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INTRODUCTION
Over the past few years, the phrases “Artificial Intel-
ligence” and “Large Language Models” have become 
increasingly common both in everyday conversation 
and in the pages of scientific journals. According to 
Cambridge dictionary, the large language model (LLM) 
is “a complex mathematical representation of language 
that is based on very large amounts of data and allows 
computers to produce language that seems similar to 
what a human might say” [1]. These models represent 
a significant advancement in artificial intelligence, 
particularly in the realm of natural language processing 
(NLP). They have been trained on extensive datasets us-
ing deep learning algorithms, particularly transformer 
architectures. LLMs are capable of performing various 
NLP tasks, including recognizing, generating, translat-
ing, and summarizing text. The training process involves 
learning statistical relationships from vast amounts of 
text data, allowing the model to understand context, 
syntax, and semantics inherent in human language. The 

architecture of LLMs typically includes multiple layers 
of neural networks that process input data in parallel, 
significantly enhancing their efficiency compared to 
earlier models like recurrent neural networks (RNNs). 

Over the last 60 years LLMs made a great journey 
from the first pattern matching ELIZA to modern GPT-4 
and LLaMA that are pushing the boundaries of AI and 
are capable of writing, conversing, summarizing, and 
translating with a sophistication that closely mirrors 
human intelligence. The number of released LLMs is 
constantly rising every year. Thus, in only 2023 more 
than 20 such models were introduced [2, 3].

LLMs are successfully used in various fields of activity 
from media and entertainment to financial manage-
ment. The adoption of LLMs is projected to increase sig-
nificantly across various industries from 2022 to 2026. 
While the technology sector leads with an expected 
adoption rate of 85% by 2026, other industries such as 
finance, retail, and manufacturing are also anticipated 
to see substantial growth in LLM integration [4]. 
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The use of this technology in healthcare is also prom-
ising. It was shown that LLMs can provide differential 
diagnoses and suggest potential treatments, improve 
the accuracy and speed of medical decision-making, 
transcribe and summarize patient interactions, answer 
patient queries, provide health advice, identify new 
drug candidates and predict their potential efficacy, 
create personalized treatment plans by analyzing indi-
vidual patient data etc [5-9]. The evaluation of the LLMs 
application in health care is carried out by researchers 
from different positions. Thus, the most common task is 
assessing medical knowledge, while making diagnoses 
and educating patients are less common. More than 
80% of studies focused on question answering, with 
fewer on summarization, conversational dialogue, and 
translation. Accuracy of LLMs responses is the primary 
focus in the majority of studies, while fairness, bias, 
toxicity, robustness, and deployment considerations 
are less frequently measured. Among all medical spe-
cialties LLMs application in internal medicine, surgery, 
and ophthalmology were the most studied areas [6]. 
Physical rehabilitation is one of the medical fields that 
is often overlooked by LLMs researchers. 

Physical rehabilitation plays a vital role in the com-
prehensive treatment approach for patients across a 
wide spectrum of diseases and conditions. It serves as 
a critical component in restoring function, improving 
quality of life, and promoting overall well-being. Effec-
tive rehabilitation can significantly reduce healthcare 
costs by preventing complications, reducing hospital 
readmissions, and decreasing dependency on long-
term care services. 

Physical rehabilitation specialists encounter several 
challenges in their practice, which impact patient 
care and outcomes. This includes but is not limited 
to complexity and diversity of patient conditions, re-
source limitations, patient adherence to rehabilitation 
programs, telerehabilitation techniques, designing 
personalized rehabilitation plans [10, 11]. Involving 
the LLMs in routine practice of physical rehabilitation 
specialists may help to overcome these issues and 
significantly increase the efficacy of rehabilitation 
programs. Although the integration of such tools 
offers promising advantages, it is crucial to consider 
potential drawbacks and constraints associated with 
their use. Paramount among these considerations is 

Table 1. Evaluation criteria and 5-point likert scale for assessing ChatGPT-4o-generated rehabilitation plans
Criterion and it’s description 5-point Likert scale

Individualization: The extent to which the 
plan was tailored to the specific needs and 

conditions of the patient.

1 - No personalization evident
2 - Minimal consideration of patient-specific factors

3 - Basic tailoring to patient needs
4 - Well-tailored plan with some unique considerations

5 - Highly personalized plan addressing all patient-specific factors

Clinical accuracy: The correctness of the 
interventions proposed, based on current 

clinical guidelines and best practices.

1 - Contains significant clinical errors
2 - Some clinical inaccuracies present
3 - Generally accurate but lacks depth

4 - Clinically sound with minor oversights
5 - Demonstrates high-level clinical knowledge and accuracy

Safety: Assessment of potential risks  
and the inclusion of appropriate safety 

precautions.

1 - Potentially harmful recommendations
2 - Inadequate safety considerations

3 - Basic safety measures included
4 - Comprehensive safety protocols with minor gaps

5 - Exceptional attention to safety, covering all potential risks

Progressive design: The logical progression 
of rehabilitation activities over the one-

month period, ensuring a gradual increase 
in intensity and complexity.

1 - No progression in difficulty or intensity
2 - Minimal progression evident

3 - Basic progression structure present
4 - Well-structured progression with some refinement needed
5 - Optimal progression design tailored to patient capabilities

Feasibility and accessibility: The practicality 
of implementing the plan given the  

patient’s likely resources, environment,  
and support system.

1 - Impractical or inaccessible for the patient
2 - Limited consideration of patient’s circumstances

3 - Moderately feasible and accessible
4 - Highly feasible with minor accessibility concerns

5 - Perfectly aligned with patient’s resources and circumstances

Focus on the result: The clarity and spec-
ificity of the expected outcomes, with a 

focus on measurable improvements in the 
patient’s condition.

1 - No clear goals or outcome measures
2 - Vague or inappropriate goals

3 - Basic outcome-oriented approach
4 - Clear, relevant goals with some room for improvement

5 - Comprehensive, patient-centered goals with clear outcome measures
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the necessity to guarantee the accuracy, effective-
ness, and clinical appropriateness of rehabilitation 
programs developed with LLM assistance. 

AIM
The aim of this study was to evaluate the performance 
of ChatGPT-4o in creating personalized physical reha-
bilitation plans for comorbid patients.

MATERIALS AND METHODS
A total of 50 clinical cases were utilized in this study. 
Each case contained a comprehensive description of 
the patient’s current condition, past medical history, 
primary diagnosis, and accompanying comorbidi-
ties. The cases were carefully selected to represent 
a diverse range of medical conditions, with an equal 
distribution across five major physiological systems: 
musculoskeletal system (10 cases), nervous system (10 
cases), respiratory system (10 cases), cardiovascular 
system (10 cases), digestive system (10 cases). All pa-
tient data used in the clinical cases were anonymized 
to protect privacy. 

LLM ChatGPT-4o (OpenAI) was employed to generate 
individualized physical rehabilitation plans for all 50 
clinical cases. It was prompted to create plans that had 
to cover a one-month period and be tailored to each 
patient’s specific condition and needs. 

Two experts in physical rehabilitation independently 
evaluated the rehabilitation plans generated by the LLM 
on six key criteria: Individualization, Clinical accuracy, 
Safety, Progressive design, Feasibility and accessibility, 
and Focus on result. A 5-point Likert scale was employed 
for each criterion (Table 1).

To ensure consistency in scoring, the experts were 
provided with detailed rubrics describing the expecta-
tions for each score level across all criteria. They under-
went a calibration session before the evaluation process 
to align their understanding of the scoring system.

In addition to the detailed evaluation, the experts 
provided a final conclusion regarding the overall 
suitability for use of each rehabilitation plan using 
the following scale: “Completely unsuitable for use”, 
“Suitable for use with corrections”, “Completely suit-
able for use”. If the experts’ conclusions differed, the 
worst one was taken into account when calculating 
the final frequency of the rehabilitation plan’s overall 
suitability.

Statistical analysis was performed to assess the 
ChatGPT-4o performance. To analyze the effective-
ness of the studied LLM in the generation of physical 
rehabilitation plans, mean scores were calculated. The 
mean scores presented as M±SD. The Mann–Whitney U 
test was used to compare the differences between the 
evaluation criteria. Additionally, the frequency of each 
overall suitability assessment was tabulated. 

Inter-rater reliability was assessed using agreement 
percentage, intraclass correlation coefficient (ICC) with 
95% confidence intervals (CI) and linear weighted Co-
hen’s kappa (kw) to ensure consistency between the two 
experts’ evaluations. ICC values <0.5 were considered as 
poor reliability, 0.5-0.75 – moderate reliability, 0.75-0.9 
– good reliability, and >0.90 – excellent reliability [12]. 
kw values were interpreted as <0.0, poor; 0.0-0.2, slight; 
0.2-0.4, fair; 0.4-0.6, moderate; 0.6-0.8, substantial; and 
0.8-1.0 almost perfect agreement [13].

Mean (M) and standard deviations (SD) were cal-
culated using statistical package Statistica 12 (TIBCO 
Software Inc., USA). kw values were calculated using 
Microsoft Excel 2016 software (Microsoft Corporation, 
Redmond, WA, USA), while the ICCs with their 95% CIs 
were computed using the web-based tool StatsToDo. 
(https://www.statstodo.com/IntraclassCorrelation.php). 
The statistical significance of all tests was set at p<0.05.

RESULTS
The physical rehabilitation plans generated by ChatGPT-
4o, based on the provided clinical case descriptions, 

Table 2. ChatGPT-4o performance in generating rehabilitation plans across various pathology classes and evaluation criteria, M±SD

Pathology class Individualization Clinical  
accuracy Safety Progressive 

design
Feasibility and 

accessibility
Focus on 
Results

Overall 
Mean

Musculoskeletal 4.35±0.60 4.55±0.61 4.60±0.61 4.30±0.75 4.00±0.71 4.20±0.60 4.33±0.24

Nervous 4.35±0.81 4.70±0.47 4.60±0.68 4.00±0.79 3.95±0.69 4.00±0.73 4.27±0.23

Respiratory 4.40±0.75 4.75±0.44 4.55±0.60 4.10±0.72 3.85±0.75 4.55±0.69 4.37±0.36

Cardiovascular 4.50±0.51 4.45±0.60 4.50±0.69 4.30±0.57 4.05±0.83 3.95±0.89 4.29±0.26

Digestive 4.20±0.70 4.50±0.76 3.80±0.70 4.35±0.75 4.60±0.6 4.00±0.65 4.24±0.30

Overall Mean 4.36±0.67 4.59±0.59* 4.41±0.71# 4.21±0.71 4.09±0.75 4.14±0.74 4.30±0.28

Note. * - the difference is statistically significant compared to all other criteria (p<0.05), 
#  - the difference is statistically significant compared to all criteria except Individualization (p<0.05).
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were highly evaluated by the experts. The average 
ratings were consistently above 4.0 on the proposed 
5-point Likert scale, both across the pathology classes 
and evaluation criteria with the overall mean score of 
4.30±0.28 (Table 2). 

In terms of pathology classes, LLM showed the highest 
efficiency in developing rehabilitation plans for patients 
with primary pathology of respiratory and musculoskel-
etal systems (4.37±0.36 and 4.33±0.24, respectively). 
The effectiveness in the development of rehabilitation 
plans for pathologies of other systems was slightly worse. 
However, there was no statistically significant difference 
between the obtained indicators (p<0.05).

Among evaluation criteria, the Clinical accuracy 
received the highest overall mean score (4.59±0.59, 
p<0.05) surpassing all other criteria. The difference 
was statistically significant. Clinical accuracy was also 
the highest for plans developed for the rehabilitation 
of patients with the respiratory and nervous systems 
pathology (4.75±0.44 and, 4.70±0.47 respectively).

The overall mean score of Safety criterion was some-
what lower (4.41±0.71). However, the average score 
obtained by this criterion was statistically significantly 
higher compared to the Progressive design, Feasibility 
and accessibility, and Focus on result criteria (p<0.05). 
In terms of pathology classes, the Safety criterion for 
plans for diseases of the musculoskeletal system was 
rated the highest, and the digestive system was the 
lowest (4.60±0.61 and 3.80±0.70, respectively).

The overall scores for the criteria Individualization, 
Progressive design, Feasibility and accessibility, and Fo-
cus on result were also quite high, but there was no sta-
tistically significant difference between them (p>0.05). 
It is worth noting that the Feasibility and accessibility 
criterion had the lowest overall mean score (4.09±0.75), 
but was rated the highest by experts regarding rehabil-
itation plans for digestive system pathology.

According to the study design the experts also 
were prompted to make a conclusion on the suitabil-
ity of physical rehabilitation plans for use. In cases of 
disagreement between experts’ opinions, the final 
distribution of frequencies took into account a more 
conservative conclusion (Fig. 1). 

The general analysis of the conclusions obtained in this 
way showed that in most cases (72.00%) these plans were 
classified as “Suitable for use with corrections”. 80.00% of 
the plans generated for cases of nervous, cardiovascular 
and digestive systems pathology received this rating. In 
only 14 (28.00%) cases, both experts independently iden-
tified the proposed rehabilitation plans as “Completely 
suitable for use”. Most often (50.00% of cases) such a high 
rating occurred among rehabilitation plans for patients 
with respiratory system pathology. It is important to 
note that none of the plans was classified as “Completely 
unsuitable for use”, indicating a baseline level of accept-
ability for all plans created by the studied LLM.

The level of agreement between the assessments 
provided by the experts was high across all evaluation 

Fig. 1. Frequency distribution of rehabilitation plans’ overall suitability assessments across the pathology groups (%) with inter-rater agreement 
(Cohen’s weighted kappa, kw).
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Despite ChatGPT-4o has demonstrated a strong 
ability to generate individualized, accurate, and safe 
rehabilitation plans, there remains room for improve-
ment in ensuring consistent progressive design and 
aligning rehabilitation plans with patient resources 
and environments. 

There is no doubt that evaluating rehabilitation 
plans against pre-defined criteria is important and 
reflects a more formalized approach. However, it is 
equally important to take into account the expert’s 
general impression of the analyzed rehabilitation plan 
about its suitability for use as criterion referenced as-
sessment cannot fully reflect all the nuances. On the 
other hand, creating a generalized conclusion requires 
the expert not only to use certain knowledge, but also 
professional experience, which is extremely important. 
As noted earlier, a conservative approach was used in 
calculating the final frequency distribution of usability 
judgments in cases of disagreement between experts. 
Although this approach may slightly underestimate 
the final result, this decision was made deliberately, 
giving priority to patient safety and the quality of 
the plan. Under these circumstances, the significant 
number of plans categorized as “Suitable for use with 
corrections” suggests that although the LLM can create 
relevant and potentially beneficial rehabilitation plans, 
there remains a considerable necessity for professional 
evaluation and adjustment to ensure these plans meet 
the specific needs of individual patients. The higher 
rate of completely suitable plans for respiratory con-
ditions (50%) could be due to the more standardized 
nature of pulmonary rehabilitation practices or a larger 
volume of used training data in this domain.

Inter-rater reliability indicators play an important 
role in the analysis of the results of studies with raters 
involvement. A high percentage of agreement be-
tween experts’ assessments obtained in our research 
was revealed, both on separate criteria and on the 
indicator of the general suitability of rehabilitation 
plans for use. These results were confirmed by fairly 
high ICC values, indicating good reliability of the re-

criteria. The agreement percentage ranged from 84.00% 
to 90.00% (Table 3). 

In terms of evaluation criteria, the highest percent-
age of agreement was observed for the Feasibility and 
accessibility criterion (88.00%). ICC values   ranged from 
0.80 (CI: 0.65-0.89) to 0.86 (CI: 0.77-0.92). kw values   for 
the overall suitability of rehabilitation plans across 
pathology classes ranged from 0.58 to 1.00 with the 
overall kw of 0.77 (Fig.1).

DISCUSSION
Upon its release in open access, ChatGPT has been 
the subject of numerous scientific studies aimed at 
exploring its performance in a wide variety of medi-
cal tasks [14, 15]. The findings obtained in our study 
highlight the potential of LLMs in creating effective 
rehabilitation plans even for patients with various 
comorbidities. The rehabilitation plans proposed by 
ChatGPT-4o for patients with various pathologies have 
been highly rated by experts across various evaluation 
criteria which in turn underscores the sufficient quality 
of these plans. The highest mean scores of Clinical 
accuracy and Safety criteria indicate that the model 
has been trained on a sufficient amount of modern 
medical data in this field and can effectively use it. On 
the other hand, it is able to anticipate and mitigate 
potential risks associated with rehabilitation activities. 
These findings are extremely important to ensure the 
quality of the proposed interventions. The high overall 
score obtained by ChatGPT-4o in this study suggests 
that it can be used effectively in clinical settings, es-
pecially in the case of limited human resources. The 
studied LLM showed equally high efficiency in the 
rehabilitation plans development for patients with 
pathologies of various systems. This suggests a certain 
level of versatility of its application and the possibility 
of use in different clinical scenarios. Such high perfor-
mance, as found in our research, is supported by other 
studies with similar objectives but different designs 
and versions of this LLM [16-18].

Table 3. Inter-Rater Reliability Metrics for Expert Evaluations
 Evaluation Criteria Agreement, % ICC, 95% CI

Individualization 84.00 0.83, 0.71-0.90

Clinical accuracy 86.00 0.80, 0.65-0.89

Safety 86.00 0.86, 0.77-0.92

Progressive design 86.00 0.86, 0.77-0.92

Feasibility and accessibility 88.00 0.84, 0.74-0.91

Focus on Results 84.00 0.85, 0.76-0.91

Overall Suitability for use 90.00 0.78, 0.64-0.87

Note. ICC – intraclass correlation coefficient, CI – confidence interval
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CONCLUSIONS
This study provides valuable insights into the potential 
of ChatGPT-4o in generating physical rehabilitation 
plans across various pathology classes. The overall 
performance of LLM according to the evaluation criteria 
was 4.30±0.28 points out of 5.00. Rehabilitation plans 
generated for patients with respiratory system diseases 
received the highest rating (4.37±0.36). Clinical accura-
cy and Safety showed the best results among all criteria 
(4.59±0.59 and 4.41±0.71, respectively).

None of the created rehabilitation plans was rated by 
experts as “Completely unsuitable for use”. At the same 
time, 72% were categorized as “Suitable for use with 
corrections” which underscores the continued necessity 
of expert oversight. Across different pathology classes, 
respiratory and musculoskeletal rehabilitation plans 
received the highest rate of overall suitability for use. 

The inter-rater reliability analysis showed strong 
agreement between experts in their assessments, as 
confirmed by high values   of agreement percentage, 
ICC and kw.

The findings of our study demonstrate both the prom-
ise and the current limitations of LLMs usage in the field 
of physical rehabilitation and aligns with the current un-
derstanding that AI-generated medical content should 
not replace but rather augment clinical expertise.

sults. The relatively narrow 95% confidence intervals 
for these ICCs further confirm the robustness of the 
agreement. These results suggest that the peer review 
process was reliable, providing a solid basis for evalu-
ating the quality of rehabilitation plans produced by 
ChatGPT-4o.

The observed variability in inter-rater agreement 
across pathology classes, as evidenced by the 
weighted Cohen’s kappa values ranging from mod-
erate (kw = 0.58) to almost perfect agreement (kw = 
1.00), warrants careful interpretation. This hetero-
geneity in agreement levels may be attributed to 
several factors such as small sample size within each 
pathology class, complexity of pathology-specific 
rehabilitation, expertise bias or quality variability 
in LLM output and underscore the needs of further 
research in this field. Despite this, the overall kw of 
0.77 demonstrates substantial agreement and sug-
gests that the experts generally concurred in their 
evaluations of the rehabilitation plans generated by 
ChatGPT-4o, despite the variability across different 
pathology classes. However, the discrepancies within 
specific classes highlight the necessity for continued 
refinement in both the LLMs’ output and the evalua-
tion criteria, particularly in addressing the nuances 
of complex cases.
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