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ORIGINAL ARTICLE

MOST FREQUENTLY ASKED QUESTIONS
BY OLDER ADULTS IN GERIATRIC
REHABILITATION:

EVALUATING LARGE LANGUAGE MODELS
AS A SOURCE OF INFORMATION

AsstrRACT

Introduction: Older adults in geriatric rehabilitation are increasingly
turning to internet-based resources and large language models for health-
related information outside of clinical follow-up. The aim of this study was to
compare the reliability, clinical accuracy, quality, usefulness, and readability of
ChatGPT-5.2, Gemini 3, and DeepSeek V3.2 responses to patient questions
regarding geriatric rehabilitation.

Materials and Method: In this cross-sectional comparative content analysis,
24 predefined questions on geriatric rehabilitation were developed from
YouTube comments, relevant literature, and clinical experience. Each question
was submitted to three large language models under standardized conditions.
Anonymized responses were independently evaluated by two experienced
physiotherapists for reliability, clinical accuracy, quality, and usefulness, with
disagreements resolved by consensus with a specialist physician. Readability
was assessed using the Flesch Reading Ease scores.

Results: No statistically significant difference was found among the three
large language models in terms of reliability scores (p = 0.097). However,
significant differences were observed for clinical accuracy, quality, usefulness,
readability, and text characteristics (all p = 0.001). ChatGPT-5.2 and DeepSeek
V3.2 showed the highest clinical accuracy scores, while ChatGPT-5.2 was
superior in terms of quality and usefulness. For readability, ChatGPT-5.2 and
Gemini 3 outperformed DeepSeek V3.2.

Conclusion: Although all three large language models generally produced
reliable content, ChatGPT-5.2 and DeepSeek V3.2 showed stronger clinical
accuracy performance. Nevertheless, because of the risk of incorrect information
being generated, the use of large language models by the older population
should preferably be done under expert supervision.

Keywords: Geriatrics; Rehabilitation;  Artificial Intelligence; Patient
Education as Topic; Health Literacy.
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INTRODUCTION
Geriatric  rehabilitation is a multidisciplinary

process aimed at enabling older adults to regain
independence, improve their quality of life, and
support their social participation (1). The rapid
global increase in the older population has further
enhanced the strategic importance of this specialized
field (2). However, the rehabilitation process is often
long-term, and patients require continuous access to
health-related information outside of clinical visits.
With the increase in digital health literacy, this need
is now largely met through internet-based resources
rather than traditional methods (3). Accordingly, older
adults and caregivers frequently use video-sharing
websites and social media platforms to obtain
information on symptom management, exercise,
and prognosis (4). However, older adults with low
health literacy may face risks such as incorrect
exercise practices and injury, or they may not adhere
to treatment (5). At the same time, serious concerns
exist regarding the accuracy, scientific basis, and
suitability of the content on these platforms for the
specific needs of older adults (4).

In recent years, artificial intelligence systems
referred to as large language models (LLMs)
(ChatGPT, Gemini, DeepSeek, etc.) have created
a significant transformation in the field of health
counseling (6-8). Recent studies have indicated
that although the responses provided by LLMs to
medical questions may at times contain a level of
detail comparable to those of specialist physicians
(9), some information generated by artificial
intelligence may carry a risk of "hallucination”
(the production of factually incorrect information)
and may not always align with clinical guidelines
(10). Additionally, LLMs may generate incorrect
or incomplete health information owing to biases
in their training data and limitations in source
availability (11). This situation has the potential to
pose particular risks for the older population.

To the best of our knowledge, the reliability,
clinical accuracy, quality, and readability of LLM-
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generated responses to questions by older adults
have not yet been sufficiently examined within the
specific context of geriatric rehabilitation. The data
obtained through the evaluation of these models will
provide critical evidence regarding whether artificial
intelligence can serve as a reliable supportive
resource in the geriatric rehabilitation process. The
primary hypothesis of the study is that the reliability,
clinical accuracy, and quality levels of responses
provided to patient-centered questions related to
geriatric rehabilitation can differ significantly among
different LLMs. Accordingly, the aim of this study
was to comparatively evaluate the performance of
current LLMs in addressing frequently asked patient
questions in geriatric rehabilitation in terms of the
reliability, clinical accuracy, quality, usefulness, and
readability of the information they generate.

MATERIALS AND METHOD

Study Design and Question
Development Process

This study was conducted as a cross-sectional and
comparative content analysis. A blinded approach
was adopted, where the evaluators were unaware of
which model had generated each response.

No  previously  validated  standardized
questionnaire was available for this specific topic,
and formal pilot testing was not conducted.
Therefore, the final set consisted of 24 predefined
patient-centered questions purpose-developed
to reflect common information needs in geriatric
rehabilitation. Three primary sourceswere usedinthe
development of the question set. First, as a result of
a search conducted on the YouTube platform using
the keyword "geriatric rehabilitation,” the 30 most-
viewed videos were identified, and approximately
1,500 user comments associated with these videos
were systematically examined. Recurrent questions,
concerns, and information requests in video titles
and user comments were analyzed to identify
dominant themes. Second, literature on geriatric
rehabilitation was reviewed, with current guidelines
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and previous scientific studies taken into account
(12, 13). Third, clinical experience was incorporated,
in that clinical observations and patient feedback
from researchers working in the field of geriatric
rehabilitation were integrated into the question
development process.

Large Language Models and

Response Generation

The question submission and response generation
processes were performed by a researcher with
expertise in the field of information technology
but no professional training in the health sciences.
Responses to the developed questions were
generated using three different LLMs: ChatGPT-5.2
(OpenAl, San Francisco, CA, USA), Gemini 3(Google,
Mountain View, CA, USA), and DeepSeek V3.2
(DeepSeek Inc., Hangzhou, China). Each question
was posed separately to each model and only once.
To prevent previous inputs from influencing the
responses, the session of the respective model was
reset before each question, and the chat history was
disabled. During response generation, no additional
prompts, explanations, or follow-up questions were
used, and a standardized and consistent procedure
was applied across all models. This approach
ensured methodological consistency and minimized
potential bias related to response selection (14). All
responses were generated in English to maintain
linguistic consistency and enhance international
comparability. The questions, model responses,
and relevant links are presented in Table 1.

Expert Evaluation Process

The responses generated by the models were
evaluated by two independent physiotherapists (US,
SMG) with doctoral degrees and experience in the
field of geriatric rehabilitation. Any disagreement was
mediated by a physician (SDT) specialized in physical
medicine and rehabilitation, and decisions were
reached by consensus. This multi-stage approach
was implemented to enhance the objectivity
and reliability of the evaluations. The readability

assessments were performed independently by an
information technology specialist (GO).

Blinding Procedure

A single-blind design was applied during the
evaluation process. For this purpose, all responses
generated by the LLMs were anonymized prior
to evaluation, and the model names and their
identifying cues were removed from the text. The
responses were randomly coded and presented to
the evaluators, who were unaware of which model
had produced each response. This approach
served to minimize the influence of model-specific
expectations, biases, or preferences on the
evaluation outcomes.

Assessment Tools

Reliability: Information reliability was assessed
using the modified DISCERN (mDISCERN) tool,
which was developed to evaluate the reliability and
transparency of written health information. It is used
to assess the clarity of the information aims, the
balanced and unbiased presentation of content, and
the presence of misleading elements. In this study,
each mDISCERN item was scored dichotomously,
with 1 point for “yes” and 0 points for “no,” and
analyses were performed based on total scores (15).
A higher mDISCERN score indicates a higher level
of information reliability, with scores of 0-1 reflecting
low reliability, 2-3 moderate reliability, and 4-5 high
reliability (Table 2).

Clinical Accuracy Assessment: Because
mDISCERN evaluates reliability rather than direct
clinical accuracy, an additional instrument was
developed for this purpose. Moreover, no previously
validated questionnaire was available to assess
the clinical accuracy of LLM-generated responses
in the specific context of geriatric rehabilitation.
Therefore, a clinical accuracy questionnaire
was developed specifically for this study. The
preliminary version was reviewed by an expert panel
of eight professionals from the fields of Physical
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Table 1. Continued...

share/luk2sth3x31b8347sc

share/dbjazlsekvoySunilt

https://chat.deepseek.com

share/7psmolk2d8eyghfya?

share/cidgwf8faxdkspkwdé

share/bmérjgr42n7ahr2ulq

share/nz3x53177do4w9nklqg

share/se1frv81ftdyebxedp

https://gemini.google.com/ | https://chat.deepseek.com/

share/e75695493926

https://gemini.google.com/ | https://chat.deepseek.com/

share/7b2d29{7524b

https://gemini.google.com
share/03da70b4031¢

https://gemini.google.com/ |https://chat.deepseek.com/

share/405dac24e5fb

https://gemini.google.com/ | https://chat.deepseek.com/

share/3c23878d%9a93

https://gemini.google.com/ | https://chat.deepseek.com/

https://gemini.google.com/ | https://chat.deepseek.com/

share/4d4b0aadba’Za

https://chatgpt.com/share/694d0f36-

649¢-8011-8a84-807179fbf3c4

https://chatgpt.com/share/694d0f7b-

fa0-8011-8712-27d%94cale7fc

https://chatgpt.com/share/694d0f9b-

https://chatgpt.com/share/694d0fbe-

e198-8011-bd77-0c43b8cd1dal

https://chatgpt.com/share/694d1002-

c020-8011-b5dd-71d52abea?c?

040c-8011-a7d7-67b3136cbid7

https://chatgpt.com/share/694d1066-

7640-8011-b083-0520ce176a28

18.As an older adult, is it normal to feel short

of breath during exercise?

19.1 am an older adult with a respiratory

condition; can | still exercise?

20.As an older adult, should | consult a

physician before starting an exercise program? | 7e5¢-8011-9cb8-75f038ccc15¢

21.As a geriatric individual, which symptoms

occurring during exercise require consulting a

physician?

22.As an older adult living at home, what

modifications can | make at home to reduce

the risk of falling besides exercising?

23.As an older adult, | am afraid of falling; what | https://chatgpt.com/share/694d102c-

can | do to cope with this fear?

24 As an older adult, which aerobic exercises

are most beneficial for my overall health?

Medicine and Rehabilitation, Physiotherapy and
Rehabilitation, and geriatric rehabilitation. Each
item was evaluated in terms of relevance, clarity,
and representativeness using a 4-point scale, and
the questionnaire showed strong content validity
(overall S-CVI/Ave = 0.992; S-CVI/UA = 0.933).
Based on the expert feedback, minor revisions
were made to improve the geriatric specificity
of the instrument. In particular, the wording was
refined to better reflect the older adult’s clinical
condition, comorbidities, and potential risk
factors. The final questionnaire consisted of five
items scored on a 3-point scale, with 0 indicating
incorrect or absent information, 1 indicating
partially correct or incomplete information, and
2 indicating correct and adequate information.
Higher total scores indicated greater clinical
accuracy (Table 2).

Quality: The overall quality level of the responses
was evaluated using the 5-point Likert-type Global
Quality Scale (GQS), which indicates the general
quality, flow, and user value of health-related
information. Overall quality dimensions, such as the
organization and clarity of the information, as well
as its clinical usefulness and appropriateness for the
target audience, are considered in this scale. Higher
GQS scores indicate that the presented content is
of better overall quality and more understandable
and useful for older adults (Table 2) (16).

Usefulness: Information usefulness was assessed
using the usefulness score, which indicates the
clarity, comprehensibility, and applicability of the
generated responses to daily life from a patient-
centered perspective, particularly for older adults
(14, 17). The usefulness score is rated on a scale
from 1 to 7, with higher scores indicating that the
information is more useful, practical, and applicable
for older adults (Table 2).

Readability: Readability for older adults was
assessed using the Flesch Reading Ease (FRE)
formula, which provides a quantitative measure of
this parameter on the basis of average sentence
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Table 2. Scales for Reliability, Clinical Accuracy, Information Quality, Usefulness, and Flesch Reading Ease-Based Readability Levels

Scale/Score | Level/ Interpretation /Details
Description
Item 1 Are the aims clearly stated and achieved?
[tem 2 Avre reliable sources of information used?
mDISCERN Item 3 Is the information provided balanced and unbiased?
ltem 4 Are additional sources listed for users?
ltem 5 Does the response address areas of uncertainty?
ltem 1 The response contains clinically accurate information.
ltem 2 The response is consistent with current guidelines and academic knowledge.
Clinical Item 3 The response is appropriate to the older adult’s clinical condition and risk factors.
Accuracy The response presents exercise or rehabilitation recommendations in a safe, applicable, and, when
Questionnaire | ftem 4 necessary, professionally directed manner.
ltern 5 The response does not include harmful or overly definitive recommendations; it clearly states necessary
safety warnings and the limits of medical advice.
1 Low quality, poor flow, most information is missing, not useful for patients at all.
5 Generally low quality and poor flow; some information is present, but many important topics are
missing, providing very limited benefit for patients.
GOS 3 Moderate quality with suboptimal flow; some important information is adequately addressed while
others are insufficient, partially useful for patients
4 Good quality with generally good flow; most relevant information is included, although some topics
may be missing, useful for patients.
5 Excellent quality and flow; highly useful, comprehensive, and very beneficial for patients.
1 Not useful at all: Unintelligible language, contradictory or missing important information.
2 Very little useful: Partly clear language; some important information is missing or incorrect.
3 Reasonably useful: Clear language; most important information missing, some is mentioned.
lstj;‘:lness 4 Partly useful: Clear language; some important information is missing, most is addressed.
5 Moderately useful: Clear language; most important information is covered but some incomplete/incorrect.
6 Very useful: Clear language; all major information mentioned; some minor info missing.
7 Extremely useful: Clear language and all key information included; additional helpful resources provided.
91-100 Very easy - US Grade 5
81-90 Easy - US Grade 6
71-80 Fairly easy - US Grade 7
E:asc(i:?ng Ease 61-70 Standard - US Grade 8-9
51-60 Fairly difficult - US Grade 10-12
31-50 Difficult - US Grade 13-16
0-30 Very difficult - College graduate

length and
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the number of syllables per word.
FRE scores range from 0 to 100, with lower scores
indicating more complex and difficult-to-read texts
and higher scores indicating simpler and more
easily understandable content (Table 2) (14, 18).

Ethics Approval

This study was based on the analysis of textual
responses generated by LLMs and patient-centered
questions derived from geriatric rehabilitation
contentavailable on YouTube. No direct intervention
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involving human participants was involved, and no
individual patient data were used within the scope
of the study. All materials analyzed were obtained
from publicly available sources and did not
contain personal data or identifiable information.
Accordingly, in line with the decision of the Hatay
Mustafa Kemal University Clinical Research Ethics
Committee (Decision No. 44), ethical approval was
not required for this study.

Post Hoc Power Analysis

A post hoc power analysis was conducted in G*Power
(version 3.1.9.4) using a chi-square approximation
based onthe observed Friedman test statistic. Clinical
accuracy was defined as the primary outcome. The
analysis indicated high statistical power (1-f = 0.99)
to detect the observed difference among the models
in clinical accuracy scores (2 = 29.183; Kendall's W =
0.608; Effect size w = 1.103; n = 24; o. = 0.05).

Statistical Analysis

Statistical analyses were performed using IBM SPSS
Statistics version 27 (IBM Corp., Armonk, NY, USA).
Data distribution was assessed using histograms,
Q-Q plots, and the Kolmogorov-Smirnov and
Shapiro-Wilk tests. As the assumptions of normality
were not met, continuous variables were reported
as medians (interquartile ranges). Comparisons
among ChatGPT-5.2, DeepSeek V3.2, and Gemini
3 were performed using the Friedman test. When
the overall Friedman test result was significant,
pairwise post hoc comparisons were conducted
using the Wilcoxon signed-rank test with Bonferroni
correction. Interrater reliability was evaluated using
intraclass correlation coefficients (ICCs) based on
a two-way random-effects model with absolute
agreement, calculated for each assessment
category and total scores. ICC values were
interpreted as poor (<0.50), moderate (0.50-0.75),
good (0.75-0.90), and excellent (>0.90) agreement
(19). Differences with a p-value of less than 0.05

were considered statistically significant.

RESULTS

Comparative analysis of the three models revealed
no statistically significant difference in mDISCERN
scores (p = 0.097). However, statistically significant
differences were observed in clinical accuracy,
GQS, and usefulness scores (all p = 0.001). For
clinical accuracy, ChatGPT-5.2 and DeepSeek V3.2
achieved similarly high median scores (10 [9-10]
and 10 [9.25-10], respectively), whereas Gemini
3 had a significantly lower median score (9 [7-9]).
For GQS and usefulness, ChatGPT-5.2 had the
highest median scores, followed by DeepSeek V3.2
and Gemini 3, with pairwise post hoc comparisons
indicating significant differences between all three
models for both outcomes (Table 3).

With regard to the GQS distribution, most of the
ChatGPT-5.2 responses were rated as Excellent (n
= 15), whereas the Gemini 3 and DeepSeek V3.2
responses were mainly classified as Good (n = 18
and 14, respectively). With regard to usefulness, the
ChatGPT-5.2 responses were predominantly rated
as extremely useful (n = 14), whereas the Gemini 3
and DeepSeek V3.2 responses were mostly rated as
moderately useful (n = 14 and 17, respectively).

The models differed significantly in terms of FRE
scores (p = 0.001). ChatGPT-5.2 had the highest
median FRE score (55.8 [47-65.2]), followed by
Gemini 3 (53 [50.1-59.9]), while DeepSeek V3.2
had the lowest score (46.4). Post hoc comparisons
showed that DeepSeek V3.2 differed significantly
from both ChatGPT-5.2 and Gemini 3, whereas
no significant difference was found between
ChatGPT-5.2 and Gemini 3. Significant differences
were also observed in word count, sentence count,
average words per sentence, and average syllables
per word (all p = 0.001). DeepSeek V3.2 produced
the longest texts, whereas ChatGPT-5.2 generated
the shortest. (Table 3).

The ICC values indicating interrater agreement
are presented in Table 4. For mDISCERN scores,
DeepSeek V3.2 (ICC: 0.753) and ChatGPT-5.2
(ICC: 0.742) showed good agreement, whereas
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Gemini 3 (ICC: 0.638) demonstrated moderate
agreement. For clinical accuracy, ChatGPT-5.2
showed good agreement (ICC: 0.777), while
DeepSeek V3.2 (ICC: 0.676) and Gemini 3 (ICC:
0.606) showed moderate agreement. GQS scores
indicated moderate agreement across all models,
with ChatGPT-5.2 yielding the highest ICC (0.644),
followed by DeepSeek V3.2 (0.610) and Gemini
3 (0.580). Similarly, usefulness scores showed
moderate agreement for all models, with DeepSeek
V3.2 showing the highest ICC (0.693), followed by
Gemini 3 (0.602) and ChatGPT-5.2 (0.567).

DISCUSSION

The findings of this study suggest that all three
evaluated LLMs are capable of providing generally
reliable responses to information needs in geriatric

rehabilitation. In addition, ChatGPT-5.2 and
DeepSeek V3.2 appeared to offer more clinically
accurate information than Gemini 3. ChatGPT-5.2
also demonstrated relatively stronger performance
in terms of overall quality and usefulness.
Furthermore, both ChatGPT-5.2 and Gemini 3
produced more readable responses than DeepSeek
V3.2, which may indicate greater accessibility for

older adults.

When the mDISCERN scores were compared,
all three models were found to provide generally
reliable and credible information. Similarly, Sari et
al. (14) reported that ChatGPT-4 and DeepSeek
V3 generated reliable information, as reflected by
their mDISCERN scores. In their study, although
DeepSeek V3 exhibited higher reliability and
usefulness scores in certain domains, no consistent

Table 3. Comparison of Reliability, Clinical Accuracy, Information Quality, Usefulness, Readability, and Text

Characteristics Across Large Language Models

mDISCERN score 5 (4-5) 4 (4-5) 4.5 (4-5) 0.097
Clinical accuracy questionnaire 10 (9-10)2 9 (7-9)P 10 (9.25-10)2 0.001
GQS score 5 (4-5)2 4 (3-4)° 4 (4-4.75)¢ 0.001
Usefulness score 7 (6-7)? 5 (4.5-5)P 5 (5-6)¢ 0.001
FRE score 55.8 (47-65.2)? 53 (50.1-59.9)2 46.4 (43.5-57 .6)° 0.001
Word count 330 (290-375)2 445 (412-478)° 663 (605-767)° 0.001
Sentence count 50 (39.5-60.8)2 425 (36.3-46)P 70.5 (59.5-80.7)¢ 0.001
Average words per sentence 6.75 (6.1-7.7)2 11.1 (10.1-12)P 9.2 (8.3-10.5)¢ 0.001
Average syllables per word 1.7 (1.6-1.8)ab 1.7 (1.6-1.7)? 1.8 (1.6-1.8)b 0.001

a, b, c: Different superscript letters indicate statistically significant pairwise differences between groups based on Bonferroni-corrected post hoc comparisons.

Table 4. ICCs for Inter-rater Reliability of LLM-Generated Responses

mDISCERN 0.742 (0.490-0.879) 0.638 (0.323-0.825) 0.753 (0.508-0.885)
Clinical accuracy 0.777 (0.526-0.900) 0.606 (0.180-0.823) 0.676 (0.299-0.857)
GQS 0.644 (0.333-0.829) 0.580 (0.133-0.772) 0.610 (0.282-0.810)
Usefulness 0.567 (0.221-0.787) 0.602 (0.270-0.806) 0.693 (0.410-0.855)
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superiority in reliability across all domains was
identified among the models (14). In contrast, Zhou
et al. (20) reported that the DISCERN scores of
surgical information generated by different models
remained at a moderate level, primarily as a result
of insufficient source citations. In another study,
although both ChatGPT-3.5 and -4 were shown
to provide reliable and high-quality information
related to anterior cruciate ligament conditions, the
readability of the responses was limited because
of their excessive complexity (21). Our findings
are consistent with these observations, indicating
that source transparency remains a significant
limitation despite a high perceived level of text
reliability. Accordingly, although LLMs demonstrate
considerable potential for information delivery in
geriatric rehabilitation, further improvements are
required, particularly with respect to source citation
and content verifiability.

Although the reliability levels were comparable
across the models in our study, significant
differences were observed in terms of clinical
accuracy, response quality, and usefulness. From
the perspective of clinical accuracy, ChatGPT-5.2
tended to provide simpler, more cautious, and
better calibrated particularly  for
questions requiring risk communication, clear safety
boundaries, and clinically balanced explanations.
DeepSeek V3.2, in contrast, appeared to generate
more detailed and clinically stronger responses in
areas requiring broader content coverage, such
as exercise types, balance, strength, posture,
flexibility, and fall prevention in the home
environment. Although Gemini 3 provided practical
and structured recommendations in some topics, it
generally remained behind the other two models
in terms of clinical balance and emphasis on
safety. Taken together, these findings suggest that
DeepSeek V3.2 may offer an advantage in content
scope and depth, whereas ChatGPT-5.2 appears to
demonstrate a stronger profile in terms of clinical
balance and safe guidance.

responses,

A similar pattern was also observed in the quality
and usefulness assessments. The highest GQS and
usefulness scores were obtained by ChatGPT-5.2,
followed by DeepSeek V3.2 and then Gemini 3. This
suggests that ChatGPT-5.2 is able to generate more
comprehensive and comprehensible responses
to common rehabilitation-related questions. A
possible explanation may be the ability of ChatGPT
to access a broader knowledge base and its greater
capacity to adapt information to user needs (22). In
contrast, despite being apowerful model, DeepSeek
V3.2 tended to generate longer and more complex
responses, a pattern that has also been reported in
previous comparative studies on rehabilitation (14).
These results suggest that DeepSeek may provide
more effective responses to specialized questions,
whereas ChatGPT delivers more balanced answers
to general patient inquiries. However, although
the responses may be informative, excessively
long and complex outputs can reduce perceived
usefulness among older adults, thereby limiting the
comprehension and practical applicability of the
information.

Readability is a fundamental component in the
evaluation of health information provided to older
adults, as clear and simplified educational materials
substantially facilitate the comprehension and
practical application of information (23). We found
that the responses generated by ChatGPT-5.2
and Gemini 3 were written at an easier reading
level than those produced by DeepSeek V3.2,
as reflected by their higher FRE scores (median
~55-53 vs. 46 for DeepSeek). From a practical
perspective, the responses from ChatGPT-5.2 and
Gemini 3 corresponded to an approximately high-
school reading level ("fairly difficult”), whereas
the DeepSeek V3.2 responses reflected university-
level readability (“difficult”). Nevertheless, despite
offering relatively better readability, neither
ChatGPT-5.2 nor Gemini 3 produced patient-friendly,
easy-to-read texts, and all model outputs remained
above the recommended eighth-grade reading
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level. This finding is consistent with a growing body
of evidence indicating that health-related responses
generated by artificial intelligence are often overly
complex for the average patient (14, 21, 24). For
example, Fahy et al. (21) reported that responses
generated by ChatGPT-3.5 and ChatGPT-4
regarding anterior cruciate ligament injuries were
written at approximately twelfth-grade to college-
graduate reading levels. Similarly, Kolac et al. (24)
found that LLM-generated responses related to
rotator cuff injuries exhibited low readability. This
persistent gap between the readability of medical
artificial intelligence outputs and the literacy level
of patients may limit the effective use of even high-
quality information. Such limitations become more
pronounced among older individuals in whom
cognitive, sensory, and educational barriers are
more prevalent.

The length and structural organization of
responses also appear to contribute to these
readability challenges. Responses generated by
DeepSeek V3.2 were not only more difficult to
read but also substantially longer. Conversely,
ChatGPT-5.2
more comprehensible manner, using clearer
segmentation, shorter sentences, and illustrative
exercise images, which enhanced perceived
readability. Sari et al. (14) reported a similar pattern
for rehabilitation-focused LLM comparisons in
the context of ankylosing spondylitis. Moreover,
previous studies have noted that LLMs may tend
toward  “over-answering”  with  encyclopedic
detail, which can be counterproductive for patient
education (25). Therefore, LLMs intended for use
in geriatric rehabilitation should be optimized to
generate simpler responses tailored to patient
literacy levels, with clearly stated and transparent

structured  information in a

sources.

Although all three models produced responses
with  acceptable reliability,  patient-oriented
recommendations in geriatric rehabilitation involve
clinically sensitive issues with direct implications for
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patient safety. These include exercise prescription,
fall prevention, pain or dyspnea during activity, and
situations in which medical evaluation is required.
In this context, responses that appear fluent and
convincing but are incomplete, overly assertive,
or inaccurate may delay appropriate healthcare
seeking and encourage unsafe self-management.
Moreover, the use of such responses in clinical
decision-making raises important medicolegal
concerns, particularly regarding responsibility
in cases of misinformation, the boundaries of
professional obligations, and potential legal
consequences. Therefore, our findings suggest
that LLMs should be regarded only as supportive
educational tools in geriatric rehabilitation and
should not replace healthcare professionals,
especially in safety-sensitive situations involving
older adults.

Limitations

This study has several limitations. First, because
of the rapid evolution of LLM technology, model
updates may alter performance characteristics over
time. Second, the question set was developed
specifically for this study and was not pilot-tested,
which may limit its validity and the sensitivity to
detect subtle differences between models. Third,
each question was submitted only once to each
model; therefore, the findings may not fully reflect
the variability of LLM-generated responses across
repeated interactions. Fourth, although a multi-step
expert evaluation process was used, the inclusion
of a larger and more diverse evaluator panel might
have provided a broader clinical perspective. Fifth,
LLMs may generate hallucinated, incomplete, or
contextually inappropriate responses, and this
potential limitation should be considered when
interpreting the findings. Finally, the study was
restricted to English-language outputs, which may
limit the generalizability of the findings to older
adults who do not speak English.
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CONCLUSION

All evaluated LLMs generally produced responses
with acceptable reliability, while ChatGPT-5.2 and
DeepSeek V3.2 appeared to demonstrate relatively
stronger performance in terms of clinical accuracy.
In terms of quality and perceived usefulness,
ChatGPT-5.2 outperformed the other models. With
regard to readability, ChatGPT-5.2 and Gemini 3
generated more accessible texts than DeepSeek
V3.2; however, the outputs of all models remained
above the recommended patient-centered
reading level, suggesting that readability was
still suboptimal. Therefore, although these tools
may serve as supportive resources in geriatric
rehabilitation, they should not be regarded as
substitutes for healthcare professionals and should
preferably be used under professional supervision.
Future studies should incorporate repeated
response generation for each question, larger and
more diverse multidisciplinary evaluator panels,
and updated LLM versions and multilingual outputs

in real-world geriatric rehabilitation settings.
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