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Abstract 

Objective: To compare the quality, guideline concordance, and readability of HoLEP-re-

lated patient education responses generated by ChatGPT, Gemini, and Claude. Materials 

and Methods: Thirty standardized patient questions on holmium laser enucleation of the 

prostate (HoLEP) were submitted independently to three conversational AI platforms, 

generating 90 responses. Response quality was evaluated using the 16-item DISCERN in-

strument, and clinical accuracy was assessed with question-specific four-item guideline-

concordance checklists. Readability was measured using seven validated formulas. Plat-

form differences were analyzed using the Friedman test and Bonferroni-corrected Wil-

coxon signed-rank tests. Results: Significant differences were found among platforms for 

DISCERN scores, checklist performance, and all readability metrics. Claude achieved the 

highest mean DISCERN and checklist scores, followed by ChatGPT, whereas Gemini 

scored significantly lower. Claude also produced the most readable responses across all 

formulas. However, all three platforms exceeded the recommended sixth to eighth-grade 

reading level for patient education materials. Conclusion: Claude and ChatGPT provided 

higher-quality and more guideline-concordant HoLEP-related information than Gemini, 

while Claude showed the best readability. Nevertheless, all platforms remained above 

recommended patient readability levels and produced only poor-to-moderate DISCERN 

scores. Conversational AI may support HoLEP patient education, but clinician review, 

simplification, and guideline-based verification remain necessary. 

Keywords: artificial intelligence; ChatGPT; Claude; Gemini; HoLEP; patient education; 

DISCERN; readability  

1. Introduction

Benign prostatic hyperplasia (BPH) is among the most common urological conditions

affecting aging men, and a substantial proportion of affected men ultimately require sur-

gical intervention when symptoms prove refractory to medical therapy.1 Holmium laser 

enucleation of the prostate (HoLEP) has emerged as a surgical option effective across the 

full range of prostate sizes, including glands exceeding 100 g, with five-year randomized 

trial data demonstrating outcomes comparable to open simple prostatectomy alongside a 

more favorable perioperative morbidity profile, and the procedure is included among the 
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options endorsed in the American Urological Association's guideline on the surgical man-

agement of LUTS attributed to BPH.2,3 Despite this growing endorsement, HoLEP carries 

technical and recovery-related nuances that require careful, accurate communication with 

patients during the surgical decision-making process, including a recognized surgeon 

learning curve estimated at approximately 25 to 50 cases, a comparatively elevated rate of 

transient postoperative stress incontinence, and a high likelihood of retrograde ejacula-

tion.1,4 

Comprehensive preoperative counseling is therefore central to informed consent and 

realistic expectation-setting for HoLEP, particularly given that its perioperative course 

differs in clinically meaningful ways from more familiar alternatives such as transurethral 

resection of the prostate. Recent urology-specific literature has highlighted a growing role 

for decision aids and emerging digital tools, including conversational AI platforms such 

as ChatGPT, in supplementing traditional consent and counseling processes, and a 2026 

systematic review specifically examined how artificial intelligence tools are being used to 

support patient communication and shared decision-making across urological practice.5,6 

Conversational artificial intelligence (AI) tools, including OpenAI's ChatGPT, Goog-

le's Gemini, and Anthropic's Claude, have rapidly become a common point of contact for 

patients seeking health information, often consulted before, after, or even instead of a clin-

ical visit.6 Because these platforms now operate with live web-search capability and con-

versational fluency, patients can pose detailed, personalized questions about a planned 

surgical procedure and receive an immediate, seemingly authoritative answer. 

Prior evaluations of large language models in surgical and urological patient educa-

tion have largely compared successive versions of a single platform, such as ChatGPT 3.5 

versus ChatGPT 4.0 in the context of spine surgery patient education, or a general-purpose 

model against a bespoke, guideline-fine-tuned system developed for a specific orthopedic 

condition, rather than the major commercially available conversational AI platforms 

against one another. As patients now move fluidly between these platforms, often without 

awareness that response quality may differ substantially by provider, a direct multi-plat-

form comparison specific to a technically nuanced surgical procedure such as HoLEP is 

needed. 

This study aimed to compare ChatGPT, Gemini, and Claude in their responses to a 

standardized set of patient questions about HoLEP, spanning indication/diagnosis, pro-

cedural mechanics, risks/complications, and postoperative/functional outcomes. Re-

sponse quality was assessed using the DISCERN instrument and a guideline-concordance 

checklist developed from current BPH/HoLEP clinical guidelines, while readability was 

evaluated using seven validated formulas. We hypothesized that the three platforms 

would differ in both accuracy and readability, with category-specific weaknesses most 

likely to emerge in technically dense or psychosocially sensitive domains such as periop-

erative risk communication. 

2. Materials and Methods 

2.1. Study design and overview 

This study was designed as a cross-sectional comparative content analysis evaluating 

the accuracy, guideline concordance, and readability of patient education responses gen-

erated by three publicly available, general-purpose conversational AI platforms: ChatGPT 

(OpenAI), Gemini (Google), and Claude (Anthropic). All three platforms were accessed 

in their most recent publicly available consumer configuration, with live web-search func-

tionality enabled, to reflect the default experience of a patient consulting these tools out-

side a research setting. The exact model name, version identifier, and release date were 

recorded for each platform at the time of data collection and are reported in Table 1. 
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2.2. Question development 

Thirty standardized patient questions regarding holmium laser enucleation of the 

prostate (HoLEP) were compiled from outpatient urology consultations and common pa-

tient-facing queries on HoLEP. Questions were screened for direct relevance to HoLEP, 

suitability for general patient education, and non-redundancy, then organized into four 

categories reflecting the stages of a typical patient's decision-making and recovery path-

way: indication/diagnosis (n=8), procedural mechanics (n=8), risks/complications (n=8), 

and postoperative/functional outcomes (n=6). All questions were written in English at ap-

proximately an eighth-grade reading level. The complete question set, together with a 

four-item guideline-concordance checklist developed for each question, is provided in 

Supplementary Material. 

2.3. Data collection procedure 

Data were collected between May 30 and June 10, 2026. The 30 questions were sub-

mitted to each platform in the same predefined order as independent, single-turn 

prompts. Each platform was configured as follows: ChatGPT (OpenAI GPT-5.5, reasoning 

effort set to “high”), Gemini (Google Gemini 3.5 Flash, extended thinking enabled), and 

Claude (Anthropic Claude Opus 4.8, effort set to “max”). All three platforms were ac-

cessed through subscription-based consumer versions with web-search functionality en-

abled and identical prompt wording, with no conversational history retained between 

questions. Each response was exported verbatim into a structured spreadsheet, and inline 

citations, hyperlinks, or source markers generated by the platforms’ web-search features 

were removed prior to readability analysis to avoid distortion of sentence- and word-

count-based metrics. 

 

Table 1. AI platform specifications, access period, and access type at the time of data collection. 

Platform Model Configuration Release date Access details Web search 

ChatGPT GPT-5.5 (Thinking) 
Reasoning effort: 

high 
April 23, 2026 

May 30–June 10, 2026; subscrip-

tion-based 
Enabled 

Gemini Gemini 3.5 Flash Extended thinking May 19, 2026 
May 30–June 10, 2026; subscrip-

tion-based 
Enabled 

Claude Claude Opus 4.8 Effort: max May 28, 2026 
May 30–June 10, 2026; subscrip-

tion-based 
Enabled 

 

2.4. Evaluation instruments 

Response quality and reliability were assessed using two complementary instru-

ments. First, the DISCERN instrument, a validated 16-item tool for judging the quality of 

written consumer health information on treatment choices, was applied to each response 

(score range 16–80).9 DISCERN scores were interpreted using the following six-category 

classification: very poor (<40), poor (40–49), moderate (50–59), good (60–69), very good 

(70–79), and excellent (80), consistent with prior AI-generated patient education studies.8 

Second, a guideline-concordance checklist was developed specifically for this study, com-

prising four essential content elements per question derived from current evidence-based 

guidelines on the surgical management of LUTS/BPH, including the AUA Guideline on 

Surgical Management of LUTS Attributed to BPH and the 2026 EAU Guidelines on the 

Management of Non-neurogenic Male LUTS, supplemented by the HoLEP-specific liter-

ature cited in the Introduction.2,10 Each guideline-concordance checklist item was scored 

dichotomously as 0 = not met or 1 = met, yielding a total checklist score ranging from 0 to 

4 for each response. Readability was assessed using seven validated English-language for-

mulas: Flesch-Kincaid Grade Level,11 Flesch Reading Ease,12 SMOG Index,13 Gunning 
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Fog Index,14 Fry Readability Graph15, Raygor Estimate,16 and the FORCAST formula.17 

All seven formulas were computed programmatically using Python 3.12 (scipy 1.13); in-

line hyperlinks and reference markers were stripped from each response prior to calcula-

tion to prevent distortion of word- and syllable-count-based metrics. Because Fry, Raygor, 

and FORCAST formulas were originally developed for longer text samples, values ob-

tained from short FAQ-style responses were interpreted as algorithmic readability esti-

mates rather than strict grade-level assignments. 

2.5. Scoring protocol and reliability 

All 90 responses (30 questions × 3 platforms) were anonymized, assigned a random 

identifier, and presented in a fully randomized order for scoring; therefore, the evaluator 

was blinded to platform identity during DISCERN and checklist assessment. DISCERN 

and checklist scores were assigned in a single sitting (T0) by the corresponding author, a 

board-certified urologist with subspecialty experience in endourological surgery. To as-

sess intra-rater reliability, the complete response set was re-anonymized, re-randomized, 

and re-scored for DISCERN alone, blind to T0 scores, approximately two weeks after the 

initial rating session (T1). Intra-rater reliability was quantified using the intraclass corre-

lation coefficient ICC(3,1) (two-way mixed model, consistency definition). ICC values 

were interpreted as: poor (<0.50), moderate (0.50–0.75), good (0.75–0.90), and excellent 

(>0.90).18 

2.6. Statistical analysis 

Continuous variables are presented as mean ± standard deviation. Because three plat-

forms were compared across 30 paired questions, between-group differences in DISCERN 

score, checklist score, and each readability metric were assessed using the Friedman test. 

Pairwise post-hoc comparisons were performed using the Wilcoxon signed-rank test with 

Bonferroni correction for three comparisons (corrected α = 0.017). Effect sizes were ex-

pressed as r = Z/√N, where Z is the standardized test statistic and N is the number of 

paired observations (N = 30). The same approach was applied to subgroup analyses by 

question category. Friedman and Wilcoxon analyses were performed using jamovi (Ver-

sion 2.7.31; The jamovi project, Sydney, Australia); bootstrap ICC estimation was per-

formed using Python 3.12 (scipy 1.13). Statistical significance was set at p < 0.05. 

3. Results 

3.1. Intra-rater reliability 

Intra-rater reliability for DISCERN scoring was assessed by re-evaluating all 90 anon-

ymized and re-randomized responses approximately two weeks after the initial rating 

session (T1), using ICC(3,1) (two-way mixed, consistency model) as appropriate for sin-

gle-rater repeated measurement designs. Overall intra-rater reliability was good (ICC(3,1) 

= 0.876, 95% bootstrap CI [0.825, 0.913]). Agreement was good across all three platforms: 

ChatGPT (ICC = 0.775, 95% CI [0.535, 0.881]), Claude (ICC = 0.841, 95% CI [0.693, 0.927]), 

and Gemini (ICC = 0.856, 95% CI [0.758, 0.915]). 

3.2. DISCERN quality scores 

Significant differences in DISCERN scores were identified across the three platforms 

(Friedman χ²(2) = 32.123, p < 0.001) (Table 2). Claude produced the highest mean DIS-

CERN score (47.13 ± 4.31), followed closely by ChatGPT (46.67 ± 4.70), with Gemini scor-

ing substantially lower (40.37 ± 4.80). According to established DISCERN classification 

thresholds, Claude responses were classified as poor in 70%, moderate in 27%, and very 

poor in 3% of cases, while ChatGPT responses were classified as poor in 70%, moderate 

in 23%, and very poor in 7% of cases. Gemini responses were distributed between poor 

(53%) and very poor (47%) categories, with none reaching the moderate threshold. Post-
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hoc pairwise comparisons with Bonferroni correction (α = 0.017) revealed no significant 

difference between Claude and ChatGPT (W = 128, p = 0.351, r = 0.17), while both signifi-

cantly outperformed Gemini (Claude vs. Gemini: W = 4, p < 0.001, r = 0.844; ChatGPT vs. 

Gemini: W = 21, p < 0.001, r = 0.795) (Table 3). 

 

Table 2. Descriptive statistics and Friedman test results for DISCERN scores, guideline-concordance checklist scores, 

and readability metrics across the three AI platforms (n = 30 questions per platform). 

Metric 
Ideal stand-

ard 
ChatGPT (mean 

± SD) 
Gemini (mean ± 

SD) 
Claude (mean ± 

SD) 
Friedman 

χ²(2) 
p value 

Quality assessment 

DISCERN score (16–80) – 46.67 ± 4.70 40.37 ± 4.80 47.13 ± 4.31 32.123 <0.001 

Checklist items met (0–4) – 3.07 ± 0.87 2.30 ± 1.21 3.40 ± 0.77 21.390 <0.001 

Readability 

FKGL ≤8 14.56 ± 4.41 15.09 ± 3.62 12.21 ± 2.86 13.400 0.001 

FRES ≥60 26.19 ± 20.77 21.03 ± 19.44 45.90 ± 12.03 36.600 <0.001 

SMOG ≤8 15.45 ± 3.31 15.89 ± 3.15 13.30 ± 2.26 10.867 0.004 

Gunning Fog ≤8 17.86 ± 4.65 18.60 ± 4.46 14.69 ± 3.12 16.467 <0.001 

Raygor ≤8 13.80 ± 1.47 14.19 ± 1.16 12.27 ± 1.38 29.193 <0.001 

Fry ≤8 12.63 ± 1.61 12.98 ± 1.64 10.53 ± 1.25 34.067 <0.001 

FORCAST ≤8 12.79 ± 1.40 13.15 ± 1.21 11.42 ± 0.91 32.067 <0.001 

FKGL = Flesch-Kincaid Grade Level; FRES = Flesch Reading Ease Score; SMOG = Simple Measure of Gobbledygook; FORCAST = Ford, Caylor, 

Sticht formula. Ideal standards reflect the 6th–8th grade reading level recommended by the AMA/NIH for patient education materials; for FRES, 

higher values indicate easier readability; for all other readability formulas, lower values indicate easier readability. Bold values indicate statistical 

significance 

 

Category-level subgroup analysis demonstrated significant between-platform differ-

ences in DISCERN scores in the indication/diagnosis (χ²(2) = 7.55, p = 0.023, n = 8), proce-

dure mechanics (χ²(2) = 10.40, p = 0.006, n = 8), and risks/complications (χ²(2) = 9.48, p = 

0.009, n = 8) categories. Differences in the postoperative/functional outcomes category did 

not reach statistical significance (χ²(2) = 5.55, p = 0.063, n = 6), likely reflecting the reduced 

statistical power associated with the smaller number of questions in this category (Table 

4). 

3.3. Guideline-concordance checklist 

Significant differences in checklist scores were observed across platforms (Friedman 

χ²(2) = 21.390, p < 0.001) (Table 2). Claude achieved the highest mean number of guideline-

concordant content elements per response (3.40 ± 0.77; 85.0% of items met), followed by 

ChatGPT (3.07 ± 0.87; 76.7%), with Gemini scoring substantially lower (2.30 ± 1.21; 57.5%). 

Post-hoc analysis confirmed a significant advantage of Claude over Gemini (W = 5, p < 

0.001, r = 0.717) and of ChatGPT over Gemini (W = 48, p = 0.009, r = 0.474); the difference 

between Claude and ChatGPT did not survive Bonferroni correction (W = 27, p = 0.046, r 

= 0.364) (Table 3). 

Category-level analysis revealed significant between-platform differences in guide-

line concordance for procedure mechanics (χ²(2) = 6.74, p = 0.034) and risks/complications 

(χ²(2) = 6.46, p = 0.040), while differences in indication/diagnosis (χ²(2) = 4.73, p = 0.094) 

and postoperative/functional outcomes (χ²(2) = 4.93, p = 0.085) did not reach significance 

(Table 4). Across all categories, Gemini's checklist performance was consistently the low-

est, with mean item concordance ranging from 2.00 (postoperative/functional outcomes) 

to 2.50 (indication/diagnosis), compared with 3.17–3.62 for Claude and 2.88–3.38 for 

ChatGPT. 
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3.4. Readability 

Significant between-platform differences were detected across all seven readability 

metrics (all Friedman p ≤ 0.005; Table 2). Claude produced the most readable responses 

by every measure (FKGL 12.21 ± 2.86; FRES 45.90 ± 12.03; SMOG 13.30 ± 2.26; Gunning 

Fog 14.69 ± 3.12; Raygor 12.27 ± 1.38; Fry 10.53 ± 1.25; FORCAST 11.42 ± 0.91), followed by 

ChatGPT (FKGL 14.56 ± 4.41; FRES 26.19 ± 20.77; SMOG 15.45 ± 3.31; Gunning Fog 17.86 

± 4.65), with Gemini producing the least readable responses across all formulas (FKGL 

15.09 ± 3.62; FRES 21.03 ± 19.44; SMOG 15.89 ± 3.15; Gunning Fog 18.60 ± 4.46). 

ChatGPT and Gemini showed marked within-platform variability in FRES scores, 

with certain individual responses yielding negative values (ChatGPT minimum −19.0; 

Gemini minimum −14.8), reflecting isolated responses consisting of a single long, polysyl-

labic-dense sentence; no Claude response produced a negative FRES value (minimum 

+6.9). Despite Claude's consistent advantage, all three platforms substantially exceeded 

the 6th–8th grade reading level recommended by the American Medical Association and 

National Institutes of Health for patient education materials across all seven metrics. 

Post-hoc comparisons consistently confirmed Claude's superiority over both 

ChatGPT and Gemini on every readability metric (all p < 0.001 after Bonferroni correction, 

with large effect sizes: r = 0.591–1.000 for Claude vs. ChatGPT; r = 0.657–0.972 for Claude 

vs. Gemini). In contrast, ChatGPT and Gemini did not significantly differ from each other 

on any readability metric (all p ≥ 0.096) (Table 3).  

 

Table 3A. ChatGPT vs Claude. Post-hoc pairwise Wilcoxon signed-rank comparisons between platforms across all 

outcomes (Bonferroni-corrected α = 0.017). 

Metric W p r 

DISCERN 128 0.351 0.170 

Checklist 27 0.046 0.364 

FKGL 73 <0.001 0.626 

FRES 2 <0.001 1.000 

SMOG 75 0.001 0.591 

Gunning Fog 46 <0.001 0.756 

Raygor 37 <0.001 0.734 

Fry 3 <0.001 0.862 

FORCAST 19 <0.001 0.913 

 

Table 3B. ChatGPT vs Gemini. Post-hoc pairwise Wilcoxon signed-rank comparisons between platforms across all 

outcomes (Bonferroni-corrected α = 0.017). 

Metric W p r 

DISCERN 21 <0.001 0.795 

Checklist 48 0.009 0.474 

FKGL 190 0.393 0.156 

FRES 171 0.213 0.227 

SMOG 187 0.360 0.167 

Gunning Fog 194 0.428 0.145 

Raygor 186 0.503 0.122 

Fry 185 0.329 0.178 

FORCAST 151 0.096 0.304 
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Table 3C. Claude vs Gemini. Post-hoc pairwise Wilcoxon signed-rank comparisons between platforms across all 

outcomes (Bonferroni-corrected α = 0.017). 

Metric W p r 

DISCERN 4 <0.001 0.844 

Checklist 5 <0.001 0.717 

FKGL 62 <0.001 0.677 

FRES 11 <0.001 0.972 

SMOG 58 <0.001 0.657 

Gunning Fog 51 <0.001 0.731 

Raygor 20 <0.001 0.798 

Fry 12 <0.001 0.830 

FORCAST 13 <0.001 0.956 

W = Wilcoxon signed-rank statistic; r = effect size (Z/√N); ns = not significant (p ≥ 0.017). Bold values indicate statistical significance after 

Bonferroni correction. 

 

Table 4A. Category-level subgroup analysis: DISCERN score (mean) 

Category n ChatGPT Gemini Claude p 

Indication / Diagnosis 8 48.5 42.8 49.6 0.023 

Procedure Mechanics 8 42.4 37.5 43.2 0.006 

Risks / Complications 8 48.6 41.4 48.4 0.009 

Postoperative / Functional Outcomes 6 47.3 39.7 47.3 0.063 

 

Table 4B. Category-level subgroup analysis: Checklist items met (mean) 

Category n ChatGPT Gemini Claude p 

Indication / Diagnosis 8 2.88 2.50 3.50 0.094 

Procedure Mechanics 8 2.88 2.38 3.25 0.034 

Risks / Complications 8 3.38 2.25 3.62 0.040 

Postoperative / Functional Outcomes 6 3.17 2.00 3.17 0.085 

Friedman p-values reflect between-platform comparison within each question category. Postoperative/functional outcomes category contained 6 

questions (n = 6); all other categories contained 8 questions (n = 8). Bold values indicate statistical significance. 

 

4. Discussion 

In this cross-sectional comparative analysis of three widely available conversational 

AI platforms, we found meaningful differences in the quality, guideline concordance, and 

readability of responses to patient-oriented HoLEP questions. Claude achieved the high-

est mean DISCERN and checklist scores, closely followed by ChatGPT, whereas Gemini 

consistently performed lower across both quality metrics. However, the difference be-

tween Claude and ChatGPT was not statistically significant for DISCERN, and the check-

list advantage of Claude over ChatGPT did not remain significant after Bonferroni correc-

tion. These findings suggest that, although current large language models (LLMs) can 

generate broadly acceptable patient-facing information on HoLEP, performance is plat-

form-dependent and remains insufficiently reliable for uncurated use in surgical counsel-

ing. 

The observed DISCERN scores should be interpreted in the context of the instrument 

itself. DISCERN was developed to evaluate the quality of written consumer health infor-

mation on treatment choices, with particular emphasis on aims, source transparency, 
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balance, uncertainty, alternatives, and support for shared decision-making.9 In the present 

study, Claude and ChatGPT generally achieved scores in the poor-to-moderate range, 

while Gemini clustered toward the lower end of this spectrum. This does not necessarily 

mean that all responses were clinically incorrect. Rather, it indicates that AI-generated 

answers often lacked features expected from high-quality patient education material, such 

as explicit citation of evidence, balanced discussion of alternative options, clarification of 

uncertainty, and explanation of what may happen without treatment. Similar concerns 

have been raised in urology-focused evaluations of AI patient education, where LLM out-

puts were often fluent and plausible but required expert oversight before being consid-

ered suitable for patient use.19-22 

The checklist findings provide a more procedure-specific perspective. Claude and 

ChatGPT included most of the guideline-concordant content elements, whereas Gemini 

omitted a larger proportion of key items. This gap was most evident in procedure me-

chanics and risk/complication domains, which are particularly important in HoLEP coun-

seling. HoLEP is technically distinct from conventional TURP because it involves anatom-

ical enucleation, morcellation, and treatment across a wide range of prostate sizes; there-

fore, incomplete or vague explanations may lead to misunderstanding of both the proce-

dural mechanism and expected recovery.2-4,10 The category-level results reinforce this 

point: between-platform differences were significant for DISCERN in indication/diagno-

sis, procedure mechanics, and risks/complications, but not for postoperative/functional 

outcomes. One possible explanation is that postoperative issues such as catheter 

duration, return to activity, hematuria, urgency, incontinence, and retrograde ejaculation 

are com-monly described in online HoLEP materials, whereas accurate explanations of 

indication thresholds, guideline-based work-up, surgical anatomy, and risk trade-offs 

require more specialized synthesis. 

Our findings are consistent with emerging urological literature showing both prom-

ise and limitations of LLMs in patient communication. Paluszek and Loeb recently re-

viewed the use of AI chatbots for urological patient education and emphasized that these 

systems may improve access to information but should not replace clinician-validated 

counseling.22 Connors et al. compared ChatGPT and Google Bard with traditional en-

dourology patient education resources and similarly highlighted the need to evaluate AI 

outputs against established educational standards rather than assuming accuracy from 

linguistic fluency alone.21 Shah et al. found that ChatGPT-generated men’s health educa-

tion materials could be competitive with traditional resources but still raised concerns re-

garding readability and clinical completeness.20 More recently, Morrison et al. specifically 

evaluated whether ChatGPT responses to urologic inquiries were readable and supported 

by AUA guidelines, further underscoring the relevance of guideline concordance as an 

outcome measure in this field.19 Our study extends this literature by directly comparing 

three contemporary commercial platforms in a single technically nuanced endourological 

procedure. 

Readability emerged as a major limitation. Although Claude generated significantly 

more readable responses than both ChatGPT and Gemini across all seven formulas, all 

three platforms exceeded the recommended sixth to eighth-grade level for patient educa-

tion materials. The mean FKGL values of 12.21 for Claude, 14.56 for ChatGPT, and 15.09 

for Gemini indicate that even the best-performing platform produced text closer to late 

high-school or college-level readability than to standard patient-facing recommendations. 

This is clinically important because high-quality information is not useful if patients can-

not understand it. Prior studies across urology and other medical domains have reported 

similar discordance between AI-generated fluency and patient-level readability.19,20,23,24 

The finding that Claude was both more readable and more guideline-concordant suggests 

that readability improvement does not necessarily require loss of informational quality. 
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However, even Claude’s outputs remained too complex for general patient education use 

without further simplification. 

The HoLEP-specific counseling context makes readability particularly important. Pa-

tients considering HoLEP must understand not only the benefits of durable obstruction 

relief but also the distinctive recovery profile of the procedure. Prior HoLEP studies have 

shown that patients may underestimate or misunderstand the expected duration of post-

operative hematuria, dysuria, urgency, urinary incontinence, and ejaculatory changes 

de-spite preoperative counseling.25 Transient urinary incontinence is a known early 

postop-erative issue, particularly during the first weeks to months, although most cases 

improve over time.26 Storage symptoms and urinary tract infection are also relevant early 

postop-erative concerns that may be difficult for patients to distinguish without clear 

guidance.27 Therefore, AI-generated HoLEP information should be judged not only by 

whether it mentions complications, but also by whether it explains their expected time 

course, warn-ing signs, and implications in accessible language. 

The lack of significant difference between Claude and ChatGPT in overall DISCERN 

score, despite Claude’s superior readability, has practical implications. In clinical practice, 

HoLEP counseling must also be individualized according to prostate size, anticoagulation 

or antiplatelet status, baseline continence and storage symptoms, sexual priorities, comor-

bidities, and surgeon or center experience. For patient-facing HoLEP education, the opti-

mal output is not simply the most complete or the most readable response, but one that 

balances accuracy, completeness, clarity, and risk communication. A highly detailed an-

swer may perform well on content checklists but remain unsuitable for patients with lim-

ited health literacy. Conversely, an overly simplified answer may be readable but omit 

essential surgical risks or alternatives. This supports a clinician-in-the-loop model in 

which LLMs are used to draft or supplement educational material, but outputs are re-

viewed, simplified, and aligned with institutional practice before distribution. It also sup-

ports the use of structured prompting, guideline-grounded retrieval systems, or locally 

validated templates rather than unrestricted single-turn chatbot responses. 

This study has several limitations. First, responses were generated from a single time 

window using specific platform configurations. Because LLMs are frequently updated, 

the findings represent a snapshot rather than a permanent ranking of platforms. Second, 

only English-language responses were assessed, limiting generalizability to non-English-

speaking patient populations. Third, DISCERN and checklist scoring were performed by 

a single urologist, although intra-rater reliability was good. Fourth, while DISCERN is a 

validated tool for consumer health information, its application to short, single-question 

chatbot answers is imperfect; previous urological AI studies have similarly noted that 

DISCERN may not fully capture the quality of responses to specific surgical questions.28 

Fifth, the guideline-concordance checklist was developed for this study and was not in-

dependently validated. Finally, this analysis evaluated textual output quality, not patient 

comprehension, satisfaction, behavioral impact, or actual shared decision-making out-

comes. 

Despite these limitations, the study has several strengths. It used a standardized set 

of HoLEP-specific questions, evaluated three major AI platforms under comparable con-

ditions, combined a validated general quality instrument with procedure-specific guide-

line-concordance scoring, and incorporated multiple readability formulas rather than re-

lying on a single metric. The inclusion of intra-rater reliability further strengthens the 

credibility of the scoring process. These features provide a clinically relevant framework 

for evaluating AI-generated education in technically complex surgical domains. 

In conclusion, contemporary conversational AI platforms can provide partially 

guideline-concordant information about HoLEP, but their outputs vary substantially by 

platform and remain too difficult to read for routine patient education. Claude and 
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ChatGPT outperformed Gemini in quality and guideline concordance, while Claude 

demonstrated the most favorable readability profile. Nevertheless, all platforms fell short 

of recommended patient readability standards, and none should be used as an unsuper-

vised substitute for surgeon-led counseling. Future work should evaluate structured 

prompting, retrieval-augmented guideline-based systems, multilingual outputs, and pa-

tient comprehension outcomes to determine how LLMs can be safely integrated into 

HoLEP counseling and shared decision-making.  

5. Conclusion

Claude and ChatGPT provided more guideline-concordant and higher-quality

HoLEP-related patient education responses than Gemini, while Claude achieved the best 

readability scores. However, all three platforms exceeded the recommended sixth to 

eighth-grade reading level, and overall DISCERN scores remained poor to moderate. Cur-

rent conversational AI tools may support the development of patient education materials, 

but their outputs require clinician review, simplification, and guideline-based verification 

before use in HoLEP counseling or informed consent. 
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