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Introduction
Large language models (LLMs) are artificial intelligence systems trained 
on extensive text datasets that can generate human-like responses and 
interact with users in natural language (1). Recent studies have examined 
LLMs in many medical specialties, exploring their use in clinical and 
educational settings (2). Within radiology, they have been studied 
for applications such as diagnostic support, report generation, and 
educational assessment in radiology (3,4). Additionally, LLMs are being 
studied as tools to help improve communication between clinicians and 
patients (5,6).

Ultrasonography is one of the most widely used imaging modalities in 
daily clinical practice because it is inexpensive, easily accessible, and 

free of ionizing radiation. In Türkiye, ultrasonography represents the 

highest imaging volume nationwide, exceeding 30 million examinations 

in 2020 and 35 million in 2021 according to national health statistics (7). 

Before undergoing imaging, many patients seek information about the 

procedure and often express concerns related to preparation, comfort, or 

diagnostic value (8). 

In recent years, patients have increasingly relied on internet-based 

resources to obtain health-related information (9). This trend has 

contributed to the rising use of artificial intelligence chatbots. Although 

these models can provide rapid and structured answers, the accuracy 

and reliability of the information they offer remain important questions 

(10).
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ABSTRACT

Introduction: This study examined the relevance, accuracy, clarity, and completeness of ChatGPT-5 responses to frequently asked 
patient questions about abdominal ultrasonography and considered the potential role of large language models (LLMs) as supportive 
tools in patient education.

Methods: This cross-sectional study analyzed ChatGPT-5 responses to 15 frequently asked questions from patients about abdominal 
ultrasonography. The questions were collected from Google’s “other questions” section. Each question was entered into ChatGPT-5 
in a separate session, and the model’s answers were recorded. Ten radiologists independently evaluated the responses using four 
criteria: relevance, accuracy, clarity, and completeness, with each criterion scored on a 1-to-5 scale. Interrater reliability was assessed 
using the intraclass correlation coefficient (ICC).

Results: ChatGPT-5 demonstrated high performance across all evaluated criteria. Mean scores were 4.97±0.18 for relevance, 4.78±0.49 
for accuracy, 4.85±0.40 for clarity, and 4.68±0.53 for completeness, with an overall mean of 4.82±0.26. The minimum score assigned 
by the evaluators was 3. ICC values were 0.266 for relevance, 0.236 for accuracy, 0.230 for clarity, 0.582 for completeness, and 0.555 
for the total score.

Conclusion: ChatGPT-5 provided generally well-rated responses to common patient questions about abdominal ultrasonography. 
Although interrater reliability showed variable levels of agreement, moderate agreement was observed for completeness and total 
scores. The model’s overall performance was favorable, suggesting that LLMs may function as supportive resources for patient 
education. Their use should remain complementary to professional medical guidance. Further studies with broader question sets, 
diverse patient populations, and multiple language models are warranted.
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The potential of LLMs to support patient education has been 
investigated in radiology and in other medical fields (11,12). However, 
the quality of LLM responses to frequently asked patient questions 
about ultrasonography in general and abdominal ultrasonography 
in particular has not been systematically evaluated to date. To our 
knowledge, no study has evaluated how ChatGPT-5 performs in this 
context. The purpose of this study is to assess the relevance, accuracy, 
clarity, and completeness of ChatGPT-5’s answers to frequently asked 
patient questions regarding abdominal ultrasonography, and to discuss 
its potential role as a supportive tool in patient education.

Methods
Ethical approval for this study was obtained from the İzmir Katip Çelebi 
University Health Research Ethics Committee (decision number: 0670, 
date: 06.11.2025). Due to the use of publicly available data and the 
absence of direct human participant involvement or identifiable patient 
information, the requirement for informed consent was waived by the 
ethics committee. This cross-sectional study was designed to assess the 
quality of responses generated by ChatGPT-5 to patients’ frequently 
asked questions about abdominal ultrasonography. To obtain the patient 
questions, a new Google (Alphabet Inc., Mountain View, CA, USA) account 
without any prior search history was used (13). The phrase “frequently 
asked questions about abdominal ultrasonography” was entered into 
Google using its Turkish equivalent. This search yielded 150 questions 
listed in the “other questions” section of the results page. Two board-
certified radiologists with 8 and 10 years of experience in ultrasonography 
independently reviewed all items. After eliminating duplicates and 
questions with overlapping meanings, they reached a consensus on a 
final set of 15 unique, patient-oriented questions through joint discussion 
(Table 1, Figure 1). Each question was preserved in its original form as 
displayed in the Google results to maintain authentic patient language.

The selected questions were entered into ChatGPT-5 (OpenAI Inc., San 
Francisco, CA, USA) using an account with no prior conversations. The 

model was accessed through its official web interface, which offers three 
modes of operation: Auto, Instant, and Thinking (14). In this study, the 
Auto mode was used because it reflects the default setting and typical 
real-world user interaction with the model. No model parameters, 
including the temperature (which is fixed in the web interface), 
were adjusted. No system-level prompts or hidden instructions were 
modified, and all questions were submitted in their original form 
without any additional prompting or formatting. No additional prompts 
or contextual information was provided. Each question was submitted 
separately and asked only once. To prevent any influence from previous 
interactions, a new session was opened for every question by clearing 
the chat history (15,16). All queries were entered on November 18, 2025.

The responses produced by ChatGPT-5 were evaluated by 10 radiologists 
from six different institutions, each with 4 to 10 years of experience in 
abdominal ultrasonography. Each response was assessed using four 
criteria: relevance, accuracy, clarity, and completeness. Scores ranged from 
1 to 5 for each criterion, where 1 indicated the lowest score and 5 indicated 
the highest score. The scoring framework was adapted from previously 
published studies (5,6). Relevance referred to how directly the answer 
addressed the question. Accuracy reflected whether the information 
was medically accurate and clinically appropriate. Clarity indicated how 
understandable and well-organized the response was. Completeness 
assessed whether the answer provided sufficient information to fully 
address the question. The evaluators were blinded to the source of the 
responses and informed only that they were reviewing answers to patients’ 
questions about abdominal ultrasonography. They were not informed that 
the responses were generated by a LLM. All questions were submitted in 
Turkish, and the radiologists evaluated the responses in Turkish.

Statistical Analysis

All data were analyzed using IBM SPSS Statistics version 26.0 (IBM Corp., 
Armonk, NY, USA). Descriptive statistics were reported as means and 
standard deviations for each evaluation criterion. Interrater reliability 

Table 1. The 15 most frequently asked patient questions about abdominal ultrasonography that were submitted to ChatGPT-5

No Question

1 What diseases can be detected on an abdominal ultrasound?

2 What should be done before an abdominal ultrasound?

3 What is examined with an abdominal ultrasound?

4 Can intestinal problems be seen on ultrasound?

5 How long does an abdominal ultrasound take?

6 Can you drink coffee before an abdominal ultrasound?

7 How much water should be drunk before an ultrasound?

8 Do you need to remove clothing during an ultrasound?

9 What happens if I do not drink water before the ultrasound?

10 Is the uterus visible on an abdominal ultrasound?

11 Does it matter if you are fasting or not for an ultrasound?

12 Can cancer be detected on an abdominal ultrasound?

13 Can you smoke before having an ultrasound?

14 Is an abdominal ultrasound harmful?

15 Why is an abdominal ultrasound ordered?

Note: Although shown in English for readability, all questions were originally submitted to ChatGPT-5 in Turkish
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was assessed using the intraclass correlation coefficient (ICC), based on 
a two-way random-effects model with absolute agreement [ICC (2,k)], 
where k represents the number of raters. Ninety-five percent confidence 
intervals and p values were calculated for all ICC estimates. A p value 
<0.05 was considered statistically significant.

Results
Fifteen questions were assessed by 10 radiologists using four predefined 
criteria: relevance, accuracy, clarity, and completeness. All ratings were 
based on a 5-point scale. The lowest score assigned by the evaluators 
to any response was 3 out of 5 in each subcategory of the rating scale. 
Relevance had the highest overall mean score with a value of 4.97±0.18. 
The mean accuracy score was 4.78±0.49, while clarity had a mean 
score of 4.85±0.40. Completeness had the lowest mean among the 
four criteria with a value of 4.68±0.53. The total score calculated by 
averaging the four criteria for each evaluation was 4.82±0.26. Question-
based descriptive values for all criteria are presented in Table 2. The 
distributions of mean scores and standard deviations for all four criteria 
are shown in Figure 2.

The interrater reliability analysis demonstrated varying levels of 
agreement among evaluators. ICC values were 0.266 for relevance, 
0.236 for accuracy, 0.230 for clarity, 0.582 for completeness, and 0.555 
for the total scores (Table 3). Completeness demonstrated the highest 
ICC value, followed by the total score; both values indicate moderate 
agreement, whereas relevance, accuracy, and clarity showed lower levels 
of agreement. Statistical significance was observed for completeness 
(p=0.001) and the total score (p=0.004). Relevance (p=0.144), accuracy 
(p=0.181), and clarity (p=0.194) did not reach statistical significance. 

Discussion
This study evaluated the quality of ChatGPT-5 responses to frequently 
asked patient questions about abdominal ultrasonography. The analysis 
showed that ChatGPT-5 provided responses with favorable scores across 
all four evaluation criteria. Mean scores ranged from 4.68 to 4.97 on a 
5-point scale, with an overall average of 4.82. Relevance received the 

highest scores, while completeness received the lowest scores. Interrater 

reliability showed variable levels of agreement, with ICC values ranging 

from 0.230 to 0.582. Agreement was higher for completeness and 

the total score, and lower for relevance, accuracy, and clarity. To our 

knowledge, this is the first study to evaluate LLM responses to patient 

questions specifically about abdominal ultrasonography. These findings 

suggest that while ChatGPT-5 can generate well-rated responses, 

variability remains in how medical experts evaluate these answers.

LLMs have increasingly been examined as tools for patient 

communication across different medical fields (17). A recent study 

comparing multiple LLMs for computed tomography (CT) and 

magnetic resonance imaging (MRI)-related patient questions found 

Figure 1. Flowchart illustrating the selection and evaluation process of the 
questions

Table 2. Descriptive evaluation scores for each question across 
four assessment criteria

No Relevance Accuracy Clarity Completeness

1 4.9±0.32 4.7±0.48 4.8±0.42 4.3±0.67

2 5.0±0.00 4.8±0.42 4.9±0.32 4.9±0.32

3 5.0±0.00 5.0±0.00 4.9±0.32 4.3±0.67

4 4.8±0.42 4.4±0.70 4.5±0.85 4.3±0.82

5 5.0±0.00 4.6±0.84 4.9±0.32 4.7±0.48

6 5.0±0.00 4.6±0.70 5.0±0.00 4.7±0.48

7 4.9±0.32 4.8±0.42 4.9±0.32 4.8±0.42

8 5.0±0.00 4.8±0.42 4.9±0.32 4.5±0.53

9 5.0±0.00 4.9±0.32 5.0±0.00 4.9±0.32

10 4.9±0.32 4.9±0.32 4.6±0.52 4.9±0.32

11 5.0±0.00 5.0±0.00 4.9±0.32 4.8±0.42

12 5.0±0.00 4.7±0.67 4.9±0.32 4.5±0.71

13 5.0±0.00 4.9±0.32 4.9±0.32 4.9±0.32

14 5.0±0.00 4.9±0.32 4.9±0.32 4.9±0.32

15 4.9±0.32 4.9±0.32 4.9±0.32 4.8±0.42

Total 4.97±0.18 4.78±0.49 4.85±0.40 4.68±0.53

Values are presented as mean ± standard deviation. Each value represents the average 
score of 10 radiologists who evaluated the answers to 15 patient questions across four 
criteria: relevance, accuracy, clarity, and completeness

Figure 2. Mean scores and standard deviations for relevance, accuracy, 
clarity, completeness, and total scores 
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that ChatGPT-4o achieved the highest scores for CT questions (mean 
4.52) and shared the top position with Claude 3.5 Sonnet for MRI 
questions (both 4.79) (18). In cardiac imaging questions, ChatGPT-4 
demonstrated 78.3% accuracy, with 86.7% of responses rated as 
clear and 81.7% as comprehensive (19). Similarly, Gordon et al. (20) 
found that 83% of ChatGPT responses to patient questions about 
radiological imaging were accurate, with 99% being at least partially 
relevant. However, performance varies with procedural complexity. 
While ChatGPT-3.5 adequately conveyed basic information for 
interventional radiology patient brochures, errors were infrequent for 
simpler procedures such as breast biopsy, whereas significant issues 
were noted for more complex topics including lung ablation and 
transarterial radioembolization (21). On questions about obstetric 
ultrasonography, both ChatGPT-3.5 and ChatGPT-4.0 answered 95% of 
questions correctly, significantly outperforming Microsoft Copilot (22). 
When evaluating responses to thyroid nodule questions, Campbell et 
al. (23) found 69.2% accuracy, though hallucination issues emerged 
when the model generated references.

Beyond radiology, studies in other specialties have also evaluated LLM 
performance. Physicians from 17 specialties rated ChatGPT responses 
with a median accuracy of 5.5 on a 6-point scale (24). In inflammatory 
bowel disease, ChatGPT responses showed no significant difference 
from physician responses in overall quality and accuracy, with superior 
completeness (25). For questions about anterior cruciate ligament 
surgery, both ChatGPT-4o and DeepSeek R1 demonstrated high accuracy 
with mean scores of 3.9 out of 4 (26). In contrast, breast reconstruction 
materials generated by ChatGPT-3.5 showed only 50% accuracy 
compared to expert-written content (27). In our study, ChatGPT-5 
achieved an overall mean score of 4.82 across all evaluation criteria 
for abdominal ultrasonography questions, and scores for individual 
criteria ranged from 4.68 to 4.97. These findings are broadly consistent 
with previous research showing that LLMs generally perform well in 
answering patient-focused imaging questions. However, their reliability 
may vary depending on the clinical domain and the complexity of the 
information being evaluated.

The responses generated by ChatGPT-5 for patient questions about 
abdominal ultrasonography received generally high scores in this study. 
However, interrater agreement varied across the evaluation criteria and 
was higher for completeness and the total score but lower for relevance, 
accuracy, and clarity. This pattern has also been observed in studies 
evaluating LLMs across different medical fields. Hofmann et al. (28), who 

examined informed consent materials in interventional radiology, reported 
weak interrater agreement despite the high quality scores achieved by 
ChatGPT-4. Similarly, a study evaluating ChatGPT responses about celiac 
disease reported low reliability between two specialists (29). Studies in 
the field of orthopedics have also documented low agreement among 
evaluators, further supporting this observation (5,6). These findings suggest 
that variability in experts’ evaluations may still occur when assessing text 
generated by LLMs, even when overall response quality is high.

Although the evaluators used the same scoring scales, aspects such as 
the perceived level of detail, tone of the responses, or subtle nuances in 
the content may have been interpreted differently. This should not be 
viewed as an error on the part of the evaluators. The ICC quantifies the 
proportion of total variance attributable to shared variance. For the ICC 
to yield a meaningful result, there must be sufficient variability in the 
scores (30). In this study, variability was limited for some of the evaluation 
criteria. For example, the mean relevance score of 4.97 indicates that 
the radiologists assigned a score of 5 to most of the questions. This 
limited variability may have influenced the ICC estimates, particularly 
for relevance, accuracy, and clarity, for which agreement remained 
lower despite generally high scores.

The high scores achieved by ChatGPT-5 in this study suggest that 
LLMs may serve as supportive tools for developing patient-education 
materials. Even so, the general limitations of these systems should be 
taken into account. Their training data may not fully reflect the most 
recent developments in medical practice, and they may occasionally 
generate information that is plausible yet incorrect (31). For this reason, 
model-generated responses cannot substitute for professional medical 
advice or individualized clinical judgment. Such tools are best used 
under expert oversight, particularly in settings where patients may rely 
heavily on the accuracy and clarity of the information provided. Given 
the widespread use of abdominal ultrasonography in routine clinical 
practice, a reliable and understandable supplementary resource may 
support patients’ health literacy.

Study Limitations

This study has several limitations. The most important limitation is the 
lack of a patient perspective, as all evaluations were conducted solely by 
radiologists. In addition, no standardized readability or patient-oriented 
assessment tools were used, which may limit assessment of clarity from 
a patient perspective. A second limitation is that only a single LLM was 
examined, and the findings may differ when other models are included. 
Third, all patient questions were gathered from a single source, and 
broader sampling from platforms such as social media or patient forums 
might have provided greater diversity. In addition, the study included 
only Turkish-language questions, relied on responses collected at a single 
time point, and used a limited set of fifteen questions. Furthermore, each 
question was submitted only once, and potential variability in responses 
across repeated queries was not assessed. Given the stochastic nature of 
LLMs, repeated submissions of the same question may yield different 
responses, which could influence evaluation scores. Therefore, the results 
of this study should be interpreted as reflecting a single instance of model 
output rather than as a comprehensive assessment of response variability. 
Moreover, some of the patient questions used in this study were derived 

Table 3. ICCs, confidence intervals, and p values for all evaluation 
criteria

ICC Lower bound 
(95% CI)

Upper bound 
(95% CI) p

Relevance 0.266 -0.220 0.730 0.144

Accuracy 0.236 -0.350 0.680 0.181

Clarity 0.230 -0.390 0.680 0.194

Completeness 0.582 0.240 0.830 0.001

Total 0.555 0.220 0.822 0.004

CI: Confidence interval, ICC: Intraclass correlation coefficient. ICC (2,k) model with 
absolute agreement was used, where k=10 raters.
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from publicly available online sources, some of which may have been 
included in the model’s training data. This potential overlap could have 
influenced the responses generated by the model. In addition, the scoring 
system was adapted from previously published studies and was not formally 
validated for the assessment of radiology-specific patient information. 
Furthermore, no predefined reference standard was used as the accuracy 
criterion, and evaluations were based on the radiologists’ clinical judgment, 
which may introduce subjectivity. The results are specific to abdominal 
ultrasonography and may not be generalizable to other imaging modalities 
or types of ultrasonography. Despite these limitations, this study provides 
useful preliminary insights into the performance of LLMs in addressing 
common patient questions about abdominal ultrasonography.

Future studies could compare multiple LLMs to determine whether 
performance differs across platforms. Incorporating patient perspectives 
and standardized readability assessments will be important for better 
evaluation of response quality from the end-user perspective. Expanding 
the question set through broader sources such as patient forums, 
social media platforms, or direct clinical encounters may improve 
representativeness. Evaluating model performance across different 
languages, including English and Turkish, could also provide insight 
into the effect of language on response quality. In addition, larger 
question sets and longitudinal designs that assess consistency over time 
and across model updates may strengthen the evidence base. Future 
research may also benefit from repeated submissions of the same 
questions to assess response variability and improve the robustness of 
performance evaluation. The use of validated assessment tools, such as 
DISCERN or PEMAT, and the development of consensus-based reference 
standards for accuracy evaluation may further enhance methodological 
rigor. Applying similar methods to other imaging modalities, such as 
MRI, CT, or alternative types of ultrasonography, could help determine 
the generalizability of these findings across radiology subspecialties.

Conclusion
ChatGPT-5 provided responses to frequently asked patient questions about 
abdominal ultrasonography, which were rated favorably with consistently 
positive scores for relevance, accuracy, clarity, and completeness. Although 
the model performed well, interrater reliability showed variable levels of 
agreement, with moderate agreement observed for completeness and 
total scores. The findings indicate that LLMs may be valuable as tools 
to support patient education. At the same time, information generated 
by these systems should be viewed as complementary rather than a 
substitute for professional medical guidance. Integrating such tools 
into clinical communication may offer benefits but their use should 
be approached with caution. Further studies involving diverse patient 
groups, multiple models and broader imaging contexts will help clarify 
the potential role of LLMs in medical settings. 
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