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Abstract

Background: Patient education materials (PEMs) related to gastroenterology are often written at alevel above the recommended
sixth-grade reading level, which is suboptimal for accessibility. Large language models (LLMs) can enhance the readability of
PEMs, but their effectivenessin this regard remains to be evaluated.

Objective: Thegoal of thisresearchisto identify if LLMs can optimize the readability and understandability of gastroenterology
(Gl)-focused PEMs to amore accessible level, and if different models perform differently.

Methods: A cross-sectiona review was performed on 60 PEMs that were randomly sampled from three Gl-focused websites
(American Cancer Society [ACS], American College of Gastroenterology [ACG], and American Gastroenterological Association
[AGA]). PEMs were rewritten by four LLMs (ChatGPT, Gemini, Claude, and Perplexity) with a standardized fifth-grade
trangdlation prompt. Readability was assessed with the Flesch Reading Ease, Flesch-Kincaid Grade Level, Gunning Fog Index,
and Simple Measure of Gobbledygook (SMOG) Index. Understandability was assessed with the Patient Education Materials
Assessment Tool-Understandability (PEMAT-U). Accuracy was checked by two physicians who independently reviewed the
simplified materials, with discrepancies verified using ChatGPT.

Results: PEMs from the original websites scored higher than the National Institutes of Health (NIH)-recommended sixth-grade
level, with those from the ACG even at postgraduate levels. While all LLMs improved PEM readability and understandability,
their performance and accuracy varied. Gemini had the most significant impact on readability but also produced the highest
inaccuracy rate (11.6%). Claude introduced inaccuracies at a rate of 5%, while ChatGPT and Perplexity produced no errors. The
accuracy review showed errors were concentrated in the most complex source materials and included oversimplification and
omission of risk qualifiers.

Conclusions: LLMs show the potential to increase the accessibility of PEMs related to gastroenterology but vary in their
performance, indicating the importance of human review. Gemini was the most effective of those included, but the inconsistency
in performance and accuracy across different models suggests that Al output cannot be blindly trusted. A combined approach
using LLMs and expert review can help improve patient understanding and health literacy.
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Abstract

Background: Patient education materials (PEMs) related to gastroenterology are often written at a
level above the recommended sixth-grade reading level, which is suboptimal for accessibility. Large
language models (LLMs) can enhance the readability of PEMs, but their effectiveness in this regard
remains to be evaluated.

Objective: The goal of this research is to identify if LLMs can optimize the readability and
understandability of gastroenterology (GI)-focused PEMs to a more accessible level, and if different
models perform differently.

Methods: A cross-sectional review was performed on 60 PEMs that were randomly sampled from
three GI-focused websites (American Cancer Society [ACS], American College of Gastroenterology
[ACG], and American Gastroenterological Association [AGA]). PEMs were rewritten by four LLMs
(ChatGPT, Gemini, Claude, and Perplexity) with a standardized fifth-grade translation prompt.
Readability was assessed with the Flesch Reading Ease, Flesch-Kincaid Grade Level, Gunning Fog
Index, and Simple Measure of Gobbledygook (SMOG) Index. Understandability was assessed with
the Patient Education Materials Assessment Tool-Understandability (PEMAT-U). Accuracy was
checked by two physicians who independently reviewed the simplified materials, with discrepancies
verified using ChatGPT.

Results: PEMs from the original websites scored higher than the National Institutes of Health (NIH)-
recommended sixth-grade level, with those from the ACG even at postgraduate levels. While all
LLMs improved PEM readability and understandability, their performance and accuracy varied.
Gemini had the most significant impact on readability but also produced the highest inaccuracy rate
(11.6%). Claude introduced inaccuracies at a rate of 5%, while ChatGPT and Perplexity produced no
errors. The accuracy review showed errors were concentrated in the most complex source materials
and included oversimplification and omission of risk qualifiers.

Conclusions: LLMs show the potential to increase the accessibility of PEMs related to
gastroenterology but vary in their performance, indicating the importance of human review. Gemini
was the most effective of those included, but the inconsistency in performance and accuracy across
different models suggests that Al output cannot be blindly trusted. A combined approach using LLMs
and expert review can help improve patient understanding and health literacy.

Objective:

We sought to evaluate whether four large language models (LLMs)—ChatGPT (OpenAl), Gemini
(Google), Claude (Anthropic PBC), and Perplexity—can optimize the readability of patient
education materials (PEMs) focused on gastrointestinal (GI) topics to a more accessible reading

level.
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Introduction:

Online health information is a primary resource for US adults seeking health advice, often used more
than information from healthcare professionals, family, or traditional media [1,2]. While these online
materials can be used alongside conversations between patients and physicians [3], many individuals
use this information as their sole source for healthcare [1,2], which is concerning as this information
is not tailored to individual needs and requires users to distinguish valuable information from
irrelevant content [3,4,5]. With approximately 36% of US adults having only basic or below-basic
health literacy skills [6], navigating the vast amount of online health information is a significant
challenge [4,5].

Health literacy, defined as the ability to understand and use health information for decision-making
[7], is crucial for patient outcomes. Individuals with low health literacy often experience poorer
health outcomes [8] and may be more likely to have emergency department readmissions or use
inappropriate health services [9]. Consequently, there is a growing recognition that creators of health
information must present materials in a simplified format [10,11]. The National Institutes of Health
(NIH) recommends that PEMs be written at a maximum of a sixth-grade reading level [12].

However, PEMs available online and in hospitals consistently fail to meet this standard, creating
barriers for individuals with limited health literacy [13]. Studies focusing on specific diseases like
stroke and heart failure have found materials written well above the recommended level [14]. This is
a critical issue in gastroenterology, where patients must comprehend complex information about
chronic conditions, procedures, and dietary changes [15]. This study focuses specifically on PEMs
from prominent GI organizations, a context where clear communication is essential for effective
patient self-management [16].

Large language models (LLMs), which can process and generate human-like text, offer an enticing
solution to improve the readability of PEMs on a mass scale [17]. Previous studies have shown that
LLMs can enhance the readability of discharge summaries and institution-specific PEMs but often
require clinician oversight to ensure accuracy [18,19]. While patients or PEM creators could use
publicly accessible LLMs like ChatGPT, Gemini, and Claude, little is known about the efficacy or
safety of this approach for simplifying a broad range of health topics from major national
organizations [20]. This study aims to fill that gap by evaluating whether these LLMs can effectively
simplify online PEMs on GI topics from leading organizations, while also considering
understandability.

Methods

Design & Sampling: Cross-sectional study analyzed 60 randomly selected online PEMs from three
prominent websites that are commonly used for GI information: the American Cancer Society
(ACS), the American College of Gastroenterology (ACG), and the American Gastroenterological
Association (AGA). The selection of 60 articles was determined a priori based on feasibility and
representation.

Intervention: We used four freely available generative artificial intelligence (AI) platforms:
ChatGPT, Gemini, Claude, and Perplexity. Each of the 60 original PEMs was processed by each
LLM using the prompt: “Translate the following text to a fifth-grade reading level.” This prompt was
chosen based on research showing that targeting a level lower than the National Institutes of Health
(NIH) recommended sixth-grade level can account for variability in LLM outputs and improve
results. This process resulted in five versions of each article: the original and four LLM-simplified
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versions.

Outcomes: Primary outcome was the readability of the original online PEMs compared with the
LLM-simplified versions. Readability was measured using four validated indices: the Flesch Reading
Ease (Flesch) score, where a higher score on a 0-100 scale indicates easier readability; Flesch-
Kincaid Grade Level (FKGL), which estimates the number of years of education a person needs to
understand it, with a lower score meaning the text is simpler; the Gunning Fog Index (FOG), which
also estimates the years of formal education needed to understand a text; and the Simple Measure of
Gobbledygook (SMOG) index, which estimates the grade level required for comprehension,
particularly for health literacy contexts [21,22,23]. The secondary outcome was to assess
understandability using the Patient Education Materials Assessment Tool-Understandability
(PEMAT-U), which scores materials based on clarity, organization, and absence of jargon [24].

Descriptive statistics, including means and standard deviations (SD), were calculated for all scores
and word counts. A one-way ANOVA test was used to assess significant differences between the
original PEMs from the three websites, and the Wilcoxon signed rank test was used to compare the
LLM-simplified PEMs to their corresponding originals. The results are presented in Table 1.

A secondary outcome was the accuracy of the simplified materials. Assessments for inaccuracies
were performed by two physicians and a medical student who independently reviewed the LLM-
simplified text, comparing it to the original content as the criterion standard. Any identified
discrepancies were then verified using ChatGPT to determine the final outcome. Errors were defined
as instances in which the original message was changed, the content misrepresented the meaning of
the original, or information was omitted, which could lead to a different interpretation by the reader.
This definition is not strictly limited to factual medical inaccuracies but includes any change that
alters the original meaning. The results are presented in Table 2.

Results

We noticed that one of the PEMs at ACG was an outlier with very high readability scores. Therefore,
in Table 1, we have presented results for only 59 PEMs, excluding the outlier. However, in Table 3 in
the appendix, we present the results including the outlier. The results in Table 1 show that the
original PEMs from all three GI-focused websites were written at a reading level significantly above
the recommended sixth-grade level. The ACG had the most complex materials, with a mean FOG
score of 16.5 and a SMOG score of 14.6, indicating an almost postgraduate reading level.

Reading Score Analysis

e American Cancer Society (ACS): The original material had a FOG score of
12.6. Gemini was the most effective, lowering the FOG score to 9.3
(p<0.001). Claude performed poorly, significantly increasing the FOG
score to 15.6 (p=0.03). All LLMs significantly improved understandability
(P=<0.001).

e American Gastroenterological Association (AGA): The original material had a FOG score of
11.4. Gemini again showed the best performance, significantly reducing the FOG to 8.0
(p<0.001). Claude again made the text substantially more complex, raising the FOG score to
18.5 (p=0.009). All LLM:s significantly improved PEMAT-U scores (p<0.001).

e American College of Gastroenterology (ACG): The original material was
extremely difficult, with a FOG score of 16.5. Gemini was the most

https://preprints.jmir.org/preprint/85486 [unpublished, non-peer-reviewed preprint]
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successful, dramatically lowering the FOG score to 7.8 (p<0.001), bringing
the text from a postgraduate level down to approximately an 8th-grade
level. All LLMs significantly improved readability and understandability
(p=0.005).

LLM Performance: Gemini was overall the most effective, reducing ACG PEMs from postgraduate
to middle school readability. ChatGPT and Perplexity yielded moderate but significant
improvements. Claude increased grade level complexity in ACS and AGA materials, though it
improved PEMAT-U scores.

Understandability: PEMAT-U scores improved significantly across all LLMs (p<0.005).

Table 1. Mean reading scores and SD of the original version of PEM and each large language
model version (N = 59).

Original Claude ChatGPT Gemini

Value, mean Value, mean P Value, mean P Value, mean P
(SD) (SD) value® (SD) value® (SD) value“
57.9 (9.3) 53.4 (20.0) 0.21 62.8(9.4) <0.001 73.7 (9.3) <0.001
9.8 (1.9) 13.0 (6.5) 0.02 8.6 (1.9) <0.001 6.6(1.8) <0.001
12.6 (2.5) 15.6 (6.8) 0.03 11.2(2.4) <0.001 9.3(2.1) <0.001
11.9 (1.8) 12.6 (3.5) 0.25 10.8(1.8) <0.001 9.4 (1.7) <0.001
75.6 (11.9) 84.5 (6.9) <0.001 84.0 (7.0) <0.001 85.0(8.6) <0.001
1296.3 (543.6) 836.6 (362.6) <0.001 527.0 (112.4) <0.001 342.7 (103.2) <0.001
57.1(9.0) 44.1 (24.8) 0.05 60.0(12.9) 0.29 74.5(5.4) <0.001
9.1 (2.0) 16.2 (9.9) 0.008 9.4 (3.9) 0.73 6.1(1.0) <0.001
11.4 (2.2) 18.5(10.2) 0.009 11.4(4.1) 0.98 8.0 (1.0) <0.001
11.2 (1.6) 13.3(2.6) 0.005 10.8 (2.4) 0.49 8.5(0.8) <0.001
76.7 (9.1) 84.9 (5.9) <0.001 87.7 (5.5) <0.001 85.8(7.3) <0.001
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Original

957.6 (549.5)

36.9 (7.8)
13.7 (2.5)
16.5 (2.5)
14.6 (1.5)
84.1 (9.6)

539.6 (383.2)

@ P values reported are the large language model text compared with original source text, using Wilcoxon signed rank test.

Claude

703.4 (180.1)

47.7 (15.3)
14.5 (4.6)
16.9 (4.7)
13.3 (2.6)
89.8 (5.6)

580.2 (169.5)

b Flesh: Flesch Reading Ease.

¢ FKGL: Flesch-Kincaid Grade Level.

4 FOG: Gunning-Fog Index.
¢ SMOG: Simple Measure of Gobbledygook Index,

f PEMAT-U: Patient Education Materials Assessment Tools—Understandability.

0.02

0.002
0.41
0.7
0.03

0.005

0.49

ChatGPT

412.1 (65.2)

53.6 (9.7)
10.2 (2.8)
12.4 (2.9)
11.7 (1.8)

88.9 (7.5)

288.9 (136.3)

<0.001

<0.001
<0.001
<0.001
<0.001

0.001

<0.001

Gemini

288.6 (41.1)

75.7 (6.2)
6.0 (1.0)
7.8 (1.2)
8.2 (1.0)
88.0 (7.1)

232.6 (56.4)

Khuranaet d

<0.001

<0.001
<0.001
<0.001
<0.001

0.001

0.001

We also calculated the average of the 3 grade-level readability scores (FKGL, FOG, and SMOG) for
each PEM version of the material, and compared them across sites. Figure 1 shows mean readability
scores by website and PEM version. This figure also shows that Gemini was the most effective for
each of the websites.

Figure 1. Mean grade level scores for the original version of PEM and each large language
model version (N=59).
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Inaccuracy Data Analysis

Based on all 60 PEMs (including the outlier for ACG), Table 2 reveals significant differences in the
accuracy of the four LLMs.

e ChatGPT and Perplexity were the most accurate, producing zero inaccuracies across all 60
articles.

e Gemini had the highest number of inaccuracies, with a total of 7 errors, for an overall
inaccuracy rate of 11.6%. These errors were found in materials from the American
Gastroenterological Association (2 errors, 10% rate) and the American College of
Gastroenterology (5 errors, 25% rate).

e (laude produced 3 inaccuracies, for an overall rate of 5%. All of its errors occurred in
materials from the American College of Gastroenterology (15% rate for that source).

e Notably, no inaccuracies were found in any of the simplified versions of materials from the
American Cancer Society.

Table 2. Number of inaccuracies and inaccuracy rate of each large language model version
when compared with the original.

https://preprints.jmir.org/preprint/85486 [unpublished, non-peer-reviewed preprint]
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Claude, n Gemini, n

Website (%) ChatGPT n (%) (%) Perplexity, n (%)
American  Cancer  Society

(N=20) 0 (0) 0 (0) 0 (0) 0 (0)

American Gastroenterological

Association (N=20) 0(0) 0(0) 2 (10) 0(0)

American College of

Gastroenterology (N=20) 3 (15) 0(0) 5 (25) 0(0)

Total (N=60) 3(5) 0 (0) 7 (11.6) 0 (0)

This analysis highlights a critical trade-off: Gemini, which proved to be the most effective model for
improving readability, was also the least accurate. Conversely, the models that were perfectly
accurate (ChatGPT and Perplexity) were less effective at simplification.

Discussion

This study's findings reaffirm a persistent issue in health communication: online patient education
materials from leading gastroenterology organizations are written at levels far exceeding the
accessibility standards for most U.S. adults [13,15]. Among the Large Language Models (LLMs)
evaluated as a potential solution, Gemini proved to be the most powerful tool for enhancing
readability [17]. It was uniquely capable of transforming the most complex materials, such as those
from the American College of Gastroenterology (ACG) written at a postgraduate level, down to a
more manageable eighth-grade reading level.

A key finding of this study is the apparent trade-off between simplification and accuracy. Gemini
produced the largest gains in reading ease, but these improvements came at the expense of fidelity,
with inaccuracies appearing in 11.6% of its outputs. In contrast, ChatGPT and Perplexity offered
smaller improvements in readability while maintaining complete accuracy, with no errors detected in
any of the simplified materials [17,18]. This pattern suggests that models capable of greater
simplification may take more liberties with the original text, increasing the likelihood of introducing
errors.

Claude’s performance presented a notable paradox. For materials from the American Cancer Society
(ACS) and the American Gastroenterological Association (AGA), the model often produced text that
was more complex according to readability measures such as the Gunning Fog Index. At the same
time, these outputs received higher scores on understandability assessments, including the PEMAT-U
[16]. This discrepancy highlights the limitations of relying solely on automated readability metrics
and suggests that users might mistakenly assume that any LLM-generated text is automatically easier
to understand.

These results further underscore that current LLMs are not yet fully reliable for improving
readability and should be applied with caution. In particular, errors in more technically complex
materials demonstrate that expert human review remains essential to ensure both accuracy and
patient comprehension [11].

https://preprints.jmir.org/preprint/85486 [unpublished, non-peer-reviewed preprint]
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While patients must approach such tools with caution, the greater responsibility lies with the authors
and institutions that produce patient education resources. A balanced strategy—employing LLMs as
preliminary drafting aids under the supervision of clinical experts—appears to offer the most
effective route toward developing health information that is both accurate and accessible.

Limitations

We recognize several limitations in our approach. The analysis focused on content from three
gastrointestinal health websites, and therefore, the results may not generalize across other sources.
The analysis was further restricted to English-language texts; resources written in other languages,
which often present additional challenges for readability and accuracy, were not included. Another
limitation is the reliance on a single prompt. It is likely that different prompting strategies could have
influenced the quality of the outputs. In addition, PEMAT-U scoring was performed manually, which
introduces some degree of subjectivity despite efforts to apply consistent criteria. Finally, although
we recorded how often inaccuracies occurred, we did not attempt to grade their clinical importance
or potential effect on patient decision-making. Future studies could address these gaps by examining
the severity of errors and developing structured methods to link readability gains with meaningful
patient outcomes.

Conclusions

Patient education materials (PEMs) related to gastrointestinal health often exceed the sixth-grade
reading level recommended by the National Institutes of Health (NIH) [12, 13,15]. This creates clear
barriers for individuals with lower health literacy who may struggle to engage with these resources
[6,8]. Large language models (LLMs) have been proposed as one possible solution, and certain
models, such as Gemini, showed a marked ability to improve readability [11,17].

These findings, however, point to an important trade-off between readability and accuracy. Gemini
produced the greatest gains in readability but also generated the most errors, with inaccuracies
appearing in 11.6% of its outputs. These typically arose from oversimplification or omission of risk
qualifiers and were concentrated in the more advanced source materials. Notably, the inaccuracy rate
reached 25% when Gemini was applied to postgraduate-level texts from the American College of
Gastroenterology (ACG). By contrast, ChatGPT and Perplexity were less effective in improving
readability but did not introduce errors across the outputs we evaluated.

These results highlight the need for caution when utilizing Al to simplify text. Improvements in
readability do not always guarantee that the information is accurate, and errors can still appear. For
this reason, it remains essential for experts to review and verify content to ensure it is both accurate
and comprehensible to patients. Future work should move beyond reporting error rates to examine
the clinical significance of inaccuracies and to design structured approaches for integrating LLMs
into the development of patient education materials. With careful application and oversight, these
tools may eventually help produce PEMs that are both more accessible and clinically sound.
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