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a b s t r a c t 

Generative artificial intelligence (GenAI) chatbots powered by large language models (LLMs) are increasingly used 
in health research to support a range of academic and clinical activities. While increasingly adopted in biomedi- 
cal research, their application in traditional, complementary, and integrative medicine (TCIM) remains underex- 
plored. TCIM presents unique challenges, including complex interventions, culturally embedded practices, and 
variable terminology. This article provides a practical, evidence-informed guide to help TCIM researchers engage 
responsibly with GenAI chatbots through prompt engineering, the design of clear, structured, and purposeful 
prompts to improve output relevance and accuracy. The guide outlines strategies to tailor GenAI chatbot inter- 
actions to the methodological and epistemological diversity of TCIM. It presents use cases across the research 
process, including research question development, study design, literature searches, selection of reporting guide- 
lines and appraisal tools, quantitative and qualitative analysis, writing and dissemination, and implementation 
planning. For each stage, the guide offers examples and best practices while emphasizing that AI-generated con- 
tent should always serve as a starting point, not a final product, and must be reviewed and verified using credible 
sources. Potential risks such as hallucinated outputs, embedded bias, and ethical challenges are discussed, par- 
ticularly in culturally sensitive contexts. Transparency in GenAI chatbot use and researcher accountability are 
emphasized as essential principles. While GenAI chatbots can expand access to research support and foster inno- 
vation in TCIM, they cannot substitute for critical thinking, methodological rigour, or domain-specific expertise. 
Used responsibly, GenAI chatbots can augment human judgment and contribute meaningfully to the evolution 
of TCIM scholarship. 
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. Introduction 

Generative artificial intelligence (GenAI) chatbots powered by large
anguage models (LLMs), such as OpenAI’s ChatGPT, Google Gemini,
eta AI, and Microsoft Copilot, are increasingly used in health research

o support a range of academic and clinical activities. 1 , 2 These tools
ffer accessible, cost-effective assistance across disciplines, 1 , 3 , 4 includ-
ng in traditional, complementary, and integrative medicine (TCIM).
 key factor in optimizing GenAI chatbot use is prompt engineering,

he practice of designing precise and structured input queries. Effec-
ive prompts improve output quality, enhance alignment with research
tandards, and reduce the risk of bias or misinformation. 4-8 TCIM in-
ludes a diverse range of therapies including mind–body therapies, bi-
logically based practices, manipulative and body-based practices, en-
rgy healing, and whole medical systems. 9 Challenges in this field, in-
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luding intervention heterogeneity and limited high-quality evidence
ithin certain modalities, can affect artificial intelligence (AI) perfor-
ance, 10-12 while AI also presents new opportunities to support inno-

ation, interdisciplinarity, and access to underrepresented knowledge
ystems. 11 This guide is informed by four original studies led by the au-
hor (including three large-scale, international cross-sectional surveys
f researchers, university students and postdoctoral fellows, and jour-
al editors-in-chief, respectively, and all in the biomedical field), and
n audit of GenAI publisher policies, all of which generated rich empir-
cal data surrounding the attitudes, perceptions and policies of GenAI
ools across the biomedical research and publishing landscape. 1 , 13–15 

n addition to these studies, recommendations from organizations that
rovide guidance, standards, and best practices for scholarly publish-
ng, including the International Association of Scientific, Technical and
edical Publishers (STM), the International Committee of Medical Jour-
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Table 1 

Main types of prompting in GenAI chatbot engineering with examples for traditional, complementary, and integrative medicine (TCIM) research. 

Type of Prompting Definition Key Feature Ideal Use Case Example Prompt Relating to TCIM Research 

Zero-shot prompting The model generates an 
output without any prior 
examples provided. 

No examples given; relies 
entirely on model knowledge. 

When you want a quick, 
direct answer or generation 
without context. 

"Summarize the main research challenges in 
traditional herbal medicine." 

One-shot prompting The model is given exactly 
one example to guide its 
response. 

Single example provided to 
illustrate desired output. 

When the task is specific and 
a single example can clarify 
expectations. 

"Here is an example of a research abstract on 
acupuncture efficacy: [abstract]. Now, 
summarize this new abstract on acupuncture 
safety." 

Few-shot prompting The model is provided with a 
few examples before 
generating output. 

Multiple examples to show 

patterns or formats. 
When complex or nuanced 
tasks require demonstration 
for accuracy. 

"Here are three examples of complementary 
and alternative medicine (CAM) clinical trial 
designs: [examples]. Design a trial protocol 
for a herbal remedy for anxiety." 

Chain-of-thought 
prompting 

The model is guided to 
reason step-by-step in the 
response. 

Encourages explicit reasoning 
and intermediate steps. 

Useful for multi-step 
problems or complex 
reasoning tasks. 

"Explain step-by-step how to critically 
appraise a systematic review on yoga for 
chronic pain." 

Role-based prompting The model is asked to assume 
a specific persona or role. 

Contextualizes output by 
simulating a role or 
perspective. 

When you want the model to 
produce domain-specific or 
stylistically consistent 
content. 

"You are a TCIM journal editor. Provide 
advice to authors on improving the reporting 
quality of herbal medicine studies." 
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al Editors (ICMJE), the World Association of Medical Editors (WAME),
he Committee on Publication Ethics (COPE), and the European Associ-
tion of Science Editors (EASE), 16–20 were reviewed. Finally, a search of
he academic and grey literature was conducted to identify additional
uidance relevant to the integration of geneGenAI tools into the health
esearch process. Drawing collectively from these sources, this guide
ffers a practical, evidence-informed resource for prompt engineering
ailored to TCIM researchers. 

While several guides on GenAI and prompt engineering exist within
he broader medical and scientific literature, they have been published
n journals that may not reach TCIM researchers. This guide is tailored
pecifically for the TCIM research community, many of whom may be
ess familiar with GenAI tools and concepts. By providing accessible,
eld-relevant examples, it aims to bridge this gap and support the re-
ponsible and effective integration of GenAI into TCIM research work-
ows. 

. Background: GenAI chatbots and their use in medical research 

GenAI chatbots powered by large language models (LLMs) are in-
reasingly used in health research due to their ability to generate co-
erent, contextually relevant responses to natural language prompts.
rained on large text corpora and built using transformer-based archi-
ectures, LLMs can perform complex language tasks that once required
uman expertise. 21-24 Unlike traditional software, LLM-based chatbots
ffer conversational interfaces that allow users to interact using plain
anguage, making them accessible to researchers with minimal techni-
al training. 25 These tools are now being applied across all stages of
ealth research, including study design, literature synthesis, and dissem-
nation. 1 Editors and peer reviewers are also exploring their use for pre-
iminary manuscript assessment. 14 However, AI-generated outputs may
nclude errors, fabricated citations, or misleading information, which re-
uires careful scrutiny. 26-28 As such, researchers must consistently apply
ritical thinking and remain responsible for the accuracy, rigour, and
thical standards of their work if using such tools. 29 , 30 As the role of
enAI chatbots grows in both conventional and TCIM research, there

s an urgent need to educate researchers about prompt engineering to
nsure effective and responsible use. 

. What is prompt engineering? 

Prompt engineering refers to the strategic design of input queries
hat guide GenAI chatbot responses generated by large language mod-
ls (LLMs). 23 , 31 , 32 Effective prompts are clear, purposeful, and contex-
2

ually appropriate, allowing researchers to obtain accurate and relevant
utputs. Even small changes in prompt wording or structure can affect
utputs, making thoughtful prompt design critical. 5-8 

Several prompting strategies are commonly used. Zero-shot prompt-
ng involves giving no examples and is best suited for simple
ueries. 23 , 33 One-shot and few-shot prompting includes examples to im-
rove consistency. 23 , 32 , 33 Chain-of-thought prompting encourages step-
ise reasoning, useful in analytical tasks. 23 , 34 Role-based prompting
sks the GenAI chatbot to adopt a specific role, such as “systematic
eview expert, ” to shape tone and response quality. 35 , 36 A table sum-
arizing these main types of prompting strategies with examples spe-

ific to TCIM research is provided in Table 1 . Additionally, the Concise,
ogical, Explicit, Adaptive, and Reflective (CLEAR) Framework provides
uidance for constructing high-quality prompts. 37 Concise prompts re-
ove extraneous detail. Logical prompts follow a coherent sequence.
xplicit prompts clarify expectations for content and structure. Adap-
ive prompting involves adjusting prompts based on task or discipline.
eflective prompting encourages researchers to iteratively review and
efine GenAI chatbot outputs. 

Because TCIM encompasses diverse practices and terminologies
hich may be underrepresented in LLM training data, domain-specific
daptation is necessary. 9 , 12 , 38 Researchers should define key terms,
larify concepts, and evaluate outputs critically. As GenAI chatbots be-
ome integrated into TCIM research workflows, researcher knowledge
f prompt engineering will be essential to ensure that outputs support,
ather than compromise, research quality and integrity. 

. Prompt engineering strategies for TCIM researchers 

Using GenAI chatbots in TCIM research effectively requires more
han posing questions; it involves the intentional design of prompts
o ensure outputs are accurate, relevant, and culturally appropri-
te. 6 , 31 , 32 , 39–41 

.1. Establishing context 

Defining context is critical in TCIM prompts, as many modalities
iffer substantially from conventional biomedical paradigms. Prompts
hould clearly state the intervention, population, and research objec-
ive. For example, rather than asking for a general summary, specifying
Summarize this randomized controlled trial evaluating individualized
omeopathic remedies for seasonal allergic rhinitis in adults ” ensures
he GenAI chatbot’s output is more precise and aligned with the re-
earcher’s intent. 
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.2. Structuring the prompt 

Well-structured prompts improve clarity and coherence. Breaking re-
uests into steps, such as outlining background sections or summarizing
ystematic reviews, can guide the GenAI chatbot to follow a logical for-
at. 6 , 31 , 32 , 39–41 Including formatting preferences, such as bullet points

r citation styles, can further align outputs with the formatting standards
equired for a given task. 

.3. Iterative refinement 

Refinement is central to effective prompt engineering. Initial outputs
ay lack depth or contain inaccuracies, requiring follow-up prompts for

larification or alternative perspectives. 6 , 31 , 32 , 39–41 For instance, after
eceiving a broad explanation of “qi, ” a researcher might ask for analo-
ies suited to a Western biomedical audience. Iteration supports both
mproved content and deeper understanding of GenAI chatbot limita-
ions. 

. Use cases in health research 

Within health research, GenAI chatbots can support a wide range
f tasks, 4 but their use requires critical thinking and sound judgment.
t early stages, they may assist with developing research questions, or
rafting conceptual frameworks. In literature reviews, GenAI chatbots
an help generate search terms, identify key concepts, and summarize
bstracts. They may also introduce unfamiliar research methods or sug-
est reporting guidelines and appraisal tools, though researchers must
ltimately assess their appropriateness. In quantitative research, chat-
ots can explain common statistical methods, suggest software options,
r assist experienced users in drafting code. For qualitative research,
hey may support the creation of interview guides or suggest theoretical
rameworks to inform coding and thematic analysis. GenAI chatbots can
lso help draft or adapt manuscripts, conference abstracts, and public-
acing materials, including plain-language summaries or translations.
dditionally, they may assist in writing, dissemination, and implemen-

ation activities across the research cycle. 1 In all cases, AI-generated
ontent should be treated as a draft to be critically evaluated, verified,
nd refined before use. The following sections examine how these ap-
lications relate specifically to TCIM research. 

. Use cases in TCIM research 

The following section describes GenAI chatbot use cases in TCIM re-
earch. Case examples and annotated prompts specific to TCIM research
re provided in Table 2 . 

.1. Research question development and study design 

GenAI chatbots can be valuable tools for supporting the development
f research questions and study designs, particularly in the early stages
f TCIM research. They can assist researchers in brainstorming poten-
ial research topics, refining broad interests into focused, answerable
uestions, and exploring relevant study designs based on population, in-
ervention, context, or outcomes. 3 For example, a GenAI chatbot might
elp a researcher transform a general curiosity about Ayurvedic treat-
ents for insomnia into a specific, testable research question aligned
ith the Population, Intervention, Comparator, Outcome, Time (PI-
OT) framework. 42 Additionally, GenAI chatbots can suggest common
ethodologies, such as randomized controlled trials, observational stud-

es, or qualitative approaches, and summarize their advantages and lim-
tations. In fields like TCIM, where diverse epistemologies and inter-
ention types may challenge conventional research paradigms, GenAI
hatbots can prompt researchers to consider mixed methods designs or
ulturally appropriate frameworks. They may also aid in drafting logic
odels or conceptual frameworks to align study aims with theoretical
3

nderpinnings. Despite these benefits, researchers must apply critical
hinking at every stage. GenAI chatbots can produce plausible-sounding
uggestions that may be methodologically flawed, culturally inappro-
riate, or poorly aligned with the research context. Moreover, GenAI
hatbots lack domain-specific judgment and may recommend designs
hat are infeasible or ethically problematic. 43-46 

.2. Literature searches for background and narrative reviews 

GenAI chatbots can serve as helpful assistants during the early stages
f writing research manuscripts, particularly when conducting litera-
ure searches for background sections or narrative reviews. In this con-
ext, GenAI chatbots can be used to generate keyword suggestions, pro-
ose related concepts, and provide brief overviews of relevant topics. 47 

or researchers working in TCIM, where terminology may vary widely
cross cultural contexts (e.g., “Ayurveda ”, “moxibustion ”, “Kampo ”),
hese capabilities can help identify relevant sources that might other-
ise be overlooked. GenAI chatbots may also be used to summarize
bstracts or explain unfamiliar terms, thereby aiding researchers in de-
eloping a clearer understanding of the literature landscape. 47-49 How-
ver, GenAI chatbot-generated suggestions should always be treated as
tarting points, not definitive answers. GenAI chatbots can produce in-
ccurate or misleading information, omit key studies, or fail to grasp
he cultural and contextual nuances, 50 critical to interpreting TCIM lit-
rature. In particular, studies have found that many widely-used GenAI
hatbots have generated citations to sources which do not exist. 51 , 52 

esearchers must apply critical thinking when assessing the relevance
nd credibility of GenAI chatbot outputs and should double check
ll findings using reliable sources such as peer-reviewed journal arti-
les, textbooks, or clinical practice guidelines. Importantly, GenAI chat-
ots should be viewed as tools to support, not replace, human judg-
ent. Used appropriately, they can accelerate the research process and

park new ideas, but researchers must remain responsible for evaluat-
ng and integrating the literature into their work with discernment and
are. 

.3. Reviews with systematic search components 

For structured reviews that involve a systematic search process, such
s systematic or scoping reviews, GenAI chatbots can provide useful
ssistance in planning and preparation. GenAI chatbots may help for-
ulate preliminary research questions, suggest relevant synonyms and
oolean operators, recommend appropriate databases, and guide users

n incorporating controlled vocabularies like Medical Subject Headings
MeSH) or Emtree terms, for the Medical Literature Analysis and Re-
rieval System Online (MEDLINE) and Excerpta Medica database (EM-
ASE) bibliographic databases, respectively. 53 These features can be es-
ecially valuable for TCIM researchers, who often navigate a complex
eb of regional terminology and interdisciplinary subject matter. For

nstance, a GenAI chatbot might help a researcher explore equivalent or
elated terms for “herbal medicine ” across various traditions, or gener-
te initial ideas for classifying interventions in a review protocol. 

Despite these benefits, at present, GenAI chatbots are not capable
f conducting database searches, assessing study quality, or adhering to
stablished methodological standards, nor are GenAI chatbots a replace-
ent for review and development of search strategies by an information

pecialist. 50 , 53 They lack access to live indexing systems and may pro-
ide fabricated citations or incomplete information. 50 Researchers must
herefore approach GenAI chatbot-generated content with caution and
lways verify outputs through manual searching and consultation with
ibrarians or methodological experts. Critical thinking is essential in in-
erpreting search strategies, determining inclusion criteria, and synthe-
izing results. Over-reliance on GenAI can compromise the integrity of
he review, 29 particularly in a field like TCIM where context and cultural
eaning greatly influence the interpretation of evidence. Ultimately,
enAI chatbots can play a valuable supporting role in the early phases of
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Table 2 

Case examples and annotated prompts for traditional, complementary, and integrative medicine research. 

Section Use Case Title Initial Prompt Refined Prompt Outcome and Critical Reflection 

6.1 Developing a Research 
Question on Ayurveda for 
Insomnia 

“Help me create a research 
question about Ayurveda and 
sleep. ”

“Generate three research questions exploring the 
effectiveness of Ayurvedic herbal therapies for 
managing chronic insomnia in adults. Please 
structure them using the PICOT format 
(Population, Intervention, Comparator, Outcome, 
Time). ”

This prompt yields clearer, well-framed 
research questions suitable for protocol 
development. The researcher might follow 

up by asking for rationale or design 
suggestions, but must verify alignment 
with evidence gaps and feasibility. 

6.2 Searching Literature for a 
Narrative Review on Qigong 

“Give me sources on qigong 
for cancer fatigue. ”

“Suggest key topics and concepts to include in a 
narrative review on the use of qigong for 
managing cancer-related fatigue. Summarize 
recent findings without providing citations, and 
focus on physiological mechanisms, 
patient-reported outcomes, and common 
limitations in the literature. ”

Thematic output supports review planning 
while reducing risk of hallucinated 
citations. Follow-up prompts can build on 
keyword development, but manual 
verification of sources remains necessary. 

6.3 Designing a Search Strategy 
for a Scoping Review on 
Herbal Medicine 

“Make a search strategy for 
herbal medicine. ”

“Help develop a preliminary search strategy for a 
scoping review on the use of herbal medicines in 
managing type 2 diabetes. Provide relevant 
keywords, MeSH terms, Boolean operators, and 
database recommendations. Present this in a 
format suitable for PubMed. ”

Results include a usable draft search 
string. The researcher should adapt this 
with the support of an information 
specialist to ensure comprehensiveness 
and reproducibility across databases. 

6.4 Identifying Reporting 
Guidelines for a TCIM Trial 

“What reporting guideline 
should I use for an 
acupuncture trial? ”

“I am planning a randomized controlled trial on 
the effectiveness of acupuncture for generalized 
anxiety disorder. Please recommend a reporting 
guideline or extension suitable for 
non-pharmacologic treatments and briefly explain 
why it applies. ”

The revised prompt improves specificity, 
prompting accurate guideline suggestions 
and explanations. Researchers must still 
review guideline documents for proper 
application. 

6.5 Writing R Code for Statistical 
Analysis in a Herbal Trial 

“Give me R code for my 
trial. ”

“Please provide R code to conduct an independent 
samples t -test comparing changes in fasting blood 
glucose between treatment and control groups in a 
clinical trial of bitter melon for type 2 diabetes. 
Assume the data frame is called ‘herbal_data’ with 
variables ‘group’ and ‘glucose_change’. ”

Code is functional and tailored. 
Researchers must verify its correctness, 
test it on sample data, and understand the 
statistical assumptions involved. 

6.6 Generating Initial Themes for 
a Study on Mind-Body 
Therapies 

“What themes come up in 
studies on yoga for pain? ”

“Based on interview data from adults with chronic 
pain who use yoga, suggest initial themes and 
subthemes for a thematic analysis. Consider both 
physical and psychological dimensions, such as 
perceived pain relief, emotional regulation, 
self-efficacy, and spiritual growth. ”

Refined prompts produce richer thematic 
structures. Outputs may inspire coding 
frameworks but must be grounded in 
actual data and cultural context. 

6.7 Drafting a Lay Summary on 
Ayurveda 

“Summarize our Ayurveda 
paper in plain language. ”

“Draft a 200-word plain-language summary of a 
clinical study examining Ayurvedic herbs for 
anxiety. Write at an eighth-grade reading level, 
using simple vocabulary. Avoid making treatment 
claims and include a disclaimer recommending 
consultation with healthcare professionals. ”

The output improves in tone and clarity. 
Researchers should edit for accuracy, 
remove potential bias, and verify 
accessibility. 

6.8 Brainstorming 
Implementation Strategies 
for a TCIM Intervention 

“How can I implement this 
intervention in rural areas? ”

“I am planning to implement a validated 
traditional Chinese medicine intervention for 
hypertension in rural primary care settings in 
India. Suggest implementation strategies using the 
CFIR framework, and identify potential barriers 
and facilitators related to provider training, 
patient acceptability, and infrastructure. ”

Tailored strategies align with 
implementation frameworks. Researchers 
must validate them through stakeholder 
input and site-specific planning. 
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ystematic and scoping reviews, especially for brainstorming and gener-
ting preliminary strategies. However, the responsibility for conducting
 transparent, reproducible, and rigorous review process remains firmly
ith the researcher. 

.4. Research methodology, reporting guidelines, and critical appraisal 

While GenAI chatbots show potential to assist researchers with re-
earch methodology, reporting guidelines, and critical appraisal, there is
urrently a paucity of published evidence evaluating their effectiveness
or these purposes. In practice, the most reliable contribution GenAI
hatbots can offer in this domain is to help researchers identify po-
entially relevant methodological frameworks, reporting standards, and
ppraisal tools based on a study’s aims, design, or topic area. GenAI
hatbots can also help researchers, especially those with little or no
rior knowledge of reporting guidelines, by identifying relevant guide-
ines and summarizing their purpose, scope, and methodological un-
erpinnings in accessible terms. Some key examples include the Con-
olidated Standards of Reporting Trials (CONSORT) guideline for ran-
4

omized controlled trials, 54 the Preferred Reporting Items for System-
tic Reviews and Meta-Analyses (PRISMA) guideline for systematic re-
iews and meta-analyses, 55 and the Strengthening the Reporting of Ob-
ervational Studies in Epidemiology (STROBE) guideline for observa-
ional studies. 56 This function may be particularly helpful in TCIM,
here interventions often involve complex, context-dependent, and cul-

urally rooted elements, and require the use of TCIM-specific reporting
uidelines or guideline extensions. 57 , 58 For example, a GenAI chatbot
ight suggest the CONSORT extension for non-pharmacologic treat-
ents when planning a randomized controlled trial of acupuncture,

r identify the PRISMA extension for a systematic review of herbal
herapies. 59 Similarly, when seeking appraisal tools, a GenAI chatbot
ight point researchers to resources such as the Joanna Briggs Insti-

ute (JBI) Critical Appraisal Tools, 60 the Critical Appraisal Skills Pro-
ramme’s (CASP) checklists, 61 and the Oxford Centre for Evidence-
ased Medicine’s (CEBM) critical appraisal tools. 62 Researchers should
onetheless have some working knowledge of the reporting guidelines
r critical appraisal tools they are using, in order to assess the rele-
ance and accuracy of any GenAI chatbot-generated suggestions. GenAI
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hatbots are not substitutes for critical thinking; their outputs should
e treated as starting points for exploration, not definitive answers.
o avoid misinformation or inappropriate application, researchers must
ritically evaluate all GenAI chatbot-generated content and verify it us-
ng reliable, authoritative sources. 

.5. Quantitative analysis 

In quantitative TCIM research, GenAI chatbots may support re-
earchers in identifying and learning about different statistical methods
nd software. For those with limited statistical background, GenAI chat-
ots can help by suggesting common analytic techniques, explaining ba-
ic concepts, or introducing software options that they may be unaware
f, such as R, Python, SPSS, or STATA. This can be especially helpful in
arly stages of research, when a user is trying to select appropriate tools
r learn about methods they were previously unaware of. 63 For example,
 GenAI chatbot might describe when to use non-parametric tests like
he Mann-Whitney U test or introduce generalized linear models for non-
ormal outcomes. For more statistically experienced researchers, GenAI
hatbots may also assist in drafting or debugging code for specific ana-
ytical procedures. For instance, users might request help generating R
r Python code to run chi-square tests, clean missing data in an acupunc-
ure dataset, or visualize repeated measures data from an integrative
edicine trial. 64-66 When used carefully, this support can reduce the

ime spent on routine tasks or troubleshooting syntax errors. However,
urrent evidence suggests that caution is warranted when using GenAI
hatbots for statistical analysis. Studies have shown that GenAI chatbot-
enerated code or statistical guidance can contain subtle errors, use in-
ppropriate tests, or rely on flawed assumptions, especially if prompts
ack sufficient context. 66-69 This makes GenAI outputs potentially mis-
eading if accepted uncritically. Therefore, any GenAI chatbot-generated
tatistical content should be treated as a starting point, not a final prod-
ct. All outputs must be reviewed line-by-line, tested on actual datasets,
nd validated against authoritative sources such as method papers, text-
ooks, or expert consultation. 65 , 66 , 69 Ultimately, while GenAI chatbots
an assist in demystifying quantitative methods and improving work-
ow efficiency, final decisions about analysis and interpretation must
est with the research team. Critical thinking, domain-specific judgment,
nd a strong understanding of the data and research context remain in-
ispensable. 

.6. Qualitative research 

Qualitative methods are indispensable in TCIM research, offering in-
ight into patient experiences, practitioner perspectives, and cultural
arratives that are often not captured through quantitative approaches.
enAI chatbots can be leveraged to support various stages of qualitative

esearch, particularly during early planning and design phases. 70 For
xample, researchers can prompt a GenAI chatbot to help develop semi-
tructured interview or focus group guides. By specifying the population
e.g., patients using herbal medicine for menopause), intervention (e.g.,
yurveda), and research aim (e.g., exploring treatment perceptions),
sers can generate tailored open-ended questions grounded in qualita-
ive best practices. 42 , 71 In the data analysis phase, GenAI chatbots may
e prompted to provide guidance on thematic analysis, grounded the-
ry, or framework analysis. 72-74 For instance, a user can request exam-
les of initial codes for a dataset on acupuncture use in chronic fatigue
yndrome or ask for potential coding schemes based on known theoret-
cal frameworks. However, while these tools may facilitate the logistics
f qualitative work, they cannot replicate the interpretive and reflex-
ve depth required for rigorous analysis. GenAI chatbot-generated cod-
ng suggestions or thematic groupings should never substitute for close
eading of transcripts, deep immersion in the data, or engagement with
he cultural and theoretical context of the research. 72 , 73 , 75–77 Moreover,
here is a risk that GenAI chatbot-generated materials may inadvertently
5

erpetuate stereotypes or overlook subtle forms of meaning. 73 , 78 Re-
earchers must therefore critically assess GenAI chatbot contributions,
rawing on their own expertise and ethical commitment to participant
epresentation. 

.7. Writing and dissemination 

GenAI chatbots can assist with the writing and dissemination of
CIM research findings across various platforms and audiences. Extreme
aution should be taken when researchers use GenAI chatbots to help
raft any portion of a manuscript for journal submission or an abstract
or conference submission. While these tools can enhance efficiency
nd spark new ideas, researchers must apply critical thinking to assess
he accuracy, appropriateness, and scientific rigour of any AI chatbot-
enerated content. 79 A cross-sectional audit of 162 scientific, technical,
nd medical publishers found that none allowed GenAI chatbots to be
redited as authors on submitted manuscripts. 15 This policy reflects a
ore principle of scholarly publishing: authorship implies accountabil-
ty, and GenAI chatbots are incapable of assuming ethical, legal, or in-
ellectual responsibility for research outputs. 17 , 80 Researchers may also
se GenAI chatbots to write cover letters, or generate lay summaries for
ublic-facing materials, among other information relevant to scientific
ommunication. 81-83 In addition, GenAI chatbots can help reframe study
esults for different audiences by adjusting tone, vocabulary, or struc-
ure, 84-86 for example, converting a technical description of a qigong
ntervention into a short plain-language summary suitable for a commu-
ity health bulletin. Researchers working in multilingual or intercultural
ettings may also find GenAI chatbots helpful for drafting content in dif-
erent languages or simplifying scientific language for public consump-
ion. 87-89 Importantly, GenAI chatbots can support the creation of social
edia content to extend the reach of research findings. Researchers may
rompt a GenAI chatbot to generate content for posts on platforms like
witter/X, LinkedIn, or Instagram, such as threads, hashtags, or captions
ummarizing key findings of a TCIM study in engaging, accessible ways.
his can be particularly valuable in resource-limited settings or for early-
areer researchers with limited science communication support. Social
edia content, in particular, poses unique risks given its brevity, visibil-

ty, and potential for misinterpretation. 90 , 91 Currently, there is limited
cholarly literature offering guidance on how researchers can use GenAI
hatbots to create social media content. 

Regardless of the context, whenever GenAI chatbots are used to gen-
rate content intended for publication or public dissemination, their out-
uts should be treated as preliminary drafts rather than final versions.
ll content must be carefully reviewed, verified against the original re-
earch, and thoughtfully proofread and accordingly revised before shar-
ng. Used responsibly, GenAI chatbots can streamline the writing and
issemination process. 92 However, researchers remain ultimately ac-
ountable for ensuring that all outputs, whether in journals, conference
roceedings, press releases, or social media, are accurate, ethical, and
ontextually appropriate. Overreliance on GenAI chatbot-generated con-
ent without proper oversight can lead to the unintentional inclusion of
actual errors, fabricated references, culturally inappropriate language,
r otherwise misinterpretations of evidence. 30 , 82 , 93 , 94 Such oversights
ay undermine the credibility of the research, jeopardize publication,

nd erode trust in both the individual researcher and the broader scien-
ific community. 95 

.8. Implementation 

Translating research findings into clinical, educational, or policy
ractice is essential to realizing the impact of TCIM research. Although
mplementation science in the context of AI has been explored across
arious health domains, there is limited evidence focused specifically
n GenAI chatbots in implementation efforts. 96-98 GenAI chatbots can
ssist researchers in brainstorming strategies, identifying potential bar-
iers and facilitators, and adapting interventions to specific settings. 99 
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or example, a GenAI chatbot might help generate ideas for incorporat-
ng a traditional herbal therapy into primary care or tailoring a mind-
ulness intervention for rural health clinics. GenAI chatbots may also
elp draft logic models, develop implementation plans, or recommend
rameworks such as the Consolidated Framework for Implementation
esearch (CFIR) 100 , 101 or the Reach, Efficacy, Adoption, Implementa-

ion, and Maintenance (RE-AIM) Model, 102 , 103 assuming the user has
ome familiarity with these tools. In educational contexts, GenAI chat-
ots can aid in preparing training materials or suggesting ways to inte-
rate findings into professional development programs. 13 , 104 For policy
mplementation, GenAI chatbots can help draft preliminary summaries
r frame messages aligned with health priorities. 105 Nevertheless, re-
earchers must be cautious. GenAI chatbots do not possess contextual
wareness of logistical, sociocultural, or resource-specific factors that
re critical to implementation success. 99 Their outputs must be eval-
ated and refined through stakeholder consultation and expert input.
hile useful for early planning, GenAI chatbots cannot replace the nu-

nced, interdisciplinary expertise required to translate evidence into
ractice. Responsibility for customizing and executing implementation
trategies ultimately rests with the researcher. 

. Limitations and challenges 

GenAI chatbots show promise for supporting TCIM research, but
heir use comes with limitations. A key concern is the generation of hal-
ucinations, responses that sound plausible but are factually incorrect or
abricated. 106 , 107 In health research, this may involve misrepresented
ndings, false citations, or inaccurate literature summaries. 26-28 , 93 For
CIM, where evidence can be limited or contested, such inaccuracies
ay inadvertently promote misinformation. Biases in GenAI chatbot

raining data also pose challenges. Most LLMs are developed using gen-
ral internet and scientific text, which often reflect dominant biomedi-
al paradigms. 108-111 As a result, TCIM practices may be misrepresented
r dismissed. For instance, a GenAI chatbot may label acupuncture or
erbal medicine as lacking evidence without considering the condition
r context. 43-46 Ethical and epistemological issues also arise. Poorly
esigned prompts can reinforce stereotypes or oversimplify complex
CIM concepts. 47 Researchers should construct prompts that emphasize
ultural sensitivity, accuracy, and nuance. 44-46 Output quality depends
eavily on prompt clarity. Ambiguous or poorly structured prompts of-
en yield vague or unhelpful results. 6 , 31 , 32 , 39–41 TCIM research often
equires careful use of culturally specific terminology and interdisci-
linary framing, which may be difficult for inexperienced users of GenAI
hatbots. 

Transparency is essential when using GenAI chatbots in scholarly
ork, in light of ethical and legal risks. Any AI-generated content that

ontributes to manuscripts or interpretations should be disclosed, in line
ith ethical publishing standards. 15 , 17 , 112 To date, numerous reporting
uidelines have been developed to assist authors who use GenAI chat-
ots in their research across preclinical, translational, and clinical set-
ings, 113 , 114 while others are undergoing development 115 ; as such, it
an be expected that TCIM-specific extensions may also be constructed
n the future. 59 A major gap is the absence of strong regulatory frame-
orks governing AI use in medicine, including TCIM. 80 , 116 , 117 Issues

uch as informed consent, responsible disclosure, and safeguarding cul-
ural knowledge require more attention. GenAI-assisted data analysis
aises further concerns regarding privacy, especially when working with
ensitive or identifiable information. Uploading such data to GenAI plat-
orms may violate confidentiality and consent agreements, and even de-
dentified data could carry re-identification risks. Submitting data to
hird-party GenAI services may breach laws such as the General Data
rotection Regulation (GDPR) or the Health Insurance Portability and
ccountability Act (HIPAA). 80 , 118 , 119 This may also violate institutional
eview board (IRB) approvals, intellectual property agreements, or con-
ractual terms. 120 , 121 Without clear oversight, the integrity of TCIM
cholarship may be at risk. 43-46 
6

. Conclusion 

This guide highlights prompt engineering as a key skill for effec-
ively using GenAI chatbots in TCIM research. Well-crafted prompts that
re clear, structured, and culturally sensitive can improve the quality
nd relevance of AI-generated outputs across all stages of the TCIM re-
earch process. However, GenAI chatbots are not replacements for crit-
cal thinking or domain expertise. Their outputs should be treated as
rafts, verified against authoritative sources. While these tools can im-
rove efficiency, they also pose risks, such as the perpetuation of bias
nd misinformation. Responsible use requires ethical awareness, trans-
arent reporting of GenAI chatbot involvement, and a commitment to
cholarly and community standards. Thoughtful integration of GenAI
hatbot use has the potential to strengthen scientific rigour and foster
nnovation across TCIM research. 
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