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O R I G I N A L  A R T I C L E

Prompt-dependent readability and accuracy of Generative Pre-trained 
Transformer-5 thinking responses to breast imaging questions derived 
from European Society of Breast Imaging patient recommendations

PURPOSE
Although professional societies provide standardized resources, the reliability of online health con-
tent remains inconsistent, particularly as large language models (LLMs) become a growing source 
of patient information. Therefore, the primary objective of this study was to determine whether pa-
tient-focused prompt optimization improves the readability of Generative Pre-trained Transform-
er-5 (GPT-5) Thinking responses compared with standard prompting while evaluating potential 
changes in expert-rated factual accuracy using educational materials published by the European 
Society of Breast Imaging (EUSOBI).

METHODS
All GPT-5 Thinking outputs were prospectively generated in January 2026. The dataset included 
frequently asked questions (FAQs) and special information notes (SINs) derived from EUSOBI arti-
cles, each submitted under two distinct prompts (standard-Prompt 1 vs. patient-focused-Prompt 
2). Readability was quantified using four indices with an averaged composite “reading grade level.” 
Accuracy was scored by two radiologists using a 5-point Likert scale.

RESULTS
A total of 48 questions (15 FAQs and 33 SIN-derived questions) were each answered under two 
prompt conditions, yielding 96 responses for analysis. Prompt 2 produced significantly lower read-
ability levels than Prompt 1 across all indices (P < 0.001). These improvements occurred without sig-
nificant differences in word count (P = 0.12) or sentence count (P = 0.63). The mean accuracy scores 
remained high and comparable between prompts for all questions (4.54 ± 0.63 vs. 4.52 ± 0.59, P = 
0.75). The inter-rater agreement was almost perfect for both the FAQ and SIN-derived question sets 
(κ = 0.82 and 0.81, respectively).

CONCLUSION
Patient-focused prompting substantially reduced the linguistic complexity and reading grade level 
of GPT-5 Thinking responses without a statistically significant reduction in expert-rated accuracy, 
demonstrating its ability to produce more accessible breast imaging content, although the result-
ing grade level remained above widely recommended patient-education thresholds.

CLINICAL SIGNIFICANCE
A simple, low-cost prompt modification can substantially improve the readability of LLM-gener-
ated patient education content in breast imaging without a measurable reduction in expert-rated 
accuracy, although further work is needed to confirm this translates into improved patient com-
prehension. 
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Breast imaging plays a crucial role in the 
comprehensive management of breast 
diseases, from population-based 

screening of asymptomatic women to the 
diagnostic evaluation of clinical or imaging 
abnormalities, particularly breast cancer. The 
primary imaging modalities, mammography, 
ultrasound (US), and magnetic resonance 
imaging (MRI), offer essential guidance for 
subsequent treatment planning and fol-
low-up care. Each of these techniques ad-
dresses specific clinical questions, and un-
derstanding the indications, benefits, and 
risks associated with each examination is es-
sential for patients. In an environment char-
acterized by the rapid, unfiltered spread of 
online information, providing clear, reliable, 
evidence-based explanations to patients is 
more vital than ever. Studies have confirmed 
that a patient’s health literacy is a major de-
terminant of their ability to navigate breast 
imaging pathways and is an independent 
predictor of participation in organized breast 
cancer screening programs.1 Therefore, strat-
egies dedicated to improving health literacy 
may increase adherence to screening recom-
mendations by promoting a deeper under-
standing of potential outcomes and risks.

To promote consistent and high-quality 
patient education, the European Society of 
Breast Imaging (EUSOBI) published “Rec-
ommendations for Women’s Information,” 
which provides clear, consensus-based ex-
planations aligned with guidelines and com-
prises three separate articles focusing on 
mammography, MRI, and US, respectively.2-5 
Each article contains five frequently asked 
questions (FAQs) accompanied by official so-
ciety-provided responses, along with several 
embedded special information notes (SINs) 
for detailed patient instruction.

Healthcare communication is undergoing 
a significant transformation, driven primar-
ily by the advancements in artificial intelli-
gence (AI). Large language models (LLMs), 
one of the most promising developments 
in AI, have reshaped natural language pro-
cessing. Recently, LLMs have become widely 
accessible by demonstrating powerful ca-
pabilities for generating clinically relevant 
health content and providing appropriate 
recommendations.6-12 LLMs offer an effective 
way to address common patient inquiries 
by using extensive training data to deliver 
clear, guideline-aligned explanations. These 
systems thereby strengthen patient health 
literacy while simultaneously reducing the 
substantial informational workload carried 
by healthcare professionals.13-15

OpenAI’s Generative Pre-trained Trans-
former (GPT) series has advanced rapidly, 
enabling human-like dialogue through deep 
contextual learning. From GPT-3.5 to mul-
timodal GPT-4, successive architectural im-
provements and reinforcement learning with 
human feedback have increased the accura-
cy, factual alignment, and coherence of gen-
erated text. The ChatGPT platform further 
popularized this technology by offering con-
versational access for diverse applications in 
education, research, and healthcare commu-
nication.16 Building on these iterations, GPT-5 
Thinking represents the newest generation 
of this model family. According to OpenAI’s 
own product announcement, GPT-5 Think-
ing is described as a faster and more capable, 
unified model that reduces hallucinations, 
more reliably follows instructions, and shows 
its best performance to date on health-re-
lated benchmarks;17 these vendor-reported 
claims have not yet been independently val-
idated in peer-reviewed literature, which is 
part of the motivation for the present study. 

Given these advancements and their rel-
evance to patient communication, this study 
evaluates the prompt-dependent readability 
and expert-rated accuracy of GPT-5 Thinking, 
one of the latest reasoning-focused model 
versions available at the time of study ex-
ecution, using EUSOBI’s published patient 
recommendations [mammography (2012), 
MRI (2015), and US (2018)] as a standardized 
clinical benchmark. We hypothesized that a 
patient-focused prompt would significantly 
reduce the composite reading grade level 
of GPT-5 Thinking’s outputs toward the rec-
ommended threshold for patient education 
materials, without causing a clinically mean-
ingful reduction in accuracy.

Methods

Study design

Because this study used prospectively 
generated LLM data and did not involve 
identifiable patient data or direct human 
participant research, ethics committee ap-
proval and/or written informed consent were 
not required.

All outputs were generated with the 
ChatGPT (GPT-5 Thinking; OpenAI) web in-
terface in January 2026. Initially, the five 
FAQs from each modality-specific article 
(Electronic Supplementary Table 1) were in-
dividually submitted to GPT-5 Thinking on 
the same day, and the generated answers 
were documented. No additional prompt-
ing or input manipulation was applied to 
influence or optimize the responses of the 
chatbot. Each query was entered in a new 
conversation window to minimize potential 
bias from previous interactions, ensuring 
that earlier inputs did not affect subsequent 
responses. Separately, the SINs from each 
article were converted into appropriate 
open- or closed-ended questions with the 
assistance of GPT-5 Thinking. This task was 
conducted via a distinct account to ensure 
impartiality and prevent influence from prior 
sessions. The model was instructed to trans-
form the original text paragraphs into ques-
tions without further contextual guidance, 
ensuring the generated questions reflected 
independent outputs. The prompt was as fol-
lows: “Convert the following paragraph into 
an [open-ended/closed-ended] question 
in English, preserving the original meaning 
without adding or omitting any information.” 
To prevent investigator bias and maintain 
strict input standardization, SIN-derived 
questions were generated automatically by 
GPT-5 Thinking without manual rephrasing 
or editorial filtering prior to answer gener-
ation. The 15 verbatim EUSOBI FAQs repre-
sented expert-authored, human-validated 
baseline queries, whereas the 33 SIN items 
evaluated the model’s unassisted capacity to 
convert narrative clinical text into structured 
questions. All eligible summary statements 
and recommendation items across the three 
selected EUSOBI patient guidance docu-
ments were included in the analysis without 
any exclusions. Electronic Supplementary Ta-
ble 2 presents the questions generated from 
the SINs sections of each EUSOBI article.

Two prompts, standard and patient-fo-
cused, were used to generate and compare 
responses for subsequent readability and 

Main points

•	 Breast cancer is the most common type of 
cancer among women, and women of all 
ages need to have easy access to accurate 
information regarding early diagnosis and 
screening. 

•	 In this context, web-based search engines, 
social media, and artificial intelligence mod-
els provide women of all educational levels 
with information that may be accurate or 
inaccurate, sufficient or insufficient.

•	 A patient-focused prompt substantially 
improved the readability of Generative 
Pre-trained Transformer-5 Thinking’s breast 
imaging responses relative to a standard 
prompt, without a statistically significant 
reduction in expert-rated clinical accuracy.



Evaluation of GPT-5 thinking responses to patient educational materials • 

accuracy scoring: Prompt 1: “Answer the fol-
lowing question in English”; Prompt 2: “For a 
patient with no medical background, answer 
the following question in English.” For each 
EUSOBI article, one question was submitted 
once per prompt, yielding two responses 
per question. The patient-focused prompt 
wording was adapted from persona-priming 
strategies that evaluate LLM responses for 
lay audiences. Alternative patient-focused 
phrasings were not compared. The magni-
tude of the readability effect reported here 
should therefore be interpreted as specific 
to this prompt formulation rather than as an 
upper bound on achievable simplification. To 
ensure comparable readability and accuracy 
assessments, model outputs were standard-
ized prior to scoring by removing non-prose 
formatting, consistent with prior studies.18-20 
Non-contentual ancillary segments, includ-
ing salutations and conversational scaffold-
ing, identity/capability or legal disclaimers, 
user-interface prompts, and links or footer 
notes unrelated to the clinical explanation, 
were also removed. Text normalization 
removed an average of 23.6 ± 7.2 words 
(12.1%) in Prompt 1 and 20.4 ± 6.1 words 
(11.3%) in Prompt 2, with no significant dif-
ference between conditions. Normalization 
was performed by one operator who was 
blinded to the explicit prompt labels and did 
not participate in the qualitative evaluations, 
following the predefined rule set described 
above. In the final step, remaining content 
was reconstructed into continuous plain-
prose sentences with standard sentence 
boundaries (periods, capitalization), without 
adding, deleting, or rephrasing any clinical 
words. The same protocol was applied to 
both prompts; no lexical simplification was 
applied. Detailed normalization rules are 
provided in Electronic Supplementary Table 
3. All normalized GPT-5 Thinking responses 
used for readability and accuracy assessment 
are provided in Electronic Supplementary Ta-
ble 4. Because the standard web interface 
does not expose generation parameters (e.g., 

temperature or top-P), these values could 
not be controlled or recorded. Additionally, 
specific underlying model snapshot builds 
or system-level prompt layers active at the 
time of generation were not retrievable. To 
maximize reporting transparency and ensure 
auditability, all raw GPT-5 Thinking respons-
es and their corresponding normalized texts 
were also archived, and a PDF screenshot was 
saved for each prompt under each question. 

The primary endpoint was the difference 
in readability (composite reading grade level) 
between standard (Prompt 1) and patient-fo-
cused (Prompt 2) responses. Secondary end-
points were the difference in expert-rated 
accuracy between the two prompts, and 
the absolute readability and accuracy levels 
achieved under each prompt individually. 
Official EUSOBI patient information materials 
were selected to serve as an authoritative, 
standardized clinical knowledge base for 
query formulation. The study design specif-
ically evaluated the comparative impact of 
prompt modification (Prompt 1 vs. Prompt 
2) on LLM output readability and accuracy, 
rather than assessing or auditing the base-
line readability of the underlying society-au-
thored source texts.

Readability assessment

The readability of GPT-5 Thinking re-
sponses was quantified using four estab-
lished indexes, which correspond to a read-
ing grade: Flesch–Kincaid Grade Level (FKG), 
Gunning Fog (FOG), Automated Readability 
Index (ARI), and Coleman–Liau Index (CLI). 
The scores correspond to educational levels: 
a grade of 6 indicates readability for sixth-
grade, 12 approximates a high-school senior 
level, and 17 reflects college-graduate reada-
bility.21-23 Consistent with previous readabili-
ty studies, the four readability indexes were 
computed for each response and averaged 
to create a composite score, which is referred 
to as the “reading grade level (RGL)”.18,19,24,25 
Readability metrics were calculated using 

the quanteda.textstats package in R (R ver-
sion 4.3.2). Length metrics, including word 
and sentence counts, were also recorded to 
support index calculations.

Accuracy assessment

The scientific accuracy and clinical appro-
priateness of the GPT-5 Thinking responses 
were independently evaluated by two radi-
ologists with 3 and 22 years of experience in 
breast imaging, respectively. The responses 
were de-identified and randomized, and 
the reviewers were blinded to the explicit 
prompt labels. Each answer was scored on 
a 5-point Likert scale (1: completely incor-
rect, 5: completely correct) (Table 1). The 
inter-rater agreement was quantified using 
quadratic-weighted Cohen’s kappa (κ) with 
95% confidence intervals (CIs). For respons-
es on which the two radiologists’ independ-
ent ratings matched, that shared score was 
retained as the final accuracy score. For re-
sponses with an initial scoring discrepancy, 
the final accuracy score for each response 
was defined as the arithmetic mean of the 
two independent ratings. Radiologists rated 
each response for clinical correctness, medi-
cal appropriateness, and patient safety, using 
the EUSOBI recommendations as the primary 
knowledge base and applying their own clin-
ical expertise; responses that contradicted 
EUSOBI guidance were scored lower. Scoring 
was not performed against a formal item-by-
item checklist.

Figure 1 presents a schematic overview 
of the study design, which includes study 
materials, question sets, LLM generation and 
prompts, endpoints (readability and accura-
cy), and statistical analysis.

Statistical analysis

Statistical analyses were performed using 
SPSS for Windows, version 25.0 (IBM Corp., 
Armonk, NY, USA). The Shapiro–Wilk test 
was used to assess normality. Descriptive 

Table 1. Likert scale to assess the accuracy of Generative Pre-trained Transformer-5 Thinking responses

Score Description

1–Completely incorrect Contains major factual errors or conflicts with guidelines; may include unsafe or contraindicated advice; key points are missing or 
wrong.

2–Mostly incorrect Multiple inaccuracies or large gaps; unclear or misleading statements; weak guideline concordance; not suitable without 
substantial revision.

3–Moderately correct Core idea is partly correct but important details are missing or unclear; minor errors or outdated points may appear; limited 
actionability.

4–Mostly correct Factually sound and guideline-aligned with small omissions or wording issues; provides generally actionable, patient-
appropriate guidance.

5–Completely correct Accurate, clear, and safe; covers essential points with adequate detail; patient-friendly language with concrete, appropriate next 
steps.



 • November 2026 • Diagnostic and Interventional Radiology Düşünceli Atman et al.

statistics are presented as mean ± standard 
deviation (SD) for normally distributed var-
iables. To provide a comprehensive over-
view, non-normally distributed variables are 
reported as mean ± SD alongside median 
(interquartile range). Descriptive readability 
and accuracy statistics were evaluated at the 
response level (n = 96 total outputs), where-
as paired comparisons between prompt con-
ditions (Prompt 1 vs. Prompt 2) operated at 
the question level (n = 48 pairs). For paired 
comparisons between prompts for the same 
question, paired t-tests were used to evalu-
ate differences if normality was achieved, 
and Cohen’s d was reported for paired sam-
ples, along with 95% CIs for the mean dif-
ference. If normality was not satisfied, the 
Wilcoxon signed-rank test was employed, 
with the rank-biserial r reported. Inter-rater 
agreement for the 5-point ratings was as-
sessed using quadratic-weighted Cohen’s κ, 
along with 95% CIs. All statistical tests were 
two-sided, with a significance level set at α 
= 0.05.

Results
A total of 48 items were analyzed, corre-

sponding to 15 FAQs and 33 SINs-derived 
questions. Each item produced two GPT-5 
Thinking responses—one per prompt—
yielding 96 total outputs for evaluating read-
ability and accuracy. The 15 FAQs comprised 
5 questions for each breast imaging modal-
ity, whereas the SINs-derived questions in-
cluded 9 for mammography, 17 for MRI, and 
7 for US.

Readability assessment

Across both the 15 FAQs and the 33 
SINs-derived questions, Prompt 2 consist-
ently yielded lower readability grade levels 
than Prompt 1 across all four indices, indi-
cating easier readability. For the FAQ set, the 
average reductions were 2.78 points for FKG, 
2.90 for FOG, 3.26 for ARI, and 3.42 for CLI, 
with large effect sizes (all P < 0.001, paired 
t-test; Cohen’s d range, −1.56 to −1.91); for 
the SINs-derived questions, the correspond-
ing mean reductions were 2.45, 2.76, 2.90, 
and 2.68 points, respectively (all P < 0.001, 
paired t-test; Cohen’s d range, −1.18 to 
−1.66). The composite RGL also decreased 
significantly with Prompt 2 in both data-
sets, by 3.09 points for FAQs (15.45 ± 1.99 
vs. 12.36 ± 2.07; P < 0.001; d = −1.73) and by 
2.70 points for SINs-derived questions (15.06 
± 2.07 vs. 12.37 ± 1.76; P < 0.001; d = −1.73), 
demonstrating a consistent, substantial im-
provement in readability across all question 
types. Similarly, the composite RGL for all 
questions decreased significantly by 2.82 
points with Prompt 2 (15.18 ± 2.03 vs. 12.37 
± 1.84; P < 0.001; d = −1.73). Under Prompt 2, 
5 of 48 (10.4%) responses achieved a grade 
level within the widely recommended sixth- 
to eighth-grade range, whereas none of the 
responses achieved this threshold under 
Prompt 1. Length-related metrics, includ-
ing word and sentence counts, showed no 
statistically significant differences between 
prompts in either dataset. Non-parametric 
tests revealed no meaningful change in the 
median word or sentence counts for the 

FAQs, and for the SINs-derived questions, 
word and sentence counts remained com-
parable between prompts (P = 0.82 and P 
= 0.36, Wilcoxon signed-rank test, respec-
tively). These findings indicate that the ob-
served gains in readability with Prompt 2 
were achieved without increasing the overall 
length or structural complexity of the gener-
ated text.

Accuracy assessment

The mean accuracy scores on the 5-point 
Likert scale were as follows: for the FAQs, 
scores were 4.47 ± 0.69 for Prompt 1 and 
4.33 ± 0.67 for Prompt 2 (95% CI: −0.44 to 
0.17; P = 0.36, paired t-test); for the SIN-de-
rived questions, scores were 4.58 ± 0.60 for 
Prompt 1 and 4.61 ± 0.54 for Prompt 2 (95% 
CI: −0.12 to 0.18; P = 0.68, paired t-test). 
Overall, across all 48 questions, mean accu-
racy was 4.54 ± 0.63 for Prompt 1 vs. 4.52 ± 
0.59 for Prompt 2 (mean difference, −0.02; 
95% CI: −0.16 to 0.12; P = 0.75, paired t-test; 
Cohen’s d = −0.05). These narrow CIs cross-
ing zero demonstrate no statistically signifi-
cant difference in factual accuracy between 
prompt conditions, although formal clinical 
equivalence was not evaluated against a 
prespecified margin. No individual rating 
below 2 was assigned. The only ratings of 2 
were given by one rater to FAQ US-5 under 
both prompts (the other rater scored 3; final 
score 2.5 in each condition). Item-level and 
per-rater ratings are provided in Electronic 
Supplementary Table 5. Inter-rater agree-
ment between the two reviewers was almost 

Figure 1. Flowchart of the study design. ARI, Automated Readability Index; CI, confidence interval; CLI, Coleman–Liau Index; EUSOBI, European Society of Breast 
Imaging; FAQs, frequently asked questions; FKG, Flesch–Kincaid Grade Level; FOG, Gunning Fog; GPT, Generative Pre-trained Transformer; LLM, large language 
model. 
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Table 2. Comparison of the readability and accuracy scores for Generative Pre-trained Transformer-5 Thinking responses under two 
prompt conditions
Prompt metrics are based on questions (n = 48) analyzed across two prompt conditions. As a result, a total of 96 responses were 
evaluated

Prompt 1 Prompt 2 Δ (95% CI) Effect size P

FAQs

Readability

FKG 14.86 ± 2.09
14.90 (13.05–15.90)*

12.08 ± 1.60 −2.78 (−3.59, −1.98) −1.91 < 0.001

FOG 16.96 ± 2.33 14.06 ± 2.20 −2.90 (−3.78, −2.01) −1.81 < 0.001

ARI 15.04 ± 2.35 11.78 ± 1.79
12.31 (11.27–12.81)*

−3.26 (−4.29, −2.24) −1.76 < 0.001

CLI 14.94 ± 2.40 11.52 ± 1.62 −3.42 (−4.63, −2.20) −1.56 < 0.001

Reading grade level 15.45 ± 1.99 12.36 ± 2.07 −3.09 (−4.08, −2.10) −1.73 < 0.001

Word count 169.2 ± 110.1
145.0 (129.0–170.0) *

131.9 ± 29.9 −37.30 (−95.47, 20.81) −0.47 0.12

Sentence count 11.3 ± 17.2
6.0 (5.5–9.0)*

6.8 ± 2.5 −4.50 (−14.09, 5.16) −0.43 0.69

Accuracy** 4.47 ± 0.69
5.0 (4.0–5.0)*

4.33 ± 0.67
4.5 (4.0–5.0)* −0.13 (−0.44, 0.17) −0.24 0.36

SINs-derived questions

Readability

FKG 14.75 ± 1.84 12.30 ± 1.21 −2.45 (−2.98, −1.93) −1.66 < 0.001

FOG 16.50 ± 2.22 13.74 ± 1.61 −2.76 (−3.37, −2.14) −1.60 < 0.001

ARI 14.61 ± 2.37 11.71 ± 1.54 −2.90 (−3.53, −2.27) −1.63 < 0.001

CLI 14.40 ± 2.78 11.72 ± 1.72 −2.68 (−3.48, −1.87) −1.18 < 0.001

Reading grade level 15.06 ± 2.07 12.37 ± 1.76 −2.70 (−3.25, −2.15) −1.73 < 0.001

Word count 173.2 ± 55.7
169.00 (127.00–205.00)*

171.6 ± 53.2 −1.60 (−16.94, 13.79) −0.04 0.82

Sentence count 8.3 ± 2.8 8.7 ± 2.8 0.40 (-0.51, 1.35) 0.16 0.36

Accuracy** 4.58 ± 0.60
5.0 (4.0–5.0)*

4.61 ± 0.54
5.0 (4.0–5.0)*

0.03 (−0.12, 0.18) 0.07 0.68

All questions

Readability

FKG 14.78 ± 1.90 12.23 ± 1.33 −2.55 (−2.98, −2.13) −1.75 < 0.001

FOG 16.64 ± 2.24 13.84 ± 1.80 −2.80 (−3.28, −2.31) −1.68 < 0.001

ARI 14.75 ± 2.35 11.73 ± 1.60 −3.02 (−3.54, −2.50) −1.68 < 0.001

CLI 14.57 ± 2.65 11.66 ± 1.67 −2.91 (−3.56, −2.25) −1.29 < 0.001

Reading grade level 15.18 ± 2.03 12.37 ± 1.84 −2.82 (−3.29, −2.35) −1.73 < 0.001

Word count 172 ± 75.7
151.50 (127.25–197.75)*

159.2 ± 50.4 −12.8 (−33.62, 7.12) −0.23 0.12

Sentence count 9.2 ± 9.8
7.50 (6.00–10.25)*

8.1 ± 2.8
7.00 (6.00–9.25)*

−1.10 (−3.97, 1.77) −0.07 0.63

Accuracy** 4.54 ± 0.63
5.0 (4.0–5.0)*

4.52 ± 0.59
5.0 (4.0–5.0)*

−0.02 (−0.16, 0.12) −0.05 0.75

* The values are presented as both mean ± SD and median (interquartile range), due to the non-normal distributions.
** Reported accuracy values were calculated from the averaged ratings of two blinded radiologists. Identical scores were retained, and discrepant ratings were resolved as the 
arithmetic mean.
Δ denotes the paired difference (P2−P1); negative values indicate lower grade level/shorter text with Prompt 2. Effect sizes are reported as Cohen’s d for parametric tests and as 
rank-biserial correlation (r) for non-parametric tests. Two-sided tests; α = 0.05
ARI, Automated Readability Index; CI, confidence interval; CLI, Coleman–Liau Index; FAQs, frequently asked questions; FKG, Flesch–Kincaid Grade Level; FOG, Gunning Fog; SINs, 
special information notes.
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perfect, with quadratic-weighted Cohen’s κ 
exceeding 0.80 across both datasets (0.82, 
95% CI: 0.72–0.90 for FAQs and 0.81, 95% CI: 
0.71–0.90 for SIN-derived questions).

Table 2 summarizes the comparative re-
sults for the readability and accuracy scores 
for both question sets. Boxplots illustrating 
the overall shift toward lower grade levels 
under Prompt 2 are presented in Figure 2.

Discussion
In this exploratory study, we evaluated 

the performance of GPT-5 Thinking in gen-
erating appropriate patient education ma-
terials based on EUSOBI’s published breast 
imaging recommendations for women. Our 
main findings showed that a patient-focused 
prompt substantially improved readability 
compared with a standard prompt, without 
a statistically significant reduction in ex-
pert-rated accuracy. However, despite these 
statistically significant gains, only a small 
fraction of outputs reached the recommend-
ed health literacy grade threshold, with the 
majority remaining above target compre-
hension levels. Taken together, our results 
demonstrate that although GPT-5 Thinking 
can produce expert-verified factual content 
for patient-centered breast imaging commu-
nication, targeted prompt optimization is es-
sential to bridge the gap between complex 
radiological concepts and health literacy 
needs.

Previous studies have shown mixed re-
sults regarding which LLM produces the 
most readable content, indicating that read-
ability performance may vary depending on 
the task, prompt style, or model version.13 

Although all our model’s baseline respons-
es generated under standard prompting 
remained above the widely recommend-
ed sixth- to eighth-grade reading level, the 
outputs produced using patient-focused 
prompting achieved consistently lower 
grade-level scores. This indicates that the 
structural complexity of model-generated 
text is highly sensitive to prompt framing, 
demonstrating that readability can be im-
proved through targeted prompt design. 
However, despite the statistically significant 
reduction in reading difficulty, only 10.4% 
(5/48) of patient-focused responses suc-
cessfully reached the recommended sixth- 
to eighth-grade threshold, leaving the vast 
majority of simplified outputs (89.6%, 43/48) 
above ideal patient literacy targets. This re-
sult aligns with the literature highlighting 
LLMs’ inherent difficulty in achieving lin-
guistic simplicity and optimal health litera-
cy standards without further intervention. 
In agreement with this finding, in a study 
evaluating ChatGPT’s reliability in answering 
common imaging-related questions under 
both unprompted and prompted conditions, 
Gordon et al. found that the FKG level re-
mained high at 13.6 (95% CI: 12.9–14.2) and 
was statistically unchanged by the prompt 
[13.0 (95% CI: 12.4–13.6); P = 0.2).26 Crucially, 
none of the responses reached the eighth-
grade readability level recommended for 
patient-facing materials. However, when 
ChatGPT is prompted to simplify the existing 
content, it demonstrates significant poten-
tial. Haver et al.27 found that ChatGPT signif-
icantly improved the mean reading ease (46 
vs. 70; P < 0.001) and readability (13 vs. 8.9; P 
< 0.001). Furthermore, all simplified respons-

es met the criteria for adequate reading ease, 
compared with only 2 of the 25 original re-
sponses (P < 0.001). This success confirms 
that the model can significantly reduce lin-
guistic complexity, although it requires di-
rect instructional prompts to achieve high 
readability.

Prior research evaluating LLM-generated 
medical information has shown that these 
systems are generally capable of producing 
accurate responses to patient-facing ques-
tions across a range of clinical domains. Sev-
eral studies examining earlier GPT models 
have similarly reported high accuracy rates 
when addressing common patient que-
ries across various medical fields, including 
breast radiology.26-29 Our findings align with 
this broader literature: GPT-5 Thinking pro-
duced answers consistently judged scientif-
ically sound, with no reduction in accuracy 
when a more patient-oriented prompt was 
used. Recent work by Tepe and Emekli13 pro-
vides additional context for interpreting our 
findings. In their evaluation of ChatGPT-4, 
Microsoft Copilot, and Gemini, the authors 
used a set of patient-generated questions in 
breast imaging and reported notable perfor-
mance differences among LLMs. ChatGPT-4 
achieved the highest accuracy (Likert score 
of 4.95 ± 0.22), outperforming both Gemini 
and Copilot, whereas the latter two systems 
showed comparable but lower correctness 
ratings. Their results suggest that accuracy 
can vary substantially across platforms, even 
when models are presented with similar pa-
tient-facing prompts. Although our study 
focused exclusively on GPT-5 Thinking and 
used guideline-based content rather than 
public query trends, both studies converge 

Figure 2. Boxplots showing the readability indices, length metrics, and accuracy scores for all 48 questions. Distribution of readability indices [Flesch–Kincaid 
Grade Level (FKG), Gunning Fog (FOG), Automated Readability Index (ARI), Coleman–Liau Index (CLI), and composite reading grade level], length metrics (word 
and sentence counts), and accuracy scores for Generative Pre-trained Transformer Thinking responses under two prompt conditions (Prompt 1 vs. Prompt 2; n = 
48 questions, generating 96 total evaluated responses). Grade-level scores were significantly lower with Prompt 2, indicating improved readability, whereas no 
statistically significant differences in word-sentence counts and accuracy scores were observed. 
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in demonstrating that current-generation 
LLMs are generally capable of producing 
clinically appropriate responses. At the same 
time, the variability observed across different 
LLMs in the work of Tepe and Emekli13 under-
scores the importance of ongoing, compara-
tive evaluations to understand the strengths 
and limitations of emerging systems as they 
are applied to medical communication. Nev-
ertheless, professional human oversight re-
mains necessary because these models can 
still make mistakes or produce inappropriate 
statements, including biases and hallucina-
tions. Previous studies have highlighted sim-
ilar concerns about using ChatGPT in radiol-
ogy.9,30,31 For example, Haver et al.9 examined 
ChatGPT’s ability to simplify patient-facing 
information on breast cancer prevention and 
screening. Their work showed that the mod-
el substantially reduced grade-level require-
ments by several levels while also shortening 
responses. However, they also observed that 
a subset of the simplified outputs contained 
clinically inappropriate or inaccurate state-
ments, underscoring the need for ongoing 
human oversight. In our study, when source 
educational guidance grouped separate 
classification systems—such as EUSOBI ref-
erencing both U3 and BI-RADS 3 within the 
same clinical recommendation—the model 
generalized a routine surveillance approach 
rather than distinguishing region-specific 
management pathways. Although rooted in 
the underlying guideline text, experts recog-
nized this oversimplification, which result-
ed in lower accuracy scores (mean rating of 
4.0/5) and illustrates how guideline-derived 
question framing can propagate regional 
classification ambiguities into LLM evalua-
tions.

Our study has several limitations that 
should be acknowledged. First, only a sin-
gle LLM was evaluated, and the assessment 
was conducted exclusively in English. As a 
result, the findings cannot be generalized 
to other LLM versions or multilingual con-
texts. Second, each question–prompt pair 
was submitted to GPT-5 Thinking only once; 
given the model’s non-deterministic output, 
we cannot rule out that some portion of 
the observed readability difference reflects 
ordinary generation variability rather than 
prompt manipulation alone. Repeated-sam-
pling designs are needed to quantify this in 
future work. Third, although strict session 
isolation minimized conversational memo-
ry contamination across all steps, 33 of the 
48 items were generated from SIN texts us-
ing the same LLM family that ultimately an-
swered them. This design carries a potential 

risk of model-family structural affinity, which 
does not affect the 15 verbatim EUSOBI 
FAQs. Future studies should evaluate mod-
el responses against question sets derived 
independently by human panels or actual 
patients. Fourth, although all generated out-
puts were presented to the evaluating radi-
ologists in an anonymized and randomized 
order without prompt metadata, complete 
evaluator blinding was inherently con-
strained by stylistic differences. The distinct 
conversational framing, structural simplifi-
cation, and tone characteristic of patient-fo-
cused prompts may have allowed evaluators 
to infer the underlying prompt condition, 
potentially introducing stylistic recognition 
bias during qualitative scoring. Fifth, some 
responses included country- or context-de-
pendent details (e.g., screening age ranges, 
follow-up intervals, regulatory references) 
that may not be accurate or applicable in all 
health systems; our accuracy rating did not 
separately flag such jurisdiction-dependent 
content. Sixth, readability measures reflect 
linguistic complexity rather than accurate 
comprehension. Although such indicators 
are well known, they do not directly assess 
how and to what extent patients actual-
ly understand the information, its cultural 
appropriateness, actionability, or real-life 
educational value. Therefore, they cannot 
replace direct evaluations of how patients 
understand or use the information. Seventh, 
although two radiologists with extensive 
experience independently reviewed the ac-
curacy of each response, patient feedback 
was not included, which limits our ability to 
comment on whether patients were satis-
fied with the answers they received. Finally, 
because generation parameters and model 
snapshot versions cannot be controlled or 
retrieved through the standard web inter-
face, exact deterministic replication of the 
generated text is inherently limited, as is typ-
ical for web-based LLM evaluations. Conse-
quently, future assessments may be needed 
to verify whether their performance remains 
consistent.

Despite these limitations, our study has 
several important strengths. Most impor-
tantly, the evaluation was conducted within 
a transparent, well-documented, and audit-
able framework that used peer-reviewed pa-
tient information materials from EUSOBI, the 
leading breast imaging society in Europe. 
This decision ensured that the assessment 
was based on established clinical standards 
derived from EUSOBI guidelines rather than 
non-consensus, publicly sourced content; 
this benefit applies most directly to the 15 

FAQ items. Furthermore, using multiple 
validated readability measures provided 
a comprehensive view of the model’s lin-
guistic complexity. Moreover, the accuracy 
ratings were performed independently and 
blindly by two radiologists, supporting the 
objectivity of the evaluation. Another nota-
ble strength of this study is that effect sizes 
across endpoints were reported with corre-
sponding CIs rather than relying solely on 
P values, providing transparent estimation 
precision regarding both readability im-
provements and between-prompt accuracy 
variations. Finally, by isolating every query, 
both for question conversion and answer 
generation, in separate conversation win-
dows, we minimized the chance that prior 
answer-generation interactions influenced 
subsequent responses. However, this does 
not eliminate the potential model-specific 
influence introduced during question gener-
ation (see Limitations).

Future research could extend upon this 
study in various ways. First, comparing dif-
ferent LLMs and multiple languages can help 
determine whether readability and factual 
accuracy remain stable despite architectural 
or version changes. Involving patients direct-
ly through comprehension studies is another 
important step in understanding how well 
they comprehend and trust LLM-gener-
ated explanations. Insights from such pa-
tient-centered work would reveal the actual 
educational impact of these tools. Finally, 
incorporating society-approved educational 
materials into clinical communication sys-
tems may help ensure that the information 
patients receive is both accurate and easy 
to understand. Together, these efforts could 
shape the responsible use of LLMs for patient 
education in breast imaging and potentially 
in other medical fields.

Prompt optimization substantially im-
proved the readability of GPT-5 Thinking’s 
breast imaging patient education content 
without a statistically significant reduction 
in expert-rated factual accuracy. Our findings 
underscore the model’s potential as a sup-
portive tool in patient education and health 
communication, although further simplifi-
cation is necessary to meet widely recom-
mended readability thresholds.
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