, the vast majority (85%) did not use a reporting checklist. Of those
that did, COREQ was the most commonly used (10%).

Table 1. Descriptive characteristics of 68 qualitative studies (n = 68 studies) (adapted from [4]).

Study Characteristics n %
Publication Year
2014 6 8.8
2015 5 7.4
2016 4 5.9
2017 3 44
2018 9 13.2
2019 14 20.6
2020 18 26.5
2021 9 13.3
Country
United States 15 22.1
United Kingdom 14 20.6
International 2 6 8.8
Canada 7 10.3
Australia 5 7.4
Germany 3 4.41
Netherlands 3 4.41
Other P 15 22.1
Data Collection Method
Mixed or Multi € 15 22.1
Interviews 34 50.0
Focus Groups 8 11.8
Survey 9 13.2
Other 4 2 29
Reporting Checklists Used
COREQ 7 10.3
RATS 2 2.9
RAMESES II 1 1.5
None 58 85.3

2 This category comprised studies conducted across multiple countries. P The following countries
were represented: Austria (n = 1), Brazil (n = 2), China (n = 1), Colombia (n = 1), France (n = 2), Ghana
(n =2), Ireland (n = 1), Italy (n = 1), Kenya (n = 1), Sweden (n = 1), and Switzerland (n = 2). € This cat-
egory comprised studies that employed multiple qualitative data collection methods (e.g., interviews
and focus groups). ¢ This category comprised two studies that employed alternative qualitative data
collection methods: one used observation, and the other used the think-aloud protocol.

3.2. GPT-5 and Human Agreement on SRQR Items

GPT-5 and human responses to SRQR checklist items across 68 qualitative studies
were compared. For the “Yes” category, items 2—4 (i.e., abstract, problem, and purpose) had
perfect alignment, and items 10, 12, 18, 20, and 21 (i.e., links to literature, implications, par-
ticipants, data collection, and funding) demonstrated high alignment (Table 2). In contrast,
the lowest alignment was observed for items 1, 5, 7, 8, and 14 (i.e., title, design/paradigm,
data analysis, sampling, and context). Overall, responses reported as “No” showed poor
alignment in comparison, except for items 2—4, as both GPT-5 and human reviewers pro-
vided identical outputs. Cohen’s kappa coefficients were computed to assess the level of
agreement between GPT-5 and human responses. Agreement levels ranged from none to
near-perfect agreement (0.00-0.85). Kappa coefficients could not be calculated for items
2—4 due to homogeneous between-reviewer responses. Furthermore, GPT-5 showed no
variability across some checklist items (i.e., 7, 8, 10, 12, 16, 18), resulting in coefficient values
of 0; crude percent agreement was reported alongside these values. Items falling below
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a moderate level of agreement (kappa < 0.41), reflecting checklist items with the greatest
disagreement between GPT-5 and human reviewers, are bolded in Table 2.

Table 2. GPT-5 and human responses to SROR checklist items across 68 qualitative studies and the
level of human—-GPT-5 agreement between assessments.

Items Reported Across Studies (n, %) Level of Agreement

Item No. GPT-5 Human Kappa 2P Crude (%)
1. Title 61 (89.7%) 37 (54.4%) 0.18 61.8
2. Abstract 68 (100%) 68 (100%) - 100
3. Problem 68 (100%) 68 (100%) - 100
4. Purpose 68 (100%) 68 (100%) - 100
5. Design/paradigm 39 (57.4%) 21 (30.9%) 0.28 61.8
6. Reflexivity 10 (14.7%) 8 (11.8%) 0.23 82.4
7. Context 68 (100%) 59 (86.8%) 0.00 86.8
8. Sampling 68 (100%) 52 (76.5%) 0.00 76.5
9. Ethics 63 (92.6%) 59 (86.8%) 0.53 91.2
10. Data collection 68 (100%) 65 (95.6%) 0.00 € 95.6
11. Instruments 65 (95.6%) 60 (88.2%) 0.13 86.8
12. Participants 68 (100%) 65 (95.5%) 0.00 ¢ 95.6
13. Data processing 50 (73.5%) 54 (79.4%) 0.43 79.4
14. Data analysis 65 (95.6%) 48 (70.6%) 0.20 75.0
15. Trustworthiness 31 (45.6%) 40 (58.8%) 0.22 60.3
16. Key findings 68 (100%) 62 (91.2%) 0.00 91.2
17. Empirical data 67 (98.5%) 60 (88.2%) 0.20 89.7
18. Links to literature 68 (100%) 67 (98.5%) 0.00 © 98.5
19. Limitations 66 (97.1%) 60 (88.2%) 0.37 91.2
20. Implications 64 (94.1%) 65 (95.6%) 0.85 98.5
21. Funding 63 (92.6%) 63 (92.6%) 0.78 97.1

2 Some coefficients could not be calculated due to homogeneous responses across studies. ® Bolded
values indicate anything below a moderate level of agreement (<0.41). ¢ Low variability between
responses, interpret with caution.

Refer to the following open database: https://doi.org/10.17605/OSFEIO/P6XW?2 for
the full item-level dataset, including individual GPT-5 and human ratings, justifications,
and page-number citations for each study.

3.3. Sensitivity Analysis

Although human assessments did not involve an “Unclear” criterion (i.e., the item
was either reported or not), GPT-5 was instructed in prompts to designate Yes, No, or
Unclear for each checklist item across studies. Thus, descriptive statistics of GPT-5 initiated
SROR assessments resulting in “Unclear” were carried out. Overall, GPT-5 reported at
least one unclear decision in 11 checklist items (52%). Of these, the median number of
unclear decisions was 3 (IQR: 2-18), with the model being uncertain on the following items:
research design/paradigm (41%), researcher reflexivity (41%), data processing (27%), and
trustworthiness (46%). A sensitivity analysis was performed to assess interrater reliability
coefficients excluding all “Unclear” GPT-5 responses, which revealed that most items had a
drastic reduction in coefficients. The only items that saw a positive change in the level of
agreement were reflexivity (+0.10) and trustworthiness (+0.22). Full counts and proportions
of “Unclear” responses, along with the interrater reliability scores can be accessed in the
following open database: https://doi.org/10.17605/OSEIO/P6XW?2.
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3.4. Impact of Using a Reporting Guideline on SRQR Adherence

Only a small proportion of studies in our analysis used a reporting checklist (n = 10,
14.7%). Of these studies, most used COREQ (n = 7), followed by RATS (n = 2), and
RAMESES II (n = 1). There was a statistically significant difference in the number of SRQR
items reported between studies that followed reporting checklists (M = 19.3, SD = 0.8)
compared to those that did not (M = 16.5, SD = 2.8, p < 0.001). Figure 2 depicts the
distribution of adherence to SRQR based on within-study use of a reporting guideline. For
detailed information on the reporting checklists used, along with additional descriptive
characteristics for all 68 studies, refer to the following open database: https://doi.org/10.1
7605/OSEIO/P6XW2.

214 °
18 ‘
e
T
€
g
I 15
a4
o
@
0
124
L]
9 °
No Yes

Reporting checklist used?

Figure 2. Boxplots indicating the distribution of adherence to the SRQR checklist items across the
68 qualitative studies based on whether the studies had followed a reporting guideline (medium blue
plot) or not (pale blue plot). Bullets outside the box lengths represent outliers.

4. Discussion
4.1. Statement of Principal Findings

This study examined whether an Al chatbot, specifically GPT-5, could reliably assess
the reporting quality of qualitative studies. Our results showed that alignment and agree-
ment between GPT-5 and human responses to the SRQR checklist varied widely across
21 items. The complexity and explicitness of each respective checklist item may explain
this variability between GPT-5 and human reviewers. For instance, perfect alignment and
agreement generally occurred for straightforward and easily identifiable items, such as
abstract, problem, and purpose. In contrast, poor alignment and agreement were observed
in more nuanced and ambiguous items that are open to interpretation, including study
design/paradigm, reflexivity, data analysis and sampling. Interestingly, most included
studies in our study sample did not use a reporting checklist (85%). A statistically signifi-
cant difference in SRQR adherence between studies that followed reporting checklists and
those that did not was observed. The following sections will cover the use of reporting
checklists in qualitative research, the strengths of GPT-5 in assessing quality of reporting,
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areas where GPT-5 underperformed, and implications for the use of genAl in assessing the
quality of reporting of qualitative research.

4.2. Interpretation Within the Context of the Wider Literature

Although reporting checklists are widely available for qualitative studies, which
emphasize their utility in supporting transparent and rigorous reporting, we found that
most included studies (85%) did not use a reporting checklist. This aligns with the broader
literature highlighting inconsistencies in the application of reporting checklists in qualitative
research. For instance, a 2021 review that applied COREQ guidelines to qualitative studies
in dentistry found that only 8% of studies had good reporting (i.e., >25 items reported out
of 32 criteria) [13]. Similarly, results from a study investigating the quality of reporting of
197 qualitative studies in nursing social science revealed that 95% of the studies were either
moderately (i.e., 17-24 items reported) or poorly reported (i.e., <16 items reported) [14].
Collectively, these findings underscore the need for more consistent use of reporting
guidelines to increase transparency, completeness, and the overall quality of qualitative
research [13,14].

Overall, LLMs tend to excel on tasks that are clear and simple, where relevant infor-
mation is explicitly presented in the article’s text [10,11,26,27]. This may be explained by
the fact that LLMs are trained on large volumes of data, which allows them to accurately
recognize patterns and locate predictable, structured pieces of information commonly
found in research articles, such as the study purpose or objective [2,10,28]. This is reflected
in our findings, as there was perfect alignment and agreement between GPT-5 and human
reviewers for checklist items 2—4 (i.e., abstract, problem, purpose), which were among the
most clearly defined and explicitly presented checklist items. These findings are consistent
with evidence from studies evaluating LLMs for data extraction [10,11,26,27]. For instance,
results from Reason et al. [27] showed that ChatGPT extracted PICO (i.e., Population,
Intervention, Comparator, Outcome) research questions from almost 700,000 randomized
controlled trial abstracts with 98% accuracy. Similarly, findings from an exploratory study
on automated data extraction of COVID-19 modelling research demonstrated that ChatGPT
extracted clearly stated data, such as study settings, with 93% accuracy [10]. These results
suggest that GPT-5's performance is not solely determined by the clarity and simplicity
of the prompt itself, but is also influenced by the explicitness and straightforwardness
of information presented in an article’s text [10,11]. Therefore, both our findings and
the broader literature highlight the importance of working within the known limits of
LLMs and applying them to general tasks that are clear, simple, and explicit to achieve
high accuracy.

Our findings indicated that GPT-5 performed poorly on checklist items that contained
multiple components and required deduction. First, this was evidenced by the high “Un-
clear” responses observed for some checklist items generated by GPT-5. The literature
posits that LLMs do not currently have the capacity to handle complex and subjective
tasks that require contextual reasoning [10,11,26,27,29,30]. LLMs provide outputs based on
predictions and patterns drawn from their training data, rather than connecting and inter-
preting contextually relevant pieces of information presented throughout an article [29,30].
Notably, results from a recent study conducted by Zhang et al. [30] that investigates the
relationship between working memory and contextual reasoning demonstrate that, despite
increases in model size, a major limitation of modern LLMs remains their capacity to
hold and process information effectively, as they lack true comprehension of prompts and
struggle to process information meaningfully. Similarly, a study assessing the agreement
between genAl and human data extraction methods concluded that LLMs are highly capa-
ble of completing straightforward extraction tasks; however, due to a lack of contextual
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reasoning and underlying comprehension, complex tasks require human verification and
oversight [29].

Our results are consistent with these findings, as poor alignment and agreement were
observed between GPT-5 and human reviewers for title, design/paradigm, sampling, and
data analysis, which are some of the more nuanced and subjective checklist items that are
most open to interpretation and require working knowledge of qualitative methods to
judge. This challenge is compounded by the nature of the SRQR tool itself, which requires
not only identification of reporting elements but also an understanding of the method-
ological approach and which of the subcomponents within each item are relevant to that
method [16]. This reasoning—recognizing when and how specific SRQR subcomponents
of items apply, depending on the overall study design and methodology—was beyond the
current capabilities of GPT-5. Because these models do not reveal how decisions are made
or how information is weighted, their reasoning processes remain opaque, reinforcing what
has been referred to as the “black box” of LLM decision-making [31]. Thus, while we can
acknowledge the potential for complex checklist items to be modified to improve LLM
interpretation and performance, at present, human qualitative methods expertise continues
to be required to reliably assess such items.

4.3. Strengths and Limitations

Some limitations were identified. First and most importantly, this pilot study only
assessed the feasibility of using GPT-5 to assess the quality of reporting in studies from one
systematic review that synthesized global stakeholder perspectives on the implementation
of Alin clinical settings. A subset of these studies was used to develop the prompt, leading
to the possibility that the prompt may have been optimized for these studies in particular.
Additionally, many studies included in this pilot had little variability in reporting, leading
to homogeneous responses and skewed kappa coefficients towards zero. Therefore, our
results may not be generalizable to other topics beyond clinical Al implementation in
the healthcare context, and we advise readers to exercise caution in the interpretation of
findings. We also note that reliance on a single, rapidly evolving proprietary tool poses a
broader methodological limitation beyond generalizability alone: model behaviour may
change over time without transparency or version control, which limits both reproducibility
and consistency. To help mitigate this, we report the specific model version and assessment
date used in this study (GPT-5, September 2025). Next, there are potential concerns with
within-study reliability since it was observed that GPT-5 would occasionally differ in its
responses to more nuanced checklist items such as trustworthiness, qualitative paradigm,
and reflexivity. Thirdly, studies that utilize multiple methods (i.e., two or more qualitative
methods) were challenging for GPT-5, as it likely used any information presented within
the article to base its decision on a checklist item instead of carefully considering each
method individually to develop meaningful and context-sensitive responses. Although
this study did not involve a deeper analysis of GPT-5s performance on multimethod and
mixed method designs, further examination is needed. Notably, items such as ethical
approval, author contributions, and funding were occasionally only provided on the
journal website, causing GPT-5 to miss sufficiently reported items not found in the PDFs,
further emphasizing the need for human oversight. Moreover, this pilot did not include a
sensitivity analysis of prompt variations; future work should systematically evaluate how
changes in prompt wording affect model outputs. Additionally, this study only assessed
GPT-5’s ability to assess the quality of reporting in qualitative research, and thus, our
findings may not be applicable to other Al chatbots. Lastly, we used ChatGPT’s standard
web interface rather than API-based access with controlled parameters (e.g., temperature
set to zero), which limits technical reproducibility across runs. This choice was intentional,
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as it reflects how our intended audience, public health researchers without programming
backgrounds, would realistically use this tool in practice; however, we acknowledge this
trade-off between real-world applicability and strict reproducibility.

Since our study is the first to explore the feasibility of using GPT-5 to assess the quality
of reporting in qualitative research, additional research should be conducted using other
Al chatbots (e.g., Google Gemini) and other reporting checklists (e.g., COREQ) to improve
understanding of the current capabilities of Al chatbots in automating research processes
within qualitative research. To date, some reporting checklists, such as the Consolidated
Standards of Reporting Trials [32], now have Al extensions to support the transparent and
ethical use of Al in research (i.e., CONSORT-AI) [33]. Future research could explore the
development of extensions for SRQR or COREQ checklists to mirror this in qualitative
research [33].

4.4. Implications for Policy, Practice and Research

There is an opportunity to explore the development of LLM-friendly checklist adapta-
tions. Most reporting checklists are not optimized for genAl interpretation and application.
Our pilot findings provide evidence of these challenges, particularly regarding contextual
reasoning and multi-component checklist items. As seen across broader literature and best
practice guidelines, prompt engineering influences genAl’s performance [34,35]. Rather
than recommending immediate checklist redesign, future work could explore the feasibility
of developing LLM-friendly adaptations or extensions to existing tools. For instance, a
dedicated section containing simplified, structured prompts or definitions may improve Al
performance. Finally, we echo best practices from Cochrane, the Campbell Collaboration,
JBI, and the Collaboration for Environmental Evidence on the responsible and ethical use
of Al in evidence synthesis research [36], which emphasize human oversight, transparent
reporting of Al use, and following evolving ethical standards.

5. Conclusions

To the best of our knowledge, this study is the first of its kind to assess the quality
of reporting in health-related qualitative studies with generative Al The pilot revealed
that GPT-5 performed well on simple tasks where relevant information was explicitly
presented and performed inconsistently on checklist items that often required forming
logical deductions based on contextual elements. There was opacity in GPT-5’s internal
decision-making processes, raising potential reliability and transparency concerns. Future
research should be conducted using other Al chatbots, with larger sample sizes, different
areas of research, and reporting checklists (i.e., COREQ) to deepen our understanding of
the applications and limitations of LLMs in performing quality of reporting assessments of
qualitative research. Preliminary evidence suggests that the development of LLM-friendly
reporting checklists or an Al extension to SRQR or COREQ could strengthen compatibility
and improve the reliability of automated quality of reporting assessments.
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