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INTRODUCTION

ABSTRACT

Background: The use of large language model (LLM) chatbots in health-related
queries is growing due to their convenience and accessibility. However, concerns
about the accuracy and readability of their information persist. Many individuals,
including patients and healthy adults, may rely on chatbots for midlife health
queries instead of consulting a doctor. In this context, we evaluated the accuracy
and readability of responses from six LLM chatbots to midlife health questions
for men and women. Methods: Twenty questions on midlife health were asked to
six different LLM chatbots — ChatGPT, Claude, Copilot, Gemini, Meta artificial
intelligence (AI), and Perplexity. Each chatbot’s responses were collected and
evaluated for accuracy, relevancy, fluency, and coherence by three independent
expert physicians. An overall score was also calculated by taking the average of four
criteria. In addition, readability was analyzed using the Flesch-Kincaid Grade Level,
to determine how easily the information could be understood by the general
population. Results: In terms of fluency, Perplexity scored the highest (4.3 = 1.78),
coherence was highest for Meta Al (4.26 = 0.16), accuracy of responses was highest
for Meta Al, and relevancy score was highest for Meta Al (4.35 £ 0.24). Overall,
Meta Al scored the highest (4.28 £ 0.16), followed by ChatGPT (4.22 + 0.21),
whereas Copilot had the lowest score (3.72 + 0.19) (P < 0.0001). Perplexity
showed the highest score of 41.24 £+ 10.57 in readability and lowest in grade
level (11.11 £ 1.93), meaning its text is the easiest to read and requires a lower
level of education. Conclusion: LLM chatbots can answer midlife-related health
questions with variable capabilities. Meta Al was found to be highest scoring
chatbot for addressing men’s and women’s midlife health questions, whereas
Perplexity offers high readability for accessible information. Hence, LLM chatbots
can be used as educational tools for midlife health by selecting appropriate chatbots
according to its capability.

KeywoRrbDps: Artificial intelligence, chatbots, health education, large language
models, midlife health, patient education, patient queries

represent a convenient alternative to medical consultations,
offering instant advice on health-related concerns without

arge language models (LLMs) are increasingly being
Lintegrated into various sectors, including health care,
due to their ability to process and generate human-like
text.l! With advancements in artificial intelligence (AI),
chatbots powered by LLMs have become popular tools for
providing quick, accessible responses to a wide range of
medical queries.”* For many individuals, these chatbots
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the need for appointments or in-person visits.”!
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As men and women transition through midlife, they
may encounter new or evolving health challenges,

such as hormonal changes, cardiovascular issues,
and metabolic shifts.)  While many may seek
information from healthcare professionals, others

turn to digital sources, including Al-driven chatbots,
for quick answers.” However, the quality of these
chatbot responses, particularly their medical accuracy
and readability, remains uncertain. Inaccurate or
poorly presented information can lead to confusion,
misinformation, or even harmful decisions.®

Despite the growing reliance on chatbots, few studies
have rigorously assessed the performance of LLM
chatbots in providing reliable health advice.!!
Other studies still think that the models need further
improvement to act as a health guide. Given the critical
nature of accurate health information, it is essential to
evaluate how well these tools perform in delivering
medically sound and easy-to-understand responses.!'*!%)

With this background, this study aimed to address
the gap by evaluating the accuracy and readability
of responses from six LLM chatbots that provide free
access to the population.

METHODS

Type and setting

This study is a cross-sectional study and was conducted
in a virtual setting where questions were posted to the
chatbots, and responses were systematically analyzed for
accuracy and readability. As this study does not involve
any human or animal participants, the study does not
require any ethical clearance. The study was conducted
in September 2024.

Framing questions

A set of 20 questions was developed, focusing on key
aspects of midlife health for both men and women.
These questions covered common concerns in midlife,
including hormonal changes, cardiovascular risks, bone
health, metabolic changes, mental health, and lifestyle
recommendations. The questions were designed to reflect
real-world queries that individuals in midlife might ask
a healthcare provider. The questions were set by three
physicians and they came to a consensus to finalize the
questions [Annexure 1].

Choosing chatbots

We only included the chatbot that provides free or
limited free access to any users. Six LLM chatbots
were selected based on their popularity, accessibility,
and relevance in the health sector. These chatbots have
previously been explored for healthcare-related studies.
The chatbots are arranged according to the first alphabet.

They were ChatGPT, Claude, Copilot, Gemini, Meta Al,
and Perplexity.['¢-18]

Generating response

Each of the 20 midlife health questions was posted to
six LLM chatbots in an identical format. The responses
were collected in real time and stored for further
analysis. To maintain consistency, the same questions
were asked on the same day (September 10, 2024)
across all chatbots to avoid potential updates or changes
in LLM algorithms over time. No follow-up questions
or clarifications were asked; only the initial response to
each question was evaluated.

Rating by physicians

A panel of three expert physicians evaluated the accuracy,
relevancy, fluency, and coherence of the responses. Each
physician independently rated the responses based on a
predefined Likert-like scale for each of four attributes as
shown in Figure 1. The physicians were blinded to the
identity of the chatbots during the evaluation process to
prevent bias.

Readability analysis

The readability of the responses was calculated
by the “Flesch-Kincaid Readability Calculator”
available  free at  https://goodcalculators.com/fle
sch-kincaid-calculator. This calculator provides Flesch
Reading Ease score (measures how readable the text
is) and Flesch-Kincaid Grade Level (measures the
educational level a person needs to understand the

Parameter Characteristic Score

Fluency

Exceptionally fluent with precise and clear language

Very fluent but with minor language issues
Generally fluent, but occasional language concerns
Noticeable language issues affecting comprehension
Poor fluency, making the content hard to understand

Coherence Highly logical and well-structured

Mostly logical, with minor coherence issues
Generally logical, but some areas lack coherence
Noticeable coherence issues impacting understanding
Poor logical flow, making the content difficult to follow

Accuracy Highly accurate, supported by robust scientific evidence

Mostly accurate, with minor factual errors
Generally accurate, but with notable inaccuracies
Several factual errors impacting reliability
Inaccurate information, undermining credibility

Relevancy Highly relevant and applicable to the target audience

Mostly relevant, with some areas needing improvement

Generally relevant, but some content may not be useful

Limited relevance; substantial improvements needed
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Content lacks relevance and usefulness

| Overall score: (Score of Fluency + Coherence + Accuracy + Relevancy)/4

Figure 1: Rating criteria and score used by the human raters to rate the
text generated by chatbots
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text) along with other characteristics such as number
of sentences, words, average words per sentence, and
average syllables per word.

Data analysis

The ratings from the three expert physicians were
averaged for each response to create an “average”
score for each chatbot. For example, to calculate the
average fluency score, the final score for each question
was the average of three individual scores. The overall
fluency level of a chatbot was then determined by
averaging the scores of all 20 questions. The “overall”
score was calculated by taking the average score of
four characteristics as shown in Figure 1. Descriptive
statistics were used to summarize the accuracy scores
and readability metrics. Comparative analysis was
conducted using ANOVA to determine if significant
differences existed between the accuracy and readability
of the six LLM chatbots. Correlation analysis was also
performed to explore any relationship between accuracy
and readability. We used Microsoft Excel 2021 and
GraphPad Prism 9.5.0 (GraphPad Software, Boston,
USA) for statistical analysis.

RESuULTS

The average score of each of the four attributes
is shown in Figure 2a-d. In terms of fluency,
Perplexity scored the highest (4.3 + 1.78), followed
by Meta Al (4.28 = 0.15), while Gemini scored the
lowest (3.81 = 0.37) (P < 0.0001). Coherence was
highest for Meta Al (4.26 = 0.16) and lowest for
Gemini (3.74 + 0.41) (P < 0.0001). The accuracy
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Figure 2: Score of chatbots in fluency (a), coherence (b), accuracy (c),
and relevancy (d)
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of responses was highest for Meta Al (4.25 + 0.31),
followed by ChatGPT (4.24 £+ 0.35), with the lowest
score for Copilot (3.59 = 0.32) (P < 0.0001). The
relevancy score was highest for Meta Al (4.35 + 0.24),
followed by ChatGPT (4.24 + 0.24), with the lowest for
Copilot (3.49 £ 0.48) (P < 0.0001).

The overall score is shown in Figure 3. Meta
Al scored the highest (4.28 + 0.16), followed by
ChatGPT (4.22 + 0.21), whereas Copilot had the lowest
score (3.72 £ 0.19) (P < 0.0001).

The linguistic characteristics are shown in Table 1.
The ChatGPT generates the most sentences, followed
by Perplexity. On the other hand, Copilot produces
the fewest sentences, indicating a significantly more
concise output. In terms of word count, ChatGPT leads
again, while Claude follows. Copilot also generates
the fewest words. Perplexity showed the highest score
of 41.24 in readability, meaning its text is the easiest
to read. This is followed by Gemini and Meta Al
ChatGPT, while generating more content, has the lowest
Ease score at 21.28, making its responses harder to
read compared to the other chatbots. The grade level
required to understand the responses further supports
this, with ChatGPT’s text needing a higher education
level (average grade 14.12 + 1.23), closely followed by
Copilot (14.28 + 1.64). Conversely, Perplexity generates
the simplest text, requiring a lower grade level, making
it the most accessible chatbot in terms of readability.

DiscusSION

The evaluation across six chatbots showed that Meta Al
consistently performed the best in coherence, accuracy,
and relevancy, making it the most suited chatbot for
getting answers related to midlife health. This makes it
particularly suitable for users seeking comprehensive and
well-structured content. In terms of overall performance,

Average score

Chatbot

Figure 3: Overall score of chatbots

Cer |



Mondal, et al.: Al in answering mid-life health questions

Table 1: Linguistic characteristic of the responses of chatbots

Chatbot Sentence Words Reading ease score* Grade’

ChatGPT 20.45+6.04 278.7+68.24 21.28+7.46 14.12+1.23
Claude 17.35+4.72 208.1+19 27.77£11.1 12.52+1.7
Copilot 4.7+1.38 68.9+17.59 24.91+11.61 14.28+1.64
Gemini 13.85+6 168.8+62.41 36.91£12.51 11.44+1.78
Meta Al 15.15+4.48 172.75+34.9 33.99+15.7 11.6+2.95
Perplexity 18.05+11.52 195+116.19 41.24+10.57 11.11£1.93
ANOVA P value <0.0001 <0.0001 <0.0001 <0.0001

*Flesch Reading Ease Score=206.835-1.015 x (total words/total sentences) — 84.6 x (total syllables/total words); score range 0—100; higher
the score, easier to read, Flesch-Kincaid Grade Level=0.39 x (total words/total sentences) + 11.8 x (total syllables/total words) — 15.59;
United States grade levels of education; score indicates year of education needed to understand the text. Calculation was carried out from:
https://goodcalculators.com/flesch-kincaid-calculator. Al: Artificial intelligence

Meta Al ranked the highest, followed closely by ChatGPT.
Copilot, on the other hand, underperformed in accuracy
and relevancy, earning the lowest overall score. While
ChatGPT produced more sentences and words than the
others, it also had the lowest readability score, whereas
Perplexity generated the most readable and accessible
text. Perplexity’s high readability makes it ideal for users
who prioritize ease of understanding, whereas ChatGPT,
despite generating more content, might be less useful
for users seeking concise and easy-to-read responses.
Copilot’s lower performance suggests that it may not
be the best option for generating complex, coherent,
or highly accurate content. Other studies have reported
variable levels of quality of response.['>-2!

Meta AI’s strong performance likely results from
advanced language models trained on diverse,
high-quality data, enabling it to generate well-structured
and accurate responses. Perplexity’s focus on readability
suggests that it may prioritize clarity over depth, which
contributes to its more user-friendly output. ChatGPT’s
worldliness, while generating more content, compromises
readability, which may be due to an overemphasis on
providing detailed information.*?! However, this may not
be suitable for common people. Copilot’s lower scores
could be due to limitations in its language processing
capabilities, resulting in less coherent and relevant
responses. However, none of the above chatbots are
dedicated to healthcare information.”® Despite that,
they provide adequate information which makes them
suitable for health education tools. The major difference
between these chatbots is the capability of answering
customized answers and interaction with follow-up
questions which was not possible with Internet search
engines like Google.?*

Previous studies also reported the applicability of the
LLM chatbot in health education.['>?>?") Using chatbot
responses as a health education tool for midlife
health has the potential to empower women to better
understand complex health issues, such as menopause,

cardiovascular risk, and mental health challenges,
through accurate and coherent guidance. Many women
may not have access to healthcare facilities that
provide detailed guidance about their midlife health
issues.?$21 Tt is similar for men in that they may
face challenges in accessing healthcare and related
advice.P” For them, the chatbots can be helpful at
various stages of their healthcare needs.’>!! However,
the varying performance of different chatbots
highlights the importance of selecting the right tool to
ensure that the information provided is both accurate
and clear, making the chatbot an effective health
education resource in this context.

This study has several limitations. We evaluated only
six popular chatbots with 20 midlife-related questions.
The evaluation criteria focused primarily on fluency,
coherence, accuracy, relevancy, and readability.
Further studies are required for user satisfaction,
engagement, and contextual relevance of responses. The
cross-sectional design and evolving technology limit the
long-term efficacy of chatbot interactions in promoting
health education. The study’s reliance on quantitative
metrics may overlook qualitative aspects of chatbot
interactions that could provide deeper insights into user
experiences and educational outcomes.

CONCLUSION

LLM chatbots can answer midlife-related health
questions with variable capabilities. Meta Al was
found to be the highest-scoring chatbot for addressing
midlife health inquiries, whereas Perplexity offers high
readability, ensuring that the information is accessible
and easy to understand. Thus, LLM chatbots can
serve as valuable educational tools for midlife health,
provided that users select the appropriate chatbot based
on its specific capabilities. It is essential for healthcare
providers and users to consider both the accuracy and
readability of chatbot responses to enhance health
education. By doing so, men and women in midlife

Journal of Mid-life Health | Volume 16 | Issue 1 | January-March 2025


https://goodcalculators.com/flesch-kincaid-calculator

Mondal, et al.: Al in answering mid-life health questions

can receive tailored, reliable information that supports
their health and well-being during this crucial life
stage.
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ANNEXURE

Annexure 1:

Questions about women'’s midlife health

What are the common symptoms of menopause?

How can I manage weight gain during menopause?

What are the risks of osteoporosis, and how can I prevent it?
How does menopause affect my sexual health?

What are the best treatment options for menopausal symptoms?
How can I reduce my risk of heart disease after menopause?
What mental health changes can occur during midlife?

Is hormone replacement therapy safe for me?

. How can I maintain my skin and hair health during midlife?
10 What screenings should I be getting at this stage of my life?

L X NG AW~

Questions about men’s midlife health

1. What are the symptoms of andropause, and how does it affect me?

2. How can I maintain muscle mass and strength as [ age?

3. How can I prevent or manage weight gain during midlife?

4. What are the signs and symptoms of prostate problems?

5. How can I maintain sexual health and function?

6. What are the best ways to manage stress and mental health during midlife?
7. How can I reduce my risk of heart disease?

8. What should I know about testosterone replacement therapy?

9. What dietary changes should I make as I age?

10. What screenings and checkups should I be getting at this stage of life?
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