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Abstract
Objective: To compare the understandability, actionability, information quality, and readability of patient education texts on hypertension with chronic kidney
disease generated by 12 cross-platform large language models, and to further examine their structural patterns using exploratory network analysis and latent
profile analysis.

Methods:Based on the literature, clinical guidelines, and expert discussion, 20 frequently asked questions were developed and categorized into five thematic
modules. On March 10, 2026, independent English prompts were submitted to 12 platforms, generating 240 responses. Texts were evaluated using PEMAT-P,
EQIP-36, GQS, JAMA, DISCERN, AIRM, and seven English readability formulas. Data were summarized as medians and interquartile ranges. Exploratory
Kruskal-Wallis tests, Spearman correlation analyses, regularized partial correlation network analysis, and latent profile analysis were then performed.

Results: Overall, median PEMAT-P understandability, actionability, and total scores were 69.20, 20.00, and 55.60, respectively; median EQIP-36, DISCERN, and
JAMA scores were 35.71, 38.00, and 1.00; FRES and SMOG were 20.53 and 16.36, indicating limited actionability, poor source transparency, and substantial
reading burden. Across platforms, ERNIE Bot 5.0 Preview showed higher PEMAT-P understandability and total scores; DeepSeek-V3.2 showed lower reading
burden across multiple readability indices and a higher FRES; Perplexity showed the greatest reading burden. Performance also varied by module: “Lifestyle
Intervention and Long-Term Management” scored higher on EQIP-36 and DISCERN, whereas “Risk Alerts and Special Considerations” scored higher on
PEMAT-P total score. Network analysis identified JAMA and DISCERN Q1-Q8 as central nodes. Latent profile analysis supported five statistical phenotypes.

Conclusions: Under standardized English prompts, large language model-generated patient education texts for hypertension with chronic kidney disease
showed relatively good understandability but limited actionability and source transparency, while overall reading burden remained high. At present, these
models are better suited for draft generation and language support in patient education than for use as independent sources of advice without clinical
review.

Introduction
Hypertension is a common chronic noncommunicable disease and a major risk factor for cardiovascular disease and chronic kidney disease (CKD). In 2024,
approximately 1.4 billion adults worldwide had hypertension, yet the blood pressure control rate remained below 20%, imposing a substantial medical and
economic burden[1]. Hypertension is closely associated with CKD. Among patients with CKD, the prevalence of hypertension is high and increases with

disease progression, rising from approximately 22% in CKD stage 1 to about 80% in CKD stage 4[2]. In 2023, an estimated 788 million adults aged 20 years or
older were living with CKD globally, with an age-standardized prevalence of 14.2%[3]. The final report of the Systolic Blood Pressure Intervention Trial showed
that, among individuals without diabetes or prior stroke but at elevated cardiovascular risk, a systolic blood pressure target of < 120 mmHg, compared with < 
140 mmHg, further reduced the risks of major cardiovascular events and all-cause mortality[4], supporting the benefit of intensive blood pressure lowering for
improving cardiovascular and renal outcomes. Over the past three decades, incident CKD attributable to hypertension has increased by more than 60%, and
in some regions the prevalence of hypertension-CKD comorbidity has approached 30%[5–6]. Accordingly, patients with hypertension and CKD face a greater
disease burden and a more urgent need for health education and long-term management.

Sustained blood pressure control depends not only on pharmacotherapy and clinical follow-up, but also on patients’ disease knowledge and self-
management capacity. Evidence indicates that limited health literacy is associated with misunderstanding of medical information and a higher risk of
emergency revisits[7]. Among patients with hypertension, the proportion with both adequate health literacy and good medication adherence remains low, with
older adults, low-income populations, and people with disabilities at a particular disadvantage[7]. Existing patient education materials remain suboptimal in
readability, understandability, and actionability. One study found that only 2.1% of patient education texts published in high-impact medical journals met a
sixth-grade reading level[8]. Other materials had a Flesch Reading Ease Score below 50 and a Simple Measure of Gobbledygook grade above 13, while
understandability and actionability scores also fell below the commonly used 70% threshold[9]. Together, these findings suggest that current patient
education content remains insufficiently tailored to the cognitive characteristics of target populations and inadequately supports translation into health-
related behaviors.

The development of generative large language models (LLMs) has opened a new avenue for optimizing medical education texts. Previous studies have
shown that ChatGPT, Gemini, and Claude can reduce the reading grade level of American Heart Association patient education materials from approximately
grade 10 to 5.6–7.6[10]. GPT-4 has also been shown to reduce reading difficulty when rewriting patient materials in interventional radiology, although factual

errors persisted and the recommended reading level was still not achieved[11]. These findings indicate that LLMs have the potential to improve readability, but
output quality varies across platforms, and factual inaccuracies may still occur; therefore, human review remains essential in medical applications[11]. Further
evidence suggests that Med-PaLM 2 can achieve an accuracy of up to 86.5% on the MedQA benchmark[12]. However, in hypertension-related clinical

scenarios, the response accuracy of GPT-4, Gemini, and MedLM remains below expert performance[13]. In tasks such as citation generation for systematic
reviews and clinical summary generation, LLMs may also produce hallucinations, omit key information, or distort content[14–15]. Even when retrieval-
augmented generation is introduced, evaluators may still disagree in their judgments of output quality[16–17]. Therefore, whether LLMs can generate patient
education content that is simultaneously accurate, understandable, and actionable requires systematic evaluation in specific disease contexts.

At present, cross-platform comparative evidence on LLM-generated patient education texts for patients with hypertension and CKD remains limited. In
particular, comprehensive evaluations conducted under standardized prompts across understandability, actionability, information quality, source
transparency, and readability are lacking. To address this gap, the present study included 12 conversational artificial intelligence platforms and conducted a
multidimensional evaluation of generated texts in the context of health education and management for hypertension with CKD using the Patient Education
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Materials Assessment Tool for Printable Materials (PEMAT-P), Ensuring Quality Information for Patients with 36 items (EQIP-36), Global Quality Score (GQS),
Journal of the American Medical Association benchmark criteria (JAMA), DISCERN, Artificial Intelligence Response Measurement (AIRM), and seven English
readability formulas. Exploratory network analysis and latent profile analysis were further performed to inform the development of intelligent patient
education systems that integrate evidence-based content, understandability, and practical usability.

Methods

Study Design and Question Collection
This study aimed to systematically identify common public information needs regarding hypertension with CKD and to develop a clinically relevant and
representative question dataset for evaluating the performance of LLMs in generating patient education texts. Based on the literature, authoritative clinical
guidelines, and expert discussion, an initial pool of 20 frequently asked questions was developed (Table 1). According to the clinical management pathway
for patient education in hypertension with CKD, the questions were organized into five thematic modules: Foundational Disease Knowledge; Screening,
Diagnosis, and Stratification; Treatment Targets and Pharmacologic Management; Lifestyle Intervention and Long-Term Management; and Risk Alerts and
Special Considerations. This development process was informed by previous similar studies to ensure comprehensive coverage and clinical applicability[18–
20]. To ensure content validity and standardized wording, three cardiovascular experts from the author team independently reviewed the question list,
focusing on alignment between individual questions and thematic modules, clinical accuracy, suitability for patient education, and the appropriateness of
risk-related wording. These experts included the two corresponding authors and the first author; one corresponding author is a medical professor, one
corresponding author is a medical postdoctoral researcher, and the first author is a clinician with more than 10 years of clinical experience. Discrepant items
were revised through consensus discussion, yielding the final dataset.

Table 1
List of Frequently Asked Questions for Patients With Hypertension and CKD

Issue List

I. Foundational Disease Knowledge

1. Why can hypertension damage the kidneys?

2. Why can chronic kidney disease (CKD) worsen hypertension?

3. Which populations are at greater risk of developing coexisting hypertension and CKD?

4. Why is the coexistence of hypertension and CKD considered a high-risk condition?

II. Screening, Diagnosis, and Stratification

1. What is the most important basic test for screening for hypertension with CKD?

2. What is the time-based diagnostic criterion for CKD?

3. How is CKD staged according to estimated glomerular filtration rate (eGFR)?

4. How is CKD stratified according to the level of albuminuria?

III. Treatment Targets and Pharmacologic Management

1. What is the target blood pressure for patients with hypertension and CKD?

2. Which patients should be prioritized for treatment with an angiotensin-converting enzyme inhibitor (ACEI) or an angiotensin receptor blocker (ARB)?

3. After initiating an ACEI or ARB, when should serum creatinine be reassessed?

4. Which patients should be considered for treatment with a sodium-glucose cotransporter 2 (SGLT2) inhibitor?

IV. Lifestyle Intervention and Long-Term Management

1. Which dietary component should be most strictly restricted in patients with hypertension and CKD?

2. Are low-sodium salt substitutes appropriate for patients with hypertension and CKD?

3. How should home blood pressure monitoring be conducted in a standardized manner?

4. Which indicators should be prioritized during long-term follow-up?

V. Risk Alerts and Special Considerations

1. Which situations indicate the need for prompt referral to a nephrologist?

2. What is resistant hypertension?

3. Does the development of hyperkalemia necessarily require immediate discontinuation of an ACEI or ARB?

4. Which manifestations suggest substantial disease deterioration?

AI Platform Questioning and Data Collection
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This cross-sectional study included 12 publicly available domestic and international conversational AI platforms: Ant Afu (Ant Group, December 15, 2025)[21],
ChatGPT 5.1-Thinking (OpenAI, November 12, 2025)[22], ChatGPT 5.2-Thinking (OpenAI, December 11, 2025)[23], DeepSeek-V3.2 (DeepSeek, December 1,

2025)[24], Doubao (ByteDance/Volcano Engine, June 11, 2025)[25], ERNIE Bot 5.0 Preview (Baidu, November 13, 2025)[26], Qwen 3.5-plus (Alibaba Cloud,
February 16, 2026)[27], Baichuan Doctor Edition (Beijing Baichuan Intelligent Technology Co., Ltd., January 22, 2026)[28], Baichuan Patient Edition (Beijing
Baichuan Intelligent Technology Co., Ltd., January 22, 2026)[28], Gemini 3-pro (Google LLC, November 18, 2025)[29], Perplexity (Perplexity AI, Inc., December 7,

2022)[30], and Tencent Yuanbao (Shenzhen Tencent Computer Systems Company Limited, May 30, 2024)[31].

All queries were submitted in English to ensure prompt consistency. For each prespecified question, a new independent conversation was initiated on each
platform, and prior chat history was cleared before every query to minimize residual contextual effects on the response. Within a unified time window on
March 10, 2026, all 20 questions were entered sequentially across platforms, yielding 240 AI-generated texts. Basic textual features, including word count
and sentence count, were recorded simultaneously. All responses were preserved verbatim without manual editing. Because the comparison focused on the
actual output of publicly available default product versions, the findings are more appropriately interpreted as a platform-level comparison of patient
education outputs rather than a strict head-to-head evaluation of fully standardized underlying model capabilities.

Evaluation Tools and Measures
To comprehensively evaluate outputs from the 12 platforms, this study used three categories of measures: (1) understandability/actionability: PEMAT-P; (2)
information quality: EQIP-36, GQS, JAMA, DISCERN (Q1-Q15), and AIRM; and (3) objective readability: seven English readability formulas. Except for
automatically calculated readability indices, PEMAT-P, EQIP-36, GQS, JAMA, DISCERN, and AIRM were independently rated by two trained reviewers. Before
formal scoring, the reviewers developed scoring rules and examples based on the original manuals, then conducted pilot testing and calibration using 30
randomly selected texts. All texts were de-identified and randomly ordered before assessment, and both reviewers were blinded to platform source and
thematic module. Interrater agreement in the pilot phase was high (overall kappa = 0.891). Because the included tools comprised binary items, ordinal
ratings, and total scores, this index was used to reflect overall consistency of the scoring process. Any substantial disagreement on a given scale was
adjudicated by a senior researcher with a cardiovascular background.

Understandability Assessment

PEMAT-P was used to assess understandability and actionability[32]. Higher PEMAT-P scores indicate that the text is easier to understand and more
actionable for readers[32].

Quality Assessment
EQIP-36. EQIP-36 is a 36-item instrument for assessing the quality of patient information. It evaluates content, source identification, and structure, and
provides an overall quality score from 0 to 100, with higher scores indicating better information quality[33]. The EQIP has been used to assess the quality of
online health information and has shown good reliability and validity in prior studies[34].

GQS. GQS is a 5-point global rating of overall usefulness and quality, ranging from 1 (very poor) to 5 (excellent)[35].

JAMA. The JAMA benchmark criteria are widely used to assess the quality and credibility of online health information. This tool evaluates four domains—
authorship, attribution, disclosure, and currency—to reflect source transparency, traceability, and reporting standards. Total scores range from 0 to 4, with 1
point assigned for each criterion met; higher scores indicate more complete reporting and greater credibility[36].

DISCERN. This study used the first 15 DISCERN items (Q1-Q15) to assess health information quality. Developed by Charnock et al., DISCERN is primarily used
to evaluate written health information on treatment choices and has demonstrated good reliability and validity[37]. Q1-Q8 assess reliability, whereas Q9-Q15
assess the quality of information on treatment options. Each item is scored from 1 to 5, with higher scores indicating better quality. The official Q1-Q15
version was used; Q16, the overall quality rating, was not included, to capture reliability and treatment-related content quality separately.

AIRM. AIRM is a 5-point global impression scale for evaluating the quality of AI-generated health education or patient education responses. It assesses
suitability for general readers, consistency with current evidence and mainstream consensus, clarity of grammar and syntax, and content completeness.
Higher scores indicate clearer, more complete responses that are more consistent with current evidence and clinical consensus. AIRM was first introduced
by Anastasio et al. in a study of frequently asked patient questions in foot and ankle surgery and was subsequently applied in other patient education
settings to evaluate the quality and usability of LLM responses, with some later studies reporting good interrater agreement[38–39].

Readability Measures
Seven established English readability formulas were used to assess each response: ARI, CLI, FKGL, FRES, GFOG, Linsear Write, and SMOG[40–45]. Except for
FRES, these indices can generally be interpreted as approximate grade-level requirements, with higher values indicating greater textual complexity; for FRES,
higher scores indicate easier readability. All indices were calculated using the same software tool to ensure consistency. Because different implementations
may vary in the calculation and scaling of Linsear Write, this index was used primarily for relative ranking and distributional comparison rather than for stand-
alone judgment of clinical readability.
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Statistical Analysis
Continuous variables are presented as medians and interquartile ranges, denoted as M (Q1, Q3). Because each question was repeatedly submitted across 12

platforms, creating clustering at the question level, rank-sum tests were used as exploratory tools for distributional comparison rather than for confirmatory
inference under strict independence assumptions. Overall differences across platforms and thematic modules were examined using the Kruskal-Wallis H
test, and correlations were assessed using Spearman rank correlation. All tests were two-sided, with α = 0.05. The analysis focused on overall distributional
differences and effect directions, without making strong inferences about platform superiority.

LPA was conducted in Mplus 8.11 by fitting models with one to five classes. As the number of classes increased, the log-likelihood improved, whereas the
AIC, BIC, and aBIC decreased continuously and reached their lowest values for the five-class model. The BLRT was significant for the two- to five-class
models, and entropy was highest for the five-class model (0.901). Based on the information criteria, BLRT, and classification accuracy, the five-class model
was selected.

To characterize conditional dependence among quality dimensions in LLM-generated patient education texts for hypertension with CKD, an exploratory
partial correlation network was estimated using a regularized Gaussian graphical model. Based on the observed results, the network included nine nodes:
PEMAT-P understandability, PEMAT-P actionability, EQIP-36, GQS, AIRM, JAMA, DISCERN (Q1-Q8), DISCERN (Q9-Q15), and SMOG. The network was estimated
in R 4.5.2 using EBICglasso, and a nonparanormal transformation was applied to improve robustness to skewed distributions and tied values. Edges
represent the direction and strength of conditional correlations after adjustment for all other nodes. Stability of edge weights and centrality was assessed
using 2,000 bootstrap resamples. Because network structure is sensitive to node selection and sample composition, these findings were interpreted
primarily as exploratory structural evidence.

Conventional statistical analyses were performed in IBM SPSS Statistics 25, LPA in Mplus 8.11, network analysis in R 4.5.2, and visualization in GraphPad
Prism 9 and related network packages.

Results

Text Characteristics

Characteristics of Patient Education Texts Generated by Different LLM Platforms for
Hypertension With CKD
Exploratory Kruskal-Wallis comparisons showed distributional differences across the 12 LLM platforms in text quality, readability, actionability, and length
(Table 2). Overall, the median PEMAT-P understandability, actionability, and total scores were 69.20, 20.00, and 55.60, respectively. The median EQIP-36 score
was 35.71; the median DISCERN (Q1-Q8), DISCERN (Q9-Q15), and total DISCERN scores were 26.00, 11.00, and 38.00; and the median JAMA score was 1.00.
Thus, although understandability was relatively better, the absolute levels of actionability and source transparency remained low. Descriptively, ERNIE Bot 5.0
Preview showed relatively high median PEMAT-P understandability (80.95) and total scores (64.70). DeepSeek-V3.2 also showed high understandability
(76.90), together with lower values on several readability indices and a higher FRES (33.25). In contrast, Perplexity had higher ARI, FKGL, GFOG, and SMOG
scores, indicating a greater English reading burden. Text length also varied substantially across platforms, with Ant Afu generating the longest texts and
Qwen 3.5-plus the shortest.
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Ta
Characteristics of Patient Education Texts for Hypert

Variables Total

(n = 240)

Baichuan Patient
Edition

(n = 20)

Baichuan Doctor
Edition

(n = 20)

Tencent
Yuanbao

(n = 20)

Ant Afu (n = 20) ChatGPT 5.1-
Thinking

(n = 20)

ChatGPT 5.2-
Thinking

(n = 20)

PEMAT-P
Understandability,
M (Q₁, Q₃)

69.20
(53.80,
76.90)

50.00
(38.50,61.50)

46.20
(38.50,55.72)

59.90
(50.00,69.20)

76.90
(69.20,85.95)

76.90
(69.20,77.68)

69.20
(61.50,76.90)

PEMAT-P
Actionability, M
(Q₁, Q₃)

20.00
(0.00,
40.00)

20.00 (0.00,20.00) 40.00
(40.00,40.00)

20.00
(0.00,28.75)

20.00 (0.00,20.00) 40.00 (0.00,45.00) 20.00 (0.00,4

PEMAT-P score,
M (Q₁, Q₃)

55.60
(44.40,
61.10)

41.65
(33.30,50.00)

44.40
(38.90,55.60)

45.75
(35.60,56.40)

61.10
(54.93,67.23)

61.10
(55.60,68.08)

55.60
(50.00,62.00)

EQIP 36 score, M
(Q₁, Q₃)

35.71
(28.79,
42.65)

33.09
(27.21,38.86)

41.97
(39.09,43.17)

32.53
(27.50,39.11)

32.68
(29.70,36.95)

41.18
(33.96,50.00)

37.50
(29.70,42.12)

DISCERN-(Q1-Q8)
Total, M (Q₁, Q₃)

26.00
(24.00,
29.00)

26.00
(25.00,28.00)

26.00
(24.50,27.00)

23.50
(21.75,29.00)

31.00
(30.00,31.00)

26.00
(22.75,28.00)

27.50
(22.00,30.25)

DISCERN-(Q9-
Q15) Total, M (Q₁,
Q₃)

11.00
(7.00,
19.00)

11.00 (7.00,20.25) 13.00 (9.50,21.25) 11.50
(7.00,21.00)

7.00 (7.00,17.00) 15.00 (8.00,18.50) 14.50 (8.00,17

DISCERN-(Q1-
Q15) Total, M (Q₁,
Q₃)

38.00
(33.00,
47.00)

35.50
(33.75,47.50)

38.50
(33.50,47.75)

36.00
(29.75,49.25)

38.50
(37.00,48.00)

41.00
(32.75,46.00)

41.50
(32.00,48.25)

Words, M (Q₁, Q₃) 460.50
(236.75,
714.25)

452.50
(386.00,514.25)

599.50
(542.00,663.00)

335.50
(113.50,777.25)

1094.50
(913.75,1419.75)

641.50
(382.00,834.75)

403.50
(358.25,614.7

Sentences, M (Q₁,
Q₃)

22.50
(12.00,
38.00)

20.50
(16.50,25.25)

29.50
(25.00,31.25)

10.50
(5.00,42.00)

68.50
(54.25,78.50)

31.00
(14.25,43.50)

18.00
(12.75,28.25)

Characters, M
(Q₁, Q₃)

2888.50
(1651.00,
4460.25)

2873.00
(2447.50,3367.75)

3758.50
(3499.75,4364.25)

2014.00
(690.25,5084.00)

7562.50
(6466.50,9600.25)

4189.50
(2445.00,5515.25)

2557.00
(2365.25,402

Letters, M (Q₁,
Q₃)

2642.00
(1407.50,
4078.25)

2595.00
(2211.75,3049.25)

3408.50
(3146.00,3847.75)

1887.50
(671.75,4678.75)

6848.50
(5782.25,8620.50)

3591.00
(2182.50,4809.75)

2303.00
(2020.00,349

Syllables, M (Q₁,
Q₃)

887.50
(466.50,
1358.00)

853.50
(757.75,1026.25)

1149.00
(1048.50,1289.75)

624.00
(229.50,1565.75)

2337.00
(1962.00,2871.00)

1192.50
(738.25,1606.50)

774.00
(678.25,1188

Complex Words,
M (Q₁, Q₃)

126.50
(65.75,
202.25)

119.50
(107.50,149.75)

162.00
(153.75,180.50)

87.50
(36.00,234.00)

374.50
(307.50,433.75)

175.50
(106.50,240.25)

122.50
(87.25,154.50

ARI, M (Q₁, Q₃) 18.70
(16.50,
20.46)

19.62
(19.09,20.69)

19.06
(18.29,19.99)

18.41
(17.16,19.92)

20.18
(19.33,20.70)

19.26
(18.30,22.59)

19.40
(17.76,23.31)

CLI, M (Q₁, Q₃) 16.82
(15.29,
18.19)

16.89
(16.35,17.76)

16.35
(15.43,17.30)

17.48
(16.25,18.50)

18.36
(17.99,19.29)

16.07
(13.79,17.59)

16.48
(14.71,17.23)

FKGL, M (Q₁, Q₃) 15.14
(13.88,
16.44)

16.01
(14.78,16.48)

15.28
(14.88,16.18)

16.26
(14.65,17.85)

15.85
(15.10,16.61)

14.46
(14.06,16.51)

15.88
(14.22,17.85)

FRES, M (Q₁, Q₃) 20.53
(12.59,
29.32)

20.17
(14.18,24.86)

21.73
(19.92,27.00)

16.37
(9.66,22.30)

11.95 (8.64,18.18) 24.19
(15.96,34.04)

20.87
(13.86,31.17)

GFOG, M (Q₁, Q₃) 19.16
(17.66,
20.83)

20.66
(19.00,20.95)

19.31
(18.81,20.51)

20.69
(18.43,22.22)

19.58
(18.98,20.61)

18.45
(17.86,20.64)

19.23
(17.80,21.60)

Linsear, M (Q₁,
Q₃)

80.00
(75.00,
84.00)

81.50
(75.25,84.00)

80.00
(76.75,82.25)

82.00
(78.00,86.12)

86.50
(81.75,90.25)

75.50
(69.50,77.25)

76.50
(74.75,84.75)

#: exploratory Kruskal-Wallis test; M: median; Q₁: 1st quartile; Q₃: 3rd quartile
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Variables Total

(n = 240)

Baichuan Patient
Edition

(n = 20)

Baichuan Doctor
Edition

(n = 20)

Tencent
Yuanbao

(n = 20)

Ant Afu (n = 20) ChatGPT 5.1-
Thinking

(n = 20)

ChatGPT 5.2-
Thinking

(n = 20)

SMOG, M (Q₁, Q₃) 16.36
(15.29,
17.69)

17.48
(16.60,18.00)

16.86
(16.35,17.57)

17.59
(15.70,18.80)

16.44
(15.98,17.16)

16.12
(15.36,17.84)

16.61
(15.38,18.55)

GQS score, M (Q₁,
Q₃)

4.00
(4.00,
4.00)

4.00 (3.75,4.00) 4.00 (4.00,4.00) 4.00 (3.00,4.00) 4.00 (4.00,4.00) 4.00 (4.00,4.25) 4.00 (4.00,4.2

AIRM, M (Q₁, Q₃) 4.00
(3.00,
4.00)

4.00 (3.00,4.00) 3.00 (3.00,3.00) 4.00 (3.00,4.00) 4.00 (3.00,4.00) 4.00 (3.75,4.00) 4.00 (3.00,4.0

JAMA score, M
(Q₁, Q₃)

1.00
(0.00,
1.00)

1.00 (1.00,1.00) 1.00 (1.00,1.00) 0.00 (0.00,0.00) 1.00 (1.00,1.00) 0.00 (0.00,1.00) 1.00 (0.00,1.0

#: exploratory Kruskal-Wallis test; M: median; Q₁: 1st quartile; Q₃: 3rd quartile

Characteristics of Patient Education Texts Generated Across Thematic Modules for
Hypertension With CKD
When grouped by content domain, LLM-generated texts showed overall distributional differences in quality, readability, actionability, and length (Table 3).
Descriptively, the Lifestyle Intervention and Long-Term Management module had the highest overall scores for EQIP-36 [39.15 (34.29, 43.36)], DISCERN (Q1-
Q8) [29.00 (26.75, 30.00)], DISCERN (Q9-Q15) [18.00 (13.00, 21.00)], and total DISCERN [47.00 (40.75, 50.00)], suggesting relatively better overall information
quality and reliability. The Risk Alerts and Special Considerations module showed higher PEMAT-P understandability [69.20 (61.50, 78.00)] and total PEMAT-P
[59.10 (52.17, 66.70)] scores. In contrast, Foundational Disease Knowledge and Screening, Diagnosis, and Stratification tended to score lower on PEMAT-P
actionability and total DISCERN. For readability, differences in ARI, CLI, FRES, and Linsear Write were statistically significant; notably, Screening, Diagnosis,
and Stratification had a higher FRES, indicating easier reading. By contrast, FKGL, GFOG, SMOG, GQS, and JAMA did not differ significantly across modules;
therefore, thematic comparisons should be interpreted cautiously.
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Table 3
Characteristics of Patient Education Texts for Hypertension With CKD Generated by LLM Platforms Across Thematic Modules

Variables Total

(n = 240)

Treatment
Targets and
Pharmacologic
Management

(n = 48)

Foundational
Disease
Knowledge

(n = 48)

Risk Alerts and
Special
Considerations

(n = 48)

Lifestyle
Intervention and
Long-Term
Management

(n = 48)

Screening,
Diagnosis, and
Stratification

(n = 48)

Statistic

PEMAT-P
Understandability,
M (Q₁, Q₃)

69.20
(53.80,
76.90)

61.50
(52.47,69.20)

61.50
(46.70,76.90)

69.20
(61.50,78.00)

69.20
(57.17,76.90)

64.10
(53.67,76.90)

χ²=11.55#

PEMAT-P
Actionability, M
(Q₁, Q₃)

20.00
(0.00,
40.00)

20.00 (0.00,40.00) 0.00 (0.00,40.00) 20.00 (0.00,40.00) 20.00
(15.00,40.00)

0.00 (0.00,25.00) χ²=13.37#

PEMAT-P score,
M (Q₁, Q₃)

55.60
(44.40,
61.10)

50.00
(38.90,61.10)

50.00
(38.00,62.00)

59.10
(52.17,66.70)

55.60
(44.40,65.20)

50.00
(38.90,56.48)

χ²=17.35#

EQIP 36 score, M
(Q₁, Q₃)

35.71
(28.79,
42.65)

38.52
(31.29,44.37)

29.29
(24.70,39.29)

35.61
(30.30,42.54)

39.15
(34.29,43.36)

33.17
(27.50,40.30)

χ²=20.66#

DISCERN-(Q1-Q8)
Total, M (Q₁, Q₃)

26.00
(24.00,
29.00)

26.00
(23.00,28.00)

25.00
(23.00,26.25)

27.00
(24.75,29.00)

29.00
(26.75,30.00)

26.00
(23.00,30.00)

χ²=18.64#

DISCERN-(Q9-
Q15) Total, M (Q₁,
Q₃)

11.00
(7.00,
19.00)

16.50
(10.00,21.00)

7.00 (7.00,10.00) 15.50 (9.00,21.00) 18.00
(13.00,21.00)

7.00 (7.00,8.00) χ²=88.85#

DISCERN-(Q1-
Q15) Total, M (Q₁,
Q₃)

38.00
(33.00,
47.00)

43.00
(34.00,48.25)

33.00
(30.75,37.00)

40.50
(36.00,49.00)

47.00
(40.75,50.00)

34.00
(30.00,38.00)

χ²=65.28#

Words, M (Q₁, Q₃) 460.50
(236.75,
714.25)

521.50
(333.50,722.50)

350.50
(157.00,709.75)

599.00
(356.75,885.00)

437.50
(255.00,641.25)

473.00
(224.25,766.00)

χ²=10.15#

Sentences, M (Q₁,
Q₃)

22.50
(12.00,
38.00)

27.00
(15.75,38.00)

18.00
(6.00,32.50)

28.00
(15.00,52.50)

21.00
(12.00,35.50)

22.00
(11.75,38.25)

χ²=10.29#

Characters, M
(Q₁, Q₃)

2888.50
(1651.00,
4460.25)

3383.00
(2296.75,4704.25)

2122.50
(899.00,4346.50)

3751.00
(2344.00,5497.50)

2884.00
(1692.25,4060.50)

2834.50
(1414.25,4824.25)

χ²=12.65#

Letters, M (Q₁,
Q₃)

2642.00
(1407.50,
4078.25)

3018.50
(2019.00,4161.00)

1985.00
(854.00,3901.50)

3502.00
(2054.75,5012.50)

2585.00
(1544.00,3665.25)

2642.00
(1199.75,4321.75)

χ²=12.74#

Syllables, M (Q₁,
Q₃)

887.50
(466.50,
1358.00)

1009.00
(705.75,1436.75)

673.50
(283.25,1338.75)

1153.00
(671.00,1673.75)

878.50
(511.00,1249.75)

886.00
(391.00,1461.75)

χ²=11.92#

Complex Words,
M (Q₁, Q₃)

126.50
(65.75,
202.25)

144.50
(108.25,206.00)

93.00
(40.00,192.50)

151.00
(100.75,235.75)

131.00
(69.50,175.75)

110.50
(50.50,206.25)

χ²=12.93#

ARI, M (Q₁, Q₃) 18.70
(16.50,
20.46)

19.27
(16.85,20.13)

17.86
(16.32,19.15)

19.13
(17.41,20.66)

19.02
(16.89,21.01)

17.93
(15.57,19.79)

χ²=11.40#

CLI, M (Q₁, Q₃) 16.82
(15.29,
18.19)

17.20
(16.07,18.21)

15.46
(14.00,17.54)

17.56
(16.96,19.29)

17.14
(16.04,18.46)

15.42
(13.68,17.34)

χ²=41.56#

FKGL, M (Q₁, Q₃) 15.14
(13.88,
16.44)

15.75
(14.72,16.65)

14.75
(13.58,16.16)

15.28
(14.43,16.50)

15.53
(13.72,16.55)

14.34
(13.22,15.98)

χ²=8.83#

FRES, M (Q₁, Q₃) 20.53
(12.59,
29.32)

17.44
(10.08,23.13)

23.76
(17.23,36.37)

17.61
(11.53,25.96)

18.62
(12.76,25.96)

26.66
(15.25,35.26)

χ²=21.14#

GFOG, M (Q₁, Q₃) 19.16
(17.66,
20.83)

19.59
(18.26,20.60)

18.89
(17.46,20.90)

19.18
(17.96,20.68)

19.57
(17.87,20.87)

18.55
(16.84,20.94)

χ²=3.61#

#: exploratory Kruskal-Wallis test

M: median; Q₁: 1st quartile; Q₃: 3rd quartile
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Variables Total

(n = 240)

Treatment
Targets and
Pharmacologic
Management

(n = 48)

Foundational
Disease
Knowledge

(n = 48)

Risk Alerts and
Special
Considerations

(n = 48)

Lifestyle
Intervention and
Long-Term
Management

(n = 48)

Screening,
Diagnosis, and
Stratification

(n = 48)

Statistic

Linsear, M (Q₁,
Q₃)

80.00
(75.00,
84.00)

82.50
(79.75,87.25)

76.00
(72.75,82.00)

80.00
(75.00,85.00)

81.50
(75.75,85.25)

75.00
(70.00,80.00)

χ²=36.18#

SMOG, M (Q₁, Q₃) 16.36
(15.29,
17.69)

16.46
(15.45,17.58)

16.26
(15.31,17.83)

16.34
(15.43,17.40)

16.61
(15.19,17.76)

16.07
(14.65,17.37)

χ²=1.87#

GQS score, M (Q₁,
Q₃)

4.00
(4.00,
4.00)

4.00 (4.00,4.00) 4.00 (4.00,4.00) 4.00 (4.00,5.00) 4.00 (4.00,4.00) 4.00 (3.00,4.00) χ²=9.30#

AIRM, M (Q₁, Q₃) 4.00
(3.00,
4.00)

4.00 (3.00,4.00) 4.00 (4.00,4.00) 4.00 (3.00,4.00) 4.00 (3.00,4.00) 4.00 (3.00,4.00) χ²=17.79#

JAMA score, M
(Q₁, Q₃)

1.00
(0.00,
1.00)

0.00 (0.00,1.00) 0.00 (0.00,1.00) 1.00 (0.00,1.00) 1.00 (0.00,1.00) 0.50 (0.00,1.00) χ²=4.35#

#: exploratory Kruskal-Wallis test

M: median; Q₁: 1st quartile; Q₃: 3rd quartile

Text Quality
Ridge plots showed marked heterogeneity in the distribution of text quality across platforms (Fig. 1). Overall, ChatGPT 5.1-Thinking, ChatGPT 5.2-Thinking,
DeepSeek-V3.2, ERNIE Bot 5.0 Preview, and Gemini 3-pro showed right-shifted distributions for PEMAT-P understandability, total PEMAT-P, EQIP-36, and total
DISCERN, indicating relatively better overall quality. In contrast, both Baichuan versions, Doubao, and Qwen 3.5-plus showed relatively left-shifted
distributions. Notably, PEMAT-P actionability remained low and widely dispersed across nearly all platforms, suggesting that being understandable does not
necessarily mean being actionable. By comparison, GQS and AIRM were more tightly distributed, with most platforms clustering in the mid-to-high score
range, whereas JAMA showed greater dispersion, indicating inconsistent source disclosure and transparency across platforms.

Half-violin plots showed heterogeneous distributions of text quality across thematic modules (Fig. 2). Overall, Lifestyle Intervention and Long-Term
Management showed higher total DISCERN [47.00 (40.75, 50.00)], EQIP-36 [39.15 (34.29, 43.36)], and AIRM scores, indicating relatively better overall quality
and information reliability. Risk Alerts and Special Considerations performed better on PEMAT-P understandability [69.20 (61.50, 78.00)] and total PEMAT-P
[59.10 (52.17, 66.70)]. Treatment Targets and Pharmacologic Management also ranked relatively high on EQIP-36 and total DISCERN. In contrast,
Foundational Disease Knowledge and Screening, Diagnosis, and Stratification tended to score lower on PEMAT-P actionability and total DISCERN, suggesting
that these themes were more likely to provide adequate explanation but limited support for action.

Text Readability
Radar plots showed marked heterogeneity in readability across thematic modules and platforms (Fig. 3). Across content domains, Risk Alerts and Special
Considerations and Lifestyle Intervention and Long-Term Management showed higher values on difficulty indices, including ARI, CLI, FKGL, GFOG, and SMOG,
whereas Screening, Diagnosis, and Stratification showed lower values and a higher FRES, indicating easier readability. Across platforms, Perplexity showed
consistently higher ARI, FKGL, GFOG, and SMOG scores, indicating the greatest English reading difficulty. Ant Afu also showed relatively high complexity, with
higher CLI and Linsear Write scores and a lower FRES. By contrast, DeepSeek-V3.2 showed lower values across multiple difficulty indices and the highest
FRES, with ERNIE Bot 5.0 Preview also performing relatively well. Importantly, despite these relative differences, the overall median FRES was only 20.53 and
the median SMOG was 16.36, indicating that the texts remained difficult in absolute terms and were not well suited for direct reading by the general patient
population. Because Linsear Write values were substantially higher than those of other grade-level formulas, this index is better interpreted as a
supplementary relative measure.

Correlation Analysis
The correlation heatmap showed clear clustering among the evaluation metrics (Fig. 4). Within the quality domain, PEMAT-P understandability was strongly
correlated with total PEMAT-P (r = 0.89). DISCERN (Q9-Q15) showed the strongest correlation with total DISCERN (r = 0.91), and DISCERN (Q1-Q8) was also
strongly correlated with total DISCERN (r = 0.71). EQIP-36 showed moderately strong positive correlations with DISCERN (Q9-Q15) and total DISCERN (r = 
0.56 and 0.59, respectively). Text length measures were highly correlated with one another, with words, sentences, characters, letters, syllables, and complex
words all showing high pairwise correlations (r = 0.92-1.00). Among readability formulas, ARI, FKGL, GFOG, and SMOG were strongly positively correlated,
whereas FRES was significantly negatively correlated with these indices (r = -0.63 to -0.79), indicating good consistency across readability measures.
Notably, PEMAT-P understandability, total PEMAT-P, and GQS were generally negatively correlated with ARI, FKGL, GFOG, and SMOG, but weakly positively
correlated with FRES, suggesting that more readable texts tended to have higher understandability and subjective overall quality. JAMA was positively
correlated with ARI, FKGL, GFOG, and SMOG, but negatively correlated with PEMAT-P understandability, GQS, and AIRM. Where these directions differ from
the partial correlation edges observed in the subsequent network, they should be interpreted as reflecting differences between marginal correlations and
conditional partial correlations rather than contradictory findings.
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Network Analysis

Network Structure
The exploratory network plot showed a relatively dense conditional dependence structure among the nine nodes, with both positive and negative
associations (Fig. 5). Overall, the strongest positive edge was observed between JAMA and DISCERN (Q1-Q8), suggesting strong concordance between
credibility-related features—such as source transparency, authorship, and citation standards—and the basic reliability captured by the first part of DISCERN.
Other relatively strong positive edges were observed between EQIP-36 and DISCERN (Q9-Q15), GQS and DISCERN (Q1-Q8), and EQIP-36 and PEMAT-P
actionability, indicating coordinated variation among overall material quality, subjective global quality, and actionability. Negative edges were concentrated
between JAMA and SMOG, JAMA and PEMAT-P understandability, and AIRM and PEMAT-P actionability, suggesting that credibility, understandability,
actionability, and readability did not increase in parallel across platforms and may instead reflect structural trade-offs. Given the dependence of network
structure on node selection and sample composition, these findings should be interpreted as exploratory structural evidence.

Centrality Analysis
Centrality analysis showed differences in the relative importance of nodes within the network (Fig. 6). Using strength as the primary index, JAMA and
DISCERN (Q1-Q8) had the highest centrality, indicating the strongest overall connectivity with other nodes and identifying them as the core metrics in the
network. GQS and EQIP-36 ranked next and also showed relatively high connectivity. By contrast, SMOG had the lowest strength, suggesting a more
peripheral position in the overall network. These findings indicate that, within the current indicator framework, source transparency and basic reliability may
play a more central role in linking other quality dimensions.

Stability Analysis
The stability of network centrality was assessed using a case-dropping bootstrap with 2,000 iterations (Fig. 7). The correlation stability coefficient for
strength was 0.71, exceeding the commonly recommended threshold of 0.50, indicating good stability of the estimated centrality under the current sample
and node specification. In addition, across different sampling proportions, the mean correlation between node centrality estimates and the original-sample
results remained high, with limited fluctuation overall. This stability supports the robustness of the current network estimation, but does not imply causal
interpretability of the observed network relationships.

Latent Profile Analysis

Model Fit and Class Enumeration
The LPA results showed that as the number of classes increased from 1 to 5, the AIC, BIC, and aBIC decreased continuously, indicating progressive
improvement in model fit (Table 4). Except for the 1-class model, the BLRT was significant for all 2- to 5-class models (all P = 0.01). Entropy increased from
0.769 for the 2-class model to 0.901 for the 5-class model, indicating improved classification accuracy. Based on the information criteria, BLRT, and entropy,
the 5-class model provided the best overall balance and was therefore selected as the final model.

Table 4
Fit indices for latent profile analysis models

Class AIC BIC aBIC Entropy BLRT p-value

1 4104.53 4146.298 4108.261 1 NA

2 3930.329 3996.461 3936.235 0.769 0.01

3 3882.371 3972.867 3890.454 0.771 0.01

4 3381.398 3496.259 3391.657 0.881 0.01

5 3360.259 3499.485 3372.694 0.901 0.01

Phenotypic Definition of the Latent Classes
The standardized mean profile plot of the 5-class model showed marked heterogeneity across latent classes in DISCERN, EQIP-36, JAMA, PEMAT-P
actionability, PEMAT-P understandability, and SMOG. Class 1 scored below the overall mean on DISCERN, EQIP-36, JAMA, and PEMAT-P actionability, with
PEMAT-P understandability near the mean and slightly lower SMOG, and was therefore defined as the overall low-quality profile. Class 2 showed higher EQIP-
36, JAMA, and PEMAT-P actionability, but lower DISCERN, near-average PEMAT-P understandability, and lower SMOG, and was defined as the high-
actionability/heterogeneous-quality profile. Class 3 had the highest or near-highest DISCERN and EQIP-36 scores, with both PEMAT-P dimensions also above
average, but the lowest JAMA and lowest SMOG, and was defined as the high-quality, readable profile with limited transparency. Class 4 scored above
average on both DISCERN and JAMA, with moderately elevated EQIP-36 and PEMAT-P actionability, near-average PEMAT-P understandability, and slightly
higher SMOG, and was defined as the comprehensively high-quality profile. Class 5 showed relatively high JAMA, but below-average DISCERN, EQIP-36, and
both PEMAT-P dimensions, together with the highest SMOG, and was defined as the low-quality, difficult-to-read profile. These classes should be interpreted
as statistical phenotypes derived from the current indicators rather than fixed natural subtypes.

Discussion
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A Dissociated Structure in LLM-Based Patient Education: Improved Understandability
but Lagging Actionability and Transparency
This study showed that, in patient education texts for hypertension with CKD, LLM outputs did not demonstrate synchronized performance across
understandability, actionability, transparency, and overall quality. Rather than reflecting a unidimensional gradient of overall superiority, their performance was
characterized by a multidimensional pattern. Most platforms were capable of producing fluent and structurally coherent explanatory texts, suggesting
advantages in linguistic simplification and information reorganization. However, these strengths were largely restricted to readability and did not consistently
extend to concrete behavioral guidance, disclosure of supporting evidence, or indicators of credibility. Will et al. reported that LLMs can improve the
readability of patient education materials, although performance varies substantially across platforms and outputs still require human review[10]. Clackett et
al. similarly found that LLM-based rewriting may improve readability but cannot replace clinical experts in ensuring accuracy and safety[11]. In clinical tasks

requiring contextual judgment and guideline translation, current models still underperform experts in accuracy, safety, and guideline concordance[13, 34].
Because patient education materials have long carried an excessive reading burden, LLMs may still have practical value for language simplification[8]. Taken
together, these findings suggest that LLMs are better suited to the initial transcription, compression, and reorganization of complex medical information than
to the independent generation of high-quality patient education content. Without clinical review and risk calibration, linguistic fluency alone cannot ensure
safety or appropriateness.

In a Comorbidity Setting, Limited Actionability May Pose Greater Clinical Risk Than
Unclear Wording
For patient education in hypertension with CKD, the key task is to translate evidence-based recommendations into concrete, executable behaviors rather than
merely explain disease concepts. The 2021 KDIGO blood pressure guideline emphasizes standardized blood pressure measurement, home blood pressure
monitoring, and treatment targets, while the 2024 KDIGO CKD guideline further specifies GFR and albuminuria assessment, risk stratification, and recognition
of complications[46–47]. These features make patient education in this setting numerically explicit, monitoring-intensive, and exception-sensitive. If a text
remains limited to general advice such as low-salt diet and regular medication use, without specifying follow-up timing, abnormality recognition, or
precautions related to kidney function stratification, patients may understand the content yet still fail to implement appropriate management[46–47].
Understandability does not equal actionability, and clear wording does not necessarily translate into behavioral execution. Previous studies have linked
limited health literacy to poorer self-management, worse outcomes, and higher health care utilization[48]. Boonstra et al. further showed that patients with
CKD and low health literacy face greater barriers to disease understanding, active participation, and behavior change[49]. Patient education should therefore
move beyond lowering reading difficulty alone and toward constructing safe, specific behavioral guidance. Without clear action instructions, its clinical utility
remains limited.

Exploratory Network Analysis Suggests That Source Transparency and Basic Reliability
Are Key Nodes
The network analysis showed that source disclosure, traceability of evidence, and basic reliability occupied central positions in the quality network, indicating
that transparency is a structural determinant of patient education quality rather than a secondary attribute. Readable text is not necessarily trustworthy.
Without authorship, update information, and evidence sources, even concise and accessible language is difficult to regard as truly useful educational
material[34]. This also helps explain why improving expression alone is insufficient to raise overall educational quality. Walker et al. identified inadequate
evidence disclosure as a major weakness of LLM-based patient education[34]. A systematic review by Huo et al. further showed substantial heterogeneity in
reporting quality and safety presentation across studies of LLM-generated health advice, underscoring the need to prioritize transparency and standardized
evaluation in clinical integration[50]. For high-risk populations such as patients with hypertension and CKD, this limitation may have more direct
consequences. If source traceability and guideline concordance are lacking, fluent language alone may produce texts that are easy to accept but difficult to
verify. Patient-friendly language detached from evidence transparency is unlikely to improve educational effectiveness and may instead increase the risks of
misinformation and inappropriate use.

Practical Implications for Intelligent Patient Education Systems for Hypertension With
CKD
Based on these findings, the appropriate role of LLMs in patient education for hypertension with CKD is as tools for draft generation and structural
reorganization within a supervised workflow, rather than as independent systems operating outside clinical review. A more feasible approach is to build
scenario-specific prompt templates grounded in authoritative guidelines, embedding key elements such as blood pressure targets, home monitoring, and
sodium restriction[46–47]. LLMs can then perform patient-oriented language translation, after which human review should ensure consistency with evidence
and clinical recommendations. This approach aligns well with the educational needs of patients with CKD. Allen et al. reported that patients with CKD expect
personalized disease education and are receptive to digital formats[51]. Boonstra et al. likewise showed that patients with low health literacy face greater
barriers to disease understanding and behavior change[49]. Future system optimization should therefore focus on improving the patient usability of evidence
by increasing specificity, actionability, and traceability. Subsequent work may advance in four directions: standardized prompt templates, guideline-based
retrieval augmentation, structured modules for action instructions, and pre-positioned risk information. Only by establishing a closed loop of language
translation, evidence binding, and risk verification can LLM-based patient education systems meet the requirements of clinical use.

Limitations and Future Directions
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Limitations
This study has several limitations. First, to ensure cross-platform comparability, all queries were submitted in English and outputs were evaluated primarily
with English readability formulas. Although this design improved internal consistency, it does not fully reflect real-world interactions of Chinese-speaking
patients. Therefore, the findings are more applicable to cross-platform comparisons under standardized English prompts than to the actual reading
experience of Chinese patient education materials. Second, because the same questions were repeatedly submitted across platforms, the data had both
question-level clustering and repeated-measures structures. Accordingly, the rank-based tests used here are better interpreted as exploratory distributional
comparisons, and future studies should validate these findings using mixed-effects models or generalized estimating equations (GEE) with questions treated
as a random effect. Third, this study compared the actual outputs of publicly available platforms in their default product forms. Because native retrieval
functions, system prompts, length controls, and other product settings may differ across platforms, the results are more appropriately interpreted as
platform-level output comparisons than as purely standardized comparisons of underlying model capability. Fourth, although this study systematically
assessed understandability, actionability, information quality, source transparency, and readability, and further used network analysis and LPA to characterize
structural relationships and heterogeneity across indicators, it did not establish a sentence-level gold standard for factual verification. Nor did it grade the
clinical severity of errors, potential harm, or consequences of deviation from guidelines. The results therefore represent statistical characterizations of output
quality rather than definitive validation of clinical safety. Fifth, both network analysis and LPA are structure-discovery methods, and their results depend on
the selected indicators, sample composition, and model specification. Although the stability analysis suggested reasonable robustness of network centrality,
these methods do not support causal inference, and the latent classes should not be interpreted as fixed natural subtypes. Sixth, the evaluation relied mainly
on professional raters and did not include real-world usability testing by patients, family caregivers, or individuals with limited health literacy. It also did not
examine whether generated texts improved disease knowledge, home blood pressure monitoring, diet and medication management, or follow-up adherence.

Future Directions
In light of these limitations, future research should move beyond cross-sectional quality comparison toward an integrated strategy combining standardized
evaluation, system optimization, and real-world validation. First, a standardized evaluation framework for patient education in hypertension with CKD should
be established. With model version locking, prompt disclosure, repeated sampling, and multi-round retesting, future studies should systematically assess the
stability and drift of outputs across prompt templates, languages, and interaction rounds, while preferentially using mixed-effects models to account for
repeated measurements at the question level and improve interpretability and comparability across studies. Second, research should shift from comparing
general-purpose models to evaluating customized patient education systems. Guideline statements, medication-monitoring rules, thresholds for abnormal
indicators, referral criteria, and recognition of red-flag symptoms should be incorporated into retrieval-augmented or rule-constrained systems, with LLMs
used primarily for patient-friendly language generation. This approach may improve accuracy, verifiability, and risk control simultaneously. Third, future work
should incorporate real Chinese-language interaction settings, adopt readability or linguistic complexity metrics more suitable for Chinese corpora, and test
their effects on knowledge acquisition, risk recognition, and disease-management behaviors in real patients. Finally, multicenter real-world studies are
needed to compare three approaches—human-written materials, direct output from general-purpose LLMs, and workflows combining retrieval augmentation,
rule constraints, and human review—with respect to safety, acceptability, comprehension, and behavior change. Such evidence would provide stronger
external validity for the regulated use of generative artificial intelligence in chronic disease patient education.

Conclusion
This study showed that, under standardized English prompts, patient education texts for hypertension with CKD generated by cross-platform LLMs exhibited
marked multidimensional heterogeneity. Relative to actionability and source transparency, understandability was generally better; however, in absolute terms,
the overall reading burden remained high. Most platforms produced fluent, well-structured explanatory texts, but shared limitations in evidence disclosure,
content traceability, and translation of recommendations into concrete action instructions. Exploratory network analysis suggested that source transparency
and basic reliability had high connectivity within the overall quality structure. LPA further indicated that platform outputs were better characterized as several
statistical quality phenotypes rather than a simple high-versus-low hierarchy.

These findings are broadly consistent with previous evidence showing that LLMs can improve the wording and readability of patient education materials, but
such gains do not necessarily extend to reliability, actionability, or clinical usability[11–12]. For disease-management tasks such as hypertension with CKD,
which depend heavily on guideline translation, risk stratification, and individualized judgment, improved understandability alone is insufficient to support safe
and accurate self-management. At present, LLMs are better positioned as supportive tools within evidence-based patient education workflows for draft
generation, language simplification, and structural reorganization, rather than as independent sources of advice without clinical review. Future research and
practice should focus on source transparency, completeness of action instructions, applicability in Chinese-language settings, and safety verification
mechanisms to establish more targeted multidimensional evaluation and intervention frameworks.
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Figure 1

Distribution of actionability, information quality, and overall quality of patient education texts for hypertension with CKD generated across platforms
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Figure 2

Distribution of actionability, information quality, and overall quality of patient education texts for hypertension with CKD across thematic modules
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Figure 3

Readability of patient education texts for hypertension with CKD across thematic modules and platforms
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Figure 4

Correlation analysis of quality, readability, and actionability of patient education texts for hypertension with CKD generated by cross-platform LLMs

Figure 5

Network structure of quality, readability, and actionability metrics in LLM-generated patient education texts.

Note:Nodes represent the evaluation metrics included in the analysis, and edges represent regularized partial correlations between nodes. Green edges
indicate positive correlations, red edges indicate negative correlations, and thicker edges indicate stronger associations. Abbreviations: PEMAT-P-U, PEMAT-
P understandability; PEMAT-P-A, PEMAT-P actionability; EQIP-36, Ensuring Quality Information for Patients; DISCERN-R, DISCERN (Q1-Q8); DISCERN-T,
DISCERN (Q9-Q15); GQS, Global Quality Score; AIRM, Artificial Intelligence Response Measurement; JAMA, JAMA benchmark criteria.
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Figure 6

Centrality analysis of the network of quality, readability, and actionability metrics in LLM-generated patient education texts
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Figure 7

Stability of centrality
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Figure 8

Profile plot of latent class characteristics
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