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Can Atrtificial Intelligence Chatbots (ChatGPT,
DeepSeek, Copilot, and Claude) Accurately Inform
Patients About Subperiostal Jaw Implants?

Selin Gas, DDS, PhD,* Tugce Paksoy DDS," Cemre Cegen, DDS *
Sevda Altinay Uncu, DDS," and Firat Selvi DDS, PhD*

Background: Severe jawbone atrophy often limits the use of
conventional dental implants. Modern 3D imaging and CAD/
CAM technologies have revitalized subperiosteal implants as a
customized alternative for these challenging cases. As Al
chatbots (ChatGPT, Claude, DeepSeck, and Copilot) increas-
ingly serve as patient information tools, evaluating the accu-
racy and clarity of their explanations about such complex
procedures has become essential.

Objective: This study aimed to evaluate the accuracy, reli-
ability, readability, actionability, understandability, and prac-
tical usefulness of responses provided by Al chatbots to patient
questions about subperiosteal jaw implants.

Methods: The authors evaluated 4 Al-based chatbots
(ChatGPT, DeepSeck, Copilot, and Claude) by submitting
frequently asked questions on subperiosteal jaw implants in
independent sessions to avoid data leakage. Responses were
compiled, duplicates removed, and refined for clarity. Two
independent experts assessed the outputs using validated tools:
accuracy (5-point Likert), reliability (CLEAR criteria), quality
(mGQS), readability (FRE, FKGL), usefulness (4-point scale),
and understandability/actionability (PEMAT).

Results: DeepSeek, Claude, and ChatGPT produced more
understandable, actionable, and higher-quality responses than
CoPilot, with DeepSeek performing the best overall. Across all
models, clarity, mGQS, and accuracy were strongly aligned,
while usefulness was inversely related. Readability and ac-
tionability-understandability correlations showed consistent
patterns, with the strongest positive link observed in DeepSeek.
Conclusion: AI chatbots, such as DeepSeek, Claude, and
ChatGPT, can provide accurate and understandable in-
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formation about the subperiosteal jaw implants, though prac-
tical guidance and readability remain limited. Domain-specific
training and integration with authoritative dental resources
may enhance their clinical utility and patient education po-
tential.

Key Words: Al chatbots, artificial intelligence, chatGPT,
DeepSeek, subperiosteal implants
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Dental implants have become a popular and effective sol-
ution for restoring missing teeth over the past 50 years,
with endosseous implants being the most commonly used type.
However, their effectiveness is limited by surrounding ana-
tomic structures and challenges such as severe bone atrophy or
bone resection.! While recent advancements in implant design
and various surgical techniques like sinus lifting have provided
solutions for maxillary atrophy, the mandible lacks similar
options for regional anchorage, making bone augmentation
technically challenging and unpredictable.>® Subperiosteal jaw
implants have emerged as a contemporary solution to avoid
these complications. Modern approaches using 3D radiographs
and CAD/CAM-supported manufacturing have addressed
traditional fabrication limitations, offering advantages such as
the elimination of donor site morbidity, reduced surgical time,
and suitability for patients with significant bone defects due to
trauma or oncological treatments.”!

Artificial intelligence (AI) has evolved rapidly, with break-
throughs in deep learning presenting transformative oppor-
tunities to revolutionize health care practices.!3"!> AI chatbots
are gaining popularity among health care professionals and
patients for accessing medical and dental information, offering
24/7 availability and quick responses.!®!” However, concerns
about incorrect answers and misleading information raise
questions about their reliability in health care settings.'8:!°

While patients are beginning to understand endosseous
implants, comprehending the complex design of subperiosteal
jaw implants may be challenging. The purpose of this article is
to examine the questions patients most frequently ask Al
chatbots (ChatGPT, Claude, DeepSeck, and Copilot) about
subperiosteal implants and investigate the accuracy of the re-
sponses.

METHODS

This study was conducted in accordance with the principles
outlined in the Declaration of Helsinki and did not require
approval from an ethics committee.
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We asked ChatGPT 4 (https://chat.openai.com/), DeepSeek
(https://chat.deepseek.com/), Copilot (https://copilot.microsoft.
com/), and Claude (https://claude.ai/new), 4 different Al-based
chatbots, what are the most frequently asked questions about
subperiosteal implants? Each question was submitted in-
dependently through the user interface of the respective chat-
bot. To mitigate the risk of data leakage and to ensure that
prior queries and responses did not influence subsequent out-
puts, a new conversation window was initiated for each ques-
tion. This procedure was used to closely approximate the
conditions of real-world patient inquiries. The responses were
recorded and evaluated in terms of accuracy, quality, reli-
ability, readability, and usefulness.

All 24 questions derived from the online tool and the expert
panel were consolidated into a single Excel spreadsheet. Two
authors independently reviewed the items to identify and re-
move duplicates as well as semantically equivalent questions.
The remaining items were subsequently assessed for gram-
matical accuracy and clarity, and any linguistic or stylistic
deficiencies were corrected.

Thereafter, 2 independent experts evaluated all Al-gen-
erated responses. The evaluation used the CLEAR criteria,
assessments of usefulness, the modified Global Quality Score
(mGQS), accuracy ratings, the Likert scale, 2 standard read-
ability indices, which are the Flesch Reading Ease (FRE), and
the Flesch-Kincaid Grade Level (FKGL), and the Patient
Education Material Assessment Tool (PEMAT).

PEMAT was used to evaluate the understandability and
actionability of chatbot responses. The PEMAT provides a
systematic framework for assessing and comparing patient
education materials.?” Materials are considered understandable
when individuals from diverse backgrounds and with varying
levels of health literacy can process and explain the key mes-
sages. Materials are considered actionable when such in-
dividuals can identify specific actions to take based on the
information provided. The PEMAT consists of 2 domains. The
understandability domain includes 19 items, each scored as 1
(agree), 0 (disagree), or NA (not applicable). The actionability
domain comprises 7 items, scored in the same manner. For
both domains, scores are calculated as percentages ranging
from 0% to 100%, with higher values indicating greater un-
derstandability or actionability.?® The chatbot’s answers are
completely incorrect; Score 2 means the chatbot’s answers
contain more incorrect items than correct items; Score 3 means
the chatbot’s answers contain an equal balance of correct and
incorrect items; Score 4 means the chatbot’s answers contain
more correct items than incorrect items, and Score 5 means the
chatbot’s answers are completely correct.

Accuracy was evaluated using a 5-point Likert scale.?!?2 On
this scale score 1: the chatbot’s answers are completely in-
correct; score 2: the chatbot’s answers contain more incorrect
items than correct items; score 3: the chatbot’s answers contain
an equal balance of correct and incorrect items; score 4: the
chatbot’s answers contain more correct items than incorrect
items; and score 5: the chatbot’s answers are completely cor-
rect.

Reliability was operationalized through the CLEAR cri-
teria, which encompass 5 evaluative domains: completeness of
content, absence of false information, evidence-based support,
appropriateness of information, and relevance to the topic.2
Each domain was rated on a scale from 1 to 5, with 1 repre-
senting “very poor” and 5 representing “excellent.” The total
CLEAR score ranged from 5 to 25, where scores between 5 and
11 indicated low quality, 12 and 18 moderate quality, and 19
and 25 high quality.
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The quality of the responses was assessed using the Global
Quality Scale (GQS), a 5-point scoring system that has been
widely applied in previous research.2*2

Readability was evaluated using 2 widely recognized mea-
sures commonly used in the literature: the Flesch Reading Ease
(FRE) and the Flesch-Kincaid Grade Level (FKGL), both
calculated via an online tool (Readable Pro: https://app.
readable.com/text/).?® The FRE produces scores ranging from
0 to 100, with lower values reflecting greater textual complexity
and reduced readability.?” The FKGL, in contrast, assigns
scores from 0 to 18, each score indicating the number of years
of formal education required to understand the material.”
According to the recommendations of the American Medical
Association (AMA) and the National Institutes of Health
(NIH), patient education materials should be written at or
below a sixth-grade reading level.

The usefulness of each response was rated using a 4-point
scale, where 1 denoted “very useful” and 4 denoted “not use-
ful,” based on the extent to which the content contributed to
understanding by patients or health care professionals.? In this
study, the usefulness of Al-generated responses was evaluated
using a 4-point scale, which classifies responses as: (1) very
useful (comprehensive and correct information comparable to
that provided by a subject specialist); (2) useful (accurate but
lacking some essential details); (3) partially useful (includes
some correct content alongside incorrect or misleading ele-
ments); and (4) not useful (contains only incorrect or mis-
leading information without any accurate content).

The DISCERN scale, a 3-component instrument, has been
used in prior research to assess the reliability and quality of
online health information. The 8 questions of the modified
DISCERN scale assess the following:

Clarity of objectives.

Achievement of objectives.

Level of relevance.

Which information sources were used?

When the information used or reported was produced.
Balance and impartiality.

Details of additional support and information sources.
References to areas of uncertainty.

i BN

For each question in the modified DISCERN scale, no is
scored as 1; partial answer as 2, 3, 4; and yes as 5, and the total
score is thus calculated.?’

Statistical Analysis

Descriptive statistics (mean, SD, median, and interquartile
range) were calculated. Normality was assessed using the
Shapiro-Wilk test. For comparisons among 3 or more non-
normally distributed independent groups, the Kruskal-Wallis
test was applied, followed by Bonferroni-adjusted post hoc
analyses. Associations between non-normally distributed con-
tinuous variables were examined using the Spearman rank
correlation. All analyses were conducted with IBM SPSS ver-
sion 27.

RESULTS

The distributions of response characteristics by Al type are
summarized in Table 1, Supplemental Digital Content 1, http://
links.lww.com/SCS/J22. Kruskal-Wallis tests revealed statisti-
cally significant differences among Al types in Under-
standability, actionability, and DISCERN scores (P <0.05).
Post hoc Bonferroni analyses revealed that for Under-
standability, DeepSeek achieved significantly higher scores
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than both ChatGPT (P=0.003) and Copilot (P<0.001). For
Actionability, ChatGPT, Claude, and DeepSeek each scored
significantly higher than Copilot (P=0.011, 0.015, and 0.020,
respectively). Regarding DISCERN scores, both ChatGPT and
DeepSeck outperformed Copilot (P=0.001 and 0.041, re-
spectively).

Spearman correlation analyses for all AI chatbots
(Tables 2-5, Supplemental Digital Content 1, http://links.lww.
com/SCS/J22) revealed consistent statistically significant pat-
terns (P <0.05) across ChatGPT, Claude, Copilot, and Deep-
Seek. All Al types demonstrated very strong to perfect positive
correlations between the CLEAR score and both GQS and
Accuracy scores, alongside strong to perfect negative associa-
tions between these measures and the Usefulness score. Mod-
erate to strong positive correlations were consistently observed
between quality measures (CLEAR, GQS, and Accuracy) and
DISCERN score, while Usefulness score showed moderate
negative associations with DISCERN. Flesch Reading Ease
Score was negatively correlated with Flesch Reading Grade
Level across all Al types. In addition, strong to very strong
positive associations were found between Understandability
percentage and Actionability percentage for Claude and
DeepSeek, with a moderate positive association for ChatGPT.

DISCUSSION

This study evaluated ChatGPT, DeepSeek, Claude, and Co-
pilot in providing information on subperiosteal jaw implants.
Ensuring accurate and understandable communication is es-
sential for clinicians and patients, and Al chatbots—accessible
through simple web interfaces—offer quick and convenient
information, potentially improving health care accessibility and
patient engagement.

The CLEAR tool effectively assessed the reliability of Al-
generated responses, showing strong correlations with GQS
and accuracy across all models, consistent with previous
findings.30-3! DeepSeek and Claude achieved the highest cor-
relations (p=0.986-0.988), followed by ChatGPT, while Co-
pilot performed the weakest (p=0.959). The inverse
relationship between reliability and usefulness suggests that
highly accurate content may not always translate into greater
practicality for users.

In terms of GQS, Claude and ChatGPT achieved the best
results, followed by DeepSeek, while Copilot performed the
poorest—aligning with most prior studies.??3%32 Contradictory
results by Dursun et al’® may reflect topic-specific variation.
Accuracy followed a similar pattern: ChatGPT and Claude
scored highest (4.48£0.71), DeepSeek slightly lower
(4.32+0.95), and Copilot lowest (3.92£0.91). Consistent with
earlier work, domain-specific models such as Dental GPT and
ChatGPT-ol outperformed general-purpose LLMs.3*3¢
However, fabricated references remain a recurring
limitation.37-38

Usefulness ratings were generally low, with Copilot rated
most practical but least reliable. Claude’s responses were most
readable (grade 6-7), while ChatGPT’s were most complex
(postgraduate level), echoing earlier findings that Al-generated
medical content often exceeds recommended readability for
patient education.30:3:40

DeepSeek achieved the highest DISCERN scores
(28.52 +18.82), followed by ChatGPT and Claude, confirming
its reliability. Consistent with previous research,?3%34 all
chatbots demonstrated high understandability but limited ac-
tionability, highlighting that while Al-generated responses are
informative, they often lack practical guidance for patients.
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Overall, ChatGPT, Claude, and DeepSeek provided accu-
rate and reliable dental information, while Copilot under-
performed across most metrics. Despite strong results,
limitations such as language restriction, readability, and ref-
erence fabrication remain. Al chatbots should therefore com-
plement, not replace, professional expertise. Continued
refinement and domain-specific development are essential to
improve their accuracy, transparency, and usability in dental
education and patient communication.

CONCLUSION

Al chatbots demonstrate considerable potential in providing
information about subperiosteal implants, a complex dental
treatment for patients with severe alveolar bone loss. DeepSeek
and Claude consistently produced the most reliable and un-
derstandable outputs, while ChatGPT delivered highly accu-
rate information with moderate actionability, albeit
inconsistently. CoPilot generally underperformed across reli-
ability, quality, readability, and actionability metrics.

Given the intricate nature of subperiosteal jaw implants,
accurate and understandable patient education is critical.
While AT chatbots can support learning and decision-making,
limitations in readability, actionability, and citation reliability
indicate that human oversight remains essential.

Future improvements should focus on enhancing the prac-
tical guidance of Al-generated content, simplifying language
for patient comprehension, integrating domain-specific data
sets, and linking outputs to authoritative dental and medical
sources. Such developments will maximize the clinical utility,
safety, and accessibility of Al tools in educating patients and
supporting clinicians regarding subperiosteal implant therapy.
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