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Abstract

Study aim: The aim of this research is to evaluate the expert-perceived quality of ChatGPT-generated training programmes for
kickboxing.
Material and methods: Three 8-week training programmes for beginner-level kickboxers were generated using prompts with
increasing levels of contextual detail. Eleven experienced kickboxing coaches evaluated the programmes using a structured question-
naire consisting of 12 items related to programme organization, sport-specific preparation, and practical applicability. Each item was
rated using a five-point Likert scale. Descriptive statistics were calculated, and differences between the programmes were analysed
using the Friedman test with post hoc Wilcoxon signed-rank comparisons. Internal consistency and inter-expert agreement were
assessed using Cronbach’s α and Kendall’s coefficient of concordance.
Results: The expert-perceived quality of the programmes improved with increasing prompt specificity. The mean composite expert
score increased from 1.33 ± 0.47 for Training Programme 1 (Basic prompt) to 2.25 ± 0.89 for Training Programme 3 (Detailed prompt).
Statistically significant differences were observed between all program. The largest improvements were observed in programme
organization, training progression, training diversity, and physical conditioning. Internal consistency was high across all evaluations
(Cronbach’s α = 0.85–0.92).
Conclusion: The findings indicate that the quality of AI-generated training programmes strongly depends on the specificity of the
prompts used to generate them. When detailed contextual information is provided, ChatGPT may serve as a supportive tool for
generating preliminary training structures. However, the generated programmes should be regarded as preliminary drafts requiring
expert review to ensure methodological accuracy, sport-specific relevance, and safe implementation in coaching practice.
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1. Introduction

In contemporary sport, technologies are playing an
increasingly significant role in athlete preparation,
training management, and physiological monitoring.
Digital technological solutions are continually trans-
forming approaches to training, recovery, and

performance assessment (Curby et al., 2023; Ráthonyi
et al., 2018). Such technologies range from sensor devices
and tracking systems to analytical platforms and virtual
simulators. These tools enable coaches and researchers to
exercise more precise control over training loads, indivi-
dualize preparation programmes, and make decisions
based on objective data. These developments facilitate a
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more objective and scientific approach, involving the use of
integrated digital ecosystems to support athletes throughout
all stages of preparation (Toto, 2025). In this context, the
coach acts not only as a physical training specialist but also
as a user of technological systems, necessitating a new level
of digital competence, data analytics knowledge, and under-
standing of the potential of contemporary technologies in
sport (Mănescu & Mănescu, 2025).

In recent years, artificial intelligence (AI) has been
rapidly advancing and finding applications across various
domains, including medicine, education, manufacturing,
and sport. Significant progress in machine learning, com-
puter vision, and natural language processing has created
new opportunities for analysing large datasets, predicting
outcomes, and generating personalized solutions (Bucea-
Manea-Țoniș et al., 2025). Within sports science, research
has been conducted to address a wide range of tasks using
AI (Muñoz-Macho et al., 2024), such as competition out-
come prediction, injury prevention algorithms, and mon-
itoring and controlling athlete training loads. Particular
attention has been given to computer vision technologies,
notably pose estimation techniques, for analysing the bio-
mechanics and technical execution of movements (Laty-
shev et al., 2024). These advancements open up promising
prospects for employing AI as a tool to enhance the effi-
ciency of athlete preparation systems.

A particularly important area of AI development is
large language models (LLMs), whose popularity has
grown rapidly in recent years. They have demonstrated
significant potential in text generation, providing consul-
tations, and automating routine tasks in scientific and edu-
cational contexts (Lai et al., 2025; Saraç et al., 2025). In the
field of sport, the use of LLMs remains in its early stages,
yet their adoption is rapidly emerging, with a growing
number of studies beginning to investigate their potential
applications. Researchers have investigated various uses
of LLMs in sport (An, 2025; Qiu, 2024; Ha et al. 2024) ana-
lysed the potential of ChatGPT in kinesiology, particularly
for designing training tasks and exercise scenarios; the
potential of LLMs has also been demonstrated for pre-
dicting tactical decisions in football and modelling team
strategic behaviour (Caron & Müller, 2023); additionally,
the use of LLMs for interpreting information in sports
medicine has been examined (Shan et al., 2025).

A particularly relevant application of LLMs lies in the
development of individualized training programmes for
both professional athletes and individuals engaging in
physical activity for health maintenance. Contemporary
research highlights the active integration of AI technolo-
gies in the design of such programmes. Specifically,
Düking et al. (2024) evaluated ChatGPT-generated training

plans for runners with varying levels of input detail;
Wachholz et al. (2025) investigated the level of trust in
AI-generated plans among recreational athletes and
assessed their quality as rated by experienced coaches;
Havers et al. (2025) analysed the quality and reproducibility
of strength-training programmes created by GPT-4 and
Google Gemini; while Puce et al. (2025), in a systematic
review, examined the use of LLM tools for developing
training and wellness recommendations and assessed their
effectiveness across different contexts. Furthermore, recent
studies emphasize the expanding capabilities of LLMs in pro-
viding personalized guidance on nutrition, recovery strate-
gies, and even in the development of educational projects
within sports science (Van Arum et al., 2025). Recent research
has also explored AI-powered digital coaching systems as
potential decision-support tools for coaches, further
expanding the practical applications of LLMs in sport (Genç
et al., 2025). Among all LLMs, ChatGPT stands out as the most
widely adopted and frequently utilized model in sports
science research. Nevertheless, questions regarding the relia-
bility, consistency, and quality of generated programmes –
particularly in specific sports disciplines – remain open and
warrant systematic scientific evaluation. Although previous
studies have evaluated AI-generated training programmes in
endurance and strength-related activities, little is known
about their applicability in combat sports. Kickboxing repre-
sents a particularly demanding context because training
programmes must integrate technical, tactical, physical, and
psychological components while ensuring appropriate pro-
gression and safety for novice athletes. Consequently, it
remains unclear whether current LLMs can generate
programmes that adequately reflect these sport-specific
requirements. Future research in this area will enable the
assessment of the practical potential of LLMs in physical
education and sport, as well as identify promising pathways
for their integration into the training process.

The aim of this research is to evaluate the expert-per-
ceived quality of ChatGPT-generated training programmes
for kickboxing. It was hypothesized that increasing the
specificity of prompts provided to ChatGPT would result
in higher-quality training programmes, as evaluated by
expert coaches.

2. Material and methods

2.1 Participants

A total of 11 expert coaches participated in the expert
evaluation. Each expert was required to have at least
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5 years of coaching experience in kickboxing and to have
trained a minimum of two qualified athletes in accordance
with the current national sport classification system cor-
responding to Level 3 (McKay et al., 2021). The partici-
pating expert coaches had a mean coaching experience
of 13.27 ± 6.48 years and a mean age of 40.18 ± 11.67 years
and were actively coaching athletes competing at regional
and national levels at the time of the study. All expert
coaches had practical experience in planning and imple-
menting annual training programmes for beginner and
competitive kickboxers. All experts voluntarily agreed to
participate in the study and provided written informed
consent prior to the evaluation. The study protocol was
approved by the institutional ethics committee of Depart-
ment of Combat Sports and Power Sports, National University
of Ukraine on Physical Education and Sport (Protocol No. 1,
August 28, 2025) and conducted in accordance with the prin-
ciples outlined in the Declaration of Helsinki.

2.2 Expert questionnaire

The questionnaire was adapted from previously published
evaluation frameworks used for assessing AI-generated
training programmes (Düking et al., 2024). Additional
adaptations were made to reflect the specific methodolo-
gical and technical characteristics of kickboxing training
(Toros, 2011). The selection and wording of the question-
naire items were informed by previous studies evaluating
ChatGPT-generated training programmes (Ayers et al.,
2023; Shan et al., 2025; Wachholz et al., 2025) and related
applications in medicine (Lukac et al., 2025).

The final questionnaire consisted of 12 items assessing
different aspects of training programme design. The items
were grouped into three major domains (Table 1): overall
structure and methodological principles of the training
program; combat sports specificity; and practicality and
applicability. Each item was rated using a five-point Likert
scale (1–5), where lower scores indicated poorer pro-
gramme quality and higher scores reflected better compli-
ance with methodological principles of training design.
The scale descriptors were as follows: 1 = very poor, 2 =

poor, 3 = acceptable, 4 = good, and 5 = excellent.

2.3 Training programme generation
procedure

To generate the training programmes using ChatGPT, the
basic preparation stage of athletes (first and second year
of training) was selected, as it represents a critical period

for developing fundamental motor skills and general phy-
sical fitness and provides a suitable context for evaluating
the quality of automatically generated training plans
(Bompa & Buzzichelli, 2019). The generated training pro-
grammes were designed within the context of WAKO
(World Association of Kickboxing Organizations) kick-
boxing rules and training principles. To consistently refine
the prompts and assess the impact of contextual detail on
the quality of generated programmes, three different text
instructions (prompts) were used. Each prompt included
progressively more detailed information regarding the
content, objectives, and structure of the training process.
This approach aligns with previous research emphasizing
the importance of prompt clarity when interacting with
LLMs to obtain more scientifically grounded outcomes
(Wachholz et al., 2025; Yang et al., 2025).

The following prompts were used:
1. Training programme 1 (TP1, Basic prompt): Create an 8-

week training programme for a group of beginner-level
kickboxing athletes.

2. Training programme 2 (TP2, Refined prompt): Create an
8-week training programme for a group of beginner-
level kickboxing athletes. Consider that the athletes
have no prior kickboxing experience (or up to 1 year)
but may have participated in other sports. The goal of
the programme is general physical development and
mastery of basic technical elements (stance, movement,
simple punches).

3. Training programme 3 (TP3, Detailed prompt): Create
an 8-week training programme for a group of beginner-
level kickboxing athletes. The athletes are 10–11 years
old, have no medical contraindications for sports parti-
cipation, have undergone a medical examination, and
are cleared for training. The group includes several
weight categories. The participants have no prior kick-
boxing experience (or up to 1 year) but may have back-
grounds in other sports, including combat disciplines.
The total duration of the programme is 8 weeks, with
the first week primarily focused on orientation and
adaptation. The main objectives of the programme
are general physical development, acquisition of funda-
mental technical elements (stance, footwork, straight
punches, and kicks), and improvement of motor coor-
dination. Training sessions should be conducted three
times per week with progressive load increases. The
programme should include a warm-up, main part,
and cool-down, as well as an alternation of general
and specific physical preparation, taking into account
safety requirements and the availability of basic equip-
ment (punching bag, pads, and elementary protec-
tive gear).
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The expert coaches were informed that all training
programmes had been generated using ChatGPT, as the
primary aim of the study was to evaluate the influence
of prompt specificity on AI-generated outputs. However,
the programmes were presented in a randomized order,
and the experts were not informed which programme
corresponded to each prompt or level of prompt
specificity.

Training programmes were generated using ChatGPT
(OpenAI, GPT-4o) through the publicly available free web
interface on November 14, 2025. The default system set-
tings were used throughout programme generation. No
additional plugins, external software tools, or custom
GPTs were employed. All training programmes were gen-
erated directly by the authors without assistance from
third-party software or external editing tools. The AI-gen-
erated training programmes were presented to the expert
coaches without any modification to their content,
ensuring that the evaluations reflected the original
ChatGPT outputs. No generative AI tools were used for
interpretation or data analysis; AI use was limited solely
to language editing support.

2.4 Statistical analysis

For each training program, descriptive statistics were cal-
culated, including the mean value, standard deviation

(SD), median, and interquartile range (IQR) for all evalua-
tion items on the Likert scale. Composite expert scores
were also calculated for each program, with the calcula-
tion of internal consistency and inter-rater reliability coef-
ficients. Cronbach’s α coefficient was used to assess the
internal consistency of the scale, while Kendall’s coeffi-
cient of concordance (W) was applied to determine the
level of inter-expert agreement. To examine differences
between the three training programmes, a Friedman test
for repeated measures was first applied. When significant
differences were detected, pairwise comparisons were
conducted using the Wilcoxon signed-rank test with
Bonferroni correction for multiple comparisons. All calcu-
lations and visualizations were conducted in Python (ver-
sion 3.10) using the pandas, numPy, sciPy, and matplotlib
libraries (Virtanen et al., 2020).

3. Results

The results of the expert evaluation of the three ChatGPT-
generated training programmes are presented in Table 2.
Descriptive statistics summarize experts’ ratings across 12
key constructs reflecting programme quality, structure,
and applicability.

The overall expert rating increased progressively
across the programmes. The mean composite score
increased from 1.33 ± 0.47 for TP1 to 1.78 ± 0.69 for TP2

Table 1. Proposed questionnaire items and key constructs for training programme evaluation

Aspect Questionnaire items Key construct

Overall structure and methodological

principles

Rate the overall structure of the program Program

Rate the progression of intensity and/or volume Progression

Evaluate the extent to which the programme considers athletes’ preparedness Individualization

Assess the inclusion of different preparation components (technical, physical,

tactical, etc.)

Diversity

Rate the integration of injury prevention, rest, and recovery measures Safety

Combat sports specificity Rate the exercises aimed at developing technical skills (strikes, stance, footwork) Technical

Evaluate the extent to which the programme develops tactical skills

(combinations, decision-making, strategy)

Tactical

Rate the coverage of main physical qualities (strength, endurance, speed, agility) Conditioning

Assess the inclusion of psychological skills development Psychological

Rate the systematic use of partner work (sparring, pair drills) Sparring

Practicality and applicability Rate the feasibility of implementation under typical training conditions (gym,

equipment, time)

Feasibility

Evaluate the suitability of the programme for beginners in group training Novices

Source: Authors’ contribution.
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and 2.25 ± 0.89 for TP3. Median values also increased from
1 (1–2) for TP1 to 2 (1–2) for TP2 and 2 (2–3) for TP3.

Across individual constructs, TP3 received higher rat-
ings than TP1 for programme organization (2.82 and 1.36
points, respectively), training progression (3.00 and 1.27
points), training diversity (2.82 and 1.45 points), and phy-
sical conditioning (2.64 and 1.64 points). Smaller differ-
ences between the programmes were observed for safety
and recovery, psychological preparation, and tactical pre-
paration. In two constructs, technical preparation and
applicability for novices, TP2 received slightly higher rat-
ings than TP3.

The internal consistency of the expert ratings was high
for all programme evaluations. Cronbach’s α coefficients

were 0.92 for TP1, 0.88 for TP2, and 0.85 for TP3. Inter-
expert agreement assessed using Kendall’s coefficient of
concordance was 0.19 (p < 0.05) for TP1, 0.32 (p < 0.01) for
TP2, and 0.48 (p < 0.01) for TP3.

The distribution of composite expert ratings for each
programme is presented in Figure 1. The boxplots illustrate
a progressive shift toward higher ratings from TP1 to TP3.

The Friedman test indicated statistically significant dif-
ferences between the three programmes (χ2 = 18.74, p <

0.01). Pairwise comparisons using the Wilcoxon signed-
rank test with Bonferroni adjustment showed that TP2
received higher ratings than TP1 (p < 0.01), TP3 received
higher ratings than TP2 (p < 0.01), and TP3 also received
higher ratings than TP1 (p < 0.01).

Table 2. Comparative descriptive statistics of expert assessments for each training program

Key construct TP1, basic prompt TP2, refined prompt TP3, detailed prompt

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

Programme 1.36 ± 0.50 1 (1–2) 1.91 ± 0.70 2 (2–2) 2.82 ± 0.75 3 (2–3)

Progression 1.27 ± 0.47 1 (1–2) 1.82 ± 0.75 2 (1–2) 3.00 ± 0.77 3 (2–4)

Individualization 1.18 ± 0.40 1 (1–1) 1.55 ± 0.69 1 (1–2) 2.09 ± 0.94 2 (2–2)

Diversity 1.45 ± 0.52 1 (1–2) 1.91 ± 0.70 2 (2–2) 2.82 ± 0.75 3 (2–3)

Safety 1.18 ± 0.40 1 (1–1) 1.36 ± .050 1 (1–2) 1.64 ± 0.67 2 (1–2)

Technical 1.36 ± 0.50 1 (1–2) 2.45 ± 0.52 2 (2–3) 2.00 ± 0.77 2 (2–2)

Tactical 1.18 ± 0.40 1 (1–1) 1.64 ± 0.67 2 (1–2) 1.73 ± 0.65 2 (1–2)

Conditioning 1.64 ± 0.50 2 (1–2) 2.00 ± 0.77 2 (2–2) 2.64 ± 0.92 3 (2–3)

Psychological 1.18 ± 0.40 1 (1–1) 1.45 ± 0.52 1 (1–2) 1.73 ± 0.65 2 (1–2)

Sparring 1.18 ± 0.40 1 (1–1) 1.45 ± 0.52 1 (1–2) 1.91 ± 0.70 2 (2–2)

Feasibility 1.55 ± 0.52 2 (1–2) 1.64 ± 0.50 2 (1–2) 2.82 ± 0.75 3 (2–3)

Novices 1.36 ± 0.50 1 (1–2) 2.18 ± 0.75 2 (2–3) 1.82 ± 0.75 2 (1–2)

Overall expert rating 1.33 ± .47 1 (1–2) 1.78 ± 0.69 2 (1–2) 2.25 ± 0.89 2 (2–3)

Source: Authors’ contribution.

Figure 1. Boxplot of composite expert ratings for each training program
Source: Authors’ contribution.
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4. Discussion

In contemporary sports settings, the application of AI is
becoming increasingly widespread, offering new opportu-
nities for the planning of training programmes and the
optimization of athlete preparation. Tools based on
LLMs, such as ChatGPT, enable coaches and athletes to
rapidly generate structured training programmes that
adhere to specific criteria for intensity, progression, and
sport-specific requirements. However, the effectiveness of
these programmes largely depends on the quality of input
data and the clarity of instructions provided to the AI
(Caron & Müller, 2023; An, 2025).

In the present study, ChatGPT was employed to create
three distinct athlete training programmes (TP1–TP3),
which were subsequently evaluated by a panel of experts
across 12 key components. The analysis revealed variable
quality among the generated programmes. Cronbach’s α
values ranged from 0.85 to 0.92, indicating high internal
consistency of the ratings. Meanwhile, Kendall’s W varied
from 0.19 (p < 0.05) for TP1 to 0.48 (p < 0.01) for TP3,
indicating differences in the level of inter-expert concor-
dance. Although Kendall’s W increased progressively
across the three programmes, the observed coefficients
indicate only weak to moderate agreement among experts.
Therefore, despite statistically significant differences
between the programmes, the findings should be inter-
preted with appropriate caution, as expert consensus
remained limited. A similar trend was observed in the
study by Düking et al. (2024), where Fleiss’ Kappa values
for three comparable programmes were 0.43, 0.25, and
0.00 (all p < 0.01), supporting the general pattern of
decreasing agreement with increasing programme com-
plexity or ambiguity.

A detailed analysis of the programme components
highlights the blocks that received the highest ratings
from the experts: training process organization, training
progression and exercise diversity, safety, and physical
conditioning. In contrast, the components related to psy-
chological and tactical preparation, as well as applicability
for novices, demonstrated lower agreement in certain pro-
grammes, suggesting potential challenges in formulating
universal recommendations for these aspects (Ha et al.,
2024; Saraç et al., 2025; Toros, 2011).

Our findings further confirm that clear and detailed
instructions provided to ChatGPT significantly affect the
quality of the generated training programmes. Increasing
the level of prompt specificity enables the model to pro-
duce more structured and balanced programmes.
Specifically, the average quality ratings increased from
1.33 for the basic prompt (TP1) to 1.78 for the refined

prompt (TP2), and up to 2.25 for the detailed prompt
(TP3). This trend aligns with expert assessments reported
in other studies (Düking et al., 2024), emphasizing the
importance of precise prompt formulation to achieve
optimal quality of AI-generated content. These results
underscore the value of interactive human–AI collabora-
tion, where expert oversight ensures that the outputs meet
the actual needs of athletes. Nevertheless, despite the sta-
tistically significant improvement across TP1–TP3, the
absolute expert ratings remained relatively low, with the
highest-rated programme (TP3) achieving a mean score of
only 2.25 out of 5. Therefore, the observed improvements
should be interpreted as relative rather than indicating
that the generated programmes reached a level suitable
for direct implementation in coaching practice.

At the same time, the application of AI for generating
training programmes has certain limitations. The rela-
tively low to moderate Kendall’s coefficients observed in
the present study suggest that expert agreement remained
limited despite the improvement in programme quality.
Similar observations regarding variability in expert agree-
ment have been reported in previous studies evaluating
AI-generated training programmes (Düking et al., 2024).
Also, this observation is consistent with previous research,
which suggests that LLMs cannot always provide optimal
levels of detail and accuracy without supplementary input
data (Ayers et al., 2023; Shan et al., 2025). Therefore, AI
serves as an effective supportive tool but cannot fully
replace expert evaluation and supervision.

From a practical perspective, the present findings sug-
gest that increasing prompt specificity improves the struc-
ture and overall quality of AI-generated training pro-
grammes. However, all programmes required expert
refinement before practical application. Consequently,
ChatGPT-generated programmes should be regarded as
preliminary drafts that may support coaches during the
planning process rather than as ready-to-use training pro-
grammes. These results may be relevant across a wide
range of sports and support the development of hybrid
planning models that integrate AI with expert oversight
(Van Arum et al., 2025; Wachholz et al., 2025; Yang
et al., 2025).

An additional consideration concerns the level of trust
in such technologies. In the study byWachholz et al. (2025),
participants using AI-based tools exhibited higher levels of
trust in the technology (p < 0.05) compared with non-users,
highlighting the importance of coaches’ technological com-
petence. Overall, the study demonstrates the potential of
AI in sports training while simultaneously revealing its
limitations and the necessity for expert intervention to
ensure programme accuracy and effectiveness. Future
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research may focus on evaluating AI-generated training
programmes for athletes of varying skill levels, integrating
individual athlete data, testing programmes in real-world
training conditions, and comparing AI-generated pro-
grammes with recognized coaching frameworks (e.g.,
WAKO-based recommendations) to provide a more objec-
tive benchmark for their evaluation.

Several limitations of the present study should be
acknowledged. First, the number of expert coaches par-
ticipating in the evaluation was relatively small, which
may limit the generalizability of the findings. Second, the
assessment relied on subjective expert judgments rather
than objective measures of athlete performance.
Although the questionnaire was adapted from previously
published evaluation frameworks, the adapted version
was not subjected to a separate formal validation proce-
dure, which should be addressed in future research.
Third, the participating experts were aware that all eval-
uated training programmes had been generated by
ChatGPT. Although the programmes were presented in
a randomized order and their prompt origin was con-
cealed, prior attitudes toward AI-assisted coaching may
have influenced expert judgments, introducing potential
expectation bias. Furthermore, the relatively low to mod-
erate Kendall’s coefficients indicate that expert agree-
ment was not uniform across all programme evaluations
and should therefore be considered when interpreting
the findings. Finally, the AI-generated programmes
were not implemented or evaluated under real training
conditions; consequently, their practical effectiveness
and long-term impact on athlete development remain
uncertain. The study also focused exclusively on
beginner-level WAKO kickboxing athletes, which may
limit the generalizability of the findings to other combat
sports, rule sets, or athlete populations with different
levels of expertise.

5. Conclusion

The results of the study confirmed that the quality of
training programmes generated using ChatGPT largely
depends on the level of detail provided in the prompt.
Gradual refinement of the instructions led to an increase
in mean expert ratings from 1.33 ± 0.47 (TP1) to 2.25 ± 0.89
(TP3), indicating improvements in programme structure,
balance, and practical applicability. High levels of internal
consistency (Cronbach’s α = 0.85–0.92) support the relia-
bility of the ratings, whereas variations in inter-rater
agreement (Kendall’s W = 0.19–0.48) highlight subjective
differences in expert perception. Although more detailed

prompts improved the quality of the generated pro-
grammes, the expert ratings indicate that these pro-
grammes should be regarded as preliminary drafts rather
than training plans ready for direct implementation in
coaching practice. Therefore, ChatGPT may serve as a
supportive tool for generating initial training programme
concepts, while expert review and refinement remain
essential to ensure programme quality, safety, and
individualization.
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