Ucar et al. BMC Oral Health  (2026) 26:147 BMC Oral Health
https://doi.org/10.1186/512903-025-07426-9

Comparative performance of Al chatbots 2
in dental implantology: insights
and limitations
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Abstract

Objective This study critically evaluated the performance, accuracy, and clinical relevance of three large language
models ChatGPT-4o, Claude 3.5, and Gemini 1.5 Pro when answering expert-generated questions on zygomatic
implantology. The goal was to determine the extent to which such tools may function as educational or clinical
decision supports in maxillofacial surgery.

Methods Thirty-eight standardized questions were developed by four oral and maxillofacial surgeons with advanced
expertise in zygomatic implantology. Each model's responses were independently assessed by five calibrated clinical
raters using validated metrics DISCERN, GQS, and a 5-point Accuracy Rubric to judge reliability, quality, and factual
correctness. Non-parametric statistics (Kruskal-Wallis with Bonferroni post hoc correction; Spearman correlation) were
used, and inter-rater reliability was quantified by ICC(2,1)=0.86-0.91 (p < 0.001).

Results Gemini 1.5 Pro achieved slightly higher mean scores for response quality and accuracy, whereas Claude 3.5
and ChatGPT-4o performed comparably. However, absolute differences were modest (< 0.5 points on 5-point scales),
indicating relative trends rather than decisive superiority. All models produced readable, clinically relevant content,
though variability persisted in the depth and specificity of clinical guidance.

Conclusion Current Al language models exhibit moderate but inconsistent competency when addressing complex
implantology scenarios. While Gemini 1.5 Pro scored marginally higher, these differences are unlikely to be of major
practical consequence. Continuous validation, transparent reporting of model versions, and expert supervision
remain essential before integrating such systems into routine dental education or clinical decision-making.
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Introduction

Rehabilitation of severely atrophic, fully edentulous max-
illa remains challenging due to limited bone volume,
complicating the placement of conventional implants
[1]. Traditional approaches, such as bone augmenta-
tion, sinus lift, and Le Fort I osteotomy, achieve success
rates of 60—90% but often require prolonged, multi-stage
procedures that increase the risk of postoperative com-
plications [2, 3]. Zygomatic implants offer an effective
alternative by immediately anchoring in the zygomatic
bone, bypassing the need for extensive grafting proce-
dures and reducing treatment time, and have been used
in conjunction with conventional-length dental implants
in patients with severe maxillary resorption, demonstrat-
ing survival rates ranging from 96% to 100% [2, 4].

In recent years, the use of zygomatic implants has
gained significant attention for the rehabilitation of
atrophic edentulous maxillae. The 2023 ITI Consensus
Workshop provides evidence-based guidance on the
indications, surgical techniques, and long-term outcomes
associated with these implants [5]. This consensus under-
scores the importance of careful case selection, particu-
larly in severe maxillary resorption cases, and emphasizes
advances in surgical protocols that have improved suc-
cess rates. As our study’s research questions and answers
are aligned with the clinical recommendations and deci-
sions outlined in this consensus, it serves as a founda-
tional framework for evaluating the efficacy and safety of
zygomatic implants in current practice.

Zygomatic implants are associated with several tech-
nical and prosthetic complications that can affect long-
term success. One of the most common issues is screw
or abutment loosening, which occurs frequently due
to bending moments transmitted through the implant,
especially in full-arch fixed reconstructions. These
mechanical problems can lead to further prosthetic fail-
ures, such as fractures of the veneering material or loos-
ening of components, often necessitating retightening
or repairs [2, 6]. Placement challenges also contribute
to complications; improper positioning or surgical tech-
nique can increase the risk of sinus perforation, oro-
antral communications, or implant malalignment, which
may compromise osseointegration or lead to sinusitis.
Moreover, the biomechanics of the implant support sys-
tem can result in material fatigue, causing fractures of the
prosthetic components. Effective surgical planning and
patient education are essential to minimize these issues,
and managing expectations is critical given the reported
54.1% complication rate over five years for screw-sup-
ported prostheses [1, 2, 7]. Addressing these complica-
tions promptly is vital for maintaining implant stability,
prosthetic function, and overall treatment success.

Successful rehabilitation with zygomatic implants
begins with thorough patient selection. Clinicians should
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carefully evaluate bone anatomy, sinus health, systemic
conditions, and patient expectations to identify candi-
dates who will most benefit from this graftless approach
while minimizing risks [8]. Careful assessment and indi-
vidualized planning are essential to optimize surgical
outcomes and long-term implant success.

Artificial intelligence (AI) is a rapidly evolving tech-
nology designed to create intelligent systems capable of
simulating human cognitive functions [9, 10]. Advances
in big data, computational power, and algorithms over
the past two decades have increasingly simplified and
enhanced various aspects of daily life [11]. In health-
care, especially medicine and dentistry, Al's potential
is growing, particularly in diagnostics, treatment plan-
ning, and education [12—14]. The integration of Al into
routine clinical and academic tasks is transforming
healthcare delivery and educational methods, offering
significant benefits to both learners and practitioners
[15, 16]. By processing vast data efficiently, AI models
can offer objective and comprehensive clinical and histo-
pathological analyses, improving treatment strategies and
prognoses [17-19]. Recent studies have demonstrated
that Al-driven approaches, particularly Al-enhanced
cone beam computed tomography (CBCT) analysis, can
significantly improve surgical outcome prediction and
optimize prosthetic load distribution by processing com-
plex anatomical data with greater precision. [20] These
advances enable more accurate preoperative planning
and personalized treatment strategies, ultimately lead-
ing to better patient prognoses and enhanced clinical
outcomes.

Since its release on November 30,2022, ChatGPT by
OpenAl has gained widespread attention for its ability
to engage users in natural, language-based dialogues and
generate diverse content such as essays, summaries, sto-
ries, and code. Trained on a vast collection of text from
books, articles, and websites, it quickly attracted a mas-
sive user base, reaching 100 million users within two
months [21]. As Al tools like ChatGPT become more
integrated into education and clinical practice, assessing
their accuracy and reliability is essential. This is especially
important in fields like dental implantology, where reli-
able knowledge can directly impact patient outcomes.
In this project, we aim to evaluate the quality and clini-
cal relevance of Al-generated responses, exploring their
potential to support learning and decision-making in
dental education and practice.

Clinical decision-making integrates comprehensive
patient-specific evaluations and shared decision-making
models to optimize treatment outcomes [22]. Concur-
rently, evolving educational frameworks in dentistry
increasingly utilize Al tools for enhancing knowledge dis-
semination and clinical training while emphasizing criti-
cal appraisal and ethical use of technology [23-25]. These



Ucar et al. BMC Oral Health (2026) 26:147

multidimensional frameworks provide the foundation
for assessing the applicability and impact of zygomatic
implants and Al in modern dental research and practice.

In this study, we aim to evaluate the performance and
suitability of three prominent AI chatbots ChatGPT,
Claude, and Gemini for providing reliable, understand-
able, and accurate information relevant to dentists and
PhD students. By comparing these models on parameters
such as content quality, readability, and trustworthiness,
our research investigates their potential role as educa-
tional and clinical decision-making aids in modern dental
practice.

Materials and methods

Question development and categorization

The question set used in this evaluation was collabora-
tively developed by four maxillofacial surgery specialists
with extensive clinical expertise in zygomatic implanto-
logy. This expert-driven approach was chosen to ensure
that the questions comprehensively encompass the criti-
cal domains of clinical decision-making, including indi-
cations, surgical technique, complications, prosthetic
planning, and educational considerations. Drawing upon
the collective experience of these specialists aligns with
established practices in consensus-building methodolo-
gies, such as the Delphi technique, to formulate focused
and clinically relevant evaluation items. While the num-
ber of experts was limited, their specialized knowledge
aimed to maximize the content validity and relevance of
the question set for assessing AI chatbot performance
within this complex field.

Tablel. presents the full list of queries formulated for
this project. These questions were designed to compre-
hensively address nine critical domains of treatment
outcomes and clinical decision making in zygomatic
implantology, broadly aligned with the latest Interna-
tional Team for Implantology (ITI) Consensus frame-
work. The ITI Consensus Workshop, held in 2023,
provides evidence based clinical recommendations. By
basing our question set in accordance with these con-
sensus domains, we aimed to ensure clinical relevance
and comprehensive coverage of pivotal topics in con-
temporary implant practice. The domains included indi-
cations, diagnostic approaches, surgical techniques,
complications, prosthetic planning, success and survival
rates, alternatives, educational requirements, and clinical
ethics.

Al-Generated answer collection and expert evaluation

Rater Panel and Scoring Framework: Five independent
raters (three board-certified oral and maxillofacial sur-
geons and two prosthodontists with over 10 years of
clinical experience) evaluated all 38 standardized ques-
tions for each AI model. All raters scored every response
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independently and anonymously to ensure full data
overlap and comparability across models. The evalua-
tion employed three validated metrics: (1) DISCERN, a
15-item tool assessing the reliability and quality of health
information (score range: 15-75); (2) GQS (Global Qual-
ity Scale), a 5-point Likert scale rating overall quality and
educational usefulness (1=poor, 5=excellent); and (3)
Accuracy Rubric, a 5-point expert-derived scale evalu-
ating factual and clinical correctness (1=incorrect or
misleading, 5="fully accurate and clinically applicable).
A summary of the scoring system and interpretation for
each scale has been included in Supplementary Table S1
for reference.

The Al-generated answers analyzed in this study
were collected based on the standardized question set
described above. The responses provided by three large
language models ChatGPT-40, Claude 3.5, and Gemini
1.5 were obtained independently through publicly avail-
able free-tier access as of June 2025. These versions
were selected due to their high popularity and acces-
sibility among dental professionals, researchers, and
students, thereby providing a realistic perspective of Al
performance in everyday clinical education and research
contexts.

Model version and reproducibility clarification

Responses were collected in June 2025 using the publicly
available free-access versions of ChatGPT-4o0 (OpenAl,
May 2025 build), Claude 3.5 (Anthropic, June 2025), and
Gemini 1.5 Pro (Google DeepMind, June 2025). Since
ChatGPT-40 has now evolved into ChatGPT-5, this
temporal limitation is acknowledged in the Discussion
to emphasize the inherent challenge of reproducibility
across evolving Al models.

Design justification

Each question was intentionally entered in a new chat
session to avoid contextual contamination and to simu-
late independent clinical consultations. Although this
design disables the models’ adaptive feedback learning,
it allows standardized evaluation and prevents bias from
cumulative conversation memory.

The accuracy and quality of the Al-generated answers
were then independently assessed by five clinical experts,
including maxillofacial surgeons. These specialists evalu-
ated the responses based on their clinical experience and
current evidence-based literature, including ITI consen-
sus treatment guidelines and best practices. The experts
employed a standardized scoring methodology to objec-
tively quantify the accuracy, comprehensiveness, and
clinical applicability of each answer. This expert-driven
and evidence-based evaluation ensured that the AI
responses were judged not only for factual correctness
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Table 1 Standardized Questions Administered to ChatGPT-40, Claude 3.5, and Gemini 1.5
No. Research Question

=

What are the dafinitive indications for zvgomatic implant placement?

2 Undar what circumstances should zyzomatic implants be prafamred over conventional implants?
3 Which classification systems are vsad in casss of savera maxillacy atropghy?
4  Arszyzomatic implants suitable for patients with a history of zraft failure?

How do zyzomatic implants provida a solution in cases of trauma, tumor ressction, or conganital bons daficiency?
What characterizas the patient profils for whom zyzomatic implant placement is contraindicatad?

Why i3 ths vs2 of Cone Beam Computad Tomogzraphy (CBCT) considarad sssential?

5
6
7  Which radiological imazinz modalitiss should b utilized in the planninz of zyzomatic implants?
8
9

What anatomical considarations must ba taken into account when evaluating the zyzomatic arch?
10 What ar= the current suszical tachniques employvad in zyzomatic implant placement?
11 In whichclinical scenarios should the Quad Zyzoma tachniqus ba implemented?
2 E ths use of a surgical zuida racommendad during zyzomatic implant placement?

13 What positioning strateziss are employed dunng the placement of zyzomatic implants?

14 What ar= the most critical anatomical risks encounterad during sugeny?

15 What are the most commonly observad complications associated with zyzomatic implants?
16 What is the risk of davaloping maxillary sinusitis followinz zyzomatic implant placement?
17 How can naso-orbital or infraorbital nerve injuries be praventad during sugany?

18 What treatment options ara available in cases of zyzomatic implant failura?

19 Should fixed or removable prostheses be preferred on zyzomatic implants?

o

E splintins betwean implants mandatory in prosthatic dasizn?

[

w

What are the lonz-term survival @tz of zyzomatic implants?

WOk B B R R R BD B R B
S O D O e

w
[

L]

w W w W W
e e L

but also for clinical relevance and safety considerations in
real-world dental implantology practice.

Statistical analysis and Al response evaluation

Descriptive statistics including mean, standard deviation,
median, minimum, maximum, and interquartile ranges
were used to summarize the accuracy, quality, and read-
ability metrics of Al chatbot responses across all ques-
tions, domains, and subdomains. The distribution of
median accuracy scores was also calculated to provide a
comprehensive view of performance variability.

E immeadiate loading f2asible, and undar what clinical conditions is it recommendad?
Why i3 ths vs= of long angulatad abutments consider=d important?

According to the systematic review in the ITI report, what is the five-vear succass rate?

E thaere adifference in spcoess rates amons patients who underzo immadiats loading?

Ars zyzomatic implants associated with hizher risks comparad to conventional implants?

How do zyzomatic implants compars with bone grafting combinad with convantional implants?

Which treatment modality is mors effactive in terms of patient satisfaction?

What ar= the differencas in cost, treatmentdusation, and complication ratas batween approachas?

What lavel of surgical experience is required for perfoming zyzomatic implant proceduras?

Which disciplines should ba represantad in the multidisciplinary team msponsible for performing zyzomatic implant procaduras?
What clinical or digital simulation tools ara recommendad for educational purposss in zyzomatic implant trainins?
What lavel of evidence does the cumentliterature provida regarding zyzomatic implants?

Which systematic reviews fomm the basis of the ITI Consansus Report on zyzomatic implants?

Which arsas require further clinical research in the contaxt of zyzomatic implantology?

What 2s32ntial slements should bz includad in the informad consent form for zyzomatic implant procadures?

How should this treatment option be prasentad to patients to ensure informad decision-makins?

Comparisons between the three AI models evaluated
in this study Claude 3.5, Gemini 1.5 Pro, and ChatGPT-
40 were conducted using non-parametric statistical
methods due to the nature of the data distribution. The
Kruskal-Wallis test was used for comparing three or
more independent groups without normal distribution,
followed by post hoc Bonferroni corrections to identify
specific group differences [26—28]. Relationships between
continuous, non-normally distributed variables were
assessed via Spearman correlation coefficients. For cat-
egorical variables where expected sample.
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Inter-rater reliability was calculated using the two-
way random-effects intraclass correlation coefficient
[ICC(2,1)] to assess agreement among raters across all
scoring metrics. The resulting ICC values indicated
excellent reliability for all scales (ICC=0.86-0.91; 95%
CI=0.82-0.93; p<0.001). Non-parametric analyses were
maintained using Kruskal-Wallis tests followed by Bon-
ferroni corrections, and Spearman correlation was used
for ordinal data. Effect sizes (Cohen’s d) were additionally
reported and interpreted as small (0.2), medium (0.5),
and large (0.8) to provide practical significance alongside
p-values. size assumptions were unmet, Fisher’s Exact
test was employed.

All analyses were performed using IBM SPSS Statistics
version 27 and GraphPad Prism version 10 (GraphPad
Software Inc, La Jolla, CA). Statistical significance was
set at p<0.05.

To simulate authentic clinical use and prevent response
bias, each question was entered individually into a new
session or conversation window for each AI chatbot in
June 2025. AI generated responses were recorded sys-
tematically for evaluation.

Three board-certified maxillofacial surgery specialists
independently and anonymously scored the responses,
which were presented in a randomized order to ensure
evaluator blinding.

The evaluation criteria emphasized scientific adequacy,
assessing the accuracy and evidence-based correctness

Table 2 Distribution of Al Response Characteristics by Model

Min.-Maks. Ort+s.s Min.-Maks.
14-25 22,00£2,87 20-25

3-5 4,4910,65 3:5

3-5 441+0,64 3-5

0-80,1 17,01£20,31 4,1-214

4,1-21,4 13,1943,91 0-80,1

*p<0,05
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of each response; ease of understanding, focusing on
the clarity and readability for the intended dental audi-
ence; and overall reader satisfaction, reflecting the use-
fulness and appropriateness of the information provided.
Responses were rated using a 7-point Likert scale, rang-
ing from 1 (Strongly Disagree) to 7 (Strongly Agree).

Readability scores were computed using the Readable
Pro platform (https://app.readable.com/text/), which
automatically applies the Flesch Reading Ease (FRES)
and Flesch—Kincaid Grade Level (FKGL) indices. Each
Al-generated response was uploaded verbatim to the
platform, and results were averaged across all questions.
Scores above 60 for FRES and below grade 8 for FKGL
were considered easily comprehensible, following stan-
dard readability benchmarks.

The FRES score rates text on a scale from 0 to 100,
where higher scores indicate easier readability; values
above 60 are regarded as suitable for general compre-
hension. The FKGL estimates the U.S. school grade level
required to understand the text, with patient-directed
materials ideally not exceeding an eighth-grade reading
level for optimal accessibility. These indices were auto-
matically calculated by Readable Pro based on average
sentence length and syllable count per word, providing an
objective measure of linguistic complexity. A summary of
the distributional structure of all scoring metrics used
in the study is provided in Table 2. Additional category-
level evaluation parameters and scoring characteristics

Ort.#S.S. Min.-Maks. OrtS.S.
23,92+1,61 12-25 21,00+4,33
4,62+0,59 25 3,9540,85
4,62+0,59 25 3,78+1,00
13,1843,91 4,1-21,4 13,17+3,89
17,06+20,35 0-80,1 17,09+20,38
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that informed the analytical framework are presented in
Tables 5, 6, 7, 8. These tables support the methodological
description and are fully interpreted in the Result section

Results

Descriptive statistics including count, percentage, mean,
standard deviation, median, minimum, maximum, and
25th and 75th percentiles were calculated. The Kruskal-
Wallis test was used to compare three or more indepen-
dent groups that did not have a normal distribution. Post
hoc Bonferroni corrections were applied to identify the
specific group or groups causing the differences. Spear-
man correlation coefficients were calculated to examine
relationships between continuous variables that did not
follow a normal distribution. For testing relationships
between categorical variables where the sample size
assumption (expected count>5) was not met, Fisher’s
Exact test was employed. All analyses were performed
using IBM SPSS Statistics version 27. The raw data sup-
porting the findings of this study, including detailed scor-
ing and response characteristics for each Al model, are
provided in the Supplementary Materials for transpar-
ency and further reference (Table 2).

Although Gemini consistently demonstrated higher
mean scores in response quality and accuracy metrics,
the absolute differences among the three AI models were
modest (0.5 on 5-point scales). These variations should
be interpreted as relative trends rather than definitive
indicators of model superiority. Claude and ChatGPT
exhibited comparable but slightly lower performance
across most evaluation domains, while readability scores
remained similar across all models, indicating compara-
ble text complexity and linguistic accessibility.

The distribution of Al response characteristics across
clinical and educational categories is presented in Table
3 and 4. Gemini generally achieved higher mean scores
in quality, accuracy, and clarity metrics across most cat-
egories, particularly in Indications and Patient Selec-
tion, Surgical Technique and Application, and Prosthetic
Planning. Claude and ChatGPT showed comparable
performance in several categories, though ChatGPT
often scored lower in both quality and accuracy mea-
sures. Readability scores remained consistent across all
Al models and categories, indicating similar levels of text
complexity and accessibility in the responses.

The distribution of response characteristics by Al
model is presented in the table, and comparisons were
made using Kruskal-Wallis tests. The analysis revealed
statistically significant differences in DISCERN, GQS,
and Accuracy scores among the Al models (p<0.05).
Bonferroni post hoc tests for DISCERN showed statisti-
cally significant differences between Gemini and both
ChatGPT and Claude groups (p=0.002 and p=0.011,
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respectively). Gemini’s scores were higher than those
of ChatGPT and Claude. No statistically significant
difference was found between ChatGPT and Claude
(p=1.000).

For GQS, Bonferroni tests revealed statistically sig-
nificant differences between ChatGPT and Claude, and
between ChatGPT and Gemini (p=0.011 and p<0.001,
respectively). Both Claude and Gemini had higher scores
than ChatGPT. No significant difference was found
between Claude and Gemini (p =1.000).

For Accuracy, Bonferroni tests found statistically sig-
nificant differences between ChatGPT and Claude, and
between ChatGPT and Gemini (p=0.020 and p<0.001,
respectively). Claude and Gemini had higher scores
than ChatGPT. No significant difference was observed
between Claude and Gemini (p =0.470).

No statistically significant differences were observed
in Flesch Reading Ease Score and Flesch-Kincaid Grade
Level scores among the AI models (p >0.05).

The distribution of response characteristics by Al
model across categories is presented in the table, and
comparisons were made using Kruskal-Wallis tests. The
analysis revealed statistically significant differences in
DISCERN and Accuracy scores among Al models in the
Indications and Patient Selection category; in DISCERN,
GQS, and Accuracy scores in the Surgical Technique and
Application category; in FRES and FKGL scores in the
Success and Survival Rates category; and in FKGL scores
in the Education and Experience Requirements category
(p<0.05).

Bonferroni post hoc tests for the Indications and
Patient Selection category showed statistically signifi-
cant differences in DISCERN scores between Gemini
and both Claude and ChatGPT groups (p=0.049 and
p=0.018, respectively). Gemini’s scores were higher than
those of ChatGPT and Claude. For Accuracy in this cat-
egory, a significant difference was found between Chat-
GPT and Gemini (p=0.023), with Gemini scoring higher.

In the Surgical Technique and Application category,
Bonferroni tests revealed significant differences in DIS-
CERN scores between ChatGPT and Gemini (p =0.049),
with Gemini scoring higher. Significant differences were
also observed in GQS (p=0.006) and Accuracy (p =0.005)
scores between ChatGPT and Gemini, again with Gemini
outperforming ChatGPT.

For the Success and Survival Rates category, Bonferroni
tests showed statistically significant differences in FRES
scores between Claude and both Gemini and ChatGPT
(p=0.018 for both), with Claude scoring higher. Similarly,
FKGL scores in this category were significantly different
between Claude and the other two groups (p=0.018 for
both), with Claude having higher scores.

In the Education and Experience Requirements cat-
egory, Bonferroni tests indicated significant differences
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Table 3 Distribution of Al Response Metrics across Clinical and Educational Domains (DISCERN, GQS, Accuracy, FRES, FKGL)

Category Model DIS- DISCERN GQS GQS Ac- Accuracy FRES  FRES FKGL  FKGL
CERN Mean+SD Min- Mean+SD curacy Mean+*SD Min- Mean+SD  Min- MeanSD
Min- Max Min- Max Max
Max Max
Indications & Patient  Claude 19-25 2154235 4-5 451055 4-5 433+0.52 0-80.1 3312854 4.1- 10.17£3.69
Selection 144
Indications & Patient Gemini 23-25 2433+103 4-5 467+052 4-5 467+052 41— 10.1743.69 0-80.1 3342854
Selection 144
Indications & Patient ChatGPT 18-25 20.83+2.79 3-5 3.83+0.75 3-4 3.67+£0.52 4.1- 10174369  0-80.1 3342854
Selection 144
Diagnostic & Imaging  Claude 25-25 2540 5-5 540 5-5 5+0 0-246 13671253 109- 1244173
Methods 14.3
Diagnostic & Imaging ~ Gemini 22-25 24+1.73 4-5 4674058 4-5 467+0.58 109- 124+1.73 0-246 13.67+12.53
Methods 143
Diagnostic & Imaging ~ ChatGPT 21-25 22674208 4-5 4334058 4-5 4334058 109- 124+1.73 0-246 13.67+12.53
Methods 143
Surgical Technique &  Claude 19-24  216+£195 4-5 464055 4-5 44+055  0-415 13.38+1899 86— 12.8+2.96
Application 15.5
Surgical Technique &  Gemini 23-25 246+089 5-5 5%0 5-5 5+0 8.6— 12.8+£2.96 0-41.5 13.38+18.99
Application 155
Surgical Technique & ~ ChatGPT 16-24 21+4£3.16 3-4  3.8+045 3-4 3.6+0.55 8.6— 12.842.96 0-42.5 13.58+19.36
Application 155
Complications &Risks ~ Claude 20-23  2125+£126 4-5  45%0.58 4-5 4.25+0.5 0-164 4.1+£82 15.38+£2.78
12-188
Complications & Risks ~ Gemini 20-24 22254206 4-5 454058  4-5 4.5+0.58 15384278 0-164 4.1£82
12-188
Complications & Risks ~ ChatGPT 14-25 20+5.83 3-5  4+£1.15 2-5 3.5+1.73 12-188 1538+2.78 0-164 41482
Prosthetic Planning Claude 18-25 21+3.16 3-5  4+082 3-5 4+0.82 0-32  8%16 10.2-  16.23+4.18
19.1
Prosthetic Planning Gemini 20-25 2354238 4-5 45+0.58 4-5 4.5+0.58 10.2—- 16.23+4.18  0-32 8+16
19.1
Prosthetic Planning ChatGPT 14-24  20.75+4.72 3-4  375+05 2-4 3.5+1 10.2—- 16.1£4.17 0-32 8+16
19.1
Success & Survival Claude 20-25 234245 4-5 454058  4-5 454058  21-66.7 34.88+21.51 5.1- 10.08+3.35
Rates 12.3
Success & Survival Gemini 21-25  24+2 3-5  45%1 3-5 4.5£1 5.1- 10.08+3.35 34.88+21.51
Rates 12.3 21-66.7
Success & Survival ChatGPT 14-25 21+497 3-4 37505 2-4 3.5+1 51— 10.0843.35 21-66.7 34.88+21.51
Rates 123
Alternative Treatments Claude 15-23 20+4.36 3-5 4334115 3-5 4334115 13.7-  3133£1823 74— 10.2+2.85
& Comparison 50.1 13.1
Alternative Treatments Gemini 22-25  24+1.73 4-5 467+0.58 4-5 467£0.58 74— 10.2£2.85 13.7-  32+182
& Comparison 13.1 50.1
Alternative Treatments ChatGPT 13-25 1967+6.11  3-5 441 3-5 4+1 74— 10.2+2.85 13.7- 324182
& Comparison 13.1 50.1
Education & Experi- Claude 14-25 21334635 3-5 433x1.15 3-5 433+1.15 0-0 0+0 14.9- 17.9743.27
ence Requirements 214
Education & Experi- Gemini 23-25  24+1 4-5  433+0.58 4-5 433+058  149- 1797327 0-0 0+0
ence Requirements 214
Education & Experi- ChatGPT 24-25 24674058 4-5 467+058 4-5 467+0.58 149- 17974327 0-0 0+0
ence Requirements 214
Clinical Decision Eth-  Claude 21-25 2344219 4-5 462055 4-5 4.6+0.55 0-15 8.28+7.59 12.2- 14.82+2.87
ics & Evidence Level 19.2
Clinical Decision Eth- Gemini 21-25 2424179 3-5 4.6+0.89 3-5 4.6+0.89 12.2— 14824287  0-15 83+7.61
ics & Evidence Level 19.2
Clinical Decision Eth-  ChatGPT 12-25 19.8+7.12  2-5 3.8+1.64 2-5 3.8+1.64 12.6- 149+2.78 0-15 83+7.61
ics & Evidence Level 19.2

Values are presented as minimum-maximum and mean + standard deviation
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Table 4 Comparative Distribution of Al Response Characteristics by Model

M.(%25-%75C.) M.(%25%75C.)

22(21-25) 25(23-25)

5(4-5) 5(4-5)

4(4-5) 5(4-5)

13,3(0-29,2) 13,2(10,9-15,5)

13,2(10,9-15,5) 13,4(0-29,2)

in FKGL scores between Claude and both Gemini and
ChatGPT groups (p=0.017 for both), with Claude scor-
ing higher.

The distribution of GQS and Accuracy scores by Al
model is presented in the table, and their associations
were analyzed using Fisher’s Exact tests. The analysis
revealed statistically significant relationships between
AI models and both GQS and Accuracy scores (p <0.05).
The proportion of responses with a GQS score of 5 was
higher in Claude (56.8%) and Gemini (67.6%) models,
while this rate was lower in ChatGPT (27%). Responses
with an Accuracy score of 2 were observed only in Chat-
GPT (16.2%) and not in the other models. The propor-
tion of responses with an Accuracy score of 5 was higher
in Gemini (67.6%) and Claude (48.6%) models, while it
was lower in ChatGPT (24.3%).

The distribution of GQS and Accuracy scores by Al
model across categories is presented in the table, and
their associations were analyzed using Fisher’s Exact
tests. The analysis revealed statistically significant rela-
tionships between AI models and both GQS and Accu-
racy scores in the Surgical Technique and Application
category (p<0.05). The proportion of responses with a
GQS score of 5 was 100% in Gemini, 60% in Claude, and
0% in ChatGPT. The proportion of responses with an
Accuracy score of 5 was 100% in Gemini, 40% in Claude,
and 0% in ChatGPT.

The relationships among quality-related scores for Al
types were examined using Spearman Correlation tests.

M.(%25-%75C.) Test iswtisii P

13,256 0,001*

22(18-25)
15,583 <0,001*

4(35)
17,602 <0,001*

4(3-4)
0,073 0,964

13,2(10,9-15,5)
0,077 0,962

13,4(029,2)

For Claude, analyses revealed positive and strong cor-
relations between DISCERN and both GQS and Accu-
racy (r=0.782 and r=0.782; p<0.05). A positive and
strong correlation was also found between GQS and
Accuracy (r=0.881; p<0.05). A very high negative cor-
relation was calculated between FRES and FKGL (r =
-0.964; p<0.05).

For Gemini, analyses showed statistically significant,
positive, and strong correlations between DISCERN and
both GQS and Accuracy (r=0.883 and r=0.883; p <0.05).
A statistically significant, positive, and perfect correla-
tion was found between GQS and Accuracy (r=1.000,
p<0.05). A statistically significant, negative, and strong
correlation was observed between Flesch Reading Ease
Score (FRES) and Flesch-Kincaid Grade Level (FKGL) (r
= -0.964, p<0.05) (Figs. 1, 2, 3, 4).

For ChatGPT, analyses showed statistically significant,
positive correlations at high/moderate levels between
DISCERN and GQS, Accuracy, and FRES (r=0.933;
r=0.882; r=0.417; p<0.05). A statistically significant,
negative, and moderate correlation was found between
DISCERN and FKGL (r = -0.437; p<0.05). Positive and
strong correlations were discovered between GQS and
both Accuracy and FRES; while FKGL had a negative
and moderate correlation (r=0.954; r=0.391; r = —-0.420;
p<0.05).

Statistically significant, positive, and moderate cor-
relations were found between Accuracy and FRES; and
negative, moderate correlations with FKGL (r=0.351; r
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-0.376; p<0.05). A statistically significant, high-level,
negative correlation was calculated between FRES and

FKGL (r = -0.965; p <0.001).

Discussion

Artificial intelligence-driven chatbots have established a
presence across diverse sectors including finance, edu-
cation, and customer support, and their application in

17 18

9
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healthcare is now gaining significant research attention
[25].

People are increasingly turning to the Internet and
social media platforms to seek medical information
due to ease of accessibility, lower costs, and a desire to
become more informed [23]. Patients often consult
online resources and social media before seeking pro-
fessional healthcare advice, which raises important
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Implant Queries

questions about the reliability and accuracy of the infor-
mation they receive. In this context, Al powered chatbots
like ChatGPT have gained attention as potential tools
for patient education and clinical decision support. This
study highlights that while Al models such as ChatGPT-4
demonstrate improved performance over earlier versions
like ChatGPT-3, there are notable limitations particularly
regarding accuracy, detail orientation, and the ability to
interpret or analyze images. Previous literature has noted
that the older ChatGPT-3 model [25], trained on data up
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i

to 2021, lacked the capability to process visual inputs and
often provided generalized or incomplete information,
which could contribute to misinformation.

Although newer Al models such as ChatGPT-4 have
introduced advanced features including potential image
analysis capabilities, their current application remains
largely focused on generating descriptive natural lan-
guage responses. In highly specialized fields like oral and
maxillofacial surgery, these models still face challenges
regarding consistency, depth of understanding, and
clinical nuance. Our findings align with broader reports
highlighting variability in Al-generated content quality.
Given these considerations and inherent limitations, it is
premature to assert that Al currently offers transforma-
tive advantages in education or clinical decision-making.
Careful evaluation and cautious implementation remain
essential to mitigate risks of misinformation and medico-
legal concerns.

The evaluation of Al generated responses on health-
care questions provides valuable insights into the capa-
bilities and limitations of these models as potential
clinical decision aids and educational tools. In this study,
over 90% of responses from ChatGPT yielded ratings
above the “poor” level, with many classified as “fair” or
“good,” suggesting a moderate level of accuracy and clini-
cal relevance. These findings align with prior research
assessing ChatGPT’s utility in contexts such as otoscle-
rosis surgery, where the majority of Al responses were
deemed satisfactory by expert reviewers. For example,
Sahin et al. observed that ChatGPT generally produces

2

mAccuray W FRES MFKGL
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effective advice, though some responses lack detailed
contextualization.

Similarly, our results indicate that while AI can offer
generally reliable information, certain answers particu-
larly those related to postoperative care may lack speci-
ficity and depth, highlighting important areas for ongoing
improvement and refinement. As such, these findings
should be interpreted cautiously, recognizing both the
potential and current limitations of Al systems in com-
plex clinical settings.

The readability analysis revealed that despite reason-
able accuracy, the complexity of the generated texts may
present comprehension challenges for certain patient
groups or individuals with limited health literacy. This
aligns with prior research emphasizing the need to sim-
plify Al-generated outputs to improve accessibility with-
out compromising informational integrity. Our findings,
consistent with previous studies in dental and maxillo-
facial contexts, highlight variability in performance both
across Al models and within different clinical domains
such as indications, surgical techniques, and patient edu-
cation. While models like Gemini tend to demonstrate
somewhat better accuracy and reliability in our evalua-
tion, these differences are often modest and underscore
the ongoing need for refinement to enhance Al’s practical
utility in diverse educational settings.

In this study, we aimed to evaluate the performance of
AI chatbots in providing reliable and clinically relevant
information related to dental implantology. While tools
like Copilot are notable in the Al landscape, especially for
coding and technical tasks, their applicability in medical
education and clinical decision making remains limited.
Therefore, we did not include Copilot in our evaluation.
Instead, we selected models specifically designed or fine
tuned for medical and educational purposes namely,
ChatGPT, Gemini, and Claude due to their widespread
popularity, accessibility, and documented capabilities in
healthcare related content [17].

ChatGPT is extensively used and well known for its
usability and vast data training, which makes it a com-
mon reference point (as seen, for example, in studies like)
[10, 12, 19]. However, recent advancements and reports
highlight the superior performance of newer models
such as Gemini and Claude, particularly in medical and
educational domains. These models have demonstrated
significant strengths in understanding complex clinical
contexts, providing more accurate, comprehensive, and
nuanced responses advantages that are critically impor-
tant in dental and medical education.

Consistent with previous literature, our results indicate
that the Gemini and Claude models generally provided
responses rated higher than those of ChatGPT across
multiple metrics, including accuracy, comprehensive-
ness, and clinical relevance. As presented in Tables 4 and
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5, Gemini and Claude achieved statistically significantly
higher median scores in DISCERN, GQS, and accu-
racy evaluations compared to ChatGPT. For instance,
within the domain of indications and patient selection,
Gemini obtained a median DISCERN score of 25, which
was significantly greater than ChatGPT’s 20.5 (p<0.05).
Similarly, in categories such as surgical techniques and
educational content, Gemini and Claude consistently
outperformed ChatGPT with statistically significant dif-
ferences (p <0.05) (Tables 6, 7, 8).

However, it is important to interpret these differences
with caution. The absolute differences in mean or median
Likert scale scores between models were often modest,
frequently less than 0.5 on a 5-point scale. While statis-
tically significant, the clinical relevance of these small
effect sizes may be limited. Incorporating effect size
measures such as Cohen’s d and confidence intervals
into future analyses would enhance the meaningfulness
of these results for clinical audiences by quantifying the
magnitude and precision of the observed differences.

Likert-type scales, commonly used in medical and den-
tal research for subjective evaluations, produce ordinal
data where the numeric differences do not always corre-
spond to equal intervals of meaningful change. Therefore,
modest numeric differences, even if statistically signifi-
cant, may not translate directly into a clinically impor-
tant improvement or meaningful difference in AI chatbot
performance.

In this context, incorporation of effect size measures
(e.g., Cohen’s d) and confidence intervals alongside p-val-
ues would provide a more comprehensive understanding
of the magnitude and precision of the differences. This
additional statistical reporting would help clinicians and
educators better interpret whether improvements reflect
substantive advances in Al quality or merely subtle varia-
tions detectable in a controlled study population.

Despite demonstrating a trend for higher performance
by the Gemini model, the fluctuating accuracy and varia-
tion within domains suggest that no AI model currently
offers a definitive advantage across all clinical decision
making aspects in zygomatic implantology. This variabil-
ity highlights ongoing challenges in applying Al as reli-
able, standalone educational or clinical decision support
tools. Consequently, the role of Al in dental education
and practice should be considered supplementary and
supportive, contingent on rigorous validation, continual
assessment, and clear guideline development.

Despite these encouraging results, significant gaps
remain in the current capabilities of AI models. Limita-
tions such as restricted question scope, lack of multi-
modal input processing (e.g., imaging), and the absence
of longitudinal clinical validation reduce their immediate
applicability for autonomous clinical decision-making.
The complexity and variability of dental implant scenarios
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Table 5 Comparative Analysis of Al Response Metrics across Clinical and Educational Categories (Only representative results. Full
statistical analysis in Supplementary Table S5.)

*Values are presented as median (25th-75th percentile). Significant results are marked with p < 0.05. Full detailed results across all categories are provided in
Supplementary Table S5

Table 6 Distribution and Association of GQS and Accuracy Scores by Al Model

Gemini ChatGPT

n % %A Test Statistic p

2a 100,0 54 15,443 0,007*

8a 61,5 216

17a 42,5 45,9

10b 17,9 27,0

6b 100,0 16,2 20,259 <0,001*

5a 50,0 13,5

17a 39,5 45,9

9a 173 24,3

*p < 0.05; %: Row percentage and %Al: Column percentage for Al types; different letters indicate statistically significant differences between column percentages
within the same row
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Table 7 Category-Wise Distribution and Correlations of GQS and Accuracy Scores by Al Model(Only representative results. Full
statistical analysis in Supplementary Table S7.)

*p < 0.05; %: Row percentage and %Al: Column percentage for Al types; different letters indicate statistically significant differences between column percentages
within the same row

Table 8 Pearson Correlation Coefficients (r) and Significance (p) Between DISCERN, GQS, Accuracy, FRES, and FKGL Scores Across Al
Models

Accuracy

*p < 0.05, r: Correlation coefficient, ** Pearson Correlation
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require further refinement of Al educational models, as
well as integration with expert oversight to ensure safe,
reliable, and contextually appropriate guidance.

The representativeness of the question set relative to
the full spectrum of clinical decision making remains
uncertain due to the absence of a validated, standard-
ized question bank specific to zygomatic implantology.
The complexity of these cases and the evolving nature of
treatment protocols contribute to this challenge. Addi-
tionally, current frameworks such as the recent Interna-
tional Team for Implantology (ITI) consensus provide
structured guidance but do not offer comprehensive
question repositories for systematic assessment.

Therefore, the external validity and generalizabil-
ity of the findings are constrained to the scope of the
selected queries. Future research would benefit from the
development and utilization of larger, validated ques-
tion repositories that can better capture the breadth of
clinical scenarios and decision points. Such repositories
would enhance the evaluation of Al tools across diverse
clinical cases and improve the robustness of performance
assessments.

Future research should focus on expanding Al evalua-
tion frameworks, enhancing model adaptability to diverse
clinical cases, and developing standardized assessment
protocols that include multimodal data. With contin-
ued improvement and rigorous validation, AI models
have the potential to become valuable, trusted adjuncts
within dental education and clinical workflows, aug-
menting practitioner expertise and supporting optimal
patient outcomes. To contextualize these findings, recent
literature has addressed the growing role of Al-driven
tools in implant planning and execution. For example,
Marini et al. (2024) provided a comprehensive systematic
review on the use of artificial intelligence in computer-
ized implant placement, highlighting how AlI-enhanced
CBCT analysis can improve surgical outcome prediction
and optimize prosthetic load distribution (Marini et al.,
2024). Including this evidence aligns the present study
with current advancements in predictive and computer-
guided implantology, reinforcing the potential for Al-
based systems to inform both preoperative assessment
and intraoperative decision-making [20].

While this study situates the evaluation of Al chat-
bots within recognized frameworks such as the ITI
Consensus on zygomatic implants, there is a limita-
tion in fully integrating AI response assessments with
the broader, nuanced body of implantology literature
and clinical practice standards. Specifically, our analysis
primarily focuses on comparing Al-generated answers
against selected expert questions and consensus guide-
lines without deeply exploring how chatbot responses
align or diverge from the established surgical protocols,
complication management strategies, and real-world
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clinical decision-making intricacies in zygomatic implant
therapy.

Recent advances in artificial-intelligence-based surgical
planning, particularly in CBCT-guided and 3D model-
driven zygomatic implant placement, demonstrate the
growing relevance of Al in clinical decision support. AI-
assisted systems now incorporate predictive algorithms
for surgical trajectory optimization, bone-density map-
ping, and risk assessment, contributing to more accu-
rate implant positioning and complication prevention.
Integration of these algorithms into digital CAD/CAM
workflows can facilitate pre-operative visualization,
enhance prosthetic accuracy, and support individualized
treatment planning. Such developments emphasize the
translational bridge between educational language-model
evaluations and real-world clinical applications of Al in
maxillofacial surgery.

To illustrate model behavior in a complex scenario, the
authors simulated an edentulous maxilla with previous
sinus graft failure and pneumatized sinuses. The prompt
“Outline a treatment plan using zygomatic implants” was
submitted to all three AI models. Gemini proposed both
intra- and extra-sinus trajectories with appropriate cau-
tion on posterior cantilever length; Claude offered partial
guidance on sinus access and bone anchorage; ChatGPT
produced a generalized response lacking risk stratifi-
cation. This example highlights the variable depth and
clinical precision of the models, reinforcing the need for
expert oversight in interpretation.

To further assess educational value, responses were
evaluated on three structural indicators: (1) presence of
a pre-operative checklist (CBCT landmarks, sinus sta-
tus, and zygomatic window planning), (2) intra-operative
sequence with contingency decisions (e.g., handling soft
bone at the malar buttress), and (3) post-operative sur-
veillance guidance. Mean educational rubric scores were
2.4+ 0.5 for Gemini, 2.1+0.6 for Claude, and 1.7 +0.4 for
ChatGPT. These findings suggest that while readability is
comparable, the structural clarity and didactic organiza-
tion of responses differ across models.

This gap limits the ability to fully appraise the clinical
relevance and potential practical impact of Al assistance.
Future studies should aim for a more comprehensive
synthesis that contextualizes Al output within the rich,
evolving implantology literature, including variable clini-
cal scenarios, patient specific factors, and multidisci-
plinary treatment considerations. Such integration would
enhance the translational value of Al assessments from
theoretical performance metrics toward validated clinical
utility.

This study’s statistical approach aligns with best prac-
tices in medical education research, but further refine-
ment in reporting and interpretation of clinical relevance
is warranted for broader applicability of findings. Future
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work should also consider user centered outcome mea-
sures and real-world impact assessments to better con-
textualize the importance of observed score differences.

Al-generated responses must not be used for autono-
mous surgical planning, unsupervised patient-specific
postoperative advice, or imaging interpretation. These
tools are intended solely as educational and supportive
aids under qualified clinician supervision. Departments
may adapt this “safe-use” framework as a policy state-
ment to guide responsible application of Al chatbots in
dental and surgical training.

Conclusions

While numerical performance differences between mod-
els were small, their qualitative impact becomes clearer
when analyzed through real surgical examples. Trans-
lating statistical results into clinical language such as
omission of sinus-care steps or incomplete prosthetic
guidance makes the findings directly relevant to educa-
tors and implant surgeons.

In summary, this study highlights differences in diag-
nostic and informational performance among the Al
models Gemini, Claude, and ChatGPT in the context of
dental implantology, with a specific focus on complex
cases involving zygomatic implants While the Gemini
model generally demonstrates a trend toward higher
scores in accuracy and overall response quality compared
to Claude and ChatGPT, many of the observed differ-
ences on 5-point Likert scales are relatively small and
fall within close ranges across all evaluated AI models.
Therefore, it is more appropriate to state that Gemini
appears to exhibit somewhat higher performance rather
than asserting definitive superiority. This nuanced inter-
pretation acknowledges the overlapping confidence in
performance metrics and encourages cautious consider-
ation of these findings, especially given the inherent vari-
ability in subjective scoring and the complex nature of
clinical information evaluation.

The current analysis evaluated the free, publicly acces-
sible versions of ChatGPT-40, Claude 3.5, and Gemini
1.5 at a single time point. While Gemini demonstrated
superior performance in accuracy, quality, and clini-
cal relevance across multiple assessment domains, it
is important to acknowledge the dynamic and rapidly
evolving nature of Al language models. Frequent updates,
changes in access tiers, and ongoing model retraining can
substantially affect AI outputs over time. Consequently,
the reproducibility and generalizability of these findings
are inherently limited.

This study highlights the potential for Al chatbots to
support dental education and clinical decision-making
in the future. However, thoughtful integration into cur-
ricula and practice is essential, relying on robust vali-
dation, continuous evaluation, and clear guidelines.
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Considerable variability between models and clinical top-
ics indicates the need for further refinement, research,
and development before Al tools can be reliably adopted
in real-world settings.

Future research should track AI model performance
over time across versions and access tiers, with trans-
parent version control and reporting to ensure repro-
ducibility. Until such comprehensive validation exists,
interpretations based on single-time-point assessments
should be made cautiously. Continuous monitoring and
rigorous validation are critical to safely incorporating Al
into educational and clinical environments.
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