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Artificial intelligence-based chatbot
assistance in clinical decision-making

for medically complex patients in oral surgery:
a comparative study

Alanur Ciftci Sisman'® and Ahmet Hiiseyin Acar?

Abstract

Aim This study aims to evaluate the potential of Al-based chatbots in assisting with clinical decision-making in the
management of medically complex patients in oral surgery.

Materials and methods A team of oral and maxillofacial surgeons developed a pool of open-ended questions

de novo. The validity of the questions was assessed using Lawshe’s Content Validity Index. The questions, which
focused on systemic diseases and common conditions that may raise concerns during oral surgery, were presented
to ChatGPT 3.5 and Claude-instant in two separate sessions, spaced one week apart. Two experienced maxillofacial
surgeons, blinded to the chatbots, assessed the responses for quality, accuracy, and completeness using a modified
DISCERN tool and Likert scale. Intraclass correlation, Mann-Whitney U test, skewness, and kurtosis coefficients were
employed to compare the performances of the chatbots.

Results Most responses were high quality: 86% and 79.6% for ChatGPT, and 81.25% and 89% for Claude-instant in
sessions 1 and 2, respectively. In terms of accuracy, ChatGPT had 92% and 93.4% of its responses rated as completely
correct in sessions 1 and 2, respectively, while Claude-instant had 95.2% and 89%. For completeness, ChatGPT had
88.5% and 86.8% of its responses rated as adequate or comprehensive in sessions 1 and 2, respectively, while Claude-
instant had 95.2% and 86%.

Conclusion Ongoing software developments and the increasing acceptance of chatbots among healthcare
professionals hold promise that these tools can provide rapid solutions to the high demand for medical care, ease
professionals'workload, reduce costs, and save time.
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Introduction

The field of oral surgery presents unique challenges, par-
ticularly when managing medically complex patients
[1]. Effective treatment of these cases requires a com-
prehensive understanding of patients’ medical histories
to ensure safe surgical procedures, appropriate manage-
ment of complications,, and a smooth recovery. Medical
consultations among healthcare providers are essential
for achieving optimal patient outcomes, as effective com-
munication between professionals plays a critical role [2].
However, research indicates that interprofessional com-
munication is often suboptimal, leading to disruptions
in care continuity, diagnostic delays, excessive medica-
tion use, unnecessary testing, reduced healthcare quality,
wasted time, and increased financial costs [3, 4].

The healthcare industry is undergoing a significant
transformation driven by the rapid advancement of
artificial intelligence (AI) technologies [5]. Traditional,
time-consuming, and observer-dependent tasks are
increasingly being replaced by Al-based approaches,
which can match or even exceed human accuracy [6].

Artificial intelligence (AI)-based chatbots, also known
as large language models (LLMs), are advanced soft-
ware applications that rely on several key technologies to
function effectively. Natural Language Processing (NLP)
enables chatbots to understand and interpret human
language, while Machine Learning (ML) allows them to
improve their responses over time by learning from inter-
actions [7, 8]. Using NLP algorithms, chatbots engage in
human-like conversations, interpret user queries, and
provide immediate responses [9, 10].

The capacity of Al-based chatbots to provide valuable
medical information has made them increasingly appeal-
ing to both patients and physicians. By delivering precise,
real-time answers, they offer a significant advantage over
traditional online resources, enhancing their popularity
and fostering user trust [10]. Researchers suggest that
chatbots could become valuable tools for medical pro-
fessionals in the future and help alleviate the burden on
healthcare systems [10-13].

While AI chatbots have been studied in the context
of patient education [9, 12, 14—16] their effectiveness in
assisting healthcare professionals in clinical decision-
making —particularly in oral and maxillofacial surgery
(OMFS) —remains underexplored. It is still uncertain
whether these chatbots can consistently offer reliable
information to healthcare professionals and assist them
in making informed clinical decisions [10, 16, 17]. Given
the complexity of managing medically compromised
patients in oral surgery, it is crucial to assess whether
Al-based chatbots can provide reliable, evidence-based
guidance for clinicians.

This study aimed to investigate whether ChatGPT-3.5
and Claude-instant can serve as reliable sources of
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medical information and also explores their potential
to assist professionals in clinical decision-making. By
addressing the gap in the literature, this research contrib-
utes to the ongoing discussion about the role of Al-driven
tools in clinical practice. The null hypothesis was that the
chatbots would perform comparably in terms of accu-
racy, completeness, and quality when providing informa-
tion on oral surgery for medically complex patients.

Methods

Ethical approval

This study did not involve human or animal subjects;
therefore, ethical approval was not required, consistent
with previous studies [9, 12, 14, 18].

Sample size and study design

The study was designed as an analytical cross-sectional
observational study, following the STROBE checklist,
similar to previous research [11, 19].

The sample size estimation was performed using the
G*Power 3.1.9.2 software (University of Diisseldorf, Diis-
seldorf, NRW, Germany). The following parameters were
considered: (a) test power of 0.8, (b) significance level of
0.05, and (c) effect size of 0.25. Based on these standards,
the minimum sample size required was 34 for reliability
analyses and 47 per group for difference analyses.

Question development

The study aimed to evaluate the reliability of chatbots and
assess the quality, accuracy, and completeness of their
responses to specific medical questions. To achieve this,
a pool of questions was created, similar to previous stud-
ies [20, 21]. Three experienced volunteer oral and maxil-
lofacial surgeons (Surgeons A, B, and C, with 10, 12, and
17 years of experience, respectively), acting as content
experts developed the questions de novo. The developers
were instructed to ensure that the questions met the fol-
lowing criteria: they should be single-focused, clear, and
easy to understand; reflect real-world situations; be writ-
ten in a scientific manner; and be relevant to the field of
OMEFS.

Relevant literature was identified through a compre-
hensive search process focusing on systemic diseases and
common conditions that typically require professional
consultation or may raise concerns during oral surgery.
The search terms included specific keywords related to
oral and maxillofacial surgery, systemic diseases, and
common conditions encountered in this field. These
terms included but not limited to: ‘oral surgery, ‘sys-
temic diseases and oral surgery, ‘prevalence of systemic
diseases in oral surgery, ‘oral health and systemic condi-
tions, ‘dental management considerations, ‘oral surgery
complications, ‘oral surgery risk factors, and ‘oral surgery
patient management. The terms were used in various
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combinations across databases such as PubMed, Scopus,
and Google Scholar to ensure the selection of evidence-
based and clinically relevant topics for the development
of the questions.

A total of 89 questions were developed. To assess
the validity of these questions, each one was evaluated
by 10 volunteer oral and maxillofacial surgeons using
Lawshe’s Content Validity Index (CVI), a widely recog-
nized method for establishing content validity [22]. This
method helps determine whether to retain or reject indi-
vidual items. Experts rated each question as “essential,’
“useful but not essential,” or “not necessary” These rat-
ings were then converted into a quantitative ratio known
as the Content Validity Ratio (CVR), using the formula:

N

Ne —
CVR = -2

2

where n. is the number of experts who rated the item as
‘essential’ and N is the total number of experts. The criti-
cal CVR value is 0.62 for 10 raters at a 0.05 significance
level [22]. Hence, questions with a CVR value of >0.62
were selected for inclusion. As a result, 64 open-ended,
clinically relevant questions that requires text-based
responses were included. Each question was framed with
the prompt: “How would you respond to the following
question if you were a doctor?” The examples of the ques-
tions are shown in Table 1.

Data collection.

Two chatbots were selected for evaluation: ChatGPT
3.5 (Open Al, San Francisco, USA) and Claude-instant
(Anthropic, San Francisco, USA). Access to chatbots
was provided online [23, 24] with a new account cre-
ated in February 2024 for the study. A new chat window
was opened for each question to minimize the influence
of prior responses. All questions and responses were
in English. The identical set of questions was adminis-
tered in two sessions, one week apart. In each session,
the questions were asked consecutively to the chatbots,
and their responses were recorded simultaneously. The
content generated by the chatbots was used solely for
research purposes. The questions and responses are pro-
vided as supplementary data. [Supplementary materials]

Table 1 Examples of questions posed to the chatbots
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Chatbot evaluation

The raters for this study were two oral and maxillofa-
cial surgeons, each with 12 and 15 years of experience,
respectively. They were not involved in developing the
questions, ensuring unbiased evaluations. The number of
raters was determined to maximize reliability and agree-
ment levels [25]. To minimize potential bias, inter-rater
agreement was assessed using Cohen’s kappa coefficient.
The kappa values were interpreted as follows: <0 indi-
cates no agreement; 0.01-0.20 indicates none to slight
agreement; 0.21-0.39 indicates fair agreement; 0.40-0.59
indicates weak agreement; 0.60—0.79 indicates moderate
agreement; 0.80-0.90 indicates strong agreement; and
>0.90 indicates almost perfect agreement [26, 27]. The
raters were blinded to the identity of the chatbots. Con-
sensus scores for each answer were determined based on
practical clinical knowledge and PubMed, as described in
a previous study [19].

The quality was assessed using a modified DISCERN
tool (mDISCERN) as in previous studies [12, 19, 28]. DIS-
CERN is a validated tool for assessing the quality of writ-
ten consumer health information on treatment options
[19, 29]. Details of the mDISCERN scoring are provided
in Table 2. Accuracy and completeness were assessed
using a Likert scale (Table 3). Through an internal vali-
dation process, answers that received lower ratings were
subjected to retesting after 12—14 days. Answers rated
below 3 points for accuracy were not evaluated for com-
pleteness. To assess each chatbot’s reliability, the Intra-
class Correlation Coefficient (ICC) was used, consistent
with a previous study [30]. The flowchart of the method-
ology is shown in Fig. 1.

Statistical analysis

Skewness and kurtosis coefficients were calculated to
examine the normal distribution of the data. Mann-
Whitney U Test was used to compare the chatbots cho-
sen due to the non-normal distribution of data. Intraclass
correlation (ICC, 95CI%) was used to evaluate intrarater
agreement of the chatbots. All analyses were performed
using SPSS for Windows (release 21.0, SPSS Inc.), with a
5% significance level.

Questions

(All starting with the same statement: How would you respond to the following question if you were a doctor?”

Q1. Can oral surgery be performed on patients taking anticoagulants?

Q4. Can oral surgery be safely performed on patients on patients at risk for infective endocarditis?

Q7. Can oral surgery be performed on patients with an INR of 3.5?

Q24. Can oral surgery be performed on patients receiving treatment for leukemia?

Q30. Can oral surgery be safely performed on patients who have previously received chemotherapy?




Sisman and Acar BMC Oral Health (2025) 25:351 Page 4 of 10
Table 2 mDISCERN scale

Identification mDISCERN question

Q1 Is the content relevant, clear and understandable?

Q2 Does the content achieve its aims?

Q3 Does the content describe the risks?

Q4 Is it clear that there may be more than one possible treatment choice?

Q5 Does the content describe what precautions should be taken?

Q6 Does the content describe what would happen if no precaution is taken?

Q7 Is it clear what sources of information were used to compile the content?

Q8 Does the content provide details of additional sources of support and information?
Q9 Does the content refer to areas of uncertainty?

Q10 Is the information presented in the content balanced and unbiased?

Q11 Is it clear when the information used or reported in the information was produced?
Q12 Does the content provide support for shared decision-making?

Overall Rating

Based on the answers to all of the above questions, rate the overall quality of the content:

Low (Serious or extensive shortcomings): 1-2

Moderate (Potentially important but not serious shortcomings): 3-4

High (Minimal shortcomings): 5

Table 3 Accuracy and completeness scales

Accuracy scale: 6 point Likert scale

1 Completely incorrect information

2 More incorrect information than correct information

3 Approximately equal correct and incorrect information

4 More correct than incorrect information

5 Nearly all correct information

6 Completely correct information

Completeness scale: 3-point Likert scale

1 Incomplete: Addresses some aspects of the question, but significant parts are missing or incomplete.

2 Adequate: Addresses all aspects of the question and provides the minimum amount of information required to be considered complete.
3 Comprehensive: Addresses all aspects of the question and provides additional information or context beyond what was expected.
Results respectively. Claude-instant had 95.2% (n=60/63) and

The chatbots provided one response to each question.
Each question was administered to 2 chatbots across
2 separate sessions, 1 week apart, resulting in a total of
128 responses (64 questions x 2 sessions x 1 response per
session per chatbot).

The majority of answers were rated as high quality,
with 86% (n=55/64) and 79.6% (n=51/64) of responses
from ChatGPT in sessions 1 and 2, respectively, receiv-
ing scores of 5. For Claude-instant, 81.25% (n=>52/64)
and 89% (n=57/64) of responses were rated as high qual-
ity in sessions 1 and 2, respectively. In terms of accuracy,
most answers were rated as completely correct (scores
of 4 or above). ChatGPT had 92% (n=56/61) and 93.4%
(n=57/61) of responses rated as completely correct in
sessions 1 and 2, respectively. Claude-instant had 95.2%
(n=60/63) and 89% (n =57/64) of responses rated as com-
pletely correct in sessions 1 and 2, respectively. Regard-
ing completeness, most answers were rated as adequate
or comprehensive (scores of 2 or above). ChatGPT had
88.5% (n=54/61) and 86.8% (n=53/61) of responses
rated as adequate or comprehensive in sessions 1 and 2,

86% (n=55/64) of responses rated as adequate or com-
prehensive in sessions 1 and 2, respectively. Responses to
medication-related osteonecrosis of the jaws (MRONTJ)-
related questions (Q62-64) received the lowest accuracy
scores. The scores for quality, accuracy, and completeness
from both chatbots across two sessions are summarized
as mean [SD] and median [IQR] in Table 4. Both chat-
bots showed high consistency in quality across both ses-
sions. In terms of completeness, they exhibited moderate
consistency in each session (Table 4). When comparing
the chatbots, no statistically significant differences were
found in accuracy and completeness. However, Chat-
GPT showed significantly higher performance in terms of
quality in the first session (Table 5). The inter-rater agree-
ment was assessed using Cohen’s kappa test, yielding
a kappa coefficient (95% CI) of 0.736, indicating a good
level of agreement between the two raters.
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Question development

Three experienced attending oral and maxillofacial surgeons independently developed 89
questions de novo based on predefined criteria.
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25 questions were
excluded as 7 or
fewer experts rated
them as

The questions were evaluated by 10 volunteer maxillofacial surgeons for content validity.
Each question was rated as "essential,”" "useful but not essential," or "not necessary."

‘essential"”.

A total of 64 open-ended, clinically relevant questions requiring text-based responses were
included.Each question was framed with the prompt: "How would you respond to the

following question if you were a doctor?”

Questions were posed to ChatGPT 3.5 and Claude-Instant in two sessions, one week apart.

Queries were

Response evaluation

conducted in two
separate sessions,
one week apart.

who were blinded to the identity of the chatbots.

Responses were evaluated by two experienced attending oral and maxillofacial surgeons,

1 4

2

For quality modified For accuracy 6-point For completeness 3-
DISCERN scale Likert scale point Likert scale

Fig. 1 Flowchart of the study

Table 4 Assesment of reliability of each chatbot in terms of quality, accuracy and completeness

Assessment Chatbot Session N Median [IQR] Mean [SD] Intraclass correlation* (ICC) (95%Cl)
Quality ChatGPT 1st session 64 3.00[2.0-4.0] 2.95[0.653] 0.906 (0.844-0.943)
2nd session 64 3.000 [2.0-4.0] 2.88[0.604]
Claude-instant 1st session 64 3.00[2.0-4.0] 3.02[0.577] 0.890 (0.820-0.933)
2nd session 64 3.00 [2.0-4.0] 3.03[0.616]
Accuracy ChatGPT 1st session 61 5.00 [2.0-5.0] 4.88[0.542] 0.801 (0.672-0.879)
2nd session 61 5.00 [2.0-5.0] 4.911[0.357]
Claude-instant 1st session 63 5.00[2.0-5.0] 4.94[0.393] 0.480 (0.392-0.646)
2nd session 64 5.00 [2.0-5.0] 4.911[0.294]
Completeness ChatGPT 1st session 61 2.00[1.0-3.0] 2.24[0.546) 0.429 (0.061-0.653)
2nd session 61 2.00[1.0-3.0] 2.091[0.334]
Claude-instant 1st session 63 2.00[1.0-3.0] 2.30[0.558] 0.418 (0.043-0.647)
2nd session 64 2.00[1.0-3.0] 2.11[0.362]

*Interpretation of ICC Intraclass Corelation Coefficient: 1.0: Perfect agreement. 0.99 to 0.81: Almost perfect agreement. 0.80 to 0.61: Substantial agreement. 0.60 to
0.41: Moderate agreement. 0.20 to 0.01: Slight agreement. 0.0 to 0.1: Poor agreement

Discussion

This study assessed the potential of two Al-based chat-
bots to assist professionals in clinical decision-making for
medically complex oral surgery patients. Al chatbots can
vary widely in their performance due to differences in
algorithms, datasets, training methods, and design objec-
tives [31]. In this study, the chatbots were selected based
on specific criteria, prioritizing ease of access and free
subscription. ChatGPT 3.5 was chosen as a pioneering
large language model (LLM) with over 100 million users

since its release in November 2022 [19, 32]. For com-
parison, Claude-instant, introduced in March 2023, was
selected as a representative of Constitutional Al—a novel
alignment strategy focused on context-aware responses
aligned with human values [19]. The findings indicate
that both chatbots performed similarly in terms of accu-
racy and completeness. However, ChatGPT received
significantly higher quality scores than Claude-instant
(p<.001), leading to the rejection of the null hypothesis.
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Table 5 Comparison of chatbots with Mann-Whitney U test
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Assesment Sessions Chatbot N Mean ranks z U P
Quality 1st session ChatGPT 64 75.59 -3.69 1338.50 p<.001
Claude-instant 64 5341
2nd session ChatGPT 64 76.53 -3.88 1278.00 0.31
Claude-instant 64 5247
Accuracy 1st session ChatGPT 61 62.99 -1.17 1951.50 0.24
Claude-instant 61 66.01
2nd session ChatGPT 63 6543 -098 1926.00 032
Claude-instant 64 62.59
Completeness 1st session ChatGPT 61 5832 -1.19 1666.50 0.23
Claude-instant 61 64.68
2nd session ChatGPT 63 62.56 -0.79 1925.00 043
Claude-instant 64 65.42

One of the study’s main strengths is that, to the best of
our knowledge, it is the first in the field of oral surgery
to compare the performance of two different Al-based
chatbots across two separate sessions. Additionaly, exist-
ing literature primarily focuses on chatbots responding
to patient queries, with evaluations centered on patient
needs. However, in these studies the assessment were
made by professionals. In contrast, this study involves
professionals assessing the chatbots’ performance spe-
cifically for professional use, providing early evidence on
the reliability of chatbots in delivering qualified, accurate,
and comprehensive information for clinical decision-
making while highlighting potential limitations in Al-
generated medical content.

The practical application of Al-based chatbots in clini-
cal settings is diverse and can enhance multiple aspects
of healthcare delivery. Several studies explore the poten-
tial of chatbots to seamlessly integrate into existing
workflows, enhancing patient interactions, streamlining
administrative tasks, and supporting clinical decision-
making. For example, if chatbots can serve as supple-
mentary tools in clinical settings to triage patients and
conduct initial assessments [33] provide personalized
health advice [34] and function as auxiliary assistants in
clinical environments [35]. Al chatbots, such as Chat-
GPT, can extract information from unstructured data
sources like electronic health records, identify pat-
terns and recurring symptoms, and generate diagnostic
reports. By automating these tasks, they have the poten-
tial to reduce the workload of frontline healthcare work-
ers during routine medical checks. This could, in turn,
help alleviate healthcare worker shortages and improve
overall efficiency in clinical settings [10].

Despite these promising applications, regulatory con-
siderations for Al-based chatbots in patient care are
essential. Ensuring patient safety, data protection, and
transparency is critical. There is also a need for clear
guidelines regarding liability and accountability, espe-
cially in cases where erroneous or harmful advice is

provided. Furthermore, continuous monitoring and
quality assurance are necessary to ensure that these Al
systems remain effective and up-to-date with evolving
clinical standards.

Several issues need to be addressed regarding the use
of chatbots as a source of medical information. One
important factor to consider is the formulation of ques-
tions, which significantly affects chatbot responses [32].
Studies have employed various formats, including mul-
tiple-choice questions [36], open-ended questions [12,
14, 19, 37] as used in this study or a combination of both
[19]. Open-ended better capture the nuances of medi-
cal decision-making [11]. However, to ensure standard-
ization, it is essential to structure them consistently. For
instance, Wilhelm et al. employed a straightforward pat-
tern, framing questions as “How to treat.? [19], while
Azadi et al. [20] prefaced them with, “What would your
response be to the following question if you were an oral
and maxillofacial surgeon?“. Building on previous studies
[20, 21], a pool of open-ended questions was developed
de novo in this study, and a structured framework was
applied to ensure they accurately reflected the complexi-
ties physicians face in clinical practice. Care was taken to
maintain consistency in question development, with the
goal of standardizing the evaluation process and eliciting
detailed responses.

Another significant concern about Al-driven informa-
tion is the variability in chatbot responses to identical
questions. Sanmarchi et al. reported that the responses
can vary when the same questions is repeated, reflect-
ing the nature of ML algorithms [31]. Most studies [12,
18, 20] have posed each question only once. To address
this variety, questions were posed in two separate ses-
sions in this study. One-week duration was selected to
minimize memory bias for both raters and chatbots. This
waiting period was intended to better simulate a real-life
scenario, where patients typically experience some time
between consultations. Furthermore, through an inter-
nal validation process, the answers that received lower
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ratings were rated after 12—14 days. In this regard, the
current study aligns with existing research. Several stud-
ies in the literature have re-evaluated chatbot-generated
responses. Onder et al. [28] tested each question twice on
different days for variation in answers but did not specify
the duration between tests. In studies by Wilhelm et al.
[19] and Goodman et al. [11] re-evaluations occurred
between 8 to 17 days.

In this study, internal consistency showed almost per-
fect agreement in quality for both chatbots, though
completeness exhibited moderate agreement. In addi-
tion, all responses obtained were relevant and generated
within seconds, but some were broad or non-specific,
while others were detailed. For example, in Q9: Is it safe
to perform oral surgery on patients taking Coumadin?,
ChatGPT included the International Normalized Ratio
(INR) value in its response. In Q34:Can oral surgery be
performed on patients receiving radiotherapy to the
head and neck region?, Both chatbots provided a detailed
answer, mentioning hyperbaric oxygen therapy and anti-
body prophylaxis. In Q22:Is hematocrit level important
for performing oral surgery?, Claude-instant provided a
specific numeric value for the hematocrit level, whereas
ChatGPT did not. Chatbots’ responses generally indi-
cated that oral surgery in patients at risk for infective
endocarditis should be approached with caution, rec-
ommending prophylactic antibiotic use in line with
established guidelines [38]. However, upon closer exami-
nation, while the chatbots acknowledged risk factors,
they occasionally oversimplified the decision-making
process. This simplification may have overlooked criti-
cal nuances, such as the specific dental procedure being
performed or the presence of patient comorbidities, both
of which are key considerations when making informed
clinical decisions. In another example, chatbot responses
on the management of leukemia patients emphasized the
need for multidisciplinary care, including attention to
immunosuppression and bleeding risks. This aligns with
existing literature that underscores the complexity of sur-
gical interventions in immunocompromised patients [39,
40]. However, the chatbots’ responses sometimes lacked
depth, particularly regarding the importance of preoper-
ative hematological assessments or the specific timing of
surgical interventions in relation to chemotherapy cycles.
These factors are essential in clinical decision-making
and were not sufficiently addressed in the chatbot-gen-
erated responses, highlighting a gap in their clinical
applicability.

Notably, responses with the lowest accuracy were
specifically related to MRON], likely due to its evolving
status in OMFS. We observed that Al chatbots struggle
to provide accurate interpretations without specialized
training, particularly in areas where personalized infor-
mation and human judgment are essential. This result is
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consistent with the study by Sudrez et al., [35] which was
also conducted in oral surgery and shares a similar meth-
odology with this study. The researchers reported that
ChatGPT, by its nature, does not specify the sources of
its information and cannot access recently updated docu-
ments. This finding underscores the current limitations
of Al-based chatbots in handling specific medical top-
ics and highlights the need for continuous updates and
training to improve their reliability.

The ethical risks associated with Al-generated medical
content must be carefully considered, as misinformation
could compromise patient safety. The use of non-spe-
cialized training data, the potential for outdated infor-
mation, and ethical and legal concerns regarding patient
confidentiality necessitate thorough evaluation [35].
Goodman et al. evaluated ChatGPT’s responses to medi-
cal queries from 33 physicians across 17 specialties and
found that, while ChatGPT generally provided accurate
information, it occasionally made unwarranted assump-
tions [11]. This phenomenon, known as “hallucination,’
refers to the generation of scientifically incorrect content.
It occurs when a chatbot provides seemingly reliable but
inaccurate answers, posing a serious concern due to the
potential for misinformation in clinical settings. The real
danger of these “made up facts” is that they often appear
scientifically plausible, making them particularly mislead-
ing [13, 41]. Chow et al. suggested that if ChatGPT were
professionally trained, it could operate more efficiently,
access larger datasets, and help reduce medical errors
[10]. However, the dynamic and continuously evolving
nature of Al learning makes it challenging to ensure the
credibility of the information generated by AI models
[42]. Accurate medical information is critical for patient
health, and medicine cannot rely on tools that occasion-
ally provide incorrect answers, even if such instances are
infrequent [11, 43]. In this study, no instances of hallu-
cination were observed; however, this finding should be
interpreted with caution. The controlled study design
may have played a role in the absence of hallucinations.

In OMEFS, several studies have investigated the informa-
tion provided by chatbots. Balel conducted a study evalu-
ating the usability of ChatGPT in OMES by assessing the
quality of patient information and educational content
produced by ChatGPT. Commonly asked patient-ques-
tions about OMFS procedures, as well as technical ques-
tions for training purposes, were posed to the chatbot.
The responses were evaluated by 33 academic maxillofa-
cial surgeons. The study reported that, despite concerns
about its safety in educational contexts, ChatGPT dem-
onstrates significant potential as a valuable tool for
patient information in OMEFS [18]. Similarly, Acar com-
pared the effectiveness of 3 Al-based chatbots (ChatGPT,
Microsoft Bing, Google Bard) regarding the information
they provide to patients. Twenty questions related to oral
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surgery complications were posed to each chatbot, and
10 oral surgeons evaluated the responses for accuracy
and completeness. ChatGPT provided both more accu-
rate and understandable answers compared to the other
two platforms [14]. Jacobs et al. evaluated the accuracy
and readability of Al-generated responses to common
patient questions regarding third molar extraction, spe-
cifically using ChatGPT. They reported that ChatGPT
provided largely accurate information, though with some
minor inaccuracies [37]. The present study yielded simi-
lar results, with ChatGPT receiving higher quality scores.
This may be attributed to ChatGPT being the large lan-
guage model (LLM) with the largest user base worldwide.
The advancement of LLMs in generating knowledge is
largely due to their continuous training on extensive text
data and a feedback loop mechanism through which they
learn from corrections and user interactions. However,
these studies have primarily focused on assessing the
content for patients. Consequently, the potential of AI-
based chatbots to deliver valuable insights to healthcare
professionals remains an underexplored area.

A study similar to the present one was conducted
by Azadi et al., who evaluated the accuracy of chat-
bot responses to clinical decision-making questions in
OMES using the Global Quality Scale (GQS) [20]. Their
study assessed Google Bard, GPT-3.5, GPT-4, Claude-
instant, and Bing by presenting them with 50 case-based
questions prepared by 3 oral and maxillofacial surgeons.
These questions were designed in both multiple-choice
and open-ended formats, specifically focusing on OMFS-
related topics. While the chatbots performed relatively
well in answering open-ended questions, the study con-
cluded that they are not yet reliable advisors for clini-
cal decision-making due to significant inaccuracies in
their responses. Additionally, the researchers noted a
preference for asking open-ended questions rather than
multiple-choice ones when using these Al tools. Given
the similarities in methodology, this study also adopted
an open-ended question format to better reflect real-
world usage and assess the quality of chatbot-generated
responses in a clinical context. In comparison to existing
literature on Al in clinical decision-making, these find-
ings suggest that while chatbots may be able to provide
useful guidance in general terms, they often fall short in
capturing the full complexity of clinical scenarios. This
limitation is important to consider when evaluating the
potential for chatbots to be integrated into real-world
clinical settings, where nuanced decision-making is fre-
quently required.

The study has several limitations. First, it was con-
ducted at a single center and evaluated by only two
experts. Although this approach was chosen to ensure
maximum reliability and consensus, as supported by
the literature [25], using only two expert raters may
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introduce confirmation bias, as their assessments might
be influenced by preexisting expectations or familiarity
with clinical guidelines. Furthermore, the single-center
design limits the diversity of expert opinions, and mul-
ticenter studies with a larger number of evaluators could
provide more comprehensive insights. In this context,
potential biases related to the evaluation process should
be acknowledged. Another concern is the inherent risk
of bias arising from the chatbot training data, which
may lead to systemic biases in the generated responses.
The data used to train the chatbot may contain biases or
imbalances that reflect the views, demographics, or limi-
tations present in the original sources. Since the chatbot
learns from this training data, any existing bias—such as
the underrepresentation of certain groups, stereotypes,
or outdated information—can be incorporated into and
reproduced in its responses. This can result in system-
atic errors or skewed information, which may affect the
quality and fairness of the chatbot’s output in real-world
applications.

The present study, like most chatbot studies, was con-
ducted in English and yielded similar results [14, 18, 20].
To our knowledge, only one study by Soto-Chavez et al.,
has evaluated ChatGPT’s performance in Spanish, and
reported that while ChatGPT can be a reliable source of
information for Spanish-speaking patients, its readability
and accuracy vary across languages [44].

Numerous Al-based chatbots are available today,
including those specifically designed for medical pur-
poses. However, this study focused solely on two gen-
eral-purpose chatbots, chosen for their free accessibility,
ease of use, and widespread recognition. This selection
may restrict the broader applicability of the findings and
does not account for potential variability among other Al
models.

The field of Al is rapidly evolving, and the quality,
accuracy, and completeness of chatbot responses may
improve with subsequent model updates. At the time of
the study, the most advanced iterations of these chatbots
were available only in a limited number of countries and
required a paid subscription. However, evidence has been
presented suggesting that there is no significant differ-
ence in the quality of medical content generated by Chat-
GPT 3.5 and ChatGPT 4 [20]. Based on this evidence, it
was decided to proceed with ChatGPT 3.5 for this study.
Further research exploring the performance of newer
iterations of the model could make a valuable contribu-
tion to the literature.

The limited number of questions included in the study
may not fully capture the breadth of clinical scenarios
encountered in practice. Future research that incorporate
a broader and more discriminating set of questions can
better assess the capabilities and limitations of Al tools in
diverse clinical contexts.
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Despite these limitations, this study is novel in both its
aim and methodology. It enhances the existing literature
on Al-based chatbots in oral and maxillofacial surgery
by evaluating the quality of medical content intended for
professionals.

Conclusion

In conclusion, this study underscores the potential of
Al-based chatbots to support professionals in clinical
decision-making for medically complex patients under-
going oral surgery. It also highlights the necessity for
ongoing advancements in Al-generated content to ensure
patient safety and deliver high-quality, reliable, and accu-
rate information. Further research is needed to assess
the evolution of these tools over time, addressing the
dynamic nature of machine learning algorithms and their
limitations. Although they are currently insufficient as a
sole source of information, Al-based chatbots continue
to develop and offer a promising solution to the grow-
ing demand for medical care. Their potential to enhance
the efficiency and effectiveness of healthcare, could help
alleviate the workload of healthcare professionals, reduce
costs, and save time.
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