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ABSTRACT

Introduction:  This study aimed to evaluate 
the performance of three large language mod‑
els (LLMs), namely ChatGPT-3.5, ChatGPT-4o 
(o1 Preview), and Google Gemini, in produc‑
ing patient education materials (PEMs) and 

improving the readability of online PEMs on 
childhood myopia.
Methods:  LLM-generated responses were 
assessed using three prompts. Prompt  A 
requested to “Write educational material on 
childhood myopia.” Prompt B added a modi‑
fier specifying “a sixth-grade reading level using 
the FKGL (Flesch-Kincaid Grade Level) read‑
ability formula.” Prompt C aimed to rewrite 
existing PEMs to a sixth-grade level using FKGL. 
Reponses were assessed for quality (DISCERN 
tool), readability (FKGL, SMOG (Simple Measure 
of Gobbledygook)), Patient Education Materials 
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Assessment Tool (PEMAT, understandability/
actionability), and accuracy.
Results:   ChatGPT-4o (01) and ChatGPT-3.5 
generated good-quality PEMs (DISCERN 52.8 and 
52.7, respectively); however, quality declined 
from prompt  A to prompt  B (p = 0.001 and 
p = 0.013). Google Gemini produced fair-qual‑
ity (DISCERN 43) but improved with prompt B 
(p = 0.02). All PEMs exceeded the 70% PEMAT 
understandability threshold but failed the 70% 
actionability threshold (40%). No misinforma‑
tion was identified. Readability improved with 
prompt B; ChatGPT-4o (01) and ChatGPT-3.5 
achieved a sixth-grade level or below (FGKL 
6 ± 0.6 and 6.2 ± 0.3), while Google Gemini did 
not (FGKL 7 ± 0.6). ChatGPT-4o (01) outper‑
formed Google Gemini in readability (p < 0.001) 
but was comparable to ChatGPT-3.5 (p = 0.846). 
Prompt C improved readability across all LLMs, 
with ChatGPT-4o (o1 Preview) showing the most 
significant gains (FKGL 5.8 ± 1.5; p < 0.001).
Conclusions:  ChatGPT-4o (o1 Preview) dem‑
onstrates potential in producing accurate, good-
quality, understandable PEMs, and in improving 
online PEMs on childhood myopia.

Keywords:  Large language models; Patient 
education materials; Childhood myopia

Key Summary Points 

This study evaluates the ability of artificial 
intelligence (AI)-powered tools, including 
ChatGPT-3.5, ChatGPT-4o (o1 Preview), and 
Google Gemini, to generate and improve the 
readability of existing educational materials 
on childhood myopia.

It demonstrates that these models, particu‑
larly ChatGPT-4o (o1 Preview), can produce 
good-quality, understandable, accurate, user-
friendly content that meets readability stand‑
ards, and improves the readability of existing 
online educational materials on childhood 
myopia at or below the sixth-grade level.

The study also highlights the importance of 
prompt customization in enhancing content 
clarity and provides practical recommen‑
dations for leveraging AI tools to improve 
health education.

The study identifies areas for improvement, 
such as enhancing actionability and incorpo‑
rating multimedia elements.

INTRODUCTION

Childhood myopia, commonly referred to as 
nearsightedness, has emerged as a significant 
global public health concern. Recent studies 
indicate that approximately one-third of chil‑
dren and adolescents worldwide are affected 
by myopia, with projections estimating that 
the global prevalence will reach nearly 40% by 
2050, equating to over 740 million cases in this 
age group [1]. The prevalence among children 
is particularly alarming; studies have reported 
that in East Asian countries, up to 80–90% of 
young adults are myopic [2]. In the USA, the 
prevalence of myopia in children has increased 
substantially over recent decades [3].

The increasing incidence of myopia in chil‑
dren has been related to various factors, includ‑
ing environmental influences, and genetic 
predisposition [4]. Notably, the COVID-19 pan‑
demic and associated lockdowns have exacer‑
bated this issue by increasing screen time and 
reducing outdoor activities, both of which are 
significant risk factors for the development and 
progression of myopia [1]. This shift in behavior 
has led to a notable rise in myopia cases among 
children during and after the pandemic period.

Effective patient education materials (PEMs) are 
crucial in managing and mitigating this condi‑
tion, as they have the ability to enhance societal 
understanding of myopia and encourage proac‑
tive health behaviors. Effective management and 
mitigation of childhood myopia heavily rely on 
comprehensive PEMs [5]. These resources are vital 
for enhancing understanding and promoting pro‑
active health behaviors among patients and their 
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families. However, existing PEMs often exceed 
the sixth-grade reading level as recommended by 
American Medical Association (AMA), rendering 
them less accessible to the general population 
[6–8].

Recently, the advent of large language models 
(LLMs), including OpenAI’s ChatGPT, Google’s 
Gemini, and other artificial intelligence (AI) chat‑
bots, has introduced innovative applications in 
medicine, particularly in ophthalmology. Recent 
studies have demonstrated promising results 
showing that their proficiency in natural language 
processing enables them to interpret complex 
medical data, assist in diagnosing ocular condi‑
tions, helping in research, and provide personal‑
ized treatment recommendations [9–15]. These 
AI-driven models have demonstrated potential 
in health information sector across various medi‑
cal fields. Yet, their effectiveness in creating PEMs 
specifically tailored for childhood myopia and 
improving the readability of the existing PEMs 
remains underexplored.

This study purposes to assess the quality, read‑
ability, actionability, and accuracy of PEMs on 
childhood myopia generated by LLMs, including 
ChatGPT-3.5, ChatGPT-4o (01 Preview version), 
and Google Gemini. By assessing these models’ 
capabilities in producing understandable and 
actionable health information and enhancing the 
readability of existing online resources, we seek to 
determine their viability as supplementary tools 
in patient education.

METHODS

The study was exempt from ethical review of 
The University of Tennessee Health Science 
Center as it did not involve human participants 
or their personal data, focusing instead on evalu‑
ating the performance of the latest AI models. 
The focus on publicly available data and AI-gen‑
erated text ensured compliance with privacy and 
research ethics standards. The study took place 
from October to December 2024, following the 
principles of the Declaration of Helsinki.

Study Design

This study aimed to assess how useful LLMs are 
in creating PEMs for childhood myopia and 
improving the readability of current online 
resources. It compared the performance of Chat‑
GPT-3.5, ChatGPT-4o (o1 Preview), and Gemini 
in generating new PEMs and rewriting existing 
ones to make them more accessible (Supplemen‑
tal-1 in the Supplementary Material).

Large Language Models Selections

The LLMs evaluated in this study were Chat‑
GPT-3.5, ChatGPT-4o (o1 Preview), and Gemini. 
These models were selected for their widespread 
accessibility and demonstrated capabilities in 
generating and refining text. ChatGPT models 
were accessed via the OpenAI platform, and 
Gemini was accessed through its dedicated web 
interface.

Prompt Design

To generate PEMs on childhood myopia, two 
distinct prompts were crafted:

•	 Prompt A (control): Write educational mate‑
rial on childhood myopia that the average 
American can easily understand. This gen‑
eral prompt was deliberately crafted without 
specific readability guidelines to establish a 
baseline understanding of the inherent read‑
ability and quality of LLM-generated PEMs.

•	 Prompt  B (modified): “Since the average 
American can read at a sixth-grade reading 
level, utilizing the FKGL (Flesch-Kincaid 
Grade Level) readability formula, write edu‑
cational material on childhood myopia that 
is easy for the average American to under‑
stand?” (as advised by the American Medi‑
cal Association) (Supplemental-2 in the Sup‑
plementary Material). This prompt explicitly 
instructed the models to generate materials 
suitable for a sixth-grade reading level, ref‑
erencing FKGL readability formula directly. 
We chose this detailed wording to assess how 
effectively LLMs could produce targeted, 
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readable content when provided with explicit 
guidelines, as recommended by AMA stand‑
ards for PEM readability.

In prompt B, we referenced the Flesch-Kincaid 
Grade readability formula when creating patient 
educational materials for patient-targeted level 
by each LLM primarily because it is widely rec‑
ognized and endorsed by prominent organi‑
zations, including the AMA and the National 
Institutes of Health (NIH) [16, 17], for assess‑
ing PEMs. Unlike other readability metrics, 
FKGL specifically evaluates sentence length 
and word complexity, two critical components 
that affect comprehension, making it especially 
suited for health information targeted toward a 
broad audience. It is a valuable tool, especially 
in educational and publishing fields, to ensure 
that information is clear and accessible to the 
intended audience [17].

Each LLM was tasked with responding to 
these prompts (A and B) in 20 trials, ensuring 
separate and unbiased chat instances for each 
trial to avoid the influence of Reinforcement 
Learning from Human Feedback (RLHF) features 
of the LLM chatbots [18, 19].

For improving already available online 
resources, first 20 eligible existing online PEMs 
on childhood myopia were sourced from the 
first two pages of a Google search engine using 
the keyword “childhood myopia” from Octo‑
ber to December 2024. We acknowledge the 
concern that restricting our search to the first 
20 eligible Google search results may introduce 
selection bias, as these listings might not rep‑
resent all existing online resources. However, 
our rationale for using this approach is rooted 
in real-world user behavior. Numerous stud‑
ies indicate that most individuals searching 
for health information online seldom venture 
beyond the first two pages of search results, 
as they account for more than 95% of total 
web traffic among search engine users [20, 21]. 
By focusing on the materials patients are most 
likely to encounter, we aimed to evaluate the 
educational content that exerts the greatest 
practical impact on health literacy and patient 
education. While we recognize this does not 
capture every possible resource, it does reflect 
the sources patients are statistically more likely 

to see. Excluded materials included advertise‑
ments, academic articles, chapters from books, 
multimedia content such as videos, personal 
weblogs, websites in languages other than Eng‑
lish, resources for clinical decision-making, 
and non-patient-targeted sources. Each PEM 
was inputted into the LLMs with the follow‑
ing prompt:

Prompt C: “Since patient education materi‑
als (PEMs) are recommended to be written at 
a sixth-grade reading level, could you rewrite 
the following text to meet this standard using 
the FKGL readability formula? [insert text]?” 
Prompt C is designed to evaluate the LLMs’ 
ability to revise existing materials; this prompt 
instructed the models to rewrite existing PEMs 
specifically to meet a sixth-grade reading level 
using FKGL. The explicit reference to FKGL 
again allowed us to assess the models’ profi‑
ciency in adjusting existing content complex‑
ity to patient-target level, reflecting real-world 
scenarios where existing PEMs must be adapted 
for improved readability. Finally, our approach 
involved collecting 20 PEMs per LLM (60 in 
total) in prompt A, generating another 20 per 
LLM in prompt B (60 more), and evaluating 
20 existing online educational resources and 
improving 20 existing online educational 
resources per three LLMs (60 total). This 
resulted in the analysis of 200 educational 
materials handouts overall. We used online 
reada​bilit​yform​ulas.​com, a free online tool for 
calculating readability scores and other key 
metrics [22]. This software employs proven 
readability tools for its calculations and has 
been widely used in notable medical studies 
[23–25]. Essential readability metrics, such 
as syllable count, word count, complex word 
count, sentence count, SMOG (Simple Measure 
of Gobbledygook) readability score, and FKGL 
score, were assessed for all PEMs.

Evaluation Metrics of the Generated PEMs

We utilized the full 16-item validated DISCERN 
instrument for the quality and reliability of 
the generated PEMs and rewritten PEMs for 
evaluations [26]. This evaluation tool includes 
a 16-item questionnaire designed for use by 

https://www.readabilityformulas.com
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reviewers. Each item is rated on a scale from 1 
to 5, where scores of 1–2 denote low quality, 3 
represents moderate quality, and 4–5 indicate 
high quality [27]. The DISCERN questionnaire 
is organized into three sections. The first sec‑
tion (questions 1–8) focuses on the reliability 
of the publication. It evaluates aspects such 
as the publication’s purpose, the credibility 
of its information sources, its relevance, and 
whether it offers additional resources about the 
condition. The second section (questions 9–15) 
examines the details provided about treat‑
ments, including how they work, their poten‑
tial risks and benefits, and whether alternative 
treatment options are presented. Finally, the 
third section (question 16) assesses the over‑
all quality of the publication as a resource for 
treatment information (Supplemental-3A in 
the Supplementary Material). We calculated 
the total DISCERN score by summing all 16 
item ratings (range 16–80) for each reviewer 
per educational material. We then mapped the 
DISCERN score to the corresponding quality 
level (Table 1), following the recommended 
calculation methods and analyzed it. A grad‑
ing system, outlined in Table 1, was developed 
based on the scores earned by each PEMs [28].

Two evaluators (ophthalmologists) assessed 
the generated and rewritten PEM of 120 hand‑
outs. To minimize bias, evaluators were blinded 
to each other’s assessments, the identities of 
the sources generating the responses were 
removed, and the final score for each PEM was 
determined by taking the median score from 
the reviewers. Additionally, evaluators assessed 
the understandability and actionability of the 
PEMs using the Patient Education Materials 
Assessment Tool (PEMAT), a validated instru‑
ment from the Agency for Healthcare Research 
and Quality (AHRQ) [29, 30] (Supplemental-3B 
in the Supplementary Material). Understand‑
ability, defined as the ability of diverse audi‑
ences to comprehend and explain core mes‑
sages, was calculated as an overall percentage 
based on 12 yes/no questions covering items 
such as clarity and word choice. Actionability, 

referring to the ease with which patients could 
identify actionable next steps, was measured 
using five targeted yes/no questions. Materi‑
als scoring 70% or higher were classified as 
“understandable” or “actionable” [31, 32]. 
Beyond this threshold, PEMAT scores provided 
a basis for comparative evaluations. Lastly, the 
accuracy of the generated PEMs was evaluated 
using a Likert scale for misinformation, ranging 
from 1 to 5. A score of 1 meant “no misinfor‑
mation,” 3 indicated “moderate misinforma‑
tion,” and 5 represented “high misinforma‑
tion” [27]. This thorough assessment provided 
a well-rounded analysis of the quality, usabil‑
ity, and reliability of educational materials on 
childhood myopia.

Readability Assessment of PEMs

To evaluate how easy it is to read and understand 
all the PEMs, we used two well-known readability 
metrics—the SMOG and the FKGL formulas—via 
the online readability calculator Reada​ble.​com. 
These metrics assess the grade level required to 
comprehend the material, with SMOG focusing 
on estimates of how many years of education 
someone would need to understand a given piece 
of writing. SMOG focuses on the number of poly‑
syllabic words within a set number of sentences, 
providing a grade-level score [33]. The FKGL metric 
determines readability by looking at the average 
number of syllables in each word and the number 
of words in each sentence, yielding a US school 
grade level [34]. Scores ranging from 1 through 

Table 1   DISCERN score grading and its quality equiva-
lent levels

DISCERN score Out of 100 (%) Quality level

64–80 80 and above Excellent

52–63 65–79 Good

41–51 51–64 Fair

30–40 37–50 Poor
16–29 20–36 Very poor

https://www.Readable.com
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12 reflect reading difficulty levels that correspond 
to grades 1 through 12, scores between 13 and 
16 indicate text complexity at the college level, 
and any score of 17 or higher signifies that a text 
demands a more advanced understanding than a 
college education typically provides [35, 36]. For‑
mulas below represent details of these two metrics:

Statistical Analysis

We used two-sample t tests to compare readabil‑
ity metrics and Mann–Whitney U tests for qual‑
ity, understandability, actionability, and accu‑
racy. We then compared the readability scores 
across all three language models using a one-way 
analysis of variance (ANOVA). To identify any 
significant differences in performance between 
the models, we followed up with Tukey’s hon‑
estly significant difference (HSD) test. A signifi‑
cance level of p < 0.05 was set for all analyses. 
Statistical analyses were conducted using SPSS 
(version 29, IBM Corp, USA) software.

RESULTS

All generated PEMs in prompt A by ChatGPT-
4o (01-Preview version) and ChatGPT-3.5 were 
of good quality (median DISCERN score of 52.8 
and 52.7, respectively). The quality of PEMs 
generated by ChatGPT-4o (o1  Preview) and 
ChatGPT-3.5 showed a significant decline from 
prompt A to prompt B, respectively (p = 0.001 
and p = 0.013). The PEMs generated by Google 
Gemini were of fair quality with median DIS‑
CERN score of 43. However, the quality of PEMs 
increased from prompt A to prompt B (p = 0.02). 
All responses generated by the three LLMs 
exceeded the 70% threshold for being classi‑
fied as “understandable” (based on the PEMAT 

Flesch− Kincaid Grade Level

= 0.39
(

total words/total sentences
)

+ 11.8
(

total syllables/total words
)

15.59

SMOG grade level = 1.0430×

√

(

number of polysyllabic words×
(

30÷ number of sentences
))

+ 3.1291

understandability scale, which ranges from 0 to 
100%, with scores of 70% or higher considered 
“understandable”) (Table 2).

Therefore, based on the PAMET understand‑
ability scale, all the generated PEMs had under‑
standable details and information, clear purpose 
and include only the most important informa‑
tion, avoiding any distracting details, sufficient 
layout and design, logical sequence, with head‑
ers to separate sections and a summary of key 
points. None of the responses generated by the 
LLMs met the criteria to be classified as “action‑

able” (as defined by the PEMAT actionability 
scale, where scores range from 0 to 100%, with 
70% or higher considered actionable). Across 
all 120 responses, the LLMs consistently scored 
40%. This indicates that the content and struc‑
ture of the generated educational materials did 
not clearly provide step-by-step guidance for 
patients to take actionable steps.

All 120 responses received a score of 1 on the 
Likert misinformation scale, indicating that 
these three LLMs did not produce any misinfor‑
mation across the 120 newly generated PEMs.

Our readability analysis revealed that 
prompt  B produced more readable PEMs 
compared to prompt A, as reflected by lower 
SMOG and FKGL scores for both ChatGPT-3.5 
and ChatGPT-4o (o1 Preview) (p < 0.001). This 
improvement was reflected in key readability 
metrics, such as a reduction in syllables, word 
count, 3+ syllable words (complex words), and 
sentence count (p < 0.05) (Table 3).

Among these LLMs, both ChatGPT-4o (o1 Pre‑
view) and ChatGPT-3.5 could generate educa‑
tional materials at or below the sixth-grade read‑
ing level in response to prompt B, respectively 
(FGKL scores 6 ± 0.6; FGKL scores 6.2 ± 0.3), while 
Google Gemini could not produce material at 
this grade level (FGKL scores; 7 ± 0.6).

In head-to-head analysis, ChatGPT-4o (o1 Pre‑
view) generated PEMs more readable (lower 
SMOG and FGKL scores; 5.8 ± 0.7 and 6 ± 0.6, 
respectively) than the Google Gemini (p < 0.001), 
although the difference was not statistically 
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significant compared to ChatGPT-3.5 (p = 0.846) 
(Fig. 1).

Using prompt  C, the three LLMs signifi‑
cantly improved the readability of existing 
online educational resources, as evidenced by 
a marked enhancement in average readability 
scores (p ≤ 0.001) (Fig. 2). The original online 
PEMs about the childhood myopia had a mean 
SMOG score of 10.3 ± 2.2 and an FKGL score of 
9.7 ± 1.9 which is well above the recommended 
sixth-grade reading level (Table 4).

After applying the LLMs, significant improve‑
ments were observed (p < 0.001). ChatGPT-3.5 
reduced the readability scores to a SMOG of 
7.6 ± 1.2 and an FKGL of 7.7 ± 1.4. Google Gemini 
also contributed to improved readability, with 
a SMOG of 7.8 ± 1.3 and an FKGL of 7.5 ± 1.1, 
while ChatGPT-4o (o1 Preview) demonstrated 
the most significant enhancement, achieving 
or staying below the specified sixth-grade read‑
ing level (SMOG 5.3 ± 1.6, FKGL 5.8 ± 1.5). Addi‑
tionally, in a head-to-head analysis of readability 

improvements made by the LLMs, ChatGPT-4o 
(o1 Preview) consistently outperformed both 
ChatGPT-3.5 and Google Gemini by a signifi‑
cant margin (p < 0.001 for both comparisons) 
(Fig. 3). These results highlight the transforma‑
tive potential of LLMs, especifically ChatGPT-
4o (o1 Preview), in simplifying complex medi‑
cal materials, making them more accessible and 
user-friendly for patients.

DISCUSSION

To our knowledge, this is the first study to 
explore how LLMs can assist parents in under‑
standing online health information and gen‑
erating PEMs about childhood myopia. Unlike 
earlier studies that primarily relied on standard‑
ized exams and related queries for evaluation 
[37–39], our research takes a different approach 
by exploring realistic scenarios where worried 

Table 2   Comparing prompt A and prompt B: evaluating the quality and understandability of large language models in gen-
erated patient education materials

LLM large language model, PEMAT Patient Education Materials Assessment Tool
*Mann–Whitney U test conducted between prompt A and B (significance at p < 0.05)

LLMs Discern points Median (range) N Mean ranks Sum ranks p value*

Quality (DISCERN)

 Gemini Prompt A 43 (43–43) 20 16.52 330 0.021

Prompt B 49 (37–57) 20 24.51 490

 ChatGPT3.5 Prompt A 52.72 (51–53) 20 24.18 483.52 0.013

Prompt B 51 (49–53) 20 16.83 336.54

 ChatGP-4o (01 Preview) Prompt A 52.81 (49–53) 20 25.38 507.53 0.001

Prompt B 50 (41–53) 20 15.63 312.52

Understandability (PEMAT %)

 Gemini Prompt A 75 (75–83.3)% 20 20.53 410 1.00

Prompt B 75 (75–83.3)% 20 20.52 410

 ChatGPT3.5 Prompt A 75 (75–83.3)% 20 19 380  0.389

Prompt B 83.31 (75–83.3)% 20 22 440
 ChatGP-4o (01 Preview) Prompt A 75 (75–83.3)% 20 20 400 0.771

Prompt B 83.32 (75–83.3)% 20 21 420
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parents might turn to these emerging tools 
for help. This highlights the critical need to 
assess how accurate and reliable the responses 
from LLM chatbots are in real-world situations. 
Therefore, we assessed the performance of LLMs, 
namely ChatGPT-4o (01Preview), ChatGPT-3.5, 

and Google Gemini, using a comprehensive 
approach that included DISCERN scores to 
evaluate the quality of the materials, PEMAT 
scores to measure their understandability and 
actionability, a misinformation scale to check 
for accuracy, and readability metrics to ensure 

Table 3   Performance of LLMs based on readability metrics on prompt A vs prompt B

LLM large language model, SMOG Simple Measure of Gobbledygook

Readability 
metrics

ChatGPT-3.5 ChatGPT-4o (01 preview) Google Gemini 

Prompt A Prompt B p value (A 
vs B)

Prompt A Prompt B p value (A 
vs B)

Prompt A Prompt B p value (A 
vs B)

Syllables 789.7 
(137.5)

562.4 
(76.9)

< 0.001 861.9 
(145.8)

534.4 (80) < 0.001 558.9 
(109.2)

407.5 
(107.8)

< 0.001

Words 500.2 
(96.9)

381.6 
(51.2)

< 0.001 564.5 
(91.8)

370.5 
(51.6)

< 0.001 326.6 
(60.2)

272.2 
(60.7)

< 0.001

3+ syllable 
words

37.3 (6.3) 18.4 (4.1) < 0.001 36.7 
(10.8)

15.35 (5) < 0.001 35.2 
(10.9)

17.6 (7.3) < 0.001

Sentences 27.5 (5.6) 27.3 (3.7) < 0.001 31.7 (4.9) 24.5 (4.3) < 0.001 19.7 (4.2) 17.6 (4.9) < 0.001

SMOG 
Readability 
Score

8.03 (0.6) 5.9 (0.4) < 0.001 7.7 (0.7) 5.8 (0.7) < 0.001 9.07 
(0.62)

6.7 (0.8) < 0.001

Flesch-Kin-
caid Grade 
Level

7.7 (0.5) 6.2 (0.3) < 0.001 7.5 (0.58) 6 (0.6) < 0.001 8.5 (0.7) 7.0 (0.6) < 0.001

Fig. 1   Comparing the performance of large language 
models for prompt B based on SMOG (Simple Measure of 
Gobbledygook), and FKGL (Flesch-Kincaid Grade Level) 

scores. One-way ANOVA (one-way analysis of variance), 
post hoc Tukey test
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Fig. 2   Readability of Online educational resources and performance of ChatGPT-4o (01 Preview), ChatGPT-3.5, and 
Google Gemini in improving the readability of online original resources. SMOG Simple Measure of Gobbledygook

Table 4   Readability of original online resources and performance of LLMs for improving the readability of the original 
online resources

LLM large language model, SMOG Simple Measure of Gobbledygook

Readability 
metrics

Original 
resources

ChatGPT-4o 
(01 preview)

p value 
(Orig. vs 
GPT-4o)

ChatGPT-3.5 p value 
(Orig. vs 
GPT-3.5)

Google 
Gemini

p value (Orig. 
vs Gemini)

Syllables 1457.2 
(736.9)

330.4 (159.6) < 0.001 984.5 (412.7) 0.008 808.4 (205.7) < 0.001

Words 871.0 (392.7) 230.4 (107.9) < 0.001 649.2 (256.2) 0.21 521.9 (122.4) < 0.001

3+ syllable 
words

91.0 (60.7) 13.3 (10.4) < 0.001 43.0 (23.1) 0.001 38.5 (12.6) < 0.001

Sentences 41.5 (17.1) 18.4 (7.8) 0.04 41.0 (16.6) 0.9 31.1 (9.0) 0.02

SMOG Read-
ability Score

10.3 (2.2) 5.3 (1.6) < 0.001 7.6 (1.2) < 0.001 7.8 (1.3) < 0.001

Flesch-Kin-
caid Grade 
Level

9.7 (1.9) 5.8 (1.5) < 0.001 7.7 (1.4) < 0.001 7.5 (1.1) < 0.001
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the content was easy to comprehend. All gener‑
ated PEMs in prompt A by ChatGPT-4o (o1 Pre‑
view) and ChatGPT-3.5 were of good quality, 
while the PEMs generated by Google Gemini 
were of fair quality. However, this should not 
be understood as a clear superiority as ChatGPT 
over Google Gemini. Previous studies found 
that each AI model has its own strengths and 
weaknesses with Google Gemini being superior 
in aspects like language understanding but lack‑
ing in other aspects in which ChatGPT excels 
[40]. All responses generated by the three LLMs 
were understandable but none were actionable, 
as in they did not clearly provide step-by-step 
guidance for patients to take actionable steps. 
We identified shortcomings in two key areas of 
actionability (PEMAT items 23 and 26), high‑
lighting opportunities for improvement. First, 
the responses lacked practical tools such as 
action reminder checklists or planners to help 
patients follow through with the information. 
Second, since the responses were entirely text-
based, they missed the added clarity and engage‑
ment that instructional visual aids could pro‑
vide. It is worth considering that incorporating 
patient action tools into the phrasing of prompts 
could be a promising area for future research to 
enhance the actionability of upcoming PEMs. 

This finding is very interesting because despite 
AI showing promise in developing management 
plans for patients in previous studies [41], our 
paper shows that it is unreliable in generating 
action plans for patients aiming to organize their 
checklists when dealing with childhood myopia. 
This is most likely not an inherent weakness in 
AI itself, but rather in the datasets on which it 
was trained [41].

Although health educational materials must 
be understandable and easily readable, they 
must also have high-quality information. There 
was not any misinformation across the 120 
newly generated PEMs. Our findings highlight 
that the LLMs evaluated in this study did not 
produce any AI “confabulations” or generate 
false or misleading information, a common issue 
reported in other studies [42, 43].

After evaluations of the top 20 search results, 
as they account for more than 95% of total web 
traffic among users of online web search engines 
[20], all results exceed the sixth-grade reading 
level recommended by the NIH and the AMA, 
which is suggested for ensuring the average 
American can understand health information 
[6, 8, 44]. All the evaluated LLMs demonstrated 
the ability to rewrite or improve the readabil‑
ity of online educational resources. However, 

Fig. 3   Performance of large language models for rewrit-
ing original handouts based on SMOG (Simple Measure of 
Gobbledygook), and FKGL (Flesch-Kincaid Grade Level) 

scores. One-way ANOVA (one-way analysis of variance), 
post hoc Tukey test
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ChatGPT-4o (o1 Preview) outperformed other 
models, including ChatGPT-3.5 and Google 
Gemini, by significantly enhancing readability 
and consistently meeting or staying below the 
grade level recommended by organizations like 
the NIH and AMA for the average American to 
understand health information [16, 44]. Chat‑
GPT-4o (o1 Preview) adapted the content to a 
reading level at or below the average person’s 
proficiency, making the information more acces‑
sible and easier to understand for a broader audi‑
ence. While ChatGPT-3.5 and Google Gemini 
improved the readability of online PEMs, they 
did not consistently meet the recommended 
standards set by the NIH and AMA for under‑
standing health information. This underscores 
ChatGPT-4o (o1 Preview)’s superior ability to 
simplify complex medical language into more 
digestible formats for users.

ChatGPT-4o (o1 Preview) has shown superi‑
ority in generating the most readable LLMs in 
other diseases as well. In one study, ChatGPT-
4o (o1 Preview) was tested for its usefulness 
in teaching individuals about dermatological 
conditions, and researchers found it could cre‑
ate paragraphs understandable by those with 
a reading level ranging from high school to 
early college [45]. Another evaluation explored 
ChatGPT-4o (o1 Preview)’s ability to produce 
information on uveitis by prompting it to write 
patient-targeted health details about this con‑
dition. Appropriateness and readability were 
then assessed with the latter measured using 
the FKGL formula; in all attempts, the content 
proved both suitable and easily adjustable [46]. 
In another highly relevant study, researchers 
evaluated the performance of LLM chatbots for 
producing patient-targeted health materials on 
childhood glaucoma using a prompting method 
for gauging text comprehensibility. ChatGPT-4o 
(o1 Preview) demonstrated promising results [7]. 
This could be because ChatGPT-4o (o1 Preview) 
was trained on a larger dataset of written mate‑
rials and has more parameters than its earlier 
versions [47]. However, as of now, ChatGPT-4o 
(o1 Preview) is only available through a paid 
subscription, which may make it less accessi‑
ble to the general public. Our findings reveal 
that the way a prompt is structured can signifi‑
cantly impact the readability of the responses 

generated by an LLM. All three models created 
more readable content when provided with a 
more detailed query (prompt B) compared to a 
less specific one (prompt A). Prompt B was more 
detailed, as it included a modifier statement that 
specified the target grade level for readability 
and explicitly instructed the use of the “FKGL 
readability formula.” Our findings highlight the 
critical importance of using validated tools, such 
as readability formulas, to achieve the desired 
level of readability in educational materials. This 
approach aligns with recent studies, empha‑
sizing that incorporating such tools ensures 
content is both accessible and effective for its 
intended audience [7, 46].

This study highlights the immense potential 
of LLMs, particularly ChatGPT-4o (o1 Preview), 
as a tool for bridging gaps in health literacy and 
providing tailored, patient-centered educational 
materials. However, the lack of actionability in 
the generated content underscores the need for 
further advancements in AI model development 
to create step-by-step, actionable health guid‑
ance for users. Future research should focus on 
exploring methods to optimize LLM outputs, 
such as integrating domain-specific datasets 
and refining prompt engineering techniques to 
elicit more actionable responses. Additionally, 
studies incorporating diverse linguistic and cul‑
tural contexts would help generalize these find‑
ings beyond English-speaking populations and 
address global health literacy challenges. Given 
the increasing reliance on visuals in health com‑
munication, future studies should also evaluate 
the ability of LLMs to generate or recommend 
high-quality visual aids, such as infographics 
and interactive tools, to complement textual 
materials. Such advancements could facilitate 
the integration of LLMs into clinical workflows, 
enabling healthcare providers to create more 
personalized and comprehensible patient edu‑
cation resources in real time.

In summary, these findings highlight the abil‑
ity of LLMs to serve as a versatile tool for deliv‑
ering clear, producing good quality of PEMs, 
enhancing the readability of online educational 
resources, accessible health information and this 
could open the door for integrating LLM chat‑
bots into the management of myopia care after 
more advancement and refinements.
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Our study has some limitations. As LLMs are 
not perfect, the responses generated by LLMs 
are also limited to the data on which they are 
trained. Moreover, the way prompts are phrased 
is inherently subjective. To minimize potential 
bias, we carefully broke down the prompts into 
distinct control and modifier sub-statements 
and conducted multiple repeated trials for each 
prompt while also relying on established prin‑
ciples of prompt engineering [47]. Furthermore, 
we only evaluated PEM in the English language, 
which, although the most commonly used, but 
is not always the specific language in which 
patients would be interested in reading about 
their medical conditions. Moreover, for evaluat‑
ing existing online resources, we recognize that 
limiting our scope to the top 20 eligible PEMs 
in Google has the potential to exclude lesser-
ranked sites that could also provide valuable or 
alternative information. However, capturing the 
most commonly accessed PEMs reflects a real-
world usage pattern and therefore remains a 
practical and meaningful sample. Additionally, 
this study primarily focuses on the US popula‑
tion, as most of the research on readability and 
health literacy comes from studies conducted in 
the USA. That said, it is important to acknowl‑
edge that inadequate health literacy is a wide‑
spread issue in many other major countries as 
well [48, 49]. Finally, many patient-focused 
health resources incorporate visuals, such as 
graphics, images, videos, and demonstrations, 
to help improve understanding. However, our 
study did not evaluate these features.

CONCLUSIONS

This study highlights the promising potential 
of large language models, particularly Chat‑
GPT-4o (o1 Preview), which, at the time of 
this investigation, had the best performance 
of the evaluated LLMs in generating good-
quality, readable, and understandable patient 
education materials for childhood myopia. 
While ChatGPT-4o (o1 Preview) outperformed 
other models in enhancing readability and 
accessibility, a significant limitation was the 
lack of actionable guidance in the generated 

content. This highlights the need for contin‑
ued improvements in AI models to develop 
more actionable health information. Future 
research should focus on refining prompt engi‑
neering, incorporating diverse linguistic and 
cultural contexts, and exploring multimodal 
features like visuals to fully realize the poten‑
tial of LLMs in patient education. With con‑
tinued improvements, LLMs could play a key 
role in making healthcare information more 
accessible, personalized, and effective.
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