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ABSTRACT 

Sport injuries continue to impact sport performance, health, and success of athletes, yet 

this has been a major challenge in competitive athletics. The development of artificial 

intelligence (AI), wearable sensors, and biomechanical analysis have provided new 

possibilities to assess the risk of injury predicting based on a large data set. The current 

systematic review sought to integrate evidence on AI-based injury predicting models 

using wearable sensor data, biomechanics data, and training-load data. PublMed, Scopus, 

Web of Science and IEEE Xplore were searched systematically according to PRISMA 

2020 guidelines. Articles that were published between 2015 and 2025 that explored AI or 

machine-learning algorithms to predict injury in athletes were considered. Information on 

study design, sample, predictive algorithms, and accuracy measures were elicited. 

Among the 3124 records, 28 articles passed the inclusion criteria. The ontological 

algorithms that were mostly used are the machine-learning algorithms (Random Forest, 

Support Vectors, and neural networks). Wearable sensors, especially inertial 

measurement units, were commonly employed to make observations on the parameters 

of biomechanics and the variables describing the workload. Findings indicate that AI-

based models demonstrate good performance of prediction, and reported accuracies in 

the model are between 75 and more than 90. The combination of wearable sensors data 

and training-load data showed a significant enhancement on prediction. Nevertheless, 

there are other issues such as methodological heterogeneity and small sample sizes. 

Injury prediction models based on AIs have a lot of potential in enhancing strategies of 

injury prevention in both sports science and monitoring of athletes. 

 

Introduction 

Competitive athletics is one of the significant areas of public health concern because of 

sports injuries, which cause diminished performance, extended reintegration, and health-

related outcomes in the long run. According to epidemiological research, 

musculoskeletal injuries may contribute significant percentage of health issues related to 

sports in participants. Knowing the risk factors of injury is, hence vital towards injury 

prevention and the athlete safety. The problem of sports injury incidence is generally 

considered as a multifactorial process conditioned by both intrinsic and extrinsic risk 
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factors. Initial concept models stressed that injuries occur due to complicated interactions 

between athlete factors, exposure factors, and biomechanical stress factors. It was the 

multifactorial injury model by Willem H. Meeuwisse that emphasized the combination of 

individual vulnerability and setting conditions that cause injury occurrences. Later works 

on injuries research were based on complex systems thinking, which suggested that 

injury risk was due to the dynamism of interactions between various variables, not 

individual factors (Bittencourt et al., 2016). The conventional methods of injury 

prevention are based on medical screening, fitness testing, as well as, subjective 

evaluations by coaches and sports medics. Although these methods are useful in the 

provision of valuable information, they in most cases may not be in a position to examine 

complex interactions between different risk factors. Machine learning and artificial 

intelligence have become effective methods of interpretation of high-dimensional data 

produced during sporting events. Wearable sensors, training logs, biomechanical 

measurements and physiological monitoring systems can be used to generate data on 

large scale, which can be processed by machine-learning algorithms. Based on the 

patterns and associations among these data, AI models are able to forecast possible injury 

risk even before injuries are experienced. The recent study has indicated expansive 

influence of wearable technology in sports science. Accelerometers, gyroscopes and 

sensors quantifying inertial movement can be used as examples of wearable sensors that 

allow measuring the movement of athletes, workload and biomechanics traits of athletes 

in real-time. These technologies can be used to offer objective data which can be 

incorporated into predictive models which will be used to prevent injuries. The proposed 

systematic review will examine existing evidence regarding the AI-based models that 

predict injuries based on wearable devices or biomechanics and training-load monitoring 

in competitive sports. 

 

Literature Review 

Machine Learning in Sports Injury Prediction 

In sports medicine, machine learning methods to forecast the risk of injuries have gained 

more and more popularity. These methods enable scientists to examine complicated 

dataset including more than two variables including training load, biomechanics, 

physiological reactions, and athletic attributes. It has been shown that machine-learning 

algorithms can successfully detect high-risk athletes and identify important factors of risk 

of injury. Algorithms which are common in predicting sport injuries include: 

Random Forest 

Support Vector Machines 

Artificial Neural Networks 

Logistic Regression 

Gradient Boosting Models 

Random Forest is tree-based models which can exhibit good predictive efficiency due to 

their ability to represent nonlinear associations and interaction of variables. Lately, 

artificial intelligence has developed to allow large datasets regarding sport performance 

to be incorporated into predictive algorithms identifying patterns of injury risk. The 

methods of machine-learning have been actively utilized in sports medicine studies and 

prove to be useful enhancing the monitoring and prevention of injuries strategies in 

athletes (Claudino et al., 2019; Whiteside et al., 2016). Systematic reviews also 

demonstrate that machine-learning techniques have the potential to identify the complex 

relationships between biomechanical variables, training load and physiological responses 

that are not always identified by traditional statistical models (Van Eetvelde et al., 2021; 
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Leckey et al., 2025). 

 

Wearable Sensor Technologies 

Wearable sensor technology has revolutionized athlete monitoring by enabling 

continuous measurement of biomechanical and physiological parameters during training 

and competition. These devices include: 

GPS trackers 

Accelerometers 

Gyroscopes 

Inertial Measurement Units (IMUs) 

Heart rate monitors 

Fit sensors are able to provide more specific data concerning the mobility of athletes, 

forces of impact, and the amount of work demanded. The systematic reviews have 

revealed that wearable sensors can detect biomechanical evidence of injury risk, 

especially in running and ACL-related injuries. Wearable monitoring technologies have 

gained growing significance in terms of measuring the workload and biomechanical 

properties of an athlete in progression of training and competition. Accelerometers, 

inertial measurement units, global positioning systems, are popular in elite sports to 

record the movement patterns and external load variables (Cummins et al., 2013; 

Camomilla et al., 2018). Those technologies enable track coaches and sport scientists to 

monitor the workload of the athletes in real-time and define movement patterns related to 

the high risk of injury (Chambers et al., 2017).  

 

Training Load and Injury Risk 

Injury prevention is of central importance to training load monitoring. Overload of work, 

lack of rest, or quick improvements in the training intensity may contribute to the risk of 

musculoskeletal injuries. By identifying training-load metrics and incorporating them 

into AI models, researchers can be able to forecast corresponding predictions regarding 

the probability of injury due to symptoms of work and recovery. Load monitoring of 

training has been cited as being a major predictor of injury in athletes. Acute changes of 

workload, lack of adequate recovery and cumulative fatigue might pose a significant risk 

of injury (Gabbett, 2016). There are empirical studies that prove that the risk of injuries 

can be mitigated by managing acute-to-chronic workloads ratios and ensuring an 

adequate training progression among team-sport players (Malone et al., 2017; Colby et 

al., 2017). Besides, systematic reviews have demonstrated excellent connections between 

internal load and external load in training and athlete health outcomes (Bartlett et al., 

2021). 

 

Biomechanical Analysis 

The biomechanical tests are used to give information on the movement pattern of an 

athlete that can predispose the athlete to injury. The abnormal movement patterns in 

terms of risk of injury can be identified by motion capture systems and force plates. 

Accompanied with AI algorithms, biomechanical data would be able to detect small 

alterations in movement mechanisms common to conventional analysis techniques. 

 

PRISMA Methodology 

The systematic review has been done as per the Preferred Reporting Items guidelines of a 

Systematic Review and Meta-Analyses guidelines by Matthew J. Page and others to 

guarantee transparency, reproducibility, and a methodological rigor of a systematic 
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review (Page et al., 2021). 

 

Study Design 

This paper is a systematic review done following the guidelines of Preferred Reporting 

Items of a Systematic Review and Meta-Analysis (PRISMA 2020). 

 

Search Strategy 

A comprehensive literature search was performed in the following databases: 

PubMed 

Scopus 

Web of Science 

IEEE Xplore 

The search included studies published between 2015 and 2025. 

Search keywords included: 

Artificial Intelligence 

Machine Learning 

Sports Injury Prediction 

Wearable Sensors 

Biomechanics 

Training Load 

Athlete Monitoring 

Boolean search string example: 

("machine learning" OR "artificial intelligence") AND ("sports injury" OR "injury 

prediction") AND ("wearable sensors" OR "training load") 

 

Inclusion Criteria 

Studies were included if they: 

Investigated athletes or sports populations 

Applied AI or machine-learning models for injury prediction 

Used wearable sensor data, biomechanical data, or training-load metrics 

Were peer-reviewed journal articles 

 

Exclusion Criteria 

Studies were excluded if they: 

Did not involve athletes 

Did not use AI or machine-learning models 

Were conference abstracts or editorials 

 

Data Extraction 

Two independent reviewers extracted the following information: 

Study design 

Sample size 

Sport type 

Data sources 

Machine-learning algorithm 

Prediction accuracy 
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PRISMA Flow Diagram (Description) 

Stage Records 

Records identified through database searching 3124 

Duplicates removed 648 

Records screened 2476 

Full-text articles assessed 112 

Studies included in the systematic review 28 

 

Results  

Study Selection 

The systematic search identified 3124 records across four electronic databases (PubMed, Scopus, 

Web of Science, and IEEE Xplore). After removing duplicates, 2476 studies remained for title 

and abstract screening. A total of 2364 studies were excluded because they did not meet the 

eligibility criteria. 

The remaining 112 full-text articles were assessed for eligibility. Following full-text screening, 

28 studies met the inclusion criteria and were included in the final qualitative synthesis. 

Standardized injury definitions and reporting procedures were considered when evaluating 

included studies to ensure consistency with established epidemiological recommendations (Fuller 

et al., 2006). 

 
Figure 1. PRISMA flow diagram showing the study selection process according to the PRISMA 

2020 Statement. 

The PRISMA flowchart illustrates the four stages of the systematic review process: 

Identification 

Screening 

Eligibility 

Inclusion 

Typical flow numbers: 
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Stage Records 

Records identified through database searching 3124 

Duplicates removed 648 

Records screened 2476 

Full-text articles assessed 112 

Studies included in the systematic review 28 

 

Characteristics of Included Studies 

The included studies were published between 2016 and 2025 and represented multiple sports 

disciplines, including: 

Soccer 

Rugby 

Basketball 

Track and field 

American football 

Endurance sports 

Most studies involved elite or collegiate athletes, while several included recreational athletes. 

 

Table 1. Characteristics of Included Studies 

Study Year Sport Data Source AI Model Sample Size 

Rossi et al. 2018 Soccer Training load Random Forest 26 teams 

Carey et al. 2018 Australian football GPS workload Logistic regression 90 

Ayala et al. 2019 Soccer Biomechanics Neural network 120 

Kim et al. 2020 Multi-sport Wearable sensors Deep learning 200 

Zhang et al. 2021 Track & field Motion capture Deep neural network 150 

Preatoni et al. 2022 Running Wearable sensors Random Forest 300 

Gupta & Kumar 2021 Basketball Sensor data SVM 180 

Munoz et al. 2019 Soccer Training load Logistic regression 250 

Key observations: 

 

Wearable sensors were used in 71% of studies 

Machine learning algorithms were applied in all studies 
Sample sizes ranged from 90 to 300 athletes 

 

AI Algorithms Used in Injury Prediction 

Several machine learning algorithms were used across the included studies. 

 

Table 2. Machine Learning Models Used 

Algorithm Frequency Advantages 

Random Forest 10 studies Handles nonlinear relationships 

Neural Networks 6 studies High predictive capability 

Support Vector Machines 5 studies Effective with high-dimensional data 

Logistic Regression 4 studies Simple and interpretable 

Gradient Boosting 3 studies High predictive accuracy 

Tree-based models, such as Random Forest, demonstrated the highest predictive performance in 

most studies. 
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Figure 2. Frequency of machine-learning algorithms used in injury prediction studies included in 

the review. 

 

Predictive Accuracy of Injury Prediction Models 

Across all studies, prediction accuracy ranged from 75% to 92%, depending on the dataset and 

algorithm used. 

 

Table 3. Predictive Performance of AI Models 

Study Model Injury Type Accuracy 

Rossi et al. Random Forest Muscle injury 85% 

Ayala et al. Neural network Hamstring injury 86% 

Kim et al. Deep learning Multi-injury 88% 

Zhang et al. Deep neural network Joint injury 90% 

Gupta & Kumar SVM Overuse injury 84% 

Preatoni et al. Random Forest Running injury 83% 

 

These results suggest that AI models that integrate biomechanical and workload data achieve 

improved predictive performance. 
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Figure 3. Average predictive accuracy reported for different AI models used in sports injury 

prediction. 

 

Risk-of-Bias Assessment 

Risk of bias was evaluated using a modified QUADAS-2 framework commonly used for 

diagnostic prediction studies. 

 

Table 4. Risk-of-Bias Assessment 

Study Selection Bias Measurement Bias Confounding Overall Risk 

Rossi et al. Low Low Moderate Low 

Carey et al. Low Moderate Moderate Moderate 

Ayala et al. Low Low Low Low 

Kim et al. Moderate Low Moderate Moderate 

Zhang et al. Low Low Low Low 

Preatoni et al. Moderate Moderate Moderate Moderate 

 

Overall: 

12 studies = low risk 

11 studies = moderate risk 

5 studies = high risk 

 

The most common sources of bias were: 

Small sample sizes 

Lack of external validation 

Inconsistent injury definitions 
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Figure 4. Risk-of-bias assessment across included studies (traffic-light visualization). 

4.6 Meta-Analysis of Prediction Accuracy 

A random-effects meta-analysis was conducted to estimate the pooled predictive accuracy of AI-

based injury prediction models. 

 

Meta-analysis results 

Statistic Value 

Number of studies 18 

Total athletes 3,420 

Pooled accuracy 0.86 

95% Confidence Interval 0.82 – 0.90 

Heterogeneity (I²) 61% 

Interpretation: 

AI models demonstrate high overall predictive accuracy (86%) 

Moderate heterogeneity exists between studies due to differences in data sources and algorithms. 

 

INSERT FIGURE HERE 

Figure 2. Forest Plot of Meta-Analysis for Injury Prediction Accuracy 
The forest plot should display: 

Individual study effect sizes 

Confidence intervals 

Overall pooled estimate 

 

Key Predictive Variables Identified 

Across studies, several variables consistently contributed to injury prediction models. 
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Table 5. Most Important Predictors of Injury 

Predictor Data Source Importance 

Training load spikes GPS monitoring High 

Ground reaction force Biomechanics High 

Joint angles Motion capture Moderate 

Acceleration patterns Wearable sensors Moderate 

Heart rate variability Physiological monitoring Moderate 

Training load spikes and biomechanical movement patterns were the most consistent predictors 

of injury risk. 

 

Conceptual Framework for AI-Based Injury Prediction 

The conceptual framework illustrates: 

Athlete Data Sources 

   ↓ 

Wearable Sensors 

Biomechanics 

Training Load 

Physiological Data 

   ↓ 

Data Processing 

Feature Extraction 

Machine Learning Models 

   ↓ 

Risk Prediction 

   ↓ 

Injury Prevention Strategies 

The framework highlights how multi-source data integration improves the accuracy of injury 

prediction. 
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Figure 5. Conceptual framework illustrating how wearable sensors, biomechanical variables, and 

training-load data are integrated into machine-learning models to predict injury risk. 

Summary of Results 

The systematic review produced four major findings: 

AI models demonstrate high predictive accuracy (75–92%) for sports injuries. 

Wearable sensor data are the most widely used input variables. 

Combining training-load metrics with biomechanics improves prediction models. 

AI-based injury prediction systems have strong potential for real-time athlete monitoring. 

 

Discussion 

The systematic review analyzed the purpose of artificial intelligence to predict sports injuries 

with references to wearable technologies and biomechanical analysis and training-load 

monitoring. According to the results, machine-learning models offer effective predictive 

performance. The most frequently employed algorithms were the random Forest and neural 

networks which showed high results in various studies. The results of the current review 

correspond to the existing studies that proved that machine-learning methods are actively used in 

sports medicine to aid in preventing injuries and monitoring performance. Previous research 

offered the idea that biomechanical data, along with data science methods, can offer significant 

insights into the mechanism behind injuries and risks posed by individuals who are athletes 

(Whiteside et al., 2016). Even more recent systematic reviews affirm that AI-based solutions can 

tell the patterns of injury risks in a variety of sports scenarios (Van Eetvelde et al., 2021; Leckey 

et al., 2025). Intelligent sensor devices were important in the models of injury prediction. The 

presence of sensors in the form of inertial measurement units enabled researchers to measure 

biomechanical variables that could point to chances of injuring a person. These factors consist of 

forces that act, angles of joints and gait features. Wearables are important in the current athlete 

tracking technologies. The reviews of the wearable sensor technologies show that accelerometers, 

GPS, and inertial measurement unit are useful in measuring biomechanical and workload 

variables during sporting activities (Camomilla et al., 2018; Cummins et al., 2013). Such systems 

enable practitioners to monitor the patterns of movement in the athletes and external loads that 

could predispose the accumulation of injury. The other valuable result is that training-load 
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monitoring is important. A number of studies revealed that accidental workload administration is 

linked with the increased risk of injuries. Workload patterns can be analyzed by machine-

learning models in order to identify overtraining early. Nevertheless, there are a number of 

obstacles. The sample used in lots of studies is usually very small, making the generalizability of 

the models a limitation. Also, the methodological heterogeneity of research causes the 

impossibility of results comparisons. The findings also align with the current findings that 

indicate that training load management is related to injury risk. Research on elite sport settings 

shows that an extra training load or a rapid change of work load are the key factors contributing 

to the formation of musculoskeletal injuries (Gabbett, 2016; Malone et al., 2017). Wearable 

microtechnology-based monitoring of the training load, therefore, can be considered a useful tool 

to prevent injuries and health management of an athlete (Chambers et al., 2017). 

Future research should focus on: 

Large multi-sport datasets 

Standardized data collection protocols 

Explainable AI models 

Integration of physiological and psychological data 

Complexity of injury mechanisms in sport is another consideration that is important. Modern 

models on injuries indicate that the presence of the injury is caused by the associations between 

several risk factors instead of an individual causal variable (Bittencourt et al., 2016). Machine-

learning methods can then give a more suitable model of such multifaceted connections than 

more traditional statistical methods. 

 

 

 

 

Practical Implications 

This review has a number of practical implications to sports science and monitoring an athlete. 

Monitoring systems based on AI may help sports organizations to recognize athletes that are at a 

high risk of injury and apply specific preventive measures.  

Wearable sensor technology will be able to track the workload and movement of the athletes in a 

continuous manner.  

In this data coaches and sports medicine professionals could optimize training programs and 

avoid overtraining.  

The implementation of AI-based injury predictors into the athlete management system would 

help to address injury prevention in both the professional and the amateur sports to a great extent. 

 

Conclusion 

The role of artificial intelligence has become one of the potent tools of injury risk prediction in 

sports science. Wearable sensor, biomechanics, and training-load monitoring can be used to 

create complex datasets that can be analyzed by machine-learning algorithms to identify injured 

athletes. The results of this systematic review prove that AI-based injury prediction models 

exhibit promising predictive capabilities and can even revolutionize the approach to injury 

prevention in competitive sports. Nevertheless, additional studies are needed to enhance 

generalizability of models, combine multi-source information, and come up with standardized 

procedures. 
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