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Abstract

Objective: Researchers in otolaryngology-head and neck surgery (OHNS) have sought to explore 

the potential of large language models (LLMs), but many publications do not include crucial 

information, such as prompting approach and model parameters. This has substantial implications 

for reproducibility, since LLMs can generate different output based on differences in “prompt 

engineering.” We aimed to critically review methodological reporting and quality of LLM-focused 

literature in OHNS.

Data Sources: Databases were searched in October 2024, including PubMed, Embase, Web of 

Science, ISCA Archive, IEEE Xplore, arXiv, medRxiv, and engRxiv.

Review Methods: Abstract and full text review, as well as data extraction, were performed by 

two independent reviewers. All primary studies using LLMs within OHNS were included.

Results: From 925 abstracts retrieved, 117 were included. All studies used ChatGPT, with 

a minority (16.2%) including additional LLMs. Only 46.2% published direct quotations of all 

prompts. While the majority (76.9%) reported the number of prompts, only 6.8% rationalized 

this number, while 23.9% reported the number of runs per prompt. Most publications (73.5%) 

provided some description of prompt development, though only 11.1% explicitly described why 

specific decisions in prompt design were made, and only 6.0% reported prompt testing. There was 

no evidence that quality of methodology reporting was improving over time.

Conclusion: LLM-focused literature in OHNS, while exploring many potentially fruitful 

avenues, demonstrates variable completeness in methodological reporting. This severely limits 

the generalizability of these studies and suggests that best practices could be further disseminated 

and enforced by researchers and journals.
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INTRODUCTION

Since the release of ChatGPT to the public in 2022, interest in artificial intelligence (AI), 

machine learning (ML), and specifically large language models (LLMs) has skyrocketed. 

The healthcare sector has been no exception, with countless use cases being devised and 

theorized.1–4 Within otolaryngology-head and neck surgery (OHNS), investigations into the 

efficacy and utility of LLMs have likewise proliferated rapidly, with reports focused on 

diagnosis, clinical decision making, writing skills, and test-taking abilities, to name just a 

few.5,6

However, additional scholarship has delineated that different LLMs, and even seemingly 

similar queries to a given LLM, are not equivalent. Firstly, LLMs can be fine-tuned – 

i.e. additional training data can be incorporated – to conform to a specific task. LLM 

responses can also be affected by subtle changes in the prompt given to the model; this has 

given rise to “prompt engineering,” or the design of prompts to optimize desired output.7 

Many studies have extensively documented the wide variability in LLMs’ ability to answer 

biomedical and clinical questions based on different prompting strategies.8–12 A recent 

investigation additionally recommended running prompts multiple times, as this can uncover 

inconsistencies in LLM responses that one-time prompting will often miss.13

What follows from the reliance of LLMs on prompting is a potential lack of generalizability 

of LLM-focused studies: two investigations assessing similar clinical abilities of the same 

LLM could find markedly different results based solely on their prompting strategies. There 

are also implications for reproducibility – the ability of individuals outside the original 

research team to independently arrive at similar findings with the same methodology and 

data.14 With the recent introduction of reasoning models, prompting recommendations 

between models now vary significantly.15,16 This necessitates rigorous, transparent and 

standardized reporting of methodology in studies querying LLMs. Unfortunately, these 

practices are not uniform in LLM-focused research at large.7 This leads to potential 

misperceptions of LLMs’ abilities, which, when implications regarding healthcare are 

raised, can have significant ethical repercussions.17 Additional ethical concerns – such as 

patient privacy and algorithmic bias – also necessitate careful approaches within research 

using LLMs, though these concepts are often not represented in existing publications.4

These factors have led to the development of consensus statements recommending reporting 

criteria, such as TRIPOD-LLM and the DEAL-B checklist.18,19 These criteria include 

not only a complete description of the LLM being used, but also details about prompt 

development and fine-tuning, evaluation of output, use of patient-specific data, and 

discussion of ethical issues such as bias. However, while overall LLM use within OHNS 

research has been well-catalogued by recent scoping reviews, these publications have not 

assessed methodology or methodological reporting.5,6

Alter et al. Page 2

Laryngoscope. Author manuscript; available in PMC 2025 December 23.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Given the known profound impacts of different methodological approaches to LLMs, as well 

as the uneven compliance with recommendations regarding descriptions of methodology in 

biomedical research at large, we sought to undertake a scoping review of LLM-focused 

literature within OHNS, to assess quality and consistency of methodology reporting and to 

evaluate reproducibility of the findings within LLM research in our specialty.

METHODS

This review was reported in accordance with the Preferred Reporting Items for 

Systematic Reviews and Meta-Analyses extension for Scoping Reviews (PRISM-

ScR) checklist.20 The review protocol was delineated in advance and made 

available on October 7, 2024 on Open Science Framework (https://osf.io/pzyec/?

view_only=e55078e6f3414545be942ad872adfd7c).

Search Strategy

A search strategy was devised in collaboration with a scholarly medical librarian, combining 

keywords encompassing both OHNS and LLMs. Searches were run on October 19, 2024, 

in Pubmed, Embase, Web of Science, ISCA Archive, and IEEE Xplore, as well as gray 

literature sources including engrXiv, arXiv, and medrXiv. Full search strategies are available 

in Appendix 1. Search results were limited to publications released after November 2022, 

when ChatGPT first became publicly available.

In order to reflect more recently published literature in this field, identical search terms were 

used to search for publications within June of 2025.

Study Selection

All primary studies within OHNS using LLMs were included, regardless of application or 

methodology. Studies without a full text available in English were excluded. In addition, 

non-primary literature such as reviews and commentaries were excluded. In the format of 

a PICOS statement, we included studies involving any participants (or no participants), 

examining the use of LLMs, with no necessary comparison, evaluating any chosen outcome 

regarding the LLM’s performance, and with no restriction on study design. Search results 

were collected in EndNote reference manager and subsequently uploaded to Covidence 

screening software; duplicates were automatically removed. All abstracts were screened 

independently by two reviewers (I.L.A. and K.C.). Full texts of eligible studies were 

independently reviewed by the same researchers. Disagreements between reviewers were 

resolved by consensus, or by consultation with the senior author (A.R.). Inter-rater reliability 

for both the abstract and full text phases was calculated via Cohen’s Kappa.

Data Extraction

A data extraction template was created by the entire research team, and was tested iteratively 

to ensure consistent data capture. The variables extracted and their definitions are listed in 

Appendix 2. Extraction was carried out by two independent reviewers (I.L.A. and K.C.) 

in Covidence, with discrepancies resolved via consensus; data was subsequently exported 

Alter et al. Page 3

Laryngoscope. Author manuscript; available in PMC 2025 December 23.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript

https://osf.io/pzyec/?view_only=e55078e6f3414545be942ad872adfd7c
https://osf.io/pzyec/?view_only=e55078e6f3414545be942ad872adfd7c


to Microsoft Excel. Descriptive statistics were calculated to determine what proportion of 

included studies reported particular methodological details.

RESULTS

After removal of duplicates, 925 unique studies were captured by the literature search. 

Full texts were reviewed for 157 publications; 40 were ultimately excluded, yielding 

117 studies deemed appropriate for inclusion. Cohen’s Kappa for the abstract and full 

text screening were 0.84 and 0.78, respectively, corresponding to “near-perfect” and 

“substantial” agreement. Study selection is summarized via a PRISMA flow diagram in 

Figure 1. Included studies are listed in Supplemental Table 1, and full citations are included 

in Appendix 3. Recent reviews have already robustly catalogued the prevalence and primary 

applications of LLMs within OHNS and other fields, thus this basic information for 

our review’s included studies is included in Appendix 4 and additionally summarized in 

Supplemental Figure 1 and Supplemental Figure 2.6,21,22 The results of the additional search 

for publications from June 2025 are summarized in Appendix 5 and Supplemental Table 2 

and compiled as citations in Appendix 6; the results reported herein reflect only the initial 

search.

Reporting on LLM Name, Version, and Parameters

All of the 117 included studies used a form of ChatGPT. Nineteen publications (16.2%) 

compared GPT with other LLMs such as Google’s Gemini (previously known as Bard) 

(15/117, 12.8%), Claude (3/117, 2.6%), or Meta’s Llama (3/117, 2.6%). Other LLMs 

appearing in one publication each were Mistral, Bing (now renamed Copilot), WebMD 

Symptom Checker, Perplexity AI, PaLM2, and MedPaLM. Eighteen studies (18.4%) 

compared different versions of ChatGPT, such as GPT-3.5 and GPT-4.0; of note, three used 

GPT-4 with vision (GPT-4V), which includes a “computer vision” component to analyze 

image inputs as well as text. These results are summarized in Figure 2A. Most studies used 

only one LLM (86/117, 73.5%), while 21 (17.9%) compared two LLMs. Six publications 

(5.1%) compared three LLMs, and two studies (1.8%) each compared four and five LLMs, 

respectively (Figure 2B).

Only 54 publications (46.2%) reported the date of LLM use, while 46 (39.3%) reported 

their method of accessing the LLM (i.e. via website, custom Application Programming 

Interface (API), etc.). Three studies (2.6%) used custom APIs. Four publications (3.4%) 

reported adjusting the baseline parameters of the LLM (such as temperature), while an 

additional six (5.1%) reported making no such alterations; the remaining 107 (91.5%) did 

not specify whether they were using default settings or making changes to LLM parameters. 

Three studies (2.6%) incorporated external data for fine-tuning, while two (1.7%) provided 

external data to the LLM via retrieval-augmented generation; all others presumably assessed 

LLMs’ existing “knowledge,” based on the training data already incorporated in their 

creation, though only six studies (5.1%) made specific mention of having not performed 

fine-tuning. Zero studies reported the number of tokens used by their LLM queries.
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Prompt Methodology Reporting

Fewer than half of all studies (54/117, 46.2%) published direct quotations of all prompts; an 

additional 31 (26.5%) quoted one or a subset of prompts, while 32 (27.4%) only summarized 

the content of their prompts (Figure 3A). The majority of studies (90/117, 76.9%) reported 

the number of prompts used, with a mean (SD) of 148.2 (574.1) per study; number of 

prompts ranged from one to 4,666, with the largest subset of studies (66/117, 56.4%) using 

fewer than 50 prompts. The distribution of studies by number of prompts used is shown 

in Figure 3B. However, only eight studies (6.8%) provided a rationale for the number of 

prompts used, and among these, only two performed a power calculation to plan the number 

of prompts in advance.

Most publications (86/117, 73.5%) provided some description of how prompts were 

developed. However, the specificity of these descriptions was limited: only 13 studies 

(11.1%) gave explicit justifications of why specific decisions in prompt design were made 

(e.g. written from a patient perspective to assess symptom checker diagnostic accuracy). 

Fifty-six studies (47.8%) provided partial justification for such decisions, while 48 (41.0%) 

made no mention of their specific decision-making in prompt design. Strikingly, only seven 

studies (6.0%) reported using prompt testing or refinement, and only 28 (23.9%) explicitly 

reported the number of times each prompt was run.

Nine studies directly reported the number of accounts (7.7%) used to query the LLM(s), 

while 51 (43.6%) specified whether prompts were entered sequentially in the same chat 

window versus in separate chats.

Reporting of Data Evaluation

Eighty-two studies (70.1%) used no validated tool to assess LLM responses. Of the 

publications using validated scales, the most commonly employed (10/35, 28.6%) was the 

Patient Education Material Assessment Tool (PEMAT),23 followed by DISCERN (7/35, 

20%),24 and the Artificial Intelligence Performance Instrument (AIPI) (4/35, 11.4%).25 Most 

studies (71/117, 60.6%) reported the qualifications of the assessor of LLM output, and 

the majority of these (61/71, 85.9%) used board-certified otolaryngologists, sometimes in 

conjunction with other physicians, residents, or medical students. While 30 publications 

(25.6%) did not specify the number of assessors, among the remaining studies, four 

(4.6%) used one assessor, 37 (42.5%) used two, and 46 (52.9%) used more than two. 40 

publications (34.2%) conducted an interrater reliability assessment.

Governance Considerations Reporting

Sixteen publications (13.6%) discussed the level of transparency or explainability of LLMs, 

while 40 (34.2%) acknowledged other potential ethical or governance issues surrounding 

LLM use, such as algorithmic bias or patient privacy. However, only one study actively 

tested LLMs for bias. Twenty-eight studies (23.9%) used patient data, though five of 

these pulled data from public sources such as social media posts including Reddit, Yahoo 

Answers, or Facebook. Of the remaining 23, 14 (60.8%) reported having obtained informed 

consent from participants; all of the studies not reporting informed consent took place 

outside the United States, largely from Europe. No included studies used facial or vocal 
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patient identifiers, and none mentioned strategies for using LLMs in a way that would 

allow for safe use of protected health information (such as integration with an electronic 

health record). Many studies reported anonymizing patient data, but did not specify what 

potentially identifying data was removed prior to LLM input.

DISCUSSION

In this scoping review, we have catalogued the methodology used in LLM research within 

OHNS literature and aimed to describe the quality, consistency and transparency of reporting 

to assess reproducibility. To the authors’ knowledge, this manuscript represents the first 

scoping review to assess LLM methodology within OHNS. As the use of LLMs has 

skyrocketed both in the world at large and in OHNS research, a description of the current 

state of scholarship in this area is ever more important to ensure quality of research. 

Furthermore, since LLMs have introduced a previously untapped – and rapidly evolving 

– avenue for research, many studies have been published in the relative absence of 

standardized reporting guidelines, necessitating a thorough understanding of the quality of 

these investigations. Our review found marked variability in completeness of methodological 

reporting, with the vast majority of studies omitting key factors, especially with regards to 

description of LLM prompting strategies.

For example, fewer than half of the reviewed publications reported the date of LLM use; this 

is notable because LLM performance on identical tasks can vary over time.26 In addition, 

very few studies reported adjusting model parameters or employing fine-tuning techniques 

to improve LLMs’ performance. Because fine-tuning can have significant impacts on LLMs’ 

abilities to answer medical questions or accomplish tasks27–29 – especially in a field such 

as OHNS with highly specific knowledge – not only is the use of fine-tuning more likely to 

maximize clinical applicability, but also the absence of specifying whether fine-tuning has 

taken place leads to significant questions about the generalizability of a study’s results.

Relatedly, although most studies reported the number of prompts used, fewer than half 

published direct quotations of all prompts. Furthermore, a very small minority provided 

any rationale for the number of prompts used, such as performing a power calculation 

or otherwise justifying sample size, explicitly describing resource constraints limiting the 

number of prompts, or reporting reaching a point of saturation. Perhaps most strikingly, 

however, was that almost 90% of studies failed to provide a specific rationale for why 

prompts were written a particular way, and only 6% performed any kind of prompt 

testing or refinement. It is difficult to overstate the importance of prompting strategies 

in determining LLM outputs; some studies suggest that prompt engineering alone can be 

more productive than fine-tuning (which can often be time-consuming and/or expensive) 

for medical applications of LLMs.11,30 Even aspects as seemingly trivial as formatting can 

affect prompt outputs, necessitating the sharing of direct quotes or screenshots of prompts to 

ensure reproducibility.31 In addition, one publication found that careful attention to prompt 

design and iteration could reduce major LLM hallucinations by 75%.32 Thus, in the absence 

of precise reporting around the prompts used, the ways in which they were entered, and the 

decisions surrounding their development, the generalizability of studies employing LLMs 

within OHNS is thrown into question.
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It is important to note that there is no evidence that the quality of reporting is improving 

over time; for example, of the 86 of our included studies published by June 2024, 43 

(50%) included direct quotations of all prompts, compared with 11/31 (35.4%) of studies 

published since July 2024. The emergence of TRIPOD-LLM and DEAL-B as standardized 

frameworks for reporting LLM studies not only highlights the importance of publishing this 

information, but also provides easy-to-implement checklists for investigators carrying out 

such studies, potentially laying the groundwork for improved reporting in the future, since 

all included studies from the initial search were published prior to these formal reporting 

recommendations.18,19 However, the repeated search gathering studies published in June 

2025 failed to show significant improvement; fewer than half of these studies provided 

direct quotations of all prompts, and only small minorities justified prompt design decisions, 

performed prompt testing or refinement, or rationalized the number of prompts used.

Several key concepts underpin most prompt engineering strategies. The first is the use 

of zero-shot, one-shot, or few-shot prompts – namely, giving the LLM zero, one, or 

multiple examples of an ideal output in the prompt.11 Chain-of-thought prompting is 

another technique which specifically asks the LLM to perform tasks in a step-by-step 

fashion or explain its reasoning, while a related strategy known as heuristic prompting 

includes pre-defined rules in the prompt to aid the LLM in decision-making.8 Some 

comparisons of prompting strategies have found that zero-shot prompting was more likely to 

be successful for basic tasks, while unfamiliar questions or inputs requiring domain-specific 

knowledge often required few-shot prompts to maximize efficacy.9,10 However, other studies 

have suggested that optimal prompt strategies vary significantly between different LLMs 

and specific clinical applications.8 A potential difficulty with few-shot prompting is the 

requirement for additional tokens, or units of data used to process text; not only does this 

increase cost for paid versions of LLMs, but some studies also suggest that increased token 

counts are associated with worse performance.10,11

Additional “best-practice” prompt design tools include asking questions as specifically as 

possible, directly describing the LLM’s role (also known as the “Persona Pattern,”), and 

testing and refining prompts until desired outputs are achieved.33 It is important to note 

that beyond prompt engineering, additional factors – such as utilizing the LLM’s “memory” 

by asking questions asked in the same session, or adjusting model parameters such as 

temperature (a measure of randomness or “creativity”) – can also significantly influence 

LLMs’ outputs.33,34

It is also important to note that relatively few studies explicitly discussed governance 

concerns surrounding LLMs, such as algorithmic bias and patient privacy. This is 

particularly important given that 65% of U.S. hospitals use AI and predictive models, 

though only 44% evaluate these models for bias.35 In addition, while only a minority of 

reviewed publications entered patient data into LLMs, some of these studies did not report 

obtaining informed consent from individuals whose data was used. While evaluating LLMs’ 

abilities to provide accurate patient-facing information within OHNS has its value, LLMs 

can also make real provider-facing contributions to clinical workflows, such as extraction 

and summarization of electronic health record data,36 writing notes,37 and providing clinical 

decision-making support.38 However, robust studies have demonstrated persistent biases 
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against minoritized or disadvantaged groups (such as Black, unhoused or LGBTQIA+ 

individuals) when LLMs are asked to provide healthcare recommendations.39 It is thus 

crucial that investigators of LLMs within OHNS carefully consider concerns around ethics 

and privacy in order to advance our field and leverage the capabilities of LLMs to better 

serve patients.

Despite the important contributions of this review, there are relevant limitations to discuss. 

Firstly, given the nature of this manuscript as a scoping review, analysis of the results of 

the included studies is not within our purview, and we can thus not make any summative 

claims about the overall efficacy of LLMs in achieving the tasks set by OHNS researchers. 

In addition, certain classifications in our data extraction cannot be universally applied to 

all LLM studies; for example, LLM pipelines that use chain-of-thought techniques cannot 

be easily described in terms of the number of runs per prompt. Furthermore, as previously 

noted, the rate of publication – and of change – within the field of LLM research is 

incredibly rapid; thus, recently published studies from November 2024 to the present are 

not included in this review, limiting our ability to comment on potential improvements over 

time in methodological reporting quality. Importantly, despite the fact that prior standards 

for reporting in AI research predate the vast majority of LLM-focused OHNS research,40 

the most up-to-date recommendations regarding methodology reporting in LLM research 

– such as the aforementioned TRIPOD-LLM18 and DEAL-B19 – have been released after 

the publication of the studies included in the initial search for this review, and thus it 

could be supposed that the quality of reporting in our field has improved in recent months. 

We sought to address these limitations by performing an additional search cataloguing 

publications from June 2025, but we acknowledge that this provides only a snapshot of 

potential evolution in manuscript reporting. It is also important to note that despite basic 

comparisons to assess potential changes in quality of reporting over time, our methodology 

does not allow for more in-depth or definitive longitudinal analysis, and future studies could 

seek to more robustly address whether methodology reporting is improving in our field.

It is the authors’ hope that illuminating the variability and shortcomings of methodology 

reporting in LLM research in our field can serve as a call to action for investigators and 

journals alike to strive for consistent, uniform, and reliable reporting in future studies, 

allowing for a higher-quality and more clearly generalizable evidence base.

CONCLUSIONS

In this scoping review, we have provided the first robust catalogue of LLM methodology 

in OHNS with a focus on reproducibility. Reporting of methodology in accessing and 

prompting LLMs is variable and frequently poor, leading to substantial questions regarding 

the generalizability of the vast majority of the reviewed studies. Careful attention by 

researchers and journals within OHNS towards higher standards in methodology reporting 

will be crucial to ensure reproducibility, strengthen the evidence base surrounding LLMs in 

OHNS and to eventually leverage these tools for patient benefit.
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Figure 1. 
Preferred Reporting Items for Systematic Reviews and Meta-Analyses extension for Scoping 

Reviews (PRISM-ScR) Flow Diagram.
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Figure 2. 
Graphs showing a) number of included studies using each LLM and b) percentage of studies 

using or comparing a given number of LLMs.
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Figure 3. 
Graphs showing a) degree of reporting of large language model prompts and b) number of 

studies using different numbers of prompts.
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