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Abstract

As the use of artificial intelligence (AI) chatbots for medical queries expands, their reliability
may vary as models evolve. We longitudinally assessed the quality, reliability, and readabil-
ity of information on temporomandibular disorders (TMD) generated by three widely used
chatbots (ChatGPT, Gemini, and Microsoft Copilot). Ten TMD questions were submitted
to each chatbot at two timepoints (T1: February 2024; T2: February 2025). Two blinded
evaluators independently assessed all answers using validated tools like the Global Quality
Score (GQS), PEMAT, DISCERN, CLEAR, Flesch Reading Ease (FRE), and Flesch-Kincaid
Grade Level (FKGL) tools. Analyses followed METRICS guidance. Comparisons between
models and across timepoints were conducted using non-parametric tests. At T1, Copilot
scored significantly lower in GQS, CLEAR appropriateness, and relevance (p < 0.01), while
ChatGPT provided less evidence-based content than its counterparts (p < 0.001). Reliability
was poor across models (mean DISCERN score: 34.73 + 9.49), and readability was difficult
(mean FRE: 34.64; FKGL: 14.13). At T2, performances improved across chatbots, particu-
larly for Copilot, yet actionability remained limited and citations were inconsistent. This
year-long longitudinal analysis shows an overall improvement in chatbot performance,
although concerns regarding information reliability persist. These findings underscore
the importance of human oversight of Al-mediated patient information, reaffirming that
clinicians should remain the primary source of patient education.

Keywords: temporomandibular disorders; patient education; artificial intelligence;
orofacial pain; Internet use

1. Introduction

Temporomandibular disorders (TMD) encompass a heterogeneous group of condi-
tions affecting the temporomandibular joint, the masticatory muscles, and associated
structures [1]. Mainly characterized by pain and dysfunction in the masticatory system [2],
TMD represents the most prevalent source of chronic pain of non-dental origin in the
orofacial region [3], with a global prevalence ranging from 5% to 12% [4]. Their etiology is
multifactorial, taking into account both organic and psychosocial components [2]. Given
the absence of a single causal factor and the natural fluctuation of symptoms over time,
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TMD management should adhere to a stepped-care model, initially prioritizing conserva-
tive approaches such as cognitive-behavioral therapy, habit reversal, patient education,
self-management, and physical therapy [3]. TMD represents the second most prevalent
chronic musculoskeletal disorder [5], and individuals with chronic conditions are among
the most frequent seekers of online health information [6]. This highlights the importance
of evaluating the quality and accuracy of patient education on TMD. The increasing reliance
on the Internet for medical information stems from its convenience and accessibility [7].
However, online sources vary widely, ranging from peer-reviewed scientific literature and
authoritative medical websites to blogs and social media content, leading to a heteroge-
neous quality of available information [8-10]. A recent advancement in online patient
education is the integration of artificial intelligence (Al)-driven chatbots, which leverage
large language models (LLMs) to understand user queries and generate responses in a chat
interface [11]. These systems have been trained on extensive multilingual datasets and
are capable of producing human-like informational content [12,13]. Al-powered chatbots
can be employed for various purposes, including information retrieval on specific topics,
the generation of educational or entertainment content, customer support, and healthcare
assistance [11,14].

From 2023 to 2025, major Al chatbots underwent multiple updates to underlying LLM
architectures, affecting citation behavior, actionability, and hallucination risk. Because
many updates are silent to end-users, the “same” chatbot can produce different medical
advice across months, an instance of temporal instability commonly referred to as model
drift, undermining the stability of patient education materials [15,16].

Previous studies have evaluated the quality of online patient education about TMD on
websites and social media, reporting a poor quality of the content provided. The authors
pointed out the need for greater control of information provided by digital sources in order
to make the most of their educational potential [17-19]. Recent investigations evaluated
chatbots” performance on bruxism [20] and TMD [21,22] at one time point, but to date,
there are no studies that longitudinally assessed chatbot-generated TMD content across
multiple platforms using a comprehensive analysis. The aim of this study was to determine
if commonly used Al chatbots (ChatGPT, Gemini, and Copilot) show significant changes
in the quality, reliability, and readability of TMD information over one year and whether
changes are consistent across models, evaluating common TMD-related questions at two
time points (February 2024 and February 2025). The null hypothesis is that there are no
differences in performance between models and across timepoints.

2. Materials and Methods

This study followed the METRICS checklist for the design and reporting of Al research
in healthcare [23]. The investigation was conducted in accordance with the Declaration of
Helsinki and did not require approval from an ethics committee.

2.1. Models of Al Tested, Settings, Testing Time, and Duration

The AI chatbots were chosen based on their accessibility, popularity, and advanced
language processing capabilities. The models evaluated included ChatGPT (OpenAl, San
Francisco, CA, USA), Gemini (Google, Mountain View, CA, USA), and Microsoft Copilot
(Microsoft Corporation, Redmond, WA, USA), with their most recent updates available
at the time of testing in February 2024 (ChatGPT-3.5; Gemini Pro 1.0; Copilot GPT-4) and
February 2025 (ChatGPT-40; Gemini 1.5 Flash; Copilot GPT-40). Testing was performed
using each chatbot’s default configuration to ensure replicability of the generated content.

The study involved submitting 10 distinct queries to each chatbot, for a total of
30 responses analyzed per time point, a number chosen a priori to allow a balance between
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practical feasibility and comprehensive analysis of each query. The broad topic of the study
was TMD, encompassing specific subtopics such as general knowledge and risk factors,
diagnosis, treatment, and management.

To determine the queries, ChatGPT was directly prompted to generate a list of fre-
quently searched questions about TMD to have a list of lay-level sets of questions. On
26 February 2024, a clear version of ChatGPT accessed via Google Chrome was queried with
the following request: “Could you tell me what the ten most frequently asked questions
on the internet about temporomandibular disorders are?” Two independent researchers
with expertise in TMD and orofacial pain, independent of the raters, reviewed the items for
neutrality, scope, and patient relevance before testing, confirming that all questions would
be relevant to patient education domains [2]. The ten questions generated by the Al were
subsequently used for this investigation (Table 1).

Table 1. Ten questions about TMD submitted to ChatGPT, Gemini, and Microsoft Copilot.

What are the symptoms of temporomandibular disorders?

How is temporomandibular disorder diagnosed?

What causes temporomandibular disorders?

Are there effective home remedies for TMD relief?

What are the available treatments for temporomandibular disorders?

Can stress and anxiety contribute to temporomandibular disorders?

What exercises can help with temporomandibular disorders?

Are there specific foods to avoid with temporomandibular disorders?

How long does it take to recover from temporomandibular disorders?
0 When should I see a doctor for temporomandibular disorders?

= O 0N UlLk WN -

On 27 February 2024 (from 2:00 PM to 7:00 PM, Bologna, Italy, Central European Time),
a new account was created for each chatbot to ensure an incognito testing environment.
Access to chatbots was made through Google Chrome (consumer build) on Windows 11
Home, with dedicated accounts on each platform operating under the free plan and default
consumer safety guardrails. Dedicated email addresses, generated specifically for this
study, were used for account creation. Fresh instances of ChatGPT, Gemini, and Copilot
were then queried with the ten selected questions, followed by the prompt: “Please provide
references.” To minimize the influence of prior responses, each question was submitted
in a new chat window, and the option “regenerate response” was not used. Additionally,
after each query, the search history was manually deleted, along with clearing the browser
history and cache. If a chatbot generated multiple response options for a given question,
requesting the user to select the most appropriate one, the most comprehensive answer was
chosen. When applicable, the “more balanced” conversation style was selected. Browsing,
retrieval, and plugins were off or not available in the consumer Uls. Temperature and
related decoding parameters were not user-exposed at either timepoint; to limit variance
attributable to unknown sampling settings, we analyzed the first response verbatim for
each model and timepoint. All questions were presented in English, and the resulting
responses (T1) and references were recorded and anonymized for subsequent analysis.

After nearly one year, on 11 February 2025 (from 2:00 PM to 7:00 PM, Bologna, Italy,
Central European Time), the same protocol was applied. The resulting responses were
anonymized as T2.

The chatbot-generated answers were subsequently analyzed for quality, reliability, and
readability. Two independent researchers with expertise in TMD and orofacial pain (A.M.
and E.E.), blinded to the information source, conducted the analysis. Any discrepancies
were resolved through discussion with a third researcher (M.L.B.) until consensus was
reached. As a descriptive measure of inter-rater agreement before consensus, we calculated
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the percentage of ratings in which the two examiners assigned identical scores, which was
78% across all instruments and items.

2.2. Quality and Reliability Assessment

The evaluation of the quality of the Al-generated content was based on the modified
Global Quality Score (GQS) [24] and on the Patient Education Materials Assessment Tool
(PEMAT) [25]. GQS is a five-point Likert scale introduced by Bernard et al. in 2007 to subjec-
tively determine the overall quality, flow, and possible benefit for patients of websites [24],
with higher scores meaning better quality. PEMAT is instead an instrument developed
with the purpose of evaluating the understandability and actionability of patient education
materials [25]. Two versions of PEMAT have been produced, one for printable materials
(PEMAT-P) and one for audiovisual materials (PEMAT-A/V); the former was used in this
study since Al chatbots did not provide any audiovisual information. PEMAT-P consists
of 24 items with answer options “Agree” (1 point), “Disagree” (0 points), and “Not Ap-
plicable.” Percentage scoring of both understandability and actionability could then be
computed, with higher scoring corresponding to higher quality values.

The reliability of the information was assessed using the DISCERN instrument.
DISCERN is a validated tool with the purpose of judging the quality of written infor-
mation on treatment choices for a health problem [26]. DISCERN incorporates three
sections with a total of 16 items, to which the researcher can give a score ranging from
1 to 5 according to how much they agree with the questions’ statement. The first section
aims to determine whether the publication is reliable, the second is about the quality of
information on treatment choices, and the last section is only one query that indicates the
overall rating of the material. The total DISCERN score could be calculated with the sum
of all 16 questions, and its value ranges from 16 to 80, with higher scores meaning a more
reliable publication and better indications about treatment options. The DISCERN total
score can be better interpreted through the following categories: “very poor” for scores
1626, “poor” for 27-38, “fair” for 39-50, “good” for 51-62, and “excellent” for 63-80.

2.3. Content Assessment

CLEAR is a tool specifically tailored to assess the quality of health-related content
generated by Al-based models [27]. It is composed of five items: (1) Completeness;
(2) Lack of false information; (3) Evidence; (4) Appropriateness; and (5) Relevance. Each
item is scored based on a five-point Likert scale from excellent to poor. For descriptive in-
terpretation of the CLEAR items as an indication of the quality of the generated content, the
scores were classified into the following categories: CLEAR scores of 1-1.79 were classified
as “poor”; 1.80-2.59 as “satisfactory”; 2.60-3.39 as “good”; 3.40-4.19 as “very good”; and
4.20-5.00 as “excellent” [27]. The range of CLEAR total scores was 5-25, divided into three
categories: 5-11 categorized as “poor” content, 12-18 categorized as “average” content,
and 19-25 categorized as “very good” content [27].

2.4. Readability Assessment

To analyze the readability of each answer, the Flesch Reading Ease score (FRE) [28],
the Flesch—Kincaid Grade Level score (FKGL) [29], and the word count were used. The FRE
rates on a 100-point scale how easy it is to understand a text. Lower scores indicate a higher
difficulty reading level. The FKGL assesses the educational level necessary to comprehend
the complexity of the text, with a higher grade corresponding to more difficult content [30].
The longer the text, in terms of word count, the less efficient it was considered, since the
reader could be discouraged from entirely reading a long answer.
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2.5. Statistical and Data Analysis

The normality of data was assessed with the Kolmogorov-Smirnov test. We prespeci-
fied four families based on the underlying construct: (1) quality of patient information (GQS,
PEMAT Understandability, CLEAR total); (2) reliability of information (DISCERN Reliabil-
ity, CLEAR Lack of false information, CLEAR Evidence, DISCERN Total); (3) readability
and length (FRE, FKGL, word count); and (4) contextual quality of content (CLEAR Appro-
priateness, CLEAR Completeness, CLEAR Relevance). PEMAT Actionability and DISCERN
Treatment Choice were treated as standalone endpoints and were therefore not included
in a family. For each family, and separately for each comparison type (between-chatbot
comparisons at T1, between-chatbot comparisons at T2, and within-chatbot longitudinal
comparisons T1 vs. T2), we controlled the family-wise error rate using a Holm-Bonferroni
correction across all endpoints in that family.

To compare the GQS, CLEAR, DISCERN, and readability scores between the groups
at T1 and T2, the Kruskal-Wallis test, followed by the Mann-Whitney post-hoc test with
Bonferroni correction, was used. The x2 test was employed to analyze the PEMAT scores.

To compare the scores between T1 and T2, the Wilcoxon Signed Ranks Test was
used. Statistical analyses were performed using the statistical software SPSS for Windows
(version 18.0; 2009; SPSS, IBM, Armonk, NY, USA). The limit for statistical significance was
set at p < 0.05.

3. Results

The dataset comprised 30 responses at each time point: T1 (27 February 2024) and T2
(11 February 2025), with 10 responses per chatbot (ChatGPT, Gemini, and Copilot).

Inter-rater agreement before consensus was high, with the two examiners assigning
identical scores in 78% of all ratings across instruments.

At T1, the GQS indicated high content quality for ChatGPT (mean, 95% Confidence
Interval, CI, 4.2, 3.9-4.5) and Gemini (4.4, 3.9-4.9), with well-structured responses covering
most relevant information. Conversely, Copilot scored significantly lower (3.0, 2.3-3.7),
reflecting moderate quality, suboptimal flow, and insufficiently discussed content. This
difference was statistically significant (p < 0.01) (Figure 1).

Regarding CLEAR criteria, Copilot performed significantly worse than Gemini and
ChatGPT in “Appropriateness” (Copilot: 3.4, 2.6—4.2; Gemini: 4.9, 4.5-5.0; ChatGPT: 4.7,
4.4-5.0; p < 0.001) and “Relevance” (Copilot: 3.2, 2.3-4.1; Gemini: 4.9, 4.4-5.0; ChatGPT:
4.8,4.5-5.0; p < 0.001). Post-hoc analysis confirmed that Copilot had a significantly lower
CLEAR total score than Gemini (Copilot: 17.1, 14.3-19.9; Gemini: 20.5, 19.1-21.9; p = 0.008),
while ChatGPT showed a non-significant difference compared with Gemini (ChatGPT: 20.2,
18.6-21.8; p = 0.076). Notably, ChatGPT had a significantly lower “Evidence” score than
both Gemini and Copilot (ChatGPT: 2.4, 1.6-3.2; Gemini: 2.8, 2.5-3.1; Copilot: 3.1, 2.3-3.9;
p <0.001) (Figure 2).

No significant differences were found among chatbots in PEMAT-P understandability,
actionability, reliability (DISCERN 1-8), quality of treatment-related information (DIS-
CERN 9-15), DISCERN total score, or readability metrics (FRE, FKGL, and word count) at
T1 (Table 2).
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Figure 1. T1 GQS scores for the Al chatbots” answers. Boxes represent the interquartile range,
horizontal lines the median, whiskers the minimum and maximum values, circles individual scores,
and crosses the mean. *: p < 0.01.

Completeness Lackoffalse Evidence Appropriateness Relevance
information * * *
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Figure 2. T1 CLEAR scores for the Al chatbots” answers. Boxes represent the interquartile range,
horizontal lines the median, whiskers the minimum and maximum values, circles individual scores,
and crosses the mean. *: p < 0.001.
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Table 2. Assessment in T1 of quality (PEMAT), reliability (DISCERN), and readability (FRE, FKGL,
and word count) scores for the Al chatbots’ answers. p-values are Holm-Bonferroni corrected for
multiple comparisons within the prespecified family of endpoints.

ChatGPT Google Gemini Microsoft Copilot

Assessment Variables Mean (95% CI) Mean (95% CI) Mean (95% CI) p-Value
PEMAT Understandability 60.3 (53.7-66.8) 73.2 (68.5-77.9) 61 (51.7-70.3) 0.070
PEMAT Actionability 48.0 (38.0-58.0) 50.0 (36.1-63.9) 42.0 (31.4-52.6) 0.392
DISCERN Reliability 23.2 (21.7-24.7) 25.2 (24.3-26.1) 26.6 (23.1-30.1) 0.694
DISCERN Treatment choice 15.2 (9.1-21.3) 15.8 (10.3-21.3) 13.6 (11.3-15-9) 0.958
DISCERN Total 32.0 (24.4-39.6) 34.4 (27.1-41.7) 34.3 (28.7-39.9) 0.850
Flesch Reading Ease Score (FRE) 28.5 (16.3-40.8) 41.8 (32.8-50.8) 33.5(23.9-43.2) 0.210

Flesch—Kincaid Grade

Level Score (FKGL) 15.7 (12.6-18.8) 11.9 (10.5-13.4) 14.7 (12.6-16.8) 0.159
word count 320.8 (273.8-367.8)  282.7 (251.0-314.4)  258.6 (194.9-322.3) 0.210

At T2, previously observed differences disappeared, with no statistically significant
variations across chatbots in any assessed parameter (Table 3).

Table 3. Assessment in T2 of quality (PEMAT), reliability (DISCERN), and readability (FRE, FKGL,
and word count) scores for the Al chatbots” answers. p-values are Holm-Bonferroni corrected for
multiple comparisons within the prespecified family of endpoints.

. ChatGPT Google Gemini Microsoft Copilot

Assessment Variables Mean (95% CI) Meagn (95% CI) Mean (95% IéI) p-Value
Global Quality Scale 4.3 (3.8-4.8) 4.2 (3.7-4.7) 4.1 (3.7-4.5) 0.879
CLEAR Completeness 4.6 (4.2-5.0) 4.3 (3.8-4.8) 4.1 (3.7-4.5) 0.174
CLEAR Lack of false information 3.9 (3.44.4) 4.0 (3.5-4.5) 4.2 (3.6-4.8) 0.631
CLEAR Evidence 3.5(2.64.4) 3.0 (2.2-3.8) 34(2.64.2) 0.677
CLEAR Appropriateness 4.9 (4.8-5.0) 4.7 (4.4-5.0) 4.8 (4.5-5.0) 0.197
CLEAR Relevance 4.6 (4.1-5.0) 4.2 (3.5-4.9) 4.6 (4.2-5.0) 0.501
CLEAR Total Score 21.6 (19.8-23.4) 20.2 (18.5-21.9) 21.1 (19.8-22.4) 0.879
PEMAT Understandability 68.3 (61.0-75.7) 63.3 (57.6-69.1) 60.8 (53.9-67.7) 0.879
PEMAT Actionability 26.0 (8.1-43.9) 36.0 (19.8-52.2) 38.0 (22.3-53.7) 0.460
DISCERN Reliability 25.1 (22.3-27.9) 24.1 (22.1-26.1) 25.4 (22.8-28.0) 0.835
DISCERN Treatment choice 16.2 (9.7-22.7) 19.2 (14.0-24.4) 15.0 (10.3-19.7) 0.361
DISCERN Total 34.7 (26.2-43.2) 35.4 (26.6-44.2) 34.0 (27.8-40.2) 0.898
Flesch Reading Ease Score (FRE) 46.8 (37.5-56.0) 53.8 (42.4-65.2) 45.9 (34.0-57.7) 0.292

Flesch—-Kincaid Grade

Level Score (FKGL) 9.9 (8.1-11.6) 9.0 (7.1-11.0) 10.5 (8.4-12.5) 0.336
Word count 276.9 (181.4-372.4) 234.2 (160.6-307.8) 180.3 (120.6-240.0) 0.168

When comparing T1 and T2, Copilot demonstrated significant improvements in 2025
across multiple metrics, including GQS, CLEAR total score, and readability (FRE, FKGL).
Specific enhancements were noted in CLEAR subcategories “Lack of false information,”
“Appropriateness,” and “Relevance” (Table 4). ChatGPT improved in “Evidence” and
readability measures (FRE, FKGL) but declined in PEMAT actionability (Table 4). Gemini
also showed better readability scores (FRE, FKGL) in 2025 but exhibited lower PEMAT
understandability and actionability (Table 4).
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Table 4. Comparison between T1 and T2 scores for the Al chatbots’ answers. p-values are
Holm-Bonferroni corrected for multiple comparisons within the prespecified family of endpoints.

*p<0.05.
ChatGPT Google Gemini Mean Microsoft Copilot Mean
Mean (95% CI) p-Value (95% CI) p-Value (95% CI) p-Value
Assessment
Variables T1 T2 T1 T2 T1 T2
Global .
Quality Scale 42(3.9-45) 4.3(3.8-4.8) 0.705 4.4(3.9-49) 4.2(3.74.7) 0.960 3.0(23-37) 4.1(3.7-45) 0.030
CLEAR 4.6 (4.2-5.0) 4.6 (42-5.0) 1.00 4.5(4.0-5.0) 4.3(3.8-4.8) 0.634 39(3.0-48) 4.1(3.7-4.5) 0.739
Completeness
CLEAR Lack of

‘ ) 37(3.1-43) 39(34-44) 0414  37(3.0-44) 4.0(3.5-45) 0720  35(2.842) 42(3.6-48) 0.152
false information
CLEAR Evidence 24(1.6-3.2) 3.5(2.6-44) 0.172 2.8(2.5-3.1) 3.0(2.2-3.8) 0.720 31(23-39) 342642 1.00

R 47(44-50) 49(48-50) 0249  48(45-50) 47(4450) 0634  34(2642) 48(4550)  0.042*
ppropriateness
CLEAR 48(45-50) 46(41-50) 0828  47(44-50) 42(3549) 0393  32(23-41) 46(42-50)  0.042*
Relevance
CLEAR Total 202 216 205 202 17.1 211 i
Score (186-21.8) (198-234) %32 (191219) (185-219) 1.00 (143-199) (19.8-224) 0%
PEMAT Under- 60.3 68.3 0300 73.2 633 0,033 + 61.0 60.8 Lo
standability ~ (53.7-668)  (61.0-75.7) : ©85-779)  (57.6-60.1) (517-703)  (53.9-67.7) :
PEMAT 480 26.0 . 50.0 36.0 . 20 38.0
Actionability ~ (38.0-58.0)  (8.1-439)  C00% (36.1-639)  (19.8-522) 0038 (314526) (23537 o7
DISCERN 232 25.1 25.2 24.1 26.6 254
Reliability @17-247)  (@23-279) M1 043961) @161 %70 (231-301) (28-280) 0918
DISCERN 152 162 15.8 19.20 136 15.0
Treatment choice  (9.1-21.3)  (97-227) %48 q03013) (140244 09 13590 oz-197) 0 0¥
320 347 344 354 343 34.0
DISCERNTotal 14 396)  (262-432) 411 71a17) 66442y 9720 (287399) (278402 00
Flesch Reading 285 46.8 ) 418 53.8 336 459 )
Ease Score (FRE)  (163-40.8)  (375-560)  °0%7"  (328508) (424-652)  °0%°  (039432) (340577 0020
Flesch—Kincaid
GradeLevel ;) P 5 (8 ot 6 77 o i ) @ o o O q 616 5 (8 paer 5 0027
Score (FKGL) o Bl i Sl o e
1208 2769 2827 2342 2586 180.3
Word count i) (181.4- 0.241 (251.0- (160.6- 0.139 (120.6- (120.6- 0.074
372.4) 314.4) 307.8) 240.0) 240.0)

4. Discussion

The present investigation evaluated and compared the quality, reliability, and read-
ability of the responses to commonly asked questions on TMD provided by three Al
chatbots at two time points (February 2024 and February 2025), aiming to examine possi-
ble performance differences over time. The output generated by Al-based chatbots was
already evaluated in many medical and dental domains [31,32]. Recent studies evaluated
Al chatbots’ expertise in providing information on specific TMD subtypes [21,22], but
this is the first study to add a longitudinal perspective, identifying significant improve-
ments in chatbots’ performance over a year and persistent weaknesses, such as the lack of
evidence-based recommendations. Additionally, a comprehensive evaluation framework
was employed, including CLEAR and PEMAT scores, offering a broad assessment of con-
tent understandability, readability, and actionability, but to our knowledge, this is the first
study evaluating the quality, reliability, and readability of information provided on TMD.
The use of the METRICS checklist to standardize the reporting of generative Al-based
studies in healthcare education and practice is also innovative. To prevent algorithms
from generating answers based on the user’s background, the questions were asked from
newly created accounts for each chatbot, new conversation windows were opened for each
question, and the browsing history was erased each time. This is also essential to avoid
falling into “rabbit holes” or “echo chamber,” situations where the LLM starts providing
tangential information that leads away from the original topic or amplifies and reinforces
the participant’s pre-existing beliefs, thanks to repetition and algorithm biases.
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The main outcome that emerges from the present investigation is that Al chatbots
could provide a good overview of TMD.

However, after performing an accurate analysis of the message given, a series of
critical issues related to reliability and usability emerged.

At T1, despite positive scores in “Completeness” and “Relevance,” the items “Lack of
false information” and “Evidence” obtained lower scores, suggesting that some answers
presented misleading information, potentially harmful for patients, and that most of the
content generated by chatbots was poorly evidence-based and with scarce bibliographic
references. Moreover, no Al chatbot generated sufficient information about the modality of
each treatment or mentioned enough about the possible risks or side effects of the treat-
ments, thus failing to provide patients with the proper information to make an informed
and unbiased treatment choice. Regarding readability, mean FRE and FKGL scores indi-
cated that the answers were quite difficult to understand for laypeople, considering that
most chatbots” answers were understandable for an individual with a school level above
“high school.”

The findings at T1 seem to suggest that Al models may not yet have reached a level of
sophistication necessary for handling complex queries.

At T2, the assessment indicated an overall good quality of responses, with a more
stable answer consistency. Notable improvements were observed in the description of
therapeutic choices and the inclusion of scientific references. A comparison between T1 and
T2 responses from Copilot revealed a significant improvement across most previously lack-
ing aspects identified in 2024, ultimately achieving comparable performance to the other
chatbots in 2025. These patterns may reflect platform-level updates, although this remains a
plausible hypothesis rather than a confirmed causal explanation. For example, Microsoft’s
integration of GPT-40 into Copilot during 2024 could have contributed to changes in output
characteristics, including decoding and safety behaviors. Notably, all three chatbots demon-
strated a significant trend in improvement in readability, with scores corresponding to a
“high school” level of comprehension. Otherwise, a significant reduction in actionability
was registered for both ChatGPT and Gemini. These findings are noteworthy and might
indicate a possible trend in chatbot responses toward limiting therapeutic indications
in favor of enhancing descriptive content. The higher readability scores observed at T2
further support this hypothesis. Technically, several plausible explanations may account
for the shifts observed from T1 to T2: model upgrades (architecture and context window)
that improve overviews and readability; citation pipelines that could strengthen evidence
mentions [33,34]; and safety policies that can reduce actionable “how-to” guidance in favor
of risk-averse language [35], consistent with the T2 drop in actionability.

From a methodological standpoint, our findings support the notion—also suggested
by prior literature—that point-in-time chatbot evaluations may be fragile, possibly due to
the evolving nature of chatbot model identity [15]. These mechanisms have been described
in prior literature, but in this study, they remain indirect inferences rather than confirmed
drivers of the observed patterns.

Moreover, we observed that, at T1, Al chatbots provided reasonably accurate and
helpful responses to the broadest questions concerning TMD symptoms and TMD general
knowledge but did not perform as well when it came to more advanced technical topics,
such as the TMD diagnosis process and proper treatment procedures. As an example,
the order of possible approaches to TMD was subverted by chatbots that, instead of
prioritizing evidence-based conservative therapies, first described temporomandibular joint
(TM]J) surgery and frequently did not list its side effects and potential complications [36].
An evidence-based approach for the treatment of TMD supports a stepped care model
with counselling and behavioral therapy as first-line interventions, aiming to change
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maladaptive behaviors. Jaw exercises and a properly designed occlusal splint can also
be supportive, combined, for short periods, with anti-inflammatory drugs. These are
considered conservative therapies, since they aim at avoiding joint or muscle overload
without producing irreversible changes to the masticatory system [37,38]. In February
2025, chatbots have become more cautious in suggesting temporomandibular joint surgery,
placing it after conservative therapies, emphasizing its appropriateness only in specific
and severe cases. However, there was still a lack of significant detail on potential risks and
side effects.

A persistent issue we observed at both T1 and T2 was the indication of orthodontic
therapy and minor bite adjustments among the therapeutic options for TMD. Specifically,
the chatbots reported that “An improper bite, such as a deep bite, underbite, or crossbite,
can put strain on the jaw joint and contribute to pain” and “Conditions such as a deep bite,
underbite, or crossbite” could cause TMD onset. Current evidence does not support the
presence of a correlation between dental occlusion and TMD: occlusal adjustments showed
no to low effect on muscle pain reduction and were even harmful in patients with arthralgia
and disocclusion [37,38]. Therefore, irreversible interventions such as selective grinding or
building up of teeth in order to improve occlusal stability should be discouraged [37-39].

A sensible improvement in the quality of references was registered over time, which
could be related to updates in the models’ training datasets, although this remains specula-
tive [40]. Nevertheless, it is crucial to inform patients about LLM limitations, allocating
sufficient time to explain the evidence supporting a stepped-care model for TMD [41] and
emphasizing the need to critically evaluate the sources of information.

Even in instances where chatbots provide accurate and reliable responses, another
concern remains: the lack of easily accessible references in the current versions of freely
available chatbots. It is often unclear where the information is retrieved, and it is not
uncommon to encounter “artificial hallucinations” [42], which are responses containing
false or misleading information presented as a fact, mainly due to reference divergence [12].
The present outcomes are broadly consistent with the findings of Hassan et al., who found
that all LLMs displayed moderate reliability and lacked robust evidence-based content [21].
Similarly, Kula et al. analyzed ChatGPT-4's performance on specific TMD subtypes, report-
ing moderate-to-high reliability and usefulness but finding variable accuracy depending on
the disorder [22]. Both authors conclude that the information being assessed does not meet
the required standards of quality on an ongoing basis and therefore requires verification.
The continuous evolution of LLMs in recent times is remarkable, even within highly spe-
cialized fields such as orofacial pain. However, health disinformation remains a significant
public health concern, as recognized by the World Health Organization in 2022 [43], and it
is imperative to enhance the accuracy and reliability of chatbot responses, strengthening
their reliance on evidence-based references and verified medical databases, considering the
persistent deficiencies in citation and treatment choice and their ethical implications [44].
Sustaining quality over time also requires attention to informational sustainability [45]. In
fact training on Al-generated content can degrade model fidelity, indicating the need for
curated, citable, human-authored resources and continuous evaluation pipelines [46,47].

In the present study, the dataset was limited to ten queries that lacked standardization
and academic referencing. Moreover, because the prompt set was originally seeded by
ChatGPT, there is a possibility that the content was biased toward one model’s priors. Fu-
ture studies should employ expert-generated or consensus-based prompts to minimize this
risk and enhance methodological robustness. Even if the evaluation tools are standardized,
the subjectivity in assigning the scores might be a potential bias. There is a possibility that
the Al chatbots have improved their content since this investigation, so the present results
might not be fully representative of their potential.
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The widespread availability of health information is a cornerstone of patient-centered
healthcare and empowers patients to make informed decisions about their health [48,49].
It is crucial to acknowledge that the medical suggestions provided by chatbots should
be considered as general advice or informational content rather than a substitute for
professional medical consultation and guidance.

5. Conclusions

Over the last year, chatbot performance on TMD information improved, particu-
larly in readability, yet evidence quality and actionability remained inconsistent. Chatbot
outputs should therefore be treated as adjuncts under clinical supervision, with routine
factual verification [50]. Clinicians should therefore remain the primary source of patient
education, providing evidence-based knowledge, counselling, and guidance, while also
guiding patients in critically evaluating online resources. In these terms, chatbot outputs
could be valuable as a positive reinforcement of the information obtained from the health
professional [51]. Looking ahead, technological and scientific sustainability will depend
on source traceability, multilingual inclusion, and equity [45,52]. In this regard, the role
of academic institutions in disseminating high-quality content on the web could help to
appropriately train the chatbots and provide tools for the conscious use of Al. Under these
conditions, chatbots may support medical education and patient counselling as supervised,
verifiable aids.
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