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Abstract: Regular physical activity plays a critical role in health promotion and athletic per-
formance, necessitating personalized exercise and training prescriptions. While traditional
methods rely on expert assessments, artificial intelligence (AI), particularly generative
Al models such as ChatGPT and Google Gemini, has emerged as a potential tool for
enhancing personalization and scalability in training recommendations. However, the
applicability, reliability, and adaptability of Al-generated exercise prescriptions remain
underexplored. A comprehensive search was performed using the UnoPerTutto meta-
database, identifying 2891 records. After duplicate removal (1619 records) and screening,
61 full-text reports were assessed for eligibility, resulting in the inclusion of 10 studies.
The studies varied in methodology, including qualitative assessments, mixed-methods
approaches, quasi-experimental designs, and a randomized controlled trial (RCT). Al mod-
els such as ChatGPT-4, ChatGPT-3.5, and Google Gemini were evaluated across different
contexts, including strength training, rehabilitation, cardiovascular exercise, and general
fitness programs. Findings indicate that generative Al-generated training programs gener-
ally adhere to established exercise guidelines but often lack specificity, progression, and
adaptability to real-time physiological feedback. Al-generated recommendations were
found to emphasize safety and broad applicability, making them useful for general fitness
guidance but less effective for high-performance training. GPT-4 demonstrated superior
performance in generating structured resistance training programs compared to older
Al models, yet limitations in individualization and contextual adaptation persisted. A
critical appraisal using the METRICS checklist revealed inconsistencies in study quality,
particularly regarding prompt specificity, model transparency, and evaluation frameworks.
While generative Al holds promise for democratizing access to structured exercise prescrip-
tions, its role remains complementary rather than substitutive to expert guidance. Future
research should prioritize real-time adaptability, integration with physiological monitor-
ing, and improved Al-human collaboration to enhance the precision and effectiveness of
Al-driven exercise recommendations.

Keywords: generative artificial intelligence; large language models; exercise prescription;
personalized recommendations; adaptive exercise programs
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1. Introduction

Regular physical activity provides significant health benefits [1-3], and exercise and
training prescriptions serve as fundamental components of health promotion and athletic
performance optimization [4,5]. They are inherently tailored to the diverse needs, goals,
and physiological conditions of a wide range of populations, including athletes, either
able-bodied or with disabilities, individuals managing chronic conditions, the elderly, and
those seeking general well-being [6]. As such, correctly prescribing exercise and devising
proper training plans demand expertise and personalized strategies to address the unique
characteristics and objectives of each individual [7,8]. When well-designed and evidence-
based, exercise and training prescriptions can enhance psychophysical health, optimize
biomechanical, psychological, and physiological adaptations to improve performance, and
reduce the risk of overuse injuries and adverse health effects [9]. Traditionally, they have
relied on the expertise of sports scientists, physiotherapists, and exercise physiologists,
using subjective assessments and empirical guidelines. However, the scalability and
precision of these traditional methods face limitations, particularly in addressing diverse
populations [10,11] or incorporating rapidly evolving scientific evidence into practice [12].

In this context, the integration of artificial intelligence (AI) into healthcare and well-
ness represents a groundbreaking innovation with far-reaching implications across various
domains [13-16], including sports and physical activity [17-20]. AI has demonstrated
significant potential to address the limitations of traditional exercise and training prescrip-
tions, offering solutions that are not only scalable but also capable of delivering highly
personalized and data-driven recommendations [21,22].

Generative Al in particular, represents a paradigm shift [23-25]. Encompassing large
language models (LLMs) such as ChatGPT, Google Gemini (previously known as Google
Bard), and Microsoft Copilot, generative Al has demonstrated exceptional capabilities
in conversational interfaces, decision support systems, and personalized recommenda-
tions [26-29]. These systems leverage extensive datasets to produce context-aware, adap-
tive, and human-like responses, making them increasingly valuable in areas requiring
individualized guidance, such as exercise and training prescriptions.

By combining advanced natural language processing (NLP) and machine learning
(ML) techniques [30,31], generative Al can dynamically generate exercise and training
prescriptions that integrate user-specific inputs—such as age, fitness level and training
status, health history, and even genetic predispositions—with evidence-based knowledge
and sport-specific goals, tailoring recommendations to various timeframes, whether for a
single training session, a structured program spanning weeks or months, or a long-term
athletic development plan extending over several years.

This would enable the creation of optimized plans customized to various objectives, in-
cluding general health improvement, rehabilitation, and peak athletic performance [32-35].
Moreover, generative Al has the potential to address critical gaps in accessibility, making
professional-level guidance available to individuals who may lack access to specialized
expertise or resources due to financial, geographical, or logistical barriers [36-38].

To date, no systematic appraisal exists of the potential applications of generative Al
in exercise and training prescription. In light of these considerations, this study aims to
critically evaluate the role of generative Al in transforming exercise and training prescrip-
tion practices. It will explore the strengths, opportunities, and limitations of these tech-
nologies, with a particular focus on their application in advanced and high-performance
settings. By addressing the challenges and identifying pathways for integration, this
analysis seeks to provide a comprehensive understanding of how generative Al can
redefine exercise prescriptions for health promotion and training strategies for athletic
performance optimization.
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2. Methods
2.1. Study Protocol and Study Finding Reporting

The study was conducted following an a priori-specified protocol to ensure trans-
parency and methodological rigor. All aspects of the study, including the objectives,
inclusion and exclusion criteria, data collection process, and analysis plan, were defined in
advance and documented to prevent deviations that could introduce bias. The findings of
the study were reported in accordance with the “Preferred Reporting Items for Systematic
Reviews and Meta-Analyses” (PRISMA) checklist [39], which provides a standardized
framework to enhance the quality, clarity, and completeness of systematic reviews and
meta-analyses. The PRISMA checklist incorporates critical elements such as the study
selection process, data extraction methods, risk of bias assessment, and synthesis of results.
By adhering to the PRISMA guidelines, the present review ensured that all relevant infor-
mation was systematically presented, allowing for transparency and reproducibility. This
structured approach also facilitates critical appraisal and comparison with other studies
and existing reviews in the field, enhancing the overall reliability and credibility of the
reported findings.

2.2. Search Strategy

As previously mentioned, to investigate the role of generative Al in exercise prescrip-
tion, this study adopted a systematic literature review. A comprehensive search strategy
was employed to identify relevant studies and reports, utilizing an electronic metadatabase
(UnoPerTutto, hosted by Genoa University, Genoa, Italy) [40]. UnoPerTutto integrates
multiple scholarly electronic databases, including PubMed /MEDLINE, Scopus, and Web
of Science.

Keywords included “generative artificial intelligence”, “large language models”, “chat-

v v v

bots”, “virtual assistants”, “digital assistants”, “physical activity”, “sport”, “exercise pre-

scription”, “training prescription”, “training plan”, “training program”, and related terms,
properly connected by means of Boolean operators (Table 1). The inclusion criteria encom-
passed studies published in peer-reviewed journals and gray literature exploring generative

Al systems in the context of sports and physical activity.

2.3. Data Extraction and Data Synthesis

Data extraction focused on the capabilities of generative Al systems in generating
meaningful exercise recommendations, the methodologies used to validate their outputs,
and their practical applications across different populations. Additionally, the present
review analyzed the underlying architectures of Al models, such as transformer-based
systems, their ability to integrate domain-specific knowledge, and the type of prompt
used (i.e., the input text or query provided to a generative Al system, guiding its re-
sponse by specifying the context and desired output format). Finally, the ethical, practical,
and technical challenges of using generative Al for exercise prescription were noted and
critically appraised.

2.4. Critical Appraisal

The critical appraisal of the studies included in this systematic review was conducted
using the METRICS checklist [41]. This 9-item evaluation tool, designed to standardize
the evaluation of studies involving generative Al models in healthcare education and
practice, provided a structured framework for assessing the methodological rigor and
reporting quality of each study. The METRICS criteria include key aspects such as the model
used, evaluation approach, timing of testing, data transparency, range of tested topics,
randomization methods, individual factors in query selection, count of executed queries,
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and specificity of prompts and language. Studies meeting 1-5 criteria were classified as
low quality, those meeting 67 criteria as medium quality, and those meeting 8-9 criteria as
high quality. By applying the METRICS checklist, we ensured a systematic and objective
appraisal of the included studies, facilitating the identification of strengths and limitations
in their design and reporting.

Table 1. An overview of the search strategy adopted in the present systematic review of the literature.
Abbreviations: * (wildcard character).

Search Strategy Items

Details

Search string

(“generative artificial intelligence” OR “large language model*” OR chatbot* OR

“conversational agent” OR “digital assistant” OR “virtual assistant” OR “google bard” OR

“google gemini” OR “microsoft copilot” OR chatgpt* OR “generative pre-trained

transformer*”) AND (sport* OR exercis* OR “physical activity” OR athlet* OR training)

AND (prescribing OR prescription* OR recommend*)

Databases

UnoPerTutto hosted by Genoa University, Genoa, Italy

Inclusion Criteria

Target Populations (P): Studies involving athletes, recreational exercisers, patients
with specific medical conditions, or general populations engaging in physical activity
Exposure/Intervention (E/I): Studies or reports explicitly discussing the use of
generative Al systems, such as LLMs, chatbots, or virtual assistants (e.g., ChatGPT,
Google Bard, Microsoft Copilot), in the context of exercise, physical activity, or sports,
i.e., publications that explore generative AI’s role in recommending, designing, or
tailoring exercise or physical activity programs for individuals or populations
Comparison/Comparator (C): Traditional (human-designed) exercise prescription
methods, authoritative guidelines for exercise prescription, and expert opinion
Outcome(s) (O): Effectiveness of generative Al in recommending, designing, or
tailoring exercise programs; user adherence and satisfaction with Al-driven exercise
guidance; impact on performance, fitness levels, health outcomes, and rehabilitation
Publication Type (S): Peer-reviewed articles, gray literature, and reports from
authoritative sports organizations and websites

Exclusion criteria

Population (P): Studies that do not involve individuals engaged in sports, exercise, or
physical activity

Exposure/Interventions (E/I): Studies that do not involve generative Al or focus
solely on traditional exercise prescription methods without the integration of
Al-based technologies (non-Al interventions); studies relying on pre-generative Al
systems or non-transformer-based models that do not meet current technological
standards (outdated Al technologies); studies discussing generative Al in contexts
unrelated to sports, exercise, or physical activity (e.g., education, entertainment, or
general healthcare without an exercise component) (unrelated domains)
Comparison/Comparator (C): Studies that do not compare Al versus non-Al exercise
interventions/prescriptions, authoritative guidelines for exercise prescription, or
expert opinion

Outcome(s) (O): Articles providing only conceptual or theoretical overviews of
generative Al without practical applications or empirical data in exercise prescription
(theoretical discussions)

Publication Type (S): Reviews, including systematic reviews, letters to the editor,
editorials, comments/commentaries without sufficient data

Language filter

None (any language)

Time filter

None (from inception)
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3. Results
Systematic Literature Review Findings

A total of 2891 records were initially identified from database searches. Before the
screening, 1619 records were removed as duplicates. No records were excluded based on
automation tools or other reasons. Following duplicate removal, 1272 records remained
for screening. After screening, 1211 records were excluded, leaving 61 reports for retrieval.
All 61 reports were successfully retrieved, with none being unavailable. Subsequently,
61 reports were assessed for eligibility. Ultimately, 10 studies [42-51] were included in the
systematic review. Further details are pictorially shown in Figure 1.

Identification of new studies via databases and registers

= Records removed before screening:
= - - - Duplicate records (n = 1,619)
§ Fgecords |dent|ﬁ_ed e Records marked as ineligible by automation
= atabases (n = 2,891) -
e tools (n =0)
ﬁ Records removed for other reasons (n = 0)
Records screened Records excluded
(n=1,272) o (n=1,211)
2
= Reports sought for retrieval Reports not retrieved
3 (n=61) (n=0)
o)
»
Reports assessed for eligibility Reports excluded:
(n=61) (n=51)
) New studies included in review
(_:)’ (n=10)
£

Figure 1. Pictorial flowchart of the present systematic review and meta-analysis.

The studies represented a diverse geographic distribution across North America,
Europe, Asia, and Africa. Among them, one study involved a multi-national collab-
oration, with authors from 20 countries [43], while others were conducted mainly in
Germany [44,46], Turkey [45], China [49,51], Thailand [47], the Philippines [42], and the
USA [50]. Finally, a study was multi-country [48].

The studies employed a range of methodologies, including qualitative/quasi-
qualitative assessments and expert panel reviews [43,48,51], quantitative assessments [45],
mixed-methods approaches [44,46,49,51], a quasi-experimental design [42], and a random-
ized controlled trial (RCT) [47], reflecting the evolving nature of research on Al-generated
exercise prescription.
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The studies primarily examined the capabilities of different Al models in generating
exercise programs [43,47,49-51] or training plans [29,44-46,48] and their performance
relative to human experts.

ChatGPT was the most frequently evaluated Al system, with various versions included
across eight studies. GPT-4 was assessed in several studies [43,46-49,51], while ChatGPT-
3.5 was compared in others [42,45,48,50]. One study [46] included Google Gemini, finding
that GPT-4 outperformed it in training plan quality. One study [44] used ChatGPT-3. Finally,
another study [49] compared ChatGPT to the Intelligent Health Promotion Systems (IHPS),
demonstrating that ChatGPT excelled in accuracy and comprehensiveness, although IHPS
had greater consistency in applicability.

The study populations varied significantly, ranging from expert evaluations without
real participants [43—46] to a few empirical studies [42,47,49]. Two of these involved
small samples, with five [49] and nine [47] participants, respectively. Larger participant
groups were included in [42], which examined 87 individuals. Demographic considerations
were generally limited, with the exception of a single study [50] that analyzed exercise
recommendations across 26 diverse populations. These included healthy adults, older
individuals, pregnant individuals, and those with chronic conditions such as cardiovascular
disease, diabetes, cancer, and HIV.

The Al-generated exercise prescriptions were assessed using various frameworks,
including adherence to the FITT standardized training principles such as periodization,
training volume, and intensity [43,46,48,50,51], or the ACSM guidelines [50,51]. Addition-
ally, evaluations considered factors like accuracy and adequacy [45,49,50]. Notably, the
criteria used for assessment were generally limited, with only one study [44] analyzing
a comprehensive set of 22 criteria. Lastly, only a few studies [42,47] employed objective
measures to validate the reliability of Al-generated exercise plans.

The Al-generated programs covered various exercise domains, including core ex-
ercises [45], strength training [46,48] running plans [44], calisthenics [42], weight loss
exercises [47], and rehabilitation [43,49-51].

Overall, the findings suggest that Al-generated exercise programs align with gen-
eral exercise science principles but often lack specificity, progression, and adaptability.
Studies that assessed the quality of Al-generated programs against expert-designed inter-
ventions consistently reported that Al output required expert validation and modifications
to optimize effectiveness. While ChatGPT-created plans adhered to foundational training
principles, they were frequently generic and did not incorporate real-time feedback or
individualized adjustments. Al-generated running and strength training plans improved
when additional user input was provided, but they still fell short of human expert-designed
programs [44,46,48]. Furthermore, while Al-generated programs generally adhered to
recognized exercise guidelines, some studies identified limitations in specificity, includ-
ing an overemphasis on safety and moderate intensity at the expense of progression and
individualization [43,50].

In studies that examined physiological outcomes, Al-generated programs demon-
strated positive effects in certain domains. Improvements were observed in BMI reduction,
heart rate response, and muscular endurance [42,47]. However, in direct comparisons with
human-designed interventions, Al-generated exercise prescriptions were less effective in
improving cardiovascular endurance and lower-body muscular strength, particularly in
males [42]. Additionally, some Al-generated recommendations displayed biases, includ-
ing an excessive emphasis on medical clearance requirements, which disproportionately
affected older adults and individuals with disabilities [36].

When comparing different AI models, GPT-4 demonstrated superior performance
relative to GPT-3.5 in generating tailored and structured resistance training programs,
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incorporating more advanced training concepts such as block periodization and active
recovery [48]. The comparison between Google Gemini and GPT-4 showed that GPT-4
produced higher-quality training plans regardless of input specificity [46]. Nonetheless,
reproducibility varied, and expert oversight was deemed essential to ensure the quality
and applicability of Al-generated exercise recommendations.

Further details are presented in Table 2.

In terms of critical appraisal (Table 3), the studies analyzed exhibit varying degrees
of methodological rigor and comprehensiveness, particularly concerning model specifi-
cation, evaluation approach, timing of testing, transparency of data sources, and overall
quality. A few studies, such as those by Diiking et al. [44], Havers et al. [46], and Zaleski
et al. [50], demonstrate high methodological robustness, incorporating systematic topic
selection, strong interrater reliability, and high prompt specificity. These studies also exhibit
transparency in their data sources, ensuring replicability and credibility. In contrast, studies
such as Erol and Arikan [45], Philuek et al. [47], Xu et al. [49], and Zhu et al. [51] display
notable methodological weaknesses, particularly in terms of transparency, topic selection,
and reliability. The lack of systematic topic selection and insufficient prompt specificity
in these studies contribute to their lower overall quality, limiting their applicability and
generalizability. Other studies, such as those by Dergaa et al. [43] and Washif et al. [48],
occupy an intermediate position, meeting several methodological criteria but lacking in
aspects such as topic selection and interrater reliability.

A key differentiating factor among the studies is the range of tested topics and whether
topic selection followed a systematic or randomized approach. Studies with a systematic
approach tend to yield more reliable and reproducible findings, as demonstrated by Diiking
et al. [44] and Havers et al. [46]. Conversely, those lacking a structured topic selection
process, such as Philuek et al. [47] and Zhu et al. [51], exhibit greater methodological
limitations. Prompt specificity emerges as another critical determinant of study quality.
While high-quality studies employ precise and well-structured prompts, lower-quality
studies, such as those by Xu et al. [49] and Zhu et al. [51], fail to provide adequate specificity,
leading to less reliable conclusions. Additionally, transparency in data sources plays a
fundamental role in the overall robustness of a study. Those who lack explicit disclosure
of their data sources, such as Erol and Arikan [45] and Masagca [42], suffer from reduced
credibility. Overall, studies that incorporate rigorous model specification, transparent
methodologies, systematic topic selection, and high interrater reliability tend to produce
more reliable findings. Those who neglect these aspects exhibit lower methodological
soundness, reducing their contribution to the field.
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Table 2. An overview of the studies included in the present systematic review of the literature.

Evaluation

Main Findings

Study

Study Country

Study Design

Sample Size

Framework and
Systems Compared

GPT-4 created safe, general

Dergaa et al.,

20 countries

Quasi-qualitative
assessment and

Five hypothetical
patient scenarios
(hypertension,
osteoarthritis,
anxiety, type

GPT-4 vs.
38 specialists in
sports medicine,
exercise science, and

Exercise Prescription Key Metrics
Standardized prompt Adherence to FITT
principles,

asking GPT-4 to
create a 30-day
exercise program

integration of
perceived exertion,
safety considerations,

exercise programs, which
lacked specificity and
progression for individual
health conditions
Other key limitations include
overemphasis on safety and
moderate intensity, lack of

20 expert panel review ) yiopetes, asthma; ing the FITT
abetes, asthma, rehabilitation using the and .
2 males, 3 females, principles individualizati real-time feedback and
age 27-50 years) ndividuahization monitoring, generic approach
due to the single-interaction
design
Plans with more input
. . received higher quality ratings
aMD;gi_Cr}??gocelst A fictional Chatggli (version 6-week running 29 criteri However, il—ge%eratgd plargl;s
Diiking et al., Germany, pp | revi p 20 ICh%‘a ) 10 exp. ) vs. d plans incorporating (18 crieria d lack direct interactions and
2024 [44] Netherlands, UK panel review, -year-old ma’le experience intervals, long runs, primary an feedback with users and are
quasi-qualitative runner coaches with seven and recovery 4 secondary) not completely
assessments) years of experience evidence-based, requiring
expert validation
ChatGPT was generally
satisfactory in providing
ChatGPT-3.5 vs. nine answers related to core
Erol and Quantitative experienced 23 knowledge items exercises )
Arikan, Turkey msesSImEnts Not applicable physiotherapists related to core Accuracy/adequacy Best performance was in
2024 [45] with 6-11 years of exercises general knowledge questions,
experience while it struggled with
individualized programming
and specific recommendations
More detailed input improved
Key training aspects LLM-generated plans, but
Mixed-methods Google Gemini 1.0 8- week muscle covering exercise coaching experts still rated
Havers et al. approach (e.xpert o Pro and. GPT-4 vs. hypertrophy-related gelectlgn, training them below optimal levels
4 Germany panel review, A fictitious person 12 coaching experts resistance trainin intensity, weekly GPT-4 outperformed Google
with at least 3 years plans & frequency, repetition Gemini in training plan
quality, regardless of

2025 [46]

quasi-qualitative
assessment)

of experience

range, and recovery
principle

input detail
Reproducibility varied
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Table 2. Cont.
Evaluation
Study Study Country Study Design Sample Size Framework and Exercise Prescription Key Metrics Main Findings
Systems Compared
AIGCTP significantly
improved lower extremity
87 untrained flexibility and upper extremity
. : muscular endurance in males
expg‘lilriséhtal' COH&giafteen?:fien’fS Prompt based on Flexibility (sit and but had limited impact
N ! 43 males); 43 i ' th FITT principles—a on females
pregrelgtjggg}slt}—)test Kfa-geszleratléld © 5-week calisthenics caf‘?i?(c)g ;§csltl)llar HMCTP showed
Masagca, . for within-group calisthenics training fraining program, endurance (3-min improvements in
2025 [42] Philippines comparison and rogram (AIGCTP) ChatGPT-3.5 including flexibility,  gtep test), muscular cardiovascular endurance,
tvgo- ou prog A4 in th cardiovascular on. duranc,e (wall sit lower limb flexibility, and
pre—test—%)ost}—)test gf\?;;rﬁ)én—nllr;dee endurance, and plank, and push—up, muscular endurance of upper
: : e muscular endurance ’ and lower extremities in males
for between-group  calisthenics trainin tests)
comparison M CTPg components The traditional program
prograrrrlo(u ) outperformed Al-generated
group training in cardiovascular
endurance and some
male-specific metrics
BMI, percent of fat,
. . level of visceral fat,
fenglccﬁgrfl(ig_/ fvlgglz basal metabolic rate,
.. program, 3 sessions percent of skeletal
Randomized 9 participants aged er week (a 5-10-min muscle, percent of The ChatGPT group showed
Philuek et al . Cora:ﬁoi)lrergztiial 19 years Bv arm-up, 45-60 min subcutaneous fat, significant improvements in
2025 [47] ’ Thailand (intervention (ChatGPT-generated ChatGPT-4.0 of ph si,c al fitness heart rate after BMLI, heart rate after standing
study) exercise program: 6; e erop,  standingand knee and knee lifting, and
Control: 3) 4 lifting for 3 min, sit-and-stand repetitions in 30 s

resistance training,
flexibility —, and a
5-10-min cool-down)

hand grip strength,

sit and stand in 30 s,
flexibility, and
lung capacity
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Table 2. Cont.
Evaluation
Study Study Country Study Design Sample Size Framework and Exercise Prescription Key Metrics Main Findings
Systems Compared
GPT 4.0 generated more
comprehensive and tailored
programs than GPT 3.5,
considering advanced training
A hypothetic male ] ; . e principles like block
Malaysia, Crec magemale © COTISSMd A0 Sundodied  peiodigien,  Fpoidlizadon and
. Republic, Hon - individual, aged i Jali . _ oy ! active recovery
Washif et al., eru , g Qualitative 20 o guidelines (e.g., requesting 12-week  training volume, load H ired
2024 [48] Tu%rilsgi’ ani‘Itgvl;; assessments ) yea(lj‘ls', wit d National Strength resistance training intensity, tempo, rest Owerer, %f};,grims I;equl%re
Zealand a(lir\l/t:r?cré?tl rlg,s[?s?e?nce and .anditioning programs for specific intervals, and expesviﬁobelsltcgrlaoclziczsa B
training experience Association textbook) experience levels progression Key limitations included lack
of real-time adaptability,
emerging methodologies (e.g.,
blood flow restriction), and
sex-specific guidance
ChatGPT outperformed IHPS
5 hypertensive ChatGPT-4.0 and in accuracy and
patients (3 females, Intelligent Health comprehensiveness, but IHPS
Mixed-methods 2 males) with Promotion Systems Exercise prescription Accuracy, had better applicability
approach with comorbidities, aged (IHPS) vs. for hypertensive comprehensiveness, consistency
Xu et al., China patient data 69-79 years, with 24 multidisciplinary patients based on applicability, and ChatGPT did not take into
2024 [49] collected via conditions such as experts from over ten expected health evaluation based on account cultural preferences
questionnaires and diabetes, COPD, different professional benefits, FITT the Transtheoretical and delivered standardized,
hardware tools chronic nephritis, fields, with more principles, and safety Model repetitive prescriptions
Parkinson’s disease, than 10 years of Gaps in medication
and gouty arthritis experience management, adaptability,
and personalization
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Table 2. Cont.

Study

Study Country

Study Design

Sample Size

Evaluation
Framework and
Systems Compared

Exercise Prescription

Key Metrics

Main Findings

Zaleski et al.,
2024 [50]

Mixed-methods
approach

USA (conceptual content

analysis and
thematic mapping)

26 populations across
the lifespan
including healthy
adults, older adults,
children and
adolescents,
pregnant individuals,
and those with
chronic diseases such
as CVD, diabetes,
cancer, and HIV

ChatGPT-3.5 vs.
ACSM guidelines

Exercise
recommendations for
diverse populations

Accuracy, compre-
hensiveness/depth
(adherence to the
FITT principles, and
alignment with
ACSM guidelines),
and readability

Moderate comprehensiveness
and high accuracy, with low
readability and gaps in
exercise frequency, intensity,
time, and volume guidance,
misinformation (e.g., medical
clearance overemphasis for
preparticipation screening),
inconsistencies in the
terminology used for exercise
professionals, liability
concerns leading to bias
toward safety, and
discrimination against
age-based and disabled
populations

Zhu et al.,
2024 [51]

China and USA

Qualitative
assessments, with
case studies—two
cases (a case from

the ACSM
Guidelines and a
fictional case)

Patients undergoing
post-stent cardiac
rehabilitation (a
60-year-old woman)
and with Parkinson’s
disease

ChatGPT-4.0 vs.
ACSM guidelines

Medical clearance for
a professionally led
walking program
and an aerobic and
strength training
program

Adherence to the
FITT-VP principles,
alignment with
ACSM guidelines

ChatGPT aligned with ACSM
guidelines and provided
additional context (e.g.,
balance, safety, and
motivation)
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Table 3. Critical appraisal of the studies included in the present systematic review.
. Timing Transparency  Range of Topic Selection Interrater Number
Study o Model - Evaluation o of Data Tested (Randomized/  Reliability/ of gPrompt gzgfft“
P PP Testing Source Topics Systematic) Reliability Queries P ty y
Dergaa
etal., )4 X Medium
2024 [43]
Diiking
ctal, High
2024 [44]
Erol and
Arikan, X X X X X Low
2024 [45]
Havers
tal, Figh
2025 [46]
%;%aﬁg? X X x x Medium
Philuek
etal, X X X x X Low
2025 [47]
Washif
etal., x x Medium
2024 [48]
asta: b4 % % % b4 Low
Zaleski
etal, X High
2024 [50]
Zhu
etal, X X X X X X Low
2024 [51]

4. Discussion

According to the studies included in the present systematic literature review, Al-
generated exercise prescriptions show promise but remain limited by a lack of real-time
adaptability, individualization, and direct user feedback. While GPT-4 demonstrated
notable improvements over earlier models and competing Al systems, Al-generated pro-
grams still require expert modifications to align with best practices. Although Al-driven
approaches offer an innovative complement to exercise planning, their effectiveness in real-
world settings will depend on future advancements in adaptive capabilities and integration
with human expertise.

4.1. The Role of Generative Al in Personalized Exercise Programs for Health and Disease

Dergaa et al. [43], Philuek et al. [47], Xu et al. [49], Zaleski et al. [50], and Zhu et al. [51]
collectively provide a nuanced evaluation of Al models’ capabilities in exercise prescription
across different methodologies, populations, and healthcare frameworks. While each study
approached the evaluation from distinct perspectives, common themes emerged regard-
ing Al models’ strengths and limitations. One recurring observation across all studies is
Al models’ strong emphasis on safety and general adherence to established guidelines.
Dergaa et al. [43] found that GPT-4 produced safe but generic exercise programs, with
insufficient progression and condition-specific tailoring. This aligns with Zaleski et al. [50],
who reported that ChatGPT-3.5 frequently prioritized liability concerns over individualized
exercise prescriptions, particularly for vulnerable populations such as older adults and
those with chronic diseases. Similarly, Xu et al. [49] noted that GPT-4 performed well in
accuracy and comprehensiveness when prescribing exercise for hypertensive patients with
comorbidities but lagged behind IHPS in applicability and scenario-specific consistency.
At the same time, the studies differ in how they assess GPT-4’s adaptability to existing
guidelines. While Dergaa et al. [43] and Zaleski et al. [50] highlight gaps in specificity and
individualization, Zhu et al. [51] provide a more optimistic outlook, noting that GPT-4
generally aligns well with ACSM guidelines for cardiac rehabilitation and Parkinson’s
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disease management. However, Zhu et al. [51] also emphasize that Al-generated recom-
mendations remain complementary rather than standalone, requiring clinical interpretation
and integration by healthcare professionals. This point resonates with Xu et al. [49], who
suggest that GPT-4 is most effective when used in conjunction with expert judgment rather
than as a replacement for human decision-making.

Philuek et al.’s RCT [47] contributes to this discussion, showing that the ChatGPT
group demonstrated significant improvements in BMI, heart rate after standing and knee
lifting, and sit-and-stand performance, and suggesting that Al-generated exercise programs
can drive meaningful physiological benefits in young adults.

A critical difference across studies lies in how Al models’ limitations manifest depend-
ing on the evaluation framework. Dergaa et al. [43] and Zaleski et al. [50] underscore Al
models’ conservative approach, often erring on the side of safety at the cost of person-
alization and progression. Zaleski et al. [50] also highlight potential biases, particularly
regarding age and disability, where ChatGPT-3.5’s cautious recommendations may in-
advertently reinforce disparities. In contrast, Xu et al. [49] provide a more comparative
lens, demonstrating that while GPT-4 is effective in accuracy and comprehensiveness, it is
less reliable in practical implementation compared to specialized systems like IHPS. The
findings from Philuek et al. [47] provide additional evidence supporting GPT-4’s ability to
generate structured exercise programs that lead to tangible physiological improvements,
although the small sample size limits the generalizability of the findings.

Taken together, these studies indicate that while AI models are valuable tools for
generating exercise recommendations based on established guidelines, their outputs re-
quire further refinement to enhance specificity, progression, and real-world applicability.
The findings emphasize the importance of human oversight in exercise prescription, par-
ticularly in addressing individual needs, mitigating biases, and ensuring that Al-driven
recommendations are effectively integrated into clinical practice.

4.2. The Role of Generative Al in Personalized Exercise Programs for Athletes

Diiking et al. [44], Erol and Arikan [45], Havers et al. [46], Masagca [42], and Washif
et al. [48] collectively explore the capabilities and limitations of ChatGPT and other LLMs
in generating training programs across diverse contexts.

Despite differences in methodology, study design, and target populations, a common
theme emerges: while Al-generated programs can align with foundational training princi-
ples, they often lack the depth, specificity, and adaptability required for personalized and
high-performance training. A key insight from Diiking et al. [44] is that the granularity of
user input significantly influences the quality of ChatGPT-generated training plans. Their
study demonstrated that a six-week running program improved in quality when detailed
user-specific data were provided. However, even the most refined Al-generated plans had
critical gaps, particularly in health screening, training frequency progression, psychological
skills training, and skill acquisition. This finding aligns with Erol and Arikan [45], who
assessed ChatGPT’s accuracy in answering questions about core exercises. They found that
while ChatGPT excelled in general knowledge responses, it struggled with individualized
recommendations and contraindications—reinforcing Diiking et al. [44]’s conclusion that
Al-generated outputs lack sufficient customization and real-time adaptability. Masagca [42]
took this inquiry a step further by conducting a quasi-experimental study to compare
Al-generated and human-designed calisthenics training programs. While the Al-generated
program improved flexibility and upper extremity endurance in male participants, it was
notably less effective than the human-made program in enhancing cardiovascular en-
durance and lower extremity strength. Female participants in the Al-generated group
showed no significant improvements at all. These findings suggest that, while Al can assist
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in exercise programming, its efficacy varies across populations and fitness components—a
limitation also noted by Diiking et al. [44], whose study revealed ChatGPT’s shortcomings
in monitoring contextual factors such as environmental conditions and individual load
responses. Beyond individual studies, comparative analyses of different LLMs provide
additional context. Washif et al. [48] highlighted GPT-4’s superiority over GPT-3.5 in de-
signing resistance training programs, particularly in implementing advanced programming
concepts such as block periodization. However, GPT-4 still fell short in accommodating
real-time adaptability, sex-specific considerations, and emerging methodologies like blood
flow restriction training.

Havers et al. [46] further explored LLM-based resistance training plans, comparing
GPT-4 with Google Gemini. Their findings revealed significant variability in output quality,
with GPT-4 producing more structured and evidence-based programs, especially when
given detailed input. Google Gemini, in contrast, struggled to generate coherent hyper-
trophy training plans when minimal input was provided, emphasizing the importance of
prompt specificity. Both studies highlight a broader issue: while Al can assist in structured
programming, reproducibility, and consistency remain challenges, as identical prompts
sometimes yield different outputs.

Taken together, these studies paint a nuanced picture of Al’s role in exercise program-
ming. While LLMs like GPT-4 can generate structured plans based on established principles,
their effectiveness is highly dependent on input granularity. These systems heavily depend
on the development of robust methods and precisely engineered prompts, which play a
crucial role in enhancing accuracy, ensuring safety, and aligning Al-generated recommen-
dations with real-world physiological and biomechanical principles. The optimal design,
structure, and contextual adaptation of prompts— including how variations in wording,
specificity, and data integration influence the quality, relevance, and personalization of
Al-generated exercise and training prescriptions—are essential for ensuring reliability and
reproducibility [52,53].

Additionally, Al-generated programs often lack essential elements such as individ-
ualized health screening, real-time adaptability, and nuanced periodization strategies.
Comparative studies further underscore that while GPT-4 currently leads in generating
structured programs, variability and consistency issues remain prevalent across LLMs.

Moreover, the capability of these systems to effectively integrate multidisciplinary
data, adapt to users’ dynamic needs, and complement human expertise requires further
investigation [54-56]. Furthermore, while Al excels in creating baseline programs and
prioritizing general safety, it often lacks the nuanced adaptability required to meet the
complex and evolving needs of advanced athletes. For this population, exercise and
training prescriptions must account for highly individualized and progressive adapta-
tions in training load, intensity, and periodization [57-60], as well as the integration of
multidisciplinary factors such as nutrition, recovery strategies, mental health, and injury
prevention [61,62]. Current Al systems are also limited in their ability to provide real-time
feedback or to incorporate contextual factors, such as environmental conditions or acute
physiological responses, which are critical for optimizing outcomes in elite or specialized
training contexts [63,64]. For instance, Rocha-Silva et al. [64] evaluated the accuracy of
information provided by ChatGPT (versions 3.5 and 4o) regarding the role of lactate in fa-
tigue and muscle pain during physical exercise. Both versions incorrectly attributed fatigue
to glycogen depletion and lactic acid accumulation, while linking pain to inflammation
and microtrauma. Further interactions with ChatGPT, including user feedback and refined
prompts, led to more accurate responses that debunked the misconception of lactate as the
primary cause of fatigue.
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These limitations underscore the need for human oversight to ensure that Al-generated
programs align with the specific demands of advanced users and high-performance scenar-
ios [65], suggesting that Al-generated exercise prescriptions should be viewed as comple-
mentary tools rather than substitutes for expert-designed training regimens.

4.3. Future Directions

The findings of the studies included in this systematic review are limited by the small
sample sizes in many studies—often with few or no real participants—which restricts the
generalizability of the results.

To advance the role of generative Al in exercise prescription, future research must
explore larger, more diverse populations, incorporating real-world data to validate Al-
generated exercise recommendations. Further, it should prioritize several key areas. First, it
should explore the integration of real-time adaptability mechanisms, which is essential for
improving the specificity and progression of Al-generated recommendations. This could
involve the use of cutting-edge techniques such as reinforcement learning or hybrid models
that combine generative Al with sensor-driven data from wearable devices, enabling contin-
uous monitoring and adaptation based on an individual’s performance and physiological
responses [54-56,63,64]. By leveraging real-time biometrics, such as heart rate variability,
muscle fatigue markers, and motion analysis, Al models can dynamically adjust exercise
intensity, duration, and recovery periods to optimize training effectiveness while minimiz-
ing injury risks. Additionally, these adaptive systems can personalize recommendations
based on an individual’s unique physiological traits, ensuring that exercise programs are
not only inclusive but also tailored to the specific needs of diverse populations, including
female athletes and individuals with disabilities.

This can be achieved by incorporating advancements in exercise science, including
novel training methodologies and population-specific adaptations. This necessitates collab-
oration between Al developers and domain experts to ensure that emerging evidence is
seamlessly integrated into the Al's knowledge base [66]. Additionally, efforts to minimize
biases and enhance inclusivity must be central to the development process. This includes
addressing age, gender, and disability-related disparities in Al recommendations and ensur-
ing that these systems are equitable and accessible to all [67]. Only a few studies explored
these aspects, including sex-specific differences in Al-generated exercise prescriptions.
For instance, the study by Masagca [42] revealed that Al-generated calisthenics training
programs had a differential impact on male and female participants, with significantly
better improvements observed in males for flexibility and muscular endurance compared
to females. This suggests that current generative Al systems may not adequately incor-
porate sex-specific physiological and biomechanical differences when designing exercise
regimens. Several factors could contribute to this limitation. Al models trained on general
fitness datasets may underrepresent sex-based variations in metabolic responses, muscle
composition, hormonal influences on recovery, and biomechanical differences affecting
exercise execution. The absence of such considerations could lead to suboptimal or even
counterproductive recommendations for female athletes and recreational exercisers.

Moreover, the ethical and regulatory landscape surrounding Al in exercise prescrip-
tion and healthcare requires significant attention [67]. Establishing robust frameworks
for data privacy, accountability, and liability is critical to building trust among users and
stakeholders. Given that Al-driven exercise recommendations rely on vast amounts of
personal health data, ensuring compliance with global data protection laws such as GDPR
and HIPAA is paramount. This includes implementing stringent encryption protocols, se-
cure data-sharing agreements, and transparent consent mechanisms to protect user privacy.
Additionally, clear guidelines must be developed to define the scope of Al's responsibility
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versus human oversight in exercise prescription, ensuring that healthcare providers and
fitness professionals retain decision-making authority while benefiting from Al-driven
insights. Liability concerns also need to be addressed, particularly in cases where Al-
generated recommendations lead to adverse effects or injuries. Regulatory bodies should
work alongside Al developers and medical professionals to establish standardized risk as-
sessment protocols and ethical guidelines, ensuring that Al-enhanced exercise plans are not
only effective but also safe, equitable, and unbiased. Furthermore, ongoing monitoring and
validation of Al models should be mandated to prevent algorithmic drift and ensure that
recommendations remain aligned with the latest scientific evidence. Public transparency
initiatives, such as Al explainability features, can further enhance trust by allowing users
to understand the rationale behind Al-generated exercise plans, fostering greater adoption
and confidence in these technologies.

Furthermore, interdisciplinary efforts should focus on designing Al systems that
complement, rather than replace, human expertise, and longer-term experimental studies
are needed to assess whether Al-driven programs can evolve to match the efficacy of
human-designed training over extended periods. In this regard, rigorous validation studies
comparing Al-generated recommendations with human expertise and patient outcomes
are necessary to substantiate the clinical and practical utility of these tools. In addition
to these comparative studies, generative Al itself could be leveraged as a validation tool
by assessing proposed exercise plans against the latest scientific criteria and evidence-
based guidelines. By analyzing vast repositories of sports science literature, clinical exercise
recommendations, and biomechanical data, generative Al can provide real-time evaluations
of exercise regimens, highlighting potential discrepancies, missing elements, or biases in the
plan. This approach would not only enhance the reliability of Al-generated prescriptions
but also support fitness professionals and clinicians in refining exercise interventions to
align with the most current best practices.

Thus, generative Al has the potential to function as a collaborative tool, supporting
sports scientists, physiotherapists, and exercise physiologists by automating routine tasks,
synthesizing complex datasets, and enhancing decision-making processes. However, this
requires a clear delineation of roles, ensuring that Al systems are deployed as part of an
integrated, human-centered approach to exercise prescription.

5. Conclusions

Generative Al represents a promising frontier in the fields of exercise prescription,
sports science, and public health, offering unprecedented opportunities to enhance the
precision, scalability, and accessibility of individualized exercise guidance.

The present systematic literature review underscores the potential of generative Al
systems like GPT-4 to adhere to established frameworks and principles while identifying
key limitations that currently hinder their broader applicability. The lack of specificity,
progression, and real-time adaptability, along with biases in addressing diverse populations,
highlights the need for ongoing refinement and multidisciplinary collaboration.

While generative Al tools are unlikely to replace human expertise, they hold immense
potential as complementary systems capable of democratizing access to high-quality ex-
ercise guidance. By addressing the technical, ethical, and practical challenges identified
in this study, future developments could pave the way for Al-driven solutions that not
only meet the needs of elite athletes but also promote health and well-being across diverse
populations. In doing so, generative Al has the potential to revolutionize exercise pre-
scription, bridging the gap between evidence-based guidelines and personalized care in an
increasingly digital healthcare landscape.
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