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ARTICLE INFO ABSTRACT

Keywords: Purpose: This study aims to evaluate the similarity, readability, and alignment with current scientific knowledge

Epilepsy of responses from Al-based chatbots to common questions about epilepsy and physical exercise.

Healfh I“fo"mf'ﬁon Methods: Four Al chatbots (ChatGPT-3.5,ChatGPT 4, Google Gemini, and Microsoft Copilot) were evaluated.

222?;1??12;1;2“& Fourteen questions on epilepsy and physical exercise were designed to compare the platforms. Lexical similarity,

Al Chatbots response patterns, and thematic content were analyzed. Readability was measured using the Flesch Reading Ease
and Flesch-Kincaid Grade Level scores. Seven experts rated the quality of responses on a Likert scale from “very
poor” to “very good.”
Results: The responses showed lexical similarity, with approaches to physical exercise ranging from conservative
to holistic. Microsoft Copilot scored the highest on the Flesch Reading Ease scale (48.42 + 13.71), while
ChatGPT-3.5 scored the lowest (23.84 £ 8.19). All responses were generally rated as difficult to read. Quality
ratings ranged from “Good” to “Acceptable,” with ChatGPT 4 being the preferred platform, chosen by 48.98 % of
reviewers.

Abbreviations: PWE, People with Epilepsy; Al, Artificial Intelligence; NLP, Natural Language Processing; LLM, Large Language Models; GPT, Generative Pre-

trained Transformer; SEO, Search Engine Optimization; JASP, Jeffreys’s Amazing Statistics Program; ANOVA, Analysis of Variance; SD, Standard Deviation.
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Conclusion: The findings highlight the potential of Al chatbots as useful sources of information on epilepsy and
physical exercise. However, simplifying language and tailoring content to user’s needs is essential to enhance

their effectiveness.

1. Introduction

Research has consistently shown the undeniable benefits of physical
exercise for people with epilepsy (PWE) [1]. Exercise has been found to
improve cardiorespiratory and muscular fitness [2], enhance quality of
life [3], boost mood [4], and positively impact body composition [5] in
PWE. Furthermore, both human and animal studies suggest that physical
exercise may help reduce seizure frequency [6,7], potentially serving as
a protective measure for epilepsy [8]. Despite this growing knowledge, a
significant number of PWE remain inactive, and surprisingly, many
healthcare professionals still hold misconceptions about the safety and
benefits of exercise for individuals with epilepsy [9-11].

Over the past 30 years, access to information has expanded rapidly
with the rise of new technologies like the Internet and social media [12].
For many, the Internet has become a key source of health information
[13,14]. Most recently, advances in artificial intelligence (Al), particu-
larly in deep learning, have allowed machines to learn and improve
without direct programming [15]. This progress has also enhanced
natural language processing (NLP), enabling computers to better un-
derstand and interact with human language [16]. The development of
generative Al has further led to the emergence of large language models
(LLM) [17], which power modern chatbots and have transformed how
people engage with digital information [18,19].

These chatbots provide a more dynamic and interactive experience
compared to the static, one-way information flow of traditional web-
sites. They are trained on vast amounts of publicly available text data,
including books, articles, and webpages [20]. This allows them to pro-
cess large datasets and engage in advanced, human-like conversations
using natural language [20,21]. With the rise of platforms like Genera-
tive Pre-trained Transformer (ChatGPT) 3.5 and the release of ChatGPT
4 in 2023, these technologies have gained widespread recognition.
Additionally, other accessible platforms like Microsoft Copilot (formerly
Bing Chat) and Google Gemini (formerly Bard) have emerged, further
advancing NLP technology [16].

While the Internet has undoubtedly democratized information ac-
cess, it has also introduced challenges [22]. Research has shown that this
increased access can sometimes contribute to the spread of misinfor-
mation and misconceptions across various subjects [23,24]. This issue is
particularly concerning in the health domain, where the quality of in-
formation can have direct consequences on people’s lives and well-being
[25].

Research on chatbots in healthcare has expanded, offering new op-
portunities for sharing medical information and supporting patients
[26-31]. Epilepsy is one of the most common neurological conditions,
affecting over 50 million people worldwide. Physical exercise, a key
non-pharmacological approach for preventing and managing non-
communicable diseases, including epilepsy [32], underscores the
importance of chatbot-provided information being both reliable and
accessible to the general public. Additionally, as these recommendations
often target clinical audiences, ensuring the safety of the information is
crucial. Ensuring that health behavior recommendations are accurate
and free from misleading information is particularly important for
clinical populations where safety is a primary concern. This study,
therefore, aims to evaluate the similarity, readability, and quality of
information provided by four Al-integrated chatbots in response to
common questions about epilepsy and physical exercise. The quality of
the information was assessed based on current physical exercise
guidelines.

2. Materials and methods
2.1. Question creation and Al chatbots

The most common questions related to “physical activity and epi-
lepsy,” “epilepsy and physical exercise,” and “epilepsy and exercise”
were identified using Google. To determine the primary questions, we
used the keyword research tool keywordtool.io [33], which helps users
find relevant keywords for search engine optimization (SEO) by gener-
ating suggestions based on real Google searches via Google Autocom-
plete. The data was collected on December 4, 2023. Additional relevant
questions were sourced from epilepsy-related websites [34-38]. In total,
14 questions were formulated: five covered general aspects of epilepsy,
and nine focused on the relationship between epilepsy and physical
exercise (Table 1).

Four well-known and easily accessible Al chatbots were selected:
ChatGPT-3.5 (database updated in January 2022), ChatGPT 4 (database
updated in April 2023 and connected to Bing), Gemini (continuously
updated and connected to the Internet), and Microsoft Copilot (contin-
uously updated and connected to the Internet). Responses were extrac-
ted on December 8, 2023. A new chat was initiated for each question to
prevent earlier questions from affecting the answers.

2.2. Qualitative analysis

A similarity analysis was employed to examine word co-occurrence
in the responses [39]. This method is a text mining and data visualiza-
tion technique that maps relationships between terms in a text dataset,
showing words, topics, or concepts that frequently appear together in
clusters, indicating potential contextual connections. Distinct clusters
were created to illustrate the correlations and frequency of association
among the terms [40]. We selected 45 terms per chatbot to provide a
clear visualization of these relationships, focusing on the most
frequently co-occurring words that had meaningful context in the re-
sponses to minimize visual clutter and ensure accurate interpretation
[41].

2.3. Evaluation of the questions

To thoroughly assess the readability of the responses, the Flesch
Reading Ease scale and the Flesch-Kincaid Grade Level were utilized
[42] using the Flesch reading ease test score calculator [43]. The Flesch
Reading Ease score evaluates how easy a text is to read, ranging from
0 to 100 points. This score reflects the level of difficulty an average adult
might experience when understanding the text, with higher scores
indicating greater accessibility and clarity. Scores are categorized as
very easy to read (90-100 points), easy to read (80-90 points), fairly
easy to read (70-80 points), plain English (60-70 points), fairly difficult
to read (50-60 points), difficult to read (30-50 points), very difficult to
read (10-30 points), and extremely difficult to read (below 10 points)
[43].

The Flesch—Kincaid Grade Level score assesses readability based on
educational level, indicating the number of years of schooling needed to
comprehend the text. This method analyzes factors like sentence length
and word count to estimate the required educational level. A lower score
indicates that the text is easier to read, with the lowest scores repre-
senting the most readable content [42]. Scores are categorized as fol-
lows: 5th grade (90-100 points), 6th grade (80-90 points), 7th grade
(70-80 points), 8th and 9th grade (60-70 points), 10th-12th grade
(50-60 points), College (30-50 points), College graduate (10-30
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points), and Professional (below 10 points). Additional readability fac-
tors considered included the word count of each response and the
number of sentences used to express the ideas.

2.4. Quality evaluation of responses

The quality of the responses was evaluated based on current scien-
tific evidence through a blind review process involving seven expert
reviewers with academic expertise in exercise physiology, neuroscience,
neurology, and epilepsy (MSA, RLV, AAA, GML, BSS, DBC, and RMA)
(for the details see Supplementary Table 1). These reviewers came from
diverse educational backgrounds, including exercise and sports science,
medicine, physiotherapy, and biomedical science, and all held Ph.D.
degrees. They were blinded to any details about the responses or the
identities of the chatbots that provided them. The reviewers received the
responses via Google Forms (Alphabet, Mountain View CA, USA) and
rated the quality on a 5-point Likert scale, where 1 is very poor, 2 is poor,
3 is acceptable, 4 is good, and 5 is very good [28]. Each evaluation
considered the accuracy of the information, clarity, and detail. For a
response to be rated as “good,” it needed to meet all criteria: being ac-
curate, evidence-based, and well-formulated, directly addressing the
question, and using accessible language with clearly explained technical
terms. More information about the evaluation criteria can be found in
Supplementary Table 2. The reviewers also identified which ranking
represented the best answer for each question. With 14 questions across
4 chatbots, each reviewer evaluated 56 responses (Supplementary raw
data in Microsoft Excel format).

2.5. Statistical analysis

A similarity analysis of words was conducted on the responses
generated by Al-integrated chatbots. The textual corpus was evaluated
by extracting the main co-occurring terms, standardized at 45 terms for
each chatbot, revealing communities of similarity. Iramuteq software
(Version 0.7, alpha 2, Laboratoire LERASS, France), based on the R
language, was used for this analysis [40,44].

Data were analyzed using Jeffreys’s Amazing Statistics Program
(JASP, 0.18.1.0, Amsterdam University, Netherlands). Normality was
assessed with the Shapiro-Wilk test, and Levene’s test evaluated the
equality of variances. Analysis of variance (ANOVA) was performed to
compare differences among the Als Gemini, ChatGPT-3.5, ChatGPT 4,
and Microsoft Copilot for the following variables: word count, number of
sentences, Flesch Reading Ease score, and Flesch-Kincaid Grade Level.
Partial eta squared (Tl%) was calculated as the effect size [45], following
the benchmarks proposed by Espirito-Santo and Daniel [46]: “small”
(0.001 < n? < 0.06), “medium” (0.06 < n2 < 0.14), and “large” (n3 >
0.14). Due to the heterogeneity of the data, Welch correction was
applied, and post-hoc analysis was performed when necessary [47].
Data were expressed as mean and standard deviation (SD), along with

Table 1
Questions related to epilepsy and physical exercise.
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minimum and maximum values.

The bootstrapping method (1,000 resamples) was employed to
enhance the reliability of the results and correct for normality deviations
when needed (number of sentences). A 95 % confidence interval (CI) for
the bootstrapping was reported [48]. Welch’s correction was applied for
variance heterogeneity when required (Flesch Reading Ease score and
Flesch—Kincaid Grade Level). A significance level of 5 % was used for
statistical analyses.

3. Results
3.1. Qualitative analyses

The similarity of words in the responses from each chatbot was
examined (Fig. 1). All chatbots exhibited three central themes: “epi-
lepsy,” “seizure,” and “exercise,” with similarities in how their clusters
were constructed and in word co-occurrence patterns. The strength of
the relationship between the central terms is indicated by the width of
the edges connecting the clusters, with wider edges indicating a stronger
thematic relationship.

Overall, Microsoft Copilot emphasizes safety and control in relation
to “seizure” (Fig. 1A) and, along with ChatGPT 4, features a cluster
linking “provider” and “healthcare,” highlighting the interaction of in-
dividuals with epilepsy in a medical context (Fig. 1B). ChatGPT-3.5 is
unique in placing “seizure” within a broader context of “epilepsy” and
presents fewer clusters, suggesting a more limited range of themes dis-
cussed (Fig. 1D).

All chatbots addressed physical exercise from different viewpoints.
Microsoft Copilot emphasizes exercise as a treatment method, taking a
more conservative stance by highlighting terms like “help” and
“regimen.” Its connections to other clusters are represented by thinner
edges, which may indicate a weaker or less direct relationship (Fig. 1A).
In contrast, the thicker edges in ChatGPT 4 indicate a strong connection
between “exercise” and “seizure,” as well as between “epilepsy” and
“individual,” underscoring the importance of physical exercise and
seizure management in the lives of PWE and the need for personalized
treatment (Fig. 1B).

Gemini associated the physical exercise cluster with terms that
suggest a careful approach, including “regular,” “doctor,” “health,”
“body,” and “mood.” This indicates that physical exercise is a vital
component of health management for PWE, highlighting the importance
of regularity and tailoring intensity to the individual’s health status
(Fig. 1C). Meanwhile, the relationships between concepts in ChatGPT-
3.5 show a thought consideration of how exercise and physical activ-
ity relate to the condition of individuals with epilepsy, emphasizing
safety, types of exercises, and the need for supervision by a healthcare
professional (Fig. 1D).

Questions

Are epilepsy and seizures the same?

How does epilepsy work?

What are the causes of epilepsy?

Is it possible to live a normal life with epilepsy?

Can epilepsy be cured?

Is physical exercise beneficial for epilepsy?

Can individuals with epilepsy engage in physical exercise?
How should someone with epilepsy begin exercising?

9. How does epilepsy impact physical activity participation?

10. Can physical exercise improve epilepsy?

11. Can physical exercise trigger seizures in people with epilepsy?
12. Is it safe to exercise after a seizure?

13. What are the best types of exercise for individuals with epilepsy?
14. Can people with epilepsy perform high-intensity exercises?

PN A WN
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Fig. 1. Similarity graph based on the co-occurrence of responses generated by Al-integrated chatbots. The colors represent the default settings of Iramuteq software

and are used to visually differentiate word clusters.

3.2. Evaluation of the questions

3.2.1. Word count per response

The average word count for each response was 192.07 (SD 52.23;
Min-Max 82.00-292.00) for Microsoft Copilot, 311.36 (SD 74.94; Min-
Max 148.00-427.00) for ChatGPT 4, 305.21 (SD 99.88; Min-Max
179.00-478.00) for Gemini, and 176.71 (SD 76.43; Min-Max
78.00-381.00) for ChatGPT-3.5. The normality test indicated that the
word count variable follows a normal distribution (Shapiro-Wilk p >
0.05). Levene’s test confirmed equal variances across the groups (F
[3,52] = 2.09; p = 0.113). ANOVA indicated a significant difference
among the groups (F [3,52] = 11.965; p < 0.001; ng = 0.408). Microsoft

Table 2

Copilot had a lower word count compared to ChatGPT 4 (p < 0.001) and
Gemini (p = 0.002). The descriptive results from the post-hoc analysis
with Bonferroni correction are shown in Table 2.

3.2.2. Number of sentences

The average number of sentences per response was 12.07 (SD 7.89;
Min-Max 4.00-33.00) for ChatGPT-3.5, 14.00 (SD 5.24; Min-Max
6.00-22.00) for Microsoft Copilot, 18.00 (SD 6.20; Min-Max
11.00-33.00) for Gemini, and 23.42 (SD 5.80; Min-Max 11.00-35.00)
for ChatGPT 4. The normality test showed that sentence lengths did not
follow a normal distribution for Gemini (Shapiro-Wilk = 0.834; p =
0.014) and ChatGPT-3.5 (Shapiro-Wilk = 0.838; p = 0.015). Levene’s

Post-hoc results with Bonferroni correction comparing the Al chatbots Microsoft Copilot, ChatGPT-3.5,ChatGPT 4, and Gemini regarding word count in response to

epilepsy questions.

Variable comparison A SE 95 % CI t value Cohen’s d (95 %IC) Phonf
Copilot ChatGPT-4 —119.28 29.37 —197.25 to —41.32 —4.061 —1.535 (—2.651; —0.419) < 0.001*
Gemini —113.14 29.37 —191.10 to —35.17 —3.852 —1.456 (—2.564; —0.348) 0.002*
ChatGPT-3.5 15.35 29.37 —62.60 to 93.32 0.523 0.198 (—0.841; 1.236) 1.000
ChatGPT-4 Gemini 6.14 29.37 —71.82 to 84.10 0.209 0.079 (—0.958; 1.116) 1.000
ChatGPT-3.5 134.64 29.37 56.67 to 212.60 4.584 1.732 (0.596; 2.869) < 0.001*
Gemini ChatGPT-3.5 128.50 29.37 50.53 to 206.46 4.374 1.653 (0.525; 2.781) < 0.001*

A, mean difference; SE, standard error; 95% CI, confidence interval; Pyons, p-value from Bonferroni correction from the post-hoc analysis.

* Statistical significance at 0.05.
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test revealed that the variances among the groups were equal (F [3,52]
= 0.596; p = 0.620). ANOVA found significant differences between the
groups (F [3,52] = 8.704; p < 0.001; rhz, = 0.334), and the descriptive
results from the post-hoc analysis, based on bootstrapping (1,000 suc-
cessful resamples), are shown in Table 3.

3.2.3. Flesch Reading Ease score

The Flesch Reading Ease scores for the chatbots were 48.42 (SD
13.71; Min-Max 14.12-63.49) for Microsoft Copilot, 35.46 (SD 9.58;
Min-Max 21.03-53.72) for ChatGPT 4, 38.94 (SD 11.93; Min-Max
16.15-57.81) for Gemini, and 23.84 (SD 8.19; Min-Max 12.29-41.90)
for ChatGPT-3.5. The normality test indicated that the Flesch Reading
Ease scores were normally distributed (p > 0.05). Levene’s test
confirmed equal variances among the groups (F [3,52] = 1.25; p =
0.299). ANOVA revealed significant differences between the groups
(Welch’s F [3,52] = 11.800; p < 0.001; nf, = 0.405). Although Microsoft
Copilot had the highest average readability scores (p = 0.019), signifi-
cant differences were found among the chatbots, with ChatGPT-3.5
showing the lowest readability (p < 0.001). The scores fell within the
range of “Very difficult to read” to “Difficult to read.” The post-hoc re-
sults with Bonferroni correction are detailed in Table 4.

3.2.4. Flesch-Kincaid Grade Level score

The Flesch-Kincaid Grade Level scores for the chatbots were 14.03
points (SD 1.91; Min-Max 10.28-17.13) for ChatGPT-3.5, 12.11 points
(SD 1.80; Min-Max 8.81-14.57) for Gemini, 11.63 points (SD 1.47; Min-
Max 8.96-13.79) for ChatGPT 4, and 10.03 points (SD 2.49; Min-Max
7.03-15.68) for Microsoft Copilot. The normality test indicated that
the grade level scores were normally distributed (p > 0.05). Levene’s test
confirmed equal variances among the groups (F [3,52] = 1.35; p =
0.267). ANOVA revealed significant differences between the groups
(Welch’s F [3,52] = 9.916; p < 0.001; ng = 0.364). The post-hoc results
with Bonferroni correction are detailed in Table 5.

3.3. Quality evaluation

Table 6 presents the quality assessments of the chatbots conducted
by experts. ChatGPT 4 was the preferred option among reviewers,
receiving 48.98 % of the votes. The quality ratings varied across
different research sources. Microsoft Copilot and ChatGPT 4 were pri-
marily rated as “Good,” each receiving 71.43 % (10 out of 14) of as-
sessments in that category. Gemini was rated as “Good” for 50.00 % (7
out of 14) of its responses, while ChatGPT-3.5 had 64.29 % (9 out of 14)
rated as “Acceptable.”

4. Discussion

This study evaluated the similarity, readability, and quality of in-
formation provided by four Al-integrated chatbots in response to com-
mon questions about epilepsy and physical exercise, specifically
focusing on whether the information aligns with current exercise
guidelines. The results reveal that the chatbots exhibited similar

Table 3

Epilepsy & Behavior 163 (2025) 110193

response patterns based on word co-occurrence, offering answers that
ranged from “good” to “acceptable.” ChatGPT 4 was found to provide
the best responses according to expert evaluations. However, texts
generated by these tools demonstrated low readability.

This study is relevant as epilepsy is a chronic, non-communicable
disease affecting approximately 50 million people globally. Moreover,
80 % of PWE reside in low- and middle-income countries, and 75 % of
those in low-income countries [49] do not receive adequate treatment
due to limited access to healthcare professionals and specialized ser-
vices. In this context, these individuals may seek information about their
condition online and through Al tools. Research indicates that people
with chronic illnesses are more likely to use internet search engines, like
Google, to find information about medications, symptoms, and related
topics [50]. This is especially true for PWE, who require daily self-
management and often turn to the Internet to better understand their
condition [50].

The rise of Al tools has led to broader access to information,
including health-related information. Chatbots, featuring a user-
friendly, chat-based interface, are designed to comprehend and
respond to questions in natural language. They have greatly improved
communication by overcoming geographical and linguistic barriers
[51,52].

In this study, the evaluated chatbots exhibited similarities in their
response structures, as indicated by the patterns of word co-occurrence
clusters, which may be influenced by their data sources, usage policies,
and processing models. For example, ChatGPT-3.5 tends to provide
more general responses and has fewer clusters, which may restrict the
depth of information provided. In contrast, ChatGPT 4 and Google’s
Gemini focus on personalizing advice related to physical exercise.
Although Microsoft Copilot is based on ChatGPT 4, it offers more con-
servative information regarding physical exercise, lacking details about
exercise intensity or types of activities.

Reading comprehension is a vital skill for sharing health-related in-
formation [53]. Medical texts that exceed patients’ reading abilities can
lead to adverse health outcomes [53]. Thus, we evaluated the read-
ability of responses provided by chatbots. The scores ranged from “Very
Difficult to Read” to “Difficult to Read,” indicating a requirement for
higher education levels. Our analysis found that many responses con-
tained lengthy texts and long sentences, suggesting that a more
advanced reading ability [42] and education are needed for full un-
derstanding. As a result, the findings indicate low readability levels.
Given that 80 % of PWE live in low- and middle-income countries [54],
where educational attainment is generally lower than in high-income
countries, these low readability levels may hinder access to informa-
tion from AI tools. Microsoft Copilot was one of the chatbots with higher
readability, utilizing short sentences and fewer words in its responses.

While some websites provide information on specific topics related
to epilepsy, many PWE find that the excessive content can be over-
whelming and that there is often no adequate search tool to filter the
necessary information [55]. In contrast, Al tools like chatbots offer the
advantage of personalizing content, tailoring responses to meet the
user’s needs and context. For example, if a user finds a response difficult

Post-hoc results from bootstrapping (1,000 resamples) comparing Al chatbots Microsoft Copilot, ChatGPT-3.5,ChatGPT 4, and Gemini regarding the number of

sentences in response to epilepsy questions.

Variable comparison A SE 95 % CI t value Cohen’s d (95 %IC) Phonf
Copilot ChatGPT-4 -9.49 2.07 —13.349 to —5.217 -3.919 —1.481 (-2.592; 0.371) 0.002*
Gemini —-3.91 2.22 —9.250 to —0.179 —1.663 —0.628 (—1.679; 0.422) 0.614
ChatGPT-3.5 2.08 2.48 —3.780 to 5.924 0.802 0.303 (—0.737; 1.343) 1.000
ChatGPT-4 Gemini 5.46 2.25 0.675 to 9.615 2.257 0.853 (—0.209; 1.915) 0.170
ChatGPT-3.5 11.56 2.50 5.767 to 15.338 4.721 1.784 (0.642; 2.927) < 0.001*
Gemini ChatGPT-3.5 5.91 2.70 0.512 to 11.025 2.465 0.932 (—0.135; 1.998) 0.102

A, the average difference estimate is derived from the median of the bootstrap distribution; SE, standard error; 95% CI t bca, confidence interval for the marginal means
based on 1,000 bootstrap resamples; Pbonf, p-value from the Bonferroni correction from the post-hoc analysis via bootstrapping.

* Statistical significance at the 0.05 level.
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Table 4
Post-hoc results with Bonferroni correction comparing Al chatbots Microsoft Copilot, ChatGPT-3.5,ChatGPT 4, and Gemini regarding Flesch Reading Ease scores in
response to epilepsy questions.

Variable comparison A SE 95 % CI t value Cohen’s d (95 %IC) Phonf
Copilot ChatGPT-4 12.95 4.18 —0.98 to 26.90 3.099 1.171 (0.088; 2.255) 0.019*
Gemini 9.48 4.18 —4.45 to 23.42 2.269 0.857 (—0.205; 1.920) 0.165
ChatGPT-3.5 24.58 4.18 10.65 to 38.52 5.880 2.223 (1.026; 3.419) < 0.001*
ChatGPT-4 Gemini -3.47 4.18 —17.41 to 10.46 -0.831 —0.314 (—1.354; 0.726) 1.000
ChatGPT-3.5 11.62 4.18 —2.31 to 25.57 2.781 1.051 (—0.023; 2.126) 0.045*
Gemini ChatGPT-3.5 15.10 4.18 1.17 to 29.04 3.612 1.365 (0.265; 2.465) 0.004*

A: mean difference; SE: Standard error; 95%CI: Confidence interval; Pbonf: p-value from Bonferroni correction of the post-hoc.
* Statistical significance at 0.05 level.

Table 5
Post-hoc results with Bonferroni correction comparing Al chatbots Microsoft Copilot, ChatGPT-3.5,ChatGPT 4, and Gemini regarding grade level scores in response to
epilepsy questions.

Variable comparison A SE 95 % CI t value Cohen’s d (95 %IC) Phont
Copilot ChatGPT-4 -1.59 0.74 —-3.563 to 0.364 -2.161 —0.817 (—1.877; 0.243) 0.212
Gemini —2.08 0.74 —4.047 to —0.120 -2.816 —1.064 (—2.140; 0.011) 0.041*
ChatGPT-3.5 —4.00 0.74 —5.964 to —2.036 —5.406 —2.043 (—3.217; —0.870) < 0.001*
ChatGPT-4 Gemini -0.48 0.74 —2.448 to 1.479 —0.655 —0.247 (—1.286; 0.791) 1.000
ChatGPT-3.5 —2.40 0.74 —4.364 to —0.437 —3.245 —1.226 (—2.314; —0.138) 0.012*
Gemini ChatGPT-3.5 —-1.91 0.74 —3.880 to 0.047 —2.590 —0.979 (—2.049; 0.091) 0.075

A, mean difference; SE, standard error; 95% CI, confidence interval; Pbonf, p-value from the Bonferroni correction from the post-hoc analysis.
" Statistical significance at the 0.05 level.

Table 6
Assessment of Al-integrated chatbot quality.
Questions Sources
Microsoft Copilot ~ ChatGPT-4 Gemini Google ChatGPT 3.5 Reviewer
%) ) (%) %) preference
1. Are epilepsy and seizures the same? Acceptable Good (57.14) Acceptable Very Good (57.14)  ChatGPT 3.5
(42.85) (42.85)
Good (42.85)
2. How does epilepsy work? Acceptable Good (57.14) Good (57.14) Acceptable ChatGPT-4
(42.85) (57.14)
Good (42.85)
3. What are the causes of epilepsy? Acceptable Good (42.85) Acceptable Poor (42.85) ChatGPT-4
(42.85) (42.85)
Good (42.85) Good (42.85) Acceptable
(42.85)
4. Is it possible to live a normal life with epilepsy? Good (71.42) Good (71.42) Acceptable Poor (57.14) Gemini
(42.85)
5. Can epilepsy be cured? Acceptable Very good(57.14)  Acceptable Acceptable ChatGPT-4
(42.85) (42.85) (71.42)
Good (42.85)
6. Is physical exercise beneficial for epilepsy? Good (71.42) Good (42.85) Acceptable Acceptable Gemini
(42.85) (42.85)
7. Can individuals with epilepsy engage in physical exercise? Acceptable Good (57.14) Good (57.14) Good (57.14) ChatGPT-4
(57.14)
8. How should someone with epilepsy begin exercising? Good (71.42) Very good Very good (42.85) Acceptable Gemini
(42.85) (42.85)
Good (42.85)
9. How does epilepsy impact physical activity participation? Good (71.42) Very good(42.85)  Good (42.85) Acceptable ChatGPT-4
(42.85)
Good (42.85)
10. Can physical exercise improve epilepsy? Good (71.42) Good (71.42) Very good (57.14)  Good (42.85) ChatGPT-4
11. Can physical exercise trigger seizures in people with epilepsy?  Acceptable Good (57.14) Acceptable Acceptable ChatGPT-4
(42.85) (42.85) (42.85)
Good (42.85)
12. Is it safe to exercise after a seizure? Poor (57.14) Good (71.42) Good (57.14) Acceptable ChatGPT-4
(42.85)
13. What are the best types of exercise for individuals with Acceptable Very good Good (57.14) Acceptable ChatGPT-4
epilepsy? (57.14) (57.14) (42.85)
14. Can people with epilepsy perform high-intensity exercises? Good (57.14) Very good Very good (42.85)  Good (85.71) ChatGPT-4
(57.14)
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to understand, they can indicate their confusion, prompting the chatbot
to modify the response to make it clearer and more comprehensible
[25].

In evaluating the content quality of the responses, most ratings from
reviewers were categorized as “good” or “acceptable,” with Google
Gemini andChatGPT 4 receiving “very good” ratings. These findings
align with those of Wu et al. [19], who evaluated the responses from
ChatGPT-3.5 to 378 epilepsy-related questions, verified by 3 reviewers.
They found that 68.4 % of ChatGPT-3.5’s responses were “correct and
comprehensive,” making it a valuable source of reliable information for
educating PWE. However, it was noted that ChatGPT-3.5 struggled to
provide prognostic information and is not recommended for medical
guidance. In a separate study by Kim et al. [56], which compared
ChatGPT-3.5 and ChatGPT 4 on 57 common epilepsy questions, it was
concluded that 40 of those questions had “sufficient educational value,”
with ChatGPT 4 demonstrating its potential as a reliable information
source on epilepsy.

In one of the limited studies comparing ChatGPT-3.5, Gemini, and
Bing, Salazar et al. [21] assessed their accuracy in distinguishing be-
tween medical emergencies and non-emergencies. The chatbots identi-
fied 12-15 % more cases as emergencies than the reviewers did. They
concluded that while these systems need further improvement for
emergency detection, they have the potential to be valuable tools in
patient care and support.

Chatbots do not always deliver definitive or specialized information,
as their Al training emphasizes general cognitive skills rather than
focusing exclusively on medical or health applications [56]. This was
evident in the responses in the current study. In response to the sixth
question regarding whether physical exercise is beneficial for epilepsy,
ChatGPT 4 mentioned the interaction between physical exercise and
antiepileptic drugs, suggesting that exercise could modify their effects, a
claim not backed by scientific evidence [57]. While there may be minor
changes in the serum levels of first-generation medications (such as
phenytoin and phenobarbital) before and after exercise, these changes
are not statistically significant [32,58]. Additionally, no response
regarding the causes of epilepsy aligned with the ILAE’s 2017 position
statement document [59], which may lead to confusion for readers
trying to classify the causes of epilepsy. Another notable point for
evaluators was the response to the question “Can epilepsy be cured?”
where ChatGPT 4 placed the word “cure” in quotes, which could create
confusion by implying that the “cure” depends on certain factors. For a
layperson or someone with limited knowledge, this might lead to a
misunderstanding that epilepsy can be cured, overlooking the quotation
marks around the word.

Other drawbacks include the absence of real-time data updates in
ChatGPT-3.5, a feature that ChatGPT 4 addresses by utilizing the Bing
web search engine for external results. Similarly, the Gemini and
Microsoft Copilot platforms are integrated with the Internet. The lack of
references continues to be a point of contention in generative Al, with
ChatGPT-3.5 remaining particularly vulnerable to this issue [28]. In
contrast, chatbots like Gemini and ChatGPT 4 can provide references
upon request, while Microsoft Copilot automatically links responses to
frequently searched web pages, organization sites, and scientific articles.

Reviewers also observed that the responses from the chatbots
emphasized the importance of a doctor’s role in starting a physical ex-
ercise program for PWE. However, there was no mention of the
involvement of a physical education or sports professional experienced
in creating physical exercise programs.

4.1. Strengths and study limitations

This study has several limitations. Although predefined parameters
were established for each classification, the subjective nature of
assessing response quality can lead to variations based on individual
interpretation. This indicates a need for more objective or standardized
criteria for evaluating content quality such as algorithm for supplying
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ratings. Nevertheless, reducing complex medical information to a five-
point Likert scale has inherent limitations in capturing ’quality’ fully.
To mitigate subjectivity, we invited professionals with expertise in the
subject to evaluate each response. However, a notable limitation is the
lack of evaluation by an epileptologist, which could have provided a
more clinical viewpoint on the accuracy and relevance of the chatbot
responses concerning epilepsy and physical exercise. Additionally, these
professionals did not have prior access to the evaluation questions, re-
sponses, or the search mechanism employed.

Second, while we referenced commonly asked questions on Google
regarding physical exercise and epilepsy, along with structured ques-
tions from specialized websites aimed at individuals with epilepsy, this
method may not completely represent the perspectives of actual patients
and could introduce selection bias. Furthermore, the questions used are
limited and may not encompass the full range of concerns that in-
dividuals with epilepsy may have about these topics. Another limitation
is that, although we conducted text mining on the chatbot responses, we
did not perform a detailed content analysis, which could have provided a
deeper understanding of the context and nuances within the responses.
Future studies could address this gap, enabling a more comprehensive
evaluation of the information. Additionally, further research should
explore how these recommendations can effectively promote active
behavior and adherence to physical activity.

Among the strengths, this study is the first to evaluate responses from
various chatbots (ChatGPT-3.5,ChatGPT 4, Google Gemini, and Micro-
soft Copilot) regarding common questions about epilepsy and physical
exercise, thereby broadening the scope of the responses. Another key
point is the application of text mining for semantic analysis, which as-
sesses the nature of the responses from each chatbot on the topic.
Additionally, the potential of Al as an important educational resource
for managing epilepsy is significant. It is important to note that chatbots
are meant to be complementary tools and do not replace the guidance of
medical professionals and other healthcare providers. They represent a
promising solution for enhancing health literacy, especially in low- and
middle-income countries where access to healthcare is often limited and
specialized professionals are few [60].

5. Conclusion

The comparison of chatbots (ChatGPT-3.5,ChatGPT 4, Google
Gemini, and Microsoft Copilot) regarding epilepsy and physical exercise
underscores their potential in delivering health information. While there
is a consistent knowledge base among the platforms, variations in ex-
ercise recommendations necessitate caution in their use. The readability
of responses indicates a need for simplification to enhance accessibility,
as all chatbots produce texts that are generally difficult for the public to
understand. The responses, mostly rated as “Good” to “Acceptable,”
particularly from ChatGPT 4, demonstrate the potential of Al in health
education, suggesting that further technological advancements could
enhance the effectiveness and intuitiveness of these tools.
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