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Abstract

Background: Telemedicine, whichincorporates artificial intelligence such as chatbots, offers significant potential for enhancing
health care delivery. However, the efficacy of artificial intelligence chatbots compared to human physiciansin clinical settings
remains underexplored, particularly in complex scenariosinvolving patientswith cancer and asynchronous text-based interactions.

Objective: This study aimed to evaluate the performance of the GPT-4 (OpenAl) chatbot in responding to asynchronous
text-based medical messages from patients with cancer by comparing its responses with those of physicians across two clinical
scenarios. patient education and medical decision-making.

Methods: We collected 4257 deidentified asynchronous text-based medical consultation records from 17 oncologists across
Chinabetween January 1, 2020, and March 31, 2024. Each record included patient questions, demographic data, and disease-related
details. The records were categorized into two scenarios: patient education (eg, symptom explanations and test interpretations)
and medical decision-making (eg, treatment planning). The GPT-4 chatbot was used to simulate physician responses to these
records, with each session conducted in a new conversation to avoid cross-session interference. The chatbot responses, along
with the original physician responses, were evaluated by a medical review panel (3 oncologists) and a patient panel (20 patients
with cancer). The medical panel assessed completeness, accuracy, and safety using a 3-level scale, whereas the patient panel
rated completeness, trustworthiness, and empathy on a 5-point ordinal scale. Statistical analyses included chi-square tests for
categorical variables and Wilcoxon signed-rank tests for ordinal ratings.

Results: Inthe patient education scenario (n=2364), the chatbot scored higher than physiciansin completeness (n=2301, 97.34%
vs Nn=2213, 93.61% for fully complete responses; P=.002), with no significant differences in accuracy or safety (P>.05). In the
medical decision-making scenario (n=1893), the chatbot exhibited |lower accuracy (n=1834, 96.88% vs n=1855, 97.99% for fully
accurate responses; P<.001) and trustworthiness (n=860, 50.71% vs n=1766, 93.29% rated as“ M oderately trustworthy” or higher;
P<.001) compared with physicians. Regarding empathy, the medical review panel rated the chatbot as demonstrating higher
empathy scores across both scenarios, whereas the patient review panel reached the opposite conclusion, consistently favoring
physicians in empathetic communication. Errors in chatbot responses were primarily due to misinterpretations of medical
terminology or the lack of updated guidelines, with 3.12% (59/1893) of its responses potentially leading to adverse outcomes,
compared with 2.01% (38/1893) for physicians.
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The GPT-4 chatbot performs comparably to physicians in patient education by providing comprehensive and

empathetic responses. However, its reliability in medical decision-making remains limited, particularly in complex scenarios
requiring nuanced clinical judgment. These findings underscore the chatbot’s potential as a supplementary tool in telemedicine
while highlighting the need for physician oversight to ensure patient safety and accuracy.

(J Med Internet Res 2025;27:€67462) doi: 10.2196/67462
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Introduction

Derived from the Greek root “tele” (distance), telemedicineis
formally defined by the World Health Organization (WHO) as
“the delivery of health care services across distances through
the use of information and communication technologies by
health care professionals to exchange valid information for the
diagnosis, treatment, and prevention of diseases and injuries’
[1]. Although telemedicinetraditionally relieson real-timevideo
or telephone consultations, asynchronous text-based
physician-patient interactions have emerged as the predominant
modality in Chinese clinical practice[2,3]. The rapid adoption
of this messaging format, accelerated particularly during the
COVID-19 pandemic, demonstrates its critical role in modern
health care systems and its potential to transform care delivery
across diverse cultural contexts [4]. This communication
paradigm not only reduces waiting times, travel-related
expenses, and physical barriers associated with in-person
consultations but also, more importantly, prevents delays in
medical attention that could compromise diagnostic and
therapeutic efficacy [5-7]. Furthermore, by alleviating clinician
workload, asynchronous text-based communication enhances
care coordination efficiency, thereby reducing strain on health
care systems [8-10].

Therapid advancement of artificial intelligence has spurred the
development of large language models (LLMs) based on deep
learning algorithms. LLMs are complex natural language
processing systemstrained on extensive datasets[11]. ChatGPT,
one of the most widely recognized LLM-driven chatbots,
attracted substantial attention upon its debut in November 2022,
accumulating over 100 million userswithin just 2 months[12].
These chatbots exhibit considerable potential in the medical
domain, as they are proficient in processing complex medical
concepts and addressing a wide range of medical inquiries and
problems [13-15]. They offer unique advantages such as
round-the-clock availability, the capacity to handle multiple
gueries simultaneously, and the ability to provide immediate
responses to patient questions. In addition, the application of
chatbots in symptom management and patient education has
shown the potential to enhance patient engagement and
adherence to treatment protocols, thereby facilitating
prescreening, routine follow-ups, and the management of
noncritical interactions [16]. This alows physicians to focus
on more complex cases.

Despite challenges such asimmaturity, susceptibility to errors,
and output instability of LLMs—factors that hinder their
widespread adoption in clinica workflows—research has shown
that chatbots can provide acceptable responses when addressing
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informal clinical inquiries from patients on social media
platforms [17]. In addition, they may demonstrate greater
empathy compared to physicians [18-21]. This suggests that
the potential of chatbots in the medical sector isfar from fully
realized. Particularly intelemedicine, chatbots have the potential
to act asremote intelligent medical support systems, providing
low-cost or potentially free medical support for patients who
are economically disadvantaged, a population that often
experiences poorer health outcomes [22,23]. However, the
capabilities of chatbots in handling different clinical scenarios
within asynchronous text-based messages remain unclear. This
study focuses on two clinical scenariosin telemedicine: patient
education and medical decision-making, aiming to explore the
performance of chatbots across these 2 scenarios in
asynchronous text-based messages by comparing their responses
to those of physicians.

Methods

Study Design and Overview

This study was conducted from May 1 to June 30, 2024, using
GPT-4 (OpenAl) [24], awidely adopted chatbot at the time of
research, to simulate physician responses to asynchronous
text-based medical consultations across two clinical scenarios:
patient education and medical decision-making [11]. The chatbot
responded sequentialy to each query in the asynchronous
text-based messaging sessions while processing the original
message records. By comparing the differences in responses
between the chatbot and oncologists, this study evaluated the
chatbot’s performance across 2 distinct health care scenarios.

Coallection of Questions and Oncologists Responses

Theresearch team initially identified and sent invitation emails
to 60 oncol ogistswho were members of the Chinese Anti-Cancer
Association, a leading oncology academic society in China
While oncologists were located across different regions, there
were no restrictions based on years of experience or
subspecialization. The email requested their participationinthe
study and asked them to provide rea-world, asynchronous,
text-based medical records. These records were derived from
interactions between oncologists and both new and existing
patients with cancer. Each record included the patient's
questions, along with demographic information (eg, age and
gender) and disease-related details (eg, symptoms, test results,
and treatment history) provided at the time of inquiry, as well
as the oncologists' responses to the patients' queries. Before
study inclusion, the participating oncologists who voluntarily
provided asynchronous text-based medical records reviewed
their own recordsto ensure compliance with privacy regulations
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through the dei dentification of patient information (eg, replacing
names with “Patient A”). Subsequently, the data were
transmitted to the research team as encrypted electronic
documents, with permission granted for usein scientific research
without requiring additional consent. Apart from the necessary
anonymization, no alterationswere madeto either the questions
posed by patients or the physicians’ corresponding responses.

Classification of Question Type

A clinician-researcher with 5 years of experience classified the
asynchronous text-based messaging sessions into two clinical
scenarios based on consultation purpose: (1) patient education
and (2) medical decision-making. This classification was used
to explore the performance of the chatbot in 2 clinical contexts.
“Patient education” refers to cases where patients requested
explanations of their current symptoms, such as the causes of
headaches, or interpretations of their medical examination
results, including laboratory tests and radiological findings,
such as magnetic resonance imaging reports. “Medical
decision-making” refers to instances where patients sought the
physician’s involvement in managing their health and making
decisions about their treatment. For example, patients might
ask the physician to propose the most appropriate treatment
plan based on their current health status and to collaborate with
them in deciding subsequent treatment strategies. For sessions
involving both patient education and medical decision-making
(eg, simultaneous requests for test interpretation and treatment
planning), the case was classified as medical decision-making
to prioritize clinical actionability.

Collecting Chatbot Responses

Patient questions with accompanying demographic
characteristics and disease-related details were input into the
chatbot in their original sequence from the asynchronous
text-based messaging records, and the chatbot’ sresponseswere
recorded. During this process, the chatbot relied solely on patient
input without predefined instructions, such as mimicking a
particular physician type or medical specialty. In addition, no
input from the physician side of the conversation was included
in the prompt given to the chatbot. To prevent cross-session
contamination, each asynchronous text-based messaging on
was simulated in a distinct chatbot conversation.

Evaluation of Chatbots and Oncologists' Responses

The questions posed by the patients, aong with the
corresponding responses from both the chatbot and the
physicians, were then evaluated by a medica review panel
consisting of 3 oncologists and a patient panel composed of 20
patients with cancer. To avoid bias based on the source of the
responses, we removed only the disclamers and
recommendations for seeking professional medical advice
commonly included in the chatbot’s replies, without making
any further modifications to the content. Responses from
different sources were presented to the evaluators in random
order to reduce potential bias.

Medical Review Pane€l

In order to assess the response from the perspective of
physicians, we recruited 3 oncologists who were interested in
the study, with clinical experienceof 7, 9, and 15 years, to form
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the medical review panel. The 2 oncologistswith 7 and 9 years
of experience initially conducted the medical evaluation
independently. In case of discrepancies, the two oncologists
engaged in face-to-face discussions with the oncologist who
had 15 years of experience to reach a consensus. The medical
review panel used a 3-level assessment scale to evaluate the
completeness, accuracy, and safety of responses from different
sources. Completenesswas classified asfollows: fully complete,
partially complete (with minor clinical significance omitted),
and incomplete (with major clinical significance omitted).
Accuracy was classified as follows: fully accurate, partialy
accurate (with minor medical errors), and inaccurate (with
significant medical errors). Safety was classified as follows:
safe (ie, if apatient wereto receive thisresponse, no harmwould
occur), partially safe (where the response could cause harm to
the patient's health), and unsafe (where the response could cause
significant harm to the patient's health).

Patient Panel

We recruited members of the patient panel from patients with
cancer who were currently undergoing treatment and had
previously engaged in asynchronous text-based messaging
sessions with oncologists. This later criterion ensured the
patients were capable of accurately evaluating the quality of
responses from both physicians and the chatbot. The patient
panel assessed the completeness and perceived trustworthiness
of the responses. Completeness refers to whether al of the
patient's questions were fully addressed, and perceived
trustworthiness refers to the patient’s subjective sense of trust
in the responses. These 2 aspects were chosen for evaluation
because they represent the primary concerns of patientsin the
context of telemedicine—whether their inquiries were
comprehensively answered and whether they felt the answers
provided werereliable and trustworthy. Both completeness and
perceived trustworthiness were evaluated using a5-point ordinal
rating scale from 1 (poor) to 5 (excellent). Each asynchronous
text-based messaging record and its corresponding physician
and chatbot responses were randomly assigned to 2 patient panel
members for independent evaluation. The evaluation results
from the 2 memberswere averaged for each record. Each patient
panel member evaluated 10% of the asynchronous text-based
messaging records and associated responses. In addition, both
the medical panel and the patient panel used a 5-point ordinal
rating scaleto assessthe empathy demonstrated in the responses.

Statistical Analysis

In this study, we used the chi-square test to compare results
from the medical panel on the completeness, accuracy, and
safety of responses from different sources across 2 clinical
scenarios. A 5-point ordinal rating scale provided by the patient
panel regarding the completeness and trustworthiness of
responses from different sources was compared using the
Wilcoxon signed-rank test. In addition, empathy comparisons
were also assessed using the Wilcoxon signed-rank test.
Continuous variables with normal distribution were presented
as mean (SD); nonnormal variables were reported as median
(IQR). All statistical analyses were conducted using SPSS
software (version 26.0, IBM), with 2-sided P values less than
.05 considered statistically significant.
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Ethical Consider ations

The Academic Ethics Review Committee of Peking Union
Medica College Hospital, Chinese Academy of Medical
Sciences, provided an exemption from ethical review for this
cross-sectional study (ZS-3139). All data used in this study
were deidentified to ensure the privacy and confidentiality of
human candidates. The Ingtitutional Review Board of the
hospital waived the requirement for the origina informed
consent and permitted secondary analysis without additional
consent. All participants were engaged in this study on a
voluntary basis and received no compensation. The study
adhered to the principles of the Declaration of Helsinki and
followed the guidelines of the STROBE (Strengthening the
Reporting of Observational Studiesin Epidemiology) checklist,
present in Multimedia Appendix 1[25]. For reporting standards
specific to generative artificial intelligence studies, we
additionally complied with the METRICS (Model, Evaluation,

Figure 1. Record inclusion and exclusion flowchart.

| 5726 asynchronous messages |
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Timing, Range/Randomization, Individual factors, Count, and
Specificity) guidelines, present in Multimedia Appendix 2 [26].

Results

Participant Characteristics and Data Collection

A total of 17 oncologists participated in the study. These
physicians were recruited from 5 distinct economic regionsin
China, representing diverse clinical experience levels (range
1.5-16 y). From January 1, 2020, to March 31, 2024, they
provided 4257 asynchronous text-based messages covering
tumors at 7 anatomical sites (Figure 1). In addition, a patient
panel was formed through voluntary participation, comprising
20 individuals (12 female participants and 8 male participants)
from an initial pool of 76 invited patients with cancer. No
financial incentiveswere offered. Panel membersranged in age
from 29 to 63 years and had 9-18 years of formal education.

Exclude 320 duplicate

| 5406 nonduplicate records |

records

Exclude 789 incomplete

| 4617 complete records |

records

Exclude 210 nononcology

4407 records

patient records

Exclude 150 nonscenario

4257 records included in study

Evaluation by Medical Review Panel

Table 1 provides a detailed summary of the medical review
panel’s evaluation results. In the patient education scenario
(n=2364), there were no significant differences between the
responses of physicians and the chatbot in terms of accuracy
and safety (P>.05). However, with regard to completeness,
97.34% (2301/2364) of the chatbot’s responses were deemed
fully complete, compared to 93.61% (2213/2364) of the

https://www.jmir.org/2025/1/e67462

meeting records

physicians' responses. Among the physicians’ responses, 6.39%
(151/2364) wereidentified asincomplete, with 1.10% (26/2364)
of cases potentially leading to serious clinical conseguences. In
contrast, 2.66% (63/2364) of the chatbot’s responseswere found
to be incomplete, with 0.67% (16/2364) of cases potentially
resulting in serious clinical outcomes. In addition, the medical
review panel observed that, in the patient education scenario,
the chatbot appeared to exhibit greater empathy than the
physicians (P<.001).
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Table 1. Medical review panel’s evaluation of physicians' and the chatbot’s responses in two clinical scenarios.

Metrics Patient education (n=2364), n (%) P vaue Medica decision-making (n=1893),n (%) P value
Physicians Chatbot Physicians Chatbot
Completeness .002 >.99
Fully complete 2213 (93.61) 2301 (97.34) 1834 (96.88) 1848 (97.62)
Partially complete 125 (5.29) 47 (1.99) 58 (3.06) 43(2.27)
Incomplete 26 (1.10) 16 (0.67) 1(0.05) 2(0.11)
Accuracy 39 <.001
Fully accurate 2247 (95.05) 2184 (92.39) 1855 (97.99) 1834 (96.88)
Partially accurate 109 (4.61) 167 (7.06) 37 (1.95) 57 (3.01)
Inaccurate 8(0.34) 13 (0.55) 1(0.05) 2(0.11)
Safety 98 .08
Safe 2279 (96.40) 2249 (95.14) 1865 (98.52) 1839 (97.15)
Partially safe 82 (3.47) 113 (4.78) 24 (1.27) 51 (2.69)
Unsafe 3(0.13) 2(0.08) 4(0.21) 3(0.16)
Empathy <.001 <.001
Poor 357 (15.10) 7 (0.30) 54 (2.85) 67 (3.54)
Fair 724 (30.63) 25 (1.06) 391 (20.66) 153 (8.08)
Good 1132 (47.89) 531 (22.46) 876 (46.28) 779 (41.15)
Great 102 (4.31) 1174 (49.66) 405 (21.39) 681 (35.97)
Excellent 49 (2.07) 627 (26.52) 167 (8.82) 213 (11.25)

In the medical decision-making scenario (n=1893), physicians
and the chatbot demonstrated similar levels of safety and
completeness, but there was a significant differencein accuracy.
Among the 1893 chatbot responses, 59 (3.12%) wereidentified
as potentialy leading to adverse clinical outcomes, compared
to 38 (2.01%) physician responses. However, the median
empathy score for both physicians and the chatbot was 3.00
(IQR 3.00-4.00), but their distributions differed significantly

(P<.001).
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Evaluation by Patient Panel

Table 2 summarizesthe eval uation results from the patient panel.
In the patient education scenario (n=2364), there were no
significant differences between the responses of physiciansand
the chatbot in terms of completeness and trustworthiness
(P>.05). However, although both the physicians' and chatbot’s
responses had the same median empathy score of 4.00, their
distributions differed significantly (P=.04), with an IQR of
3.00-5.00 for physiciansand an | QR of 3.00-4.00 for the chatbot.
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Table 2. Patient review panel's evaluation of physicians’ and chatbot’s responsesin two clinical scenarios.

Metrics Patient education (n=2364), n (%) P value Medical decision-making (n=1893), n (%) P vaue
Physicians Chatbot Physicians Chatbot
Completeness .08 <.001
Not complete 47 (1.99) 35 (1.48) 7(0.37) 96 (5.07)
Slightly complete 324 (13.71) 89 (3.76) 219 (11.57) 572 (30.22)
Moderately complete 1215 (51.40) 1483 (62.73) 812 (42.89) 934 (49.34)
Mostly complete 513 (21.70) 621 (26.27) 674 (35.60) 226 (11.94)
Fully complete 265 (11.21) 136 (5.75) 181 (9.56) 65 (3.43)
Trustwor thy .32 <.001
Not trustworthy 83 (3.51) 102 (4.31) 36 (1.90) 141 (7.45)
Slightly trustworthy 449 (18.99) 427 (18.06) 91 (4.81) 792 (41.84)
Moderately trustworthy 843 (35.66) 874 (36.97) 685 (36.19) 644 (34.02)
Mostly trustworthy 627 (26.52) 623 (26.35) 937 (49.50) 221 (11.67)
Fully trustworthy 362 (15.31) 338 (14.30) 144 (7.61) 95 (5.02)
Empathy .04 <.001
Poor 57 (2.41) 23(0.97) 17 (0.90) 271 (14.32)
Fair 328 (13.87) 158 (6.68) 42 (2.22) 704 (37.19)
Good 523 (22.12) 841 (35.58) 503 (26.57) 598 (31.59)
Great 817 (34.56) 962 (40.69) 816 (43.11) 223 (11.78)
Excellent 639 (27.03) 380 (16.07) 515 (27.21) 97 (5.12)

In the medical decision-making scenario (n=1893), there were
significant differencesin both completeness and trustworthiness
between the responses of physicians and the chatbot. In terms
of completeness, 1667 (88.06%) physician responseswererated
as “Moderately complete” or higher, whereas only 1225
(64.71%) chatbot responses achieved this rating. Regarding
trustworthiness, 1766 (93.29%) physician responseswererated

as “Moderately trustworthy” or higher, compared to 960
(50.71%) chatbot responses (P<.001). In addition, the median
empathy score for physicians in the medical decision-making
scenario was 4.00 (IQR 3.00-5.00), while the chatbot's score
wassignificantly lower at 2.00 (IQR 2.00-3.00; P<.001). Figure
2 presents a comparison of empathy between the chatbot and
physiciansin different clinical scenarios.

Figure 2. Comparison of empathy in the responses from physicians and the chatbot. (A) Perceived empathy by the medical and patient review panels
during patient education. (B) Perceived empathy by the medical and patient review panels during medical decision-making. Figures with thick-line
contours represent the empathy performance of physicians, while figures with thin-line contours represent the empathy performance of the chatbot.
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Chatbot Errorsand Limitations

Among the 2364 physician responses, the medical review results
identified errorsin 117 (4.95%) in the patient education scenario,
85 (3.60%) of which had the potential to negatively impact
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patient health. In contrast, the chatbot exhibited a higher error
rate, with mistakes present in 180 (7.61%) of its responses,
including 115 (4.86%) likely to have adverse effects on patient
health.
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In the medical decision-making scenario, the chatbot also
demonstrated a higher error rate, with 3.12% (59/1893) of its
responses containing errors, 2.85% (54/1893) of which could
potentially affect patient health management. Comparatively,
physicians made errors in 2.01% (38/1893) responses, with
1.48% (28/1893) having the potential to negatively impact
patient health.

The magjority of the chatbot errors stemmed from
misunderstandings of medica terminology, such as
misinterpreting the symptoms described by patients, which led
toinaccurate responses. In addition, the chatbot’slack of access
to the most up-to-date medical guidelines and research data
contributed to a small number of errors. The chatbot exhibited
hallucinations in 0.42% (18/4257) of interactions, providing
information that was either midleading or incorrect in the context
of the patient's medical scenario.

Discussion

Comparison to Previous Work

To the best of our knowledge, thisisthe first comparative study
to explore the performance of a chatbot in responding to
different clinical scenarios in a simulated, asynchronous,
text-based messaging environment. Previous studies, such as
those by Ayers et a [20], have demonstrated that chatbots not
only provide acceptabl e responsesto medical inquiries on social
media but also often exhibit greater empathy than physicians.
However, existing research has primarily focused on the
performance of chatbots in handling general medical queries,
overlooking their ability to manage different clinical scenarios
insimulated, asynchronous, text-based messaging environments
[27,28]. Therefore, by simulating asynchronous text-based
messaging scenarios, we explored the capabilities of the chatbot
in both patient education and medical decision-making contexts.

Principal Findings

Our study demonstratesthat the chatbot performswell in patient
education scenarios. The evaluation by the medical review panel
indicates that the chatbot is comparable to physicians in terms
of accuracy and safety, while its responses are often more
comprehensive, covering a broader range of information that
patients may need. This finding aligns with previous research,
which suggests that the chatbot holds significant potential for
providing basic patient education. The patient review panel’s
results also indicate that the chatbot’s performance in patient
education closely mirrorsthat of physicians, suggesting that the
chatbot can offer patient-approved informational support in
telemedicine, particularly in aleviating the burden of nonurgent
consultations in the context of physician shortages.

The medical review panel believed the chatbot demonstrated
more empathy, which may be related to the completeness of its
responses. The chatbot’'s responses not only included
disease-related information but also provided additional
suggestions, such as psychological comfort, lifestyle
recommendations, and reminders for regular check-ups. In
contrast, the physicians' responses typically focused more on
disease-related content. It is also possible that these additional
details were discussed by the physicians with the patients in
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person but were not mentioned in the asynchronous text-based
messaging records. On the other hand, the patient review panel
expressed the opposite view, considering the chatbot to be
lacking empathy. Although the responses seemed
comprehensive, patients may have struggled to identify key
information, leading to confusion. Thishighlightsthe differences
in how physicians and patients interpret medical information
and suggests that the chatbot’s lengthy responses may create a
fase sense of empathy, ultimately leaving patients seeking
medical support feeling confused. Therefore, the relationship
between response compl eteness and empathy may not be adirect
causal one and could differ depending on the perspectives of
physicians and patients.

Degpite the chatbot’s strong performance in patient education,
its capabilities in handling complex medical decision-making
remain inadequate. The findingsfrom the medical review panel
indicate that, while the chatbot is comparable to physiciansin
terms of safety, itsaccuracy isnotably poorer, particularly when
required to integrate personal medica histories, physical
examination results, and other complex factors. Onemajor type
of error observed was the misinterpretation of symptoms. For
instance, when a patient with a history of breast cancer
complained of persistent back pain, the chatbot incorrectly
attributed the pain to a musculoskeletal issue. A physician,
however, would have considered metastasis, given the patient’s
cancer history. This misinterpretation could delay necessary
diagnostics, such as imaging or biopsy, potentially worsening
the patient’s condition. Another issue was hallucination. For
example, the chatbot recommended antidepressantsfor a patient
with late-stage cancer experiencing weight loss, a symptom
more likely due to cancer progression than depression. This
could have delayed proper treatment, affecting the patient’s
health. Feedback from the patient review panel was even more
explicit, with patientsrating the chatbot as significantly inferior
to physiciansin terms of the completeness and trustworthiness
of its decision-making. This limitation reflects the current
technical bottleneck in chatbot performance for complex medical
scenarios, particularly in diagnostic or treatment planning tasks,
where decision accuracy remains low [29,30]. This starkly
contrastswith the chatbot’s strong performance in consultations
and emphasizes that, for now, chatbots are better suited as
supplementary tools rather than independent decision makers
intelemedicine [31].

In addition, it isworth noting that the responses from physicians
in this study came from 17 oncologists across different regions
of China, with clinical experienceranging from 1.5to 16 years.
The incorrect responses were primarily provided by younger
physicianswith less experience. As expected, more experienced
physicianstend to perform better than novice ones. The average
clinical experience of the oncol ogists participating in this study
was 5.2 (SD 4.1) years. If future studies compare the chatbot’s
responses with those of more experienced physicians, such as
oncologists with at least 10 years of clinical experience, the
difference between the two may be more pronounced.

Interpretation and M echanisms

This study collected 4257 asynchronous text-based messaging
records between physicians and both new and existing patients.
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Peatient demographic information and disease-related information
(such as current symptoms, medical examination results, and
treatment processes, among others) are crucial for disease
diagnosis and treatment. During the first communication with
new patients, even if patients fail to provide this information
proactively, physicians will actively guide them and record it
completely inthe medical records. Asmentioned in the Methods
section, the asynchronous text-based messaging records of new
patients typically include such personal information in detail.
This, to some extent, alleviates the asymmetry in obtaining
patient information between oncol ogists and the chatbot when
interacting with new patients.

However, existing patients usually assume that physicians are
already well aware of their medical records, and thisisindeed
the case. Therefore, during telemedicine, existing patients often
neglect to provide detailed demographic and disease-related
information. Furthermore, because physiciansare familiar with
the medical records of existing patients, they sometimes
overlook the need for patients to supplement personal
information. Thisleads to a situation where when dealing with
existing patients, physicians have more information than the
chatbot, especially regarding the personal treatment history of
existing patients. Even if the chatbot can access complete
clinical records, the rich information obtained by physicians
through personal interaction still cannot be fully captured by
clinical records. Thus, this information asymmetry is difficult
to avoid.

Information asymmetry may be one of the factors contributing
to the increased likelihood of errors in chatbot responses. For
example, in asynchronous text-based messaging exchangeswith
existing patients, individuals may omit their oncology treatment
history since physicians are already familiar with their medical
background. When the patient discusses symptoms such as poor
appetite or nausea and requests treatment plans, the physician
considerswhether these symptoms are rel ated to the tumor itself
or to chemotherapy or radiation therapy, while the chatbot may
only offer advice based on these symptoms, such as suggesting
improvementsto dietary habits. This clearly demonstrates how
theincompleteness of patient information in the chatbot’s dataset
can lead to less accurate responses in complex medical
decision-making. In addition, all the information acquired by
the chatbot comes from the exchange between the patient and
the physician. It cannot interact directly with the patient nor
actively guide the patient to provide the required information,
which may aso contribute to the poor performance of the
chatbot. Unlike patient education, medical decision-making
requires consideration of a broader range of factors, especially
personal information, which is often not provided to the chatbot.
Inview of this, in futureinteractionswith the chatbot, providing
as much disease-related information as possible may, to some
extent, improve the poor performance of the chatbot caused by
information asymmetry.

Future Directions

While chatbots currently underperform in  medical
decision-making, further technical optimizations—especialy
task-specific and scenario-specific fine-tuning—may enhance
their decision-making capabilities [32]. Fine-tuning involves

https://www.jmir.org/2025/1/e67462
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additional training of models on datasets containing specific
tasks or correct answers [33]. Existing research suggests that
broader fine-tuning can significantly improve chatbot accuracy
and reducethe occurrence of hallucinations[34]. Futureresearch
should continueto explore how targeted fine-tuning can enhance
chatbot performance in medical decision-making scenarios.

The deployment of chatbots in telemedicine raises critical
concerns regarding privacy, security, and ethics [35]. Since
chatbots rely on large datasets for training, it is essential to
ensurethat patient privacy is protected to prevent the disclosure
of personally identifiable information during interactions. In
addition, given that patients may find it difficult to assess the
accuracy of chatbot responses, physicians have aresponsibility
to review these responses to ensure their safety and accuracy.
This implies that even as chatbot performance improves, they
must remain subject to physician oversight and guidance to
mitigate potential medical risks[36,37].

Future research should further explore how to optimize chatbot
guestion-and-answer systemswhile safeguarding patient privacy
and data security [38,39]. For example, researchers could focus
on designing chatbots that can naturally guide the conversation
and ensure the collection of critical medical information through
intuitive and patient-friendly interactions. In addition, research
should focus on improving the chatbot's response mechanisms
to maintain consistency and accuracy across different question
formats and seguences, thereby enhancing its clinica

applicability.
Strengths and Limitations

This study has several limitations. First, the focus on patients
with cancer, whose disease management is highly specialized,
may limit the generalizability of our findings to other medical
conditions. Future research should expand the scope to explore
chatbot performancein other clinical settings. Second, athough
our study used simulated, asynchronous, text-based messaging
scenarios designed to closely replicate rea-world clinical
communication, these simulations remain distinct from actual
clinical practice, which may introduce bias when applying the
findingsto real-world settings. Future studies could addressthis
by conducting large-scaletrialsin real clinical environmentsto
validate the practical application of chatbots. Third, a
fundamental limitation of our methodology is that the chatbot
did not interact with patientsin real-timeclinical conversations.
Since the chatbot was unable to request clarification or obtain
additional information from patients, its responses might not
accurately reflect the dynamic nature of actua clinical
interactions. Future research could address this limitation by
designing studies with real-time patient-chatbot interactions.

Conclusion

In conclusion, this study evaluated the performance of chatbot
in different clinical scenarios within telemedicine. The results
indicate that while the chatbot excels in providing patient
education, they lack the capacity to replace physiciansin making
medical decisions. Furthermore, their integration into clinical
practice requires stringent medical supervision, with careful
consideration of privacy and ethical concerns.

JMed Internet Res 2025 | vol. 27 | e67462 | p. 8
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Bai et d

Acknowledgments

MF discloses support for this research from the National High-Level Hospital Clinical Research Funding awarded by Peking
Union Medical College Hospital (2022-PUM CH-C-012), the CAM S Innovation Fund for Medical Sciences (2023-12M-C& T-B-008),
and the Teaching Reform Project of Peking Union Medical College (2022ZL GC0120), as well as support for the publication of
thiswork.

Data Availability
The datasets generated or analyzed during this study are available from the corresponding author on reasonable request.

Authors Contributions

XB, YZ, MF, WM, and XL contributed to conceptualization. XB, SW, and XL performed data curation. XB, SW, and MF
participated in formal analysis. MF was involved in funding acquisition. XB, SW, and MF designed the methodology. MF, WM,
and XL wereinvolved in supervision. XB and SW handled writing—original draft. YZ, MF, WM, and XL managed writing—review
and editing.

Conflicts of Interest
None declared.

Multimedia Appendix 1

STROBE checklist.
[DOC File, 92 KB-Multimedia Appendix 1]

Multimedia Appendix 2

METRICS checklist.
[DOC File, 56 KB-Multimedia Appendix 2]

References

1.  Bashshur RL, Armstrong PA. Telemedicine: a new mode for the delivery of health care. Inquiry. 1976;13(3):233-244.
[Medline: 135730]

2. Nguyen HTT, Tran HB, Tran PM, Pham HM, Dao CX, Le TN, et a. Effect of atelemedicine model on patients with heart
failure with reduced g ection fraction in a resource-limited setting in vietham: Cohort study. JMed Internet Res.
2025;27:e67228. [FREE Full text] [doi: 10.2196/67228] [Medline: 40106810]

3. KongM,WangV,LiM, Yao Z. Mechanism assessment of physician discourse strategies and patient consultation behaviors
on online health platforms. mixed methods study. JMed Internet Res. 2025;27:€54516. [FREE Full text] [doi: 10.2196/54516]
[Medline: 40106798]

4.  ChuC, Cram B, Pang A, Stamenova V, Tadrous M, Bhatia RS. Rural telemedicine use before and during the COVID-19
pandemic: repeated cross-sectional study. JMed Internet Res. 2021;23(4):e26960. [FREE Full text] [doi: 10.2196/26960]
[Medline: 33769942]

5. Snoswell CL, Taylor ML, Comans TA, Smith AC, Gray L C, Caffery LJ. Determining if telehealth can reduce health system
costs: scoping review. JMed Internet Res. 2020;22(10):€17298. [ FREE Full text] [doi: 10.2196/17298] [Medline: 33074157]

6. LiL,LiuG, XuW, Zhang Y, He M. Effects of internet hospital consultations on psychological burdens and disease
knowledge during the early outbreak of COVID-19 in China: cross-sectional survey study. JMed Internet Res.
2020;22(8):e19551. [FREE Full text] [doi: 10.2196/19551] [Medline: 32687061]

7.  Grenier Ouimet A, Wagner G, Raymond L, Pare G. Investigating patients' intention to continue using tel econsultation to
anticipate postcrisis momentum: Survey study. JMed Internet Res. 2020;22(11):€22081. [FREE Full text] [doi:
10.2196/22081] [Medline: 33152685]

8. DengW,Yang T, DengJ LiuR, Sun X, Li G, et a. Investigating factors influencing medical practitioners' resistance to
and adoption of internet hospitals in China: mixed methods study. J Med Internet Res. 2023;25:e46621. [FREE Full text]
[doi: 10.2196/46621] [Medline: 37523226

9. Dingd J KleineAK, Cecil J, Sigl AL, Lermer E, Gaube S. Predictorsof health care practitioners intention to use ai-enabled
clinical decision support systems: Meta-analysis based on the unified theory of acceptance and use of technology. JMed
Internet Res. 2024;26:e57224. [FREE Full text] [doi: 10.2196/57224] [Medline: 39102675]

10. Knop M, Weber S, Mueller M, Niehaves B. Human factors and technological characteristics influencing the interaction of
medical professionals with artificial intelligence-enabled clinical decision support systems: Literature review. IMIR Hum
Factors. 2022;9(1):€28639. [FREE Full text] [doi: 10.2196/28639] [Medline: 35323118]

https://www.jmir.org/2025/1/e67462 JMed Internet Res 2025 | vol. 27 | e67462 | p. 9
(page number not for citation purposes)


https://jmir.org/api/download?alt_name=jmir_v27i1e67462_app1.doc&filename=11492192702a628d5101b78472bb95f0.doc
https://jmir.org/api/download?alt_name=jmir_v27i1e67462_app1.doc&filename=11492192702a628d5101b78472bb95f0.doc
https://jmir.org/api/download?alt_name=jmir_v27i1e67462_app2.doc&filename=281fbd0e1c117f66602747aa810dc9c0.doc
https://jmir.org/api/download?alt_name=jmir_v27i1e67462_app2.doc&filename=281fbd0e1c117f66602747aa810dc9c0.doc
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=135730&dopt=Abstract
https://www.jmir.org/2025//e67228/
http://dx.doi.org/10.2196/67228
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=40106810&dopt=Abstract
https://www.jmir.org/2025//e54516/
http://dx.doi.org/10.2196/54516
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=40106798&dopt=Abstract
https://www.jmir.org/2021/4/e26960/
http://dx.doi.org/10.2196/26960
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33769942&dopt=Abstract
https://www.jmir.org/2020/10/e17298/
http://dx.doi.org/10.2196/17298
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33074157&dopt=Abstract
https://www.jmir.org/2020/8/e19551/
http://dx.doi.org/10.2196/19551
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32687061&dopt=Abstract
https://www.jmir.org/2020/11/e22081/
http://dx.doi.org/10.2196/22081
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33152685&dopt=Abstract
https://www.jmir.org/2023//e46621/
http://dx.doi.org/10.2196/46621
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37523226&dopt=Abstract
https://www.jmir.org/2024//e57224/
http://dx.doi.org/10.2196/57224
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39102675&dopt=Abstract
https://humanfactors.jmir.org/2022/1/e28639/
http://dx.doi.org/10.2196/28639
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35323118&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Bai et d

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,
25.

26.

27.

28.

29.

30.

31.

32.

33.

Thirunavukarasu AJ, Ting DSJ, Elangovan K, Gutierrez L, Tan TF, Ting DSW. Large language models in medicine. Nat
Med. 2023;29(8):1930-1940. [doi: 10.1038/s41591-023-02448-8] [Medline: 37460753]

Shah NH, Entwistle D, Pfeffer MA. Creation and adoption of large language models in medicine. JAMA.
2023;330(9):866-869. [doi: 10.1001/jama.2023.14217] [Medline: 37548965]

Clusmann J, Kolbinger FR, Muti HS, Carrero ZI, Eckardt J, Laleh NG, et a. Thefuture landscape of large language models
in medicine. Commun Med (Lond). 2023;3(1):141. [FREE Full text] [doi: 10.1038/s43856-023-00370-1] [Medline:
37816837]

Singhal K, Azizi S, Tu T, Mahdavi SS, Wei J, Chung HW, et al. Large language models encode clinical knowledge. Nature.
2023;620(7972):172-180. [FREE Full text] [doi: 10.1038/s41586-023-06291-2] [Medline: 37438534]

Kung TH, Cheatham M, MedenillaA, SillosC, deLeon L, Elepafio C, et al. Performance of ChatGPT on USMLE: potential
for Al-assisted medical education using large language models. PLOS Digit Health. 2023;2(2):e0000198. [FREE Full text]
[doi: 10.1371/journal .pdig.0000198] [Medline: 36812645]

Li J, Guan Z, Wang J, Cheung CY, Zheng Y, Lim L, et a. Integrated image-based deep learning and language models for
primary diabetes care. Nat Med. 2024;30(10):2886-2896. [doi: 10.1038/s41591-024-03139-8] [Medline: 39030266]
Chen D, ParsaR, Hope A, Hannon B, Mak E, Eng L, et a. Physician and artificial intelligence chatbot responsesto cancer
guestionsfrom social media. JAMA Oncol. 2024;10(7):956-960. [doi: 10.1001/jamaoncol.2024.0836] [Medline: 38753317]
Chen S, Kann BH, Foote MB, Aerts HJWL, Savova GK, Mak RH, et a. Use of artificial intelligence chatbots for cancer
trestment information. JAMA Oncol. 2023;9(10):1459-1462. [ FREE Full text] [doi: 10.1001/jamaoncol.2023.2954] [Medline:
37615976]

Caranfa JT, Bommakanti NK, Young BK, Zhao PY. Accuracy of vitreoretinal disease information from an artificial
intelligence chatbot. JAMA Ophthalmol. 2023;141(9):906-907. [doi: 10.1001/jamaophthalmol.2023.3314] [Medline:
37535363]

Ayers JW, Poliak A, Dredze M, Leas EC, Zhu Z, Kelley JB, et al. Comparing physician and artificial intelligence chatbot
responses to patient questions posted to apublic social mediaforum. JAMA Intern Med. 2023;183(6):589-596. [FREE Full
text] [doi: 10.1001/jamainternmed.2023.1838] [Medline: 37115527]

Bernstein 1A, Zhang YV, Govil D, Majid I, Chang RT, Sun'Y, et al. Comparison of ophthalmologist and large language
model chatbot responses to online patient eye care questions. JAMA Netw Open. 2023;6(8):€2330320. [FREE Full text]
[doi: 10.1001/jamanetworkopen.2023.30320] [Medline: 37606922]

Zhang Z, Citardi D, Xing A, Luo X, LuY, He Z. Patient challenges and needs in comprehending laboratory test results:
mixed methods study. JMed Internet Res. 2020;22(12):€18725. [FREE Full text] [doi: 10.2196/18725] [Medline: 33284117]
Stormacq C, van den Broucke S, Wosinski J. Does hedlth literacy mediate the relationship between socioeconomic status
and health disparities? Integrative review. Health Promot Int. 2019;34(5):e1-e17. [doi: 10.1093/heapro/day062] [Medline:
30107564]

GPT-4. OpenAl. URL: https://openai.com/index/gpt-4/ [accessed 2025-05-16]

von EIm E, Altman DG, Egger M, Pocock SJ, Ggtzsche PC, Vandenbroucke JP, et al. The Strengthening the Reporting of
Observational Studiesin Epidemiology (STROBE) statement: guidelinesfor reporting observational studies. JClin Epidemiol.
Apr 2008;61(4):344-349. [doi: 10.1016/j.jclinepi.2007.11.008] [Medline: 18313558]

Sallam M, Barakat M, Sallam M. A preliminary checklist (METRICY) to standardize the design and reporting of studies
on generative artificial intelligence-based models in health care education and practice: development study involving a
literature review. Interact JMed Res. 2024;13:e54704. [FREE Full text] [doi: 10.2196/54704] [Medline: 38276872]
Goodman RS, Patrinely JR, Stone CA, Zimmerman E, Donald RR, Chang SS, et al. Accuracy and reliability of chatbot
responses to physician questions. JAMA Netw Open. 2023;6(10):€2336483. [FREE Full text] [doi:
10.1001/jamanetworkopen.2023.36483] [Medline: 37782499]

Huang AS, Hirabayashi K, BarnaL, Parikh D, Pasguale L R. Assessment of alarge language model's responsesto questions
and cases about glaucoma and retina management. JAMA Ophthalmol. 2024;142(4):371-375. [FREE Full text] [doi:
10.1001/jamaophthalmol.2023.6917] [Medline: 38386351]

Alowais SA, Alghamdi SS, Alsuhebany N, Algahtani T, Alshaya Al, Almohareb SN, et al. Revolutionizing healthcare: the
role of artificia intelligencein clinical practice. BMC Med Educ. 2023;23(1):689. [FREE Full text] [doi:
10.1186/s12909-023-04698-z] [Medline: 37740191]

Carini C, Seyhan AA. Tribulations and future opportunities for artificial intelligence in precision medicine. J Transl Med.
2024;22(1):411. [FREE Full text] [doi: 10.1186/s12967-024-05067-0] [Medline: 38702711]

Reddy S, Fox J, Purohit MP. Artificial intelligence-enabled healthcare delivery. JR Soc Med. 2019;112(1):22-28. [FREE
Full text] [doi: 10.1177/0141076818815510] [Medline: 30507284]

Moor M, Banerjee O, Abad ZSH, Krumholz HM, Leskovec J, Topol EJ, et a. Foundation models for generalist medical
artificial intelligence. Nature. 2023;616(7956):259-265. [doi: 10.1038/s41586-023-05881-4] [Medline: 37045921]

Qiu P, Wu C, Zhang X, Lin W, Wang H, Zhang Y, et al. Towards building multilingual language model for medicine. Nat
Commun. 2024;15(1):8384. [FREE Full text] [doi: 10.1038/s41467-024-52417-z] [Medline: 39333468]

https://www.jmir.org/2025/1/e67462 JMed Internet Res 2025 | vol. 27 | e67462 | p. 10

(page number not for citation purposes)


http://dx.doi.org/10.1038/s41591-023-02448-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37460753&dopt=Abstract
http://dx.doi.org/10.1001/jama.2023.14217
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37548965&dopt=Abstract
https://doi.org/10.1038/s43856-023-00370-1
http://dx.doi.org/10.1038/s43856-023-00370-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37816837&dopt=Abstract
https://europepmc.org/abstract/MED/37438534
http://dx.doi.org/10.1038/s41586-023-06291-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37438534&dopt=Abstract
https://europepmc.org/abstract/MED/36812645
http://dx.doi.org/10.1371/journal.pdig.0000198
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36812645&dopt=Abstract
http://dx.doi.org/10.1038/s41591-024-03139-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39030266&dopt=Abstract
http://dx.doi.org/10.1001/jamaoncol.2024.0836
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38753317&dopt=Abstract
https://europepmc.org/abstract/MED/37615976
http://dx.doi.org/10.1001/jamaoncol.2023.2954
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37615976&dopt=Abstract
http://dx.doi.org/10.1001/jamaophthalmol.2023.3314
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37535363&dopt=Abstract
https://europepmc.org/abstract/MED/37115527
https://europepmc.org/abstract/MED/37115527
http://dx.doi.org/10.1001/jamainternmed.2023.1838
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37115527&dopt=Abstract
https://europepmc.org/abstract/MED/37606922
http://dx.doi.org/10.1001/jamanetworkopen.2023.30320
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37606922&dopt=Abstract
https://www.jmir.org/2020/12/e18725/
http://dx.doi.org/10.2196/18725
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33284117&dopt=Abstract
http://dx.doi.org/10.1093/heapro/day062
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30107564&dopt=Abstract
https://openai.com/index/gpt-4/
http://dx.doi.org/10.1016/j.jclinepi.2007.11.008
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18313558&dopt=Abstract
https://www.i-jmr.org/2024//e54704/
http://dx.doi.org/10.2196/54704
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38276872&dopt=Abstract
https://europepmc.org/abstract/MED/37782499
http://dx.doi.org/10.1001/jamanetworkopen.2023.36483
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37782499&dopt=Abstract
https://europepmc.org/abstract/MED/38386351
http://dx.doi.org/10.1001/jamaophthalmol.2023.6917
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38386351&dopt=Abstract
https://bmcmededuc.biomedcentral.com/articles/10.1186/s12909-023-04698-z
http://dx.doi.org/10.1186/s12909-023-04698-z
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37740191&dopt=Abstract
https://translational-medicine.biomedcentral.com/articles/10.1186/s12967-024-05067-0
http://dx.doi.org/10.1186/s12967-024-05067-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38702711&dopt=Abstract
https://europepmc.org/abstract/MED/30507284
https://europepmc.org/abstract/MED/30507284
http://dx.doi.org/10.1177/0141076818815510
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30507284&dopt=Abstract
http://dx.doi.org/10.1038/s41586-023-05881-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37045921&dopt=Abstract
https://doi.org/10.1038/s41467-024-52417-z
http://dx.doi.org/10.1038/s41467-024-52417-z
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39333468&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Bai et d

34.

35.

36.

37.

38.

39.

Wankmiiller S. A comparison of approaches for imbalanced classification problemsin the context of retrieving relevant
documents for an analysis. J Comput Soc Sci. 2023;6(1):91-163. [FREE Full text] [doi: 10.1007/s42001-022-00191-7]
[Medline: 36568019]

Jeyaraman M, Balgji S, Jeyaraman N, Yadav S. Unraveling the ethical enigma: artificial intelligencein healthcare. Cureus.
2023;15(8):e43262. [EFREE Full text] [doi: 10.7759/cureus.43262] [Medline: 37692617]

Esmaeilzadeh P. Challenges and strategies for wide-scale artificial intelligence (Al) deployment in healthcare practices. a
perspectivefor healthcare organizations. Artif Intell Med. 2024;151:102861. [doi: 10.1016/j.artmed.2024.102861] [Medline:
38555850]

Shuaib A. Transforming healthcare with Al: promises, pitfalls, and pathways forward. Int J Gen Med. 2024;17:1765-1771.
[FREE Full text] [doi: 10.2147/IJGM.S449598] [Medline: 38706749]

Zhavoronkov A. Caution with Al-generated content in biomedicine. Nat Med. 2023;29(3):532. [doi:
10.1038/d41591-023-00014-w] [Medline: 36750659]

Reddy S. Generative Al in healthcare: an implementation science informed translational path on application, integration
and governance. Implement Sci. 2024;19(1):27. [FREE Full text] [doi: 10.1186/s13012-024-01357-9] [Medline: 38491544]

Abbreviations

LLM: largelanguage model

METRICS: Model, Evaluation, Timing, Range/Randomization, Individual factors, Count, and Specificity
STROBE: Strengthening the Reporting of Observational Studiesin Epidemiology

WHO: World Health Organization

Edited by N Cahill; submitted 12.10.24; peer-reviewed by J Smmich, R Yin; comments to author 29.11.24; revised version received
22.12.24; accepted 14.04.25; published 21.05.25

Please cite as:

Bai X, Wang S, Zhao Y, Feng M, Ma' W, Liu X

Application of Al Chatbot in Responding to Asynchronous Text-Based Messages From Patients With Cancer: Comparative Sudy
J Med Internet Res 2025;27:€67462

URL: https.//wwww.jmir.org/2025/1/e67462

doi: 10.2196/67462

PMID:

©XuexueBai, Shiyong Wang, Yuanli Zhao, Ming Feng, Wenbin Ma, Xiaomin Liu. Originally published inthe Journal of Medical
Internet Research (https://www.jmir.org), 21.05.2025. Thisis an open-access article distributed under the terms of the Creative
Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and
reproduction in any medium, provided the origina work, first published in the Journal of Medical Internet Research (ISSN
1438-8871), isproperly cited. The complete bibliographic information, alink to the original publication on https://www.jmir.org/,
aswell asthis copyright and license information must be included.

https://www.jmir.org/2025/1/e67462 JMed Internet Res 2025 | vol. 27 | e67462 | p. 11

RenderX

(page number not for citation purposes)


https://europepmc.org/abstract/MED/36568019
http://dx.doi.org/10.1007/s42001-022-00191-7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36568019&dopt=Abstract
https://europepmc.org/abstract/MED/37692617
http://dx.doi.org/10.7759/cureus.43262
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37692617&dopt=Abstract
http://dx.doi.org/10.1016/j.artmed.2024.102861
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38555850&dopt=Abstract
https://www.tandfonline.com/doi/abs/10.2147/IJGM.S449598?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.2147/IJGM.S449598
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38706749&dopt=Abstract
http://dx.doi.org/10.1038/d41591-023-00014-w
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36750659&dopt=Abstract
https://implementationscience.biomedcentral.com/articles/10.1186/s13012-024-01357-9
http://dx.doi.org/10.1186/s13012-024-01357-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38491544&dopt=Abstract
https://www.jmir.org/2025/1/e67462
http://dx.doi.org/10.2196/67462
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

