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Abstract

Introduction/background Spinal cord injuries (SCI) present complex challenges for patients, who increasingly turn to
online resources for supplementary information. Large language models (LLMs) like ChatGPT and Google Gemini have
emerged as potential tools for patient education. However, concerns about the accuracy, clarity, and comprehensiveness of
their responses remain, particularly in specialized fields such as SCI. This study aimed to evaluate the performance of Chat-
GPT 4, ChatGPT 3.5, and Google Gemini in addressing common patient questions about SCI.

Material and methods A systematic process was used to identify 10 key patient questions related to SCI from online sources,
PubMed, and Google Trends. These questions were submitted to ChatGPT 4, ChatGPT 3.5, and Google Gemini using a
standardized prompt and a 150-word response cap to elicit expert-like responses. Eight blinded spine surgeons evaluated the
chatbot-generated answers for quality, clarity, empathy, and comprehensiveness using a validated rating system. Responses
were categorized as “excellent,” “satisfactory with minimal clarification,” “satisfactory with moderate clarification,” or
“unsatisfactory.”

Results Across all three models, the majority of responses were rated as either excellent or requiring only minimal clarifica-
tion. ChatGPT 4 achieved the highest proportion of high-quality responses, with up to almost 90% rated as “excellent” or
“minimal clarification required.” ChatGPT 3.5 and Google Gemini performed similarly, with slightly lower percentages of
high-quality responses. No statistically significant differences were observed between the models in overall performance.
Conclusion In a standardized single turn, 150-word setting, publicly available LLMs produced largely satisfactory answers
to common SCI questions with comparable performance across models. LLMs can be recommended as adjuncts for general
patient education, while their outputs should be reviewed within clinical care. Further studies should test multi turn inter-
actions, include patient and multidisciplinary evaluators, compare chatbot responses with clinician authored answers and
evaluate the performance of domain specific medical LLMs.
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Introduction traditional medical advice [3]. In recent years, large lan-

guage models (LLMs) such as ChatGPT have emerged as

Spinal cord injuries (SCI) represent complex medical con-
ditions that pose significant challenges for patients. Indi-
viduals living with spinal cord injury face a multifaceted
landscape of physiological, psychological, and social com-
plexities [1, 2]. As individuals seek to better understand
their conditions and make informed decisions about their
healthcare, many turn to online resources to complement
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powerful tools for obtaining medical information, offering
insights across a wide range of domains [4—8]. However,
while LLMs hold great promise in making medical knowl-
edge accessible, the quality of the information they provide
can vary [9]. The vast scope of data processed by these mod-
els means that users risk encountering outdated, oversimpli-
fied, or even misleading content, potentially jeopardizing
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patient outcomes [10, 11]. This variability underscores the
need for rigorous evaluation of their reliability, particularly
in fields like SCI, where decisions are often nuanced, highly
individualized, and deeply consequential.

The role of high-quality educational materials extends
beyond individual empowerment. Clear, accurate, and
empathetic communication is a cornerstone of partner-
ships between patients and the multidisciplinary care team
[12]. Reliable information not only equips patients with the
knowledge needed to make decisions but also fosters trust
and mutual understanding between patients and their health-
care providers [13, 14]. As the digital landscape evolves,
advanced Al technologies like LLMs offer a unique oppor-
tunity to transform these interactions. By generating person-
alized, scientifically grounded, and easily comprehensible
responses, LLMs could bridge existing gaps in patient edu-
cation and enhance the transparency and efficacy of medical
communication.

Despite this potential, critical concerns remain. Ques-
tions about the accuracy, comprehensiveness, and contextual
appropriateness of LLM-generated outputs are particularly
pressing in specialized domains like SCI. Whether LLMs
can meet the stringent requirements of this field and fulfill
their promise as transformative tools for patient education is
a matter that demands careful investigation.

This study seeks to address this gap by evaluating
whether LLMs can accurately and effectively respond to
common patient questions about SCI. By assessing their
ability to provide clear, precise, and empathetic answers,
this research aims to explore the potential of LLMs as reli-
able tools for enhancing patient education and empowering
individuals to make informed healthcare decisions.

Materials and methods
Design and data assessment

A structured and thorough approach was undertaken to
identify the most common questions related to spinal cord
injuries. Searches were conducted on PubMed and Google
using the terms “frequently asked questions AND spi-
nal cord injury OR SCI,” which returned approximately
28.8 million results as of September 20, 2024. From these,
the first 20 Google search results were assessed according
to predefined criteria. Eligible sources were required to have
been published after December 31, 2017, written in English,
and presented in an FAQ or Q&A format. Resources were
excluded if they provided non-generalizable content, such
as information limited to specific implants or healthcare
providers.

To enhance the search process, ChatGPT 4 was used with
the prompt: “Suggest a list of the 20 most common frequently
asked patient questions about spinal cord injury.” Addition-
ally, global data trends were reviewed using Google Trends
with the keyword “spinal cord injury” to identify topics of
widespread interest and current relevance.

This multi-step strategy yielded a pool of 121 unique
questions. These were systematically reviewed and grouped
into 10 key themes that reflect the most pressing and com-
monly raised concerns of individuals affected by SCI. The
final list of questions was refined to ensure it addressed criti-
cal aspects comprehensively (Table 1). A flowchart detailing
this methodology is presented in Fig. 1.

The finalized questions were submitted to the Al chatbots
ChatGPT 4, ChatGPT 3.5, and Google Gemini through their

Table 1 Overview of Frequently Asked Questions (FAQs) Provided to Large Language Models (LLMs.), labelled Q1-Q10

FAQS

Q1: What are spinal cord injuries?

Q2: What is the difference between paraplegia and tetraplegia?

Q3: Is there a cure for spinal cord injuries?

Q4: What are the chances of recovery from a spinal cord injury?

Q5: What are the short-term and long-term complications of SCI?

Q6: What kinds of help and treatment are effective in helping people to cope with
their new life situation, and to find ways of enjoying life, after a spinal cord injury?

Q7: Can spinal cord injuries cause chronic pain?

Q8: What are the emotional and psychological challenges of living with an SCI?

Q9: What resources and financial assistance are available for SCI patients?

Q10: How do | find trustworthy sources that deal with questions about spinal cord

injuries?
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Fig. 1 Selection Process for
Identifying the Top 10 Frequently
Asked Questions About Spinal
Cord Injuries
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respective online portals. Each chatbot was engaged using
the following standardized prompt: “Act as doctor and
expert in the field of spinal cord injuries, who is up to date
with the latest scientific research and has years of experi-
ence counselling patients with empathy and clarity. Provide
a comprehensive and easily understandable answer to the
following question about spinal cord injuries (SCI)! Limit
your answer to 150 words and focus on the most important
aspects to ensure patient information: (...)”. To minimize
bias from previous responses, a new session was initiated
for each question. To facilitate comparisons across models,
all interactions were constrained to a single-turn response
and a 150-word limit.

ChatGPT, developed by OpenAl, is based on the genera-
tive pre-trained transformer (GPT) architecture, pre-trained
on diverse internet text to produce versatile and detailed
responses. Updates from GPT-3.5 to GPT-4 have enhanced
reasoning, factual accuracy, and human-like output.

Google Gemini, rooted in the Pathways Language Model
(PaLM) framework, is optimized for conversational appli-
cations, integrating reinforcement learning from human
feedback (RLHF) to deliver contextually relevant and empa-
thetic responses. These technical differences highlight the
potential for variation in how each model handles patient
inquiries, with ChatGPT excelling in broad generative tasks
and Gemini focusing on real-time conversational relevance
and multimodal capabilities, particularly in nuanced medi-
cal contexts like SCI.

An expert panel of eight blinded, board-certified spine
surgeons in orthopedics or neurosurgery with extensive
experience in SCI management evaluated the chatbot
responses. Unaware that the answers were Al-generated, the
assessors rated each response using a validated rating system
[15]. The panel included surgeons practicing in Germany,
Austria, and Switzerland, thereby situating the assessment
within a Central European healthcare context. Responses
were classified into four categories: ‘excellent response
not requiring clarification,” ‘satisfactory requiring minimal

clarification,” ‘satisfactory requiring moderate clarifica-
tion,” or ‘unsatisfactory requiring substantial clarification.’
A satisfactory response was defined as accurate but poten-
tially requiring additional detail or clarification. Responses
requiring moderate clarification contained missing or out-
dated information, while unsatisfactory responses exhibited
significant inaccuracies or were overly generic, potentially
leading to misinterpretation. For responses that were not
rated as “excellent,” raters were asked to specify the ratio-
nale for their decision. The predefined options included:
“off-topic,” “clear mistakes,” “too much information,” “too
few information,” “language problems,” or “other issues.”

Additionally, the raters answered four supplemental
questions on a five-point Likert scale to evaluate the exhaus-
tiveness, clarity and length of the responses and whether
they effectively addressed patient concerns with empathy.
All verbatim chatbot responses (per model and question) are
provided in Supplementary Material S1.

EEINT3

Statistical analysis

Statistical analysis was conducted using GraphPad Prism
(version 10.1, GraphPad Software Inc., San Diego, CA,
USA). The distribution of response ratings across pre-
defined categories was analyzed using the Wilcoxon
signed-rank test. Differences in ratings between ChatGPT 4,
ChatGPT 3.5, and Google Gemini were examined with the
Mann-Whitney U-test. Statistical significance was defined
as p<0.05. This study was determined to be exempt from
Institutional Review Board review.

Results
Across all three models and the 10 evaluated questions, the

majority of responses were rated as satisfactory, with only a
small proportion categorized as unsatisfactory.
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Fig. 2 Pie Chart Depicting the
Percentage Distribution of Overall
Ratings for the Combined Question
Set Across All Three LLMs
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Google Gemini provided 29% of responses rated as
excellent, 44% requiring minimal clarification, 23% requir-
ing moderate clarification, and 5% categorized as unsatis-
factory. ChatGPT 3.5 achieved 31% of responses rated as
excellent, 46% requiring minimal clarification, 21% requir-
ing moderate clarification, and only 1% rated as unsatisfac-
tory. ChatGPT 4 demonstrated the highest proportion of
excellent ratings, with 36% rated as excellent, 53% requir-
ing minimal clarification, 10% requiring moderate clarifica-
tion, and 1% categorized as unsatisfactory. no statistically
significant differences were observed between the models in
terms of overall performance (Fig. 2).

For responses that were not rated as “excellent,” raters
were asked to specify the primary reasons for their assess-
ments. Among the predefined categories, “too few informa-
tion” was the most frequently cited issue across all models,
accounting for 54.4% of ratings for Google Gemini, 50%
for ChatGPT 3.5, and 58.1% for ChatGPT 4. “Language
issues,” encompassing unclear phrasing or grammar con-
cerns, were reported at 1.8% for Google Gemini, 35.7%
for ChatGPT 3.5, and 18.6% for ChatGPT 4. “Too much
information,” where responses included excessive and
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unnecessary detail, was noted in 14% of cases for Google
Gemini, 1.8% for ChatGPT 3.5, and 9.3% for ChatGPT 4.

The category “off-topic,” referring to irrelevant answers,
was rare, occurring in 3.5% of Google Gemini responses
and none of the responses from ChatGPT 3.5 or ChatGPT 4.
“Clear mistakes,” such as factual inaccuracies, were identi-
fied in 7% of responses from both Google Gemini and Chat-
GPT 4, while no instances were noted for ChatGPT 3.5.
Finally, “other reasons,” covering miscellaneous concerns,
accounted for 19.3% of ratings for Google Gemini, 12.5%
for ChatGPT 3.5, and 7% for ChatGPT 4 (Fig. 3).

The median overall rating across the ten questions did
not differ significantly between Google Gemini, ChatGPT
3.5, and ChatGPT 4 (Fig. 4A). Median scores remained
largely consistent across all models, with only slight vari-
ations observed for specific questions (Fig. 4B). A closer
examination of median ratings by individual FAQs further
reinforced this observation, indicating comparable perfor-
mance among the three chatbots across the evaluated ques-
tions (Fig. 4).

The evaluation of exhaustiveness, clarity, empathy/pro-
fessionalism, and response length showed slight variations
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Fig. 5 Mean Ratings with Standard Deviations (SD) for Exhaustive-
ness, Clarity, Empathy/Professionalism, and Response Length Across
Google Gemini, ChatGPT 3.5, and ChatGPT 4

among the three models, but no statistically significant dif-
ferences were observed. All three chatbots demonstrated
similar overall performance, with ratings indicating their
ability to provide satisfactory and well-rounded responses.
While there were minor differences, such as ChatGPT 4
scoring slightly higher on exhaustiveness and response
length, and Google Gemini performing better in clarity,
these variations were not significant (Fig. 5).

Discussion

The potential of Al, particularly language models like Chat-
GPT and Google Gemini, to revolutionize patient education
is garnering growing attention in research [5—7, 16—18]. Yet,
the broader landscape of online resources poses consider-
able challenges in healthcare contexts, raising critical con-
cerns about the reliability and accuracy of the information

they provide. In light of these considerations, we systemati-
cally identified common patient questions about spinal cord
injuries and evaluated the responses generated by ChatGPT
4, ChatGPT 3.5, and Google Gemini, based on ratings from
blinded experts in spine surgery.

The results demonstrate that all three LLMs achieved
satisfactory performance across the majority of evaluated
questions, with nearly 90% of ChatGPT 4’s responses rated
as requiring no clarification or only minimal clarification.
Importantly, the differences in overall ratings across the
models were not statistically significant, indicating that all
three platforms are broadly comparable in their ability to
address patient inquiries.

When assessing specific aspects of response quality,
slight variations were noted. ChatGPT 4 scored marginally
higher in exhaustiveness and response length, suggesting
that its additional detail was generally well-received. Con-
versely, Google Gemini performed better in clarity, indicat-
ing that its responses were perceived as easier to understand.

These findings underscore the variability among even
the most popular and widely accessible LLMs. It is there-
fore important to understand that each model has distinct
strengths and limitations, even when addressing similar
tasks.

Despite these strengths, common challenges were iden-
tified across all models. The most prevalent issue was a
lack of sufficient information, which accounted for over
half of the non-excellent ratings for all three chatbots. This
suggests that while the models generally provide relevant
information, they may fail to address complex or nuanced
aspects of SCI.

The findings align with prior research demonstrating the
promise of LLMs in patient education. For example, stud-
ies by Ayers et al. and Stroop et al. reported high ratings for
accuracy, clarity, and empathy in Al-generated responses,
particularly in addressing frequently asked medical ques-
tions [19, 20]. However, as noted in earlier research, the risk

@ Springer



European Spine Journal

of generating plausible but incorrect information (“halluci-
nations”) remains a significant limitation, underscoring the
need for expert oversight when applying LLMs in health-
care [21, 22]. Additionally, Lang et al. observed that spe-
cific questions related to nuanced or complex topics, such
as surgical techniques or long-term outcomes, often receive
less satisfactory responses [6, 7]. This aligns with our find-
ing that “too few information” was the most common reason
for non-excellent ratings across all three models, particu-
larly for complex inquiries that demand individualized and
detailed explanations, as often required in the context of
SCL

One critical factor influencing the quality of LLM-gen-
erated responses is the prompt used to guide the models. In
this study, a carefully designed prompt instructed the LLMs
to act as empathetic, knowledgeable experts in SCI. This
was implemented within a standardized 150-word format
to ensure comparability of outputs. This approach likely
contributed to the high ratings for clarity and profession-
alism across all models. However, this also highlights the
dependence of LLMs on effective prompt engineering, the
art of crafting prompts to elicit accurate and contextually
appropriate responses. Poorly designed prompts can result
in incomplete or irrelevant answers, emphasizing the need
for specialized training and expertise when utilizing LLMs
in clinical contexts [23, 24].

Our evaluation reflects a predominantly surgical per-
spective. Responses were rated by board-certified spine sur-
geons. While this ensures clinical rigor for medical content,
it does not capture all perspectives central to everyday life
with SCI, such as those of rehabilitation physicians, phys-
iotherapists, occupational therapists, psychologists, nurses,
and social workers. These viewpoints may weigh clar-
ity, practicality, empathy, and lived experience differently.
Future studies should therefore incorporate multidisci-
plinary panels to provide a more comprehensive assessment
of patient-facing information.

The content accuracy of off-the-shelf LLMs mirrors the
unregulated and variable quality of the data from which
they are trained. While these general-purpose models can
provide a strong starting point, custom LLMs could present
an excellent opportunity to integrate specialized, bespoke
expertise from specific medical specialties. This custom-
ization could ensure greater reliability and relevance in
patient education materials. For example, a center-specific
LLM trained on outcome data, procedural details, and the
expertise of its surgeons could provide tailored, precise, and
patient-centered information.

The promising performance of LLMs in this study sug-
gests their potential utility as supplemental tools in patient
education. For example, they could provide initial drafts
of responses to patient questions, which clinicians can
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then review and personalize. This hybrid approach could
enhance efficiency in patient-physician communication
while ensuring accuracy and contextual relevance. Com-
bined with advanced prompt engineering, this underscores
the immense potential of Al to transform patient-physician
communication and education in highly specialized fields
like SCI.

Future research should explore how LLMs perform in
real-world scenarios, including comparisons with physi-
cian-provided answers. Additionally, integrating advanced
prompt engineering techniques, such as chain-of-thought or
reasoning-based prompting, may further enhance the qual-
ity of LLM-generated responses, particularly for complex
or ambiguous inquiries [25]. Research into how patients
perceive and interact with Al-generated content will also be
crucial for optimizing its role in clinical practice.

Limitations

This study has several limitations that warrant consideration.
First, assessor composition was limited to board-certified
spine surgeons with expertise in SCI management. Multi-
disciplinary perspectives (rehabilitation medicine, physio-
therapy/occupational therapy, psychology, nursing, social
work) and patient raters were not included, which may
influence judgments of clarity, practicality, and empathy.

Second, we did not include a comparison with physician-
generated answers in this study.

Evaluating LLM responses against a “gold standard” set
of physician-generated answers would provide valuable
context for interpreting their performance and identifying
areas for improvement. Furthermore, the one-question, 150-
word setup enabled standardized ratings but differs from
typical multi-turn interactions, which may allow more depth
and opportunities for correction.

Finally, while we evaluated three widely available gen-
eral-purpose LLMs, specialized medical LLMs, such as
Google’s Med-PalLM 2 or Clinical GPT, were not included.
These models may offer more targeted and detailed infor-
mation for specific medical contexts but are less accessible
to the general public. Additionally, it is important to note
that the versions of LLMs are continuously evolving, with
updates often introducing significant changes that can dras-
tically impact their performance and the quality of their
responses. While this variability presents challenges for
consistency in evaluation, it also reflects the rapid pace of
advancement in this field, underscoring the potential for
ongoing improvements in the capabilities of LLMs to sup-
port patient education and healthcare delivery.
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Conclusion

Within our standardized single turn, 150-word setting, pub-
licly available LLMs produced largely satisfactory answers
to common SCI questions with comparable performance
across models. LLMs can therefore be recommended as
adjuncts for general patient education and pre visit prepara-
tion, and to complement it as part of a broader healthcare
communication strategy, but not as standalone sources for
medical decisions or diagnosis. Outputs should be reviewed
within clinical care. Chatbots may be less suitable for com-
plex or highly individualized issues that require tailored
clinical judgment. Future research should assess multi turn
use, include patient and multidisciplinary evaluators, and
benchmark against clinician authored answers, with ongo-
ing reevaluation as models evolve. Specialized medical
LLMs may ultimately provide greater reliability for clinical
information.
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