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Abstract
Background: Large language models (LLMs) are increasingly being explored to supporting 
evidence-based decision-making in urology, but their accuracy in interpreting and applying 
clinical guidelines remains uncertain.
Objectives: We aimed to evaluate the ability of LLMs to interpret and apply clinical guidelines 
across the full spectrum of major urological cancers.
Design: This expert-validated study evaluated six configurations of three top LLMs (Claude, 
Gemini, and ChatGPT) using 25 structured questions for each of the seven major urological 
cancers: prostate cancer, upper tract urothelial carcinoma, muscle-invasive and non-muscle-
invasive bladder cancer, renal cell carcinoma, penile cancer, and testicular cancer.
Methods: Both simple and rephrased prompts were used to assess the impact of prompt 
engineering on response quality. All figures and tables from the English-language EAU 
guidelines were systematically converted into plain, structured text and peer reviewed 
by multidisciplinary experts before evaluating the LLM responses. Each response was 
independently rated by 9–11 uro-oncology specialists using a five-point Likert scale (1: 
incorrect/unacceptable, 5: optimal), resulting in 10,500 evaluations.
Results: Claude achieved the highest overall accuracy, with 45.9% of responses rated as 
optimal (Likert 5) and 87% as optimal/acceptable (Likert 4–5). Tumor-specific performance 
peaked in muscle-invasive bladder (56.7% optimal, 93% optimal/acceptable), penile (49.5%, 
95%), and testicular cancer (60.9%, 94%). Gemini and ChatGPT showed lower optimal rates 
but acceptable performance (68%–70% optimal/acceptable). Rephrased prompts did not 
consistently outperform simple versions. All models showed acceptable accuracy, but the 
results should be interpreted cautiously due to recency bias and fast LLM tech evolution.
Conclusion: This study demonstrates the value of rigorous plain language adaptation and 
expert validation in benchmarking LLMs, supporting their potential as decision-support tools 
in uro-oncology.
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Introduction
Large language models (LLMs) such as GPT-4o,1 
Gemini,2 and Claude3 have rapidly emerged as 
transformative tools in healthcare, offering clini-
cians and researchers unprecedented access to 
up-to-date medical knowledge and the ability to 
query complex clinical guidelines in natural lan-
guage.4,5 In urology, where clinical decision-mak-
ing is increasingly guided by detailed and 
frequently updated recommendations from 
organizations such as the European Association 
of Urology (EAU),6 the potential of LLMs to 
interpret, summarize, and contextualize guideline 
content is especially promising. However, despite 
their impressive capabilities, the reliability and 
accuracy of LLM-generated responses to guide-
line-based queries have not been fully assessed, 
particularly when nuanced clinical judgment or 
the integration of multidisciplinary evidence is 
required. This has led to a growing need for sys-
tematic evaluation of LLM performance against 
expert consensus, with the aim of identifying 
which models provide the most trustworthy and 
clinically relevant answers to urological guideline 
questions.7–9

LLMs face significant challenges when applied to 
interpreting clinical guidelines in urology. Recent 
studies have demonstrated notable variability in 
the accuracy, consistency, and completeness of 
LLM-generated responses, with performance dif-
fering not only between models but also depend-
ing on the complexity of the clinical scenario and 
the phrasing of queries. For example, while some 
models, such as GPT-4o and Gemini 1.5 Pro, 
achieve accuracy rates approaching 80% in guide-
line-based tasks when optimized with expert-
driven prompts, others still struggle with nuanced 
questions, negative phrasing, or require domain-
specific training to minimize errors and hallucina-
tions.10 These limitations highlight the ongoing 
need for rigorous expert evaluation and standard-
ized benchmarks to ensure that LLM outputs are 
both clinically reliable and aligned with current 
best practices in urology.

In this study, we aimed to evaluate the ability of 
LLMs to interpret and apply clinical guidelines 
across the full spectrum of major urological can-
cers, including prostate cancer,11 upper tract 
urothelial carcinoma,12 non-muscle-invasive and 
muscle-invasive bladder cancer,13,14 testicular 
cancer,15 renal cell carcinoma,16 and penile  
cancer.17 To accomplish this, we implemented  
six LLM configurations using the latest low-cost 

versions of GPT-4o-mini-2024-07-18,1 Claude-
Haiki-2024-10-22,3 and Gemini-Flash-001 (May 
2024).2 Each model was assessed using two dis-
tinct approaches: a simple method with direct 
queries and a rephrased method that optimized 
prompts for greater clinical relevance. For each 
cancer type, model responses to a set of 25 expert-
validated, guideline-based questions were inde-
pendently rated by a multidisciplinary panel of 
uro-oncology experts using a standardized Likert 
scale. This design enabled a quantitative compar-
ison of clinical accuracy and usability across mod-
els and tumor types.

Methods

Study design and objectives
A comparative evaluation of LLMs in uro-oncol-
ogy was conducted to identify the model that 
delivers the highest clinical accuracy and usability 
for guideline-based clinical questions, based on 
experts’ opinions. The Strengthening the 
Reporting of Observational Studies in 
Epidemiology (STROBE) guidelines were con-
sulted when preparing the manuscript, according 
to the EQUATOR Network reporting guidelines, 
and the completed checklist has been provided as 
Supplemental Material.

Expert panel composition
The project involved a multidisciplinary group of 
scientific and technical experts from leading 
Spanish scientific societies, including the follow-
ing: (1) Scientific board: composed of president 
and directors of the Spanish Association of 
Urology (AEU), head of urological research insti-
tute, and coordinators of uro-oncological groups, 
representing all major cancer subtypes; (2) 
Technical board: formed by university professors 
specializing in biomedical and electronics engi-
neering, principal investigators in AI and digital 
health, and a computer engineer from the AEU 
providing informatics support; (3) Specialized 
tumor boards: consisting of seven boards, each 
dedicated to a specific malignancy (e.g., muscle-
invasive bladder cancer, upper tract tumors). Each 
board was led by a renowned expert in the field 
and included urologists, radio-oncologists, medi-
cal oncologists, nuclear medicine physicians, 
pathologists, pharmacologists, and radiologists 
from the AEU, Spanish Society of Radiation 
Oncology (SEOR), Genitourinary Alliance for 
Research and Development (GUARD), Spanish 
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Society of Nuclear Medicine and Molecular 
Imaging (SEMNIM), Spanish Society of 
Anatomical Pathology (SEAP), Spanish Society of 
Hospital Pharmacy (SEFH), and Spanish Society 
of Medical Radiology (SERAM), respectively.

Guidelines adaptation and questionnaire 
development
Before developing questions, all figures and tables 
from the clinical guidelines were systematically 
adapted into plain, structured textual descrip-
tions to facilitate accurate interpretation by 
LLMs. To ensure the fidelity of this adaptation, 
each guideline was divided into thematic sections 
that underwent collaborative peer review: inde-
pendent reviewers from the respective tumor 
boards examined each section, certifying the 
accuracy of the adaptation or providing correc-
tions. Guideline coordinators resolved any dis-
crepancies through consensus, with final approval 
requiring unanimous validation.

Building on this rigorously validated adaptation 
process for the guidelines, a set of 25 structured 
questions was specifically designed to assess the 
ability of LLM to interpret and apply clinical 
guidelines in uro-oncology. Each set of questions 
was developed to evaluate one of the 2024 EAU 
guidelines, specifically covering prostate cancer,11 
upper urinary tract urothelial carcinoma,12 mus-
cle-invasive and non-muscle-invasive bladder can-
cer,13,14 renal cell carcinoma,16 penile cancer,17 
and testicular cancer.15 Authorization was pro-
vided by the EAU for the use of the guidelines in 
this project. The whole question set is available in 
the Supplemental Material (Tables S1–S7). These 
questions comprehensively addressed key clinical 
domains, including diagnosis, risk stratification, 
indications for diagnostic testing, and therapeutic 
management. Each questionnaire underwent fur-
ther validation by a multidisciplinary panel of 70 
experts from AEU, SEOR, GUARD, SEMNIM, 
SEAP, SEFH, and SERAM, ensuring clinical per-
tinence and alignment with current best practices 
across all relevant specialties.

LLM selection and model assessment
Six publicly accessible LLMs were evaluated, cor-
responding to the latest low-cost versions of three 
platforms: GPT-4o-mini-2024-07-18 (OpenAI),1 
Gemini-Flash-001 (Google, May 2024),2 and 
Claude-Haiki-2024-10-22 (Anthropic),3 each 
tested using both a simple and a rephrased prompt 

approach. These models were selected based on 
their availability and affordability at the time of 
the study. The LLM responses were generated 
exclusively based on adapted plain-language 
guidelines content, which served as the sole infor-
mation source. This approach ensures that the 
models’ performance reflects their ability to inter-
pret and apply guideline-based information with-
out influence from external sources or general 
training data, thereby providing a focused and 
clinically relevant evaluation.

To evaluate the effect of prompt design on 
response quality, each model was assessed using 
two distinct approaches: simple and rephrased. 
The simple approach involved directly querying 
the model with the original question, employing 
standard prompt engineering techniques. By 
contrast, the rephrased approach used a two-
step process: first, the model was prompted to 
reformulate the original question by integrating 
relevant clinical context and targeting expert-
level precision; next, the enhanced question was 
submitted back to the model using the same 
direct querying method. For each of the three 
LLMs, distinct prompts were specifically opti-
mized using each respective model. This tai-
lored approach ensures that performance 
comparisons across models accurately reflect 
the intrinsic capabilities of each LLM rather 
than differences resulting solely from generic 
prompting techniques. Throughout this pro-
cess, iterative refinement of prompts was con-
ducted to improve question clarity and clinical 
specificity, allowing a systematic assessment of 
how prompt structure influences the accuracy 
and relevance of model responses, in line with 
current recommendations in medical prompt 
engineering.18–20 An example of the simple and 
rephrased prompt design is provided in the 
Supplemental Materials (Table S8).

Assessment procedure
Each LLM response was independently scored by 
9–11 uro-oncology experts from the multidiscipli-
nary panel described above. Evaluators received 
standardized instructions and accessed responses 
via a digital platform, rating answers on a five-
point Likert scale (1: Incorrect/unacceptable; 5: 
Optimal). Qualitative feedback was permitted to 
provide context for ratings. The evaluation was 
conducted in Spanish because it is the native lan-
guage of the expert board that reviewed the ques-
tionnaire. This process of simultaneous double 
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translation does not undermine the accuracy of 
the required information.

Two primary dimensions were subjectively 
assessed by the experts from each answer: (1) 
Clinical accuracy: Alignment with current evi-
dence and guidelines; (2) Usability: Clarity, rele-
vance, and practicality for clinical decision-making. 
These two aspects were not scored separately but 
were considered together in each rating, ensuring 
that only responses that were both clinically cor-
rect and practically useful received high scores.

To minimize evaluator fatigue and bias, each 
assessment session was limited to a maximum of 
five questions, corresponding to approximately 
1 h per session. Evaluators were allowed to abstain 
from rating any question outside their area of 
expertise by marking it as “N/A” (not applicable). 
All evaluation procedures and protocols were 
thoroughly documented to ensure transparency 
throughout the study.

Importantly, within our evaluation, we deliber-
ately included a small subset of questions for 
which no answer was available from the Guidelines. 
Under our constrained setting (“answer strictly 
based on the provided guideline context”), models 
could either abstain (i.e., state that the answer 
could not be given from the supplied context) or 
fabricate content. Expert evaluators then expressed 
their level of agreement with the model’s behav-
ior—rewarding appropriate abstention and penal-
izing fabrication.

Statistical analysis
All evaluator scores were automatically recorded 
for each model and question. Following data col-
lection, the results were summarized in compara-
tive tables that displayed the absolute frequencies 
of responses for each model and guideline. The 
distribution of each Likert scale category (1–5) 
was shown with mosaic plots. Line charts were 
created to display the mean and standard devia-
tion of Likert scale responses for each model 
across different guidelines. In addition, inter-rater 
agreement for each guideline was assessed using 
correlation heatmaps based on Spearman’s rank 
correlation coefficient.

Future validation phase
To ensure the clinical applicability and robust-
ness of the results, a future validation phase has 

been planned to follow the selection of the best-
performing LLM. This phase will employ a struc-
tured Delphi study to rigorously assess the 
performance of the top LLMs in uro-oncology. 
For each of the seven specialized tumor boards, 
25 new guideline-based questions will be gener-
ated and answered by the two leading LLMs 
identified during the initial evaluation.

These questions, along with their AI-generated 
responses, will be hosted on a secure, responsive 
web platform accessible from any device. Expert 
panelists will be invited to rate their level of agree-
ment with each LLM response using a nine-point 
Likert scale, where one indicates strong disagree-
ment and nine indicates strong agreement. The 
Delphi process will consist of two rounds: in the 
first round, panelists will provide their initial rat-
ings; in the second round, questions that do not 
reach consensus will be re-evaluated after pan-
elists receive anonymized feedback.

This approach is designed to facilitate consensus-
building among multidisciplinary clinical experts, 
enabling a robust validation of LLM outputs 
against expert judgment and supporting the iden-
tification of the most clinically reliable and useful 
AI model for decision support in uro-oncology.

Results
A total of 10,500 individual expert evaluations were 
collected in this phase, corresponding to 25 ques-
tions per guideline, 6 model responses per ques-
tion, a mean of 10 expert evaluators per guideline, 
and 7 uro-oncology guidelines. Each model was 
thus assessed in 1750 independent evaluations.

Global results across all guidelines
Claude simple obtained the highest number of 
optimal ratings, with 652 (45.9%) responses 
receiving a rating of 5. This was followed by 
Claude rephrased (565, 40.1%), Gemini rephrased 
(417, 29.6%), Gemini simple (331, 23.3%), 
ChatGPT simple (315, 22.2%), and ChatGPT 
rephrased (265, 18.8%). For responses rated as 4, 
Gemini simple (657, 46.4%) and ChatGPT sim-
ple (650, 45.8%) had the highest counts, followed 
by Claude simple (579, 40.8%) and Claude 
rephrased (541, 38.4%). The remaining models, 
Gemini rephrased (533, 37.8%) and ChatGPT 
rephrased (449, 31.8%), had lower counts in this 
category. Lower Likert scores (1–3) were less fre-
quent across all models (Figures 1–3).
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When considering both optimal and acceptable 
responses (scores 4 or 5), Claude simple prompt 
reached 87%, Claude rephrased prompt 78%, 

Gemini rephrased prompt 71%, Gemini simple 
prompt 70%, ChatGPT simple prompt 68%, and 
ChatGPT rephrased prompt 60%. All models 

Figure 1.  Absolute number of Likert-scale ratings for LLM-generated, guideline-based answers in uro-
oncology across all seven guidelines, by model and prompt type.
LLM, large language model.

Figure 2.  Percentage distribution of Likert-scale ratings for LLM-generated, guideline-based answers in uro-
oncology across all seven guidelines, by model and prompt type.
LLM, large language model.

https://journals.sagepub.com/home/tau
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had more than 85% of responses in the top three 
Likert categories (scores 3–5; Table 1).

Detailed proportions of responses for each of the 
cancers are provided in the Supplemental Material 
(Figures S8–S21).

The mean Likert scores for each model were as fol-
lows: Claude’s simple model had the highest mean, 
exceeding 4.2. Claude also rephrased and had a 
mean score above 4.0. Both Gemini simple and 
ChatGPT simple had mean scores below 3.9. The 
lowest mean scores were observed for Gemini 
rephrased and ChatGPT rephrased, with ChatGPT 

rephrased just above 3.6 (Figure 4). The median 
response scores for each type of cancer are summa-
rized in the Supplemental Material (Figure S22).

Prostate cancer
For prostate cancer, Claude simple achieved the 
highest performance, with 49.6% of answers 
rated as acceptable (Likert 4) and 28.4% as opti-
mal (Likert 5; 78.0% combined). Claude 
rephrased followed with 38.2% acceptable and 
36.6% optimal (74.8% combined), while Gemini 
rephrased also performed strongly, with 40.6% 
acceptable and 31.7% optimal responses (72.3% 

Table 1.  Cumulative percentage of Likert-scale responses by model and prompt type.

Likert-scale score 
(1 = unacceptable, 
5 = optimal)

Claude 
(simple 
prompt) (%)

Gemini 
(simple 
prompt) (%)

ChatGPT 
(simple 
prompt) (%)

Claude 
(rephrased 
prompt) (%)

Gemini 
(rephrased 
prompt) (%)

ChatGPT 
(rephrased 
prompt) (%)

5 46 23 22 40 30 19

4 87 70 68 78 71 60

3 95 89 88 93 90 85

2 98 96 97 98 97 94

1 100 100 100 100 100 100

Figure 3.  Illustrative percentage breakdown of Likert-scale ratings for LLM-generated, guideline-based 
answers in uro-oncology (all seven guidelines).
LLM, large language model.

https://journals.sagepub.com/home/tau
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combined). The remaining models showed lower 
proportions of clinically valid responses (Figures 
S8 and S9).

Regarding the average Likert scores, Claude 
rephrased achieved the highest mean, approach-
ing 4.0, while both Claude simple and Gemini 
rephrased also performed robustly, with mean 
scores close to 3.9. By contrast, the remaining 
models recorded lower average scores, between 
about 3.5 and 3.6 (Figure S22).

Upper urinary tract urothelial carcinoma
For upper urinary tract urothelial carcinoma, 
Claude simple achieved the strongest performance, 
with 52.7% of responses rated as optimal and 
31.4% as acceptable, totaling 84.1% in the top two 
categories. Gemini simple ranked second, with 
23.8% optimal and 41.3% acceptable responses 
(65.1% combined), followed by ChatGPT simple, 
which reached 15.9% optimal and 41.3% accept-
able (57.2% combined). The rephrased versions of 
all models showed lower proportions of optimal 
and acceptable responses than their simple coun-
terparts (Figures S10 and S11).

Claude simple achieved the highest mean Likert 
score, exceeding 4.2. Claude rephrased followed, 
with a mean near 3.8, while Gemini simple and 
ChatGPT simple both scored around 3.6. The 

lowest averages were observed for Gemini 
rephrased, around 3.4, and ChatGPT rephrased, 
just above 3.3 (Figure S22).

Muscle-invasive bladder cancer
For muscle-invasive bladder cancer, Claude sim-
ple demonstrated the strongest performance, with 
56.7% of responses rated as optimal and 36.2% 
as acceptable, amounting to a total of 92.9% in 
the top two categories. Claude rephrased ranked 
second, with 47.6% optimal and 33.9% accepta-
ble responses, totaling 81.5%. ChatGPT simple 
was the third-best performer, reaching 24.8% 
optimal and 49.5% acceptable responses (74.3% 
combined). The remaining models showed lower 
proportions of optimal or acceptable answers 
(Figures S12 and S13).

Claude simple obtained the highest mean Likert 
score, with an average above 4.4. Claude rephrased 
also performed well, with a mean score close to 4.2. 
Gemini simple, Gemini rephrased, and ChatGPT 
simple showed lower mean scores, around 3.8–3.9, 
while ChatGPT rephrased recorded the lowest 
mean, close to 3.5 (Figure S22).

Non-muscle-invasive bladder cancer
For non-muscle-invasive bladder cancer, Claude 
simple achieved the best performance, with 

Figure 4.  Mean (SD) Likert-scale ratings for each LLM and prompt type, aggregated across all seven uro-
oncology guidelines. Error bars represent standard deviation.
LLM, large language model.

https://journals.sagepub.com/home/tau


Volume 18

8	 journals.sagepub.com/home/tau

Therapeutic Advances in 
Urology

44.6% of responses rated as optimal and 40.1% 
as acceptable, totaling 84.7% in these two catego-
ries. Claude rephrased followed, with 40.3% of 
responses rated as optimal and 36.9% as accept-
able (77.2% combined). The other models 
achieved a lower combined percentage of optimal 
and acceptable responses compared to the Claude 
models (Figures S14 and S15).

For muscle-invasive bladder cancer, Claude sim-
ple achieved the highest mean Likert score, with 
an average above 4.2. Claude rephrased followed 
by a mean close to 4.0. The remaining models 
showed lower average scores, all falling between 
3.6 and 3.8 (Figure S22).

Renal cell carcinoma
For renal cell carcinoma, Claude simple achieved 
the highest performance, with 28.1% of responses 
rated as optimal and 48.5% as acceptable, total-
ing 76.6% in the top two categories. Claude 
rephrased followed with 29.5% optimal and 
43.4% acceptable responses (72.9% combined), 
and Gemini simple ranked third with 12.0% opti-
mal and 55.7% acceptable answers (67.7% com-
bined). The remaining models yielded lower 
proportions of optimal or acceptable responses; 
however, the majority of answers across all mod-
els were still concentrated in the higher Likert 
categories (Figures S16 and S17).

Claude rephrased achieved the highest mean 
Likert score, with an average close to 4.1. Claude 
simple also performed strongly, with a mean 
above 4.0, and Gemini rephrased ranked third, 
just below 3.9. By contrast, Gemini simple and 
ChatGPT simple both averaged around 3.6, 
while ChatGPT rephrased recorded the lowest 
mean, slightly above 3.4 (Figure S22).

Penile cancer
For penile cancer, Claude simple achieved the 
best performance, with 49.5% of responses rated 
as optimal and 45.9% as acceptable, totaling 
95.4% in the top two categories. Gemini simple 
ranked second, with 40.2% optimal and 42.3% 
acceptable responses (82.5% combined), fol-
lowed by Claude rephrased with 32.7% optimal 
and 46.4% acceptable (79.1% combined). The 
remaining models had consistently lower com-
bined proportions of optimal and acceptable 
responses, all staying below 75% (Figures S18 
and S19).

Claude simple achieved the highest mean Likert 
score, with an average above 4.4. Gemini simple 
ranked second, with a mean above 4.1, and 
Claude rephrased followed closely, just over 4.0. 
The remaining models showed lower mean 
scores: ChatGPT simple was close to 3.9, Gemini 
rephrased slightly below 3.9, and ChatGPT 
rephrased had the lowest mean, near 3.4 (Figure 
S22).

Testicular cancer
For testicular cancer, Claude simple achieved the 
highest performance, with 60.9% of responses 
rated as optimal and 33.8% as acceptable, total-
ing 94.7% in the top two categories. Claude 
rephrased followed closely with 60.5% optimal 
and 32.7% acceptable responses (93.2% com-
bined), and Gemini rephrased ranked third with 
49.6% optimal and 35.7% acceptable responses 
(85.3% combined). By contrast, ChatGPT sim-
ple, Gemini simple, and ChatGPT rephrased 
showed lower proportions of optimal responses 
and did not reach the combined performance lev-
els of the top three models, despite moderate 
rates of acceptable responses (Figures S20 and 
S21).

Claude simple achieved the highest mean Likert 
score, with an average above 4.5. Claude 
rephrased also performed strongly, with a mean 
close to 4.5, and Gemini rephrased ranked third, 
just below 4.3. The remaining models all had 
mean scores around 4.1 (Figure S22).

Inter-rater correlations
Regarding inter-rater correlation across the 
respective guidelines, the correlation heatmaps 
reveal a moderate level of agreement, with aver-
age Spearman correlation coefficients of 0.36, 
0.28, 0.33, 0.30, 0.25, 0.31, and 0.25, respec-
tively. These values indicate variability in the 
experts’ responses (Figures 5–7).

Discussion
This study provides a detailed comparative evalu-
ation of LLMs in interpreting and responding to 
guideline-based questions in uro-oncology. By 
systematically assessing 10,500 answers gener-
ated by six different LLM configurations, includ-
ing both simple and rephrased versions of Claude, 
Gemini, and ChatGPT, against 25 expert-vali-
dated questions covering the main urologic 
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cancers, we identified notable differences in the 
clinical accuracy and usability of these models. 
Notably, the simple version of Claude consist-
ently achieved the highest mean scores and the 
most significant proportion of responses rated as 
optimal or acceptable by the expert panel, outper-
forming the other models across most clinical sce-
narios and tumor types. These findings highlight 
the promising potential of state-of-the-art LLMs, 
particularly Claude, to support guideline-based 
clinical decision-making. However, they also 
underscore the need for ongoing rigorous valida-
tion to ensure the reliability and safety of integrat-
ing these tools into routine clinical practice.

Guideline-based questioning is fundamental in 
urology, as clinical practice guidelines (CPGs) 
provide a standardized, evidence-based frame-
work for diagnosis, treatment, and patient man-
agement. These guidelines, developed by leading 
organizations such as the European Association 
of Urology (EAU) and the American Urological 
Association (AUA), not only synthesize the latest 
research but also classify the strength of scientific 
evidence and grade their recommendations 
accordingly. CPGs support rigorous, evidence-
based decision-making and help ensure high-
quality, consistent care.21,22

CPGs are widely used in urology, with nearly 
95% of American urologists reporting use of AUA 
guidelines, which is linked to improved outcomes 
and reduced practice variation.23 The adoption of 
EAU guidelines is also high across Europe, but 
real-world adherence remains inconsistent due to 
factors such as physician experience, patient pref-
erences, institutional resources, local practices, or 
the complexity of the recommendations.23–27 The 
EAU’s IMAGINE initiative (IMpact Assessment 
of Guidelines Implementation and Education) 
was specifically developed to address this gap by 
auditing adherence and identifying barriers.28 For 
instance, a recent audit revealed inappropriate 
use of neoadjuvant ADT before prostatectomy, 
despite clear EAU recommendations against it, 
illustrating ongoing structural and cognitive 
implementation gaps.27

These findings highlight the potential of LLMs to 
bridge the gap between clinical guidelines and 
everyday practice by offering accurate, fast, and 
accessible responses to complex recommenda-
tions. Given the difficulty many clinicians face in 
navigating and interpreting lengthy guidelines, 
especially under time constraints, LLMs represent 

a promising tool to support evidence-based deci-
sion-making. This study specifically evaluated 
whether current LLMs can effectively fulfill that 
role while staying aligned with the intent of guide-
line recommendations.

LLMs are advanced artificial intelligence systems 
built on deep neural network architectures, the 
transformer, which leverage attention mecha-
nisms to process and generate human-like lan-
guage. These models are trained on massive 
datasets comprising diverse and extensive text 
sources, enabling them to capture complex lin-
guistic patterns, semantic relationships, and con-
textual meaning. The transformer architecture is 
central to the success of LLMs, as it enables the 
efficient handling of long-range dependencies in 
language, making these models particularly versa-
tile for a wide range of natural language process-
ing tasks.29,30

In healthcare, LLMs have been rapidly adopted 
for applications such as medical education, clinical 
decision support, and the generation of patient-
facing materials. Specifically in urology, LLMs 
have been evaluated for their ability to generate 
patient information leaflets, answer clinical ques-
tions, and assist with administrative tasks, such as 
drafting discharge summaries.31–33 Studies demon-
strate that LLMs can generate patient information 
with accuracy and readability comparable to tradi-
tional sources, while also supporting clinicians by 
streamlining workflows and improving communi-
cation with patients. However, these applications 
also highlight the need for clinician oversight to 
ensure the accuracy and safety of LLM-generated 
content, as well as ongoing evaluation of their per-
formance in real-world clinical scenarios.31–33

One key limitation of current LLMs is their inabil-
ity to interpret non-textual content such as figures, 
tables, and flowcharts, which are common in clini-
cal guidelines. As these models are primarily text-
based, important information conveyed in visual 
formats may be missed or misinterpreted.34,35 To 
address this, visual elements must be carefully 
converted into structured text before being input 
into the model, thereby preserving clinical context 
and relationships. A notable methodological 
strength of our study was the systematic conver-
sion of all figures and tables from the clinical 
guidelines into structured textual descriptions 
before inputting them into the LLMs. This pro-
cess, guided by optimized prompts and followed 
by expert clinical review, was essential to ensure 
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that critical information embedded in visual ele-
ments was accurately represented and accessible 
to the models. By taking this approach, we mini-
mized the risk of information loss or misinterpre-
tation that can occur when LLMs are presented 
with non-textual data, thereby enhancing the reli-
ability and clinical relevance of the model outputs. 
This strategy not only improved the overall quality 
of the LLM responses in our study but also high-
lights the importance of thoughtful data prepara-
tion when applying LLMs to complex, multimodal 
clinical content.

Evaluating LLMs in clinical settings requires a 
multidimensional approach that includes expert 
review, quantitative metrics, and bias analysis. One 
strength of this study is the participation of a large, 
multidisciplinary group of experts from urology, 
medical oncology, radiation oncology, nuclear 
medicine, pathology, radiology, and hospital phar-
macy. These professionals were drawn from all 
major Spanish scientific societies involved in the 
care of urological cancers. This broad representa-
tion enabled the collection of thousands of inde-
pendent assessments, increasing the reliability of 
the findings and ensuring that the analysis reflects a 
comprehensive range of clinical perspectives across 
the full spectrum of urological cancers. In addition, 
the study employed Likert scales, a validated and 
widely accepted method to quantify expert ratings 
of accuracy, clinical relevance, and safety in LLM-
generated responses. This approach, commonly 
used in clinical AI research, allows subjective judg-
ment to be transformed into quantitative data, 
ensuring a robust and reproducible evaluation. 
Although not applied in our study, internationally 
recognized tools such as DISCERN36 and 
PEMAT37 are frequently cited for assessing the 
quality and comprehensibility of health informa-
tion. DISCERN, a validated 16-item instrument 
rated on a five-point scale, is designed to evaluate 
reliability, the presentation of treatment options, 
and overall content quality.36 PEMAT similarly 
offers a structured framework for evaluating the 
understandability and actionability of patient edu-
cation materials.37 These tools represent interna-
tional standards and could be integrated into future 
research to enhance the evaluation of LLM-
generated content in clinical practice.

Our study provides a comprehensive comparative 
analysis of leading LLMs in their ability to interpret 
and respond to guideline-based questions across 
the major urological cancers. Among the six con-
figurations evaluated, the simple version of Claude 

consistently achieved the highest mean Likert 
scores, and the largest proportion of responses 
rated as optimal or acceptable by the expert panel, 
outperforming Gemini and ChatGPT in most clin-
ical scenarios and tumor types. For example, 
Claude simple achieved over 45% of responses 
rated as optimal (Likert 5) and more than 87% 
rated as optimal or acceptable (Likert 4 or 5) 
across all guidelines, with particularly strong 
results in muscle-invasive bladder cancer, penile 
cancer, and testicular cancer. By contrast, Gemini 
and ChatGPT, both in their simple and rephrased 
forms, showed lower rates of optimal scores, though 
their responses were still concentrated in the higher 
Likert categories, indicating generally acceptable 
performance. Notably, rephrased prompts did not 
consistently improve model performance, and in 
most cases, the simple versions outperformed their 
rephrased counterparts. This may be because more 
detailed or rephrased prompts, while potentially 
providing more context, can also add unnecessary 
complexity or verbosity, causing the model to pro-
duce longer and sometimes less focused responses, 
especially when the original prompt already had all 
the essential information. Since the design and 
complexity of prompts significantly influence the 
accuracy and clinical usefulness of LLM responses, 
careful prompt engineering is essential to optimize 
model performance and ensure reliable decision 
support in healthcare.38

All models demonstrated variability in accuracy 
and completeness depending on the complexity of 
the clinical scenario, the specific cancer type, and 
the phrasing of the queries. While the best-per-
forming models approached expert-level accuracy 
in certain domains, they still faced challenges with 
nuanced questions, negative phrasing, and scenar-
ios that required integration of multidisciplinary 
evidence, ambiguous wording, or lack of context.39 
These limitations underscore the current need for 
rigorous expert evaluation and standardized 
benchmarks to ensure that LLM outputs are clini-
cally reliable and aligned with best practices. 
Nevertheless, the rapid advances observed, partic-
ularly with state-of-the-art models like Claude, 
suggest that LLMs have significant potential to 
support clinical decision-making in urology, pro-
vided their integration is accompanied by ongoing 
validation and human oversight.40,41

Limitations
The limitations inherent to this study need to  
be acknowledged and discussed. First, although 
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guideline figures and tables were converted into 
text to make them accessible to the LLMs, this 
process may have introduced bias or omitted vis-
ual nuances. Second, the evaluation was based on 
guideline-derived questions in simulated scenar-
ios, rather than real-time clinical decision-mak-
ing, which limits generalizability. Third, only 
three publicly available, low-cost LLMs, Claude, 
Gemini, and ChatGPT, were assessed; therefore, 
the results may not apply to other models or 
future versions. In addition, as all evaluations 
were conducted in Spanish while the original 
guidelines were in English, some nuances may 
have been lost in translation. Furthermore, while 
the expert panel was multidisciplinary and experi-
enced, there was no external validation and no 
assessment of clinical impact. These will be 
addressed in a forthcoming Delphi study to vali-
date the top-performing models in real-world 
uro-oncology settings. In addition, while the 
inclusion of a small subset of guideline-unanswer-
able items provided indirect insight into absten-
tion versus fabrication under guideline-only 
constraints, this component was not designed or 
powered as a dedicated hallucination-sensitivity 
experiment. Lastly, fine-tuning (including con-
tinued pretraining, supervised fine-tuning, and 
preference tuning) is an established strategy for 
domain adaptation and for reinforcing guideline-
conformant behaviors. In this study, we inten-
tionally avoided fine-tuning to benchmark 
intrinsic model performance under controlled, 
guideline-only inputs; this reflects study scope 
rather than a limitation of fine-tuning itself.

Despite these limitations, the study stands out for 
its systematic design, the involvement of a large 
multidisciplinary expert panel, and the use of a 
rigorous and reproducible methodology. This 
provides a strong foundation for future evalua-
tions and the development of more reliable AI 
tools to support clinical decision-making in 
urology.

Conclusion
In conclusion, this study demonstrates that among 
the six LLM configurations evaluated, the simple 
version of Claude consistently achieved the highest 
accuracy and the largest proportion of optimal or 
acceptable responses across all major urological 
cancers. Claude rephrased also performed strongly, 
ranking second in most categories. While all mod-
els showed generally acceptable performance, 
Claude models clearly outperformed Gemini and 

ChatGPT, especially in complex scenarios such as 
muscle-invasive bladder cancer, penile cancer, and 
testicular cancer. However, it is important to point 
out that the superior performance of Claude may 
be partially explained by its more recent release 
compared to the other models, and future evalua-
tions may yield different results as newer versions 
and alternative models become available. As the 
field evolves rapidly, continuous benchmarking 
and re-evaluation will be essential.

These findings underscore the rapid progress of 
advanced LLMs and their growing potential to 
support evidence-based decision-making in urol-
ogy, provided their use is accompanied by ongo-
ing expert validation and human oversight. While 
LLMs offer an attractive solution for delivering 
rapid, guideline-based answers, especially for less 
experienced clinicians who may struggle with 
complex or lengthy recommendations, these tools 
must be used responsibly. They are best posi-
tioned as decision-support aids that complement, 
rather than replace, clinical expertise. To ensure 
safe and effective patient care, their output must 
always be critically appraised and supervised by 
qualified professionals.
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