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Abstract

Obijective: To evaluate the effectiveness of RadOnc-generative pretrained transformer (GPT), a
GPT-4 based large language model, in assisting with in-basket message response generation for
prostate cancer treatment, with the goal of reducing the workload and time on clinical care teams
while maintaining response quality.

Patients and Methods: RadOnc-GPT was integrated with electronic health records from both
Mayo Clinic-wide databases and a radiation-oncology-specific database. The model was evaluated
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on 158 previously recorded in-basket message interactions, selected from 90 patients with
nonmetastatic prostate cancer from the Mayo Clinic Department of Radiation Oncology in-basket
message database in the calendar years 2022-2024. Quantitative natural language processing
analysis and 2 grading studies, conducted by 5 clinicians and 4 nurses, were used to assess
RadOnc-GPT’s responses. Three primary clinicians independently graded all messages, whereas
a fourth senior clinician reviewed 41 responses with relevant discrepancies, and a fifth senior
clinician evaluated 2 additional responses. The grading focused on 5 key areas: completeness,
correctness, clarity, empathy, and editing time. The grading study was performed from July 20,
2024 to December 15, 2024.

Results: The RadOnc-GPT slightly outperformed the clinical care team in empathy, whereas
achieving comparable scores with the clinical care team in completeness, correctness, and clarity.
Five clinician graders identified key limitations in RadOnc-GPT’s responses, such as lack of
context, insufficient domain-specific knowledge, inability to perform essential meta-tasks, and
hallucination. It was estimated that RadOnc-GPT could save an average of 5.2 minutes per
message for nurses and 2.4 minutes for clinicians, from reading the inquiry to sending the
response.

Conclusion: RadOnc-GPT has the potential to considerably reduce the workload of clinical

care teams by generating high-quality, timely responses for in-basket message interactions. This
could lead to improved efficiency in health care workflows and reduced costs while maintaining or
enhancing the quality of communication between patients and health care providers.Abbreviations
and AcronymsAl; artificial intelligence; LLM; large language model; NLP; natural language
processing; RadOnc-GPT; radiation oncology generative pretrained transformer

In-basket is the online portal messaging system integrated within Epic applications
functioning similarly to email for communication between patients and their clinical care
team. The in-basket messaging system is often used to exchange messages regarding patient
concerns, appointments, and follow-up care, particularly when real-time communication is
not possible. During or after treatment, patients may not always receive immediate support
from their care team. Patients with limited clinical literacy and understanding still need to
communicate with health care professionals for various needs, such as disease monitoring,
medication, appointments, and billing or insurance issues. In this context, the in-basket
serves as a vital tool to bridge the communication gap between patients and clinical
professionals.!

However, clinical care teams struggle to draft responses on time due to the increasing
complexity of patients’ supportive care needs.? Several studies have shown that an increased
workload from responding to in-basket messages can negatively impact clinicians’ burnout
rates and overall well-being.2-> Furthermore, patient messaging volumes increased by more
than 50% after COVID-19, placing an undue burden on clinical teams.5-8 Although these
added avenues of communication are beneficial, generally responding to these messages is
nonreimbursable as well.%:10

Because in-basket messages often contain important real-world concerns from patients, the
text-based in-basket message dataset is valuable for reporting patient-centered interactions.
We propose using large language models (LLMSs), which are connected with the electronic
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health record (EHR) system, to provide timely and layman-friendly responses to various
categories of in-basket message inquiries.12~16 The LLMs have already shown strong
technical capabilities in clinical context learning, summarization, response generation,
decision support, and Q&A.17-25 Here, we aimed to evaluate the performance of LLM

and clinical care teams in 3 key areas, as follows: (1) capturing and interpreting all sources
of data; (2) generating personalized and prompt responses; and (3) upholding high clinical
standards in terms of completeness, correctness, clarity, and empathy.

Rather than applying LLMs across all types of disease sites, we focused on patients

with prostate cancer who received treatment at the Mayo Clinic’s Radiation Oncology
department. Specializing in a specific field allows the LLM to generate more accurate

and relevant responses. We developed RadOnc-GPT, an OpenAl GPT-40-powered LLM,
which is integrated with EHR.28 Because many in-basket messages require external context
for proper understanding and interpretation, RadOnc-GPT can generate more personalized
responses with greater details in a zero-shot without training. This approach helps save time
for the clinical care team by reducing the need to consult multiple sources of information to
draft a response.

This retrospective study was approved by the institutional review board of the Mayo Clinic.
The need for written informed consent was waived, because our study only involved
previously collected data and did not require participant contact. Our study included patients
with prostate cancer who were managed at Mayo Clinic in Rochester, Minnesota in the
calendar years 2022-2024. RadOnc-GPT is a retrieval-augmented generation system that
connects with both the hospital-wide electronic medical record database, Epic, developed

by Epic Systems, and the radiation oncology-specific database, Aria, developed by the
Varian Medical Systems. The data RadOnc-GPT may access include clinical notes,
radiology notes, pathology notes, urology notes, radiology reports, radiation treatment
details, diagnosis details, patient details (demographic characteristics), in-basket messages,
and more. RadOnc-GPT is able to retrieve data by way of specifying the patient ID and
which dataset to retrieve to the backend system. Once retrieved, the data are inserted into the
conversation history.

Subject demographic characteristic information retrieved from the EHR system included
sex, age, race, ethnicity, preferred language, and the attending physician’s name.
Information collected from Aria included demographic characteristic information (sex,

age, race, ethnicity, preferred language, and the attending physician’s name), prostate
cancer treatment-specific information (course description, plan intent, treatment orientation,
radiation type, radiation oncology machine type, number of fractions, dose prescription,
dose delivered, radiation technique, and treatment duration), and diagnosis details (cancer
stage, International Classification of Diseases diagnosis code and code type, and onset
date). Information collected from Epic included clinical notes, ordered by date. For RadOnc-
GPT, the information retrieval order starts with patient demographic characteristic details,
followed by treatment details, diagnosis details, and finally, clinical notes.
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To ensure every patient inquiry was consistent and under the same GPT generation
environment, we developed a graphical user interface for RadOnc-GPT that was reinitialized
for each test. This approach ensured that RadOnc-GPT did not generate biased responses
from its memory of the previous patient’s pair of inquiries and responses. Our study’s
evaluation was divided into 2 main components: natural language processing (NLP)
quantitative assessments and clinical professional grading. The visualization of the pipeline
is presented in Figure 1.

From the in-basket messages dataset, we extracted inquiries on patients with prostate cancer
and their corresponding care team responses. RadOnc-GPT, integrated with patients” EHR
profiles, generates responses to these inquiries. To facilitate evaluation, a randomized dataset
was created, containing both RadOnc-GPT responses and clinical care team responses. This
dataset is used for NLP-based quantitative evaluation and single-blinded grading, in which
clinicians are not informed whether a response originates from RadOnc-GPT or a clinical
professional. The responses are distributed randomly, ensuring they do not consistently
appear together. Clinician and nurse graders can optionally review and match specific
responses to patient EHRs using the patient ID.

For NLP evaluation, we performed 4 types of measurements?’-28: natural language
understanding, reasoning, context readability, and natural language generation.

For the grading study, we focused on the following 6 dimensions of evaluation?%-31:
. completeness (ranging from 1-5, the higher the better),
. correctness (ranging from 1-5, the higher the better),
. clarity (ranging from 1-5, the higher the better),
. empathy (ranging from 1-5, the higher the better),

. estimated time to respond (in minutes),

. extensive editing required (no use, major editing, minor editing, and no editing
needed),

. (optional) text comments section.

We enlisted 4 medical doctors from the Department of Radiation Oncology, all with
considerable in-basket response experience, with a mean years of experience of 4.6. Of
these, 3 medical residents (C1-C3) independently graded all 158 messages. A chief resident
(C4) reviewed discrepancies when conflicts arose, and a board-certified radiation oncologist
specializing in prostate cancer (C5) provided the final grading decision if disagreements
persisted. Given that nurses typically initiate responses to in-basket messages, we also
recruited 4 nurses from the same department to evaluate their capability (whether they can
answer the questions or not) and estimate the time in minutes required to answer 158 patient
inquiries (mean years of experience=5.25). The nurses provided anonymized estimates of
the time in minutes spent responding to and redirecting these in-basket messages to other
advanced practice providers or clinicians. (Table)
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In-basket message interactions can often be disorganized. Without a standardized format
for patient inquiries, under one subject, patients may send multiple messages for a single
issue or combine several unrelated questions into one message. This makes it difficult to
categorize the messages, as they frequently span multiple categories. In addition, a single
thread may include several conversation pairs, in which a pair is defined as one or more
patient inquiries followed by one or more care team responses in a time-sequenced manner.
For inclusion in our evaluation dataset, each patient-clinician conversation pair must have
consisted of 1 patient inquiry and 1 care team response.

We selected 90 patients with nonmetastatic prostate cancer from the Mayo Clinic
Department of Radiation Oncology in-basket message database. After filtering patient
inquiries that are not relevant to medical advice seeking or receiving no or unrelated care
team replies, we finally selected 158 patient inquiries, with each of them containing a
clinical care team’s reply. We only selected the message type under the Epic category of
patient medical advice request. We then pulled 158 patient inquiries’ human care team’s
responses and utilized the patient inquiries to generate 158 RadOnc-GPT responses. We
randomized the 316 responses and did not disclose the graders’ response source.

We manually summarized the 158 patient inquiries into 9 main categories: test results,
adverse effects, medication questions, radiation treatment questions, medical oncology
questions, surgical oncology questions, care coordination/logistics, laboratory/radiology/
pathology reports, and care journey questions (Figure 2). The 3 most common patient
inquiries are adverse effects, medication questions, and radiation treatment questions.

NLP Analysis

To understand the sentiment differences between the human care team and the RadOnc-GPT,
we conducted TextBlob and Valence Aware Dictionary and sEntiment Reasoner (VADER)
analysis. In the TextBlob sentiment distribution (Figure 3A), RadOnc-GPT responses are
observed to skew toward a more positive sentiment, with most responses clustering around

a sentiment score of 0.25. In contrast, human care team responses present a more evenly
distributed sentiment profile, with a considerable concentration around the neutral score

of 0 (grey line in Figure 3A). RadOnc-GPT responses tend to be more positive, whereas
care team responses consist of a broader spectrum of sentiments, including neutral and
negative tones. The VADER sentiment distribution (Figure 3B) provides further insight

into these differences. The box plot reveals that RadOnc-GPT responses exhibit a high
median sentiment score, nearing 1.0, indicative of a predominantly positive sentiment.
However, there are notable outliers reflecting occasional negative sentiment. Clinical care
team responses, by comparison, display a wider range of sentiment scores, with a lower
median, indicating a more varied and contextually nuanced sentiment expression. Our
sentiment analysis collectively suggests that although RadOnc-GPT responses are generally
more positive, care team responses offer a more balanced sentiment distribution, reflecting a
greater sensitivity to the contextual nuances of the input data.
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To understand how the human care team and RadOnc-GPT responses’ inferences with the
patients’ inquiries, we performed an natural language inference analysis.32 RadOnc-GPT
responses were predominantly neutral, with 92.41% of responses in this category, suggesting
a tendency toward generalized statements. In contrast, clinician responses were more varied,
with 70.25% neutral and 29.11% entailment, indicating greater relevance and specificity.
Both response types found low contradiction rates, though RadOnc-GPT responses had a
slightly higher rate at 3.16%, which may point to occasional inconsistencies. The NLI label
distribution comparison is shown in Figure 3C.

Comparing the semantic similarity33 between RadOnc-GPT and human care team responses
provided additional context, showing a mean similarity score of 0.85 between RadOnc-GPT
and human care team responses. This high score indicated a strong alignment in content,
although RadOnc-GPT responses are generally more neutral. The findings suggested that
although RadOnc-GPT responses may lack the specificity found in human care team
responses, they still captured the core semantic contents, reflecting contextually relevant
information. Figure 3D shows the distribution of the semantic similarity scores.

We also compared the relationship between word counts in RadOnc-GPT and human care
team responses and their corresponding total mean scores across 4 categories. The results are
shown in Supplemental Figure 1 (available online at https://www.mcpdigitalhealth.org/).

Clinician Grading Study.—In the single-blinded grader study, 3 clinician graders first
graded all 316 responses (158 human care team responses and 158 RadOnc-GPT responses).
The average of 3 graders’ results found that GPT consistently performs better in empathy,
whereas human responses show higher averages in completeness, correctness, and clarity.
The grading rubrics are displayed in Supplementary Figure 2 (available online at https://
www.mcpdigitalhealth.org/) and the sample patient inquiry and responses from clinical

care team and RadOnc-GPT are in Supplemental Table 1 (available online at https://
www.mcpdigitalhealth.org/).

We calculated a total score by summing the scores across the 4 categories (completeness,
correctness, clarity, and empathy), each rated on a 0-5 scale, resulting in a combined score
ranging 0-20. This total score was used to evaluate performance across 9 categories. The
mean scores for the clinical care team responses ranged 16.00-19.25, with the highest score
observed in surgical oncology questions (19.25). In comparison, RadOnc-GPT scores ranged
16.72-19.21, with the highest score recorded in test results (19.21). Notably, RadOnc-GPT
outperformed the clinical care team in test results, care coordination/logistics, and care
journey questions, as illustrated in Figure 4 (right).

Detailed statistics are provided in Supplemental Tables 2 and 3 (available online at
https://www.mcpdigitalhealth.org/), and bias comparisons between graders’ scores across
the 4 categories are presented in Supplemental Figure 3 (available online at https://
www.mcpdigitalhealth.org/).

The nurse graders study focused solely on 2 criteria: “ Can you answer this patient inquiry?’
and “ Estimated time to answer this patient inquiry.” \We compared the clinician graders’
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estimated times to those of the nurses. On average, clinicians took 3.60 minutes (SD 1.44)
to respond to an in-basket message, compared with the nurses’ 6.39 minutes (SD 4.05).
The evaluation of response times between clinicians and nurses is displayed in Figure 5.
Although both clinician graders were able to answer all 158 messages, nurses indicated
“No” for 90 inquiries, requiring referral to clinicians, and “Yes” for 68 inquiries. For the
inquiries marked “Yes,” the average response time was 5.54 minutes, and for those marked
“No,” the average time was 8.83 minutes. Even when nurses could not handle an inquiry
directly, they still had to review patient information and gather sufficient details before
deciding if the message needed to be escalated to a clinician.

Analyzing Challenges With RadOnc-GPT

After completing all the gradings, we asked all 5 clinician graders to review responses
labeled as “would not use this message” and identified several key error categories as
follows: (1) lack of context; (2) insufficient domain-specific knowledge; (3) hallucination’;
and (4) inability to perform meta-tasks.

The first issue, lack of context, arose when a patient inquired about a rash and itching after
receiving a hormone deprivation shot and radiation. C3 noted, “we might want a photo

of this rash, it seems unlikely to be related to their ADT (androgen deprivation therapy),
and a full body rash generally requires evaluatior”’ (C3). Because RadOnc-GPT currently
only handles text or hyperlinks, it is unable to process images or videos, which can be
essential for providing accurate medical insights in such cases. This limitation restricts
RadOnc-GPT’s ability to fully interpret diverse patient information.

Another challenge is the insufficient domain-specific knowledge of RadOnc-GPT. In
prostate cancer care, whereas clinicians generally follow NCCN guidelines, the specifics

of care can vary between clinics and even individual providers. For example, when a patient
inquired about difficulty urinating, RadOnc-GPT provided “generic recommendations about
urination, while the patient is specifically at risk of urinary retention, a red-flag symptom
that requires them to go to the ED for a catheter. They should at least be made aware that
this is a possibility” (C2). RadOnc-GPT struggled to account for these subtle yet important
nuances in medical practice, often leading to less accurate or overly generalized responses
to patient inquiries. Moreover, it sometimes fails to distinguish the boundaries of prostate
cancer care. Some issues, as C1 noted, may require referral to other specialists: “More
specifically, this patient likely needs a workup with their primary care provider, not in
radiation oncology” (C1). This further highlights RadOnc-GPT’s limitations in handling
domain-specific complexities.

In addition, RadOnc-GPT’s inability to perform meta-tasks creates another barrier.
Clinicians, when responding to patient messages, often need to perform other tasks such as
updating EHR records, adjusting appointments, or managing pharmacy logistics. Although
RadOnc-GPT can respond to patient messages and provide some basic task suggestions,

it cannot carry out these additional responsibilities, which are integral to comprehensive
patient care.
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Finally, hallucination is a relevant issue, where RadOnc-GPT generates inaccurate or
contradictory information. For example, C2 pointed out that in response to a patient
experiencing recurrent bladder spasms, RadOnc-GPT recommended continuing antibiotics,
although the patient had already tried them with no lasting success. C2 commented, “/
don’ t recommend continuing on antibiotics when clearly it has come back after he tried

it, would scrap the message and start over” (C2). This illustrates how RadOnc-GPT can
sometimes provide misleading or incorrect advice, especially when dealing with complex
clinical scenarios that require more nuanced understanding. The word cloud of qualitative
comments from clinician graders is displayed in Supplemental Figure 4 (available online at
https://www.mcpdigitalhealth.org/).

DISCUSSION

RadOnc-GPT was well able to provide medical advice to individualized patient in-basket
messages in this retrospective comparison study to both trained radiation oncologists

and radiation-oncology-specific nurses. Although RadOnc-GPT responses are human-like
and generally similar to responses generated by the original human care teams in many
aspects, caution is still needed before deploying its messages without human oversight in
real-world health care settings. Because the human care team may still need to confirm
the evidence in responses by pulling out the imaging or laboratory/examination results to
avoid hallucination, RadOnc-GPT may be able to accelerate the response turn-out rate and
alleviate the human care team’s response pressure.

Our study found that human care team responses often focused on addressing immediate
action items, providing clear instructions to guide patients on the next steps. These responses
tended to include less extensive patient education, detailed clinical explanations, or broader
context about the patient’s condition. RadOnc-GPT, by contrast, complemented these efforts
by offering more comprehensive background information, helping patients gain a deeper
understanding of their basic health conditions. Sample inquiries, along with corresponding
care team and RadOnc-GPT responses, are included in the Supplemental Table 1 for
reference. In addition, RadOnc-GPT supported clinicians by assisting in drafting in-basket
messages, allowing them to focus more on refining message delivery. This approach reduced
drafting time and streamlined responses to repetitive inquiries.

We considered prompts to be one of the key factors determining the quality of RadOnc-
GPT responses. For the final prompts, we provided instructions in (1) steps of retrieving
information to ensure responsibility; (2) acting as the attending physician and provider;

(3) step-by-step reasoning from patient health profiles to address patient’s inquiries; (4)
handling the medications (prioritizing over-the-counter medications); (5) determining the
clarity of patient’s inquiry and asking for more information if needed; (6) patient’s health
literacy; and (7) providing the original patient’s inquiry. The full prompts were presented in
the Supplementary material (available online at https://www.mcpdigitalhealth.org/).

In addition, there is a lack of standardized scales or metrics to evaluate the GPT-generated
messages. A few studies have included clear evaluation methods and scoring rubrics for
grading. However, the studies in the medical domain are quite specific, and researchers
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found it challenging to generalize the grading across all types of medical domains or
diseases. Also, in the grading study, which included human evaluators, the subjective
grading could potentially introduce bias from years of experience, practicing domain,
clinical roles, and clinics.

Among these 158 patient inquiries, the average wait time for clinical care team response

is 22.42 hours (SD=32.83, median=11.73 hours), as shown in Figure 4. The purpose of
using RadOnc-GPT to generate in-basket message responses was not to replace the human
care team’s role in managing prostate cancer patients’ inquiries. Instead, RadOnc-GPT was
intended to streamline the response process and save time for the care team. Typically,
responses to in-basket messages were handled sequentially, starting with nurses, then
progressing to nurse practitioners or advanced practice providers, and finally to clinicians.

On the basis of our estimates, when using RadOnc-GPT to assist with in-basket message
generation, the average word count for patient inquiries was 88.89 (SD: 64.93), resulting in
an estimated reading time of 0.51 minutes per message (SD: 0.37 minutes) for an average
English reader (175 words per minute). RadOnc-GPT responses averaged 119.55 words
(SD: 49.72), with an estimated reading time of 0.68 minutes (SD: 0.28 minutes). The

time required for clinical professionals to review each message was ~1.19 minutes. We
acknowledged the potential time and efforts per message to account for the time clinical
professionals spend validating statistics or evidence presented in RadOnc-GPT-generated
content, navigating between systems, and fact-checking information in the patient’s EHR
or related data sources. On the basis of the clinicians and nurses estimation, RadOnc-GPT
could save ~5.2 minutes per message for nurses and 2.41 minutes for clinicians, from
reading the patient inquiry message to drafting and sending the response. With Mayo Clinic
receiving around 5000 in-basket messages daily34 and assuming that one-fifth of these are
requests for medical advice (which is 1000 messages), the potential time savings for nurses
alone would amount to 5200 minutes (or 86.67 hours) per day. On the basis of the NIH
salary table, this equates to an annual savings of at least $2.28 million in nurse time ($72 per
hour).3%

The retrospective study feature limited our study because we could not ask the patients to
add more information or reply to the RadOnc-GPT-generated responses. We only compared
a pair of interactions under one subject, which consists of a patient inquiry and a response
message from either RadOnc-GPT or the clinical care team. It might deviate from the
real-world interaction because sometimes either the clinical care team or patients send

out multiple messages under one subject to explain their health concerns. Furthermore,

our sample dataset included 158 in-basket message pairs, a relatively small sample that
could miss potential corner cases. Because RadOnc-GPT only handles text and cannot
process images or files, its applicability may be limited in scenarios requiring more complex
inputs—though no such materials were part of our in-basket message grading. The human
care team’s responses also varied because of factors such as different clinical roles, heavy
workloads, and departmental norms; hence, they may not represent the best possible
standard of care.
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Second, we made efforts to ensure fairness in grading by conducting a single-blinded

study, but we recognize that clinician graders might have inferred the source of a response—
whether from clinical professionals or RadOnc-GPT—Dbased on tone and context. Although
the single-blinded design may not have completely eliminated this possibility, we believe it
provided a practical approach to encourage objective grading among all 3 graders. Because
our primary goal was to enhance the overall performance of in-basket message responses
rather than replicate existing responses from clinical professionals, the single-blinded design
aligned well with the aims of our study.

Another limitation of our work is that we used GPT-40 as the sole backend LLM for
RadOnc-GPT to generate responses. We did not compare GPT-40 with other LLMSs, such as
LLaMA 3, Gemini, GPT-4, or GPT-3.5. As a result, the performance observed with GPT-40
may not generalize to other LLMSs. Further research is needed to evaluate the performance
of various LLMs and measure potential deviations, as GPT-40 represents just one of many
high-performing models available.

CONCLUSION

In this single-blinded comparison study, we evaluated 158 in-basket message interactions
between RadOnc-GPT and clinical care teams. The results reported RadOnc-GPT’s ability
to answer patient inquiries, though we observed limitations in its capacity to capture

the nuanced information that clinical professionals provide. Utilizing RadOnc-GPT as a
foundational tool for generating in-basket message responses helps clinical professionals
save time on addressing patient inquiries, allowing them to focus more on the health care
delivery process. This approach not only saves time and improves workflow efficiency but
also enables clinicians to be more comprehensive in their responses and to focus more on
direct patient interaction care. Future studies should further explore the limitations of LLMs
in assisting with in-basket message generation.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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