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ABSTRACT 

Artificial intelligence (AI) is increasingly used in sports for movement analysis, performance monitoring, 

injury research, talent identification, officiating support, and fan services [23]. This review assesses how 

well the current evidence supports these claims and what uncertainties remain. The strongest evidence is 

with respect to specific measurement tasks. For instance, a validation study of markerless pose estimation in 

5 participants reported mean absolute joint angle errors of 9.7 ± 4.7 degrees for athletic movements and 9.0 

± 3.3 degrees for sports movements [1]. A separate study found that VAR improved decision accuracy from 

92.1% to 98.3% across 2,195 matches [2] (again, this refers to video-assisted refereeing, not AI). Prediction-

based applications are less settled. Talent-identification studies report ROC-AUC values from about 0.58 to 

0.96, but calibration is rarely reported, external validation is uncommon, and 59% of studies were judged at 

high risk of bias [3]. A return-to-sport review also found that most included studies were rated unclear or 

high risk in the analysis domain, primarily because external validation remained absent [4]. The data suggest 

that AI can serve as a measure or decision-support tool, provided it's validated for the specific application. 

There are no apparent broad predictive or clinical benefits. The next step is to validate this independently, 

report it properly, involve the practitioner, and set clear rules for using athlete data. This is a narrative 

review rather than a systematic review, and the sources we've used are not exhaustive. They should not be 

interpreted as a full representation of the literature that's available. 

Keywords: artificial intelligence; sports technology; performance analysis; athlete health; sports analytics; 

injury prediction; talent identification; data governance 

INTRODUCTION 

Artificial intelligence encompasses computational methods that perform tasks such as pattern recognition, 

prediction, and language processing. In sport, machine learning and computer vision analyse movement, 

classify events, and identify patterns in performance data [6], [7]. These applications sit alongside a wider 

set of technologies—including GPS units, accelerometers, video review, and motion-capture systems—that 

may support sport without themselves relying on AI. Keeping that distinction clear is essential when 

assessing what AI has actually demonstrated. 

Several team sports use these technologies. In one survey of practitioners, all 72 respondents supported 

using GPS in their sport, and 70.8% felt it was important to their success [8]. A separate practitioner 

interview study highlighted concerns about trust and whether wearable measures provide the information 

coaches require [9]. Adoption therefore demonstrates both need and operational feasibility, but does not 

necessarily mean the technology improves performance or reduces injury. 

This review examines which applications have the clearest evidence of practical value; where evidence is 

limited by sample size, representativeness, or study design; how well measurements and predictions 

generalise; and what privacy, fairness, cost, and access issues need to be addressed. It covers performance 
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analysis, training, injury prevention and rehabilitation, talent identification, officiating and fan services. It 

doesn't cover anti-doping analytics or esports performance. 

Review Approach and Evidence Base 

This is a narrative synthesis of the reviews, validation studies, practitioner surveys and legal analyses listed 

below. It is not the output of a systematic database search; we did not preregister a protocol, and we did not 

use formal screening or inclusion procedures. We selected these sources to exemplify key sport applications 

and issues in measurement validity, prediction, implementation, and governance.[38]. This is therefore not a 

comprehensive or replicable review, and the number of studies referenced in any given review should not be 

taken to indicate the number of studies that we have independently assessed. 

The evidence base is uneven. Soccer and basketball receive more attention than many other sports; 

prediction tasks dominate much of the literature; and reference datasets and consistent assessment measures 

remain limited [11], [12]. An earlier systematic review of AI for injury-risk assessment and performance 

prediction in team sports provides some background for this research area [13]. Measurement studies 

validate their results by comparison with a recognised reference method. Prediction studies use internal 

validation and various metrics but provide no evidence of calibration or any practical value. Practitioner 

surveys tell us how the tools are used and perceived but again provide no evidence of any causal effect. 

Legal analyses will invariably point to governance gaps but won't address those gaps with any data [5]. This 

review will highlight each type of evidence as we go. 

Applications 

Performance Analysis 

ML models have been used for match outcome prediction, performance assessment, playing style 

identification and player analysis. Tracking data can improve results beyond notational data alone, though 

combining data types doesn't always improve accuracy [11]. Computer vision can support event detection, 

video analysis, and automated highlight creation [16], [17]. These applications should be assessed against 

sport-specific benchmarks and relevant endpoints. However, metrics are not always consistent, and 

reference datasets are very limited, particularly for sports other than football [11], [12]. 

Training and Coaching 

GPS and accelerometers are fundamentally measurement technologies rather than AI systems [8]. In one 

practitioner survey, 87.5% of respondents reported using wearable data to inform their training prescription, 

and 50% reported using it to inform their competition decisions [8]. This shows that data is collected far 

more often than it is used to make decisions. There is clearly interest in automating both the technical and 

the tactical aspects of the process [19]. Reviews of the subject have identified data quality, explainability, 

and practitioner control as key issues that must be addressed for the technology to be implemented [18]. 

People using the data should not assume that AI-guided training improves outcomes. 

Injury Prevention and Rehabilitation 

Researchers have studied injury prediction extensively; however, reported performance metrics vary 

considerably. A systematic review reported results ranging from 52% accuracy and an AUC of 0.52 to an 

AUC of 0.87 and an F1-score of 85%. The review also assessed methodological quality as generally 

sufficient but with room for improvement [20]. Different injury definitions, prediction windows, samples, 

and validation methodologies mean direct comparison is not possible. The reviews identify external validity, 

reproducibility and adoption into care pathways as key priorities [21]. Return to sport models are of little 

value unless they have been externally validated in an independent cohort; to date, no study has done this 

[4]. They should remain in the research or decision support space until prospective validation demonstrates 

value in a specific clinical or sporting context. 
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Talent Identification and Scouting 

Researchers have proposed using machine learning to combine physical, technical, perceptual-cognitive, 

psychological, and environmental information for youth talent identification. A systematic review of 27 

studies found that soccer was the most common sport, samples ranged from 21 to 13,876 athletes, and 

participants were predominantly male. Reported discrimination varied considerably (ROC-AUC ~0.58 to 

0.96) [3]. Calibration was rarely reported, external validation was infrequent, and 59% of studies were 

considered at high risk of bias [3]. These constraints mean a model's ability to rank or classify cannot be 

taken as proof that it fairly and accurately identifies long-term potential across clubs, sports, age groups, and 

demographic groups. Current evidence suggests these systems can be used as supplementary screening and 

decision-support tools, with human review and monitoring of error rates for disparities. It does not support 

using such systems to replace scouts or coaches. 

Officiating and Decision Support 

The most significant quantified operational outcome in the review is with VAR. In 2,195 competitive 

matches across 13 countries, decision accuracy on potentially match-changing incidents increased from 

92.1% to 98.3% after VAR was introduced [2]. The median check time was 22 seconds, median on-field 

review time 62 seconds, and median VAR-only review time 15 seconds [2]. VAR is a human-based video 

review process and should not be described as AI evidence unless the AI element under assessment is 

specifically identified. 

Researchers are also exploring computer vision systems for automated offside detection. The referenced 

YOLOv8 paper evaluates a prototype on 400 annotated instances and claims 83.0% overall accuracy on 240 

test instances [22]. That doesn't mean the prototype's performance or specifications are acceptable for a 

deployed professional semi-auto offside system. Any claims about the deployed system, the camera setup, or 

the accuracy threshold need support from a separate, clearly identified source. More generally, the referee's 

role, rule interpretation, liability, and review time all affect the system's practical performance [26]. 

Fan Engagement and Sports Management 

Fan-facing applications include chatbots, virtual assistants, ticketing support, and AI-assisted video content 

[16],[17]. These could improve access to information or content delivery, but the cited literature is 

predominantly descriptive and from an industry perspective. Independent evaluation would be required to 

assess actual user outcomes in terms of accessibility, reliability and personal data. It would be wrong to 

make broad claims about the fan experience being improved. 

Potential Benefits and Current Evidence 

The key technical advantage is that it makes movement measurement far more accessible. A markerless pose 

estimation validation study reported joint angle errors for both athletic and sporting movements [1]. A 

separate multi-camera study found that most mean absolute errors were under 30mm and noted that 

erroneous tracking would need correction [24]. So markerless methods could be a useful alternative when 

marker-based capture isn't feasible. However, they don't show that accuracy is the same across movements, 

camera configurations, athletes, or decisions. Accuracy has to be judged in the context of the specific 

application. 

Decision support can help practitioners or officials review complex events, though its benefit depends 

heavily on the system and context. VAR's measured improvement in accuracy is relevant as evidence of the 

value of video review [2]; it is not evidence that AI in general improves officiating.  

Wearable data can support load management, and AI models can help structure risk information [8], [14]. 

Still, practitioner adoption and model results are not sufficient to show that the models actually prevent 

injury. Smart textiles and VR are both areas with potential, but issues around comfort, durability, cost and 

the transfer from the simulated to the real world all require further work [25], [31]. 
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Challenges and Limitations 

Data Privacy and Governance 

Athlete data is fundamentally biometric, health, movement and performance data. The issue of who owns 

and controls that data is very much a matter of variation, particularly in terms of the movement of data 

between teams, technology providers, leagues and the various analytics providers [5]. Secure handling 

guidance in itself will not deal with the issues of ownership, access, reuse, retention or benefit sharing. In 

elite sport, formal consent may not give athletes a genuinely voluntary choice where there is an imbalance of 

power between the athlete and the organisation [5]. A survey of professional footballers found concern about 

the potential misuse of biometric data. However, one must interpret those findings cautiously given the 

sample and study design [27]. Governance needs to address access, correction, deletion, retention, secondary 

use, security and independent oversight. 

Bias and Fairness 

The results models produce depend on the data's demographics and how success is defined. Most talent-

identification research focuses on male participants and covers only a small selection of sports [3]. Broader 

reviews also show that interpretability has not been studied much [15]. Labels from past selection processes 

may reflect current practices. As a result, models trained on these labels might continue those same 

practices. This risk should be tested with data, not assumed based on findings from the cited studies. 

Evaluations should show how models perform across demographic groups and identify who benefits and 

who is left out. 

Reliability, Validation, and Transparency 

The measured results will depend on camera position, occlusion, movement type, and the reference method. 

Marker-based motion capture is itself subject to experimental error and is therefore not a perfect ground 

truth [28]. In one study of sports collisions, pose estimation errors varied widely by joint and by observation, 

with some errors exceeding 50mm [29]. Prediction models also face several issues. Internal validation can 

be misleading with small samples and/or data leakage, and external validation is rare [3], [4], [15]. Reports 

should include calibration, uncertainty, class balance, subgroup results and the impact of false positives and 

false negatives rather than just the headline accuracy or AUC. 

Cost, Access, and Implementation 

Integrated technology can be expensive and difficult to scale - particularly if it requires equipment, 

infrastructure, maintenance and specialist staff [37]. GPS tracking can lose accuracy in urban environments - 

that GPS-specific limitation should not be generalised to all sensors or all indoor environments [37].  

Indoor tracking systems require validation under the conditions of the sport and venue in which they will be 

used. Field studies have often involved small samples and elite adult male athletes [30],[33]. Research 

concentrated in a few sports may leave other sports and competition levels with systems that have not been 

validated for their needs [34]. Any assessment of practical value should include access, maintenance, staff 

training, interoperability, and infrastructure. 

Human Judgment and Athlete Experience 

Continuous monitoring can support training while increasing surveillance and reducing the athlete's control 

over their personal data [5]. Practitioners have expressed distrust in some wearable outputs and reported a 

disconnect between the measures available and the information they actually require [9].  

Human monitoring is therefore not an option; athletes and practitioners need to interrogate, contextualise, 

and meaningfully override the outputs, and responsibility for any resulting decisions must be clearly 

assigned. 
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Priorities for Future Research and Governance 

First, they need to be tested in independent multicentre groups that are representative of the sport, the people 

and the situations in which they will be used [4], [21]. Second, the reports should contain information on 

calibration, uncertainty, performance in subgroups, data leakage controls, decision-focused measures and 

discrimination [3], [15]. Third, they should be compared with current practice. Measure the model's impact 

on outcomes, workload, cost, and decision quality. Fourth, the system should be co-designed with athletes, 

coaches, clinicians and officials, and there should be clear criteria as to when human review of the output is 

required [35]. 

Research should also examine technologies in underrepresented sports and populations, publish reproducible 

methods and benchmarks where possible (while respecting privacy), and independently verify any 

commercial claims. For wearables and smart textiles, research should report on durability, comfort, 

washability, energy consumption, and life cycle cost [31]. VR research should assess transfer to real-world 

performance rather than just improvement within the VR environment itself [32]. A governance framework 

is needed to define the rights and boundaries of data collection, access, retention, secondary use, and 

sharing, with independent oversight and genuine athlete involvement [5]. 

DISCUSSION 

Of the applications looked at, measurement has by far the strongest validation evidence; the prediction-

based claims are less well supported. The pose estimation studies report error figures, though accuracy 

depends heavily on movement and setup [1], [24], [29]. The VAR provides objective evidence of video-

assisted decision review [2]. VAR is a separate technology and doesn't validate AI systems. The YOLOv8 

offside study remains at the prototype stage and should be described as such [22]. 

Prediction results need to be treated with caution. Talent identification metrics vary widely; external 

validation and calibration are rare, and evidence is uneven across demographics [3]. The injury and return to 

sport literature is similarly plagued by methodological heterogeneity and a lack of external validation [4], 

[10], [15]. The lack of external validation and variability in metrics mean the accuracy figures cannot be 

taken as evidence of either clinical utility or fair selection. The real issue is not simply whether the model 

predicts an outcome, but whether using the model in a decision improves that decision without creating 

unacceptable harm. 

This review has several important limitations. Because this narrative synthesis lacks a documented 

systematic search, it may omit relevant studies and cannot claim comprehensive coverage. Most of the 

existing literature focuses on only a few sports [3], and the evidence comes from validation studies, 

practitioner surveys, narrative reviews, and legal analysis. Consequently, the conclusions should be seen as 

an evidence-informed assessment of the sources considered rather than a formal ranking of all available 

systems. 

CONCLUSION 

AI is used in sport in many areas, but the evidence suggests it is not fundamentally transforming sport. 

Markerless movement analysis and related measurement tools have proven useful in specific applications 

[36]. VAR has been shown to improve the accuracy of officiating decisions in the matches studied [2] 

(again, this result is specific to VAR rather than AI in general). Injury prediction and talent identification 

models are still hampered by inconsistent methodology, limited external validation, poor calibration, and 

uneven samples [4]. A model may perform well internally, but that does not guarantee real-world benefit. 

Future work should be prospective, independently validated, and reported clearly and relevantly, with direct 

comparisons to current practice and testing across a range of sports and groups. A clear governance 

framework should define the athlete's rights and set hard limits on using the data for any other purpose. Until 
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those measures are in place, AI should be used only for measurement and decision-making. Any predictive 

or evaluative use will require far stronger evidence and continued human oversight [3], [4]. 
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