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Comparative Readability
Analysis of Large Language
Model Responses to Stress
Urinary Incontinence
Questions: ChatGPT versus
Gemini

ABSTRACT

Background: Large language models
(LLMs) are increasingly used by patients
seeking  health  information. The
readability of Al-generated medical
content is  crucial for  patient
comprehension and informed decision-
making.

Objective: To compare the readability
levels of responses generated by ChatGPT
and Gemini to stress urinary incontinence
(SUI) patient questions using multiple
validated readability assessment tools.

Methods: Thirteen commonly asked
questions about SUI were posed to both
ChatGPT and Gemini. Responses were
analyzed using nine  standardized
readability metrics: Average Reading
Level Consensus Calculator (ARLC),
Automated Readability Index (ARI),
Flesch Reading Ease (FRE), Gunning Fog
Index (GFI), Flesch-Kincaid Grade Level
(FKGL), Coleman-Liau Index (CLI),
SMOG Index, Original Linsear Write
Readability Formula, and LINSEAR Write
Grade  Level Formula.  Statistical
comparisons were performed using
Student's t-test.

Results: ChatGPT responses demonstrated
higher complexity across most metrics.
The Flesch Reading Ease score was
significantly  lower  for  ChatGPT
(31.1x14.5) compared to  Gemini
(43.4£15.4, p=0.047), indicating more
difficult text. The LINSEAR Write Grade
Level Formula showed a substantial
difference, with  ChatGPT  scoring
20.9+10.9 versus Gemini's 7.9+2.1
(p<0.001). Other indices including ARLC,
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ARI, GFI, FKGL, and CLI consistently
showed higher grade levels for ChatGPT,
though differences did not reach statistical
significance.

Conclusion: Gemini produced more
readable health information about SUI
compared to ChatGPT. Both models
generated content at grade levels exceeding
recommended health literacy standards.
These findings highlight the need for
readability optimization in Al-generated
medical content.

Keywords: Artificial intelligence; Large
language  models; Health
Readability; Stress urinary incontinence;

literacy;

Patient education

Introduction

The proliferation of artificial intelligence in
healthcare has transformed how patients
access medical information. Large language
models (LLMs) such as OpenAl's ChatGPT
and Google's Gemini have emerged as
popular tools for health-related queries,
offering instant, detailed responses to
complex medical questions[1]. However, the
utility of these platforms depends critically
on the accessibility and comprehensibility of
the information they provide.

Health literacy—the ability to obtain,
process, and understand basic health
information—is essential for informed
medical decision-making. Unfortunately,
approximately 36% of adults in the United
States have limited health literacy, which is
associated with poorer health outcomes,
decreased medication adherence, and higher
healthcare costs[2]. The American Medical
Association and National Institutes of
Health recommend that patient education
materials be written at or below a 6th to 8th-
grade reading level to ensure broad
accessibility [3].

Stress urinary incontinence (SUI) affects
millions of women worldwide and
significantly impacts quality of life[4].
Patients with SUI often seek information

about their condition, treatment options, and
prognosis through various sources, including
increasingly  through Al chatbots.
Understanding the readability of Al-
generated responses to SUI-related questions
is therefore clinically relevant.

Despite  growing interest in LLM
applications  for  health  information
dissemination, limited research  has
compared the readability of different Al
platforms' outputs in specific medical
contexts. This study aimed to assess and
compare the readability levels of ChatGPT
and Gemini responses to common SUI
patient questions using multiple validated
readability assessment tools.

Methods

Question Development

Thirteen frequently asked questions about
stress urinary incontinence were compiled
based on clinical experience and patient
education guidelines. The questions covered
etiology, diagnosis, non-surgical treatments,
surgical options, risks, outcomes, and
recovery expectations.

Al Response Generation

Identical question prompts were submitted
to ChatGPT (OpenAl) and Gemini (Google)
in December 2024. Responses were
collected verbatim without any
modifications to preserve authentic Al
output.

Readability Assessment

Nine validated readability metrics were
employed to comprehensively assess text
complexity[5]:

Average  Reading Level  Consensus
Calculator (ARLC) - aggregates multiple
formulas

Automated Readability Index (ARI) - based
on characters per word and words per
sentence

Flesch Reading Ease (FRE) - inversely
related to difficulty (0-100 scale)
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Gunning Fog Index (GFI) - estimates years
of formal education needed

Flesch-Kincaid Grade Level (FKGL) - U.S.
school grade level

Coleman-Liau Index (CLI) - based on
characters rather than syllables

SMOG Index - estimates years of education
needed for comprehension

Original Linsear Write Readability Formula
- originally designed for technical writing

LINSEAR Write Grade Level Formula -
grade-level adaptation of Linsear

Statistical Analysis

Descriptive statistics were calculated for all
readability scores from both language
models across the nine scales. The Shapiro-
Wilk test was performed to assess the
normality of data distribution. As the data
followed a normal distribution, results are
presented as mean =+ standard deviation.
Comparisons between the two language
models (ChatGPT and Gemini) were
conducted wusing Student's t-test for
independent samples. A p-value of less than
0.05 was considered statistically significant.
All statistical analyses were performed using
IBM SPSS Statistics version 27 (IBM Corp.,
Armonk, USA).

Results

Readability assessments of responses to
stress urinary incontinence questions from
two language models (ChatGPT and
Gemini) were conducted using nine different
readability scales. The mean and standard
deviation for each index, as well as
corresponding p-values, are presented in
Table 1.

ChatGPT responses generally had higher
grade level scores, indicating more complex
language, than Gemini. The Average
Reading Level Consensus Calc (ARLC) was
12.442.1 for ChatGPT and 11.5£1.9 for
Gemini  (p=0.255). The  Automated
Readability Index (ARI) was 12.6+3.5 for
ChatGPT and 11.5#24 for Gemini

(p=0.344). The Flesch Reading Ease (FRE)
score, which inversely correlates with text
difficulty (higher scores mean easier text),
was lower in ChatGPT (31.1£14.5)
compared to Gemini (43.4+15.4), with this
difference reaching statistical significance
(p=0.047).

For the Gunning Fog Index (GFI), ChatGPT
scored 13.842.7 compared to Gemini's
12.9£2.9 (p=0.462). The Flesch-Kincaid
Grade Level (FKGL) was 11.742.6 for
ChatGPT and 10.3£2.3 for Gemini
(p=0.173). ChatGPT had a higher Coleman-
Liau Index (CLI) at 15.7+£2.8 compared to
Gemini's 13.6+£2.7, though this difference
approached but did not reach statistical
significance (p=0.067). The SMOG Index
was similar between ChatGPT (9.6+1.8) and
Gemini (9.4%1.7), with p=0.794.

The Original Linsear Write Readability
Formula showed similar scores for both
ChatGPT  (73.9£139) and Gemini
(73.4£10.5), with no significant difference
(p=0.912). However, the LINSEAR Write
Grade Level Formula yielded a substantially
higher score for ChatGPT (20.9+10.9)
compared to Gemini (7.94£2.1), and this
difference was statistically  significant
(p<0.001)..

Discussion

This study provides the first comparative
analysis of readability between ChatGPT
and Gemini for patient-oriented medical
information about stress urinary
incontinence. Our findings reveal that while
both platforms generate comprehensive
responses, Gemini consistently produced
more accessible content than ChatGPT, with
statistically significant differences observed
in two key metrics.

The Flesch Reading Ease score difference
(31.1 wvs. 434, p=0.047) is clinically
meaningful. ChatGPT's FRE score indicates
"difficult" college-level text, while Gemini's
score suggests "fairly difficult" high school-
level material. Neither platform achieved the
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recommended 60-70 FRE score associated
with 8th to 9th-grade readability—the target
for general patient education materials [3,
6]. However, Gemini's superior performance
suggests its language generation algorithms
may be better calibrated for patient-facing
communication.

The dramatic difference in LINSEAR Write
Grade Level scores (20.9 vs. 7.9, p<0.001)
warrants particular attention. This formula
specifically evaluates sentence structure and
word complexity in instructional text.
ChatGPT's extremely high score (above
college level) suggests the use of complex
sentence  constructions and  technical
vocabulary that may challenge patients with
limited health literacy. Gemini's score,
approximating 8th-grade level, aligns more
closely with health literacy
recommendations[3].

Several factors may contribute to these
readability differences. First, ChatGPT's
responses employed more formal medical
terminology and complex  syntactic
structures. For example, phrases like
"autologous fascial sling" and
"urodynamics" appeared without simplified
explanations. Second, ChatGPT utilized
longer sentences with multiple dependent
clauses, increasing cognitive load[7]. Third,
ChatGPT provided extensive disclaimers
about its limitations, which, while ethically
important, added complexity.

Conversely, Gemini incorporated visual
elements  (emoji  indicators),  shorter
paragraphs, bulleted lists, and more
conversational language. These formatting
choices, beyond mere linguistic simplicity,
likely contributed to improved readability
scores[8]. Gemini also employed analogies
and explanations (e.g., describing the sling
as "acting like a hammock"), which can
enhance comprehension for non-expert
readers.

The consistency of ChatGPT's higher grade-
level scores across multiple independent
metrics (ARLC, ARI, GFI, FKGL, CLI)
strengthens our conclusions, despite some

not reaching statistical significance. This
pattern suggests a systematic difference in
content generation approaches rather than
random variation.

These findings have important implications
for patient care. Patients with SUI are
predominantly middle-aged and older
women, populations with documented health
literacy challenges[2, 9]. When Al-generated
information  exceeds patients' reading
comprehension, it may lead to
misunderstanding of treatment options,
unrealistic expectations, non-adherence to
recommendations, or avoidance of seeking
professional care. Healthcare providers who
recommend or allow patients to use Al tools
should be aware of these readability
disparities[10].

Previous studies have documented similar
concerns. Research by Ayers et al. [11]
found that while ChatGPT provides
empathetic responses to patient questions,
the quality and appropriateness varied.
Johnson et al. [8] evaluated ChatGPT's
responses to common oncology questions
and found readability levels consistently
exceeded the 8th-grade benchmark. Our
study extends this literature by including
comparative analysis with Gemini, a newer
competitor in the LLM space, and by
focusing on a specific urological condition.

Several strategies could improve Al-
generated  health content readability.
Developers  could implement  post-
generation readability filtering that prompts
simplification when grade levels exceed
thresholds. Training datasets could prioritize
patient-facing educational materials over
technical medical literature [12]. Users
could be prompted to specify their preferred
reading level. Healthcare institutions
implementing Al chatbots could fine-tune
models using simplified medical
terminology databases[13].

Limitations

This study has several limitations. First, we
examined only one medical condition (SUI);
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readability patterns may differ across other
health topics. Second, we used a specific set
of 13 questions; alternative phrasings might
yield different results. Third, readability
formulas have limitations—they cannot
assess conceptual difficulty, accuracy, or
cultural appropriateness[14, 15]. Fourth, we
did not evaluate  actual  patient
comprehension or satisfaction. Fifth, Al
models are continuously updated; our
findings reflect specific versions tested in
December 2024[16]. Finally, we did not
account for visual formatting elements that
may enhance comprehension beyond
measured readability scores.

Conclusion

Gemini generated more readable stress
urinary incontinence information compared
to ChatGPT, with statistically significant
differences in Flesch Reading Ease and
LINSEAR Write Grade Level scores.
However, both platforms produced content
exceeding recommended health literacy
standards[3, 6]. As patients increasingly turn
to Al for health information, developers
must prioritize readability optimization[12].
Healthcare providers should counsel patients
about the complexity of Al-generated
content and offer supplementary
explanations[17]. Future research should
evaluate actual patient comprehension,
assess additional medical topics, and
examine interventions to improve Al health
content accessibility.
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