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Review Paper
Large Language Models in Corrective Exercise 
Prescription: Current Evidence, Clinical Challenges, 
and Future Directions 

Corrective exercise is an assessment-driven approach designed to address movement dysfunctions, 
postural deviations, neuromuscular impairments, and related functional limitations through 
individualized exercise selection, dosage, progression, and reassessment. The emergence of 
large language models (LLMs), particularly ChatGPT, has created new opportunities for exercise 
prescription and rehabilitation by enabling rapid synthesis of scientific information, generation 
of structured exercise programs, patient education, and clinical documentation. Current evidence 
suggests that LLMs can generate generally coherent exercise recommendations incorporating 
variables, such as frequency, intensity, time, type, volume, and progression; however, their 
accuracy, individualization, and clinical reliability remain variable. Applying LLMs to corrective 
exercise presents additional challenges because effective intervention depends on accurate 
static and dynamic posture assessment, interpretation of clinically meaningful impairments, 
individualized exercise selection, and continuous adaptation. Text-based LLMs cannot 
independently perform physical examinations, directly assess movement quality, or reliably 
determine the clinical significance of observed postural characteristics. Consequently, a plausible 
artificial intelligence (AI)-generated exercise program should not be considered equivalent 
to a clinically validated intervention. Recent advances in multimodal artificial intelligence 
provide complementary capabilities. Computer vision and human pose estimation (HPE) can 
identify anatomical landmarks and estimate joint angles, segment relationships, and movement 
kinematics, while markerless cameras, depth sensors, and wearable inertial measurement units 
can facilitate objective movement assessment, exercise monitoring, and real-time feedback. 
These technologies may provide the movement data required to enhance LLM-assisted decision 
support. This mini-review examines current evidence, clinical challenges, and emerging 
opportunities for AI-assisted corrective exercise prescription. A human-AI collaborative model 
is proposed in which multimodal AI provides objective movement assessment and monitoring, 
LLMs support evidence synthesis and candidate exercise-program generation, and qualified 
professionals retain responsibility for clinical interpretation, prescription, progression, and safety. 
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Introduction

orrective exercise is an assessment-driven 
approach intended to address static and 
dynamic postural deviations and dysfunc-
tions, neuromuscular impairments, and 
related functional limitations. Unlike gen-

eral exercise prescription, corrective exercise requires 
integration of movement assessment, clinical reasoning, 
exercise selection, dosage, progression, and repeated re-
assessment. Therefore, effectiveness depends not simply 
on identifying an exercise, but on determining whether 
an observed movement or postural feature is clinically 
meaningful and whether the selected intervention pro-
duces an appropriate response.

The rapid development of large language models 
(LLMs), particularly ChatGPT, has introduced new pos-
sibilities for exercise prescription and rehabilitation. 

These systems can synthesize large volumes of textual 
information, generate structured exercise programs, ex-
plain scientific concepts, and support patient education 
and clinical documentation. Studies of exercise pre-
scription indicate that LLMs can generate programs that 
broadly reflect variables, such as frequency, intensity, 
time, type, volume, and progression, although the qual-
ity of quantitative parameters and individualization may 
vary between outputs [1, 2]. 

LLMs are particularly relevant to corrective exercise 
because corrective programs require translating assess-
ment findings into a sequence of exercise decisions. 
Recent research suggests that structured prompts con-
taining patient characteristics, symptoms, movement 
findings, goals, contraindications, available equipment, 
and exercise parameters can improve the relevance and 
consistency of artificial intelligence (AI)-generated 
recommendations [3]. Nevertheless, a coherent pro-

C

Highlights 

● LLMs generated generally coherent exercise programs but required expert adjustment.

● Structured prompts improved the consistency of AI-generated exercise recommendations.

● Multimodal AI enabled more objective movement assessment and exercise monitoring.

● Expert evaluation identified personalization, safety, and monitoring as key limitations.

● Human-AI collaboration showed the strongest potential for safer corrective exercise.

Plain Language Summary 

Artificial intelligence (AI) is increasingly being used to provide information about exercise and health. One impor-
tant example is large language models (LLMs), such as ChatGPT, which can quickly organize scientific information 
and generate exercise programs. This review examined what is currently known about using these systems to support 
corrective exercise, which is designed to improve movement problems, posture, and physical function. The avail-
able evidence shows that LLMs can produce generally well-structured exercise programs and can be useful for find-
ing and summarizing information, explaining exercises, educating patients, and preparing preliminary exercise plans. 
However, their recommendations are not always accurate or sufficiently tailored to an individual. Corrective exercise 
is particularly challenging because an appropriate program depends on detailed assessment of posture, movement, 
symptoms, physical abilities, and how a person responds to exercise over time. A language-based AI system cannot 
independently perform a physical examination or reliably determine whether a particular movement pattern is clini-
cally important. The review also found that combining LLMs with other AI technologies may offer greater potential. 
Cameras, computer vision, movement-tracking systems, and wearable sensors can provide information about how a 
person moves and performs exercises. LLMs can then help organize this information and generate possible exercise 
strategies. These findings matter because poorly matched exercise recommendations could be ineffective or potentially 
unsafe. The evidence therefore supports AI as a tool to assist qualified professionals rather than replace them. Future 
systems should combine objective movement assessment, AI-based support, continuous monitoring, and professional 
judgment to provide safer and more individualized corrective exercise.

Rajabi R. Large Language Models and Corrective Exercise Prescription. PTJ. 2026; 16(Special Issue: Exercise Therapy in Action):359-368.



361

 2026. Volume 16. Special Issue: Exercise Therapy in Action

gram generated by an LLM should not be interpreted 
as evidence of clinical effectiveness. Current text-based 
systems do not independently perform physical exami-
nation, directly measure movement quality, or reliably 
determine the clinical significance of individual postural 
findings.

An important development is the integration of LLMs 
with other forms of artificial intelligence. Recent work 
in AI-based postural management shows that computer 
vision and human pose estimation (HPE) can identify 
anatomical landmarks and derive variables, such as joint 
angles, segment relationships, distances, and movement 
kinematics. Markerless camera systems, depth cameras, 
and wearable inertial measurement units can provide 
objective information about posture and exercise perfor-
mance. AI-guided systems can additionally deliver real-
time feedback and support remote monitoring [4]. These 
technologies may provide the movement information 
that text-only LLMs currently lack.

This mini-review examines current evidence on LLM-
assisted exercise prescription, the specific challenges of 
applying LLMs to corrective exercise, the contribution 
of multimodal AI technologies, and the prospects for a 
human-AI collaborative model.

Current evidence indicates that LLMs can generate 
exercise programs that broadly follow established prin-
ciples of exercise prescription. Research in resistance 
training has shown that ChatGPT can produce generally 
coherent program structures, while GPT-4 has demon-
strated potential for evidence-informed exercise pro-
gramming [1, 2]. However, expert adjustment may still 
be necessary for exercise selection, loading, progression, 
and individualization.

Evidence across broader clinical applications is also 
encouraging but heterogeneous. A systematic review 
of ChatGPT in orthopedics found generally acceptable 
quality, readability, and comprehensiveness, while not-
ing variability in accuracy and reliability as clinical com-
plexity increases [5]. Research in sports rehabilitation 
similarly suggests that LLMs can provide useful educa-
tional information and preliminary rehabilitation recom-
mendations; however, their performance becomes less 
reliable when decisions require integration of complex 
patient-specific information and clinical judgment [6].

A 2025 scoping review concluded that LLMs have po-
tential for exercise recommendations in both clinical and 
healthy populations, although studies differ substantially 
in methods, populations, prompts, and evaluation crite-

ria [7]. A systematic review of generative AI for exer-
cise and training prescription likewise identified broad 
potential for program planning but emphasized limited 
evidence linking AI-generated prescriptions to patient 
or athlete outcomes [8]. These findings highlight a fun-
damental distinction between generating an intervention 
and demonstrating that the intervention works.

Recent primary studies further strengthen the emerging 
evidence for the practical use of LLM-based systems. 
Huang et al. [9] conducted a formative randomized con-
trolled trial of an LLM-powered osteoporosis self-man-
agement chatbot (OPBot) involving 100 randomized 
participants, with 88 included in the final analysis. Com-
pared with traditional education, OPBot produced signif-
icantly higher post-intervention osteoporosis knowledge 
scores and substantially reduced nurses’ education time. 
It also showed a favorable effect on calcium-supplement 
adherence, while the apparent improvement in calcium-
rich food consumption did not remain significant after 
correction for multiple comparisons. Most evaluated 
chatbot responses were rated highly reliable (89.4%), 
with strong interrater agreement (κ=0.83). These find-
ings support the potential of LLMs for patient education 
and behavioral support, although larger studies are re-
quired to establish clinical effectiveness.

In the rehabilitation domain, Wang et al. 2025 [10] de-
veloped ReLite, a personalized sport-training rehabilita-
tion framework that combines fine-tuned LLM-based 
encoding of free-text exercise feedback with sequence 
modeling of session histories and adaptive alignment of 
semantic information with ordinal ratings. Experiments 
on two public datasets showed that integrating language 
understanding with temporal behavior modeling and 
text-rating alignment provided a robust and data-effi-
cient foundation for personalized rehabilitation recom-
mendations, particularly under limited-data conditions. 
This work suggests that LLMs may contribute more ef-
fectively to rehabilitation decision support when linguis-
tic feedback is integrated with longitudinal behavioral 
information rather than used in isolation.

Complementing these findings, Lai et al. (2026) [11] 
evaluated an AI-assisted adaptive precision Boolean Ru-
bric (adaptive-PBR) for assessing personalized exercise 
prescriptions. In a pilot validation involving 12 experts 
and five diverse clinical cases, Adaptive-PBR demon-
strated excellent inter-rater reliability (intraclass correla-
tion coefficient [ICC]=0.83), comparable to a full Bool-
ean rubric (ICC=0.82) and superior to a conventional 
Likert scale (ICC=0.65), while reducing evaluation time 
by approximately 63%. The framework also reduced ex-
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perience-related variability in scoring. Although larger-
scale validation is needed, these results indicate that AI 
may support not only exercise recommendation but also 
standardized quality assurance and evaluation of person-
alized exercise prescriptions.

Therefore, prompt engineering is a crucial compo-
nent of LLM-assisted exercise prescription. Structured 
prompts can reduce ambiguity and encourage the mod-
el to consider clinically relevant variables. However, 
prompt quality cannot compensate for missing or inac-
curate clinical information. LLM performance remains 
dependent on the quality of the information provided and 
the user’s ability to critically evaluate the output [3].

The most promising development beyond text-only 
LLMs is multimodal integration. The recent review by 
Köroglu et al. [4] indicates that AI-based HPE can pro-
vide objective and potentially continuous postural as-
sessment. Computer vision can estimate anatomical key 
points and derive biomechanical variables, while mark-
erless systems may permit assessment in relatively natu-
ral environments. Wearable sensors and depth cameras 
can provide complementary information when camera-
based measurement alone is insufficient. Such systems 
can also support real-time feedback, exercise-quality 
monitoring, personalization, and remote rehabilitation.

This creates a potentially complementary relationship 
between movement AI and LLMs. HPE and sensor sys-
tems can transform visual or sensor data into structured 
movement information, while an LLM can organize that 
information with symptoms, goals, clinical guidelines, 
exercise constraints, and patient preferences to generate 
candidate intervention strategies. The resulting system 
would be substantially different from asking a chatbot 
to prescribe exercises from a short textual description.

Overall, current evidence supports using LLMs for 
preliminary exercise planning, evidence synthesis, edu-
cation, and documentation. However, the evidence does 
not yet support autonomous corrective exercise prescrip-
tion or the assumption that a structurally appropriate AI-
generated program will necessarily produce favorable 
clinical outcomes (Table 1).

These findings align with preliminary internal data, 
where 93 corrective exercise specialists evaluated LLM-
generated programs using Janda and National Acad-
emy of Sports Medicine (NASM) frameworks [17]. 
Specialists rated scientific quality and logical structure 
positively, but identified limited predicted effectiveness, 
safety concerns, and insufficient personalization and 

monitoring as major shortcomings. While preliminary, 
these results support further exploration of multimodal 
AI systems that integrate evidence-based programming 
with objective movement assessment and clinical super-
vision.

Corrective exercise presents a greater challenge than 
general exercise programming because intervention 
selection depends on the relationship between assess-
ment findings and exercise response. Similar postural 
presentations may arise from different combinations 
of mobility restrictions, muscle performance deficits, 
motor-control impairments, pain, behavioral factors, or 
compensatory strategies. Consequently, the same exer-
cise may be appropriate for one person but ineffective or 
inappropriate for another.

Therefore, the central problem is not simply whether 
an LLM knows which exercises are commonly recom-
mended. The more difficult question is whether it can 
determine why a particular exercise should be selected 
for a particular individual, at what dose, in what se-
quence, and according to which progression criteria. 
Current LLMs can reproduce general clinical knowledge 
and organize plausible interventions; however, they do 
not independently establish whether the assumptions un-
derlying a recommendation are correct.

This limitation becomes clearer when movement as-
sessment is considered. A language model can generate 
plausible exercises from descriptions, such as forward 
head posture or increased thoracic kyphosis; however, 
these observations do not necessarily indicate a clini-
cal impairment. The same posture may reflect com-
pensation, temporary positioning, or normal individual 
variation. Without objective movement data and clinical 
context, AI may confuse observation with diagnosis or 
assume unproven causal relationships. Therefore, accu-
rate corrective exercise prescription requires multimodal 
assessment, clinical reasoning, and professional over-
sight.

AI-based HPE can potentially address part of this 
limitation. The 2026 review by Köroglu et al. describes 
systems that can estimate anatomical landmarks and cal-
culate joint angles, distances, segment relationships, and 
kinematic variables. Such systems can make postural 
assessment more objective and may permit repeated 
measurement outside specialized laboratories. How-
ever, HPE accuracy can be affected by camera position, 
lighting, occlusion, clothing, body characteristics, envi-
ronmental conditions, and the diversity of the training 
dataset [4].

Rajabi R. Large Language Models and Corrective Exercise Prescription. PTJ. 2026; 16(Special Issue: Exercise Therapy in Action):359-368.
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A critical distinction must therefore be maintained 
between measurement and interpretation. Detecting a 
movement deviation does not automatically establish 
that it is pathological, clinically important, or responsible 
for symptoms. Technical accuracy must ultimately be 
linked to clinical reasoning and meaningful outcomes. 
The AI system may quantify a movement, but the clini-
cian must determine its significance within the broader 
clinical picture.

Progression represents another major challenge. Cor-
rective exercise is dynamic and requires repeated assess-
ment of symptoms, movement quality, strength, mobility, 
motor control, function, adherence, and response to inter-
vention. Static AI-generated programs cannot adequately 
capture these longitudinal changes. Multimodal systems, 
however, may support continuous exercise monitoring 
and potentially adapt exercise difficulty according to ob-
served performance. The postural-management literature 
describes this as a move toward closed-loop intervention, 
in which assessment, feedback, exercise performance, 
and progression are connected [4].

Safety remains equally important. LLMs can gener-
ate fluent and convincing information while occasion-
ally producing inaccurate or poorly contextualized rec-
ommendations. Movement-analysis systems can also 
produce technically accurate measurements that are 
clinically misinterpreted. Therefore, high technical per-
formance should not be equated with clinical safety or 
effectiveness.

Strengths and limitations of large language models

The principal strength of large language models 
(LLMs) is their capacity to rapidly organize and syn-
thesize large amounts of textual knowledge. For correc-
tive exercise professionals, this may facilitate literature 
reviews, identify candidate exercises, prepare patient 
education materials, develop preliminary intervention 
plans, and clinical documentation. LLMs can also pres-
ent the same information at different levels of complex-
ity, which may support communication with patients and 
students.

Table 1. Representative evidence on LLMs and AI-assisted exercise prescription

Author(s), Year Application Main Finding Key Limitation

Washif et al. 2024 [1] Resistance training 
prescription

ChatGPT generated generally coherent resistance-
training structures

Individualization and progression 
required expert adjustment

Dergaa et al. 2024 [2] Exercise prescription GPT-4 showed potential for evidence-informed exercise 
programming

Clinical supervision remained 
necessary

Wang et al. 2024 [3] Prompt engineering Structured prompts improved consistency with 
evidence-based guidelines

Output remained dependent on 
input quality

Zhang et al. 2024 [5] Orthopedics Generally acceptable quality and readability of LLM 
responses

Variable accuracy in complex 
clinical contexts

McBee et al. 2024 [6] Sports rehabilitation Useful for education and preliminary rehabilitation 
guidance

Reduced performance with 
complex patient-specific decisions

Lai et al. 2025 [7] Exercise 
recommendations

LLMs showed potential across clinical and healthy 
populations Evidence remains heterogeneous

Puce et al. 2025 [8] Exercise/training 
prescription

Generative AI demonstrated broad potential for exercise 
planning Limited clinical outcome validation

Köroglu et al. 2026 [4]
AI-based postural 
assessment and 

correction

HPE, computer vision, wearable sensors, and AI-
guided feedback can provide objective and potentially 

continuous movement assessment

Clinical generalizability and large-
scale outcome validation remain 

limited

Janela et al. 2023 [12] Biofeedback-assisted 
telerehabilitation

Biofeedback-supported asynchronous telerehabilitation 
showed promise in musculoskeletal care

Heterogeneity among interventions 
and outcome measures

Kim et al. 2024 [13] Posture-correction 
feedback

AI-supported feedback can be used to influence neck 
and trunk posture during computer work

Translation to broader clinical 
populations requires further 

validation

Rao et al. 2025 [14] Real-time exercise 
correction

Deep-learning approaches can analyze exercise posture 
and provide error correction

Technical performance does not by 
itself establish clinical effectiveness

He et al. 2024 [15] AI-assisted 
telerehabilitation

A randomized trial using 3D HPE supported the 
feasibility of remote rehabilitation in older adults with 

sarcopenia

Population- and system-specific 
findings require replication

Mohammad Namdar et al. 
2025 [16]

AI-based digital 
rehabilitation

AI-enabled rehabilitation may improve adherence and 
monitoring

Evidence base remains 
heterogeneous

Abbreviations: HPE: Human pose estimation; LLMs: Large language models; AI: Artificial intelligence. 
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A second advantage is flexibility. When relevant patient 
information is incorporated into a structured prompt, an 
LLM can generate alternative exercise strategies, modi-
fy instructions, explain rationale, and organize an inter-
vention according to specified constraints. This makes 
LLMs potentially valuable as assistants rather than au-
tonomous prescribers.

A third advantage emerges through multimodal inte-
gration. Computer vision, HPE, wearable sensors, and 
other measurement technologies can provide objective 
movement information, while the LLM can synthesize 
these data with symptoms, goals, exercise restrictions, 
and relevant evidence. This division of labor is poten-
tially more appropriate than expecting one system to per-
form every component of clinical reasoning.

Nevertheless, clinical risk represents a major limitation 
of AI-assisted corrective exercise prescription. LLM re-
sponses may vary with prompt wording, model version, 
and the completeness of the supplied information. Text-
only systems lack direct access to many clinically relevant 
variables, including dynamic movement quality, tactile 
findings, real-time response to exercise, and contextual 
features of physical performance. AI-generated programs 
may therefore be coherent but insufficiently individualized.

First, misdiagnosis or overinterpretation may occur 
when an LLM interprets an observed feature, such as 
forward head posture, as a clinical diagnosis or causal 
impairment, although such findings may reflect compen-
sation, temporary positioning, or normal individual vari-
ation. Second, algorithmic bias may arise when training 
and validation datasets inadequately represent diverse 
populations, potentially reducing measurement accuracy 
and clinical relevance across differences in body charac-
teristics, age, sex, or environmental conditions. The same 
issue applies to movement-analysis AI; computer-vision 
systems may achieve high accuracy in landmark detec-
tion under controlled conditions but perform differently 
in real-world environments. The review by Köroglu et 
al. [4] emphasizes the need for large and diverse datasets, 
validation across populations, attention to usability, and 
careful consideration of privacy and ethical issues. Tech-
nical performance must ultimately connect to clinically 
meaningful outcomes rather than evaluate only through 
computational error metrics.

Third, professional responsibility remains critical 
because reliance on AI-generated recommendations 
without adequate clinical supervision may create pa-
tient-safety and medico-legal risks. AI outputs should 
be treated as decision-support information rather than 

autonomous clinical decisions. Qualified professionals 
must retain responsibility for assessment, interpretation, 
exercise selection, dosage, progression, monitoring, and 
safety. AI can contribute to information processing, pro-
gram structuring, movement quantification, feedback, 
and longitudinal data organization without replacing 
professional accountability.

Future directions: Toward multimodal human-AI 
collaboration

Future developments should move beyond text-only 
interaction toward multimodal AI systems capable of 
integrating clinical information with movement and bio-
mechanical data. Computer vision, markerless motion 
analysis, wearable inertial sensors, force platforms, and 
other measurement technologies could provide objective 
information that is currently unavailable to conventional 
LLMs. A future AI-assisted corrective exercise system 
could follow a closed-loop process, as illustrated in Fig-
ure 1. As shown in Figure 1, this proposed framework 
comprises six sequential but iterative stages: (1) assess-
ment and data acquisition, in which demographic and 
clinical history, symptoms, functional goals, posture, 
movement, and multimodal measurement data are col-
lected; (2) corrective exercise analysis and selection, in 
which the AI system synthesizes the available evidence 
and maps the findings to candidate tailored corrective 
exercises; (3) expert validation and individualization, 
in which a clinician or corrective exercise specialist re-
views the AI-generated corrective exercises recommen-
dations, verifies safety and appropriateness, and adapts 
the program to the individual; (4) implementation and 
delivery, in which the validated program is instructed 
and delivered with appropriate education and real-time 
biofeedback when available; (5) monitoring and out-
come measurement, in which adherence, symptoms, 
movement quality, and patient-reported or performance-
related outcomes are tracked; and (6) progression/re-
gression and continuous adaptation, in which the clini-
cian/corrective exercise specialists and AI system use 
the accumulated outcomes to adjust exercise selection, 
dosage, and progression. The cycle then returns to as-
sessment, allowing subsequent decisions to incorporate 
newly acquired clinical, movement, and outcome data. 
This explicit feedback loop is intended to distinguish the 
proposed approach from one-time, text-only exercise 
generation.

The framework begins with assessment and multimod-
al data acquisition (1), followed by AI-assisted correc-
tive exercise analysis and selection (2), clinician/expert 
validation and individualization (3), implementation and 
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delivery (4), monitoring and outcome measurement (5), 
and progression/regression with continuous adaptation 
(6). The final stage feeds updated information back to 
the assessment stage, creating an iterative human-AI 
feedback loop.

This model offers an important conceptual shift. Instead 
of asking whether ChatGPT can prescribe a corrective ex-
ercise program, research should examine whether an in-
tegrated AI system can help a professional make better, 
safer, more individualized decisions. The language model 
would function primarily as an evidence-synthesis and 
communication layer, while computer vision and sensors 
would contribute objective measurement and monitoring. 
Within the closed-loop framework, therefore, AI is not po-
sitioned as an autonomous decision-maker; rather, it sup-
ports a human-led process in which measurement informs 
analysis, analysis informs expert-validated exercise selec-
tion, implementation generates new outcome data, and 
those data feed back into subsequent clinical decisions.

Standardized prompting should be developed alongside 
multimodal integration. Prompts should contain relevant 
demographic and clinical information, movement find-

ings, symptoms, functional limitations, goals, contrain-
dications, equipment, and progression criteria. Where 
movement data are supplied, their measurement source 
and reliability should also be specified. Standardization 
would improve reproducibility and facilitate comparison 
among models.

Research must also move beyond expert ratings and 
technical demonstrations toward clinical outcome vali-
dation. Randomized controlled trials are needed to deter-
mine whether AI-assisted programs improve pain, pos-
ture, movement quality, function, adherence, and quality 
of life compared with conventional clinician-designed 
interventions. Studies should distinguish the contribu-
tion of LLM-based programming from computer-vision 
assessment, real-time biofeedback, and adaptive telere-
habilitation.

Ethical and regulatory issues will become increasingly 
important as systems collect images, video, sensor data, 
and health information. Privacy, transparency, account-
ability, data security, informed use, algorithmic bias, 
and professional responsibility must be explicitly con-
sidered. The objective should not be the rapid creation 

Figure 1. Proposed closed-loop framework for AI-assisted corrective exercise prescription
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of an autonomous “AI therapist,” but the development 
of validated systems in which computational capability 
enhances professional clinical reasoning.

Conclusion

LLMs, particularly ChatGPT, show promising poten-
tial for exercise planning, evidence synthesis, patient ed-
ucation, and clinical documentation. Their ability to gen-
erate structured corrective exercise programs is further 
supported by our preliminary departmental findings, in 
which 93 corrective exercise specialists evaluated LLM-
generated programs based on the Janda and NASM 
frameworks. Both approaches demonstrated high proto-
col fidelity and generally favorable expert evaluations, 
while also highlighting the need for greater personaliza-
tion, safety consideration, and continuous monitoring.

However, generating a plausible exercise program is 
not equivalent to demonstrating clinical effectiveness. 
Current LLMs remain limited in individualized assess-
ment, procedural clinical reasoning, safety evaluation, 
progression, and adaptation to longitudinal responses. 
Similarly, movement-analysis AI must be validated 
across diverse populations and real-world conditions, 
and technical accuracy must be linked to clinically 
meaningful outcomes.

Therefore, most promising direction is human-AI col-
laboration. LLMs can synthesize evidence and structure 
candidate interventions; multimodal AI can provide ob-
jective movement and performance data; and qualified 
professionals can retain responsibility for assessment, 
prescription, progression, monitoring, and safety. The 
future of AI-assisted corrective exercise will depend less 
on whether AI can generate an exercise list and more on 
whether integrated systems can help professionals make 
better, safer, individualized, and evidence-informed de-
cisions.

Key message

LLMs can enhance corrective exercise through evi-
dence synthesis and candidate program generation; 
however, the uncritical implementation of LLM-gen-
erated corrective exercise programs in clinical practice 
is currently premature and potentially unsafe without 
objective movement assessment and qualified clinical 
oversight. Integrating LLMs with computer vision, HPE, 
wearable sensors, and other multimodal technologies 
may provide the objective assessment and monitoring 
required for safer and more individualized decision sup-
port. Ultimately, AI should augment rather than replace 

clinical reasoning, with qualified professionals retaining 
responsibility for assessment, interpretation, prescrip-
tion, progression, monitoring, and safety.
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