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ABSTRACT

Introduction: The advent of generative artifi-
cial intelligence (AI) dialogue platforms and
large language models (LLMs) may help facili-
tate ongoing efforts to improve health literacy.
Additionally, recent studies have highlighted
inadequate health literacy among patients with
cardiac disease. The aim of the present study
was to ascertain whether two freely available
generative AI dialogue platforms could rewrite
online aortic stenosis (AS) patient education

materials (PEMs) to meet recommended reading
skill levels for the public.
Methods: Online PEMs were gathered from a
professional cardiothoracic surgical society and
academic institutions in the USA. PEMs were
then inputted into two AI-powered LLMs,
ChatGPT-3.5 and Bard, with the prompt
‘‘translate to 5th-grade reading level’’. Read-
ability of PEMs before and after AI conversion
was measured using the validated Flesch Read-
ing Ease (FRE), Flesch-Kincaid Grade Level
(FKGL), Simple Measure of Gobbledygook Index
(SMOGI), and Gunning-Fog Index (GFI) scores.
Results: Overall, 21 PEMs on AS were gathered.
Original readability measures indicated difficult
readability at the 10th–12th grade reading level.
ChatGPT-3.5 successfully improved readability
across all four measures (p\ 0.001) to the
approximately 6th–7th grade reading level. Bard
successfully improved readability across all
measures (p\0.001) except for SMOGI
(p = 0.729) to the approximately 8th–9th grade
level. Neither platform generated PEMs written
below the recommended 6th-grade reading
level. ChatGPT-3.5 demonstrated significantly
more favorable post-conversion readability
scores, percentage change in readability scores,
and conversion time compared to Bard (all
p\0.001).
Conclusion: AI dialogue platforms can enhance
the readability of PEMs for patients with AS but
may not fully meet recommended reading skill
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levels, highlighting potential tools to help
strengthen cardiac health literacy in the future.

Keywords: Aortic stenosis; Heart valve disease;
Readability; Health literacy; Patient education
material; ChatGPT; Artificial intelligence; Large
language models; Chatbots

Key Summary Points

Why carry out this study?

Since their introduction in 2022, artificial
intelligence dialogue platforms have
influenced many different aspects of
healthcare, including efforts to improve
health literacy among patients.

The present study sought to use artificial
intelligence dialogue platforms to rewrite
patient education materials on aortic
stenosis from leading academic
institutions to meet recommended
reading skill levels for the public.

What was learned from the study?

Two artificial intelligence chatbots,
ChatGPT and Bard, successfully improved
the readability of 21 patient education
materials on aortic stenosis, although
neither platform reached recommended
6th-grade reading skill levels.

Virtual assistants such as recent artificial
intelligence platforms demonstrate
potential to improve healthcare
communication, rendering existing
educational resources more accessible and
understandable for patients.

INTRODUCTION

The advent of generative artificial intelligence
(AI) platforms has dramatically influenced
many aspects of modern medicine. Large lan-
guage models (LLM), or models powered by
generative AI platforms to understand and

generate human language, have recently been
deployed for knowledge retrieval, clinical deci-
sion support, and documentation in health
systems worldwide [1, 2]. AI-powered LLMs
have also been proposed as potential tools to aid
ongoing efforts in improving patient education
materials (PEMs) and health literacy [3]. The
American Medical Association (AMA) and
National Institutes of Health (NIH) recommend
PEMs be written at or below a 6th-grade reading
skill level [4, 5]. Previous research on the read-
ability of online patient resources for various
cardiovascular pathologies and procedures has
demonstrated that most online PEMs fail to
adhere to these recommendations [6–8]. In fact,
most online medical literature available to the
general public is written at a high school or
college student level, raising serious concerns
related to patient decision-making and educa-
tion [9, 10].

Aortic stenosis (AS) is a prevalent valvular
disease in the elderly population, with the
yearly incidence of AS among patients in the
USA and Europe estimated to be 4.4% [11]. Left
untreated, AS can be fatal within a few years of
symptom onset, which highlights the impor-
tance of improving inadequate health literacy
among patients with cardiac health conditions
[12]. As such, the aim of the present study was
to ascertain whether two freely available, widely
used AI dialogue platforms can rewrite existing
PEMs on AS to adhere to reading skill level
recommendations while retaining accuracy of
medical content.

METHODS

Adapting previous methods by Kirchner et al.,
online PEMs pertaining to AS were collected on
September 10, 2023 on a private browsing win-
dow on Google Chrome (version
116.0.5845.179) via web searches of the top 20
leading academic cardiology, heart, and vascu-
lar surgery institutions in the USA as per the US
News and World Report (USNWR) 2023 hospital
rankings [13, 14]. Additionally, PEMs on AS
were gathered from available online patient
resources provided by a professional cardiotho-
racic surgical society. Browser history and cache
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were cleared prior to web searches. PEMs that
were video-based or already written at or below
the 6th-grade reading skill level according to at
least two of four utilized readability measures
were excluded from analysis. The present study
was exempt from institutional review as it did
not involve human subjects research. This arti-
cle does not contain any new studies with
human participants or animals performed by
any of the authors.

Once collected, online PEMs were reviewed
for patient education descriptions of AS
through group discussion by multiple investi-
gators. Once identified, these patient education
descriptions were assessed for readability via an
online application (https://readable.com,
Added Bytes Ltd., Brighton, England) using four
validated readability measures: Flesch Reading
Ease (FRE) score, Flesch-Kincaid Grade Level
(FKGL), Gunning Fog Index (GFI), and Simple
Measure of Gobbledygook Index (SMOGI)
[15–18]. These measures are the most com-
monly used readability tests in the health liter-
acy literature, and are calculated using the
following formulas [9]:

FRE score ¼ 206:835

� 1:015
total number of words

total number of sentences

� �

� 84:6
total number of syllables

total number of words

� �

FKGL ¼ 0:39
total number of words

total number of sentences

� �

þ 11:8
total number of syllables

total number of words

� �

� 15:59

GFI ¼ 0:4
total number of words

total number of sentences

� ��

þ100
total number of complex words

total number of words

� ��

SMOGI ¼ 3þ
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
polysyllable word count

p
The FRE score ranges from 0 to 100 and

corresponds to an American educational level,
with higher scores indicating easier reading
material (100–90, very easy to read/5th-grade

level; 90–80, easy to read or conversational
English/6th-grade level; 80–70, fairly easy to
read/7th-grade level; 70–60, plain English/8th-
to 9th-grade level; 60–50, fairly difficult/10th-
to 12th-grade level; 50–30, difficult/college
level; 30–10, very difficult/college graduate
level; 10–0, extremely difficult/professional
level) [15]. FKGL, GFI, and SMOGI range from
0 to 18, 0 to 20, and 5 to 18, respectively, and
each score indicates the number of years of
education necessary to understand the assessed
reading material [16–18]. Thus, PEMs with
FKGL, GFI, and SMOGI scores of
approximately 7 or lower, and FRE scores
greater than 80, are generally considered in
congruence with AMA and NIH readability
recommendations [4, 5]. The FRE and SMOGI
measures have previously been highlighted for
their utility in patient education and health
literacy research [9, 19].

Next, patient education descriptions of AS
from each PEM were entered into the freely
available LLMs ChatGPT-3.5 (https://chat.
openai.com/chat; Version August 3, 2023,
OpenAI, San Francisco, CA, USA) and Bard
(https://bard.google.com; Version July 13, 2023,
Google, Mountain View, CA, USA), preceded by
the prompt ‘‘translate to 5th-grade reading
level’’. These AI dialogue platforms were
prompted to translate text to a lower reading
level than recommended by the AMA and NIH
to account for potential variability in the
interpretation of reading skill levels by the
LLMs. The AI-generated text material from
ChatGPT-3.5 and Bard was then reevaluated for
readability and accuracy.

Our primary endpoint was the absolute dif-
ference in FRE, FKGL, GFI, and SMOGI scores of
each PEM before and after conversion by both
AI platforms. To evaluate conversion consis-
tency, four independent conversions of PEMs
by each AI dialogue platform were performed
[13]. Mean readability scores were recorded and
used for subsequent analysis. Percentage change
in readability scores before and after AI con-
version was calculated. The accuracy of medical
content from converted PEMs was secondarily
assessed through independent review by multi-
ple investigators. Time (seconds) elapsed
between original prompting of each AI platform
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and completion of text generation was also
recorded for each PEM.

Continuous variables were presented as
means ± standard deviation (SD) or medians
with interquartile range if non-parametric. The
normality of variables was assessed using
quantile–quantile plots and Shapiro–Wilk test-
ing. Student’s t tests or Wilcoxon rank-sum tests
were subsequently used, as appropriate, to
compare text characteristics, FRE, FKGL, GFI,
and SMOGI scores before and after conversion,
as well as percentage change in readability
scores by each AI platform. A two-sided
p value B 0.05 was considered statistically sig-
nificant. Statistical analyses were performed
using Stata version 18.0 (StataCorp, College
Station, TX, USA).

RESULTS

Overall, 21 online PEMs on AS were gathered
from USNWR-ranked institutions and a profes-
sional cardiothoracic surgical society. All 21
original PEMs were written above the 6th-grade
reading level and were included for analysis.
Mean (SD) FRE, FKGL, GFI, and SMOGI scores of
original PEMs were 51.9 (11.6), 9.4 (2.0), 11.3
(2.1), 10.1 (1.2), respectively, indicating difficult
readability at the 10th–12th grade reading level
(Table 1). Each PEM was subsequently con-
verted by two AI dialogue platforms without
system error or the need for additional direction
by the end user (Table 2).

Conversion of PEMs by ChatGPT-3.5
demonstrated significantly improved mean
readability scores across all four validated mea-
sures: FRE (76.9 ± 1.2 vs 51.9 ± 11.6,
p\0.001), FKGL (5.9 ± 0.8 vs 9.4 ± 2.0,
p\0.001), GFI (7.7 ± 0.9 vs 11.3 ± 2.1,
p\0.001), and SMOGI (8.8 ± 0.6 vs 10.1 ± 1.2,
p\0.001) scores, indicating fairly easy read-
ability at the approximately 6th–7th grade
reading level.

Conversion of PEMs by Bard resulted in sig-
nificantly improved mean readability scores
among three of four validated measures: FRE
(66.5 ± 5.2 vs 51.9 ± 11.6, p\ 0.001), FKGL
(6.9 ± 0.8 vs 9.4 ± 2.0, p\0.001), and GFI
(9.3 ± 1.0 vs 11.3 ± 2.1, p\0.001) scores,

indicating plain English readability at the
approximately 8th–9th grade reading level.
However, conversion by Bard did not show
significant improvement in mean SMOGI
(10.0 ± 0.8 vs 10.1 ± 1.2, p = 0.729) scores.

Compared to Bard, ChatGPT-3.5 demon-
strated significantly easier readability after
conversion as per FRE (76.9 ± 1.2 [ChatGPT-
3.5] vs 66.5 ± 5.2 [Bard], p\ 0.001), FKGL
(5.9 ± 0.8 [ChatGPT-3.5] vs 6.9 ± 0.8 [Bard],
p = 0.001), GFI (7.7 ± 0.9 [ChatGPT-3.5] vs
9.3 ± 1.0 [Bard], p\ 0.001), and SMOGI
(8.8 ± 0.6 [ChatGPT-3.5] vs 10.0 ± 0.8 [Bard],
p\0.001) scores (Fig. 1). Additionally,
ChatGPT-3.5 showed significantly greater mean
percentage change across all four readability
measures compared to Bard (Table 3). ChatGPT-
3.5 also had a significantly lower mean time
(seconds) to generate converted PEMs than Bard
(5.38 s ± 0.67 s vs 8.57 s ± 1.29 s, p\0.001).

After an independent review by multiple
investigators of each original PEM and the AI-
generated material, there were no factual errors
or inaccuracies identified.

DISCUSSION

Since their introduction in November 2022,
LLMs such as ChatGPT-3.5 and Bard have been
utilized throughout medical education,
research, and practice, with over 50 recent
studies describing the great potential of these
emerging platforms in healthcare [20]. In car-
diology and cardiothoracic surgery, others have
described the potential benefits of AI as an
adjunct to clinical decision-making and diag-
nosis [21–23]. No previous studies to our
knowledge have evaluated the utility of AI dia-
logue platforms in improving the readability of
existing PEMs on AS. In this pilot study, we
assessed the ability of ChatGPT-3.5 and Bard to
rewrite PEMs to meet recommended reading
skill levels for patients with AS, finding varied
performance between the two AI platforms.
While ChatGPT-3.5 improved readability across
all four validated scores, ChatGPT-3.5 was only
able to reach recommended reading skill levels
among FRE and FKGL measures. Moreover, Bard
improved readability in all measures except for

140 Cardiol Ther (2024) 13:137–147



SMOGI but was only able to reach recom-
mended reading skill levels in the FKGL mea-
sure. Across post-conversion readability scores,
overall percentage change in readability scores,
and conversion time, ChatGPT-3.5 consistently
demonstrated greater utility in improving the
readability of PEMs compared to Bard.

Previous studies have similarly evaluated the
utility of AI chatbots in improving the read-
ability of cardiac PEMs [24]. Moons et al.
prompted ChatGPT-3.5 and Bard to reduce the
reading levels of cardiac PEMs from the Journal

of the American Medical Association, Cochrane
Library, and the European Journal of Cardiovas-
cular Nursing [24]. In congruence with our
findings, researchers found that while both
ChatGPT-3.5 and Bard significantly improved
the readability of selected PEMs, neither plat-
form was able to reach the recommended 6th-
grade reading skill level [24]. It is not surprising
that these chatbots encountered difficulty in
reaching lower reading levels, as the platforms
themselves are designed to generate outputs
written at the reading level of an average high

Table 1 Readability scores of original patient education materials on aortic stenosis prior to conversion by artificial
intelligence platforms

Resource # FRE FKGL GFI SMOGI

1 54.9 (fairy difficult to read) 9.1 (9th grade) 11.7 (11th grade) 11.9 (11th grade)

2 62.1 (plain English) 7.3 (7th grade) 9.1 (9th grade) 8.3 (8th grade)

3 48.5 (difficult to read) 8.7 (8th grade) 10.5 (10th grade) 11.0 (11th grade)

4 57.8 (fairy difficult to read) 7.7 (7th grade) 9.6 (9th grade) 9.7 (9th grade)

5 56.6 (fairy difficult to read) 9.0 (9th grade) 10.5 (10th grade) 11.2 (11th grade)

6 73.6 (fairly easy to read) 7.1 (7th grade) 8.8 (8th grade) 10.9 (10th grade)

7 58.8 (fairy difficult to read) 9.6 (9th grade) 12.1 (12th grade) 9.2 (9th grade)

8 42.7 (difficult to read) 9.8 (9th grade) 13.9 (college) 10.6 (10th grade)

9 46.8 (difficult to read) 10.2 (10th grade) 12.9 (12th grade) 11.6 (11th grade)

10 34.3 (difficult to read) 12.5 (12th grade) 15.4 (college) 10.2 (10th grade)

11 45.3 (difficult to read) 9.8 (9th grade) 11.8 (11th grade) 9.8 (9th grade)

12 34.9 (difficult to read) 14.5 (college) 12.4 (12th grade) 10.0 (10th grade)

13 60.8 (plain English) 8.1 (8th grade) 10.0 (10th grade) 11.8 (11th grade)

14 51.2 (fairy difficult to read) 10.3 (10th grade) 12.7 (12th grade) 11.0 (11th grade)

15 39.3 (difficult to read) 12.0 (12th grade) 14.4 (college) 10.1 (10th grade)

16 57.1 (fairy difficult to read) 7.9 (7th grade) 10.0 (10th grade) 9.1 (9th grade)

17 62.6 (plain English) 7.5 (7th grade) 10.2 (10th grade) 9.8 (9th grade)

18 59.4 (fairy difficult to read) 9.1 (9th grade) 13.1 (college) 11.0 (11th grade)

19 47.9 (difficult to read) 8.2 (8th grade) 7.8 (7th grade) 8.5 (8th grade)

20 27.7 (very difficult to read) 11.9 (11th grade) 13.0 (college) 8.0 (8th grade)

21 65.9 (plain English) 6.8 (6th grade) 8.3 (8th grade) 8.4 (8th grade)

FKGL Flesch-Kincaid Grade Level, FRE Flesch Reading Ease, GFI Gunning-Fog Index, SMOGI Simple Measure of
Gobbledygook Index
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Table 2 Samples of artificial intelligence-generated patient education materials on aortic stenosis

Sample
#

Converted description

1 Aortic stenosis is a problem with a special door in your heart called the aortic valve. This door helps blood flow

from one part of your heart to another

When this door doesn’t work right, it makes your heart work extra hard to pump blood. This can make the walls

of your heart become thicker and stiff, which isn’t good for your heart’s job

There are a few reasons why this door can have problems. Sometimes it’s just how it formed when you were

born, other times it’s because of an illness you had in the past, or it could be because you’re getting older

When this door isn’t working well, you might feel chest pain, faint when you’re active, or even have heart

problems. Doctors use different tests like looking at pictures of your heart, listening to it, and checking your

blood to figure out what’s wrong

To fix it, they might give you new medicine, make the door bigger with a balloon, or replace it with a new one.

This helps you feel better and keeps your heart healthy. They might even have you do special exercises to help

your heart get stronger

2 Aortic valve stenosis is when the valve in your heart that lets blood flow out gets narrow. This narrowing can

happen because of problems with the valve or just as you get older

Symptoms

Sometimes, when this valve gets super narrow, you might feel chest pain or even pass out when you’re active.

The symptoms depend on what’s causing the blockage

Sometimes, a person’s aortic valve gets blocked when they’re grown-ups. But it’s not very common. More rarely,

this valve problem happens when someone’s a baby, and it can really block the blood flow out of the heart and

even lead to heart failure

Most of the time, symptoms show up when you’re a bit older, usually in childhood. You might have a blocked

aortic valve and not enough oxygen, but you might not notice any other symptoms. Doctors might hear a

strange sound in your heart or notice unusual sounds when the valve closes. Sometimes, this condition can lead

to an infection in the heart

Causes and risk factors

The narrowing can happen in different parts of the valve, either above, below, or right in the valve itself.

Sometimes, too much calcium in the blood can make blockages above the valve, along with something called

peripheral pulmonary artery stenosis. Blockages below the valve can be because of a buildup of tissue fibers or

muscle

Diagnosis

To figure out what’s going on, doctors might use tests like an electrocardiogram (ECG), which can show

changes in the left ventricle’s size. X-rays can also help by showing a wider aorta or an enlarged left ventricle,

especially if the blockage has been there for a while. If there are signs of severe blockage or symptoms like chest

pain during exercise or fainting, doctors might use echocardiography, cardiac catheterization, and

angiocardiography to take a closer look

Converted description refers to output provided by an artificial intelligence platform after prompted to ‘‘translate to 5th
grade reading level’’
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school student. Nevertheless, this may represent
an inherent limitation of the present version of
these freely available LLMs, although rapid
updates and advancements in this AI technol-
ogy may soon ameliorate the issue.

Despite the recommendations of the AMA
and NIH, many previous studies in cardiology,
cardiothoracic surgery, and vascular surgery
have described most available PEMs to be
widely incomprehensible to most of the public
[4–8, 25, 26]. Similarly, the present study found
all original PEMs on AS to be written above the
recommended 6th-grade reading skill level,
with most written for patients with at least a
high school level of education. As low health
literacy has been reported in up to 40% of
patients with cardiac disease and is associated
with lower rates of medication adherence and
higher rates of rehospitalization, it is essential
that healthcare providers prioritize the devel-
opment and distribution of PEMs that are

accessible and understandable to members of
the public, including those with lower health
literacy [12, 27, 28].

Complex medical and surgical management
of AS renders the task of accurately and com-
prehensibly conveying online patient literature
uniquely difficult. This presents challenges
across many treatment domains in twenty-first
century healthcare. In a paradigm that supports
shared decision-making, appropriate efforts
should be taken to ensure optimal participation
within this patient population as the degree of
understanding and education required contin-
ues to become more sophisticated [29]. Gener-
ative AI dialogue platforms may help facilitate
this process through the systematic develop-
ment of comprehensible PEMs on a variety of
cardiac pathologies and treatments.

While our analysis did not identify any fac-
tual errors in the AI-generated medical content,
the variability in quality and accuracy of

Fig. 1 Violin plots of (i) Flesch Reading Ease scores, (ii)
Flesch-Kincaid Grade Level scores, (iii) Gunning-Fog
Index scores, and (iv) Simple Measure of Gobbledygook

scores before and after conversion by each artificial
intelligence platform. *Indicates significance (p\ 0.05)
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medical information produced by ChatGPT-3.5
and other platforms has been well documented
[30, 31]. A recent survey-based study presented
20 experts in congenital heart disease with AI-
generated clinical vignettes and found the
medical content produced by LLMs to often be
incomplete and misleading [30]. Others have
similarly questioned the trustworthiness and
overall appropriateness of AI-generated respon-
ses to medical questions posed by patients
[31, 32]. Ultimately, the potential use of AI
dialogue platforms by patients to supplement
medical decision-making underscores a pressing
need for the involvement of regulators and
healthcare professionals in establishing mini-
mum quality standards and raising awareness
among patients about the limitations of
emerging AI chatbots.

The present study was not without limita-
tions. First, the use of the USNWR to select the
top 20 academic cardiology, heart, and vascular
surgery institutions may limit the generaliz-
ability of our results. It is possible that PEMs
from these institutions may vary in quality and
readability from those at others throughout the
USA. However, these major academic institu-
tions were selected to capture a representative
sample of PEMs on AS from leading centers.
Second, the AI dialogue platforms only received
one prompt in this study. Better phrases may
exist to query LLMs regarding PEM readability
improvement, although our approach was
adapted from previously published literature
[13]. Third, the present study utilized freely
available versions of ChatGPT-3.5 and Bard,

whereas paid versions of these same AI plat-
forms may include higher-level capabilities and
functioning. Although it is possible that sub-
scription-based versions may generate different
results than those in the present study,
ChatGPT-3.5 and Bard were ultimately chosen
to evaluate freely accessible AI platforms that
are most likely to be utilized by various stake-
holders in patient engagement and health lit-
eracy [33]. Additionally, PEMs from countries
outside the USA were not analyzed, which may
also limit the generalizability of our results.
Despite these limitations, the use of two popu-
lar AI dialogue platforms and the application of
four validated readability measures to 21 PEMs
from diverse sources strengthened the rigor of
the present study.

CONCLUSION

AI dialogue platforms such as ChatGPT-3.5 and
Bard demonstrate strong performance in
improving the readability of PEMs on AS,
although generated texts fall slightly short of
reading skill level recommendations. On the
basis of these findings, ChatGPT-3.5 may serve
as a more useful tool over Bard to improve the
readability of PEMs. As AI dialogue platforms
rapidly advance and receive growing interest,
virtual assistants may become increasingly cap-
able of helping facilitate improvements in car-
diovascular health literacy among members of
the public.

Table 3 Percentage change in readability scores by each artificial intelligence platform

Measure ChatGPT-3.5 Bard p value

FRE 56.4 (39.8) 35.9 (39.6) \ 0.001*

FKGL - 34.9 (17.0) - 24.0 (14.7) 0.002*

GFI - 29.0 (18.7) - 15.7 (14.9) \ 0.001*

SMOGI - 12.0 (12.5) 0.2 (10.9) \ 0.001*

Improved readability is indicated by positive percentage change in FRE scores and negative percentage change in FKGL,
GFI, and SMOGI scores. All data are represented by mean (standard deviation)
*Indicates significance (p\ 0.05)
FKGL Flesch-Kincaid Grade Level, FRE Flesch Reading Ease, GFI Gunning-Fog Index, SMOGI Simple Measure of
Gobbledygook Index
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