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Abstract

Background: Stroke is a leading cause of disability and death worldwide, with home-based rehabilitation playing a crucial role
in improving patient prognosis and quality of life. Traditional health education models often fall short in terms of precision,
personalization, and accessibility. In contrast, large language models (LLMs) are gaining attention for their potential in medical
health education, owing to their advanced natural language processing capabilities. However, the effectiveness of LLMs in home-
based stroke rehabilitation remains uncertain.

Objective: This study evaluates the effectiveness of four LLMs—ChatGPT-4, MedGo, Qwen, and ERNIE Bot—in home-based
stroke rehabilitation. The aim is to offer stroke patients more precise and secure health education pathways while exploring the
feasibility of using LLMs to guide health education.

Methods: In the first phase of this study, a literature review and expert interviews identified 15 common questions and 2 clinical
cases relevant to stroke patients in home-based rehabilitation. These were input into four LLMs for simulated consultations. Six
medical experts (2 clinicians, 2 nursing specialists, and 2 rehabilitation therapists) evaluated the LLM-generated responses using
a Likert 5-point scale, assessing accuracy, completeness, readability, safety, and humanity. In the second phase, the top two
performing models from phase one were selected. Thirty stroke patients undergoing home-based rehabilitation were recruited.
Each patient asked both models 3 questions, rated the responses using a satisfaction scale, and assessed readability, text length,
and recommended reading age using a Chinese readability analysis tool. Data were analyzed using one-way ANOVA, post hoc
Tukey HSD tests, and paired t-tests.

Results: The results revealed significant differences across the four models in five dimensions: accuracy (P = .002),
completeness (P < .001), readability (P = .04), safety (P = .007), and humanity (P < .001). ChatGPT-4 outperformed all models
in each dimension, with scores for accuracy (M = 4.28, SD = 0.84), completeness (M = 4.35, SD = 0.75), readability (M = 4.28,
SD = 0.85), safety (M = 4.38, SD = 0.81), and user-friendliness (M = 4.65, SD = 0.66). MedGo excelled in accuracy (M = 4.06,
SD = 0.78) and completeness (M = 4.06, SD = 0.74). Qwen and ERNIE Bot scored significantly lower across all five dimensions
compared to ChatGPT-4 and MedGo. ChatGPT-4 generated the longest responses (M = 1338.35, SD = 236.03) and had the
highest readability score (M = 12.88). In the second phase, ChatGPT-4 performed the best overall, while MedGo provided the

https://preprints.jmir.org/preprint/73226 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Qiang et al

clearest responses.

Conclusions: LLMs have shown strong performance in home-based stroke rehabilitation education, demonstrating significant
potential for real-world applications. However, further improvements are needed in accuracy, professionalism, and oversight.
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Effectiveness of Large Language Models in Stroke Rehabilitation Health
Education: A Comparative Study of ChatGPT-4, MedGo, Qwen, and ERNIE
Bot

Abstract
Background: Stroke is a leading cause of disability and death worldwide, with home-based
rehabilitation  playing  a  crucial  role  in  improving  patient  prognosis  and  quality  of  life.
Traditional health education models often fall short in terms of precision, personalization, and
accessibility. In contrast, large language models (LLMs) are gaining attention for their potential
in medical health education, owing to their advanced natural language processing capabilities.
However, the effectiveness of LLMs in home-based stroke rehabilitation remains uncertain.
Objective: This study evaluates the effectiveness of four LLMs—ChatGPT-4, MedGo, Qwen, and
ERNIE Bot—in home-based stroke  rehabilitation.  The  aim is  to  offer  stroke  patients  more
precise and secure health education pathways while exploring the feasibility of using LLMs to
guide health education.
Methods: In the first phase of this study, a literature review and expert interviews identified
15  common  questions  and  2  clinical  cases  relevant  to  stroke  patients  in  home-based
rehabilitation.  These  were  input  into  four  LLMs  for  simulated  consultations.  Six  medical
experts (2 clinicians, 2 nursing specialists, and 2 rehabilitation therapists) evaluated the LLM-
generated responses using a Likert 5-point scale, assessing accuracy, completeness, readability,
safety,  and humanity. In the second phase, the top two performing models from phase one
were selected.  Thirty stroke patients undergoing home-based rehabilitation were recruited.
Each patient asked both models 3 questions, rated the responses using a satisfaction scale, and
assessed readability, text length, and recommended reading age using a Chinese readability
analysis tool. Data were analyzed using one-way ANOVA, post hoc Tukey HSD tests, and paired
t-tests.
Results: The results revealed significant differences across the four models in five dimensions:
accuracy (P =  .002),  completeness  (P <  .001),  readability  (P =  .04),  safety  (P =  .007),  and
humanity (P < .001). ChatGPT-4 outperformed all models in each dimension, with scores for
accuracy (M = 4.28, SD = 0.84), completeness (M = 4.35, SD = 0.75), readability (M = 4.28, SD =
0.85), safety (M = 4.38, SD = 0.81), and user-friendliness (M = 4.65, SD = 0.66). MedGo excelled
in accuracy (M = 4.06, SD = 0.78) and completeness (M = 4.06, SD = 0.74). Qwen and ERNIE Bot
scored  significantly  lower  across  all  five  dimensions  compared  to  ChatGPT-4  and  MedGo.
ChatGPT-4 generated the longest responses (M = 1338.35, SD = 236.03) and had the highest
readability  score  (M = 12.88).  In the second phase,  ChatGPT-4 performed the best  overall,
while MedGo provided the clearest responses.
Conclusions: LLMs  have  shown  strong  performance  in  home-based  stroke  rehabilitation
education,  demonstrating significant potential  for real-world applications.  However,  further
improvements are needed in accuracy, professionalism, and oversight.
Keywords: Large language models; Stroke; Artificial intelligence; Home rehabilitation

Introduction
Stroke  is  a  leading  cause  of  mortality  and  disability  among  middle-aged  and  elderly

individuals worldwide. According to the World Health Organization (WHO), over 15 million
people experience a stroke annually, resulting in approximately 6 million deaths and leaving
millions  more  with  varying  degrees  of  long-term  disability  [1].  With  the  global  aging
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population,  stroke  prevalence  continues  to  rise,  particularly  in  low-  and  middle-income
countries, where the disease burden is increasing, posing a significant public health challenge
[2].  Stroke  rehabilitation  is  critical  for  improving  patient  prognosis  and  quality  of  life  [1].
Home-based rehabilitation, offering convenience and cost-effectiveness, has gained significant
attention  in  recent  years.  However,  successful  home  rehabilitation  requires  active  patient
engagement,  effective  family support,  and professional  guidance [3].  Comprehensive  health
education  and  rehabilitation  instructions  are  essential  to  ensure  patients  adhere  to
appropriate recovery protocols at home. Traditional health education methods, such as printed
materials,  books,  and  verbal  instructions,  often  face  challenges  like  delayed  information
dissemination,  inconsistent  interpretation,  and  a  lack  of  personalized  support,  which  can
hinder rehabilitation outcomes.

In  recent  years,  large  language  models  (LLMs)  have  rapidly  advanced,  gaining  significant
attention in the medical and healthcare fields due to their advancements in natural language
processing  (NLP).  LLMs  possess  powerful  language  comprehension  and  generation
capabilities,  enabling  them  to  deliver  personalized,  easily  understandable  health  guidance
tailored to patients’ needs [4,5]. Existing studies have explored LLM applications in patient
education,  mental  health interventions,  and health management [6,7].  However,  LLMs vary
considerably in terms of medical accuracy, comprehensiveness, safety, and readability.

To address these challenges, Shanghai East Hospital developed MedGo in 2024, a specialized
Chinese medical LLM designed to assist healthcare professionals in clinical decision-making
and medical consultations. MedGo has demonstrated exceptional capabilities in medical task
processing, ranking among the top models in the Chinese Biomedical Language Understanding
Evaluation (CBLUE) benchmark and excelling in medical question-answering assessments [8].
Given China’s large patient population and limited medical resources, providing personalized
home  rehabilitation  plans  for  every  patient  remains  a  significant  challenge.  Compared  to
traditional  health  education  methods,  LLMs  offer  real-time  interaction,  personalized
recommendations, and continuous 24/7 support through intelligent dialogue systems, making
them well-suited to meet the information and guidance needs of stroke patients during home
rehabilitation.

The application of  LLMs in  the  medical  field  is  still  in  its  early stages  [9,10],  with limited
exploration of how to effectively integrate them into home rehabilitation for stroke patients.
Most  existing  studies  [11]  primarily focus on general-purpose LLMs (e.g.,  ChatGPT,  Google
Bard),  overlooking the potential  of  specialized medical  models  in  healthcare.  Furthermore,
comprehensive comparisons of various LLMs in medical applications are scarce.

This study aims to evaluate the effectiveness of multiple LLMs, including specialized medical
models, in supporting home rehabilitation for stroke patients. By offering a more precise and
safer rehabilitation education pathway, this research seeks to advance the application of LLMs
in healthcare, providing a more efficient and scientifically sound solution for stroke patients'
home  rehabilitation.  The  findings  have  significant  academic  and  practical  implications  for
promoting the adoption of LLMs in healthcare.
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Methods

Study Design
This study was conducted from January 5 to February 22, 2025. Employing both quantitative
and qualitative analyses, the study aimed to evaluate the effectiveness of LLMs in home-based
stroke  rehabilitation  education.  By  comparing  the  performance  of  responses  from  four
different  LLMs  and  incorporating  expert  ratings  and  patient  feedback,  we  explored  their
practical application in the rehabilitation process. The detailed procedure is outlined in Figure
1.

Study Subjects
This  study  selected  four  LLMs  —  ChatGPT,  MedGo,  Qwen,  and  ERNIE  Bot  —  based  on  a
comparative analysis of general-purpose and medical-specific  LLMs, technological diversity,
and  practical  applicability.  ChatGPT  is  a  general-purpose  model  widely  used  for  dialogue
generation  and  question-answering  across  various  domains  [12,13].  MedGo,  developed  by
Shanghai  Oriental  Hospital,  is  a  Chinese  medical-specific  LLM  optimized  for  healthcare,
demonstrating  exceptional  capabilities  in  medical  decision-making and  health  consultation.
Qwen is an intelligent conversational system that integrates multi-domain knowledge, offering
strong multilingual support and advanced question-answering abilities. ERNIE Bot, developed
by Baidu, is a large-scale generative model with robust Chinese language understanding and
generation capabilities, applicable across a wide range of professional fields (see Table 1).

Table 1.  Study Models
Model Version Source Medical-Specific Open-Source
Chat-GPT V4.0 Open AI（USA） No No
Med-Go / Laboratory  of

Biomedical  Artificial
Intelligence (China)

Yes No

Qwen Qwen-Max Alibaba (China) No No
ERNIE Bot V3.5 Baidu (China) No No

Phase One

Questionnaire Design
The study aimed to evaluate the effectiveness of LLMs in home-based stroke rehabilitation
education.  By  comparing  the  performance  of  responses  from  four  different  LLMs  and
incorporating expert ratings and patient feedback, we explored their practical application in
the rehabilitation process. The detailed procedure is outlined in Figure 1.

Common inquiries about home rehabilitation for stroke patients from the past  three years
were gathered and summarized from online medical  platforms,  including "DingXiangYuan,"
"HaoDF,"  "Baidu  Health  Ask  a  Doctor,"  and  "AliHealth."  Additionally,  international  stroke
rehabilitation  guidelines  [14]  —  such  as  those  from  the  American  Heart  Association  ,  the
American Stroke Association, and the Chinese Stroke Association — were reviewed to identify
key concerns  during  the  postoperative  rehabilitation  phase.  Based  on this  information,  an
initial set of questions was selected.

Using this feedback and incorporating the clinical experience of neurorehabilitation nursing
experts, a set of 15 targeted questions and two common home rehabilitation case scenarios
were compiled. Case 1 focused on improving limb mobility and self-care abilities in daily life,
with an emphasis on blood pressure control. Case 2 addressed not only limb and gait training
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but also speech and swallowing rehabilitation, diabetes management, and shoulder pain relief.
The questionnaire (see Table 2) covers three key dimensions:

Table 2.  Questions and clinical scenarios
No. Question
Q1 How to recognize a stroke?
Q2 How to prevent a stroke?
Q3 What is the optimal period for stroke rehabilitation?

Q4
How  should  stroke  patients  conduct  home  rehabilitation  training  after
discharge?

Q5
What  special  considerations  should  be  taken into  account  during  home
rehabilitation for stroke patients?

Q6
How  should  stroke  patients  and  their  families  manage  diet  during
rehabilitation?

Q7
How  should  stroke  patients  manage  medication  during  home
rehabilitation?

Q8
How  should  stroke  patients  use  assistive  devices  for  rehabilitation  at
home?

Q9
How can the affected limbs of  stroke patients be stimulated to promote
recovery?

Q10 What functions can patients regain through rehabilitation training?
Q11 Does earlier rehabilitation lead to better outcomes?
Q12 Can stroke patients fully recover through rehabilitation training?

Q13
If no rehabilitation training is  conducted,  can patients still  recover  over
time?

Q14
Are individuals with a family history of stroke at higher risk of having a
stroke?

Q15
Do  patients  still  need  regular  hospital  check-ups  during  the  home
rehabilitation period?

Case1 Mr. Shen, male,  71 years old,  suffered a stroke two months ago and has
been undergoing pharmacological treatment. The patient still experiences
hemiparesis,  with  no  active  movement  in  the  left  upper  limb and  poor
stability  in  the  left  upper  and  lower  limbs,  requiring  assistance  when
walking. He also needs assistance with daily activities such as bathing. The
patient has had hypertension for two years. How should he proceed with
home rehabilitation?

Case2 Mr. Wu, male, 77 years old, suffered a stroke one month ago and has been
receiving pharmacological treatment. He still has residual weakness in the
left side of his body, with impaired fine motor control in the left hand, an
unstable gait when walking, difficulty with left-sided weight-bearing, and
inability to stand independently.  He also experiences frequent nighttime
urination  and needs assistance with eating,  drinking,  and bathing.  After
physical activity, he often feels weakness in his left lower limb. The patient
has had hypertension for 40 years and was diagnosed with type 2 diabetes
two  months  ago,  with  recent  fluctuations  in  blood  glucose  levels.  How
should he undergo home rehabilitation?

Model Testing
To  enhance  the  professionalism  and  specificity  of  LLM  responses,  ensuring  they  address
questions  from  a  targeted  perspective  and  align  closely  with  real-world  applications,  a
standardized  prompt  was  added  before  each  model-generated  response.  The  prompt
instructed:
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"Assume  you  are  an  experienced  rehabilitation  specialist  responsible  for  assessing  the  home
rehabilitation needs of stroke patients and providing personalized advice based on their specific
conditions.  Use  your  professional  knowledge  to  provide  detailed  answers  to  the  following
questions. Note that the inquirer is a patient or caregiver with no medical background. Ensure
your  responses  include  clear  explanations  and  reference  relevant  medical  evidence  to  aid
understanding."

Fifteen home rehabilitation questions and two clinical cases related to stroke were input into
four different LLMs. Each model received the inputs three times, with each iteration conducted
in a new conversation to eliminate prior chat history, allowing for an assessment of response
consistency. The responses from all models were recorded in plain text format [15]. A single-
blind  method  was  applied:  the  three  responses  from  each  model  were  randomized  and
grouped into four sets of questions, which were then compiled into a questionnaire for expert
evaluation.

Expert Evaluation
A Likert  5-point  rating  scale  was used  to  assess  the  outputs  of  the  four  LLMs  across  five
dimensions: accuracy, completeness, readability, safety, and humanity

1. Accuracy:  Evaluates  whether  the  model-generated  information  aligns  with  scientific
knowledge and medical facts.

2. Completeness: Assesses whether the model's responses fully cover all relevant aspects
of the question or case scenario.

3. Readability:  Determines whether the model's  language is  clear,  concise,  and easy to
understand.

4. Safety: Examines whether the model provides safe and appropriate recommendations
without potential risks.

5. Humanity: Assesses whether the model’s responses consider patients' emotional needs,
dignity, and individual differences while offering care and support.

Note: Experts could provide brief explanations in the comment section if they had concerns
about any response. The detailed definitions of the Likert 5-point rating scale are provided in
Table 3.

Table 3.  Likert 5-point rating scale
Score Accuracy Completeness Readability Safety Humanity
1 The response

is  completely
inaccurate,
containing
misleading or
erroneous
information.

The  response
is  extremely
incomplete,
missing  key
content.

The  response
is  difficult  to
understand,
with  unclear
and  confusing
language.

The  response
contains unsafe
health
recommendatio
ns  or  content
that  could
mislead
patients.

The
response  is
very
indifferent,
ignoring  the
emotional
needs  of
patients.

2 The response
is  partially
accurate  but
contains
some  errors
or incomplete
information.

The  response
is  somewhat
comprehensiv
e  but  omits
critical  or
important
details.

The  response
is  somewhat
understandabl
e  but  includes
ambiguous  or
unclear parts.

The response is
partially  safe,
but  some
suggestions
may  pose
potential risks.

The
response  is
somewhat
indifferent,
lacking
empathy  for
patients.

3 The response
is  mostly
accurate  but
contains

The  response
is  mostly
comprehensiv
e,  though

The  response
is  mostly
understandabl
e,  but  some

The response is
largely  safe,
though  certain
suggestions

The
response  is
mostly
human-
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minor errors. some
information  is
missing.

parts  may
require
further
clarification.

may  require
further
verification  or
revision.

centered  but
still  has
room  for
improvemen
t.

4 The response
is  generally
accurate,
with  few
errors.

The  response
is  generally
comprehensiv
e,  covering
most  relevant
information.

The  response
is  generally
clear and easy
to understand.

The response is
generally  safe
and aligns with
the  patient's
health needs.

The
response
demonstrate
s  empathy
and
consideratio
n  for  the
patient's
emotions.

5 The response
is  completely
accurate,
with  no
errors.

The  response
is  highly
comprehensiv
e,  covering  all
relevant
information.

The  response
is highly clear,
concise,  and
well-
structured.

The response is
entirely  safe,
with  no
potential risks.

The
response  is
highly
human-
centered, full
of  care  and
empathy.

A  total  of  six  stroke  rehabilitation  experts  (Table  4)  were  selected  from  tertiary  general
hospitals  and specialized rehabilitation centers in Shanghai.  The expert panel included one
stroke  center  medical  specialist,  three  neurorehabilitation  nursing  specialists,  and  two
rehabilitation therapists, grouped into three teams [16]. Following a blind evaluation protocol,
the experts assessed the outputs of the four LLMs across five dimensions. The evaluation was
conducted  in  three  rounds  to  minimize  bias.  Prior  to  the  formal  assessment,  a  structured
evaluation protocol was developed to guide reviewers through the process and scoring criteria.
Clear explanations and definitions for each dimension, along with examples, were provided to
ensure understanding. Additionally, the six experts conducted an interpretability analysis of
the responses generated by the four LLMs.
Table 4.  Expert Profiles

Field of Expertise Expert Degree Title
Clinical Medicine Expert 1 Ph.D. Chief Physician
Nursing Expert 2 Ph.D. Chief Nurse
Nursing Expert 3 Bachelor's Associate Chief Nurse
Nursing Expert 4 Bachelor's Associate Chief Nurse
Rehabilitation Medicine Expert 5 Master's Senior Therapist
Rehabilitation Medicine Expert 6 Master's Senior Therapist

Phase Two
Thirty stroke patients were recruited in Shanghai. The two top-performing models from Phase
One were selected for interaction with the patients in a real clinical setting. Each patient asked
both  models  three  questions  related  to  home-based  stroke  rehabilitation.  The  researchers
recorded the responses and independently rated them using a satisfaction scale.
Inclusion Criteria:

1. Patients diagnosed with stroke (including ischemic or hemorrhagic stroke) who meet
the diagnostic criteria in the 2021 China Stroke Prevention and Treatment Guidelines and
have been confirmed by CT or MRI imaging.

2. Patients  in  the  rehabilitation  phase  (1–12  months  post-discharge,  with  ongoing
rehabilitation needs).
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3. Patients undergoing home-based rehabilitation (not long-term hospitalized).
4. Patients with basic communication skills, able to express their needs accurately (or with

a family member to assist in communication).
Exclusion Criteria:

1. Patients with severe cognitive impairments or those unable to accurately express their
needs.

2. Patients unable to undergo home-based rehabilitation (e.g., those requiring long-term
hospitalization due to the severity of their condition).

3. Patients with other serious comorbidities (e.g., end-stage cancer, severe heart failure)
that would interfere with the rehabilitation plan.

The assessment criterion was patient satisfaction, based on the following specific criteria:
Table 5:  Patient Satisfaction Rating Scale
Please select the option that best reflects your overall feeling toward the model's response.

1  Point:  Very
Dissatisfied

The response from the model is very unsatisfactory, completely
failing to meet my needs.

2 Points: Dissatisfied The  response  from  the  model  is  unsatisfactory,  with  many
issues, and does not meet my needs.

3 Points: Neutral The response from the model is  acceptable;  it  answers  some
questions but still has room for improvement.

4 Points: Satisfied The response from the model is satisfactory,  and most of the
questions have been answered effectively.

5 Points: Very Satisfied The  response  from the  model  is  excellent,  and  all  questions
have been answered very well.

Statistical Analysis

Primary Outcomes
Data from the six reviewers' ratings across each dimension for the four sets of responses were
compiled and analyzed.  Given the small  sample size,  median values and means ± standard
deviations were used as statistical indicators.
In Phase One, expert evaluations of the four LLMs' responses were conducted using a Likert 5-
point  scale  for  multi-dimensional  assessment.  In  Phase  Two,  patient  evaluations  were
performed  using  a  satisfaction  scale.  The  rating  data  were  analyzed  using  the  following
statistical methods:

Normality Test: The Shapiro-Wilk test was applied to assess the normality of the rating data
distribution, guiding the selection of appropriate methods for subsequent difference testing.

Difference Analysis: For normally distributed data, one-way ANOVA was used in Phase One to
compare rating differences between models,  followed by post-hoc Tukey HSD analysis.  For
non-normally  distributed  data,  the  Kruskal-Wallis  H  test  and  Mann-Whitney  U  test  (with
Bonferroni  correction)  were  applied.  In  Phase  Two,  paired  sample  t-tests  were  used  to
compare differences between models.

Secondary Outcomes
An objective readability analysis was conducted on the responses generated by the four LLMs
using  a  Chinese  Readability  Assessment  Platform.  This  online  tool  [17,18]  evaluates  text
readability by analyzing 52 linguistic features through a multiple linear regression model. The
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platform  provides  metrics,  including  education  level,  reading  difficulty,  and  recommended
reading age, with higher scores indicating more complex text.

A one-way ANOVA was used to assess differences among the four LLMs in terms of word count,
reading difficulty  scores,  and  recommended  reading  age.  Post-hoc  analysis  was  performed
using  Tukey’s  HSD  test  to  examine  inter-model  differences.  Additionally,  dot  plots  were
generated using the HIPLOT online tool [19] to visually present the readability scores for each
model. All statistical analyses were performed using SPSS and HIPLOT, with a significance level
set at  = 0.05.α
Figure  1.   Research  Design  Workflow  Diagram.  Phase  One: Common  questions  from  stroke  patients
undergoing home-based rehabilitation were collected, and based on the International Stroke Rehabilitation
Guidelines and expert input, a questionnaire was developed containing 15 questions and 2 typical cases.
These questions and cases were input into four LLMs—ChatGPT, MedGo, Qwen, and ERNIE Bot—with each
model  receiving  the  inputs  three  times.  The  models'  raw  text  responses  were  recorded.  Two  clinical
medicine experts, two nursing specialists, and two rehabilitation therapists evaluated the responses using a
Likert 5-point scale across five dimensions: accuracy, completeness, readability, safety, and humanity. This
evaluation was conducted in three rounds, followed by statistical analysis of the ratings.  Phase Two: Based
on Phase One results,  the top two performing LLMs were selected for interaction with 30 patients,  who
provided  satisfaction  ratings.  [20]
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Results

Phase One: Primary Outcomes
Six experts evaluated the responses generated by the LLMs across five dimensions: accuracy,
comprehensiveness, readability, safety, and user-centeredness. Figure 2 presents the scores for
each LLM.

Among  the  models,  ChatGPT-4  achieved  the  highest  scores  across  all  dimensions,  with
particularly outstanding performance in safety (M = 4.38, SD = 0.81) and humanity (M = 4.65,
SD = 0.65). MedGo performed well in accuracy (M = 4.06, SD = 0.78) and completeness (M =
4.06, SD = 0.74) but was slightly inferior to ChatGPT-4 in the humanity dimension. Qwen and
ERNIE Bot received significantly lower scores than both ChatGPT-4 and MedGo.

A  one-way ANOVA (see  Table  6)  revealed  significant  differences  across  all  five  evaluation
dimensions: Accuracy: ChatGPT-4 achieved the highest mean score (4.28 ± 0.84), followed by
MedGo (4.06 ± 0.78), while Qwen and ERNIE Bot both scored lower (3.91 ± 0.77 and 3.91 ±
0.81, respectively). Completeness: ChatGPT-4 again led (4.35 ± 0.75), followed by MedGo (4.06
± 0.74), with Qwen and ERNIE Bot receiving lower scores. Readability: ChatGPT-4 scored the
highest (4.28 ± 0.85), followed by MedGo (4.17 ± 0.81) and Qwen (4.02 ± 0.81), while ERNIE
Bot had the lowest score (3.99 ± 0.79). Safety: ChatGPT-4 topped this dimension (4.38 ± 0.81),
followed by MedGo (4.23 ± 0.73), Qwen (4.08 ± 0.78), and ERNIE Bot (4.05 ± 0.75). Humanity:
ChatGPT-4 achieved the highest score (4.65 ± 0.66), followed by MedGo (4.38 ± 0.73), with
Qwen and ERNIE Bot both scoring identically (4.27 ± 0.72 and 4.27 ± 0.75, respectively).

Figure 4 illustrates the performance of different LLMs across the five evaluation dimensions.
ChatGPT-4 exhibited the best overall performance in all dimensions. The line chart shows the
variation in average scores, with each line representing the scoring trend of a model across
different questions. The radar chart offers a visual representation of each model's performance
across  the  five  dimensions.  Each  axis  of  the  radar  chart  corresponds  to  an  evaluation
dimension, with a larger area indicating stronger performance in that dimension.

Phase One: Secondary Outcomes
Descriptive  statistics  for  the  objective  readability  analysis  are  presented  in  Table8-9  and
Figure 5.  Chinese  Character  Count:  ChatGPT-4 generated  the  highest  total  character  count
(22,752 characters) and the highest average word count (1338.35 ± 236.03). In contrast, Qwen
produced the shortest text, with a total of 13,481 characters and an average word count of
793.00 ± 283.64. Reading Difficulty Score: ChatGPT-4 had the highest average reading difficulty
score (12.88), while ERNIE Bot had the lowest (11.92). Recommended Reading Age: ChatGPT-4
also had the highest  mean recommended reading age (12.82),  whereas ERNIE Bot had the
lowest (11.94). 

The results of the one-way ANOVA are shown in Table 6: Chinese Character Count: Significant
differences were observed in the total text length among the LLMs (F = 11.43 > F crit = 2.75, P <
.001), with the most significant difference between ChatGPT-4 and Qwen (P < .001). Reading
Difficulty  Score:  A  significant  difference  was  found  in  reading  difficulty  scores  among  the
models (F = 3.32 > F crit = 2.75, P = .03). Recommended Reading Age: No significant differences
were observed in recommended reading age among the models (F = 2.48 < F crit = 2.75,  P
= .07).
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Phase Two: Patient Interaction Results
A total of 30 eligible patients were recruited, generating 90 questions (Figure 6). These, along
with expert-suggested questions,  were categorized into seven groups: basic definitions and
types, causes and risk factors, daily management and care, rehabilitation training, effectiveness
and safety, emotional support, complications, and rehabilitation environment and equipment.

Paired sample t-tests showed that the average score for GPT was slightly higher than that for
MedGo (Table 7), with a significant difference between the two models (P = .01).

Table 6.  One-Way ANOVA of Objective Readability
Dimension F value P value F crit
Accuracy 4.93 =.002 2.63
Completeness 7.01 ＜.001 2.63
Readability 2.87 =.04 2.63
Safety 4.06 =.007 2.63
Humanity 6.18 ＜.001 2.63
Chinese character count 11.43 ＜.001 2.75
Reading difficulty score 3.32 =.03 2.75
Recommanded reading age 2.48 =.07 2.75

Table 7.  Descriptive Statistics of Patient Interactions
Model Mean ± SD T value P value 95% CI
ChatGPT-4 3.34 ± 0.64

2.65 .01 [0.08, 0.53]
MedGo 3.04 ± 0.78

Table 8.   Descriptive Statistics of Expert Rating Analysis and Objective Readability Analysis
(1)
Dimension Chat-GPT4 MedGo

Median(IQR) Mean±SD Median(IQR) Mean±SD

Accuracy 5.0(2.0-5.0) 4.28 ± 0.84 4.0(2.0-5.0) 4.06 ± 0.78

Completeness 5.0(3.0-5.0) 4.35 ± 0.75 4.0(2.0-5.0) 4.06 ± 0.74

Readability 5.0(3.0-5.0) 4.28 ± 0.85 4.0(2.0-5.0) 4.17 ± 0.81

Safety 5.0(2.0-5.0) 4.38 ± 0.81 4.0(3.0-5.0) 4.23 ± 0.73

Humanity 5.0(3.0-5.0) 4.65 ± 0.65 5.0(3.0-5.0) 4.27 ± 0.73

Chinese  character
count

1367.00(916.00-
1697.00)

1338.35  ±
236.03

998.00(726.00-
1470.00)

1048.35  ±
195.26

Reading  difficulty
score

12.81(11.13-
15.16)

12.88 ± 0.82 12.30(11.21-
14.52)

12.38 ± 0.90

Recommanded
reading age

13.00(11.00-
15.00)

12.82 ± 0.78 12.00(11.00-
14.00)

12.29 ± 0.85

Table 9.   Descriptive Statistics of Expert Rating Analysis and Objective Readability Analysis
(2)
Dimension Qwen ERNIE Bot

Median(IQR) Mean±SD Median(IQR) Mean±SD

Accuracy 4.0(2.0-5.0) 3.91 ± 0.77 4.0(2.0-5.0) 3.91 ± 0.81

Completeness 4.0(2.0-5.0) 3.90 ± 0.78 4.0(2.0-5.0) 3.96 ± 0.78

Readability 4.0(2.0-5.0) 4.02 ± 0.81 4.0(2.0-5.0) 3.99 ± 0.79
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Safety 4.0(2.0-5.0) 4.08 ± 0.80 4.0(2.0-5.0) 4.05 ± 0.75

Humanity 4.0(2.0-5.0) 4.27 ± 0.72 4.0(3.0-5.0) 4.27 ± 0.75

Chinese  character
count

772.00(325.00-
1223.00)

793.00  ±
283.64

867.00(694.00-
2228.00)

979.12  ±
361.84

Reading  difficulty
score

12.40(11.26-
14.01)

12.28 ± 0.71 11.95(10.09-
14.15)

11.92 ± 1.09

Recommanded
reading age

12.00(11.00-
14.00)

12.18 ± 0.78 12.00(10.00-
14.00)

11.94 ± 1.43

Figure 2.  Heatmap of the Average Scores for Responses from the Four LLMs

 
Figure 3.  Bar Chart of the Average Scores for Responses from the Four LLMs

Figure  4.   Line  Chart  of  the  Median  Scores  and  Radar  Chart  for  the  Four  LLMs.  (A)  Accuracy.  (B)
Completeness. (C) Humanity. (D) Readability. (E) Safety. (F) Radar Chart

https://preprints.jmir.org/preprint/73226 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Qiang et al

Figure  5.   Comparative  Evaluation  of  LLM Responses  on  Relevant  Questions.  (A)  Box plot  showing the
variation in text length among the four LLMs, with a significant difference observed between ChatGPT-4 and
Qwen (p < .001). (B) Box plot illustrating the variation in reading difficulty scores among the four LLMs. (C)
Box plot showing the variation in recommended reading age among the four LLMs (p = .07). (D) Density plot
displaying  the  distribution  of  reading  difficulty  scores  among the  models.  (E)  Bar  chart  presenting  the
distribution of educational levels required to comprehend the responses. All rating data in this study were
tested  and  found  to  follow  a  normal  or  approximately  normal  distribution.

Figure  6:  The  Sankey diagram  illustrates  the  classification  of  questions  in  both  phases.  On the  left,  90
questions posed by 30 patients are shown, while on the right, the 15 integrated questions are displayed.
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Discussion

Principal Results
This study evaluated the performance of ChatGPT-4, MedGo, Qwen, and ERNIE Bot in providing
health  education  for  stroke  patients  undergoing  home  rehabilitation.  The  results  are  as
follows:

In Phase One, ChatGPT-4 demonstrated the best overall performance across all dimensions,
excelling particularly in humanity and safety. This finding aligns with previous studies [21].
MedGo, as a medical-specific model, excelled in accuracy and completeness, underscoring its
potential  for  medical  text  processing and generation.  Qwen and ERNIE Bot  received lower
scores across all five dimensions compared to ChatGPT-4 and MedGo, indicating a significant
performance  gap.  ChatGPT-4  showed  a  high  and  concentrated  reading  difficulty  score
distribution,  making  it  well-suited  for  scenarios  that  require  complex  content  generation.
However,  this  may present readability challenges for general  users.  ERNIE Bot and MedGo
exhibited lower and more stable readability scores,  suggesting they produce easier-to-read
content,  making them more suitable for general  users or tasks that  demand lower reading
difficulty. Qwen displayed a wide range of readability scores, reflecting greater variability in
reading difficulty, but with relatively lower stability compared to the other models.

In  Phase  Two  of  patient  interactions,  ChatGPT-4  received  higher  ratings  than  MedGo,  but
overall,  the  ratings  were  lower  than those  given by the  expert  group.  This  discrepancy  is
mainly due to the challenges patients face in evaluating the models,  including variations in
personal  understanding,  needs,  and  the  models'  performance  and  applicability.  This  is
particularly  evident  when  dealing  with  complex  medical  information.  As  AI  in  medical
decision-making is still developing, patients tend to be more skeptical of the models' accuracy
and  reliability,  often  finding  their  responses  unclear.  In  contrast,  experts,  with  their
accumulated  knowledge  and  familiarity  with  medical  terminology,  are  better  equipped  to
interpret the models' medical information, resulting in higher ratings.

There are significant differences in the areas of focus between patients and experts. Patients
tend  to  prioritize  rehabilitation  methods,  outcomes  and  safety,  emotional  support,  and
equipment-related concerns,  reflecting their  practical  needs and psychological  state  during
rehabilitation. Many stroke patients are primarily concerned with improving their quality of
life through daily management and care. Given the psychological pressures they face during
rehabilitation, emotional support is also crucial. In contrast, experts focus on the effectiveness
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of  rehabilitation  plans,  safety  in  technical  aspects,  and  the  dissemination  of  theoretical
knowledge. As professionals, they are more likely to base treatment and rehabilitation plans on
scientific evidence.

This disparity highlights the communication gap between experts and patients in healthcare.
Patients may struggle to fully understand certain medical terms and treatment approaches,
leading  to  confusion  or  anxiety  about  their  rehabilitation  plans.  While  experts  emphasize
treatment outcomes and safety, they must also consider how to effectively communicate this
specialized  knowledge  to  patients,  fostering  a  correct  understanding  of  rehabilitation  and
improving treatment adherence.

According  to  standardized  prompts,  each  LLM  was  asked  to  provide  sources  for  their
responses. ChatGPT-4 did not explicitly cite references, but its answers, based on its extensive
training dataset, generally aligned with medical knowledge and clinical practice. In contrast,
MedGo provided more detailed medical support, citing specific medical literature, treatment
guidelines, and clinical studies. However, the responses from Qwen and ERNIE Bot lacked clear
citations of literature and concrete clinical evidence.

Some responses from the LLMs contained significant errors. For example, in Question 3, which
addressed  the  optimal  period  for  stroke  rehabilitation,  Qwen  incorrectly  stated  that  the
chronic  phase  of  stroke  begins  three  months  after  onset.  According  to  various  medical
guidelines,  the  chronic  phase  typically  starts  six  months  after  a  stroke,  making  Qwen's
response  inconsistent  with  these  guidelines.  In  Question  7,  concerning  commonly  used
medications  during  home-based  stroke  rehabilitation,  ERNIE  Bot  provided  an  incorrect
answer, mentioning alteplase, a thrombolytic drug that cannot be taken at home and must be
administered intravenously in  a hospital  setting.  The use of alteplase requires professional
monitoring and must be administered within 4.5 hours of stroke onset.

Analysis  revealed  that  ChatGPT-4  made  fewer  errors,  though  it  occasionally  produced
"hallucinations" due to issues with patient  language expression.  MedGo demonstrated high
accuracy but lacked personalized care. Qwen and ERNIE Bot provided incomplete and vague
responses.

The errors observed in the LLMs could impact patient rehabilitation to some extent. This is
primarily because LLMs generate responses based on statistical language models rather than
true understanding of the questions. They lack genuine comprehension and reasoning abilities.
Their training depends heavily on large volumes of open-text data from the internet, which
does not guarantee the quality or timeliness of the answers. Medical knowledge is vast and
complex, and the capabilities of LLMs vary. General-purpose LLMs struggle with specialized
medical language and often lack explainability. These models are particularly prone to errors
in areas such as disease diagnosis, drug effects, and emerging medical issues.

Therefore,  when  addressing  medical  questions,  especially  in  healthcare  decision-making,
reliance  on  AI  models  should  be  approached  with  caution.  Professional  medical  judgment
remains irreplaceable, particularly when it concerns patient health and treatment plans.

Comparison with Prior Work
Previous  studies  have  shown  that  LLMs  offer  benefits  in  education  [22,23],  with  ChatGPT-4
demonstrating  particular  advantages  in  the  comprehensibility  of  medical  information  [24].

https://preprints.jmir.org/preprint/73226 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Qiang et al

However,  most  studies  focus  primarily  on  the  accuracy  of  medical  knowledge  responses  and
applications in medical education [25][26], with limited research on using LLMs for patient health
education. This study is the first to comprehensively evaluate the performance of both general-
purpose and medical-specific LLMs in home-based stroke rehabilitation health education, providing
real-world  feedback  from  patients  and  family  caregivers.  MedGo,  as  a  medical-specific  LLM,
provides clear sources for its answers, which helps reduce the likelihood of errors. However, due to
the  limitations  of  the  model  and  the  influence  of  its  training  data,  caution  is  still  necessary,
particularly when addressing complex or uncommon medical issues.

The creation and evaluation standards for medical LLMs must be actively developed by the medical
community [27] and validated through real-world experiments. While many studies focus on the
performance  of  general-purpose  LLMs  [28,29],  research  on  medical-specific  models  remains
limited. For instance, some studies have found that Med-PaLM 2 has made significant progress in
medical  question  answering,  particularly  across  multiple  medical  benchmarks  and  real-world
problem-solving  [30].  However,  this  model  is  not  tailored  for  the  Chinese  medical  context.
Therefore,  our  study  emphasizes  the  unique  value  of  China-specific  medical  models,  such  as
MedGo,  in  improving the quality  of  healthcare  education and providing more professional  and
personalized solutions, thus addressing a gap in the existing literature.

Limitations
Although this  study provides valuable insights into the application of LLMs in home-based
stroke rehabilitation health education,  several limitations should be noted. First,  the expert
sample  size  was  small,  with  only  six  experts  participating  in  the  ratings,  which  may have
affected the comprehensiveness and representativeness of the evaluations. Second, to facilitate
patient understanding and streamline the rating process, only a satisfaction scale was used in
the second phase of interaction, resulting in a simplified rating criterion. Third, the question
design did not address issues related to patient emotions and adherence, despite recognizing
during the analysis that emotional changes and patient compliance are crucial factors in home
rehabilitation. Fourth, the broader implementation of LLMs requires careful consideration of
their economic viability, feasibility, and sustainability. While this study focused primarily on
the  academic  perspective,  real-world  applications  must  address  cost-effectiveness,
technological barriers, and the potential impact on healthcare institutions. Finally, the health
education content generated by LLMs still presents potential biases, inconsistent information,
and a lack of explainability. Research [31] indicates that the use of LLMs in healthcare faces
challenges related to information reliability, biases, ethical compliance, and patient acceptance.
Further  optimization  of  model  algorithms  is  needed  to  improve  the  reliability  of  medical
knowledge bases,  and stronger oversight and regulation of AI-generated health information
are essential [32].

Future  research  on  the  application  of  LLMs  in  healthcare  should  consider  increasing  the
number of experts or using multi-center data to enhance the reliability of evaluation results. A
unified rating standard should be established when comparing expert and patient ratings to
ensure  result  comparability.  To  address  potential  resource  challenges  in  LLM  application,
feasibility assessments should be conducted regarding their management, use, and long-term
maintenance. Specifically, for personalized home rehabilitation education for stroke patients,
future  studies  could  expand  the  sample  size  and  include  evaluations  from diverse  patient
groups, further exploring the adaptability of LLMs at different stages of rehabilitation. While
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this study focused on text-based LLMs in stroke rehabilitation education, future developments
in  multimodal  LLMs  may  enhance  patient  interaction  by  incorporating  image  and  speech
recognition  capabilities  [33].  multimodal  LLMs  could  integrate  various  data  sources,
potentially improving assessment accuracy and patient care. These efforts will help optimize
LLM  performance  in  medical  settings  and  strengthen  their  role  in  patient-centered
rehabilitation education.

Conclusions
This study evaluated the application of ChatGPT-4,  MedGo, ERNIE Bot,  and Qwen in home-
based  stroke  rehabilitation  health  education  through  a  two-stage  experiment.  The  results
showed that ChatGPT-4 performed the best, effectively addressing patients' emotional needs
and  providing  personalized  recommendations.  MedGo,  trained  on  medical-specific  data,
provided clear and reliable sources for its  responses,  while the other two general-purpose
models performed moderately.  A noticeable gap was observed between patient and expert
evaluations, underscoring the need for improvements in the accuracy and professionalism of
LLMs. Future research should focus on combining the user-friendly aspects of general-purpose
models with the accuracy of medical-specific models to enhance the development of intelligent,
personalized, and efficient rehabilitation education.
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Research Design Workflow Diagram.
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Heatmap of the Average Scores for Responses from the Four LLMs.
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Bar Chart of the Average Scores for Responses from the Four LLMs.
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Line Chart of the Median Scores and Radar Chart for the Four LLMs.
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Comparative Evaluation of LLM Responses on Relevant Questions.
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The Sankey diagram illustrates the classification of questions in both phases.
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