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Abstract

Background: Lateral epicondylitis (tennis elbow) is a common cause of elbow pain. With the increasing use of the internet and
artificial intelligence (AI) for health information, large language models (LLMs) are frequently consulted by patients. This study
aimed to evaluate the accuracy, reliability, content quality, and readability of responses provided by different large language
models (ChatGPT-3.5, ChatGPT-4, Gemini, and Copilot) to frequently asked patient questions about lateral epicondylitis.

Methods: The author committee reviewed patient-oriented questions on lateral epicondylitis using Google searches and select-
ed the 12 most frequently asked questions for inclusion. These questions were presented to four LLMs: ChatGPT-3.5, ChatGPT-4,
Gemini, and Copilot. Responses were evaluated for accuracy using a five-point Likert scale, reliability using the modified DIS-
CERN scale, quality using the Global Quality Scale (GQS), and readability using the Flesch Reading Ease Score (FRES).

Results: Perceived medical accuracy did not differ significantly among the LLMs (p = 0.579). Reliability differed significantly
(modified DISCERN: p < 0.001), with Copilot and Gemini achieving higher scores than ChatGPT-4 (both p < 0.001) and Copi-
lot also outperforming ChatGPT-3.5 (p = 0.002). Quality differed significantly (GQS: p < 0.001), with ChatGPT-3.5 and Gemini
scoring higher than ChatGPT-4 (p = 0.001 and p = 0.006, respectively). Readability differed across models (FRES: p = 0.049);
Gemini demonstrated higher readability than ChatGPT-3.5 (p = 0.040), while responses from all models were generally dif-
ficult to read. Response generation time differed significantly (p < 0.001), with ChatGPT-4 producing the slowest responses.

Conclusions: All evaluated LLMs provided generally accurate and moderately reliable responses to questions about tennis
elbow, with differences observed across specific quality domains such as source transparency, readability, and response
time. Models with citation capabilities demonstrated higher reliability in terms of source transparency, while readability
remained a common limitation. LLMs show potential as supplementary patient information tools in orthopaedic; howev-
er, further refinement and improved readability are needed before widespread clinical use.
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INTRODUCTION

Lateral epicondylitis, more commonly known as "tennis
elbow" in the community, affects 1-3% of the popula-
tion (1). It represents a form of tendinosis of the extensor
muscles of the forearm and is one of the most common
causes of lateral elbow pain. It has been reported in the
literature that a significant proportion of orthopaedic
patients use internet resources to research conditions
and treatment options. Burrus et al. (2) reported that
64.7% of patients used the internet for orthopaedic in-
formation. In another study, 54% of sports medicine
patients reported that they had researched their condi-
tion online before consulting a physician (3). Similarly,
private practice orthopaedic surgeons found that 45%

of patients use the internet for medical information (4).

In recent years, there has been a notable increase in the
utilization of Al in internet-based health information
searches. Today, the use of Al as a source of medical
information is becoming increasingly popular among
healthcare professionals and patients (5). Al encompass-
es machines or software systems designed to carry out
tasks typically requiring human intellect, such as deci-
sion-making, problem-solving, and learning from expe-
rience (6). Large Language Models (LLMs) are a subset
of artificial intelligence developed using deep learning
techniques. They are designed to enable machines to un-
derstand, interpret and create human-like texts, which
are necessary for a variety of Natural Language Process-
ing (NLP) tasks (7). LLMs that employ NLP algorithms
represent a class of language models that are capable of
autonomously understanding and responding to queries
posed by human users. In studies evaluating the perfor-
mance of LLMs in medical question-answering tasks, it
has been stated that although LLMs are found promis-
ing, they differ in their reliability and referencing (8).

Orthopaedics conditions such as tennis elbow are fre-
quently complex, and patients typically have a multitude
of queries and concerns pertaining to their diagnoses,
treatment options, and anticipated outcomes. The aim of
this study was to evaluate the accuracy, reliability, con-
tent quality, and readability of responses generated by
large language models to frequently asked patient ques-
tions about lateral epicondylitis. We hypothesized that
LLM-generated responses would provide rapid access to
information with acceptable medical accuracy, but would
differ in reliability, quality, and readability across models.

3

MATERIALS AND METHODS

No ethical committee approval was required for this
study, as no human participants or patient data were in-
volved. An initial pool of patient-oriented questions re-
lated to lateral epicondylitis was generated by the author
committee to reflect common real-world patient infor-
mation needs. Frequently asked questions were identi-
fied through structured web-based searches and review
of routinely encountered patient inquiries in clinical
practice. Structured Google searches were performed

using predefined keywords and keyword combinations,

s ”ou

including “lateral epicondylitis,” “tennis elbow,” “patient

s s

questions,” “FAQ,” “diagnosis,” “treatment,” “exercises,”
“surgery,” and “return to sport.” Searches were limited
to the first 10 pages of results. Only English-language,
patient-focused informational sources were included,
such as hospital websites, professional association por-

tals, and educational health platforms.

Content primarily intended for healthcare professionals,
clinical guidelines, experimental or niche topics, case re-
ports, advertisements, promotional material, video-only
content, and social media posts or comments were ex-
cluded. A total of 100 questions were initially collected.
Questions addressing the same informational goal were
grouped based on question intent, defined as targeting
the same underlying patient information need, and re-
dundant questions were merged. From this pool, 12 rep-
resentative questions were selected through a consensus
process based on predefined criteria, including coverage
of key stages of the patient journey, single-sentence and
single-intent structure, clinical relevance, and clarity of
wording. The final set of questions is presented in Table
1. Also, the complete pool of 100 patient-oriented ques-
tions is provided in Supplementary (Table 1).

All selected questions were posed to ChatGPT-3.5,
ChatGPT-4, Gemini, and Copilot on 15 May 2024. All
queries were performed on the same day using the same
device and a stable internet connection. To minimize po-
tential contextual carryover effects, a new conversation
window was opened for each question in each model.
In addition, the response times were recorded using a
stopwatch. To ensure impartiality, all words related to
the LLM in the responses were removed and recorded
on four separate forms (A, B, C, D). The responses were
evaluated by 12 orthopaedic surgeons from four differ-

ent centers, with three surgeons from each center, with
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Table 1. Patient-oriented questions posed to ChatGPT-3.5, ChatGPT-4, Gemini, and Copilot

1. | What causes tennis elbow?

2. | What are the symptoms of tennis elbow?

3. | How is tennis elbow diagnosed?

4. | Can tennis elbow heal without treatment?

5. | What are the treatments of tennis elbow?

6. | Does the tennis elbow splint help?

7. | Does injection help with tennis elbow?

8. | How to prevent tennis elbow?

9. | What exercises are effective in the treatment of tennis elbow?

10. | How is tennis elbow surgery performed?

11. | Is tennis elbow recurrent?

12. | When can you return to sports after tennis elbow injury?

reference to the current literature and clinical practice.
The multi-center nature of the study refers to the inde-
pendent evaluation of the LLM-generated responses
by orthopaedic surgeons affiliated with different insti-
tutions, rather than multi-center patient enrollment or
data acquisition. Prior to the evaluation, all assessors
convened for a meeting to reach a consensus about eval-
uation methods. Likert Scale, GQS, modified DISCERN
(mDISCERN) scale and FRES were used as criteria for
evaluating the LLM responses as in previous studies
(9-11). All models were evaluated using their default,
user-facing configurations, reflecting real-world patient
use. Some models provide web-based citations or exter-

nal sources by default, while others do not.

A five-point Likert scale was used to evaluate the accu-
racy of the responses generated by the LLMs (8,12-14).
According to this scale, score 1; the chatbot's responses
are completely incorrect, score 2; the chatbot's responses
contain more incorrect elements than correct elements,
score 3; the chatbot's responses contain an equal balance
of correct and incorrect elements, score 4; the chatbot's
responses contain more correct elements than incorrect
elements, and score 5; the chatbot's responses are com-

pletely correct (Table 2).

To evaluate the reliability of responses generated by
LLMSs, a modified form of the validated DISCERN tool,
which is used to assess the reliability and quality of online
health information, was used (15-17). The description of
the mDISCERN tool is shown in Table 2 and consists of 5
questions and for each question a 'yes' answer is scored
as 1 point and a 'no' answer is scored as 0 point. The total
score is the reliability score. Items within the mDISCERN
scale that assess source attribution or provision of addi-
tional references were considered citation-dependent.
These items were retained in the primary analysis to re-
flect the complete patient-facing information experience

rather than isolating citation effects.

GQS was used to assess the quality of responses from
the LLMs. GQS analyses the quality of written sources
in the field of medicine (9,10,18,19). The description of
the GQS tool is given in Table 2. According to the GQS,
the lowest score is 1 and the highest score is 5. 1-2 points
represent low quality, 3 points represent medium qual-

ity, and 4-5 points represent high quality.

FRES was used to assess the readability of responses from
the LLMs (9,19-21). FRES is used to determine the read-
ability of written text. The formula for Flesch Reading
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Table 2. Contents of 5-point Likert Scale, mDISCERN Scale, GQS, and FRES

Accuracy (5-point Likert Scale) Score
The chatbot's responses are completely incorrect 1
The chatbot's responses are more incorrect than correct elements 2
The chatbot's responses are equal balance of correct and incorrect elements 3
The chatbot's responses are more correct than incorrect elements 4
The chatbot's responses are completely correct 5

Reliability (Modified DISCERN Scale)

Total (5 points)

1. Are the aims clear and achieved? 0 or 1 point
2. Are reliable sources of information used ?

(i.e., publication cited, author or producer) 0 or 1 point
3. Is the information present both balanced and unbiased? 0 or 1 point
4. Are additional sources of information listed for patient reference? 0 or 1 point
5. Are areas of uncertainty mentioned?

(i.e., more research is needed on this topic or there is no clear consensus) 0 or 1 point
Quality (Global Quality Scale) Score

Poor quality, poor flow of the site, most information missing, not at all useful for patients 1

Generally poor quality and poor flow, some information listed but many important topics 5

missing, of very limited use to patients
Moderate quality, suboptimal flow, some important information is adequately discussed but 3

others poorly discussed, somewhat useful for patients

Good quality and generally good flow, most of the relevant information is listed, but some 4

topics not covered, useful for patients

Excellent quality and excellent flow, very useful for patients 5

Readability (Flesch Reading Ease Score)

206.835 - 1.015 x (total words/total sentences) - 84.6 x (total syllables/ total words)

Ease is as follows 206.835 - 1.015 x (total words/ total sen-
tences) - 84.6 x (total syllables/ total words) (Table 2). This
formula gives a score between 0 and 100. Scores close to
100 mean that the document is very easy to read, while
scores close to 0 mean that the document is very com-
plex and difficult to understand. The reading levels cor-

responding to the scoring system are shown in Table 3.
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Statistical Analysis

Statistical analyses were performed using IBM SPSS Sta-
tistics (version 29.0; IBM Corp., Armonk, NY, USA). For
each model, rater scores were aggregated at the ques-
tion level (n = 12 per model). Ordinal variables (Likert

score, GQS, and mDISCERN score) were summarized
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Table 3. Interpretation of the FRES and Reading Level

Flesch Reading Ease Score Reading Level
0-29 Very difficult
30-49 Difficult
50-59 Fairly difficult
60-69 Standard and /or plain
70-79 Fairly easy
80-89 Easy
90-100 Very easy
FRES: Flesch Reading Ease Score

as median (IQR) and compared using the Kruskal-Wal-
lis test with Dunn’s post hoc test and Holm adjustment.
Continuous variables (FRES and response generation
time) were summarized as mean * standard deviation
and analyzed using the Kruskal-Wallis test. Effect sizes
were estimated using epsilon-squared (¢2), and p < 0.05

was considered statistically significant.

Inter-rater reliability was assessed using weighted
Fleiss’ kappa for ordinal outcomes and a two-way ran-
dom effects intraclass correlation coefficient [ICC (2,k)]
for continuous variables, in accordance with established

methodological guidelines (22,23).

RESULTS

The 12 questions primarily addressed diagnostic infor-
mation, treatment options, rehabilitation, recurrence,
and return-to-activity concerns, reflecting key stages of
the patient information journey. Median Likert scores
did not differ significantly among the four large lan-
guage models (p = 0.579), indicating comparable per-
ceived medical accuracy across models (Table 4).

A statistically significant difference was observed in
modified DISCERN (mDISCERN) scores (p < 0.001). Co-
pilot and Gemini demonstrated higher median mDIS-
CERN scores than ChatGPT-4 (both p < 0.001), while
Copilot also achieved higher scores than ChatGPT-3.5
(p =0.002) (Table 5).

Global Quality Scale (GQS) scores differed significantly
between models (p < 0.001). ChatGPT-3.5 and Gemini
achieved higher GQS scores than ChatGPT-4 (p = 0.001
and p = 0.006, respectively), whereas no statistically sig-
nificant difference was observed between ChatGPT-3.5
and Gemini. According to GQS classification, 33% of
Gemini responses and 25% of ChatGPT-3.5 respons-
es were rated as high quality, while all ChatGPT-4 re-

sponses were classified as moderate quality (Table 4).

Readability differed significantly across models (p =
0.049). Gemini responses demonstrated higher Flesch
Reading Ease Scores than ChatGPT-3.5 (p = 0.040),
whereas no significant differences were observed
among Gemini, Copilot, and ChatGPT-4 (Tables 4 and
5). Overall, responses generated by all models were clas-
sified as difficult to read according to established read-
ability thresholds.

Response generation time differed significantly between
models (p < 0.001). ChatGPT-4 had the longest response
generation time and was significantly slower than all oth-
er models. Copilot responses were generated more slow-

ly than Gemini responses (p = 0.015) (Tables 4 and 5).

Inter-rater reliability analysis demonstrated substantial
agreement among evaluators for ordinal outcome mea-
sures. Weighted Fleiss’ kappa values indicated substan-
tial agreement for Likert scores (k = 0.72), modified DIS-
CERN scores (1 = 0.68), and Global Quality Scale scores
(k = 0.65). Excellent agreement was observed for continu-
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Table 4. Comparison of Evaluation Scores, Readability and Generation Time Across Large Language Models

Outcome ChatGPT-3.5 ChatGPT-4 Gemini Copilot o
measure
Likert score 4.0 [3.0-5.0] 4.0 [3.0-4.0] 4.0 [3.0-5.0] 4.0 [3.0-5.0] 0.579
mD:focrfRN 3.0 [3.04.0] 3.0 [2.0-3.0] 4.0 [3.0-4.0] 4.0 [3.0-4.0] <0.001+
GQS score 4.0 [3.0-4.0] 3.0 [3.0-4.0] 4.0 [3.0-4.0] 4.0 [3.0-4.0] <0.001+
FRES 29.73 +16.03 37.72+15.73 47.71+19.78 4317 +10.91 0.049+
Ge“em(t;;’ n time 8.69 +2.72 2313 +7.99 713+131 13.07 + 3.44 <0.001+
*Kruskal-Wallis test, tp<0.05

Table 5. Dunn Post Hoc Pairwise Comparisons with Holm Correction

Comparison MDISCERN (p) GQS (p) FRES (p) Generation time (p)
ChatGPT-3.5 vs
ChatGPT-4 0042t bon e
ChatGP"lj-3..5 Vs 0.123 0.040+ 0.841
Gemini
ChatGP".l"-S.S Vs 0.002+ 0.180 0.106
Copilot
ChatGPtl"—é.l vs <0.001+ 0.425 <0.001t
Gemini
ChatGITT—4 vs <0.001+ 0.836 <0.001t
Copilot
Gemini vs Copilot 0.123 0.897 0.015%
t Holm-adjusted p < 0.05

ous variables, with ICC (2,k) values of 0.89 for the Flesch

Reading Ease Score and 0.94 for response generation time.

DISCUSSION

LLMs are increasingly used by patients to obtain infor-
mation about orthopaedic conditions, raising concerns
regarding the accuracy, reliability, and clinical safety of
Al-generated content (24). Focusing on frequently asked
questions about lateral epicondylitis, the present study
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evaluates the strengths and limitations of commonly
used LLMs in providing patient-oriented medical infor-

mation.

Various indices have been used in the literature to assess
the accuracy of LLM responses; in this study, a five-point
Likert scale was used for evaluation (19,25,26). Youssef
etal. (26) stated that ChatGPT-3.5 provided accurate an-
swers to patients' frequently asked questions about gle-
nohumeral osteoarthritis. Zhang et al. (27) reported high
accuracy of ChatGPT-3.5 responses to frequently asked
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questions about total knee arthroplasty. In the present
study, all evaluated LLMs demonstrated comparable
perceived medical accuracy when addressing frequent-
ly asked questions about tennis elbow, with no statisti-
cally significant differences observed between models.
Although the responses given by LLMs in our study
were generally accurate, Giuffre et al. (28) evaluated
LLMs in the context of digestive diseases and concluded
that despite their potential, their current accuracy and
reliability are insufficient for clinical use. This finding
raises important considerations about the variability
in LLM performance depending on the complexity of
the condition being addressed and the specificity of the
questions asked. Furthermore, although LLMs such as
ChatGPT, Gemini and Copilot show strong potential for
patient education, the small differences in their accuracy
scores highlight the need for continuous improvement
and rigorous validation. LLMs are typically trained on
large text datasets, which include publicly accessible
sources such as web pages, blogs, online encyclopedias,
news websites, and forums (19). Therefore, websites cre-
ated by experts and supported by evidence-based scien-
tific data may contribute to improved response quality

of language models.

Evaluation of information sources, citations, and bias
is important in assessing the reliability of health in-
formation, and the mDISCERN scale was used in our
study (19). Yeramosu et al. (29) stated that ChatGPT
was moderately reliable compared to DISCERN scale
in frequently asked questions about total shoulder ar-
throplasty. Similarly, in our study, responses to ques-
tions about tennis elbow were moderately reliable in
all LLMs. Higher mDISCERN scores were observed for
Copilot and Gemini compared with ChatGPT-3.5 and
ChatGPT-4. This finding aligns with the high scores
achieved by Copilot and Gemini on the DISCERN tool,
particularly in questions evaluating the inclusion of in-
formation sources used in content creation. In contrast,
a notable drawback of chatbots like ChatGPT-3.5 and
ChatGPT-4 in addressing health-related inquiries is
their lack of capacity to cite or reference the sources of
the information they provide (30). The ability of Copilot
and Gemini to add references or citations may be related
to their real-time access to up-to-date information and
the integration of internet search engines (31). Gilmore
et al (32) valuated the effectiveness of ChatGPT-3.5 in

answering common patient questions about knee oste-

oarthritis and found that responses were of moderate
quality, lacked citations, and that appropriate patient
education by orthopaedic surgeons was still needed.
Gupta et al. (33) stated that most references in both Co-
pilot and Gemini were provided by journals, followed
by academic sources, and Copilot provided a higher
number of references compared to Gemini for responses
about anterior cruciate ligament injury and repair. Sim-
ilar to our study, Reyhan et al. (34) evaluated the an-
swers of different chatbots to questions about keratoco-
nus and found that Copilot's reliability score measured
by mDISCERN was higher than ChatGPT-3.5. In this
study, Gemini and Copilot are thought to have higher
mDISCERN scores, reflecting more comprehensive and
source-transparent information, which may be related
to differences in training data, fine-tuning strategies, or
underlying algorithms (34). Differences in mDISCERN
scores may partly reflect variations in default citation
and web-retrieval capabilities; however, this was con-
sidered an integral component of real-world patient in-
formation quality rather than a confounding factor. This
divergence may also be explained by model-specific
safety guardrails and instruction-tuning policies rather
than differences in foundational medical knowledge,
as previously demonstrated in orthopedic LLM evalu-
ations (35).

The analysis of GQS scores highlighted differences in
the quality of medical information generated by LLMs.
Gemini responses were 33% high quality and 67% me-
dium quality. 25% of ChatGPT-3.5 responses were high
quality and 75% were medium quality. Copilot respons-
es were 8% high quality and 92% medium quality. All
ChatGPT-4 responses were medium quality. In gener-
al, LLMs produced moderate to high quality answers
to frequently asked questions about lateral epicondy-
litis. Reyhan et al. (34) evaluated the responses of six
popular chatbots (ChatGPT-3.5, ChatGPT-4.0, Gemini,
Copilot, Chatsonic, and Perplexity) to questions about
keratoconus. The lowest GQS score was observed in
the ChatGPT-3.5 model, and the highest score was ob-
served in the Gemini model. Gemini achieved relatively
higher GQS scores, indicating stronger overall quality in
this metric. Onder et al. (9) evaluated the reliability and
readability of ChatGPT-4 responses to questions about
hypothyroidism in pregnancy and stated that the ma-
jority were of high quality (84.2%), followed by medi-
um quality (10.5%) according to GQS. In our study, the
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highest scores were observed in ChatGPT-3.5 and Gem-
ini, while the lowest score was observed in ChatGPT-4.
Differences in GQS scores may reflect variations in
training datasets, response structuring, and access to ex-
ternal information sources. In addition, the complexity
of the topic, the capacity of the models to understand
user questions and the wording of the answers also play
an important role in quality. These factors may contrib-
ute to variations between models depending on their

technical infrastructure and intended use.

In literature, readability is recognized as a crucial com-
ponent of health literacy, ensuring that written mate-
rials can be easily understood. Readability is assessed
using various indices that consider factors such as sen-
tence length and the presence of complex words. The
FRES ranges from 0 to 100, with higher scores indicating
greater readability; a score of 60-70 represents standard
English, and 65 is generally considered an acceptable
target (19). Gemini demonstrated higher readability
compared with ChatGPT-3.5, indicating that its respons-
es were easier to read. Despite this, all models produced
responses that were generally classified as difficult to
read, which may limit their accessibility for individu-
als with lower health literacy levels. Similarly, Tepe et
al. (9) evaluated the responses of LLMs (ChatGPT-4,
Gemini and Copilot) to frequently asked questions in
breast imaging and stated that Gemini and Copilot had
higher readability scores and were easier to understand
compared to ChatGPT-4. Since each LLM is trained on
different datasets, the structure and complexity of the
language used may differ. Gemini and Copilot may
have been trained on simpler or more conversational
language patterns, which may partly explain their high-
er readability scores. Similar to our findings, Goktas et
al.(36) performed an analysis between different LLMs
for melanoma-specific information and found no signifi-

cant difference between Gemini and Bing (now Copilot).

ChatGPT-3.5 demonstrated faster response times than
ChatGPT-4, consistent with previous reports attributing
this difference to architectural and processing character-
istics (37,38). To date, no studies have directly compared
the response generation time of Copilot with Gemini or
ChatGPT models.

This study has several limitations. First, evaluating only
English-language queries may limit generalizability to

other languages. Second, despite standardized condi-
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tions, LLM outputs may evolve over time due to model
updates. Third, the exploratory design and limited sam-
ple size precluded a formal priori power analysis; thus,
effect size estimates should be interpreted with caution.
Finally, although manual querying reflects real-world
patient use, API-based access could offer higher repro-
ducibility in future research. Subsequent studies should
consider two-phase frameworks combining expert as-
sessment with patient-level validation, as proposed by
Wang et al. (39).

All evaluated large language models provided generally
accurate and moderately reliable responses to frequent-
ly asked questions about tennis elbow, with comparable
perceived medical accuracy across models. Differences
were observed in specific quality dimensions, including
information structure, source transparency, readability,
and response generation time. Models with built-in ci-
tation or web-retrieval capabilities demonstrated higher
reliability in terms of source transparency, whereas read-
ability remained a common limitation, as most responses
were classified as difficult to read. LLMs show promise
as supplementary patient information tools in ortho-
paedics; however, improvements in readability, source
transparency, and evidence-based risk communication

are necessary before widespread clinical adoption.
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