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ABSTRACT
Background and Objectives: The potential impacts of artificial intelligence (AI) chatbots on care for patients with bone

sarcoma is poorly understood. Elucidating potential risks and benefits would allow surgeons to define appropriate roles for

these tools in clinical care.

Methods: Eleven questions on bone sarcoma diagnosis, treatment, and recovery were inputted into three AI chatbots. Answers

were assessed on a 5‐point Likert scale for five clinical accuracy metrics: relevance to the question, balance and lack of bias,

basis on established data, factual accuracy, and completeness in scope. Responses were quantitatively assessed for empathy and

readability. The Patient Education Materials Assessment Tool (PEMAT) was assessed for understandability and actionability.

Results: Chatbots scored highly on relevance (4.24) and balance/lack of bias (4.09) but lower on basing responses on estab-

lished data (3.77), completeness (3.68), and factual accuracy (3.66). Responses generally scored well on understandability

(84.30%), while actionability scores were low for questions on treatment (64.58%) and recovery (60.64%). GPT‐4 exhibited the

highest empathy (4.12). Readability scores averaged between 10.28 for diagnosis questions to 11.65 for recovery questions.

Conclusions: While AI chatbots are promising tools, current limitations in factual accuracy and completeness, as well as

concerns of inaccessibility to populations with lower health literacy, may significantly limit their clinical utility.

1 | Introduction

1.1 | Background

The advancement of large language models (LLMs) has driven
the recent surge in AI chatbot adoption. LLMs leverage complex
machine‐learning architectures to understand and generate
human‐like text [1]. Despite growing excitement around ap-
plications of AI chatbots in healthcare, current adoption in
orthopedic surgery remains limited [1–3]. Several studies have
investigated using AI chatbots to augment counseling for pa-
tients with hip and knee osteoarthritis, shoulder instability, and

carpal tunnel syndrome, demonstrating the potential to provide
personalized and timely patient counseling [4–14]. However,
the potential risks of using AI chatbots to counsel patients with
complex, oncologic diagnoses have not been clearly elucidated
[1, 15].

Bone sarcomas are a group of malignancies with an incidence of
approximately 1.0 cases per 100 000 Americans per year, with
significant clinical heterogeneity and complexity in long‐term
management [16–18]. Patients with bone sarcomas have
become increasingly reliant on accessing online sources for
clinical information, follow a longer pathway to diagnosis, and

This is an open access article under the terms of the Creative Commons Attribution‐NonCommercial‐NoDerivs License, which permits use and distribution in any medium, provided the original work

is properly cited, the use is non‐commercial and no modifications or adaptations are made.

© 2024 The Author(s). Journal of Surgical Oncology published by Wiley Periodicals LLC.

719 of 749Journal of Surgical Oncology, 2025; 131:719–724
https://doi.org/10.1002/jso.27966

https://doi.org/10.1002/jso.27966
http://orcid.org/0000-0002-3164-6133
http://orcid.org/0000-0003-3338-5878
https://orcid.org/0000-0002-6240-5981
mailto:kkhabaz@mednet.ucla.edu
http://creativecommons.org/licenses/by-nc-nd/4.0/
https://doi.org/10.1002/jso.27966


experience anxiety about the evaluation and surveillance pro-
cesses [19, 20]. Given these unique considerations for patients
with bone sarcomas, there may be a need for adjunctive patient
counseling tools to provide additional patient education and
emotional support.

1.2 | Rationale

While applications of AI chatbots have been described in other
orthopedic settings, the impact of chatbots on patient counsel-
ing for bone sarcoma remains unexplored [7, 10, 13]. This study
evaluates the efficacy of three AI chatbots in answering com-
mon patient questions about bone sarcoma by measuring the
clinical accuracy, understandability, actionability, and empathy
of AI‐generated responses. We hypothesized that while AI
chatbots may provide coherent responses that are empathetic
and understandable, they also may produce critical factual
inaccuracies on bone sarcoma management. Based on the
complexity of these oncologic diagnoses, factual inaccuracies
may pose significant risks to patients seeking adjunctive coun-
seling from these tools.

2 | Materials and Methods

Eleven patient questions on bone sarcoma diagnosis, treatment,
and recovery were generated from prior analysis of five online
public discussion forums, containing a total of 570 posts from
patients with osteosarcoma, Ewing sarcoma, and chon-
drosarcoma (Supporting Information S1: File 1) [20]. Using
grounded theory, posts were thematically grouped into three
selective categories of information support for diagnosis, treat-
ment, and recovery [20]. A set of 15 preliminary questions were
generated for each thematic group by feeding the posts to GPT‐
4, along with carefully engineered prompts asking for realistic
patient questions that draw upon specific themes in the dis-
cussion forum posts. Eleven total patient questions were then
manually selected for relevance and edited for clarity. Five
questions pertained to bone sarcoma diagnosis, two pertained to
treatment, and four pertained to recovery.

The patient questions were input into three different AI chat-
bots: GPT‐4 (OpenAI, 2023, November 1, version), Bard
(Google, 2023, November 1, version), and Claude 2 (Anthropic,
accessed via Perplexity AI, 2023, November 1, version). These
three models were developed by independent research teams
using different neural network architectures, allowing for the
sampling of a wider variety of tools. Each chatbot was used with
default settings, and a separate user session was initiated for
each question to prevent the model from using previous an-
swers as context for new responses. Each question was
accompanied by the following carefully worded prompt:
“Answer the following question from a patient with bone sar-
coma. Ensure that the answer is comprehensive in scope,
thorough in detail, and empathetic in tone. The answer must be
factually accurate, understandable, and actionable.”

Answers from the chatbots were quantitatively assessed using a
5‐point Likert scale for five clinical accuracy metrics: relevance

to the question, balance and lack of bias, basis on established
data, factual accuracy, and completeness in scope. Respondents
were blinded to the chatbot used and were given the opportu-
nity to provide comments on the chatbot's answers. Four
fellowship‐trained orthopedic oncologists (J.R.K., A.B.C.,
N.M.B., L.E.W.) independently scored all responses.

AI‐generated answers were also assessed for understandability
and actionability of information using the Patient Education
Materials Assessment Tool (PEMAT). PEMAT is an internally
consistent and reliable instrument, composed of a 24‐question
survey of yes‐or‐no questions, to assess the understandability
and actionability of patient education materials [21]. Due to the
text‐based nature of AI‐generated responses in this study, sur-
vey questions pertaining to visual aids, illustrations, tables, and
checklists were excluded. Furthermore, one survey question on
providing instructions for performing calculations was re-
moved, resulting in a total of 15 PEMAT questions that were
assessed in the study. In addition, empathy was assessed using a
5‐point Likert scale. Three authors (K.K., N.J.N.H., J.R.K.)
independently scored all responses. Readability was assessed
with the Flesch–Kincaid grade level, which is one of the most
commonly used readability scores corresponding to a US grade
level and is based on sentence length and the number of syl-
lables per word in a response [22, 23]. Statistical differences
between response groups were assessed with two‐sample inde-
pendent t tests.

3 | Results

Thirty‐three AI‐generated answers to 11 patient questions on bone
sarcoma were rated by four respondents for five clinical accuracy
metrics: relevance to the question, balance and lack of bias, basis on
established data, factual accuracy, and completeness in scope. This
generated a total of 495 responses used in the analysis. The full set
of patient questions and AI‐generated answers can be found in
Supporting Information S1: File 1. A sample question and answer
generated by Bard is shown in Figure 1.

Overall, the average clinical accuracy score was 3.89 out of 5, and
scores ranged from a minimum of 2 to a maximum of 5 for the
clinical accuracy metrics: relevance to the question, balance and
lack of bias, basis on established data, completeness in scope, and
factual accuracy. As shown in Figure 2, GPT‐4 and Claude 2 pro-
duced the highest‐scoring answers for each clinical accuracy metric,
with Bard producing lower‐quality responses. Furthermore, while
AI chatbots scored highly on relevance (4.23± 0.6) and balance/lack
of bias (4.09± 0.7), they scored lower on basing responses on es-
tablished data (3.77± 0.9) and ensuring the completeness
(3.68± 0.8) and factual accuracy (3.66± 1.0) of generated text.
Table 1 shows that AI chatbots exhibited more accuracy in an-
swering questions about diagnosis (3.99± 0.8) than treatment
(3.92± 1.0, p=0.494) or recovery (3.75± 0.8, p<0.001).

The AI‐generated responses showed a high level of under-
standability but mixed actionability depending on the question
type. As shown in Table 2, PEMAT understandability scores
were high for patient questions about diagnosis (84.0% ± 36.7%),
treatment (82.8% ± 37.8%), and recovery (85.3% ± 35.4%) across
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all AI chatbots. However, PEMAT actionability scores were
higher for questions on diagnosis (80.2% ± 40.1%) than treat-
ment (64.6% ± 48.3%) and recovery (60.6% ± 49.1%). GPT‐4
responses to questions on diagnosis exhibited higher action-
ability (96.3% ± 19.2%) than any other subgroup (Table 3).

The AI‐generated responses incorporated varying levels of em-
pathy. GPT‐4 exhibited the highest level of empathy across all
question types, with an average rating of 4.12 versus 3.55 for
Bard and 3.64 for Claude 2 (Table 4). Responses generated by
Bard scored the lowest for diagnosis questions (3.20 ± 1.3),
while those generated by Claude 2 scored the lowest in empathy
for treatment (3.67 ± 1.2) and recovery (3.58 ± 1.5) questions.

GPT‐4 produced the longest responses, with an average word
count of 450, while Claude 2 produced the shortest responses at
an average word count of 329. As shown in Table 5, Flesch–
Kincaid Grade Level scores ranged between 10.28 ± 1.9 for
diagnosis questions to 11.65 ± 1.8 for recovery questions and
approached statistical significance (p= 0.067). For each ques-
tion type, GPT‐4 (11.56 ± 1.8) and Bard (11.49 ± 1.6) produced
more complex text than Claude 2 (9.82 ± 1.7).

4 | Discussion

This study evaluated the responses of AI chatbots to common
patient questions regarding diagnosis, treatment, and management

of bone sarcoma. The three models (GPT‐4, Bard, and Claude 2)
generated answers of variable overall quality. The responses were
empathetic, easily understandable, and relevant to the questions
being asked, aligning with prior findings [7, 10, 13]. As in previous
papers, chatbots frequently suggested discussing questions with the
healthcare team, which is important considering the supplementary
nature of medical AI chatbots [10, 11]. Furthermore, all three
models provided balanced and unbiased responses. However, biases
in training data (e.g., underrepresentation of certain demographics
or variables) are known to impact the outcomes of AI models,
warranting further investigation of how AI chatbots may perpetuate
or mitigate certain biases in orthopedic applications [1, 24].

AI chatbots did not produce highly actionable responses. Ac-
tionability is the quality that patients with varying levels of
health literacy can identify what they can do based on presented
information [21]. The lack of actionability, especially in answers
to questions on bone sarcoma treatment and recovery, com-
plicates the usage of AI chatbots to guide patients in how to take
control of their care. This challenge may be worsened by the
complexity of AI‐generated answers, which can worsen dis-
parities for patients with low health literacy. As demonstrated
in previous studies, the AI chatbots evaluated in our study
consistently wrote at a ninth‐to‐twelfth‐grade reading level,
above national recommendations of sixth and eighth‐grade
reading levels from the American Medical Association and the
National Institute of Health [7, 23, 25, 26]. While chatbot
responses were not explicitly biased in their clinical evaluation

FIGURE 1 | Sample patient question with AI‐generated answer. The response, generated by Bard, is edited for brevity. While demonstrating the

capacity for AI chatbots to generate coherent, understandable answers for patients' questions, this response also highlights the risks of relying on AI

chatbots to provide accurate counseling for diagnoses with complex treatment options. Raters gave this answer an average score of 2.5 out of 5 for

factual accuracy and 2.75 out of 5 for basis on established data. Raters also commented that the response incorrectly cites intramedullary rodding as

an appropriate treatment for a primary bone tumor. This finding highlights the potential for AI chatbots to produce false information, which has

been previously described [1].
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FIGURE 2 | Clinical evaluation of AI Chatbot responses to bone sarcoma patient questions. On average, AI chatbot‐generated responses

scored highest on relevance (4.23 ± 0.6), followed by balance/lack of bias (4.09 ± 0.7), basing responses on established data (3.77 ± 0.9),

completeness in scope (3.68 ± 0.8), and factual accuracy (3.66 ± 1.0). GPT‐4 and Claude 2 produced the highest‐scoring answers for each

clinical accuracy metrics, while Bard produced lower‐quality responses.

TABLE 1 | Clinical evaluation of AI Chatbot responses by question type.

Mean (standard deviation)

Question type GPT‐4 (OpenAI) Bard (Google) Claude 2 (Perplexity) All

Diagnosis 4.16 (0.8) 3.78 (0.8) 4.02 (0.7) 3.99 (0.8)

Treatment 4.28 (0.9) 3.60 (1.1) 3.90 (0.8) 3.92 (1.0)

Recovery 3.84 (0.8) 3.52 (0.9) 3.88 (0.8) 3.75 (0.8)

TABLE 2 | PEMAT understandability of AI Chatbot responses by question type.

Mean (standard deviation)

Question type GPT‐4 (OpenAI) Bard (Google) Claude 2 (Perplexity) All

Diagnosis 87.82 (32.8) 87.90 (32.7) 76.43 (42.6) 84.04 (36.7)

Treatment 85.48 (35.5) 88.71 (31.9) 74.19 (44.1) 82.80 (37.8)

Recovery 79.23 (40.7) 87.97 (32.7) 88.64 (31.9) 85.32 (35.4)

TABLE 3 | PEMAT actionability of AI Chatbot responses by question type.

Mean (standard deviation)

Question type GPT‐4 (OpenAI) Bard (Google) Claude 2 (Perplexity) All

Diagnosis 96.30 (19.2) 66.67 (48.0) 77.78 (42.4) 80.25 (40.1)

Treatment 72.22 (46.1) 68.75 (47.9) 50.00 (51.9) 64.58 (48.3)

Recovery 63.89 (48.7) 53.33 (50.7) 64.29 (48.8) 60.64 (49.1)
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scores, their poor readability may effectively limit their utility
for those with lower health literacy.

Perhaps the most significant concern with AI chatbots is providing
misinformation through “hallucination,” the generation of fabri-
cated information that is presented as factually correct [1]. All three
models scored an average of less than a 4 out of 5 in factual
accuracy and completeness in scope, with Bard scoring significantly
lower than GPT‐4 and Claude 2. In one case presented in Section 3,
a model gave critically inaccurate operative treatment recommen-
dations by providing intramedullary nailing as a surgical option for
a primary bone sarcoma. In another example, models produced
overly optimistic responses to a question on recovery timelines and
expected postoperative outcomes. These results underscore existing
concerns that AI chatbots may provide misleading information
through hallucination [10, 13].

Hallucinations may have been exacerbated by the fact that
responses did not reference scientific literature, which is a known
limitation of current models. There is significant evidence of fabri-
cation in AI‐generated bibliographic citations due to the inherently
probabilistic nature of LLMs [7, 13, 27]. Furthermore, the broad
training data and general‐use capabilities of existing publicly avail-
able LLMs are misaligned with the highly specialized knowledge of
medical subspecialties like orthopedic oncology, where diagnosis,
treatment, and recovery require multidisciplinary expert‐level care
[28]. Without the development of purpose‐built LLMs, there may be
significant limitations in implementing AI chatbots as adjunctive
tools. These findings may conflict with prior literature examining
chatbot use in counseling patients with hip osteoarthritis, where
diagnosis and treatment are generally less nuanced, suggesting that
further training on disease‐specific data is necessary before wide-
spread use for all patients with musculoskeletal disease [10]. Finally,
given LLMs do not yet possess complex reasoning skills, further
development is necessary before adjunctive use for counseling pa-
tients with musculoskeletal disease [29, 30].

5 | Limitations

This study was limited to a small set of representative patient
questions that were synthesized from text in online, anonymous

bone sarcoma discussion forums and thus were not directly
validated or phrased by patients. Three general‐use AI chatbots
were assessed; however, large‐scale performance of LLMs may
be inferior to LLMs that are fine‐tuned for domain‐specific
applications, such as medical questions [31, 32]. Due to the
probabilistic nature of LLMs, AI chatbots produce different
responses when processing the same query multiple times and
produce answers that are highly dependent on the inputted
prompt; these additional sources of variability must be investi-
gated. Also, chatbots can engage in conversation that responds
to follow‐up questions and may provide additional context or
clarification. While responses generated by AI chatbots were
quantitatively rated by the authors, they were not evaluated by
patients or compared to answers that physicians would give.
Further clinical investigation into the application of AI chatbots
for patient counseling through patient evaluation of chatbot
compared to physician responses is warranted.

6 | Conclusion

AI‐powered chatbots are promising tools given their potential to
supplement traditional patient counseling for patients with
bone sarcoma. While chatbots may produce understandable and
empathetic responses, patients and surgeons should approach
using these tools with caution, as there may be significant
limitations in the factual accuracy and actionability of
responses. Further investigation into the limitations of AI
chatbots, in addition to advancement in capabilities for patient
education, is necessary before widespread incorporation into
clinical use, particularly for patients with complex musculo-
skeletal diagnoses.
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