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Abstract

Background/Objectives: Artificial intelligence (AI) tools are used in clinical education and
patient communication. Concordance with American Academy of Otolaryngology–Head
and Neck Surgery Foundation clinical practice guidelines (CPG) and overall readability
remain poorly defined. Methods: Over 2 months, ChatGPT, Google Gemini, and Google
Search AI were queried using a single LF prompt and a layered set of sub-questions.
Responses were scored with a 12-point rubric from the CPG plain-language tonsillectomy
guideline. Readability was assessed using Flesch Reading Ease (FRE) and Flesch-Kincaid
Grade Level (FKGL). Temporal trends and between-group differences were analyzed using
regression and repeated-measures methods. Results: Layered prompts demonstrated
greater alignment with guideline subtopics than LF (89.5% vs. 71.4%, p < 0.001). For LF
queries, mean concordance was 74.5% (95% CI 72.0–77.0) for Google AI, 71.3% (68.9–73.7)
for Gemini, and 68.4% (66.0–70.9) for ChatGPT. Overall, Google AI outperformed Gemini
and ChatGPT on pairwise comparisons (p = 0.001). Google AI demonstrated improvement
in concordance (slope = 0.03, p = 0.003), while Gemini showed no change (p > 0.05) and
ChatGPT worsened over time (slope = −0.03, p < 0.001). Readability differed by strategy and
model. Layered prompts produced more accessible text (FKGL 44.6, FRE 10.3) compared
with LF outputs (FKGL 35.2, FRE 11.3) and the CPG (FKGL 10.6, FRE 41.7). IRR was
high (ICC = 0.96). Conclusions: Model type and prompt structure shaped the quality of
AI-generated tonsillectomy guidance. Google AI consistently outperformed ChatGPT, with
Gemini intermediate, and uniquely showed temporal improvement. Layered prompting
produced more CPG-aligned and readable responses across all models. Readability was
consistently above a 7th grade level.

Keywords: tonsillectomy; large language models; artificial intelligence; patient education;
prompt engineering; clinical practice guidelines

1. Introduction
Digital technologies have become integral to modern healthcare delivery, supporting

physicians in clinical decision-making, documentation, and patient communication, while
simultaneously expanding access to medical information for patients and caregivers. As
these technologies become embedded in clinical practice, they are increasingly adopted by
patients as well, reflecting a growing perception that medical information once limited to
clinicians is now accessible to the public. While broader access to medical information is
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beneficial, understanding the accuracy of these resources is essential to guide physicians in
counseling patients and recommending reliable sources.

Large language models (LLMs) are trained on expansive datasets to generate human-
like text responses to user prompts by referencing large bodies of text, often derived from
the internet or other large databases [1]. These responses are generated as probabilistic
sequences of words informed by training data and guided by the structure of the input
prompt [2]. As a result of this probabilistic framework, LLM outputs may contain internal
inconsistencies or present inaccurate information with apparent confidence [3,4].

Since the advent of ChatGPT in November 2022, LLMs have rapidly expanded into
education, business, and healthcare settings, with claims of improved efficiency and acces-
sibility [5]. These models have demonstrated notable performance benchmarks, including
achieving passing scores on the United States Medical Licensing Examination [6] and
performing at or near human levels on sample otolaryngology board examinations ad-
ministered by the Royal College of Physicians and Surgeons of Canada [7,8]. While such
findings offer reassurance regarding technical competency, the accuracy and appropri-
ateness of LLM-generated information for patient-facing use remains inconsistent across
studies [9].

Despite growing public reliance on LLMs, limited research has examined their role in
patient decision-making within otolaryngology. One prior study evaluated postoperative in-
structions generated by ChatGPT and Google Search for common pediatric otolaryngology
procedures, including tympanostomy tube placement, tonsillectomy and adenoidectomy,
inferior turbinate reduction, tympanoplasty, cochlear implantation, neck mass resection,
microdirect laryngoscopy and bronchoscopy, and tongue-tie release [10]. However, this
analysis preceded the launch of Google Gemini in March 2023 and the integration of
AI-generated responses into Google Search.

Tonsillectomies are among the most frequently performed pediatric otolaryngologic
procedures, with approximately 289,000 annual cases in children under 15 years of age [11].
Caregivers commonly seek to understand why tonsillectomy is recommended, how the
procedure may affect their child, and the logistical and emotional burden surgery may place
on families. While these discussions ideally occur with an otolaryngologist, caregivers in-
creasingly turn to online resources during their personal time for supplemental information.
Although tonsillectomies offer well-established benefits, potential complications include
throat pain, postoperative nausea and vomiting, delayed oral intake, postoperative bleed-
ing, and, rarely, death are important to understand [12,13]. The gold-standard source for
patient-facing information on tonsillectomies is the Clinical Practice Guideline: Tonsillec-
tomy in Children, published in 2019 by the American Academy of Otolaryngology—Head
and Neck Surgery [14]. Particularly, the plain-language summary is written for patients
and caregivers to understand [14]. However, systematic comparisons of contemporary
AI-generated responses against this guideline have not yet been performed.

The purpose of this study is thus to evaluate how contemporary LLMs portray the bal-
ance between risks and benefits of tonsillectomy in patient-facing responses. Additionally,
we aim to assess the readability of these responses relative to established plain-language
guidelines, recognizing that effective patient communication requires not only accuracy
but also accessibility that clinicians are trained to do but AI might not be.

2. Materials and Methods
2.1. Study Design

A prospective comparative study was conducted to evaluate the performance of 3 free
and easily accessible artificial intelligence (AI) tools in the context of patient-oriented
questions about tonsillectomies: ChatGPT (v5.1, released 7 August 2025), Google Gemini
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(v3, released 14 May 2024), and Google AI (v2.5, released 18 November 2025). This non-
human-subjects research was determined to be exempt by the Institutional Review Board
(Pro2026000677). The 2019 AAO-HNS guidelines were chosen as the gold standard for
accuracy of outputs as they were developed by a task force selected for their expertise on
tonsillectomy management. The guidelines were accessed in September 2025. The “Plain
Language Summary: Tonsillectomy in Children” provides information about pediatric ton-
sillectomy and supporting discussions among patients, caregivers, and clinicians regarding
indications for surgery, available management options, and perioperative care. Questions
were derived from the subsections of these guidelines to form a long-form prompt (LF)
and layered-form prompt (YF) for entry into the AI tools. This study was conducted over
60 days, daily for the LF and weekly for the YF. All three tools were accessed through their
publicly available web interfaces rather than application programming interfaces (APIs).
Therefore, generation hyperparameters such as temperature, top_p, and max_tokens were
not user configurable or available for reporting. A new chat session in a private browser
window was initiated for each prompt administration to avoid prior conversational carry-
over. Publicly available interfaces may undergo unannounced model or system updates,
and their reported version labels and study dates describe the specific interfaces available
during the study. They do not guarantee exact reproducibility at later dates.

2.2. Prompt Construction

Each AI platform was queried using two distinct prompt strategies designed to reflect
common real-world information-seeking behaviors among parents and caregivers. The
prompts were developed by clinical providers based on questions commonly raised by
caregivers during pediatric tonsillectomy consultations. The long-form (LF) prompt con-
sisted of a single comprehensive free-text query incorporating common caregiver concerns:
“Why is my ENT recommending tonsillectomy? When and why should it be done? What
technique should they use? What are the pros and cons of each technique? What else
should I know about this procedure?”.

The YF was a structured series of eight sequential sub-questions, each targeting
a specific subtopic within tonsillectomy counseling: Why is my ENT recommending
tonsillectomy for my child?; When is the best age to do the surgery, and why?; What
could happen if we delay or don’t have the surgery?; What techniques are available for
tonsillectomy, and what are the pros and cons of each?; Which technique do you recommend
for my child?; What risks or complications should I be aware of?; How long will my child
need to stay in the hospital, and what should I expect at discharge?; What else should I
know before deciding?

Prompt wording was standardized across models and remained unchanged through-
out the study period to minimize variability attributable to prompt engineering rather than
model behavior.

2.3. Physician Scoring Rubric

All AI-generated responses were independently evaluated by two physician raters
using a standardized 12-point scoring rubric derived from the 2019 American Academy of
Otolaryngology—Head and Neck Surgery Foundation Clinical Practice Guideline for Ton-
sillectomy in Children. Responses were blinded to AI platform identity prior to evaluation.
Each physician independently assigned concordance scores according to the predefined
rubric criteria. Inter-rater reliability for total guideline concordance scores was assessed
using the intraclass correlation coefficient.

Model responses were evaluated against a 12-point scoring rubric derived from
the American Academy of Otolaryngology—Head and Neck Surgery Foundation plain-
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language tonsillectomy guideline, which served as the reference standard (Table A1). The
rubric evaluated key guideline subtopics relevant to patient education using domain-
specific scoring ranges (Table 1). Most domains were scored from 0 to 2, with 2 indicating
the closest alignment with guideline recommendations, 1 indicating incomplete align-
ment, and 0 indicating absent or discordant information. Four more narrowly defined
domains—length of stay and discharge criteria, postoperative care guidance, practical
implementation considerations, and transparent and reliable resources—were scored from
0 to 1 according to whether the specified information was adequately addressed. These
binary domains were intended to assess the presence of defined informational elements
rather than distinguish multiple degrees of completeness. Postoperative care guidance
was evaluated on a binary domain because omissions of critical safety information and
potentially dangerous recommendations were assessed in an additional safety table.

Table 1. Scoring Rubric against Tonsillectomy CPG.

Domain Max Points Scoring Criteria

Comprehensive
Diagnostic Assessment

(Diagnostic criteria)
2 0 = Content lacks evidence of a diagnostic

patient assessment.

1 = Partial or incomplete evidence of
diagnostic assessment.

2 = Comprehensive, well-documented diagnostic
patient assessment consistent with guideline criteria
including details on both infection and sleep apnea.

Comprehensive
Preoperative

Assessment (Risks,
Benefits,

Complications)

2 0 = No evidence of a thorough preoperative assessment.

1 = Partial evidence of a preoperative assessment
including some risks, benefits, and complications.

2 = Comprehensive, well-documented preoperative
patient assessment consistently discussing risks,
benefits, and complications as pros and cons of
a tonsillectomy.

Clarity on Surgical
Procedure 2 0 = Lacks clarity or omits essential procedural details.

1 = Partial clarity on the surgical procedure identifying
only one technique.

2 = Clear and detailed information on the surgical
procedure discussing both intracapsular and
extracapsular tonsillectomy.

Effective Risk
Mitigation Strategies 2 0 = No or insufficient coverage of

complication-mitigation strategies.

1 = Partial coverage of risk mitigation strategies.

2 = Comprehensive coverage of evidence-based
strategies to mitigate complications including details
about diet and hydration.

Length of Stay and
Discharge Criteria 1 0 = Inadequate or absent information on length of stay

or discharge criteria.

1 = Clear and specific information on length of stay and
discharge criteria.
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Table 1. Cont.

Domain Max Points Scoring Criteria

e 1 0 = Lacks or provides insufficient postoperative
care guidance.

1 = Clear and concise information on postoperative care
including recovery time and what to expect.

Practical
Implementation
Considerations

1 0 = Recommendations are impractical or infeasible in
real-world settings.

1 = Recommendations are practical and feasible in
clinical practice.

Transparency of
Sources and Rationale 1 0 = Lack of transparency in source attribution

or rationale.

1 = Transparent documentation of sources and rationale
for recommendations.

e 12 Higher scores indicate greater concordance with
guideline-based, patient-centered counseling.

This safety evaluation includes omission of clinically indicated warnings regarding
postoperative hemorrhage, respiratory compromise, and severe dehydration; recommen-
dations involving contraindicated or potentially dangerous medications; inappropriate
postoperative monitoring recommendations for high-risk patients; and fabricated con-
traindications or other potentially harmful advice. Critical safety omissions were defined
as failures to provide essential safety information when clinically relevant to the prompt
and necessary to guide appropriate caregiver action (Table A1).

Responses were scored based on the presence and accuracy of guideline-concordant
information, with higher scores reflecting greater alignment with the reference standard.
Total concordance scores were calculated as percentages to facilitate comparison across
prompt strategies and models.

2.4. Readability Assessment

Responses were then compared to different readability scales: Flesch Reading Ease
(FRE) and the Flesch–Kincaid Grade Level (FKGL). FRE functions on a scale where higher
scores indicate easier readability. On the other hand, higher scores on the FKGL indicate
higher educational reading levels.

Readability scores were computed for each response and compared across prompt
strategies and models. For contextual benchmarking, readability scores were also compared
with those of the AAO-HNSF plain-language guideline.

2.5. Statistical Analysis

Descriptive statistics were used to summarize guideline concordance and readabil-
ity outcomes. LF and YF responses were analyzed separately because of their differing
administration frequencies. LF prompts were administered daily over the 60-day study
period, whereas YF prompts were administered approximately weekly (Table A2). For
each assessment, the eight individual question scores were combined into a single overall
guideline concordance percentage for each AI platform.

Separate repeated-measures analyses of variance (ANOVAs) were conducted to com-
pare guideline concordance and readability outcomes across AI platforms within each
prompt condition. Assessment dates served as matched measurement occasions across the
three platforms. Pairwise comparisons between AI platforms were conducted following
the omnibus analyses, with adjustments for multiple comparisons.
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To directly compare prompting strategies, a matched-date analysis was conducted
using assessment dates on which both LF and YF responses were available. For each AI
platform and matched assessment date, the difference in overall guideline concordance was
calculated by subtracting the LF score from the YF score. These differences were averaged
across the three AI platforms within each assessment date, yielding one mean difference
per assessment occasion. The mean difference across assessment dates was evaluated
using a one-sample t-test against zero. The mean paired difference and corresponding 95%
confidence interval were reported. LF responses collected on dates without corresponding
YF assessments were retained in the separate LF analyses but excluded from the matched-
date comparison.

Temporal trends in guideline concordance were assessed separately for each AI plat-
form using linear regression, with concordance score as the dependent variable and study
day as the independent variable. Statistical significance was defined as a two-sided
p-value < 0.05. All analyses were performed using R version 4.4.2.

3. Results
A total of 168 prompts were evaluated across three LLMs using two distinct prompt

structures. Inter-rater reliability for total guideline concordance scores was high at an ICC of
0.96 (95% CI: 0.95–0.99). Across prompt structures, Google AI consistently demonstrated the
highest average concordance, with Gemini demonstrating intermediate performance and
ChatGPT demonstrating the lowest concordance (Figure 1). However, outputs generated
using YF demonstrated significantly higher alignment with guideline subtopics compared
with LF, with mean concordance values of 89.5% and 71.4%, respectively (p < 0.001). This
difference in concordance between prompt strategies was consistently observed across
all three evaluated models. The relative separation between YF and LF remained stable
throughout the study period, indicating that the observed effect of prompt structure was
persistent and not driven by temporal fluctuations.

Figure 1. Mean Concordance to Clinical Practice Guidelines Separated by Prompt Type. Mean CPG
concordance (%) is shown for layered and long-form prompts across ChatGPT, Gemini, and Google
AI, with error bars representing 95% CIs.

Inter-model differences were most pronounced for LF, whereas under YF condi-
tions, concordance values for all three models converged toward higher overall alignment
(p > 0.05 for all YF comparisons). When analyses were restricted to LF prompts, mean
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guideline concordance differed significantly by model. Google AI demonstrated the highest
mean concordance at 74.5% (95% CI, 72.0–77.0), followed by Gemini at 71.3% (95% CI,
68.9–73.7), and ChatGPT at 68.4% (95% CI, 66.0–70.9). Mean CPG concordance for Google
AI responses was significantly higher than ChatGPT concordance (p = 0.001). Gemini
demonstrated a 2.6-percentage-point higher mean concordance than ChatGPT (p = 0.202),
while Google AI exceeded Gemini by 2.8 percentage points (p = 0.140).

Temporal analyses demonstrated model-specific trends in guideline concordance.
Google AI demonstrated a statistically significant increase in concordance over time, with
a positive linear slope of 0.03 (p = 0.003), corresponding to incremental improvements in
guideline alignment across successive evaluations (Figure 2A). In contrast, Gemini demon-
strated no statistically significant temporal change in concordance over time (p > 0.05)
(Figure 2B), while ChatGPT significantly decreased in concordance over time (p < 0.001)
(Figure 2C).

Figure 2. Cont.
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Figure 2. CPG Concordance Averages Over Time. Scatter plots with regression lines show CPG
concordance over time for Google AI (A), Gemini (B), and ChatGPT (C). Shaded areas indicate
95% CIs.

When readability metrics were averaged across models, Google AI, Gemini, and
ChatGPT demonstrated similar performance. Mean FKGL scores across models clustered
between approximately 10 and 12 depending on prompt structure, while mean FRE scores
clustered between approximately 30 and 50 (Table 2). No statistically significant differences
in readability metrics were observed between models (Table 2).

Table 2. Mean Readability Scores across Model and Prompt Type After Bonferroni Correction.

Prompt Type Model Mean Score Significance
vs. ChatGPT

Significance
vs. Gemini

Significance vs.
Google AI

FRE

LF ChatGPT 41.2 — p = 0.079 p < 0.001
Gemini 42.1 p = 0.079 — p < 0.001
Google AI 22.2 p < 0.001 p < 0.001 —

YF ChatGPT 44.8 — p = 0.023 p = 0.019
Gemini 40.4 p = 0.023 — p = 0.721
Google AI 48.6 p = 0.019 p = 0.721 —

FKGL

LF ChatGPT 9.8 — p < 0.001 p < 0.001
Gemini 10.6 p < 0.001 — p < 0.001
Google AI 13.6 p < 0.001 p < 0.001 —

YF ChatGPT 9.9 — p = 0.002 p = 0.053
Gemini 11.1 p = 0.002 — p = 0.053
Google AI 10 p = 0.053 p = 0.053 —

Readability metrics differed significantly by prompting strategy and model. When an-
alyzing FRE scores, where higher scores indicate increased readability, Google AI responses
to LF performed the worst. Across LF, ChatGPT (41.2) and Gemini (42.1) demonstrated
comparable FRE scores, both of which were significantly higher than Google AI (22.2;
p < 0.001) (Table 2). In contrast, for YF, Google AI achieved the highest FRE score (48.6),
outperforming ChatGPT (44.8; p = 0.019), while ChatGPT remained significantly more
readable than Gemini (40.4; p = 0.023). Similar trends were observed with FKGL, where
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lower scores indicate easier readability. For LF, ChatGPT (9.8) produced significantly lower
grade levels than both Gemini (10.6; p < 0.001) and Google AI (13.6; p < 0.001). For YF,
ChatGPT (9.9) remained significantly lower than Gemini (11.1; p = 0.002). Overall, ChatGPT
demonstrated the most consistent readability across both prompt types, whereas Google
AI showed marked improvement with YF prompting.

These readability differences changed significantly over time. In Google AI, FKGL
decreased (−0.09, p < 0.001) while FRE increased (0.55, p < 0.001), indicating improved
readability over time. In contrast, ChatGPT demonstrated a modest increase in FRE (0.02,
p = 0.04) with minimal change in FKGL. As a result, Google AI achieved the lowest FKGL
and highest FRE at later time points, whereas no significant differences were observed
between Gemini and ChatGPT (Figure 3).

Figure 3. Readability Trends Over Time by Model. Scatter plots with regression lines show FKGL
and FRE over time for Google AI, Gemini, and ChatGPT. Shaded areas indicate 95% CIs.

When compared with plain-language guideline benchmarks, YF outputs increased
target readability values. YF produced a mean FKGL of 10.3, slightly below the CPG value
of 10.6 and a mean FRE of 44.6, exceeding the CPG value of 41.7, indicating an overall
more readable output. In contrast, LF consistently exceeded the CPG’s FKGL at 11.3 and
demonstrated substantially lower FRE, 35.2, indicating reduced accessibility relative to
guideline standards (Table 2).

4. Discussion
Prior studies evaluating large language models (LLMs) in clinical settings have demon-

strated variable accuracy, incomplete guideline adherence, and inconsistent performance
across models and prompt types [6,15–17]. However, few studies have specifically exam-
ined LLM performance in the context of tonsillectomy-related clinical guidance, where
patient-facing questions often span indications, perioperative expectations, and postoper-
ative care. Our findings build on this literature by demonstrating that prompt structure
is a large determinant of guideline concordance, with layered prompting producing con-
sistently higher concordance across all models. While earlier work has largely focused
on comparing models head-to-head or assessing overall accuracy [6,18], fewer studies
have systematically evaluated how prompt design and temporal model training influence
coverage of discrete guideline subtopics relevant to common otolaryngologic procedures
such as tonsillectomy.
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Across all analyses, statistically significant differences were observed in CPG con-
cordance by prompt structure. Under both types of queries, Google AI demonstrated
higher guideline concordance than both Gemini and ChatGPT, while Gemini consistently
outperformed ChatGPT but did not reach the performance of Google AI. Model-specific
differences in concordance were most pronounced under LF conditions, whereas under YF,
concordance values converged across all models with no statistically significant differences
observed. Together, these findings suggest that differences in model architecture may
influence performance when organization of input is required. Notably, these inter-model
differences were attenuated when layered prompting was used, consistent with prior
work demonstrating that structured prompts can narrow performance gaps between mod-
els [19,20]. The observed advantage of YF aligns with prior research in prompt engineering
and task decomposition, which has shown that breaking complex queries into smaller,
sequential components improves factual completeness and reduces omission errors in LLM
outputs [19,21,22]. Importantly, this effect was observed consistently across Google AI,
Gemini, and ChatGPT in the present study, suggesting that structured prompting may miti-
gate underlying architectural differences between models. CPGs are typically organized in
modular formats, with distinct sections addressing diagnosis, staging, management options,
and follow-up. Prompting strategies that reflect this structure may therefore facilitate more
consistent retrieval and synthesis of guideline-relevant information, as has been suggested
in prior evaluations of chain-of-thought and stepwise prompting approaches [20,21].

Temporal trends were also observed for LLM training. Improvement in guideline
concordance was observed for Google AI, while Gemini demonstrated no significant change,
and ChatGPT demonstrated a significant decline in concordance over time. Notably, for
Google AI, FKGL decreased and FRE increased, whereas ChatGPT had an increase in FRE,
and Gemini scores remained stable, further highlighting model-specific temporal dynamics.
Prior longitudinal analyses of LLM performance have reported heterogeneous trends over
time, with some models demonstrating incremental gains following updates and others
showing stable performance across evaluation periods [23,24]. The present findings extend
this literature by demonstrating that temporal change may differ even among patient-facing
systems, underscoring the importance of reporting model identity and evaluation time
frame in clinical LLM studies. No platform updates were reported during the 60-day study
period; however, publicly accessible AI systems may undergo changes without notification
to users. Consequently, we believe the observed temporal trends may reflect undisclosed
platform updates and changes in the responses generated by publicly accessible platforms
during the study period.

Readability outcomes have been less frequently evaluated in studies of LLM-generated
clinical content, despite their relevance for patient-facing applications. Although FRE and
FKGL provide standardized, quantitative measures of linguistic readability, they have limi-
tations when applied to medical information. Multisyllabic medical terminology may in-
crease estimated reading difficulty even when appropriately explained, and these measures
do not fully capture semantic accessibility or caregiver comprehension. To complement
these readability assessments, we employed a customized scoring rubric derived from the
AAO-HNSF’s patient-facing tonsillectomy guideline materials to independently evaluate
the clinical content and guideline concordance of AI-generated responses. Together, these
approaches provided complementary assessments of linguistic readability and clinical
accuracy. Existing work has shown that LLM outputs often exceed recommended reading
levels for patient education materials [25–27]. In our study, readability did exceed the
recommended 7th grade level but differed significantly by both prompting strategy and
model. While overall averages across models appeared similar, stratified analyses revealed
that Google AI performed worst under LF prompting but achieved the highest readability
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under YF prompting. Overall, layered prompting was associated with lower reading grade
levels and higher reading ease scores across all three systems, bringing outputs closer to
plain-language guideline targets. While Google AI, Gemini, and ChatGPT differ in baseline
performance and temporal stability, prompt structure exerts a unifying influence on output
quality across models.

Collectively, these results reinforce emerging recommendations that evaluations of
LLMs in healthcare should consider not only model identity but also prompt design and
temporal stability [17,28]. Prompt engineering represents a modifiable factor that may
improve guideline adherence without requiring access to proprietary model updates or
specialized fine-tuning. This has implications for clinicians, educators, and institutions to
accurately guide patients using LLMs for clinical clarification after a visit.

This study is limited by the inherent nuance of prompt design. CPG concordance
was assessed and may not capture clinical nuance in individualized patient scenarios,
such as questions regarding specific foods or activities. However, this limitation has been
noted in prior studies, and we therefore focused on generalizable prompts to maintain
consistency [6,18]. Additionally, although FRE and FKGL provide standardized measures
of linguistic readability, they offer indirect estimates of accessibility and do not directly
assess comprehension or usability among patients and caregivers [27]. To complement
these measures, we employed a customized scoring rubric derived from the AAO-HNSF
clinical practice guideline and its patient-facing materials to evaluate clinical accuracy and
guideline concordance. Future studies may incorporate complementary instruments, such
as the Suitability Assessment of Materials (SAM) and Patient Education Materials Assess-
ment Tool (PEMAT), alongside direct caregiver assessments to evaluate broader aspects of
understandability and actionability. Finally, the evaluated models and performance metrics
reflect a specific time period, and ongoing model updates may alter relative performance,
as demonstrated in prior longitudinal analyses [24,29].

5. Conclusions
Both model type and prompt structure significantly influenced the quality of AI-

generated tonsillectomy guidance. Among the evaluated systems, Google AI demonstrated
the highest overall guideline concordance, with Gemini showed intermediate performance
and ChatGPT demonstrated lower concordance, while Google AI was also the only model
to exhibit measurable improvement over time. Across all platforms, layered prompting
consistently yielded responses that were more closely aligned with established clinical
guidelines and demonstrated improved readability compared with LF prompting. How-
ever, overall readability remained above recommended patient-education thresholds, high-
lighting the persistent gap between AI-generated clinical content and materials suitable for
direct patient use. Collectively, these findings emphasize that prompt design is a critical
determinant of output quality, and that model selection alone is insufficient to ensure
guideline-concordant, patient-appropriate guidance. Until further advances are made,
AI-generated content related to tonsillectomy should be used as an adjunct to, rather than
a replacement for, clinician judgment and oversight.
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Appendix A

Table A1. Critical Safety Omissions and Potentially Harmful Recommendations in AI-Generated
Pediatric Tonsillectomy Guidance.

Safety Category Critical Omission or Potentially Harmful Recommendation

Postoperative hemorrhage Failure to recognize significant primary or secondary bleeding
or recommend urgent evaluation

Respiratory compromise Failure to recognize airway obstruction, apnea, cyanosis, or
severe breathing difficulty

Severe dehydration Failure to recognize clinically significant dehydration or
inability to maintain oral intake

Medication-related harm
Recommendation of contraindicated codeine or tramadol,
dangerous medication dosing, or failure to recognize serious
opioid-related respiratory depression

High-risk postoperative
monitoring

Inappropriate recommendation for routine discharge without
indicated monitoring in children younger than 3 years or with
severe obstructive sleep apnea

Fabricated contraindications
or harmful advice

Invented contraindications, inappropriate recommendations to
delay emergency care, or other potentially life-threatening
advice

Table A2. Distribution of AI-Generated Responses by Platform and Prompt Type.

AI Platform LF YF Total

ChatGPT 60 8 68

Gemini 60 8 68

Google AI 60 8 68

Total 180 24 204
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