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Mehmet Omer KIRISTIOGLU', Meral YILDIZ', Sevde iISLEKER',
Esin SOGUTLU SARI', Ahmet Tuncer OZMEN?, Mehmet BAYKARA!

1
2

Department of Ophthalmology, Bursa Uludag University, Faculty of Medicine, Bursa, Tiirkiye.
Private Practice, Bursa, Tiirkiye.

ABSTRACT

This study evaluated the accuracy, readability, and comprehensiveness of patient-facing responses generated by LLM-based chatbot
platforms to pediatric contact lens (CL)-related questions, using expert grading and readability benchmarking. Five platforms (ChatGPT-4o,
Gemini 1.5, Perplexity, Copilot, and Claude 3.5 Sonnet) were assessed using 28 curated questions. Two pediatric ophthalmologists graded
anonymized outputs using DISCERN and PEMAT-P, 5-point Likert scales for accuracy and comprehensiveness, and multiple automated
readability indices. Expert-written responses were included only for readability benchmarking. ChatGPT-40 produced the longest responses
(p<0.0001). Accuracy and comprehensiveness differed across platforms (p=0.0216 and p=0.0067), with ChatGPT-40 scoring higher than
Perplexity in post-hoc comparisons (p=0.0173 and p=0.0087). Expert responses were shorter but showed higher complexity on readability
indices. Accuracy-based reproducibility was high for general pediatric CL queries but lower for aphakic CL-related questions (p=0.041), and
factual inaccuracies were more frequent in aphakic topics. While LLMs may support patient education, variability in correctness and
completeness underscores the need for expert oversight; these tools should complement, not replace, clinical expertise in pediatric CL usage.
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Pediatrik Kontakt Lensler icin Biiyiik Dil Modeli Sohbet Botlarinin Degerlendirilmesi: Dogruluk, Okunabilirlik ve Giivenilirlik

OZET

Bu ¢alisma, pediatrik kontakt lenslerle ilgili sorulara verilen yapay zeka tabanli sohbet robotu yanitlarmin dogruluk, okunabilirlik ve
kapsamlilik agisindan degerlendirilmesini, uzman degerlendirmeleri ve okunabilirlik 6lgiitleri kullanarak incelemistir. ChatGPT-40, Gemini
1.5, Perplexity, Copilot ve Claude 3.5 Sonnet olmak {izere bes biiyiik dil modeli, 28 adet segilmis soru ile test edilmistir. Yanitlar, DISCERN
ve PEMAT-P gibi dogrulanmis araglar, dogruluk ve kapsamlilik i¢in 5 puanlik Likert 6lgekleri ve gesitli okunabilirlik indeksleri kullanilarak,
iki pediatrik oftalmoloji uzmani tarafindan degerlendirilmistir. Uzman yanitlar1 yalnizca okunabilirlik karsilastirmalarinda kullanilmustir.
ChatGPT’nin yanitlar1 en uzun (p<0,0001) ve en ayrintili olanlardi. Dogruluk ve kapsamlilik skorlar1 modeller arasinda anlamli farklilik
gostermis (p=0,0216, p=0,0067) ve ChatGPT, Perplexity’den daha iyi performans sergilemistir (p=0,0173, p=0,0087). Uzman yanitlar1 daha
kisa olmakla birlikte okunabilirlik indekslerinde daha yiiksek karmasiklik gostermistir. Tekrarlanabilirlik genel pediatrik kontakt lens
sorularinda yiiksek bulunurken, afakik lenslerle ilgili sorularda anlamli derecede diisiik saptanmustir (p=0,041). Ozellikle afakik kontakt lens
konularinda bazi olgusal hatalar tespit edilmistir. Bliyiik dil modelleri, hasta egitimi materyallerini erisilebilir hale getirse de dogruluk ve
biitiinliikkteki degiskenlik uzman gézetiminin dnemini vurgulamaktadir. Bu ¢aligma, uzmanlarin sohbet robotu yanitlarini degerlendirmesini
yansitmakta olup, uzman yanitlariyla dogrudan bir karsilastirma sunmamaktadir. Yapay zeka sohbet robotlari, pediatrik oftalmolojide klinik
uzmanligin yerini almak yerine onu tamamlayici bir arag olabilir.

Anahtar Kelimeler: Kontakt Lens. Pediatrik Oftalmoloji. Yapay Zeka. Hasta Egitimi.
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chatbots, such as ChatGPT, Copilot, and Gemini,
allowing users to obtain health-related information in
conversational form'?. While these systems can
rapidly generate patient-oriented explanations,
concerns persist regarding accuracy, completeness,
and the risk of confidently stated misinformation—
particularly in niche and specialized clinical
domains3. Pediatric contact lens (CL) care is a
particularly relevant use case because safe guidance
depends on nuanced counselling, age-specific risk
stratification, and individualized clinical decision-
making4.
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The safety of CLs in children remains incompletely
characterized, in part because pediatric populations are
frequently excluded from clinical trials. Although
preliminary evidence suggests that CL use can be safe
in children, further research is needed to define a
comprehensive safety profile and quantify age-specific
risks’. In this context, accurate information
dissemination and careful guidance from healthcare
professionals are essential, especially as CL use
among children continues to increase®. Globally, it is
estimated that over 140 million people wear CLs, with
a meaningful proportion of users being children under
the age of 15””. Despite benefits for conditions such
as high refractive error, aphakia after congenital
cataract surgery, albinism, and nystagmus, safety
concerns persist; notably, nearly a quarter of pediatric
emergency room visits related to medical devices
involve CLs*'*!",

With the increasing use of LLMs in healthcare,
evaluating their ability to provide reliable and accurate
information has become more intriguing and subject
to scrutiny, especially in highly niche areas such as
pediatric CL care. However, to date, no study has
assessed the accuracy or reliability of LLM-generated
responses specifically regarding pediatric CLs. This
study assesses the accuracy, relevance, and
comprehensiveness of information from various
LLMs, comparing their outputs to expert knowledge.
We aim to highlight these LLMs current capabilities
and limitations in pediatric ophthalmic care and
contribute to the broader discussion on integrating Al
in healthcare to improve patient outcomes and safety.

Materials and Methods

Large language model search protocol

Ethics approval was not required because the study
involved no human participants or identifiable data.
This cross-sectional evaluation 1is reported in
accordance with STROBE; TRIPOD-LLM items were
applied where applicable'>. The authors are not
associated with or involved in the developers of the
five LLMs. These five LLMs—ChatGPT-40 (OpenAl;
San Francisco, CA), Gemini 1.5 (Google Al,
Alphabet, CA), Perplexity (Perplexity Al, Inc.; San
Francisco, CA), Copilot (Microsoft; Redmond, WA),
and Claude 3.5 Sonnet (Anthropic PBC; San
Francisco, CA)—were selected because they are
widely used in the literature, differ in capabilities, are
accessible from Tiirkiye, and offer free access'>">. We
use “LLM-based chatbot” for the evaluated platforms
and “LLM/model” for the wunderlying model,
platform-level features may influence outputs. Free
accounts were created for LLMs on their respective
websites. Inference parameters (e.g., temperature, max
tokens, and random seed) were not user-accessible in
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the free web interfaces and therefore could not be
standardized across platforms. The questions were
entered into the LLMs on the same day (September
14, 2024). A detailed summary of model access
conditions and available settings for each LLM
platform as of the evaluation date (September 14,
2024) is provided in the Supplementary Material 1 to
ensure transparency and reproducibility. The
conversation history was deleted before and after each
query to ensure independent responses. Intended
audience and prompting framework: All prompts were
designed to simulate questions asked by
parents/guardians seeking patient-facing information
about pediatric CL wear and care, rather than
clinician-to-clinician decision support. To standardize
tone across models, each new session began with the
same introductory statement (“I have some questions
about CLs in children” or “I have some questions
about aphakic CLs in babies and infants”), followed
by the specific question. Then, the specific questions
were asked. Only free-access versions of the LLMs
were evaluated, which may have limitations in terms
of response depth, access to real-time data, and
potential biases due to training constraints or restricted
datasets.

Each question was phrased to reflect the perspective
of a parent/guardian seeking patient-facing guidance
on pediatric CL wear and care. The initial question
pool was compiled from publicly available patient-
education webpages that commonly appear in first-
page search results for “pediatric contact lenses,” and
items were rephrased into concise FAQ-style prompts;
brief follow-up prompts were added only when
necessary to resolve ambiguity. An expert panel (n =
2) of board-certified pediatric ophthalmologists
reviewed the questions for plausible caregiver
wording and topic relevance. Redundant items were
removed, and the remaining questions were revised to
standardize scope and phrasing. The panel further
suggested additional questions to broaden coverage
across hygiene and handling, wear schedules,
infection prevention, activity-related risks (e.g.,
swimming), follow-up recommendations, and red-flag
symptoms, including infant aphakic CL management
where applicable. The research team integrated these
recommendations to finalize the 28-question FAQ set
used to prompt the LLMs. The final set of 28
questions was curated from the sources in the
Supplementary Material 2.

The questions were adapted to focus on pediatric
aphakic CLs where necessary. The following types of
inquiries were excluded from the study: questions
with similar meanings, subjective or highly
specialized questions (e.g., “Are daily contact lenses
safe for children with seasonal allergies? ), vague
inquiries (e.g., “Why do my child’s eyes feel sticky
after wearing lenses? ), and non-medical questions
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related to CL use (e.g., “What is the best brand of
lenses for children? ). Additionally, questions aimed
at improving understanding of pediatric CL safety and
care (e.g., “How do contact lenses work? ) and
complex questions were included to assess the
model’s capacity to assist parents and patients (e.g.,
“What are the risks of using lenses in children with
keratoconus? ). One author conducted the exclusion
decision process, and the second author subsequently
validated and approved the selected inquiries. A total
of 28 questions specific to pediatric and aphakic CLs
were posed to the LLMs (Table I). The outputs from
each LLM were collected and compared in a blind
fashion. LLMs responses were exported in plain text
format to prevent bias by a research assistant
unaffiliated with the grading process. These responses
were anonymized and uploaded to a third-party survey
platform (SurveyMonkey, San Mateo, CA, USA) and
a Microsoft Excel (Microsoft, Redmond, WA, USA)
sheet to ensure an unbiased assessment and minimize
order bias. For randomization, the five LLMs
responses for each question were shuffled into a single
randomized order, and this same order was presented
to both graders. In cases where the ophthalmologists’
accuracy or comprehensiveness ratings differed, the
discrepancies were discussed in a consensus meeting,
and the agreed score was used for the final analysis.

Assessment of reproducibility

Each of the 28 questions was submitted twice to each
LLM-based platform on the same day (September 14,
2024) in independent reset sessions, with conversation
history cleared before and after each query. Two
blinded pediatric ophthalmologists graded both
outputs using the same 5-point Likert accuracy scale
described above. Overall accuracy for each model was
summarized across both runs (e.g., mean of Al and
A2), and no tie-break rule privileging Response 1 was
used. Accuracy-based reproducibility was defined as
|A1-A2|<1 and summarized as Reproducibility (%) =
100 x (1 — |A1—A2|/4). Here, Al and A2 range from 1
to 5; therefore, the maximum possible difference is 4.
We also quantified response-level reproducibility by
comparing Response 1 vs Response 2 using
normalized Levenshtein similarity and TF—IDF cosine
similarity, averaged across the 28 questions for each
model. Text-similarity metrics were scaled to 0—1 and
reported as percentages. Any grading discrepancies
were resolved by consensus. Accuracy-based
reproducibility reflects stability of correctness,
whereas text-similarity metrics capture stability of
wording and may differ even when accuracy is
similar. This metric is independent of whether either
response is correct; it captures the stability of accuracy
scores across repeated generations.

Table 1. The questions asked of LLMs are shown in
the table and categorized by topic.

IPediatric Contact Lenses Aphakic Contact Lenses

INo |Question No |Question

Q1 |Is the risk of infections|Q18|ls the risk of infections higher in
higher in children when babies when using contact
using contact lenses? lenses?

Q2 |What do | look for to|Q19|What do I look for to determine)

determine whether my child whether my child has a problem
has a problem with the with the contact lenses?

contact lenses?

Q3 |Are contact lenses safe for|Q20 |Are aphakic contact lenses safe)
kids? for babies?

Q4 |At what age are contacts|Q21|Which is better-glasses or|

safe for kids to wear? contact lenses for my baby?

Q5 |How to reduce the risk of|Q22|Does my baby have to wear a
contact lens complications in contact lens all of the time, even
a child? when they sleep?

Q6 |What will happen if proper|Q23|How do you take care of aphakic|
contact lens hygiene is contact lenses?

ignored in my child?
Q7 |Are contact lenses more|Q24 |What should | do if my baby is|
expensive than glasses in having a problem with theil
the pediatric age group? contact lens?

Q8 [How do you take care of|Q25|How long after  congenitall
contact lenses? cataract surgery my baby use
aphakic contact lenses?

Q9 |What should | do if my child|Q26 |Which contact lens material is|
is having a problem with better for my baby: soft, silicon
their contact lens? hydrogel, or rigid gas permeable?

Q10| Which is better-glasses or|Q27 |How do you take care of aphakic|
contact lenses for my child? contact lenses?

Can the contact lens tear|Q28 |My baby was operated on in one
whilst it is in my child’s eye? eye for a congenital cataract.
Should my baby wear glasses in
addition to the contact lens fo
aphakia in one eye?

Q1

s

Q12|What should | do if my
child’s contact lens falls out

Q13 |Does my child have to wear
a contact lens all of the time,
even when they sleep?
Q14|When my child is using
contact lenses what about
bath times?

Q15| When using contact lenses,
can my child play in a sand
pit/ go to the beach?
Q16|Can a contact lens get lost
and move to the back of the
eye?

Q17| When using contact lenses
can my child go swimming?

Assessment of readability

For the readability assessment, references in LLMs
responses were first removed. The readability of the
outputs was assessed using the Flesch Reading Ease
(FRE) and Flesch—Kincaid Reading Grade Level
(FKRGL) formulae. Additionally, readability indices,
such as the Simplified Measure of Gobbledygook
(SMOG) Index, Automated Readability Index (ARI),
Linsear, Gunning Fog, and Coleman-Liau, were also
evaluated as in the literature (Table II)'°. These
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assessments evaluate the ease of understanding text
based on syllables, words, and sentences. Readability
assessments also included responses provided by two
ophthalmologists experienced in pediatric CLs. The
average of these two experts' scores was calculated
and compared with the LLMs responses. For
readability benchmarking, two pediatric
ophthalmologists  drafted  brief  patient-facing
responses to the same questions; these expert-written
texts were analyzed only for readability comparisons.
They were not used as a gold standard for accuracy or
comprehensiveness scoring.

Table II. Comparison of Readability Formulas:

Descriptions and Measurement Criteria

Readability . Measurement
Description :
Formula Criteria
Measures text readability on a scale from )
FRE (Flesch |1 to 100. Higher scores indicate more Efﬂgrosfcl:g l(:aoe{sier
Reading Ease) |readable text. A score between 70-80 " 9
. . 0 read
approximates a 7th-grade reading level.
FKGL (Flesch- [Assigns a U.S. school grade level to a|Grade level score;
Kincaid Grade |text, indicating the educational level|e.g., 8 = 8th-grade
Level) required to comprehend it. reading level
Estimates the years of formal education|Education years
Gunning Fog |needed to understand a text on first|required; considers
Index reading, based on sentence length and|sentence length and
the percentage of complex words. complex words
Estimates the number of years of !
: . Education years
education required to understand a text e
SMOG Index ) .|required; based on
by analyzing the number of polysyllabic .
polysyllabic words
words.
Calculates the grade level of a text based|Grade level; average
Automated
Readability on the average number of characters per|characters per word
word and the average number of words|and words per
Index (ARI)
per sentence. sentence
Estimates the readability of a text by|Grade level; average
Coleman-Liau |analyzing the average number of|characters per word
Index characters per word and the number of|and sentences per
sentences per 100 words. 100 words
Determines the readability of a text by Grade level:
Linsear Write |evaluating the frequency of simple and b
I frequency of simple
Formula complex words and estimating the grade
) B and complex words
level required for comprehension.

Assessment of quality of information

Each response was evaluated for information quality
using two validated tools: DISCERN (with overall
scores ranging from 1 [low] to 5 [high] for quality)
and the Patient Education Materials Assessment Tool
for Printed Materials (PEMAT-P). DISCERN was
developed as a standardized tool and is often used to
assess the trustworthiness and comprehensiveness of
patient information materials, including websites,
pamphlets, and other educational resources. The
DISCERN tool provides a set of questions that guide
the evaluation of health information, with each
question typically scored on a scale from 1 (low) to 5
(high). The overall DISCERN score reflects the
quality of the material, with higher scores indicating
more reliable, well-balanced, and presented
information '”. DISCERN consists of 16 items scored
1-5, yielding a total score range of 16-80; higher
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scores indicate better quality. The PEMAT-P consists
of 24 questions, scored as '0' for disagree, 'l' for agree,
or 'NA' for not applicable. The scores were summed to
produce a percentage score, with higher percentages
indicating better understandability and actionability.
NA items were excluded from the denominator when
computing PEMAT-P percentage scores. Responses
were considered understandable and actionable if they
scored 70% or higher based on prior validation '®. The
average score of two reviewers was calculated for
each LLM response. PEMAT-P scores emphasize the
understandability and actionability of patient
education materials, while DISCERN scores focus on
the reliability and quality of information, particularly
regarding treatment options.

Assessment of accuracy and comprehensiveness

The accuracy of the LLMs responses was evaluated by
two pediatric ophthalmologists with high proficiency
in English. Accuracy was rated using a 5-point Likert
scale: (1) Very inaccurate (contains major factual
errors), (2) Somewhat inaccurate (partially correct but
contains misleading information), (3) Moderately
accurate (mostly correct but lacking important details),
(4) Accurate (factually correct with minor omissions),
(5) Very accurate (comprehensive and error-free).
Comprehensiveness was scored similarly: (1) Very
incomplete (major gaps in information), (2) Somewhat
incomplete  (important  details  missing), (3)
Moderately comprehensive (adequate but not
detailed), (4) Comprehensive (detailed with minor
gaps), (5) Very comprehensive (fully detailed and
informative). The graders, who were unaware of the
LLMs source, rated the responses using a 5-point
Likert scale. The order of responses was randomized
within SurveyMonkey (San Mateo, CA, USA) to
mitigate order bias. Each grader independently scored
the responses before the final scores were averaged to
determine accuracy and comprehensiveness ratings.
The average score from all reviewers determined the

total accuracy score for each LLM-generated
response.

Data analysis

To assess inter-rater agreement, we calculated

weighted Cohen’s kappa (k) between the two graders
for Likert-scale ratings. Descriptive analyses were
performed in Microsoft Excel. Repeated-measures
statistical analyses were conducted in SPSS (IBM
SPSS Statistics for Windows, Version 28.0; IBM
Corp., Armonk, NY, USA), and figures were created
using GraphPad Prism (version 10.0.0; GraphPad
Software, Boston, MA, USA). Because each question
was answered by all models (question-level
clustering), between-model comparisons  were
performed at the question level using Friedman tests,
followed by Holm-adjusted pairwise Wilcoxon
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signed-rank tests for post-hoc comparisons. The same
repeated-measures approach was applied to readability
indices (e.g., word/character counts, FRE, FKGL,
SMOG, ARI, Linsear, Gunning Fog, Coleman—Liau)
and to Likert-based outcomes (accuracy and
comprehensiveness).  Inter-rater agreement was
calculated for Likert-scale
accuracy/comprehensiveness ratings; formal inter-
rater  reliability = was not computed for
DISCERN/PEMAT. Kappa values were interpreted as
<0.20 slight, 0.21-0.40 fair, 0.41-0.60 moderate,

0.61-0.80 substantial, and >0.81 almost perfect
agreement. Two-tailed p-values <0.05 were
considered  statistically  significant. =~ Continuous

variables are reported as median (min-max) for
repeated-measures analyses and as mean = SD where
appropriate.

Results

Readability differed across response sources (five
LLMs and the expert mean) when analyzed at the
question level using repeated-measures statistics
(Friedman tests; Table III). Output length showed the
strongest separation: ChatGPT-40 produced longer
responses than Perplexity, Claude 3.5 Sonnet, Gemini,
and Copilot in both word count and character count
(Friedman p<0.001; Holm-adjusted paired tests p <

0.01 for each comparison), while the expert mean was
substantially shorter than all LLM outputs (Holm
p<0.001). Flesch Reading Ease (FRE) showed an
overall group effect (Friedman p<0.001), but after
Holm correction the main differences were driven by
the expert mean versus the LLM outputs rather than

by consistent differences among the LLMs
themselves. In  contrast, grade-level indices
demonstrated model-dependent variation. Gemini

tended to generate more complex text, with higher
ARI and Flesch—Kincaid grade levels and higher
SMOG and Gunning Fog scores compared with
ChatGPT-40 and Copilot (Holm p<0.05 for significant
contrasts). Coleman—Liau values also differed overall
(Friedman p<0.05), with Copilot yielding lower
Coleman-Liau scores than Claude and Gemini (Holm
p<0.05). Linsear Write scores differed across sources
(Friedman p<0.05) and were lowest for ChatGPT-4o,
suggesting simpler sentence structure on this metric
compared with the other LLMs and the expert mean
(Holm p<0.05).

DISCERN scores revealed that the mean values (=SD)
for ChatGPT, Perplexity, Claude, Gemini, and Copilot
were 57.66+5.74, 52.39+8.89, 55.27+6.33,
56.04+8.40, and 54.61+11.28, respectively, with no
statistically significant difference observed between
the groups (p=0.2008) (Figure 1E). For PEMAT-P
understandability scores, the mean values for
ChatGPT, Perplexity, Claude, Gemini, and Copilot

Table III. Readability scores of responses by LLMs and expert mean.

ChatGPT 40 Perplexity Clgg:: e?;.S Gemini Copilot Expert Mean p-value

ARl Indox .458¢ 1091 9.542 1151 A P L

(6.109-15.36) | (5.288-17.41) | (5.873-19.30) | (4.885-19.26) (12'87)' 1 (54647, abe <0.05

Character Count 19339 1366% 1292 1330m 13400 | 343wete (226- | <0.0001
(639-3145) | (321-2306) | (1083-1980) | (457-2389) | (509-2092) |  809) avedeigh<0, 001

. 1158 12.51 12.26° 11.98° 1138 <0.0078

Coleman Liau (832-15.28) | (7.219-15.68) | (6.138-1559) | (6.60-1647) |(6.83-1392)|"> ST agq g5

11,00

o 10,83 11.92 1153 12,36 114 (7.49- <0.0001

Flesch - Kincaid Grade Level | ¢ 205 1676) | (7.59-1847) | (7.48-18.16) | (6.72-18.62) (%872;' 16.1) abc<,05

Flosch Reading Ease #1250 3874 3755 38.11 4217261; 38.6% (13.9- <0.001

9 (1336-6037) | (7.18463.58) | (20047129) | (137024) | & o 66.8) 0<0.01

N ] 1401 i

Sunning Fog 13.92 1447 1478 1527 dorz. | 1490 (109 <0.001

(1132-2012) | (@816:238) | 4712079 | (lo3t21.19) | (g8 20.1) abe<(,05

T 2730° 4638 4.187° 4.955° 401 | 385%e(26- | <0.0001
(0.6579 - 15.80) | (1.783-21.0) |(2048—1050)| (1.81-14.80) | (21-138) 62.8) abede<(,0001

12.96°
12,69 1342 13.26 13.85¢ < 0.001
- b —

SMOG Index (11.04-1735) | (9.978-19.78) | (0.467-1763) | (9.995-17.41) (113%) 1352 (1047) 1 g 05

Word Count 303 2085% 200.5¢ 2085% 2080 | 572%% (36~ | <0.0001
(108494) | (50-355) | (178-309) (74-337) (84-337) 124) abedeioh <001

Values are presented as median (min—max) across the 28 questions. Friedman test was used for overall comparisons with Holm-adjusted
pairwise Wilcoxon signed-rank tests. Superscripts denote post-hoc groupings (shared letters = not significantly different).
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were  82.38+6.32,  75.95+11.11,  78.75+6.26,
81.07+6.4, and 76.59+11.55, respectively, and a
statistically significant difference was found between
the groups (p=0.0124). Pairwise comparisons
indicated that this difference was significantly higher
for ChatGPT than Perplexity (p=0.0054) (Figure 1A).
As for PEMAT-P actionability scores, the mean
values for ChatGPT, Perplexity, Claude, Gemini, and
Copilot were 76.07+£6.85, 67.14+£14.87, 70.95+8.94,
75.7749.29, and 67.98+14.18, respectively, with a
statistically significant difference between the groups
(p=0.0005). This difference was statistically
significant between three pairwise groups (ChatGPT-
Perplexity: p=0.037, Perplexity-Gemini: p=0.045, and
Gemini-Copilot: p=0.0432) (Figure 1B).

In terms of reproducibility, when looking at the
average values of 28 questions, ChatGPT scored
94.29+6.15, Perplexity 94.02+6.02, Claude 92.95+6.2,
Gemini 94.11+6.24, and Copilot 92.41+£6.5. No
statistically ~significant difference was observed
between the LLMs (p=0.143) (Figure 1C). Response
reproducibility was evaluated; ChatGPT showed the
highest stability (Levenshtein 92.8%, cosine 94.5%),
followed by Claude 3 Sonnet (88.4%, 85.2%) and
Gemini (80.1%, 83.7%). Perplexity and Copilot
exhibited greater between-run variability, with lower
Levenshtein similarity (72.4% and 73.4%) despite
higher cosine similarity (81.7% and 82.2%),
suggesting that repeated queries may yield notably
different wording while preserving overall content.
However, when reproducibility was analyzed based on
question categories, the average score for pediatric
questions was 94.41+6.13, while for aphakic
questions, it was 92.23+6.08, and the difference
between them was statistically significant (p=0.041)
(Figure 1D).

The PEMAT-P Understandability The PEMAT-P Actionability

Copilot- —Th Copilot] —TH
Gemini —H Genmini- |—|:|—|——| .
ﬁ Claude-| HH ﬁ Claude - {11 : —J *
Perplexity-| —{H —, porpleity|  +———{ ] j J a
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Figure 1.

DISCERN, Reproducibility, PEMAT-P
understandability, and actionability scores of the
responses by the LLMs. The statistical significance is
denoted as follows: *p<0.05, **p<0.01, ***p<0.001.
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Based on the Likert-scale results, the median (range)
accuracy scores for ChatGPT, Perplexity, Claude,
Gemini, and Copilot were 4.333 (3.667—4.667), 4.000
(2.667-4.667), 4.333 (3.000-4.667), 4.333 (2.667—
4.667), and 4.333 (3.333-4.667), respectively. The
median values for comprehensiveness were 4.33
(range: 2.67-5), 4.0 (range: 2-4.67), 4.0 (range: 3.0-
4.67), 4.33 (range: 2.0-5.0), and 4.17 (range: 2.33-
5.0), respectively (Figure 2). There was a significant
difference between the groups in terms of both
accuracy and  comprehensiveness  (p=0.0216,
p=0.0067). In Holm-adjusted post-hoc pairwise
Wilcoxon signed-rank tests, ChatGPT-40 was the only
model that differed significantly from Perplexity, with
higher accuracy and comprehensiveness scores
(p=0.0173 and p=0.0087, respectively; Figure 2).

Accuracy Comprehensiveness
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Figure 2.

Accuracy and comprehensiveness scores of the
different LLMs. The key differences between LLM
performance have been highlighted using annotations
to emphasize statistically significant contrasts.

The inter-rater agreement between the two observers
was assessed using Cohen's kappa. The weighted
Cohen's kappa was calculated to account for the
agreement corrected by chance. The kappa value was
0.623, indicating a substantial level of agreement
between the two observers on the 5-point scale.

All LLMs examined clearly emphasized in all
responses that they are not medical professionals and
advised users to consult an eye care specialist for
accurate diagnosis and appropriate treatment.

Discussion and Conclusion

Recent advancements in Al have transformed access
to health information, allowing patients and healthcare
professionals to receive instant responses and
continuous educational updates'. Large language
models (LLMs), trained on vast datasets, generate
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humanlike responses using deep-learning algorithms,
but their effectiveness varies based on underlying
architectures””'. However, a key limitation is their
lack of specialized training for pediatric applications,
raising concerns about accuracy and reliability in
niche medical fields™.

Current models are typically trained on general
medical corpora, which may not adequately address
the unique nuances of pediatric healthcare, potentially
leading to suboptimal patient education outcomes™>*.
A fundamental distinction necessitates early emphasis
regarding the interpretation of our findings: the
structural difference between web-enabled models
(Copilot, Gemini 1.5 and specifically Perplexity) and
static, pre-trained models (Claude 3.5 Sonnet and
ChatGPT-40). While static models rely on frozen
training datasets, web-enabled models retrieve real-
time data from the internet. In the absence of
universally standardized guidelines for pediatric CL
care, the open web often contains conflicting
information. Consequently, web-enabled models risk
propagating online inaccuracies, whereas static
models may offer greater stability by relying on
synthesized training data rather than unverified real-
time search results™. Rossettini et al. observed better
performance with a retrieval-enabled platform
(Perplexity) in lumbosacral pain management; this
may be partly attributable to the ready availability of
guideline-based resources online in that domain. This
discrepancy likely reflects the availability of online
evidence: while Rossettini et al.’s domain benefits
from accessible Clinical Practice Guidelines ideal for
retrieval, pediatric CL care lacks unified standards®.
Consequently, in our guideline-naive context, static
models relying on generalized reasoning proved more
robust than web-enabled LLMs prone to retrieving
conflicting online data. This suggests that the clinical
utility of web-browsing is context-dependent:
advantageous for guideline-rich conditions but
potentially detrimental for niche topics lacking
standardized consensus.

LLMs can improve patient education by making
health information accessible and engaging, providing
instant answers to common pediatric questions. The
communication needs in pediatrics are unique,
requiring models to generate responses that are not
only medically accurate but also age-appropriate and
understandable for children and their guardians.
General medical LLMs may struggle with this aspect,
leading to less effective patient education materials for
younger patients™®. In pediatric applications, there is
a greater emphasis on safety, privacy, and ensuring
that the information provided is suitable for
children—factors that may not be as prominent in
general medical contexts.

According to DISCERN and Likert scores, the 5 Al
LLMs in this analysis generated high-quality and

respectively accurate responses about pediatric CLs
for the patients and parents and did not appear to
spread misinformation. Yet, there were differences
between LLMs. In the PEMAT-P, ChatGPT and
Gemini outperformed other LLMs by providing
higher-quality content, while Perplexity lagged.
However, this difference in quality was not reflected
in the DISCERN scoring. This indicates that while
there were no significant differences among the LLMs
regarding reliability and information quality in their
responses, there were differences in understandability
and actionability. ChatGPT tends to provide longer
responses, which may have contributed to this
difference.

There were disagreements among LLMs on some
questions. For example, while Copilot and Perplexity
responded affirmatively to Q15, Claude and Gemini
generally answered that they could not participate.
ChatGPT, on the other hand, gave a more diplomatic
answer, stating that they could participate under good
supervision. These differences could lead to different
guidance for families.

Although rare, LLMs sometimes provide responses
that could be misleading. For example, Claude
incorrectly answered Q22 in Table IV. However,
when re-queried, the Claude 3.5 Sonnet did not repeat
this mistake, indicating low reproducibility for this
question. Such incorrect answers can be tagged as Al
hallucinations and could provide misleading
information for parents seeking guidance®’.

Table IV. Example of Al hallucination from the
Claude 3.5 Sonnet.

Question Answer
“Yes, for infants and young children who have had a
cataract removed, it is generally recommended that they
wear their aphakic contact lenses at all times, including
while sleeping.
There are a few important reasons for this:
1. Visual development - Proper visual input and focus
through the aphakic lens is crucial for normal visual
I'have some | development in the infant's brain during this critical
questions period.
aboutaphakic 2. Eye health - Without a lens in the eye, the eye is
contact lenses L o ;
. ; more prone to infections, irritation, and potential
in babies and L
. complications. The contact lens protects the eye.
infants. Does
my baby have | 3. Induced refractive error - Without the lens in place,
to wear a the eye will be extremely farsighted (hyperopic),
contact lens all | impacting vision.
of the time, Removing the lenses during sleep interrupts the visual
even when input and could impair the infant's visual development. It
they sleep?  |also risks the potential for the eye to develop
complications when the lens is out.
The lenses are designed for extended/continuous wear,
and the eye doctor will provide specific instructions on
lens removal, cleaning, and replacement schedules
based on the needs of the individual child. Parental
supervision is required to ensure the lenses remain
properly in place.”
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Readability analyses showed an overall difference
across response sources (five LLMs and the expert
mean) at the question level (Friedman tests; Table III).
While output length separated the groups most
clearly—ChatGPT-40 producing longer responses
than all other LLMs, and the expert mean being
substantially shorter than all LLM outputs—
readability differences were more nuanced. FRE
demonstrated an overall group effect, but after Holm
correction the primary contrasts were driven by the
expert mean versus LLM outputs rather than
consistent differences among the LLMs themselves. In
contrast, several grade-level indices showed model-
dependent variation: Gemini tended to generate more
complex text than ChatGPT-40 and Copilot (higher
ARI, FKGL, SMOG, and Gunning Fog in significant
contrasts), whereas Copilot yielded lower Coleman—
Liau values than Claude and Gemini. Linsear Write
also differed across sources and was lowest for
ChatGPT-40, highlighting that readability formulas
can diverge because they emphasize different surface
features (e.g., sentence length vs. word complexity),
and therefore should be interpreted as complementary
rather than interchangeable. Importantly, prompts
were designed to simulate parent/guardian questions,
and the resulting reading levels may still be
demanding for many families”. We agree with the
reviewer that interpreting these outputs as if the
questions were asked by children would be
inappropriate: LLMs can adapt tone and complexity to
perceived user characteristics, and child-phrased
prompts might elicit simpler, more age-appropriate
responses. Therefore, our findings should be
interpreted specifically within a parent/guardian
information-seeking scenario, not as a proxy for child-
directed patient education.

LLM responses were generally easier to understand
than expert responses, with ChatGPT and Perplexity
producing significantly higher FRE scores, indicating
greater readability. The Linsear Write Index was
significantly lower for all LLMs, suggesting simpler
sentence structures. ChatGPT and Copilot had
significantly lower ARI scores, while the Coleman-
Liau Index was also significantly lower across all
LLMs compared to expert responses, particularly for
Copilot, Gemini, Claude, and Perplexity. These
findings indicate that LLM-generated responses were
written at a lower reading grade level and were easier
to comprehend than those provided by
ophthalmologists.

While LLMs can provide helpful information across
various medical fields, their reproducibility can vary
significantly based on the complexity of the questions
and the specific specialty’””'. This may explain why,
in our study, LLMs showed high reproducibility for
general pediatric CL  questions but lower
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reproducibility for the more specialized topic of
aphakic CLs.

ChatGPT, currently one of the most popular LLMs,
relies heavily on the quality of the data it has been
trained on and typically cannot access the internet
independently’®>. In contrast, other LLMs like
Perplexity Al use a combination of static training and
real-time information from the web. However, the
reliability of online information is not always
guaranteed, and it may not meet academic or peer-
reviewed standards. As a result, Al LLMs’ limitations
stem from the datasets they are trained on and the
quality of the online sources they access.

This study has several limitations that should be
noted. First, the versions of the LLMs used in this
evaluation may differ from future iterations, which
could impact the generalizability of the findings as
these models evolve. Second, the LLMs did not
address specific CL subtypes, such as rigid or
orthokeratology, which are essential aspects of
pediatric eye care. This limitation restricts the
relevance of the LLM responses to more generalized
information, potentially missing critical details
necessary for comprehensive care. Third, since the
questions were simulated as asked by parents, the
study may not fully represent how healthcare
professionals or older children might engage with
these Al tools, possibly influencing the depth and
specificity of the responses provided. Fourth, because
each prompt was sampled only twice per model, our
reproducibility estimates may not fully capture within-
model variability across repeated generations; studies
with more runs per prompt could provide more precise
stability estimates. In addition, accuracy-based
reproducibility based on |A1—-A2| captures the
magnitude of variability but does not indicate the
direction of change (i.e., improvement Vs
deterioration) without stratified analyses. Fifth, inter-
rater reliability was not formally quantified for
DISCERN and PEMAT ratings (e.g., kappa/ICC);
although discrepancies were resolved by consensus,
the degree of baseline agreement between raters
cannot be reported. Sixth, the assessment of accuracy
and comprehensiveness relied solely on the consensus
of two expert graders without a formal gold standard,
which introduces the possibility of grader bias.
Although the weighted kappa indicated substantial
agreement, the lack of an objective reference standard
limits reproducibility and generalizability. Another
important limitation relates to the unequal baseline
functionality across LLMs. At the time of data
collection, Perplexity was inherently web-enabled,
whereas ChatGPT-40 and Claude 3.5 Sonnet free
versions lacked real-time search capability. This
capability mismatch limits direct comparability across
platforms; web-enabled retrieval may improve
performance in guideline-rich topics but may also
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introduce heterogeneity or errors in niche domains.
While briefly acknowledged earlier, further
stratification between web-enabled and static models
is warranted, and future studies should re-evaluate
LLM performance using updated versions, many of
which now include web search features. Finally, only
the free-access versions of LLMs were analyzed.
These versions may differ from premium or enterprise
models in terms of dataset access, response depth, and
real-time information retrieval, and biases inherent in
publicly available models could have affected the
accuracy and comprehensiveness of responses.

LLMs can be valuable adjuncts in pediatric CL care,
but the observed variability in accuracy,
comprehensiveness, readability, and between-run
consistency underscores the need for cautious,
supervised use and further refinement. These tools
may assist clinicians in drafting patient-facing
explanations, yet outputs should be verified before
clinical use, and parents should be reminded that
LLMs are not diagnostic devices; while they may
reinforce general hygiene concepts, guidance
regarding symptoms, complications, infant/aphakic
care, overnight wear, or water exposure should be
treated as preliminary and confirmed with an eye-care
professional. Developers should prioritize pediatric-
specific, high-quality training data and greater
transparency about data sources, and future research
should evaluate paid versions and web-enabled/real-
time retrieval settings to better define safe, context-
appropriate clinical utility. Overall, LLMs may
improve access to information, but they should
complement—not replace—professional expertise,
with patient safety as the central priority.
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