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Abstract. This paper comprehensively reviews the application of Artificial 
Intelligence (AI) in rehabilitation exercise assessment, with a particular 
focus on posture quality prediction. AI techniques, including Support Vector 
Machines (SVM), decision trees, random forests, Convolutional Neural 
Networks (CNN), and Recurrent Neural Networks (RNN), show great 
potential in improving the accuracy and personalization of rehabilitation 
assessment. Various supervised and unsupervised learning methods are 
analyzed and their effectiveness in classifying rehabilitation movements and 
providing real-time feedback to improve rehabilitation outcomes is 
demonstrated. Despite some progress in the application of AI techniques in 
rehabilitation exercises, some challenges remain, especially in terms of 
model interpretability, generalizability to different patient populations, and 
handling differences in data distribution between clinical and home settings. 
Techniques such as Explainable Artificial Intelligence (XAI), transfer 
learning, and privacy-preserving machine learning can be a way to unlock 
the limitations of adopting AI techniques in a wider range of rehabilitation 
settings. This paper concludes by highlighting the need for more adaptable 
and interpretable AI systems that can be seamlessly integrated into different 
rehabilitation scenarios while maintaining patient data privacy and ethical 
standards. 

1 Introduction 

Rehabilitation is an important part of healthcare, helping patients regain function lost due to 
injury, illness or surgery while reducing pain and preventing further injury. Rehabilitation 
includes a variety of exercises and therapies tailored to individual needs, including Tai Chi, 
yoga, etc., which not only help with recovery but also improve overall health. In recent years, 
as the number of games in various sports has increased, so has the number of injuries suffered 
by athletes. For example, many football players have experienced anterior cruciate ligament 
(ACL) tears; in fact, modern medicine is advanced enough that athletes who receive 
comprehensive treatment can almost fully recover, but if not treated properly, it may 
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seriously affect the athlete's career. The fact that some athletes fully recover and return to 
their best form, while others are far from returning to their pre-injury state, highlights the 
importance of personalized and effective rehabilitation plans. 

Traditional methods of assessing rehabilitation progress often rely heavily on subjective 
observation and patient self-reporting, which can lead to inaccurate results. For example, 
research by Van Criekinge et al. highlighted the variability and potential inaccuracy of 
therapist-based assessments, with different therapists potentially rating the progress of the 
same patient differently [1]. At the same time, Artificial Intelligence (AI) has made 
significant progress in recent years and has become a backbone in many fields. 
Breakthroughs in representative AI technologies such as deep learning and reinforcement 
learning have enabled machines to learn complex patterns, make predictions, and perform 
tasks that previously required humans to complete, and have been applied to various fields 
such as chemistry, biomedicine, and healthcare. In the field of healthcare, AI can be used to 
assist in everything from diagnostic tools to treatment plans. For example, a study by Ioannis 
Kavakiotis et al. demonstrated how a random forest model can accurately predict diabetes 
risk, highlighting the potential of machine learning in disease prediction [2]. In a study by 
Rahimeh Rouhi et al., convolutional neural networks (CNNs) were used to analyze medical 
images to effectively detect early tumors [3]. These examples highlight how AI technology 
is revolutionizing medical practice by enabling more personalized and timely interventions. 
Additionally, AI is increasingly being used in rehabilitation. For example, Lu et al. proposed 
a system that uses machine learning to assess the accuracy of rehabilitation exercises through 
motion capture data, providing patients with real-time feedback to improve their 
rehabilitation outcomes by ensuring that they are performing exercises correctly and 
minimizing the risk of injury [4]. Another study explored the use of multiple AI models to 
predict a patient's recovery stage during rehabilitation and provide personalized 
recommendations based on individual progress [5]. In addition, Wei et al. demonstrated the 
application of AI in predicting continuous movement intention, which is essential for 
personalized rehabilitation planning [6]. Qiu et al. proposed a Siamese network-based model 
for pose-guided matching based on the baduanjin exercise [7]. Similarly, Swakshar Deb et 
al. highlighted the effectiveness of AI in capturing complex movement data, ensuring 
accurate assessment [8]. Furthermore, Liao et al. provided an example of how a deep learning 
framework can be used to assess exercise quality, providing real-time feedback to improve 
patient treatment outcomes [9]. 

The main purpose of this paper is to comprehensively review the application of artificial 
intelligence in the assessment of rehabilitation posture quality. By studying the various 
algorithms and methods used in this field, this paper aims to deeply analyze how artificial 
intelligence technology can change the rehabilitation assessment process. This paper is 
structured into three main sections: methodology, discussion, and conclusion. The 
methodology section will summarize and review how different researchers have applied 
different algorithms to predict the quality of rehabilitation movements and study their 
effectiveness in posture quality prediction. The discussion section will focus on analyzing 
the current progress in this field while identifying the limitations and challenges faced by 
existing methods and areas for improvement in rehabilitation movement assessment. Finally, 
the conclusion section will comprehensively summarize the research results discussed in this 
paper and provide key points and suggestions for future research in the field of posture quality 
prediction for rehabilitation training. 

2 Methods 
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2.1 Supervised learning 

2.1.1 Support vector machines 

As early as 2007, Levinger et al. used Support Vector Machines (SVM) to assess and monitor 
patients' rehabilitation progress after surgery [10]. By analyzing detailed gait data (such as 
walking speed and stride length), the SVM model can accurately classify the patient's 
recovery stage. This method can detect subtle changes in gait patterns that are often difficult 
to observe using traditional methods. The study highlighted the ability of SVM to provide 
precise, objective, and quantitative patient rehabilitation assessments, making it a valuable 
tool for creating more personalized and effective rehabilitation plans. 

2.1.2 Decision trees 

Decision trees can provide structured, interpretable, and personalized assessments in the field 
of rehabilitation, thereby helping doctors make decisions and improve patients' rehabilitation. 
Based on observable and describable attributes (such as motor function and cognitive ability), 
decision trees can plan different treatment plans for different patients, which helps to provide 
personalized recommendations for stroke rehabilitation and provide therapists with clear and 
interpretable decision support to ensure that interventions meet the needs of individual 
patients, thereby improving rehabilitation outcomes [11]. In addition, by analyzing the 
patient's hand posture data during rehabilitation training, the decision tree algorithm can 
classify and evaluate the quality of daily activities performed by patients in a remote 
rehabilitation environment, which not only enhances the monitoring process, but also 
provides real-time feedback to patients to ensure that the exercises are performed correctly 
[12]. 

2.1.3 Random forests 

Random forests have shown great potential in the field of rehabilitation assessment, 
especially in generating personalized gait trajectories. By leveraging the ensemble learning 
properties of random forests, Ren et al.'s model effectively captures the complex relationship 
between various physical features (such as height, leg length, and stride pattern) and gait 
patterns, generating customized gait trajectories for patients undergoing rehabilitation 
therapy, thereby achieving more accurate and personalized assessments [13]. This approach 
not only helps track rehabilitation progress, but also helps design targeted interventions that 
are consistent with an individual's unique physiological characteristics, thereby improving 
the effectiveness of rehabilitation programs. 

2.2 Unsupervised learning 

2.2.1 Clustering 

The role of clustering techniques in identifying and classifying similar movement patterns 
can help doctors create tailored rehabilitation plans for patients. Gloumakov et al. focused on 
dimensionality reduction and clustering of arm movements with different degrees of freedom, 
highlighting the necessity of clustering for distilling complex movement data into a more 
manageable form for effective rehabilitation assessment [14, 15]. Alana et al. implemented a 
clustering method to classify rehabilitation movements according to international 
biomechanical standards, which can accurately identify key movement patterns required for 
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successful treatment [16]. In addition, Yang et al. explored the application of clustering in a 
game-based motion capture rehabilitation system, emphasizing how clustering can enhance 
real-time feedback by grouping similar movement therapies, making rehabilitation more 
interactive and responsive to the personalized needs of patients [17]. Pradhan et al. further 
extended these methods by using clustering techniques to integrate data from multiple body 
sensors, which can provide a more comprehensive understanding of the patient's movements 
and thus improve the accuracy of rehabilitation assessment [18]. Finally, Lin et al. introduced 
an automatic clustering method by segmenting human movements online, allowing 
continuous monitoring and adjustment of rehabilitation plans to ensure that patients receive 
the most effective treatment based on their ongoing progress [19]. Overall, these studies 
illustrate the diverse applications and effectiveness of clustering techniques in unsupervised 
rehabilitation learning. 

2.2.2 Dimensionality reduction 

Dimensionality reduction helps process large amounts of motor rehabilitation data by 
simplifying complex data and retaining key features, thereby developing more efficient 
evaluation systems and control strategies. Boe et al. studied the importance of reducing the 
dimensionality of gait data for prosthetic control and demonstrated how this process can 
improve the accuracy and responsiveness of prostheses during rehabilitation by mapping 
high-dimensional gait data into a low-dimensional space [20]. Additionally, researchers have 
explored the application of dimensionality reduction in simplifying rehabilitation exercise 
assessments, making it easier to manage the complexity of motion data, thereby helping to 
more accurately assess patient progress and adjust rehabilitation plans [21]. Tao et al. further 
emphasized that by reducing the dimensionality of posture data, the efficiency and accuracy 
of real-time rehabilitation assessments can be improved [22]. Sardari et al. demonstrated the 
role of dimensionality reduction in maintaining consistency in posture analysis between 
different viewpoints, especially in rehabilitation scenarios where accurate assessments can 
be performed from a variety of camera angles [23]. In conclusion, these studies highlight the 
key role of dimensionality reduction in simplifying complex data analysis, which helps to 
achieve more effective and personalized rehabilitation strategies. 

2.3 Deep learning 

2.3.1 Convolutional neural networks 

Convolutional neural networks (CNNs) have been widely used in the rehabilitation field to 
automatically analyze and classify complex movement patterns from sensor data or motion 
capture systems. A key advantage of CNNs is their ability to learn spatial and temporal 
features directly from raw data, which makes them effective for real-time motion analysis 
and feedback. Tang introduced the Hybridized Hierarchical Deep CNN model, combining 
multi-layer convolutional networks with hierarchical structures to better detect subtle 
changes in patient movements by more efficiently processing complex multi-dimensional 
motion data [24]. In another study, Lee et al. focused on optimizing the time window, 
enabling the model to capture fine-grained differences in movement patterns at each stage of 
rehabilitation, ensuring accurate monitoring of the timing of movement, and thus achieving 
more accurate recovery assessment [25]. Rehab-Net, developed by Panwar et al., integrates 
CNN with wearable sensors to classify arm movements during stroke rehabilitation, track 
movement quality, and adjust rehabilitation exercises based on the patient's progress, making 
rehabilitation more interactive and meeting individual needs [26]. Zhu et al.'s model can 
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evaluate complex motion data from sensors and provide precise feedback to guide treatment 
[27]. Together, these studies highlight the effectiveness of CNN in providing real-time, 
adaptive feedback for rehabilitation training, promoting better rehabilitation outcomes. 

2.3.2 Recurrent neural networks 

Recurrent neural networks (RNNs) can model the temporal dynamics of patient movements, 
enabling real-time feedback and adjustments to treatment plans. Xu et al. used RNNs' 
advantages in processing time series data to design an upper limb rehabilitation robot that 
can adjust to the patient's movements and is more suitable for dynamic real-time 
environments, thereby improving rehabilitation efficiency by providing personalized support 
[28]. Ghislieri et al. used Long short-term memory (LSTM) networks to track muscle signals 
over a period and identify subtle changes. Its ability to process sequential data can more 
accurately detect movement intentions and muscle engagement, helping to improve treatment 
strategies based on the patient's continued progress [29]. Zhou et al. used RNNs to implement 
individualized gait generation in lower limb rehabilitation robots, where the network was 
trained based on patient-specific gait data to create adaptive movement patterns, ensuring 
that the robot's movements were consistent with the patient's natural gait, thereby achieving 
more effective rehabilitation results [30]. Liu et al. applied projected recurrent neural 
networks (PRNNs) to predict patients' movements, thereby achieving smoother and more 
natural interactions during exercise, reducing patient effort, and improving treatment 
accuracy [31]. These applications demonstrate the versatility of RNNs in rehabilitation, 
especially their ability to model complex, time-dependent motion data. 

3 Discussion 

3.1 Limitations and challenges 

When applying AI and ML techniques to rehabilitation assessment, several limitations and 
challenges arise, mainly related to interpretability, applicability, privacy. 

3.1.1 Interpretability 

One of the main challenges of using advanced machine learning models, such as deep 
learning models, is the lack of transparency into how these models make decisions. Complex 
models such as CNNs and RNNs operate like “black boxes,” making it difficult to understand 
the reasons behind a prediction or classification. In the rehabilitation field, where medical 
professionals require clear and interpretable feedback to make clinical decisions, the lack of 
interpretability can limit the usefulness of rehabilitation models. For example, while CNNs 
can identify movement patterns, it remains challenging to understand exactly which features 
drive these predictions [24]. 

3.1.2 Applicability 

A major challenge in applying AI models to rehabilitation is their limited generalizability 
across different patient populations and settings. Rehabilitation exercises often need to be 
tailored to individual needs, considering factors such as age, injury type, and physical ability. 
Models trained for a specific population, such as young athletes, may not perform well when 
applied to older adults with limited mobility, as their movement patterns and rehabilitation 
needs vary greatly. Moreover, the quality and characteristics of data collected in various 
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settings may vary. Differences in sensor systems, motion capture devices, and exercise 
regimens in these environments create distribution gaps that can lead to inaccurate 
predictions and assessments when models trained in one setting are applied to another. This 
lack of generalizability remains a key barrier to the wider application of AI in rehabilitation. 

3.1.3 Privacy 

Challenging issues such as data privacy and ethics remain critical in applying AI to 
rehabilitation. Since the rehabilitation process relies heavily on personal and sensitive health 
data, it is imperative to ensure that this information is handled securely. AI models often 
require large amounts of patient data to function effectively, raising concerns about how this 
data is collected, stored, and shared. Ensuring compliance with privacy regulations such as 
GDPR or HIPAA is critical to protecting patient privacy. Additionally, ethical issues arise 
regarding informed consent, data ownership, and the potential misuse of health data in AI 
systems. 

3.2 Future prospects 

To counter the “black boxes” nature of complex models such as CNNs and RNNs, future 
research should focus on developing more interpretable AI models. For example, by 
providing clear insights into how models make predictions, explainable AI (XAI) techniques 
can build trust and promote their integration into clinical settings, allowing therapists to make 
more informed decisions based on the model's outputs. 

Techniques such as transfer learning and meta-learning can be employed to adapt models 
to the needs of different patients, thereby improving the applicability of AI across different 
patient populations. A general AI model trained on one dataset can be fine-tuned based on 
specific patient characteristics, ensuring that AI-driven rehabilitation tools can be tailored to 
individual patients and provide more accurate assessments. 

Ensuring data privacy and ethical compliance is a prerequisite for all AI products to be 
applied in the real world. Future models should incorporate privacy-preserving machine 
learning techniques. Federated learning can develop models on decentralized data sources 
without compromising patient confidentiality, which not only allows AI tools to leverage a 
wider range of data sets, but also complies with privacy regulations. 

By addressing these challenges, AI can become a more reliable and robust tool in 
rehabilitation assessments, providing personalized, accurate, and interpretable feedback to 
improve patient outcomes. 

4 Conclusion 

This paper explores the application of artificial intelligence, especially machine learning 
techniques, in rehabilitation exercise assessment and provides insights into how these 
methods are revolutionizing the field. By reviewing various algorithms such as support vector 
machines, decision trees, random forests, and deep learning models such as CNNs and RNNs, 
it can be found that artificial intelligence has great potential to improve the accuracy and 
personalization of rehabilitation assessment. Results from multiple studies have shown that 
artificial intelligence can accurately classify movements, provide real-time feedback, and 
improve rehabilitation outcomes by tailoring interventions to individual patients. However, 
some limitations remain, especially regarding the interpretability of the model, 
generalizability across different patient populations, and challenges with differences in data 
distribution. Future work should focus on addressing these issues, with a particular emphasis 
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on developing more interpretable models and adaptive systems that can be seamlessly 
integrated into various rehabilitation settings. 
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