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Abstract
Purpose: This study aims to evaluate the readability of the Turkish Ophthalmology Association’s (TOA) glaucoma patient education 
brochure and to assess the capabilities of GPT-4.0, Gemini, and DeepSeek in generating Turkish patient education materials with respect 
to readability, accuracy, and comprehensiveness. 
Methods: The TOA’s patient education brochure on glaucoma was evaluated for readability using the Ateşman and Bezirci-Yilmaz 
formulae. The questions from the TOA booklets were presented independently to the GPT-4.0, Gemini, and DeepSeek models. The 
replies generated by these models were readability tested using the same formulas. In addition, qualified ophthalmologists evaluated 
the accuracy and comprehensiveness of the artificial intelligence (AI)-generated responses. AI-generated responses were converted to 
Q1 and Q2 formats to test text simplification. These versions were reevaluated for readability, accuracy, and comprehensiveness to see if 
simplification increased intelligibility without affecting medical accuracy. 
Results: The TOA brochure had a higher readability level than the recommended patient education standard. Bezirci-Yilmaz scores 
showed that Gemini and DeepSeek had significantly lower readability than the TOA brochure (p=0.007 and p=0.033, respectively), 
whereas GPT-4.0 showed no significant difference (p=0.077). Ateşman scores indicated no significant difference between TOA and AI-
generated texts. Gemini showed significantly higher comprehensiveness than GPT-4.0 (p=0.042), whereas accuracy scores did not differ 
significantly among the models. Readability improved for Gemini following simplification (p=0.013 and p=0.005, respectively), whereas 
GPT 4.0 and DeepSeek remained unchanged. After simplification, the comprehensiveness score decreased for Gemini, whereas GPT-4.0 
and DeepSeek maintained their comprehensiveness. 
Conclusion: While large language models hold promise for use as glaucoma patient information materials, it is essential to rigorously 
evaluate the accuracy and comprehensiveness of the content they produce.
Keywords: Glaucoma; large language models; readability.
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Glaucoma represents a leading cause of irreversible 
blindness on a global scale. Current estimates indicate 

that approximately 3.6 million cases of blindness among 
individuals aged 50 and older can be attributed to glaucoma. 
Projections suggest that by the year 2040, this condition is 
anticipated to impact over 110 million individuals worldwide.
[1,2] Due to the asymptomatic onset and gradual progression 
of the disease, diagnosing and treating glaucoma present 
significant challenges, even in developed countries with 
established screening programs.[3]

In managing glaucoma, effectively controlling intraocular 
pressure through the appropriate use of medications can 
significantly reduce the risk of vision loss for most patients.
[4] Non-adherence to treatment is a critical factor that 
significantly impacts the long-term visual prognosis of 
patients.[5] Research indicates that adherence to glaucoma 
treatment is notably low, particularly within the initial 6 
months. During this timeframe, there was a significant 
decline in the number of patients who continued their 
treatment.[6] Reasons for non-adherence to treatment 
include patients’ insufficient understanding of glaucoma, 
apprehensions regarding treatment, potential side effects 
of medications, and the belief that the medications may 
not be effective. Research indicates that these issues can be 
addressed through enhanced patient education and the 
implementation of effective communication strategies.[7,8]

To ensure patient compliance with treatment, it is essential 
that they receive accurate and comprehensive information 
about the treatment process. At the outset of treatment, 
key aspects such as medication dosages, administration 
timing, intervals between medications, and the technique 
for instilling drops should be thoroughly explained. Written 
informational materials provided to patients serve as 
valuable resources to facilitate the correct implementation 
of the treatment.[9] International guidelines suggest 
that patient education materials should be written at 
a readability level of at least sixth grade to ensure they 
are easily understood by patients and their families.
[10] In addition to the educational brochures offered to 
patients, there is a growing trend of individuals seeking 
health information through digital platforms, including 
the internet, social media, and artificial intelligence (AI)-
driven chatbots.[11] Research indicates that patients who 
seek information from sources such as the internet tend to 
exhibit greater adherence to their treatment plans.[12]

Large language models (LLMs) are advanced AI systems 
that have been trained on extensive datasets, enabling 
them to generate coherent and contextually relevant 

natural language text.[13] These systems possess the 
capability to generate medical information and educate 
patients by analyzing content sourced from the Internet. 
Models such as ChatGPT from OpenAI, Gemini from Google, 
and DeepSeek from DeepSeek AI are being increasingly 
utilized in the medical sector for patient education and the 
creation of informational content.[8,14] There are concerns 
about the accuracy, comprehensiveness, and readability of 
the content generated by LLMs.[15] In addition, Bard and 
Bing, which are also widely used AI tools in the healthcare 
field, are developed by Google and Microsoft, respectively.

In Turkey, the Turkish Ophthalmology Association (TOA) 
provides educational resources for patients regarding 
glaucoma and various other eye conditions on its official 
website (https://oftalmoloji.org.tr). In the context of 
chronic diseases such as glaucoma, it is essential that 
the information provided is clear, precise, and thorough, 
enabling patients to make well-informed decisions.[16] This 
study evaluated glaucoma patient information brochures 
created by TOA, focusing on their readability through 
the Ateşman and Bezirci-Yilmaz formulas. Questions 
presented in a question-answer format were posed to 
language models, and the responses generated by GPT-
4.0, Gemini, and DeepSeek were analyzed for accuracy, 
comprehensiveness, and readability. In addition, the study 
assessed whether simplifying the AI-generated responses 
could enhance readability.

The primary objective of this study is to assess the 
readability level of TOA patient information brochures and 
to evaluate the effectiveness, readability, accuracy, and 
comprehensiveness of LLMs in generating Turkish patient 
education materials specifically for glaucoma patients.

Materials and Methods
In our research, we utilized the information provided on 
the glaucoma unit’s webpage of the TOA website, which 
serves public informational purposes, as our primary data 
source. This guide is structured around common questions 
related to glaucoma, such as “What is glaucoma?” and 
“What causes glaucoma?” Each response in the guide 
was assessed individually using the Ateşman and Bezirci-
Yilmaz readability formulas. Our study exclusively relied 
on publicly accessible data and literature. Given that no 
animal or human subjects were involved, approval from an 
ethics committee and patient consent were not necessary.

Use of Language Models
The questions from the glaucoma unit’s public web page were 
submitted, without alteration, to ChatGPT-4.0, DeepSeek, 

https://oftalmoloji.org.tr
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and Gemini, which are the most widely utilized LLMs.[17] 
Each question was posed on a separate chat page, and 
the responses were documented to develop new patient 
education brochures. We evaluated three LLMs: ChatGPT-4 
(OpenAI, April 2025 version), Gemini Advanced 1.5 (Google, 
2025 version), and DeepSeek-Chat (2025 version). All responses 
were generated between May 10 and 20, 2025, to ensure 
consistency. Standardized prompts were used for all models 
(see Supplementary File 1 for the complete prompt texts). Each 
model was run with default parameters (temperature= 0.7, 
maximum token limit =1024, randomness/seed = default).

Furthermore, these responses were requested to be 
reorganized into “Question 1” and “Question 2” formats to 
evaluate the capability of LLMs to adapt the texts for lower 
education levels.

•	 Question 1: “Can you rearrange the text I shared below 
so that a 6th grader can understand it?”

•	 Question 2: “Can you edit the text I shared below to 
make it simpler to understand?”

A total of 72 patient-style questions were extracted from 
the official TOA glaucoma brochure and used as the study 
dataset. For each question, responses were generated 
from three LLMs in three different formats: Initial response 
(IR), Question 1 format (Q1), and Question 2 format (Q2). 
This process yielded a total of 648 individual responses 
(72 × 3 × 3). Each response was analyzed separately using 
both the Ateşman and Bezirci-Yilmaz readability indices, 
and was independently evaluated for accuracy and 
comprehensiveness by two glaucoma specialists. Inter-
rater agreement between the two glaucoma specialists 
was assessed using intraclass correlation coefficients (ICC, 
two-way random effects model, and absolute agreement).

Readability Criteria

Ateşman readability criterion
The Ateşman readability measure assigns a score ranging 
from 0 to 100 based on the average length of sentences 
and words. In this system, scores of 90–100 are deemed 
suitable for individuals at the 4th-grade level and below. 
Scores between 80 and 89 correspond to the 5th or 6th 
grade, whereas scores of 70–79 are appropriate for the 7th 
or 8th grade. Scores ranging from 60 to 69 indicate a 9th 
or 10th grade level of education, and scores of 50–59 are 
suitable for the 11th or 12th grade. Scores between 40 and 49 
reflect an education level equivalent to an associate degree 
(13–15th grade), whereas scores of 30–39 are indicative of 
undergraduate graduation. Finally, scores of 29 and below 
are associated with graduate-level education.[17]

Bezirci-Yilmaz readability criterion
The Bezirci-Yilmaz readability criterion assesses text 
complexity by calculating a score based on the average 
sentence length and the number of syllables in the words 
used. Scores ranging from 1 to 8 are deemed suitable for 
primary education, whereas scores between 9 and 12 are 
appropriate for high school. For undergraduate education, 
scores from 12 to 16 are recommended, and scores 
exceeding 16 are considered suitable for academic levels.
[18]

Comprehensiveness and accuracy of LLMs’ production of 
patient-targeted information.

Responses from language models were assessed for 
both accuracy and comprehensiveness by referencing 
the information available on the public website of the 
glaucoma unit. The evaluation of the accuracy and breadth 
of the materials was conducted by specialist physicians A.D. 
and B.K., who possess extensive knowledge of glaucoma 
and actively manage glaucoma patients in their clinical 
practice. The evaluations were conducted independently 
by both reviewers and then discussed together to reach a 
consensus on each response.

For comprehensiveness, responses were rated as “not 
comprehensive” (1 point) for responses lacking important 
detail, “somewhat comprehensive” (2 points) for responses 
that included minimal but essential information, 
“moderately comprehensive” (3 points) for responses that 
provided a reasonable level of detail, “comprehensive” 
(4 points) for responses that addressed the most critical 
issues, and “very comprehensive” (5 points) for responses 
that provided comprehensive and detailed information.

Accuracy was scored as “poor” (1 point) for responses 
that contained significant inaccuracies that could mislead 
patients and potentially cause harm, “fair” (2 points) for 
responses that may contain factual errors but are unlikely 
to mislead or harm patients, and “good” (3 points) for 
responses that were free of errors.[20]

Statistical Analysis 
In the analysis of the data, a one-way analysis of variance 
(ANOVA) was used to determine whether there were 
statistically significant differences between the groups. 
The normality of the data distribution was assessed using 
the Shapiro–Wilk test, and the homogeneity of variances 
was evaluated using Levene’s test. When the ANOVA test 
indicated significant differences between group means, 
the Tukey honestly significant difference (HSD) post 
hoc test was applied to identify which specific groups 
differed. Effect sizes (η2 for ANOVA and Cohen’s d for 
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pairwise comparisons) and 95% confidence intervals (CIs) 
were reported alongside P-values to ensure transparent 
interpretation of the results. Statistical analyses were 
conducted using IBM Statistical Package for the Social 
Sciences Statistics for Windows, Version 26.0 (IBM Corp., 
Armonk, NY, USA). p<0.05 was considered statistically 
significant.

Results

Ateşman Readability Scores
In the analyses of the Ateşman readability score (as the 
Ateşman readability score increases, the level of education 
required to understand the text decreases), it was observed 
that the first answers produced by GPT-4.0, Gemini, and 
DeepSeek models had higher readability scores compared 
to the TOA brochure, but these differences were not found 
to be statistically significant (TOA and GPT-4.0: p=0.758, 
TOA and Gemini: p=0.101, TOA and DeepSeek: p=0.082). In 
addition, no statistically significant difference was found in 

the pairwise comparisons between GPT-4.0, Gemini, and 
DeepSeek models (p>0.05) (Table 1).

The evaluation of readability scores for Ateşman revealed 
that the IRs generated by GPT-4.0 and Gemini were assessed 
at a 9–10th grade level, whereas the responses from the 
DeepSeek model were rated at a 7–8th grade level. In the 
GPT-4.0 model, the simplification process (Q1 and Q2) did 
not produce a significant change in readability. On the 
other hand, a significant increase in readability scores was 
detected in Q1 and Q2 formats in Gemini and DeepSeek 
models. In the Gemini model, the readability score of the IRs 
was notably lower than that of the simplified formats (Q1 
and Q2). Likewise, in the DeepSeek model, the readability 
scores following the simplification process demonstrated 
a significant improvement compared to the original 
responses (Table 2).

Bezirci-Yilmaz Readability Scores
The one-way ANOVA revealed a statistically significant 
difference in Bezirci-Yilmaz readability scores among the 

Table 1. Ateşman and Bezirci-Yilmaz readability scores of the initial responses from TOA, GPT-4.0, Gemini, and DeepSeek models

Outcome TOA 
(Mean±SD)

GPT-4.0 
(Mean±SD)

Gemini 
(Mean±SD)

DeepSeek 
(Mean±SD)

Comparison Mean 
difference

95% CI 
(Lower–upper)

p Effect size 
(Cohen’s d)

Ateşman 
readability 
score

58.61±12.41 62.85±8.84 68.91±5.78 72.11±3.38 TOA versus 
GPT-4.0

4.24 −3.2–11.6 0.758 0.18

TOA versus 
Gemini

10.30 2.1–18.5 0.101 0.45

TOA versus 
DeepSeek

13.50 4.3–21.7 0.082 0.51

GPT-4.0 versus 
Gemini

6.06 −1.2–13.8 0.503 0.30

GPT-4.0 versus 
DeepSeek

9.26 1.0–17.5 0.106 0.39

Gemini versus 
DeepSeek

3.20 −2.6–9.0 0.711 0.15

Bezirci-
Yilmaz 
Score

13.02±3.27 8.64±4.10 6.83±0.87 6.92±1.24 TOA versus 
GPT-4.0

−4.38 −9.1–0.3 0.077 0.42

TOA versus 
Gemini

−6.19 −10.2–−2.1 0.007 0.71

TOA versus 
DeepSeek

−6.10 −10.0–−2.2 0.033 0.68

GPT-4.0 versus 
Gemini

−1.81 −4.3–0.7 0.724 0.15

GPT-4.0 versus 
DeepSeek

−1.72 −4.5–0.9 0.098 0.14

Gemini versus 
DeepSeek

0.09 −1.0–1.2 0.911 0.02

Statistically significant results (p<0.05) are indicated in bold. TOA: Turkish Ophthalmology Association’s, CI: Confidence interval, SD: Standard deviation. Effect sizes are reported as 
Cohen’s d. Post hoc comparisons adjusted with Bonferroni correction
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groups (p=0.007). Tukey HSD post hoc analysis showed 
that the IRs generated by Gemini and DeepSeek had 
significantly lower readability scores compared to the TOA 
brochure (p=0.007 and p=0.033, respectively). In contrast, 
the difference between GPT-4.0 and the TOA brochure 
was not statistically significant (p=0.077). Furthermore, 
no significant differences were found among the LLMs 
themselves, including GPT-4.0 versus Gemini (p=0.724), 
GPT-4.0 versus DeepSeek (P=0.098), and Gemini versus 
DeepSeek (p=0.911) (Table 1).

When comparing the IRs of the LLMs (GPT-4.0, Gemini, 
and DeepSeek) with the answers formatted in Q1 and Q2, 
a statistically significant enhancement in readability was 
observed exclusively for the Gemini model (IR and Q1: 
p=0.013, IR and Q2: p=0.005). In contrast, the GPT-4.0 and 
DeepSeek models did not exhibit a significant difference 
in readability scores following the simplification process 
(p>0.05). Furthermore, no significant differences were 
identified between the responses in Q1 and Q2 formats 
across any of the models (p>0.05) (Table 3).

Comprehensiveness and Accuracy Results
The evaluation of the accuracy and comprehensiveness 
scores of the responses generated by the LLMs 
revealed variability among the models, particularly in 
comprehensiveness. Specifically, when assessing accuracy, 
no statistically significant differences were identified 
between the GPT-4.0, Gemini, and DeepSeek models 
across all three formats (Table 4). Each question was posed 
on a separate chat page. Inter-rater reliability analysis 
demonstrated excellent agreement for accuracy ratings 

(ICC = 0.84, 95% CI: 0.79–0.88) and good agreement for 
comprehensiveness ratings (ICC=0.76, 95% CI: 0.69–0.82), 
confirming consistency between evaluators.

The analysis of comprehensiveness scores revealed that 
the Gemini model achieved the highest score in its IRs, 
demonstrating a statistically significant difference when 
compared to GPT-4.0 (p=0.042). However, no significant 
difference was found between the Gemini and DeepSeek 
models (p=0.103). In addition, the comparison between 
GPT-4.0 and DeepSeek models showed no significant 
difference in comprehensiveness (p=0.077).

Upon evaluating the Q1 and Q2 formats after simplification, 
the comprehensiveness scores for GPT-4.0 and DeepSeek 
remained largely unchanged. In contrast, a decline in the 
comprehensiveness score of the Gemini model was noted. 
A comparison of the responses from the LLM models in 
the Q1 format revealed a statistically significant difference 
between Gemini and both GPT-4.0 and DeepSeek, with 
P=0.025 for each comparison. However, no statistically 
significant difference was observed in the responses within 
the Q2 format (Tables 4 and 5).

In our study, we compared the responses of the Gemini, 
DeepSeek, and GPT-4.0 models across different formats 
(IR, Q1, and Q2) to assess their comprehensiveness and 
identify any statistically significant differences (Fig.1). 
The analysis of the Gemini model revealed a significant 
difference in comprehensiveness between the first 
response and the simplified Q1 format (p=0.011). However, 
no significant difference was observed between the Q1 
and Q2 formats (p=0.465). For the DeepSeek model, the 

Table 2. Comparison of Ateşman readability scores and education levels among the IR, Q1, and Q2 formats of GPT-4.0, 
Gemini, and DeepSeek

Model Format Ateşman 
score 

(Mean±SD)

Education 
level

Comparison Mean 
difference

95% CI 
(Lower–
upper)

p Effect size 
(Cohen’s d)

GPT-4.0 IR 62.85±8.83 9–10th Grade IR versus Q1 0.53 −1.2–2.3 0.365 0.07

Q1 63.38±7.90 9–10th Grade IR versus Q2 0.32 −1.5–2.1 0.866 0.04

Q2 63.18±8.84 9–10th Grade Q1 versus Q2 −0.21 −2.1–1.7 0.912 0.02

Gemini IR 68.91±5.78 9–10th Grade IR versus Q1 4.19 1.1–7.2 0.035 0.61

Q1 73.10±3.22 7–8th Grade IR versus Q2 8.12 3.9–12.3 0.004 0.95

Q2 77.03±2.73 7–8th Grade Q1 versus Q2 3.93 1.8–6.0 0.007 0.72

DeepSeek IR 72.11±3.38 7–8th Grade IR versus Q1 3.53 0.9–6.2 0.014 0.58

Q1 75.64±3.56 7–8th Grade IR versus Q2 5.54 2.1–8.9 0.004 0.82

Q2 77.65±6.23 7–8th Grade Q1 versus Q2 2.01 0.5–3.7 0.020 0.44

Statistically significant results (p<0.05) are indicated in bold. IR: Initial response; CI: Confidence interval; SD: Standard deviation. Effect sizes are reported as Cohen’s d. Post 
hoc comparisons adjusted with the Tukey honestly significant difference test
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Table 3. Comparison of Bezirci-Yilmaz readability scores and education levels among the IR, Q1, and Q2 formats of GPT-4.0, Gemini, 
and DeepSeek

Model Format Bezirci-
Yilmaz Score 
(Mean±SD)

Education 
level

Comparison Mean 
difference

95% CI 
(Lower–
upper)

p Effect size 
(Cohen’s d)

GPT-4.0 IR 8.64±4.10 Primary 
school

IR versus Q1 0.14 −1.0–1.3 0.848 0.03

Q1 8.78±3.27 Primary 
school

IR versus Q2 0.10 −0.9–1.2 0.888 0.02

Q2 8.74±3.28 Primary 
school

Q1 versus Q2 −0.04 −1.0–0.9 0.825 0.01

Gemini IR 6.83±0.87 Primary 
school

IR versus Q1 −1.01 −1.8–−0.3 0.013 0.78

Q1 5.82±0.49 Primary 
school

IR versus Q2 −1.18 −2.0–−0.4 0.005 0.81

Q2 5.65±0.58 Primary 
school

Q1 versus Q2 −0.17 −0.7–0.3 0.252 0.25

DeepSeek IR 6.92±1.24 Primary 
school

IR versus Q1 −0.61 −1.6–0.4 0.222 0.28

Q1 6.31±1.71 Primary 
school

IR versus Q2 −0.01 −1.2–1.1 0.261 0.02

Q2 6.91±1.92 Primary 
school

Q1 versus Q2 0.60 −0.7–1.9 0.779 0.19

Statistically significant results (P<0.05) are indicated in bold. IR: Initial response; CI: Confidence interval; SD: Standard deviation. Effect sizes are reported as Cohen’s d. Post hoc 
comparisons adjusted with the Tukey honestly significant difference test

Table 4. Accuracy scores of GPT-4.0, Gemini, and DeepSeek across IR, Q1, and Q2 formats

Format GPT-4.0 
(Mean±SD)

Gemini 
(Mean±SD)

DeepSeek 
(Mean±SD)

Comparison Mean 
difference

95% CI  
(Lower–upper)

p Effect size 
(Cohen’s d)

IR 2.88±0.35 3.00±0.25 2.75±0.34 GPT-4.0 versus 
Gemini −0.12 −0.4–0.1 0.317 0.35

GPT-4.0 versus 
DeepSeek 0.13 −0.2–0.4 1.000 0.20

Gemini versus 
DeepSeek 0.25 −0.1–0.6 0.317 0.38

Q1 2.51±0.23 2.63±0.34 2.61±0.40 GPT-4.0 versus 
Gemini −0.12 −0.3–0.1 0.317 0.36

GPT-4.0 versus 
DeepSeek −0.10 −0.3–0.2 1.000 0.28

Gemini versus 
DeepSeek 0.02 −0.3–0.3 0.317 0.04

Q2 2.39±0.37 2.72±0.40 2.42±0.36 GPT-4.0 versus 
Gemini −0.33 −0.6–−0.1 0.317 0.55

GPT-4.0 versus 
DeepSeek −0.03 −0.3–0.2 1.000 0.08

Gemini versus 
DeepSeek 0.30 0.0–0.6 0.317 0.50

Statistically significant results (p<0.05) are indicated in bold. IR: Initial response; CI: Confidence interval; SD: Standard deviation. Effect sizes are reported as Cohen’s d. Post hoc 
comparisons adjusted with the Tukey honestly significant difference test
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comparisons indicated no statistically significant difference 
in comprehensiveness between the IR and the Q1 format 
(p=0.076). Similarly, the analysis of the GPT-4 model showed 

no significant difference between the IR and the Q1 format 
(p=0.092). Furthermore, when examining accuracy rates, no 
significant differences were found between the IR and Q1 

Table 5. Comprehensiveness scores of GPT-4.0, Gemini, and DeepSeek across IR, Q1, and Q2 formats

Format GPT-4.0 
(Mean±SD)

Gemini 
(Mean±SD)

DeepSeek 
(Mean±SD)

Comparison Mean 
difference

95% CI  
(Lower–upper)

p Effect size 
(Cohen’s d)

IR 3.25±0.71 3.88±0.35 3.50±0.84 GPT-4.0 versus 
Gemini

−0.63 −1.2–0.1 0.042 0.72

GPT-4.0 versus 
DeepSeek

−0.25 −0.8–0.3 0.077 0.30

Gemini versus 
DeepSeek

0.38 −0.1–0.9 0.103 0.46

Q1 2.00±0.51 2.50±0.53 2.00±0.42 GPT-4.0 versus 
Gemini

−0.50 −0.9–0.1 0.025 0.82

GPT-4.0 versus 
DeepSeek

0.00 −0.4–0.4 1.000 0.00

Gemini versus 
DeepSeek

0.50 0.1–0.9 0.025 0.81

Q2 2.00±0.48 2.13±0.64 2.00±0.56 GPT-4.0 versus 
Gemini

−0.13 −0.5–0.3 0.537 0.22

GPT-4.0 versus 
DeepSeek

0.00 −0.4–0.4 1.000 0.01

Gemini versus 
DeepSeek

0.13 −0.3–0.6 0.537 0.20

Statistically significant results (p<0.05) are indicated in bold. IR: Initial response; CI: Confidence interval; SD: Standard deviation. Effect sizes are reported as Cohen’s d. Post hoc 
comparisons adjusted with the Tukey honestly significant difference test

Fig. 1.	 Summary of main outcomes across GPT-4.0, Gemini, and DeepSeek in three response formats 
(IR, Q1, and Q2). (a) Ateşman readability scores, (b) Bezirci-Yilmaz readability scores, (c) Accuracy 
scores, and (d) Comprehensiveness scores. IR: Initial response; Q1: First simplified version, Q2: 
Second simplified version. 
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formats across all three LLM models (GPT-4.0, Gemini, and 
DeepSeek) (with p=0.141, 0.097, and 0.102, respectively).

Discussion
This study evaluated the readability of the glaucoma 
patient information brochure created by TOA, as well as the 
effectiveness and reliability of LLMs in delivering Turkish 
information to glaucoma patients. The findings allow for a 
direct comparison between traditional brochures prepared 
for Turkish-speaking patients and the content generated 
by LLMs. The results suggest that AI-based models have the 
potential to produce more accessible materials that may 
enhance patient understanding and adherence.

Effective patient information brochures should be easily 
understood by individuals with a low level of education while 
providing comprehensive and accurate information.[21] The 
American Medical Association advises that patient education 
materials should be written at a readability level of 6th grade or 
lower.[8] A recent study indicated that the patient information 
materials from the American Academy of Ophthalmology 
were developed at an 8th-grade reading level, which exceeds 
the recommended patient education level of 6th grade.[16] In 
our study, we found that the readability level of the brochures 
prepared by TOA was assessed to be at the 11–12th grade 
according to the Ateşman formula and at the undergraduate 
level according to the Bezirci-Yilmaz formula, both exceeding 
the recommended level. These results suggest that a higher 
level of education is necessary for a better understanding of 
patient information materials in ophthalmology. This situation 
should be considered to enhance clarity in patient education. 
However, when readability is increased, there is a risk of reduced 
comprehensiveness. In our study, readability was primarily 
enhanced by reducing sentence length and simplifying 
word choices, which allowed the content to become more 
accessible without altering its scope. Nevertheless, to ensure 
that simplified brochures maintain their comprehensiveness, 
additional strategies such as supplementary information 
layers and visual aids may be incorporated to preserve the 
depth and accuracy of patient education materials.

While AI-based language models can enhance patient 
education by increasing knowledge, it is essential to 
thoroughly assess the accuracy, comprehensiveness, and 
readability of the content they generate.[14] The results of 
our study showed that the responses produced by GPT-4.0 
had a similar level of readability as the TOA brochure, but 
the responses produced by Gemini and DeepSeek required 
a lower level of training to be meaningfully understood 
compared to the Bezirci-Yilmaz formula. This finding 
shows that some LLMs can produce more understandable 

Turkish content. Previous studies have suggested that AI-
supported approaches to reduce the level of education 
required to understand patient information materials 
may be beneficial for patient education.[20] Our research 
substantiates this perspective.

In the research conducted by Yalla et al.,[16] it was noted 
that ChatGPT-4.0 demonstrated a higher accuracy level 
compared to other AI models such as Bing and Bard. 
However, our study revealed no significant differences in 
accuracy among the ChatGPT-4.0, Gemini, and DeepSeek 
models. Regarding comprehensiveness, while the 
previous study[22] indicated that ChatGPT provided the 
most thorough answers, our findings showed that the 
Gemini model achieved the highest comprehensiveness 
score, with GPT-4.0 and DeepSeek offering lower levels of 
comprehensiveness. Although the accuracy scores were 
similar among the models, differences in understandability 
and comprehensiveness may reflect variations in training 
datasets, linguistic adaptation, and the ability of each 
model to process Turkish-specific language structures. 
This discrepancy highlights the challenge of objectively 
comparing models and underscores the need for 
standardized benchmarks and larger expert panels in 
future studies to ensure consistent and unbiased evaluation 
across multiple dimensions. Prior research has explored 
the capacity of LLMs to customize patient education 
materials to align with health literacy, thereby enhancing 
the accessibility of health information. These studies have 
demonstrated that LLMs can effectively adjust content to 
accommodate lower reading levels.[23] Our research aligns 
with these findings, demonstrating that structuring patient 
education materials based on individual health literacy 
levels can enhance the understanding of the disease and 
promote informed health decisions.[22,24]

The utilization of AI -driven models for patient information 
materials presents certain risks. While the content 
generated by these models appears realistic and fluent, 
it relies solely on statistical word associations and lacks 
a genuine reasoning process.[25] The reliability and 
contextual coherence of the information generated 
by LLMs can be called into question. It is important to 
note that the evaluations in this study were performed 
in May 2025. Given the rapid evolution of AI models, 
future updates may alter the performance and content 
generation capabilities of these systems. Models such as 
ChatGPT from OpenAI are notable for their propensity to 
generate false or fabricated content, often referred to as 
“hallucinations” or “confabulations,” which significantly 
restricts their applicability in patient education.[26] In our 
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study, no hallucinations or major factual inaccuracies were 
observed in the responses generated by the LLMs. Patients 
are progressively utilizing the internet and AI-driven 
models to obtain health-related information.[27] Research 
indicates that the accuracy of information retrieved 
from Google searches related to glaucoma is notably 
low, with considerable discrepancies in the reliability of 
such information. In this context, the utilization of LLMs 
as patient information resources may offer a distinct 
advantage compared to conventional online information 
sources; however, it is imperative that they are meticulously 
assessed for accuracy and reliability. Our research indicates 
that LLMs deliver precise and comprehensive information 
for educating glaucoma patients in Turkish.

When interpreting the results of our study, it is essential 
to acknowledge several limitations. First, the questions 
assessed were derived from glaucoma patient information 
brochures created by TOA, which may not fully encompass 
the inquiries or needs most frequently expressed by 
patients. Nonetheless, the thoroughness of LLMs’ responses 
was evaluated against the TOA brochures, based on the 
assumption that these materials offer the most accurate 
and comprehensive information available. The study 
was conducted exclusively in Turkish, which may limit its 
applicability to other languages and cultural contexts. In 
addition, reliance on TOA materials alone may not capture 
the full spectrum of ophthalmology patient resources, and 
the generalizability of findings across different populations 
and healthcare settings remains limited. Furthermore, 
assessments of accuracy and comprehensiveness were 
conducted utilizing subjective rating scales. Nevertheless, 
this limitation is mitigated as comprehensiveness is directly 
evaluated against TOA brochures, whereas accuracy scores 
are derived from numerical values rather than a binary 
“true or false” system. Major language models undergo 
continuous updates, with new information being integrated 
periodically. The responses generated by the LLMs in our 
study were derived from a specific timeframe, indicating 
that the results may evolve over time. Therefore, longitudinal 
analyses and repeated evaluations are necessary to ensure 
consistency of model performance over time. In addition, 
the readability formulas used in this study (Bezirci-Yilmaz 
and Ateşman) only measure sentence and word complexity 
and do not assess the factual accuracy of the content. The 
good-to-excellent inter-rater agreement supports the 
robustness of our evaluation process, although future 
studies with larger expert panels could provide further 
validation. Furthermore, the default configurations of the 
language models were employed; variations in prompts or 

customized settings could potentially alter the outcomes. 
Future research should consider conducting longitudinal 
analyses to assess the consistency of these models over time 
and to evaluate how their accuracy and comprehensiveness 
are affected by information updates.

Conclusion
In summary, this study demonstrates that LLMs may serve 
as valuable tools in patient information processes. The 
comparison between the TOA brochure and the content 
generated by the LLMs in terms of readability, accuracy, 
and comprehensiveness provides preliminary insights 
into the possible usability of AI-based systems as patient 
education materials, while highlighting the need for 
further validation in broader contexts. The advancement 
of AI-supported patient education models holds the 
potential to transform patient education and information 
processes. Using AI-generated materials without expert 
oversight carries risks, including potential hallucinations, 
incomplete explanations, or oversimplification of complex 
medical information. Therefore, LLMs should be regarded 
as supportive tools rather than standalone resources, and 
all outputs must be reviewed and validated by specialists 
before being shared with patients. However, further 
comprehensive studies are necessary to ensure accuracy, 
reliability, and patient safety before these models can be 
effectively integrated into clinical practice.
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