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Abstract

Background

Chronic atrophic gastritis (CAG) is a gastric precancerous condition requiring individualized
communication regarding endoscopic and histopathological findings, Helicobacter pylori status, cancer
risk, treatment, and surveillance. Large language models (LLMs) may facilitate individualized patient
education, but evidence evaluating their performance within clinically matched and blinded assessment
frameworks remains limited.

Objective

To evaluate the quality of large language model-assisted personalized patient education materials for
chronic atrophic gastritis using a blinded clinical informatics framework and to compare their
performance with clinician-generated materials.

Methods

In this single-center, blinded, paired comparative study, 50 patients with CAG were used to generate 200
patient education materials: one each from GPT-6.1 Sol, Qwen3.8 Flash, and two gastroenterologists. All
sources received identical deidentified clinical information and standardized generation constraints.
Three independent gastroenterology experts evaluated all materials using the 19-item Chronic Atrophic
Gastritis Patient Education Quality Scoring System (CAG-PEQS), which assessed medical accuracy,
personalization, comprehensiveness, and safety (overall score range, 0—-95). Objective linguistic and
structural characteristics were analyzed separately. Between-source comparisons were performed using
Friedman tests followed by Holm-adjusted Wilcoxon signed-rank tests, and inter-rater reliability was
assessed using intraclass correlation coefficients.

Results

Overall CAG-PEQS scores differed significantly among Qwen3.8 Flash, GPT-6.1 Sol, and the clinician
reference (Friedman test, P <0.001). Qwen3.8 Flash and GPT-6.1 Sol achieved high and comparable
overall scores, with median scores of 82.67 (IQR 81.17-83.67) and 82.50 (IQR 81.42-83.58),
respectively, whereas the clinician reference showed a lower median score of 52.58 (IQR 49.04-55.04).
Both LLM-generated materials demonstrated higher scores than the clinician reference across all four
CAG-PEQS domains, including medical accuracy, personalization, comprehensiveness, and safety. Inter-
rater reliability for the overall CAG-PEQS score was high (ICC =0.917,95% Cl 0.902-0.929). Objective
linguistic analyses showed that both LLMs generated longer materials than the clinician reference, with
median Chinese character counts of 405.5 for Qwen3.8 Flash, 395.0 for GPT-6.1 Sol, and 293.0 for the
clinician reference.

Conclusions
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Under standardized case-based conditions, LLM-generated CAG patient education materials achieved
higher expert-rated quality scores than clinician-generated reference materials. These findings suggest
that LLMs may have potential as clinician-supervised tools for drafting structured patient education
materials. However, the observed differences in expert ratings do not establish superiority in real-world
physician—patient communication or improvements in patient comprehension and clinical outcomes.
Further studies incorporating patient-centered assessments, validated readability measures, and real-
world clinical evaluation are needed to establish their clinical utility.

Introduction

Chronic atrophic gastritis (CAG) is a preneoplastic gastric condition characterized histologically by the
loss of appropriate gastric glands, with or without metaplastic replacement, most commonly in
association with chronic Helicobacter pylori (H pylori) infection or autoimmunity [1]. Its clinical
importance extends beyond symptom control because the extent and severity of atrophy and the
presence of intestinal metaplasia (IM) or dysplasia influence subsequent gastric cancer risk and
surveillance strategies; current guidance therefore supports risk-stratified endoscopic follow-up for
patients with gastric precancerous conditions [2]. H pylori assessment and appropriate eradication
management constitute another central component of long-term care, while patients with histologic
intestinal metaplasia or marked endoscopic atrophy may remain at increased risk of gastric cancer even
after successful eradication [3, 4]. Consequently, effective CAG education requires more than providing
general information about gastritis. Patients need understandable explanations of endoscopic and
histopathologic findings, balanced communication about cancer risk, appropriate interpretation of H
pylori status, and clear guidance regarding treatment adherence, lifestyle modification, follow-up, and
alarm symptoms. Terms such as “atrophy,” “intestinal metaplasia” and “dysplasia” may otherwise be
misunderstood or incorrectly equated with cancer, potentially resulting in either unnecessary anxiety or
inadequate attention to surveillance.

Traditionally, these educational tasks are undertaken by clinicians during outpatient encounters.
However, CAG education is inherently individualized: the information that should be emphasized may
differ according to histologic severity, IM or low-grade dysplasia, H pylori status, current symptoms,
previous treatment, risk factors, and available follow-up information. Clinicians must therefore translate
heterogeneous clinical data into patient-friendly language while avoiding unsupported assumptions,
excessive risk amplification, inappropriate treatment recommendations, and omission of clinically
important follow-up information. These requirements are difficult to satisfy consistently within time-
constrained clinical encounters. Recent work in chronic gastritis has also explored Al-agent-based
approaches to support postdiagnosis health management [5]. A scalable approach capable of producing
standardized yet case-specific educational content could therefore complement, rather than replace,
clinician-delivered education.

Large language models (LLMs) have emerged as a potential tool for patient-facing medical
communication because they can synthesize contextual information and generate natural-language
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responses at scale. Comparative studies have evaluated the performance of LLMs in health consultation
and patient education in areas such as urolithiasis, and LLM-assisted approaches have also been
evaluated for responding to real-world patient messages [6, 7]. More recently, a randomized controlled
trial demonstrated that LLM-generated patient-oriented discharge summaries could improve patient
activation compared with standard discharge summaries, providing early evidence that generative
artificial intelligence (Al) may affect patient-centered outcomes beyond conventional question-answering
benchmarks [8]. Nevertheless, fluent and apparently personalized output does not necessarily indicate
clinically reliable communication. Expert consensus has identified misinformation, inaccurate
communication, privacy concerns, and overreliance as important risks of LLM use in health care, while
broader ethical analyses have emphasized accountability, bias, transparency, and the need for
appropriate clinical oversight [9, 10]. Model-specific variability represents an additional concern: a recent
comparative study of ChatGPT-40 and DeepSeek-R1 identified model-specific differences in medical
misinformation within patient-education outputs [11]. These limitations are particularly relevant to CAG,
where unsupported statements regarding cancer progression, H pylori treatment, medication, or
surveillance could lead to anxiety, inappropriate self-management, or delayed medical care.

Despite increasing interest in LLM-based patient education, evidence specifically addressing
personalized education for histologically confirmed CAG remains limited. Previous work in chronic
gastritis has primarily evaluated question-answering or Al-agent-based health management rather than a
controlled comparison of educational materials generated from the same individual patient records. In
other chronic diseases, blinded comparisons between LLM-generated and clinician-created personalized
educational materials have demonstrated the feasibility of structured expert assessment, but these
findings cannot be assumed to generalize to the distinctive risk-communication and surveillance
requirements of CAG [12]. We therefore conducted a blinded, paired comparative study in which two
contemporary LLMs and two gastroenterologists independently generated patient education materials
from identical deidentified CAG case information under standardized task constraints. The primary
objective was to compare the overall quality of LLM-generated and clinician-generated materials using
the prespecified Chronic Atrophic Gastritis Patient Education Quality Scoring System (CAG-PEQS), a
study-specific structured expert rating framework encompassing medical accuracy, personalization,
comprehensiveness, and safety. Secondary objectives were to compare performance across the four
CAG-PEQS domains—medical accuracy, personalization, comprehensiveness, and safety—and to
characterize the objective linguistic and structural characteristics of the Chinese-language CAG
education materials.

Methods
Study Design

This single-center, paired comparative clinical informatics study was conducted at Guang’anmen

Hospital, China Academy of Chinese Medical Sciences. Fifty eligible patients with CAG were selected

from clinical records between July 1 and July 7, 2026. All included cases had available histopathological
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information, and direct personal identifiers were removed before study processing. The overall study
workflow, including clinical information preparation, educational material generation, and blinded expert
evaluation, is illustrated in Fig. 1.

For each matched clinical case, four independent patient education materials were generated: one by
GPT-6.1 Sol, one by Qwen3.8 Flash, and one each by two gastroenterologists, resulting in 200
educational materials derived from 50 matched CAG cases.

To ensure comparability across generation sources, the two LLMs and the two physicians received
identical deidentified clinical information and were assigned the same patient education task under
standardized output constraints. Depending on availability within the clinical record, case information
included demographic characteristics, presenting symptoms, upper gastrointestinal endoscopic findings,
histopathological findings, Helicobacter pylori (H pylori) status, physician-prescribed treatments, follow-
up recommendations, relevant risk factors, and documented patient concerns. Information not available
in the source record was retained as missing and was not inferred, supplemented, or fabricated.

The two physician generators were associate chief physicians in gastroenterology with approximately 10
years of clinical experience. Both physicians routinely participated in the diagnosis and management of
CAG-related conditions. Each independently generated patient education materials for all 50 cases and
had no access to materials generated by either LLM or by the other physician.

Figure 1. Study design and workflow for generation and blinded evaluation of personalized CAG patient
education materials.

LLM Generation and Prompt Framework

LLM-based generation was performed on August 4, 2026, through the OpenRouter Chat Completions API
using GPT-6.1 Sol and Qwen3.8 Flash. Each clinical case was submitted as an independent API request
containing the same predefined system prompt and a case-specific user message. No conversational
history, image input, external retrieval, or web search was used during generation.

For GPT-6.1 Sol, temperature, top-p, top-k, and seed parameters were not explicitly specified, and
max_completion_tokens was set to 2500. For Qwen3.8 Flash, temperature was set to 0.2, while top-p,
top-k, and seed parameters were not explicitly specified, and max_tokens was set to 2500. Context
compression was disabled. Provider fallback mechanisms, when applicable, could only route requests to
another endpoint serving the same requested model and could not substitute a different model. All 100
planned LLM-case generation requests were completed successfully.

Both LLMs received the same CAG-specific system prompt structured according to a Purpose—
Reference/Evidence Boundary—Input—Output—Safety (P-R-I-O-S) framework. The prompt required all
patient-specific statements to be derived exclusively from the corresponding clinical information and
prohibited fabrication of diagnoses, examination findings, medications, treatment courses, or physician
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recommendations. The models were also instructed not to modify established treatment plans,
recommend new medications or treatment durations, or infer unavailable H pylori results. When H pylori
status was unavailable, the models were instructed to explicitly state that the available information was
insufficient to determine infection status.

The P-R-I-0-S framework was designed to improve the reproducibility, safety, and transparency of clinical
information transformation. The original Chinese prompt, English translation, model identifiers, API
pathway, generation parameters, prompt provenance, request-integrity records, and material-level
generation logs are provided in Supplementary Material S1.

Standardized Educational Structure

To ensure consistency across generation sources, both LLMs and physicians were required to generate
materials using the same eight-section structure covering:

. interpretation of examination findings;
. explanation of CAG;

. issues requiring current attention;

. treatment purpose and adherence;

. dietary and lifestyle recommendations;
. follow-up planning;

. alarm symptoms;

0 NOoy oA WN =

. common misconceptions.

All generators were instructed to limit each complete educational material to no more than 500 Chinese
characters. Original outputs were retained without subsequent editing, rewriting, correction, or manual
truncation.

Expert Evaluation and Blinded Assessment

Three independent gastroenterology experts evaluated all generated materials. All reviewers were
associate chief physicians in gastroenterology with approximately 5 years of clinical experience and had
not participated in patient care or material generation for the study cases.

Before formal assessment, reviewers completed a calibration exercise using three non-study CAG cases.
During calibration, reviewers discussed the definitions and behavioral anchors of the CAG Patient
Education Quality Scoring System (CAG-PEQS) until a shared interpretation was achieved. Reviewers
specifically agreed that the S3 medical-boundary item should assess functional safety, including
appropriate clinician referral, follow-up guidance, specialist consultation, and urgent-care
recommendations, rather than the simple presence of a generic disclaimer. Therefore, absence of a
statement that the material could not replace a physician was not penalized independently. Calibration
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cases were excluded from formal analysis, and all subsequent ratings were completed independently
without discussion.

For source concealment, each educational material was assigned an anonymized study code, and all
source-identifying information was removed. Reviewers received the corresponding deidentified clinical
case together with the anonymized educational material. Materials were presented in randomized order,
and reviewers were blinded to whether each material was generated by GPT-6.1 Sol, Qwen3.8 Flash,
physician 1, or physician 2.

Because all four materials for each patient were generated from the same underlying clinical
information, each clinical case was considered the matched analytical unit for statistical comparisons.

Outcomes

Two complementary outcome frameworks were evaluated separately: objective linguistic and structural
characteristics of the generated patient education materials and expert-rated clinical quality using CAG-
PEQS.

Objective Linguistic and Structural Characteristics

Objective characteristics of the original Chinese-language materials were quantified computationally
without rewriting, editing, or translating the source texts. The prespecified analysis compared objective
linguistic and structural characteristics among LLM-generated materials and expert-authored reference
materials. To characterize linguistic and structural properties while minimizing redundant
measurements, the analysis included nine objective metrics: Chinese character count, unique Chinese
character count, Chinese sentence count, mean Chinese characters per sentence, maximum Chinese
characters per sentence, Chinese character diversity ratio, lexical richness, mean noun sense count, and
mean verb sense count. These metrics represented multiple dimensions of the analyzed materials,
including text length, lexical diversity, sentence structure, vocabulary richness, and semantic complexity.
Because these computational metrics do not constitute a validated Chinese-language patient readability
instrument, they were interpreted as objective linguistic and structural characteristics rather than direct
measures of patient comprehension, health literacy, or readability. Objective linguistic analyses were
exploratory and were conducted separately from the CAG-PEQS ratings.

CAG-PEQS Expert Evaluation

The CAG-PEQS was a prespecified, study-specific expert rating framework developed for blinded
assessment of CAG patient education materials. ltem content and scoring anchors were informed by
major guidance on atrophic gastritis, gastric precancerous conditions, H pylori management, and gastric
cancer surveillance, including the American Gastroenterological Association Clinical Practice Update on
atrophic gastritis, the MAPS Il guideline, the Maastricht VI/Florence consensus report, the Guidelines for
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Diagnosis and Treatment of Chronic Gastritis in China (2022, Shanghai), the Chinese Expert Consensus
on the Management of Gastric Precancerous Conditions and Lesions (2020), and the National Health
Commission's Gastric Cancer Screening and Early Diagnosis and Treatment Program (2024) [1-3, 13-
15]. These sources informed the domains addressing disease definition, interpretation of atrophy,
intestinal metaplasia and dysplasia, H pylori management, treatment explanation, surveillance, gastric
cancer risk communication, personalization, comprehensiveness, and safety. The framework and its
behavioral anchors were finalized before formal scoring.

The CAG-PEQS comprises 19 items across four domains: medical accuracy (6 items), personalization (6
items), comprehensiveness (4 items), and safety (3 items). Each item was rated on a 0-5 scale using
predefined behavioral anchors, with higher scores indicating better performance. Domain scores were
calculated by summing the corresponding item scores, yielding maximum scores of 30 for medical
accuracy, 30 for personalization, 20 for comprehensiveness, and 15 for safety. The overall CAG-PEQS
score was calculated as the sum of all 19 item scores, with a possible range of 0—95. The overall score
was prespecified as the primary outcome, the four domain scores as secondary outcomes, and
individual item scores as exploratory outcomes. Detailed item definitions, scoring anchors, and the
guidance basis are provided in Supplementary Material S2.

For each education material, ratings from the three independent reviewers were averaged to obtain
material-level overall and domain CAG-PEQS scores. For the prespecified primary source comparison,
the scores of the two physician-generated materials were further averaged within each case to create a
clinician reference, yielding three matched comparison groups: GPT-6.1 Sol, Qwen3.8 Flash, and the
clinician reference. The three prespecified pairwise comparisons were GPT-6.1 Sol versus Qwen3.8
Flash, GPT-6.1 Sol versus the clinician reference, and Qwen3.8 Flash versus the clinician reference. In an
additional prespecified analysis, GPT-6.1 Sol and Qwen3.8 Flash scores were averaged within each case
to generate an Al-composite score, whereas the two physician scores were averaged to generate a
clinician-composite score.

Statistical Analysis

Continuous variables were summarized as mean (SD) or median (IQR), as appropriate, and categorical
variables as counts and percentages. All between-source analyses were performed at the case level to
account for the paired study design.

Overall CAG-PEQS scores for GPT-6.1 Sol, Qwen3.8 Flash, and the clinician reference were compared
using the Friedman test. Prespecified pairwise comparisons were performed using two-sided Wilcoxon
signed-rank tests with Holm adjustment for multiple comparisons. Kendall's W and rank-biserial
correlation were reported as effect-size measures for the global and pairwise comparisons, respectively.
The same approach was applied to the four CAG-PEQS domain scores. Al-composite and clinician-
composite scores were compared using a two-sided Wilcoxon signed-rank test.
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Objective linguistic and structural characteristics were analyzed separately using the same paired
nonparametric framework where appropriate. Inter-rater reliability among the three expert reviewers was
assessed using intraclass correlation coefficients (ICCs) with 95% confidence intervals based on a two-
way random-effects, absolute-agreement, average-measures model.

No missing values were imputed. All tests were two-sided, and P <.05 was considered statistically
significant after multiplicity adjustment where applicable. Statistical analyses were performed using
Python 3.13.5 (Python Software Foundation).

Ethical Considerations

The study was approved by the Ethics Committee of Guang'anmen Hospital, China Academy of Chinese
Medical Sciences (approval No. 2026-108-KY). Informed consent was obtained from all participants
before their participation in the study. All study procedures were performed in accordance with the
Declaration of Helsinki and applicable institutional and national guidelines and regulations. Only
deidentified clinical information was used for the generation and evaluation of patient education
materials. No Al-generated content was used for clinical decision-making or provided directly to patients.

Results

Objective Linguistic and Structural Characteristics

Complete paired objective linguistic and structural data were available for 50 cases. Significant
differences were observed among OpenAl GPT-6.1 Sol, Qwen3.8 Flash, and the Expert Reference across
the retained objective metrics. Qwen3.8 Flash generated slightly longer materials than GPT-6.1 Sol, with
median Chinese character counts of 405.5 (IQR 387.25-419.75) and 395.0 (IQR 387.25-404.0),
respectively, whereas the Expert Reference materials were shorter, with a median Chinese character
count of 293.0 (IQR 282.5-305.5). Qwen3.8 Flash also demonstrated higher mean Chinese characters
per sentence and maximum sentence length compared with GPT-6.1 Sol and the Expert Reference,
whereas the Expert Reference showed the highest Chinese-character diversity ratio (median 0.6026),
followed by GPT-6.1 Sol (0.5821) and Qwen3.8 Flash (0.5450). Differences were also observed in
advanced language features. GPT-6.1 Sol showed higher lexical richness and mean noun sense count
than Qwen3.8 Flash, whereas the Expert Reference demonstrated higher mean noun and verb sense
counts, indicating distinct semantic feature profiles among the three source groups. These findings
describe objective linguistic and structural differences among source groups and were not interpreted as
validated measures of Chinese-language readability, patient comprehension, or health literacy.
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Table 1

Objective linguistic and structural characteristics of patient education materials

Metric GPT-6.1 Sol, Qwen3.8 Clinician Kendall's Global
median (IQR) Flash, median = Reference, w P
(IQR) median (IQR)
Chinese Character 395.00 405.50 293.00 (282.50- 0.761 <0.001
Count (387.25- (387.25- 305.50)
404.00) 419.75)
Unique Chinese 230.00 220.00 172.50 (170.00- 0.870 <0.001
Character Count (225.25- (212.25- 178.50)
235.00) 225.75)
Chinese Sentence 21.00 (20.00- 20.00 (19.00-  18.50 (18.00- 0.529 <0.001
Count 22.00) 21.00) 18.50)
Mean Chinese 18.91 (18.40- 20.07 (18.73- 15.65(15.11- 0.526 <0.001
Characters per 19.40) 21.24) 16.92)
Sentence
Maximum Chinese 40.00 (37.00-  47.50 (41.50- 41.50 (38.50- 0.064 0.0407
Characters per 45.75) 52.75) 47.00)
Sentence
Chinese Character 0.58 (0.57- 0.55 (0.53- 0.60 (0.59-0.61)  0.521 <0.001
Diversity Ratio 0.59) 0.56)
Lexical Richness 7.32(7.26- 7.26 (7.21- 6.92 (6.87-6.96) 0.788 <0.001
7.37) 7.32)
Mean Noun Sense 3.67 (3.52- 3.16 (2.95- 3.77 (3.64-3.92)  0.670 <0.001
Count 3.82) 3.32)
Mean Verb Sense 6.90 (6.64- 6.75 (6.49- 8.05(7.84-8.39)  0.693 <0.001
Count 7.18) 7.29)
Overall CAG-PEQS Score

Overall CAG-PEQS scores differed significantly among Qwen3.8 Flash, GPT-6.1 Sol, and the Expert

Reference (Friedman test, P < 0.001). Qwen3.8 Flash achieved the highest overall score, with a median
score of 82.67 (IQR 81.17-83.67), followed closely by GPT-6.1 Sol (median 82.50, IQR 81.42-83.58). No
significant difference was observed between the two LLM-generated sources, whereas both LLM-
generated materials achieved significantly higher scores than the Expert Reference.

Figure 2. Distribution of overall CAG-PEQS scores across generation sources. Horizontal boxplots show
case-level overall CAG-PEQS scores (0—95) for GPT-6.1 Sol, Qwen3.8 Flash, and the clinician reference
across 50 matched CAG cases. Each point represents one clinical case. Boxplots indicate median and
interquartile range. For each material, ratings were averaged across three independent expert reviewers.

The clinician reference was calculated as the within-case mean of the two physician-generated

materials.

Domain-Specific and Item-Level CAG-PEQS Performance
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Significant differences were observed across all four CAG-PEQS domains among Qwen3.8 Flash, GPT-
6.1 Sol, and the Expert Reference (all Friedman tests P < 0.001). Both LLM-generated materials
demonstrated consistently higher domain-level scores than the Expert Reference, while Qwen3.8 Flash
and GPT-6.1 Sol showed comparable performance across the evaluated domains. For medical accuracy,
GPT-6.1 Sol achieved a median score of 26.33/30 (IQR 25.67-26.67), followed by Qwen3.8 Flash
(26.00/30, IQR 25.33-26.67), whereas the Expert Reference showed a lower score of 17.58/30 (IQR
16.38-18.50). For personalization, Qwen3.8 Flash and GPT-6.1 Sol achieved similar scores (26.33/30
and 26.00/30, respectively), both exceeding the Expert Reference (15.58/30). Similarly, both LLMs
demonstrated higher comprehensiveness scores (Qwen3.8 Flash: 17.50/20; GPT-6.1 Sol: 17.67/20)
compared with the Expert Reference (10.67/20). In the safety domain, Qwen3.8 Flash and GPT-6.1 Sol
maintained high scores (13.33/15 and 13.00/15, respectively), while the Expert Reference showed a
lower score (8.83/15). These findings indicate that LLM-generated materials consistently provided more
complete, individualized, and safety-oriented patient education content under the standardized
evaluation framework.

Table 2
Overall and domain-specific CAG-PEQS scores by generation source
Domain Qwen3.8 GPT-6.1 Sol  Clinician Kendall’s P
Flash Median Median Reference w
(IQR) (IQR) Median (IQR)
Medical Accuracy (0- 26.00 26.33 17.58 (16.38- 0.766 <
30) (25.33- (25.67- 18.50) 0.001
26.67) 26.67)
Personalization (0—30) 26.33 26.00 15.58 (14.04- 0.754 <
(25.00- (25.33- 16.46) 0.001
26.67) 26.33)
Comprehensiveness 17.50 17.67 10.67 (10.33- 0.772 <
(0-20) (17.00- (16.83- 11.12) 0.001
18.00) 18.00)
Safety (0-15) 13.33 13.00 8.83 (8.33- 0.785 <
(12.67- (12.33- 9.17) 0.001
13.67) 13.33)
Note: Values are based on 50 matched cases. For each material, scores were averaged across three
independent expert reviewers. The clinician reference was calculated as the within-case mean of the
two physician-generated materials. Global differences were assessed using the Friedman test.
Pairwise comparisons were performed using two-sided Wilcoxon signed-rank tests with Holm
adjustment. Both LLMs differed significantly from the clinician reference (all adjusted P < 0.001),
whereas no significant difference was observed between the two LLMs. W, Kendall's coefficient of
concordance.

Item-level analyses demonstrated a consistent pattern across the 19 CAG-PEQS criteria (Fig. 3).
Qwen3.8 Flash and GPT-6.1 Sol achieved relatively high and stable scores across most items, whereas
the Expert Reference showed greater variability between individual criteria. Both LLM-generated sources
performed particularly well in items related to disease explanation, interpretation of clinical findings, H
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pylori management, follow-up recommendations, and safety boundaries. The largest differences
between LLM-generated and expert-authored materials were observed in items requiring systematic
integration of patient-specific information, including H pylori-related personalization, risk-factor
matching, treatment safety, and individualized follow-up guidance. These results suggest that the
advantage of LLM-generated materials was primarily associated with consistent organization and
explicit coverage of predefined patient education requirements rather than differences in basic medical
information accuracy alone.

Figure 3. Item-level CAG-PEQS performance across generation sources. Each cell shows the mean item
score on the 0—5 CAG-PEQS scale across 50 matched CAG cases. For each material, ratings were first
averaged across the three independent expert reviewers. The clinician reference was then calculated as
the within-case mean of the two physician-generated materials. Columns are grouped into medical
accuracy (A1-A6), personalization (P1-P6), comprehensiveness (C1-C4), and safety (S1-S3). A common
color scale was applied to all cells, with cyan-blue indicating lower scores and coral red indicating higher
scores. Full item definitions and scoring anchors are provided in Supplementary Material S2.

Inter-rater Reliability

Inter-rater reliability was high for the overall CAG-PEQS score and all four domains (Table 3). The
average-measures ICC was 0.917 (95% CI 0.902-0.929) for the overall 0-95 score and ranged from
0.821 for safety to 0.952 for comprehensiveness across the four domains.

Table 3

Inter-rater reliability of CAG-PEQS overall and domain
scores

CAG-PEQS outcome ICC 95% ClI

Overall CAG-PEQS (0-95) 0.917 0.902-0.929
Medical accuracy (0—30) 0.875 0.856-0.891
Personalization (0—30) 0.926 0.912-0.937
Comprehensiveness (0-20) 0.952 0.939-0.962

Safety (0-15) 0.821 0.797-0.840

Discussion
Principal Findings

In this blinded, paired comparative study, both GPT-6.1 Sol and Qwen3.8 Flash generated personalized
CAG patient education materials that achieved higher expert-rated quality scores than the clinician
reference under standardized case-based conditions. Overall CAG-PEQS scores differed significantly
among the three sources, while the two LLMs demonstrated comparable performance across the overall
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score and the four predefined domains of medical accuracy, personalization, comprehensiveness, and
safety. These findings suggest that contemporary LLMs can consistently transform structured clinical
information into patient-facing educational materials that align with expert-defined quality criteria.

The observed advantage of LLM-generated materials was not limited to factual accuracy but extended to
systematic integration of patient-specific information, coverage of clinically relevant educational
components, and maintenance of safety boundaries. However, these findings should be interpreted
within the context of a structured written evaluation framework. Higher expert-rated scores indicate
greater adherence to predefined educational requirements but do not necessarily imply superior clinical
judgment, diagnostic reasoning, or effectiveness in real-world patient communication. Rather, these
findings suggest that LLMs may have potential as clinician-supervised drafting tools for producing
structured patient education materials, although their effects on clinical workflow efficiency and patient-
centered outcomes require further evaluation.

Performance of LLMs in Structured Patient Education

Large language models have increasingly been explored as tools for patient education and medical
communication because of their ability to synthesize complex information and generate patient-oriented
explanations. Previous studies comparing LLM-generated medical information with healthcare
professional responses have suggested that LLMs may achieve comparable or, in some contexts, higher
ratings for information quality, although substantial heterogeneity exists across clinical domains,
evaluation methods, and model types [16]. Similarly, studies evaluating Al-generated patient education
materials have demonstrated that LLMs can produce structured educational content with acceptable
accuracy, understandability, and actionability, while potentially reducing the time required for material
preparation [17]. Broader reviews have further summarized the potential applications of LLMs in patient
education, including medical information explanation, lifestyle guidance, and generation of patient-facing
educational materials, while emphasizing persistent concerns regarding accuracy, readability, bias, and
safety [18, 19].

Our study extends these previous observations by evaluating personalized CAG education materials
generated from identical patient information under a blinded, paired comparative framework. Unlike
general medical question-answering tasks, which primarily assess the correctness of isolated
responses, our study required LLMs and clinicians to transform comprehensive clinical information-
including endoscopic findings, histopathological results, H pylori status, treatment plans, and follow-up
recommendations-into individualized educational materials. The comparable performance of GPT-6.1
Sol and Qwen3.8 Flash, together with their higher CAG-PEQS scores than the clinician reference,
suggests that contemporary LLMs can provide consistent and structured first-draft educational
materials when the generation task is explicitly defined.

The strong performance observed in the present study likely reflects the interaction between model
capability and structured task design rather than model capability alone. Both LLMs received a disease-
specific prompt framework requiring explicit coverage of examination interpretation, disease
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explanation, patient-specific concerns, treatment adherence, lifestyle modification, follow-up planning,
alarm symptoms, and common misconceptions while restricting unsupported medical inference.
Previous studies have similarly shown that prompt engineering can substantially influence the quality of
LLM-generated patient education materials. For example, structured prompting has been reported to
improve readability and organization of colorectal cancer education materials [20]. while prompt
strategies in retinal disease education and chronic disease education have demonstrated that modifying
instructions can alter readability, accuracy, and comprehensiveness [21-23]. More recent work in
Chinese-language patient education has also shown that prompt design can influence accuracy,
helpfulness, and linguistic complexity of LLM-generated medical responses [24]. Therefore, the high
CAG-PEQS performance observed in our study should be interpreted as the combined effect of
contemporary LLM capabilities, disease-specific prompt engineering, and a structured evaluation
framework.

The higher CAG-PEQS scores observed for LLM-generated materials should be interpreted within the
context of a structured written evaluation rather than as evidence of superior clinical communication.
LLM-generated responses often contain more explicit explanations and greater information coverage,
which may align well with rubric-based assessments emphasizing completeness and predefined
educational elements. Previous comparisons between LLM-generated and physician responses have
similarly reported that LLM outputs may be rated as more detailed, clear, or comprehensive in certain
settings, while also highlighting concerns regarding excessive length, occasional inaccuracies, and the
continued need for clinician oversight [25, 26]. Conversely, studies comparing LLM-generated materials
with professional resources have found no significant differences in information quality,
understandability, actionability, or empathy, and professional resources may retain advantages in
readability and practical communication [27]. Therefore, the higher scores observed in our study likely
reflect the ability of LLMs to consistently organize and explicitly present information under predefined
requirements, rather than superiority in clinical judgment, patient interaction, or individualized decision-
making.

Model Consistency Across Contemporary LLMs and
Ceiling Effects

The observed results may have been influenced by the standardized P-R-I-O-S prompting framework and
structured evaluation criteria; however, the independent contribution of prompt design was not directly
evaluated. Although previous studies have reported differences among LLMs across various medical
domains, these differences have not been consistently directional and appear to depend on the specific
model version, language environment, prompt design, and evaluation framework. For example, previous
comparisons between ChatGPT and DeepSeek have demonstrated model-dependent variation in patient
education quality, including differences in completeness, readability, and explainability, while other
studies have reported different models achieving advantages in different clinical scenarios [28—-32].
These findings indicate that LLM performance should be interpreted as task-specific rather than
reflecting a universally superior model. In the present study, the similar CAG-PEQS performance of
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Qwen3.8 Flash and GPT-6.1 Sol likely reflects the influence of the standardized P-R-I-O-S prompting
framework and structured evaluation criteria, rather than the intrinsic superiority of either model.

An additional consideration is the potential ceiling effect of the CAG-PEQS framework when evaluating
high-performing LLM-generated materials. Although both LLMs achieved high expert-rated scores, the
concentration of scores within the upper range suggests that some items may have limited ability to
discriminate between highly competent outputs. Ceiling effects have been recognized as an important
consideration in the evaluation of measurement instruments because excessive clustering near the
maximum score may reduce sensitivity for detecting meaningful differences among high-performing
groups [33]. However, CAG-PEQS was developed as a study-specific expert evaluation framework rather
than a fully validated psychometric instrument. Therefore, upper-range clustering should be interpreted
as a limitation in discriminative resolution rather than definitive evidence of instrument failure. Future
refinement of CAG-PEQS may incorporate additional criteria addressing information prioritization,
conciseness, redundancy control, and patient-centered communication to better distinguish among
advanced Al-generated educational materials.

Linguistic and Structural Trade-offs

The objective linguistic analyses revealed a trade-off between information coverage and textual
conciseness in LLM-generated patient education materials. Compared with the clinician reference, both
Qwen3.8 Flash and GPT-6.1 Sol generated longer materials, with median Chinese character counts of
405.5 and 395.0, respectively, compared with 293.0 for the clinician reference. In addition to greater text
length, LLM-generated materials demonstrated differences in sentence structure and lexical features,
suggesting that contemporary LLMs tend to produce more explicitly structured and information-dense
educational content. These characteristics may contribute to higher scores within an expert-based
evaluation framework that emphasizes completeness, personalization, and safety-related information
coverage. However, greater textual detail does not necessarily translate into improved patient
understanding or communication effectiveness.

The relationship between linguistic complexity and patient education quality requires careful
interpretation. In the present study, objective linguistic metrics were designed to characterize structural
and semantic features of the generated materials rather than directly measure readability or
comprehension. The higher Chinese-character diversity ratio observed in the clinician reference
compared with LLM-generated materials should not be interpreted as evidence of superior linguistic
quality, because diversity metrics such as type-token measures are influenced by text length and may
decrease as repeated linguistic units accumulate in longer documents[34]. Moreover, previous
evaluations of Chinese-language LLM applications have demonstrated that models may produce
responses with different levels of linguistic complexity, length, and readability despite achieving similar
levels of accuracy or completeness [35, 36]. Therefore, linguistic complexity should be considered as an
independent dimension of patient education quality rather than a surrogate marker of clinical
usefulness.
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An important observation was that both LLMs achieved high CAG-PEQS scores despite producing longer
materials than clinician-generated content. This finding highlights a potential tension between rubric-
based quality assessment and real-world patient communication requirements. Structured evaluation
systems may reward explicit coverage of clinical information, whereas patients may benefit from
concise explanations that prioritize the most relevant information for decision-making. Previous studies
have emphasized that accuracy, comprehensiveness, readability, and patient-centered accessibility do
not always improve simultaneously[37]. Prompt-based approaches may help balance these competing
objectives by encouraging LLMs to preserve essential information while reducing unnecessary
complexity. Future evaluations should therefore combine expert-rated clinical quality with validated
Chinese-language readability measures and direct patient assessments to determine the optimal
balance between completeness, brevity, and comprehensibility [38]. More broadly, written health
information frequently exceeds recommended readability levels, and accessibility should be considered
independently from factual completeness [39]. Future evaluations should therefore combine expert-rated
clinical quality assessments with validated Chinese-language readability measures and direct patient
assessments to determine the optimal balance between completeness, brevity, and comprehensibility.

Clinical Implications

Our findings suggest that LLMs may have potential utility as clinician-supervised drafting tools for
individualized CAG patient education, rather than as autonomous sources of patient-facing guidance.
However, their clinical feasibility and effectiveness remain to be established in real-world settings. Under
standardized case-based conditions, both GPT-6.1 Sol and Qwen3.8 Flash generated educational
materials with high expert-rated quality across medical accuracy, personalization, comprehensiveness,
and safety domains, suggesting that contemporary LLMs may assist clinicians in producing more
consistent and structured written educational content. A potential clinical workflow may involve
generating an initial patient education draft from deidentified clinical information, followed by physician
verification, prioritization, and refinement before patient delivery. Similar human-in-the-loop approaches
have been proposed for integrating LLMs into clinical communication workflows, emphasizing clinician
oversight for factual verification, contextual adaptation, and maintenance of accountability [40—42]. In
this workflow, clinicians should remain responsible for confirming medical accuracy, removing
unnecessary or excessive information, adapting explanations to individual health literacy levels, and
ensuring that treatment and follow-up recommendations remain consistent with the actual clinical plan.
Importantly, higher CAG-PEQS scores should be interpreted as improved alignment with predefined
expert evaluation criteria rather than direct evidence of superior patient comprehension or clinical
outcomes. Future implementation studies should evaluate patient acceptability, understanding,
behavioral impact, and real-world integration of LLM-assisted patient education workflows.

Strengths and Limitations

This study has several strengths. First, the paired design ensured that GPT-6.1 Sol, Qwen3.8 Flash, and
both gastroenterologists generated educational materials from identical case information, thereby
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minimizing case-mix differences across generation sources. Second, all materials were evaluated under
source-blinded conditions by three independent gastroenterology experts after a predefined calibration
procedure, and inter-rater reliability was high. Third, the use of a prespecified, disease-specific CAG-PEQS
allowed patient education quality to be assessed across multiple clinically relevant dimensions rather
than accuracy alone. The study also incorporated objective linguistic and structural analyses, providing
complementary information regarding how generated materials differed in textual organization and
complexity. Finally, the complete generation protocol was preserved, including exact model identifiers,
APl access route, generation date, parameters, prompt provenance, request checks, and material-level
run logs, which is particularly important for reproducibility in LLM research [43, 44].

Several limitations should also be acknowledged. First, this was a single-center study involving 50 CAG
cases and two LLMs; therefore, the findings may not generalize to other populations, clinical settings,
languages, model versions, or future model updates. Second, although CAG-PEQS was prespecified,
behaviorally anchored, and demonstrated high inter-rater reliability, it remains a study-specific framework
without independent psychometric validation. Reliability alone does not establish other measurement
properties, including content, construct, or criterion validity [45]. Third, the generation prompt and CAG-
PEQS were both developed around key requirements for CAG patient education. This construct
alignment may have favored outputs that explicitly followed predefined educational structures,
particularly for models optimized for structured content generation. Fourth, although source-identifying
information was removed and materials were presented in randomized order, differences in language
style, length, and structure may have allowed reviewers to infer the generation source in some cases; the
effectiveness of source blinding was not formally assessed. Fifth, although both LLMs generated longer
materials than the clinician reference, text length may provide greater opportunity to address rubric-
defined elements, and the influence of information volume on expert-rated scores cannot be fully
excluded. Sixth, the clinician reference consisted of written educational materials generated by two
gastroenterologists under standardized task constraints. These materials may not fully represent routine
physician—patient communication, which involves interactive clarification, clinical judgment, and
adaptation to individual patient needs. Therefore, the observed differences in expert-rated scores should
not be interpreted as evidence that LLMs outperform physicians in actual clinical communication.
Seventh, the study did not include direct patient assessment of comprehension, acceptability, recall, or
behavioral outcomes; therefore, higher expert-rated CAG-PEQS scores cannot be assumed to translate
into greater patient benefit. This distinction is important because current LLM evaluations may not fully
capture real-world clinical effectiveness or translational impact [46]. Finally, the objective linguistic
measures used here characterize textual structure rather than validated Chinese-language readability,
and the results should not be interpreted as direct evidence of patient comprehension. Furthermore, the
study did not assess material preparation time, clinician workload, or the efficiency of LLM-assisted
workflows in routine clinical practice. Therefore, potential improvements in workflow efficiency remain
hypothetical.

Conclusion
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In this single-center, blinded, paired comparative study, GPT-6.1 Sol and Qwen3.8 Flash generated
individualized patient education materials for chronic atrophic gastritis that achieved higher expert-rated
CAG-PEQS scores than clinician-generated reference materials under standardized case-based
conditions. No statistically significant differences were observed between the two LLMs in overall or
domain-specific scores, although equivalence between the models was not established. These findings
suggest that LLMs may have potential as clinician-supervised tools for drafting structured patient
education materials. However, higher expert-rated quality does not establish superior clinical
communication, improved patient comprehension, or better clinical outcomes. Further studies
incorporating patient-centered assessments, validated readability measures, and real-world clinical
evaluation are needed to determine the clinical utility of LLM-assisted patient education.
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Study design and workflow for generation and blinded evaluation of personalized CAG patient education
materials.
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Figure 2

Distribution of overall CAG-PEQS scores across generation sources. Horizontal boxplots show case-level
overall CAG-PEQS scores (0-95) for GPT-6.1 Sol, Qwen3.8 Flash, and the clinician reference across 50
matched CAG cases. Each point represents one clinical case. Boxplots indicate median and interquartile
range. For each material, ratings were averaged across three independent expert reviewers. The clinician
reference was calculated as the within-case mean of the two physician-generated materials.
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Figure 3

Item-level CAG-PEQS performance across generation sources. Each cell shows the mean item score on
the 0-5 CAG-PEQS scale across 50 matched CAG cases. For each material, ratings were first averaged
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across the three independent expert reviewers. The clinician reference was then calculated as the within-
case mean of the two physician-generated materials. Columns are grouped into medical accuracy (A1-
A6), personalization (P1-P6), comprehensiveness (C1-C4), and safety (S1-S3). A common color scale
was applied to all cells, with cyan-blue indicating lower scores and coral red indicating higher scores. Full
item definitions and scoring anchors are provided in Supplementary Material S2.
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