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Abstract

Background: Patient education materials (PEMs) are essential for improving health literacy and clinical outcomes. Although
large language models (LLMs) hold promise for optimizing content, their performance in generating new PEMs remains unclear.

Objective: This study aimed to summarize the current evidence on LLMs in generating new PEMs, evaluate readability, quality,
and usability in various health care settings, and guide future research and practice.

Methods: This review followed PRISMA-ScR (Preferred Reporting Items for Systematic Reviews and Meta-Analyses extension
for Scoping Reviews) guidelines. A comprehensive literature search was conducted in PubMed, Embase, Cochrane Library, Web
of Science, and Scopus from January 1, 2000, to January 1, 2026. Eligible studies were English-language original research studies
that evaluated new PEMs generated by LLMs in health care using information assessment tools. Two reviewers independently
screened records and extracted data. We conducted a quantitative analysis of the characteristics of the included literature.
Furthermore, we classified the PEMs based on core educational tasks and clinical scenarios, and compared their readability,
quality, and usability.

Results: Thirty studies were included, including 11 LLMs and more than 30 diseases; most compared multiple LLMs and used
a single prompt. PEMs were classified into 5 categories: perioperative patient education (n=8), chronic disease management
education (n=6), specialty disease diagnostic and therapeutic education (n=9), pharmacotherapy safety and adherence education
(n=3), and public health and prevention education (n=4). In terms of readability, only 3 records achieved a sixth-grade reading
level. Specialty disease diagnostic and therapeutic education performed relatively well, while chronic disease management
education had poor readability. The DeepSeek series demonstrated the most consistent performance. In terms of quality, most
records were rated as good or higher. Specialty disease diagnostic and therapeutic education showed a polarized distribution,
with both high and low quality ratings. Pharmacotherapy safety and adherence education and public health and prevention
education had no poor-quality ratings. The ChatGPT series performed relatively well. In terms of usability, most records performed
well in understandability but poor in actionability. Perioperative patient education showed a relatively balanced performance.

Conclusions: LLMs offer a transformative opportunity for developing effective and high-quality PEMs, but they currently fail
to meet health literacy standards, particularly in readability and actionability. Future efforts must shift from performance evaluation
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to implementation strategies. Only through rigorous validation and equitable deployment can LLMs truly improve patient
education.

(J Med Internet Res 2026;28:e98084) doi: 10.2196/98084
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Introduction

Background
Patient education materials (PEMs) are key tools for improving
patients’ health literacy, enhancing treatment adherence, and
improving clinical outcomes [1-3]. However, the effectiveness
of PEMs is largely limited by their readability [4-9]. The
National Institutes of Health (NIH) recommends that medical
information be written at a sixth-grade reading level to
accommodate the health literacy of the general population [10].
Unfortunately, due to the overuse of technical terminology,
traditional manually written materials often fail to meet this
standard and are costly, time-consuming, and labor-intensive,
which limits access to information and exacerbates health
inequalities [11-13].

In recent years, breakthroughs in generative AI (GenAI) have
opened up new opportunities to address this challenge
[11,14-17]. Technologies such as large language models
(LLMs), with their powerful natural language processing
capabilities, can efficiently generate structured, personalized
medical content [18,19]. As tools like ChatGPT and Google
Gemini become increasingly widely adopted by the public, more
and more patients and clinicians are beginning to use LLMs to
obtain health information or assist in creating educational
materials [15,16,20]. Evidence suggests that LLMs have great
potential in simplifying text and explaining complex treatment
regimens, and are expected to alleviate the limitations of
traditional materials such as high costs and long update cycles
[21-23].

Despite rapid development, the efficacy and safety of LLMs in
generating PEMs remain controversial [24-27]. Most existing
studies focus on a single disease or a specific model, with
inconsistent results [28-30]. Some studies indicate that
model-generated content performs well in terms of technical
accuracy, but often has problems such as poor readability,
insufficient actionable guidance, and the potential risk of
hallucinations [28,31-33]. Patients generally have low digital
health literacy and are more accustomed to directly accessing
the internet or using LLMs to search for health knowledge,
rather than actively consulting evidence-based clinical guidelines
[28,31-33]. Furthermore, there is currently a lack of systematic
reviews of different disease areas, model performance, and the
use of evaluation tools, making it difficult to reach a unified
consensus on clinical application [34-36]. Notably, current
evaluations usually rely mainly on expert judgment or generic
metrics, while patient involvement is still largely lacking
[32,37].

Objective
Although prior reviews have explored the broader application
of LLMs in patient education, they have not systematically
focused on the generation of new PEMs. The emerging evidence
base for their performance in different clinical scenarios remains
fragmented. Given the heterogeneity of the literature in terms
of study designs, evaluation methods, and reporting depth, we
conducted a scoping review to map the landscape rather than
to estimate pooled effect sizes.

The primary objective of this review was to synthesize the
published literature on assessing the performance of new PEMs
generated by LLMs. The specific objectives were to (1)
characterize the clinical scenarios or core educational tasks
addressed by these materials; (2) identify the information
assessment tools used to evaluate their readability, quality, and
usability; and (3) synthesize the findings reported across these
evaluative dimensions and compare the performance of LLMs.
These findings are expected to provide a basis for improving
the design, evaluation, and implementation of LLMs, and for
promoting more consistent and comparable assessment across
future studies.

Methods

Protocol and Registration
This scoping review was designed to systematically map and
synthesize evidence on the readability, quality, and usability of
LLM-generated new PEMs across clinical settings. The review
followed the methodological framework proposed by Arksey
and O’Malley [38] and was reported in accordance with the
PRISMA-ScR (Preferred Reporting Items for Systematic
Reviews and Meta-Analyses extension for Scoping Reviews)
[39] guidelines, and a completed checklist is provided in
Multimedia Appendix 1. The review protocol was registered in
the Open Science Framework (OSF registration number:
EN425).

Information Sources
We conducted a systematic search in PubMed, Embase, the
Cochrane Library, Web of Science, and Scopus. The searches
were limited to peer-reviewed papers published between January
1, 2000, and January 1, 2026. We also conducted backward and
forward citation tracking for the included studies. The final
search was completed on January 25, 2026. Additionally, grey
literature databases were not searched because they may lack
complete information on study design or data collection, and
are not necessarily peer-reviewed, which could compromise the
standardization of data extraction and the reliability of
comparisons across studies.
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Search
The search strategy was developed and refined by 2 researchers
(CL and YC) with the assistance of a research librarian. It was
structured around 2 core concepts: LLMs and PEMs. Controlled
vocabulary and free-text terms were combined using Boolean
operators. The search syntax and concept-block structure were
adapted to the indexing system and functionality of each
database. Apart from publication-date limits, no filters were
applied for language, age, or publication type at the search stage.
The full search strategy is provided in Multimedia Appendix 2.

Eligibility Criteria
Eligibility criteria were defined a priori using the population,
concept, and context (PCC) framework [40] recommended for

scoping reviews (Textbox 1). In this review, the population
referred to implemented LLMs relevant to health care, the
concept referred to new PEMs generated by LLMs and its
evaluation, and the context referred to any health care setting.
Original studies published in English that evaluated new PEMs
generated by LLMs in health care using information assessment
tools were included, provided that the full text was available.
The exclusion of literature other than English is due to the
significant differences in syllabic structure, orthography, and
syntax between different languages, which may affect the
consistency of evaluation criteria and the comparability of
evaluation results.

Textbox 1. Inclusion and exclusion criteria.

Inclusion criteria:

• Use large language models (LLMs) to generate text for patient education.

• Generate text for patients with any disease or undergoing any treatment process.

• Create new patient education materials (PEMs).

• Evaluate the text generated by the model using information assessment tools.

Exclusion criteria:

• Duplicate literature;

• LLMs were not used to generate PEMs.

• The generated text was not patient-centered health education.

• Improved existing PEMs rather than generating new ones.

• Review, grey literature, protocols, conference papers, letters, and other literature without full text.

• Studies published in languages other than English.

Selection of Sources of Evidence
One researcher (CL) conducted the literature search. All
retrieved records were imported into NoteExpress, and duplicate
entries were removed. Two researchers (CL and XL)
independently screened the titles and abstracts to assess whether
they met the inclusion criteria. Records judged potentially
eligible or unclear by either researcher proceeded to full-text
assessment. The same 2 researchers (CL and XL) then
independently conducted a detailed assessment based on the
eligibility criteria. Reasons for exclusion at the full-text stage
were documented and reported in the PRISMA flowchart.
Disagreements at any stage of the screening process were
resolved by consultation with a senior researcher (ML).

Data Charting Process
Two independent reviewers (CL and YC) developed a
standardized data extraction form in Microsoft Excel. The form
was piloted on 3 randomly selected included studies and refined
to ensure consistent interpretation of variables and coding rules.
One researcher (CL) initially was responsible for data charting,
and another researcher (JL) independently verified the extracted
data for accuracy and consistency. Any discrepancies were
resolved through discussion, and a third researcher was
consulted when necessary (ML).

Data Items
The data extracted from each included study included title,
publication year, journal, first author, name and version of the
LLMs, input instructions of LLMs, diseases, evaluation
indicators, evaluator characteristics, data collection time, and
main conclusions. We also extracted the information assessment
tools used in each study such as DISCERN [41]. Although the
assessment tools varied across studies, most evaluated at least
one of the following domains: (1) readability, including language
difficulty and reading fluency; (2) quality, including the
reliability, accuracy, and completeness of the generated content;
and (3) usability, including the understandability and
actionability of PEMs. All tools used to evaluate these domains
and their corresponding results in each study were extracted
completely.

Critical Appraisal of Individual Sources of Evidence
In accordance with scoping review methodology, we did not
conduct a formal methodological quality appraisal or risk-of-bias
assessment. This study was designed to map the range and
characteristics of the available evidence rather than to evaluate
intervention effects or the strength of evidence outcomes.
Although no formal appraisal was performed, this limitation
was acknowledged and considered when interpreting the
findings.
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Synthesis of Results
All charted data were synthesized using descriptive and narrative
methods. The calculation of frequencies and percentages was
performed using Microsoft Excel. To visually present evaluation
gaps, we classified the PEMs evaluated in each included study
and compared their readability, quality, and usability. Findings
were summarized using tables and figures to support
interpretability and transparency.

Results

Overview
The study screening process is summarized in the PRISMA-ScR
flow diagram (Figure 1). A total of 1113 records were retrieved
from the 5 databases. After removing 619 duplicates, 494
records were screened for titles and abstracts, of which 405
were excluded. The remaining 89 reports were sought for
retrieval, and 4 were not retrieved. Following full-text review,
30 studies [42-71] met the inclusion criteria.

Figure 1. PRISMA-ScR (Preferred Reporting Items for Systematic Reviews and Meta-Analyses extension for Scoping Reviews) flow diagram. LLM:
large language model; PEM: patient education material.

Data Summary
As shown in Table 1, a total of 5 studies [52-54,67,68] evaluated
a single model, while 25 studies [42-51,55-66,69-71] compared
multiple models. Included studies covered 11 different LLM
families. All studies included models from the ChatGPT family;

the Google Gemini family appeared in 14 studies
[42,45-47,49-51,59-62,64,65,69], and the DeepSeek family
appeared in 6 studies [43,45,56-58,71]. Other evaluated models
included Google Bard (n=3), Anthropic Claude (n=2), Meta
Llama (n=2), and Microsoft Copilot (n=2).
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Table 1. Characteristics of included articles.

Main conclusionDiseaseCollection dataSample sizeInstructionLLMsaAuthor, year

Gemini generated shorter,
more original content, yet

3 Neurological dis-
eases: Parkinson,
Alzheimer, migraine

February 14-22, 2024UnknownPromptChatGPT 3.5,
Gemini 1.5.2

Aayush et al,
2025 [42]

neither demonstrated clear
superiority, and PEMs need
to continue optimizing.

ChatGPT and DeepSeek per-
formed similarly in under-

Imaging diagnosis of
stroke

March 1-8, 2025UnknownPromptDeepSeek,
ChatGPT 4

Mohammed et
al, 2025 [43]

standing and readability, and

are both suitable for PEMsb.

LLMs, particularly ChatGPT-
4, can produce high-quality,
readable PEMs on IIH.

Idiopathic intracranial
hypertension (IIH)

November-December
2023

2 researchersPrompt (20
repetitions)

ChatGPT 3.5,
ChatGPT 4,
Google Bard

Qais et al, 2025
[44]

Despite their potential, LLM-
generated leaflets were less

Carpal tunnel release
(CTR), total hip arthro-

UnknownUnknownPromptChatGPT, Gem-
ini, DeepSeek,
RCS England

Jamila et al,
2025 [45]

readable than professional
ones.

plasty (THR), total knee
replacement (TKR)

GPT and Gemini matched
professional content in quality

6 ear, nose, and throat
(ENT) conditions: sep-

May 20256 surgeons5 questionsChatGPT-4-tur-
bo, Gemini 2.5
Pro, ENT UK

Ali et al, 2025
[46]

but required higher reading
levels, failing to meet recom-
mended literacy standards.

tal perforation, juvenile
nasopharyngeal angiofi-
broma, otosclerosis,
vestibular migraine,
tracheomalacia in chil-
dren, and thyroglossal
cyst

ChatGPT and Gemini
demonstrated high readability,

Gestational diabetes
mellitus (GDM)

May 8, 20248 experts, dia-
betes nurses

32 questionsChatGPT, Gem-
ini

Nuran et al,
2025 [47]

comprehensibility, and action-
ability on GDM.

ChatGPT 3.5 scored the most
poorly, ChatSonic indicated

Cataract surgeryOctober 20233 researchersPromptChatGPT 3.5,
Pi, Google

Polly et al, 2025
[48]

promise in assisting informa-
tion giving in ophthalmology.

Bard, Perplexi-
ty, Bing AI,
ChatSonic,
Moorfields

GPT-4 excelled in understand-
ability; Llama 3.1-405B led

Postoperative guidance
after tooth extraction

Unknown5 dentistsPromptChat GPT4.0,
Claude 3.5 Son-

Gowri et al,
2025 [49]

in reliability. LLM outputs(PGTE), tooth extrac-net, Gemini 1.5
required refinement to meet
PEMs standards.

tion (TE), brushing
techniques (BT), oral
cancer screening (OCS)

Flash, Llama
3.1-405B

LLMs produced high-quality
PEMs but with poor readabil-

Chemotherapy-induced
cardiotoxicity

August 20242 researchers10 questionsChatGPT 3.5,
Microsoft Copi-
lot, Gemini 1.0

Christoph et al,
2025 [50]

ity, still usable but not substi-
tutes for doctors. The best
LLMs lack consensus.

Pro, AI Version
24.0

ChatGPT and Gemini were
equally effective in creating
PEMs in 2 diseases.

Varicose veins and
deep vein thrombosis of
the lower extremities

February 20252 vascular sur-
geons

PromptChatGPT 3.5,
Gemini

Jing et al, 2025
[51]

ChatGPT-4 produced high-
quality TKA PEMs as good

Total knee arthroplasty
(TKA)

Unknown2 orthopedic
resident physi-
cians

Prompt (5 rep-
etitions)

ChatGPT 4,
Clinical writing

Kirk et al, 2025
[52]

as human-generated re-
sources, but limited by read-
ability. Future LLM develop-
ers should work with physi-
cians.

J Med Internet Res 2026 | vol. 28 | e98084 | p. 5https://www.jmir.org/2026/1/e98084
(page number not for citation purposes)

Li et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Main conclusionDiseaseCollection dataSample sizeInstructionLLMsaAuthor, year

LLMs were more readable
than web pages, which offered
better visuals and guidance.
Combining both could en-
hance PEMs. Further research
is needed on integrating
LLMs into public health
communication.

MonkeypoxAugust 20-30, 20241 epidemiolog-
ical re-
searcher, 1
doctor

Prompt (10
repetitions)

ChatGPT-4o,
Web page

Shinya et al,
2025 [53]

LLMs produced accurate and
operable PEMs, but was at a
high reading level for pa-
tients.

Ostomy CareUnknown10 researchersPromptChatGPT 4Hatice et al,
2025 [54]

LLMs produced readable

PEMs approaching AAOc

standards, yet often exceed
the 6th-grade level, and show
promise in increasing accessi-
ble PEMs availability.

15 Ophthalmic diseasesSeptember 2024UnknownPromptAAO, ChatG-
PT-4o, Mi-
crosoft Copilot,
Llama-3.1-70B-
Instruct

Allison et al,
2025 [55]

ChatGPT and DeepSeek were
similar but fall short in read-
ability, originality, and action-
ability, requiring human
oversight for clinical use.

4 Chronic diseases:
epilepsy, heart failure,
chronic obstructive pul-
monary disease, chronic
kidney disease

April 10-17, 20252 researchersPromptChatGPT-4o,
DeepSeek V3

Jaziya et al,
2025 [56]

All LLMs scored “fair,” re-
quiring better practices and
personalization. DeepSeek R1
and ChatGPT-4o produced
more readable PEMs, both
were prioritized for assisting
patients.

Lumbar discectomy
(LD), spinal fusion
(SF), decompressive
laminectomy (DL)

February 1, 20252 researchersPromptDeepSeek V3,
DeepSeek R1,
ChatGPT-4o,
ChatGPT-o3-
mini

Mi et al., 2025
[57]

ChatGPT responses were
more reliable; DeepSeek’s
more readable, both lacked
attention to psychosocial and
cultural aspects of patient
care.

Bariatric surgeryJanuary-April 20253 surgeons30 questionsChatGPT 4,
DeepSeek R1

Shuai et al,
2025 [58]

Gemini provided more read-
able content; ChatGPT of-
fered greater detail. Both effec-
tively generated reliable
PEMs for glucagon-like pep-
tide-1.

3 new oral hypo-
glycemic agents:
Semaglutide,
Tirzepatide, Liraglutide

June 2024UnknownPromptChatGPT 3.5,
Gemin

Nithin et al,
2025 [59]

LLMs, particularly ChatGPT-
4, can generate readable and
high-quality PEMs for parents
on ROP.

Retinopathy of prematu-
rity (ROP)

December 2023-Jan-
uary, 2024

3 researchersPrompt (20
repetitions)

ChatGPT 3.5,
ChatGPT 4,
Gemini

Qais et al, 2025
[60]

ChatGPT-4o produced PEMs
with high accuracy, quality,
and understandability.

Childhood myopiaOctober-December
2024

2 researchersPrompt (20
repetitions)

Gemini, ChatG-
PT 3.5, ChatG-
PT-4o (o1 Pre-
view)

Mohammad et
al, 2025 [61]

LLMs demonstrated strong
potential in generating high-
quality, understandable, accu-
rate, and empathetic content,
though readability required
further enhancement.

Thyroid eye diseaseOctober 10, 20242 researchersPrompt (20
repetitions)

ChatGPT-4o,
Claude 3.5,
Gemini 1.5

Yuwan et al,
2025 [62]

ChatGPT 4 proved more effec-
tive than ChatGPT 3.5 in pro-
ducing sixth-grade-level
PEMs for common hand con-
ditions.

50 Common hand
pathologies

UnknownUnknownPromptChatGPT 3.5,
ChatGPT 4

George et al,
2025 [63]
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Main conclusionDiseaseCollection dataSample sizeInstructionLLMsaAuthor, year

LLMs, particularly ChatGPT-
4, generated high-quality, ac-
curate, and readable PEMs on
DED.

Dry eye disease (DED)January 13-March 9,
2024

2 researchersPrompt (20
repetitions)

ChatGPT 3.5,
ChatGPT 4,
Gemini Ad-
vanced

Qais et al, 2025
[64]

Web pages and LLMs failed

to meet AMAd readability
standards and were poor
quality and reliability. Future
LLMs must enhance readabil-
ity while ensuring reliability.

Meniere diseaseUnknown2 researchers7 questionsChatGPT, Gem-
ini, Web page

Salahaldin et al,
2025 [65]

ChatGPT-4o produced poor-
quality, excessively complex
responses. Fine-tuning im-
proved readability to 8th-9th
grade levels.

Autologous chondro-
cyte implantation (ACI)

February 1-2, 20252 researchers22 questionsChatGPT-4o,
ChatGPT-4o
(Fine-tuned as
‘ACI Guide’)

Maha et al,
2025 [66]

PEMs were reasonable regard-
ing understandability and ac-
tionability. The Turkish read-
ability level was also reason-
able and easily understand-
able.

Lymphedema after
breast cancer surgery

Unknown10 researchers12 questionsChatGPT 4Gülseren et al,
2025 [67]

ChatGPT failed to meet stan-
dards with inconsistent accu-
racy; not recommended for
medication education.

8 common drugs: Al-
buterol, Apixaban,
Atorvastatin, Hy-
drocodone, Insulin
Glargine, Levofloxacin,
Omeprazole, Valsartan

Unknown2 researchersPromptChatGPT, Lexi-
Comp®

Elizabeth et al,
2025 [68]

LLMs, particularly ChatGPT-
4o, delivered useful myopia
education but needed refine-
ment for complex queries.

MyopiaJune-August 20245 researchers35 questionsChatGPT 3.5,
ChatGPT 4,
ChatGPT-4o,
Gemini

Xuewei et al,
2025 [69]

LLMs serve as supplementary
tools for generating high-
quality, accurate PEMs and
enhancing readability.

Childhood glaucomaOctober-November
2023

3 researchersPrompt (20
repetitions)

ChatGPT 3.5,
ChatGPT 4,
Google Bard

Qais Dihan et
al, 2025 [70]

ChatGPT and DeepSeek are
valuable supplements to, but
not replacements for, expert-
verified educational resources
in rheumatology.

Systemic Lupus Erythe-
matosus (SLE), Sys-
temic Sclerosis, Der-
matomyositis

March 20-27, 2025UnknownPromptChatGPT 4,
DeepSeek V3

Amruth A Al-
luri et al, 2025
[71]

aLLM: large language model.
bPEM: patient education material.
cAAO: American Academy of Ophthalmology.
dAMA: American Medical Association.

Regarding the instruction, 22 studies (73%)
[42-45,48,49,51-57,59-64,68,70,71] used a single prompt, such
as “Generate patient education materials for a specific disease,”
while 8 studies (27%) [46,47,50,58,65-67,69] used a predefined
list of questions, ranging from 5 to 35 questions. Overall, 23
studies (77%) [44,46-54,56-58,60-62,64-70] reported the number
of researchers, ranging from 1 to 12, and no patient involvement.
A  t o t a l  o f  2 2  s t u d i e s  ( 7 3 % )
[42-44,46-48,50,51,53,55-62,64,66,69-71] provided data
collection dates, ranging from October 2023 to May 2025.

The range of diseases covered included more than 30 conditions
such as ophthalmology (n=8), orthopedics (n=5), neurological
disorders (n=4), and metabolic disorders (n=4). The main

findings indicated that most studies reported that LLM-generated
content generally exceeded the recommended sixth-grade
reading level. All studies emphasized that LLMs must be used
in conjunction with professional review and cannot fully replace
medical resources.

Classification of PEMs
PEMs designed for different scenarios vary in core functions,
content structure, knowledge complexity, and communication
goals. We adhered to 2 principles, homogeneity and
distinctiveness, meaning that the core educational tasks within
the same category are consistent, while the boundaries between
application scenarios of different categories are clear. We
categorized all studies into 5 categories, as shown in Figure 2.
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Figure 2. Categories of large language models. ACI: autologous chondrocyte implantation; DED: dry eye disease; ENT: ear, nose, and throat; GDM:
gestational diabetes mellitus; IIH: idiopathic intracranial hypertension; ROP: retinopathy of prematurity; TKA: total knee arthroplasty.

Perioperative Patient Education
Eight studies [45,48,52,54,57,58,66,67] were included. Its core
task is to provide guidance closely related to the entire
perioperative period for specific surgical operations or invasive
procedures. The content is highly time-consuming and
actionable, and aims to ensure that patients can safely navigate
the perioperative, intraoperative, and postoperative phases.
Representative studies include general orthopedic surgery,
cataract surgery, etc.

Chronic Disease Management Education
Six studies [42,47,51,56,64,71] were included. Its core task is
to provide supportive education for patients with chronic
diseases who need long-term management, focusing on disease
awareness, self-monitoring, lifestyle adjustment, and promotion
of treatment adherence, and aims to help patients translate

medical advice into sustainable daily practices. Representative
studies include cardiovascular diseases, autoimmune diseases,
etc.

Specialty Disease Diagnostic and Therapeutic Education
Nine studies [43,44,46,55,60,62,63,65,70] were included. Its
core task is to explain specialized disease knowledge with
complex diagnosis and highly specialized treatment regimens
to patients, focusing on clarifying the pathological mechanism
of disease, specialized diagnosis methods, or complex treatment
plans, so as to assist informed decision-making. Such studies
cover many specialty areas such as neurology, otolaryngology,
ophthalmology, etc.

Pharmacotherapy Safety and Adherence Education
Three studies [50,59,68] were included. Its core task is to focus
on specific medications or treatment regimens and provide
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accurate information about correct use, potential side effects,
risk avoidance, and promotion of treatment adherence.

Public Health and Prevention Education
Four studies [49,53,61,69] were included. Its core task is to
publicize disease prevention knowledge and advocate health
behaviors to the public or specific risk groups. The goal is
forward-looking and universal. The content includes prevention
guidance and self-examination of infectious diseases (such as
monkeypox), common health problems (such as children’s
myopia), etc.

Study Outcomes

Readability
In the included studies, PEMs may have been generated by
multiple LLMs and evaluated using multiple readability metrics.
Given the high heterogeneity across studies, we performed an

extreme-case analysis (specifically, a best-case analysis) by
extracting the lowest grade level (ie, the best readability) for
each PEM. Rather than representing typical readability
performance, we evaluated the potential readability under the
best observed condition. This better reflects the comprehension
threshold that PEMs can achieve under the most favorable
conditions—that is, the likelihood of being understood by
individuals with low health literacy. This approach aligns with
established methodological recommendations for handling
heterogeneity in systematic reviews [72].

We first extracted all readability metric evaluation data, and
then extracted the lowest grade level for each PEM. To address
potential biases, we also reported all readability results and the
range of grade levels (if available). The complete dataset is
provided in Multimedia Appendix 3. Finally, based on the
classification of PEMs, we presented the readability levels of
5 major categories of PEMs, as shown in Figure 3.

Figure 3. Readability based on five major disease categories.

As shown in Table 2, we extracted a total of 37 records from
the 30 included studies. The excess was due to 3 studies
[45,49,57] that evaluated PEMs for more than a single disease.
In terms of best readability, only 3 records met the
NIH-recommended 6th-grade reading level [62,63,69], while
in terms of worst readability, 25 records reached the reading
level of college or above. Specifically, Specialty disease
diagnostic and therapeutic education performed best overall; it
was the only category to reach the 6th-grade level, with most
records falling within the 7th-grade to high school range and
none at the college level or higher. Public health and prevention

education ranked second, with a relatively balanced distribution
of reading levels and a higher proportion in the lower grade
ranges. Perioperative patient education had the largest number
of entries and the widest range of reading levels, with high
school level dominating. Chronic disease management education
presents the greatest reading difficulty, with most records at the
high school level, and it was the only category to include
graduate-level [47]. Pharmacotherapy safety and adherence
education had a small sample size, with readability generally
concentrated at the high school level and grades 8-9.
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Table 2. The best and worst readability of each study.

The highest grade levelsThe lowest grade levelsClassification of PEMsaAuthor, year

Postgraduate10th to 12th GradeChronic disease management educa-
tion

Aayush et al, 2025 [42]

College10th to 12th GradeSpecialty disease diagnostic and
therapeutic education

Mohammed et al, 2025 [43]

10th to 12th Grade7th GradeSpecialty disease diagnostic and
therapeutic education

Qais et al, 2025 [44]

Perioperative patient educationJamila et al, 2025 [45] • CTR: Postgraduate• CTRb: 10th to 12th Grade
• THA: Postgraduate• THAc: 10th to 12th Grade
• TKR: Postgraduate

• TKRd: 10th to 12th Grade

College10th to 12th GradeSpecialty disease diagnostic and
therapeutic education

Ali et al, 2025 [46]

PostgraduatePostgraduateChronic disease management educa-
tion

Nuran et al, 2025 [47]

College7th GradePerioperative patient educationPolly et al, 2025 [48]

Public health and prevention educa-
tion

Gowri et al, 2025 [49] • PGTE: 10th to 12th Grade• PGTEe: 10th to 12th Grade
• TE: 10th to 12th Grade• TEf: 7th Grade
• BT: College

• BTg: 7th Grade • OCS: College
• OCSh: 8th and 9th Grade

Postgraduate10th to 12th GradePharmacotherapy safety and adher-
ence education

Christoph et al, 2025 [50]

College10th to 12th GradeChronic disease management educa-
tion

Jing et al, 2025 [51]

CollegeCollegePerioperative patient educationKirk et al, 2025 [52]

10th to 12th Grade10th to 12th GradePublic health and prevention educa-
tion

Shinya et al, 2025 [53]

8th and 9th Grade8th and 9th GradePerioperative patient educationHatice et al, 2025 [54]

Postgraduate10th to 12th GradeSpecialty disease diagnostic and
therapeutic education

Allison et al, 2025 [55]

College10th to 12th GradeChronic disease management educa-
tion

Jaziya et al, 2025 [56]

Perioperative patient educationMi et al, 2025 [57] • LD: Postgraduate• LDi: 8th and 9th Grade
• SF: Postgraduate• SFj: 7th Grade
• DL: Postgraduate

• DLk: 8th and 9th Grade

CollegeCollegePerioperative patient educationShuai et al, 2025 [58]

College10th to 12th GradePharmacotherapy safety and adher-
ence education

Nithin et al, 2025 [59]

10th to 12th Grade8th and 9th GradeSpecialty disease diagnostic and
therapeutic education

Qais et al, 2025 [60]

10th to 12th Grade7th GradePublic health and prevention educa-
tion

Mohammad et al, 2025 [61]

10th to 12th Grade6th GradeSpecialty disease diagnostic and
therapeutic education

Yuwan et al, 2025 [62]

College6th GradeSpecialty disease diagnostic and
therapeutic education

George et al, 2025 [63]

10th to 12th Grade8th and 9th GradeChronic disease management educa-
tion

Qais et al, 2025 [64]

Postgraduate10th to 12th GradeSpecialty disease diagnostic and
therapeutic education

Salahaldin et al, 2025 [65]
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The highest grade levelsThe lowest grade levelsClassification of PEMsaAuthor, year

College10th to 12th GradePerioperative patient educationMaha et al, 2025 [66]

College10th to 12th GradePerioperative patient educationGülseren et al, 2025 [67]

8th and 9th Grade8th and 9th GradePharmacotherapy safety and adher-
ence education

Elizabeth et al, 2025 [68]

8th and 9th Grade6th GradePublic health and prevention educa-
tion

Xuewei et al, 2025 [69]

10th to 12th Grade7th GradeSpecialty disease diagnostic and
therapeutic education

Qais Dihan et al, 2025 [70]

Postgraduate10th to 12th GradeChronic disease management educa-
tion

Amruth A Alluri et al, 2025 [71]

aPEM: patient education material.
bCTR: carpal tunnel release.
cTHA: total hip arthroplasty.
dTKA: total knee replacement.
ePGTE: postoperative guidance for tooth extraction.
fTE: tooth extraction.
gBT: brushing technique.
hOCS: oral cancer screening.
iLD: lumbar discectomy.
jSF: spinal fusion.
kDL: decompressive laminectomy.

In addition, for studies evaluating multiple LLMs, we compared
the performance of LLMs within the same record, as shown in
Figure 4. The DeepSeek series demonstrated the most consistent
performance and has outperformed other models in most

comparisons. ChatGPT and Gemini, on the other hand,
performed poorly in most records, with readability levels
generally being too high.

Figure 4. Comparison of readability between models.

Quality
Similarly, we extracted all data on quality assessment metrics
in Multimedia Appendix 4, with a total of 22 records included
in quality assessments [42-44,46,48,50-52,56-62,64-66,70,71],

all of which used the DISCERN tool or a modified version.
Based on the classification of PEMs, we present the quality
levels of 5 major categories of PEMs, as shown in Figure 5.
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Overall, the quality of PEMs was generally good, with most
records rated as good or higher. Specifically, the highest
proportion of high-quality records was found in specialty disease
diagnostic and therapeutic education, where the quality
distribution was relatively balanced. Perioperative patient
education had the largest number of entries, with 5 records rated
as good. In chronic disease management education, the quality
of records was predominantly good. The sample size for

pharmacotherapy safety and adherence education was small,
but both records were rated as excellent [59,68], demonstrating
outstanding performance. In addition, we compared the
performance of LLMs: the ChatGPT series demonstrated a
significant advantage, the Gemini series performed consistently,
and the DeepSeek series lagged slightly behind, as shown in
Figure 6.

Figure 5. Quality based on five major disease categories.

Figure 6. Quality based on five major disease categories.
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Usability
Similarly, we extracted all data on usability assessment metrics
in Multimedia Appendix 5; a total of 18 records included
usability assessments [44,46,47,49,50,53,54,56,60-62,64,67],
all of which used the Patient Education Materials Assessment
Tool (PEMAT) or Patient Education Materials Assessment Tool
for Printable Materials (PEMAT-P) scales. Based on the
classification of PEMs, we present the usability levels of 5 major
categories of PEMs, as shown in Figure 7.

Overall, most PEMs performed well in terms of
understandability, but there were widespread shortcomings in
terms of actionability. Specifically, perioperative patient

education performed best, with 2 records rated as excellent for
both understandability and actionability [54,67]. Specialty
disease diagnostic and therapeutic education was primarily rated
as excellent for understandability, but rated as poor in
actionability in many cases. Chronic disease management
education generally scored higher on understandability than on
actionability, with most records rated as excellent in
understandability. Pharmacotherapy safety and adherence
education showed balanced performance, with all records rated
as good in actionability. For public health and preventive
education, both understandability and actionability were mostly
rated as good, though 2 records were rated as poor in
actionability [53,61].

Figure 7. Usability based on five major disease categories.

Discussion

Principal Findings
In this study, we conducted a comprehensive assessment of the
current state of LLMs in generating new PEMs. We found that
the LLMs in this field are rapidly expanding, driven primarily
by the ChatGPT family of models. Although LLMs have
demonstrated the ability to generate well-structured content,
there is a significant disparity between the quality of their
outputs and established health literacy standards. Specifically,
only 10% of the included studies reached the reading level
recommended by the NIH, and materials in most disease
categories consistently lacked actionability. Furthermore, only
half of the studies used standardized usability assessment tools,
highlighting the fragmentation of current PEMs evaluation
systems.

Our study suggests that while LLMs improve the efficiency of
developing PEMs, without optimization, direct application of
LLMs may inadvertently exacerbate health inequities, because
the generated materials are often too complex for patients to
understand or translate into healthy behaviors.

Gap Between Readability and Health Literacy
Aligning the readability of PEMs with patients’ health literacy
is the foundation to achieve health benefits [73]. Although the
NIH recommends a sixth-grade reading level, we found that the
vast majority of LLM-generated materials exceeded this
threshold [28,29,31,36]. Notably, we observed significant
heterogeneity across different disease categories. Specialty
disease diagnostic and therapeutic education demonstrated the
best readability, with most studies falling within the 7th-grade
to high school level, while chronic disease management
education had poor readability. This discrepancy may stem from
the inherent complexity of chronic disease management, which
involves subtle lifestyle changes and multifactorial
decision-making, making it difficult for LLMs to develop PEMs
without losing critical context [74-76]. Ma et al [77] presented
a similar conclusion.

We believe that the readability dilemma stems less from
limitations in the model capabilities and more from a lack of
scientifically sound implementation strategies [78,79].
Excessively high reading difficulty not only hinders access to
information but may also exacerbate health inequalities among
groups with lower socioeconomic status [16,17]. Future
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developments should not focus solely on improving model
performance or relying on default outputs; instead, they must
use targeted prompt engineering to explicitly specify a
sixth-grade reading level and conduct rigorous manual
verification after generation to improve the readability of
information [4,22,78,80]. Given that primary health care settings
have a better understanding of patients' health literacy and digital
preferences, they should play an important role in the
development and evaluation process of PEMs, proactively
enhance patients' digital literacy, and guide them to participate
in the design [37,81,82].

Disconnect Between Knowledge and Action
We found that although most studies scored highly on
“understandability” in terms of information delivery, they were
generally deficient in “actionability,” particularly in the fields
of specialized disease diagnostic and therapeutic education and
public health and prevention education. This finding highlights
a deeper problem: current LLMs are essentially good at
retrieving and reorganizing static knowledge, but have difficulty
dynamically translating it into health behaviors tailored to
specific contexts [28,36,83,84]. This limitation is particularly
detrimental in chronic disease management, where the classic
knowledge-attitude-practice (KAP) theory emphasizes that
patient self-efficacy and behavior change are crucial [85].

This lack of adaptability stems from the model’s lack of
contextual awareness (perceiving the patient’s real-life
situations), which prevents LLMs from generating personalized
PEMs, resulting in information that is theoretically correct but
practically ineffective [28,86]. Many studies suggest that
materials generated by LLMs should be treated as “drafts” that
must be customized based on the patient’s medical history,
lifestyle, and living environment to be truly useful [17,87-89].
Engaging patients in the co-design of PEMs can help bridge
this gap [81,90-92]. Specifically, through cognitive interviews,
user testing, or iterative feedback, patients can identify
comprehension and behavioral obstacles, cultural and linguistic
preferences based on their own lived contexts, thereby helping
PEMs move from being theoretically correct to contextually
actionable [90,93].

Standardization of Evaluation System
The high heterogeneity among the included studies hinders the
consistency of our conclusions. This review found that the
included studies used as many as 12 different readability
assessment tools, and half did not use quality assessment tools
(such as PEMAT), making it extremely difficult to compare
LLMs’performance across studies and to reach a unified clinical
consensus [32,36]. Although LLMs generally outperform social
media in terms of reliability, they still cannot match official
guidelines in complex clinical decision-making such as surgical
management, and carry a risk of information lag [45,46,68,94].

Furthermore, performance disparities between different model
versions have raised fairness concerns. If high-quality and
readable PEMs require a paid subscription, this could widen
the digital divide rather than bridge it, thereby harming the
interests of vulnerable groups [95,96]. Much evidence suggests

that the most promising application of LLMs in patient education
remains the human-machine collaboration model, rather than
the deployment of autonomous AI [88,97-99].

Implications for Practice and Policy
Based on this, we propose the following 3 recommendations.
First, clinical workflows should be restructured. Physicians
should adopt the principle of treating LLMs as “drafting
assistants” rather than “final authors,” and involve patients in
the design and evaluation of PEMs. Second, promote both
standardized evaluation and technical optimization. Establish
a unified evaluation framework covering readability,
actionability, and accuracy. At the same time, institutions should
promote the integration of prompt engineering and
retrieval-augmented generation (RAG) technology to address
information lag. Finally, prioritize equity and accessibility.
Model developers and clinicians should recognize that model
performance varies depending on disease complexity. Materials
related to chronic diseases may require more rigorous
optimization than those for specialized conditions.

Limitations
This study has several limitations. First, we did not conduct a
formal quality assessment of the included studies, and the
findings should not be interpreted as conclusions about the
strength of specific LLMs or specific clinical scenarios. Second,
inclusion was restricted to English-language publications and
English-language databases, which may systematically exclude
relevant studies from non-English–speaking regions and limit
the applicability of our findings in different health care systems
and cultural backgrounds. Third, we did not consider grey
literature and conference papers. Given the rapid iteration of
LLMs and the long delay in the official publication of the
literature, this time lag could underestimate the current scope
of LLM applications in patient education. Fourth, although we
provided the readability range, the conclusion is based on
best-case readability, which reflects an upper limit under ideal
conditions, and may overestimate the readability of LLMs in
the real world. Therefore, the “best potential” cannot be regarded
as “conventional performance” and generalized as a general
conclusion. Fifth, the rapid evolution of LLMs limits the
long-term validity of our conclusions regarding comparisons
between specific models [100].

Conclusions
LLMs offer a transformative opportunity to produce effective
and high-quality PEMs. However, current applications often
fail to meet established health literacy standards, particularly
in terms of readability and actionability. To realize their full
potential, future efforts must shift from mere capability
assessment to optimizing implementation—focusing on prompt
engineering, patient participation, human supervision, and
retrieval-based accuracy validation. Only through rigorous
validation and equitable deployment can LLMs safely bridge
the gap between complex medical knowledge and patient
understanding, thereby truly empowering patients in their health
management.
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