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Abstract:  The convergence of artificial intelligence and sports biomechanics has inaugurated a paradigm shift in 

athletic science, enabling transition from reactive injury treatment and subjective performance coaching toward 

proactive, data-driven predictive systems. By integrating multimodal biomechanical data sources — including inertial 

measurement units (IMUs), surface electromyography (sEMG), force plates, and markerless motion capture — with 

advanced AI architectures such as CNN-xLSTM hybrids, attention-enhanced BiLSTM networks, and multimodal fusion 

frameworks, contemporary predictive models can forecast injury risk with up to 95% accuracy, predict ground 

reaction forces with R²=0.909, and classify athletic movements with 93.1% accuracy. This paper provides a 

comprehensive examination of AI predictive model architectures in sports biomechanics, presenting a unified 

methodology and experimental framework, synthesized performance benchmarks across 36 key studies, and strategic 

recommendations for advancing the field. The study addresses four primary application domains: injury prediction 

and prevention, performance optimization, rehabilitation guidance, and real-time game analytics. Ethical 

considerations including data privacy, model interpretability, and demographic bias are critically examined, 

alongside persistent technical limitations spanning the laboratory-to-field translation gap and data standardization 

challenges. Future research directions encompassing foundation models for biomechanics, federated learning for 

privacy-preserving multi-team collaboration, and digital twins for individualized athlete simulation are identified as 

transformative priorities for the next decade of sports AI development. 

 

Keywords: Sports Biomechanics, Artificial Intelligence, Injury Prediction, Machine Learning, Inertial Measurement 

Units, Motion Capture, Deep Learning, CNN-LSTM, Performance Optimization, Wearable Sensors, Multimodal 

Fusion. 

 

1. Introduction 
Sports biomechanics has undergone a profound 

transformation over the course of the past three decades. In 

its earliest formulation, the discipline relied principally on 

manual video analysis, subjective coach observation, and 

rudimentary force plate measurements to characterize athlete 

movement patterns. Analysts were constrained by the 

inherent limitations of human perception: a trained observer 

reviewing slow-motion footage might identify qualitative 

deviations in running gait or throwing mechanics, but could 

rarely quantify the precise joint angles, ground reaction 

forces, or muscle activation timing relationships that 

underpin injury risk or performance advantage [1][2]. The 

introduction of laboratory-based optical motion capture 

systems in the 1990s substantially advanced kinematic 

measurement precision, yet these systems remained 

expensive, operationally complex, and fundamentally 

incompatible with real-world athletic environments a 

constraint that would persist for decades. 

 

The contemporary artificial intelligence revolution has 

fundamentally altered this landscape. By 2026, the 

intersection of wearable sensor technology, computer vision, 

and deep learning has enabled predictive systems operating 

at a level of sophistication that would have been 

inconceivable to sports scientists of the previous generation 

[3][4]. Miniaturized inertial measurement units, now 

routinely embedded in athletic garments and equipment, can 

capture three-dimensional movement data across entire 

training sessions and competitive events. Surface 

electromyography arrays provide real-time muscle activation 

data. Commodity RGB and depth cameras, combined with 

AI-based pose estimation algorithms such as OpenPose and 

MediaPipe, deliver markerless biomechanical analysis 

directly on the field of play eliminating the need for 

reflective markers and laboratory infrastructure. The 

synthesis of these heterogeneous data streams through 

machine learning architectures capable of detecting subtle, 

non-linear patterns across high-dimensional temporal 

sequences has produced a new generation of predictive 

instruments whose capabilities extend far beyond traditional 

analytical approaches. 

 

The practical consequences of this transformation are 

substantial. AI predictive systems have demonstrated the 

capacity to forecast injury risk weeks before clinical 

symptom onset, achieving accuracies of up to 95% in 

prospective validation studies [3][5]. Ground reaction force 

prediction models using CNN-xLSTM architectures achieve 

R²=0.909 from wearable IMU data alone, enabling force 

plate-grade kinetic analysis outside laboratory settings [6]. 

Multimodal fusion frameworks integrating computer vision 

with biomechanical sensor data have improved indoor 

training activity classification accuracy from 74.5% to 87.1% 
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through deep learning approaches [7][9]. The implications 

extend across the full spectrum of sports performance 

science from primary injury prevention and rehabilitation 

monitoring through real-time technique optimization and 

tactical analytics representing a convergence of technological 

capability with pressing practical need. 

 

This paper provides a comprehensive examination of AI 

predictive models in sports biomechanics, organized to serve 

both researchers seeking architectural guidance and 

practitioners considering system deployment. Section II 

establishes the foundational context of sports biomechanical 

data acquisition and AI/ML methodologies. Section III 

presents a detailed methodology and experimental design 

framework for building and validating biomechanical 

prediction systems. Section IV surveys current AI model 

architectures from classical machine learning through state-

of-the-art multimodal fusion networks. Section V examines 

applications across four primary sports domains. Section VI 

synthesizes experimental results from the literature into 

comparative benchmarks. Sections VII and VIII address 

ethical considerations, limitations, and strategic 

recommendations. Section IX concludes with future research 

directions. All cited research draws exclusively from 

publicly available peer-reviewed literature, preprint servers, 

and authoritative open-access sources [1][10]. 

 

2. Foundations of Sports Biomechanics and AI 
2.1. Biomechanical Data Acquisition Methods 

Accurate biomechanical data acquisition forms the 

irreplaceable foundation upon which all AI predictive 

systems in sports are constructed. Contemporary data 

collection ecosystems employ multiple complementary 

sensor modalities, each contributing a distinct and largely 

non-redundant information stratum. Marker-based optical 

motion capture systems exemplified by commercial 

platforms from Vicon, OptiTrack, and similar manufacturers 

remain the gold standard for three-dimensional kinematic 

measurement in controlled laboratory environments, 

providing sub-millimetre positional accuracy for reflective 

markers placed on anatomical landmarks [1][11]. These 

systems produce comprehensive joint angle time series, 

segment velocity profiles, and anthropometric parameter 

estimates that serve as reference standards for validating less 

precise field-deployable modalities. However, their 

requirement for specialized laboratory infrastructure, 

extended setup times, and marker attachment protocols 

fundamentally restricts their applicability to competitive 

sport contexts. 

 

Inertial Measurement Units (IMUs) represent the most 

broadly deployed wearable biomechanical sensing modality 

in contemporary sports science. Each IMU integrates a 

triaxial accelerometer, gyroscope, and magnetometer in a 

compact, lightweight housing attached directly to body 

segments [28][35]. Multi-IMU configurations typically 

employing 10 or more units distributed across the lower 

limbs, trunk, and upper extremities can reconstruct full-body 

kinematics through sensor fusion algorithms including 

Kalman filtering and complementary filtering approaches. A 

critical recent advance has been the extension of IMU-based 

systems beyond kinematic estimation to include indirect 

force prediction: the CNN-xLSTM architecture of Chen et al. 

demonstrated R²=0.909 ± 0.064 for vertical ground reaction 

force prediction from eight IMUs during five standardized 

running speeds, substantially reducing the gap between 

laboratory and field-based kinetic assessment [6][36]. The 

practical advantages of IMUs field deployability, low cost, 

continuous monitoring capability, and minimal participant 

burden have driven their widespread adoption in professional 

sport and research contexts alike. 

 

Surface electromyography (sEMG) provides a 

complementary data dimension unavailable from kinematic 

sensors alone: direct quantification of muscle activation 

timing and relative amplitude during athletic movement. 

sEMG electrodes applied over target muscles typically 

including the quadriceps, hamstrings, gastrocnemius, and 

sport-specific prime movers capture differential surface 

potentials reflecting motor unit recruitment patterns [1][19]. 

When integrated with IMU data, sEMG substantially 

enriches the biomechanical feature space available for injury 

risk prediction, particularly for conditions such as hamstring 

strain and ACL rupture where aberrant neuromuscular 

coordination patterns may precede structural failure by 

weeks or months. Force platforms and force transducers 

embedded in laboratory floors or instrumented treadmills 

provide direct ground reaction force measurement a kinetic 

parameter central to gait analysis, jump biomechanics, and 

fatigue assessment serving as ground truth validation targets 

for IMU-based force estimation models [6][11]. 

 

Markerless motion capture represents an emergent 

paradigm that reconciles the analytical depth of laboratory 

motion analysis with the logistical requirements of field sport 

deployment. Commercial RGB and depth camera systems 

including Microsoft Azure Kinect, Intel RealSense, and ZED 

stereo cameras combined with AI-based pose estimation 

algorithms enable automated extraction of skeletal 

kinematics without marker placement [12][13]. Frontera et 

al. (2026) conducted a systematic mini-review of commercial 

vision sensors and AI-based pose estimation frameworks, 

demonstrating that contemporary markerless systems can 

achieve mean absolute errors below 20 mm for 

approximately 47% of keypoints and below 30 mm for 80% 

of keypoints under controlled conditions [12][22]. While 

systematic errors and reduced accuracy under occlusion or 

challenging lighting conditions remain active research 

challenges, the accessibility and scalability of markerless 

approaches have catalysed rapid adoption in coaching 

analytics, talent identification, and mass-participation sport 

research. 

 

2.2. AI and Machine Learning Techniques in 

Biomechanical Analysis 

The repertoire of machine learning techniques applied to 

sports biomechanical data spans from interpretable classical 

algorithms through sophisticated deep learning architectures, 

each offering distinct capability profiles. Classical machine 

learning methods including Random Forest, Gradient 
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Boosting (XGBoost), Support Vector Machines, and Logistic 

Regression operate on hand-engineered feature 

representations derived from raw sensor signals. These 

methods offer computational efficiency, well-characterised 

performance under limited training data conditions, and 

intrinsic interpretability advantages that facilitate adoption in 

clinically sensitive injury prevention contexts [8][17][18]. A 

comprehensive scoping review by the British Journal of 

Sports Medicine identified Random Forest and XGBoost as 

the most consistently top-performing methods for structured 

biomechanical injury prediction tasks, outperforming other 

algorithms in the majority of comparative studies reviewed 

[18]. 

 

Deep learning architectures have emerged as the 

dominant paradigm for applications requiring automated 

feature learning from raw, high-dimensional biomechanical 

time series. Convolutional Neural Networks (CNNs) excel at 

extracting local spatial patterns from multi-channel sensor 

arrays, effectively learning feature detectors optimized for 

the specific movement signatures present in training data 

[9][14]. Long Short-Term Memory (LSTM) networks and 

Bidirectional LSTMs (BiLSTMs) address the temporal 

dependencies inherent in sequential biomechanical data, 

capturing both short-term movement dynamics and longer-

term gait cycle regularities through gated memory 

mechanisms [14][34]. The extended LSTM variant (xLSTM) 

with enhanced memory capacity has demonstrated particular 

effectiveness for multi-speed running force prediction 

applications [6]. Self-attention and transformer-based 

mechanisms further augment temporal modeling capability 

by enabling selective focusing on the most biomechanically 

significant time windows within a movement sequence. 

 

Hybrid CNN-LSTM architectures have become the 

methodological standard for most contemporary sports 

biomechanics AI applications, combining the spatial feature 

extraction strengths of CNNs with the sequential modeling 

capabilities of recurrent networks [9][20]. The multimodal 

CNN-LSTM fusion system evaluated for aerobics 

performance optimization achieved improvements in indoor 

training activity classification from 74.5% to 87.1% and 

high-intensity training accuracy from 75.0% to 88.2% 

compared to single-modality baselines [20]. Attention-

enhanced convolutional BiLSTM architectures demonstrate 

superior performance for injury recovery outcome 

prediction, capturing complex interaction patterns between 

biomechanical parameters and recovery trajectories that 

simpler architectures cannot resolve [14]. Generative AI 

models, including the Biomechanics-Informed Generative AI 

(BIGE) model, are beginning to emerge as tools for data 

augmentation and exercise prescription in rehabilitation 

contexts, trained with biomechanical constraints to ensure 

physiologically plausible outputs [15]. 

 

2.3. The Convergence: AI-Powered Biomechanical 

Prediction 

The most significant capability advances in sports 

biomechanics AI have emerged not from any single sensor 

modality or algorithmic family in isolation, but from their 

systematic integration into multimodal predictive platforms. 

Comprehensive reviews confirm that multimodal AI systems 

integrating computer vision, wearable biomechanical 

sensors, and electronic health records consistently 

outperform any single-source model across injury prediction, 

performance classification, and rehabilitation monitoring 

tasks [3][7]. This performance advantage arises from 

complementarity: different sensor modalities capture distinct, 

partially non-overlapping aspects of athletic biomechanics, 

and their fusion reduces prediction uncertainty in a manner 

analogous to multi-view triangulation in geometric 

reconstruction problems. 

 

The field is at an inflection point. Novel architectures 

including the Biomechanically-Informed Neural Network 

(BINN) with integrated attention mechanisms, the 

Biomechanical Informed Predictive Optimization Network 

(BIPON), and the attention-based Swin-UNet + LSTM 

framework for medical imaging and biomechanical data 

fusion represent the current frontier of multimodal 

biomechanical AI [5][7][16]. These systems represent a shift 

from descriptive analytics characterizing movement patterns 

post hoc to genuinely predictive and prescriptive 

biomechanics capable of generating actionable 

recommendations for injury prevention, training load 

management, and technique modification in real time. 

Critically, the analytical paradigm shift is beginning to 

propagate from laboratory research settings into applied 

sport environments, with commercial platforms increasingly 

incorporating these AI capabilities into coaching ecosystems 

and athlete monitoring workflows [3][4]. 

 

3. Methodology and Experimental Design 
3.1. Data Collection Framework 

A rigorous and standardized data collection framework 

is prerequisite to developing AI predictive models that 

generalize reliably beyond the immediate experimental 

context. The framework proposed here is synthesized from 

methodological best practices across the reviewed literature 

and is designed to support the full spectrum of 

biomechanical prediction tasks — from injury risk 

classification through continuous kinematic and kinetic 

estimation [11][17]. Participant recruitment should target 

diverse athletic populations spanning professional and 

recreational skill levels, multiple sport disciplines, and a 

demographic range reflective of the intended deployment 

context. Recent exemplar studies have employed samples 

ranging from 29 athletes in focused laboratory investigations 

to 300+ professional players in longitudinal injury 

surveillance programs [17][25]. Ethical approval from an 

Institutional Review Board (IRB) equivalent and written 

informed consent are mandatory prerequisites; data 

anonymization and access control protocols should be 

implemented from the outset to comply with applicable 

biometric data protection regulations. 

 

The multi-sensor acquisition protocol should integrate at 

minimum five complementary modalities: an IMU array of 

8-12 units positioned at standardized anatomical sites 

(bilateral knee, hip, shoulder, trunk, and sacrum); sEMG 
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electrodes on primary muscle groups relevant to the target 

sport and injury model; two or more synchronized video 

cameras capturing frontal and sagittal planes; an 

instrumented treadmill or embedded force plates for ground 

truth kinetic measurement during locomotion tasks; and an 

optical motion capture system serving as the kinematic 

reference standard [1][11][28]. All sensors must be 

synchronized to a common time base with latencies below 5 

ms to enable coherent multimodal feature alignment. 

Standardized movement task batteries including maximal 

sprint acceleration, unilateral landing, lateral cutting, and 

sport-specific skill executions should be administered in both 

controlled laboratory and representative field conditions to 

characterize the laboratory-to-field generalization 

performance of derived models. 

 

 
Fig 1: Multi-Modal Data Collection and Integration Framework. 

 

Sensor streams from IMU arrays, surface 

electromyography, force plates, optical motion capture, and 

RGB/depth video cameras converge in a central data 

integration pipeline, yielding four primary feature categories: 

kinematic, kinetic, physiological, and temporal. Adapted 

from Souaifi et al. [1] and Wearable Biomechanics 

Framework [11]. 

 

3.2. Feature Engineering Pipeline 

Effective feature engineering transforms raw multi-

sensor time series into informative representations that 

maximize the discriminative and predictive performance of 

downstream AI models. The feature engineering pipeline 

encompasses signal preprocessing, domain-specific feature 

extraction, dimensionality management, and feature selection 

[1][19]. Raw IMU signals require preprocessing through 

Kalman or complementary filter-based sensor fusion to 

estimate device orientation quaternions, followed by gravity 

removal and coordinate frame transformation to produce 

body-segment acceleration and angular velocity in 

anatomical reference frames. Force plate signals require 

baseline drift correction and low-pass filtering (typically at 

50-100 Hz). sEMG signals require bandpass filtering (20-500 

Hz), full-wave rectification, and linear envelope extraction 

prior to feature computation. 

Kinematic features derived from processed IMU and 

motion capture signals constitute the primary biomechanical 

feature category, encompassing joint angles, angular 

velocities, range of motion metrics, movement symmetry 

indices, and segment position trajectories in three-

dimensional space [35][36]. Kinetic features comprising 

vertical, anterior-posterior, and medial-lateral ground 

reaction force components, joint moment estimates from 

inverse dynamics, peak loading rates, and impulse integrals 

are particularly valuable for injury prediction applications 

where abnormal force distribution patterns are 

mechanistically linked to tissue failure risk [6][11]. 

Temporal features capture gait cycle parameters including 

stride frequency, contact time, flight time, and phase 

transition timing. Physiological features derived from sEMG 

signals quantify muscle co-activation ratios, fatigue-sensitive 

frequency content shifts, and activation asymmetry indices. 

Derived higher-order features including biomechanical 

asymmetry scores, cumulative joint load metrics computed 

from repeated movement cycles, and movement quality 

composite indices are computed from combinations of 

primary feature types through sport-specific domain 

expertise. 

 

Table 1: Feature Categories and Extraction Methods 

Feature 

Category 

Specific Features Sensor Source Extraction Method Dimensionality 

Kinematic Joint angles (hip, knee, ankle, trunk), 

angular velocities, ROM, symmetry 

indices 

IMU, Optical 

MoCap 

Sensor fusion (Kalman 

filter), inverse kinematics 

30–120 features 

Kinetic Vertical, AP, ML GRF; joint moments; 

loading rates; impulse integrals 

Force plate, 

IMU (estimated) 

Direct measurement, 

CNN-xLSTM estimation 

12–24 features 

Temporal Stride frequency, contact time, flight IMU, Force Peak detection, threshold 8–20 features 
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time, phase transitions, cadence plate crossing, phase 

segmentation 

Physiological Muscle activation (sEMG), co-

activation ratios, fatigue indices, HR 

variability 

sEMG, 

Wearable HR 

Bandpass filter, RMS, 

MDF shift, RMSSD 

15–40 features 

Derived / 

Composite 

Asymmetry scores, cumulative load, 

movement quality index, FFT 

coefficients, PCA components 

All modalities PCA, domain formulae, 

Fourier transform 

Variable (10–

50) 

Source: AP = anterior-posterior; ML = medial-lateral; GRF = ground reaction force; MDF = median frequency; RMSSD = 

root mean square of successive differences; PCA = principal component analysis. Compiled from [1][6][11][19][28]. 

 

3.3. Multi-Tier Model Architecture 

The proposed multi-tier model architecture organizes 

computational processing into five hierarchically structured 

layers, each with a distinct functional role in transforming 

raw biomechanical sensor data into clinically and 

operationally actionable prediction outputs [6][9][14]. The 

input layer ingests synchronised data streams from all active 

sensor modalities, applying modality-specific preprocessing 

transforms (described in Section III.B) before presenting 

feature tensors to subsequent processing stages. The feature 

extraction layer applies convolutional operations to sensor 

array data, learning local spatial patterns and cross-channel 

correlations in a data-driven manner that supplements the 

hand-engineered features of the preprocessing pipeline. 

Convolutional architectures of 2-4 layers with kernel sizes 

matched to characteristic biomechanical event durations 

(typically 50-200 ms at standard sampling rates) are 

appropriate for most sports biomechanics applications. 

 

The temporal modeling layer processes the sequential 

output of the feature extraction stage through Bidirectional 

LSTM or xLSTM modules augmented with multi-head self-

attention mechanisms [6][14][21]. BiLSTM processing 

enables simultaneous consideration of both preceding and 

subsequent movement context for each temporal position in 

the sequence a property particularly valuable for movement 

phase classification tasks where the biomechanical 

significance of a given joint angle configuration depends on 

the broader movement trajectory context. Attention 

mechanisms produce interpretable weighting maps 

identifying which temporal positions and feature dimensions 

are most predictive for the target output, directly addressing 

model interpretability requirements in medical application 

contexts. The fusion layer integrates representations from 

multiple sensor modality processing streams through 

concatenation followed by cross-modal attention gating, 

producing a unified biomechanical state representation that 

captures synergistic information across modalities. The 

prediction layer employs task-appropriate output heads: 

sigmoid-activated units for binary injury risk classification, 

multi-class softmax for movement pattern recognition, and 

linear regression heads for continuous biomechanical 

estimation tasks. 

 

 
Fig 2: Proposed Multi-Tier AI Architecture for Biomechanical Prediction 

 

Data from five input modalities undergoes modality-

specific preprocessing before parallel feature extraction, 

temporal modeling via BiLSTM with self-attention, 

multimodal fusion, and prediction output generation across 

four task types. Architecture design informed by 

[6][9][14][16][21]. 

 

 

 

3.4. Training and Evaluation Protocol 

A rigorous training and evaluation protocol is essential 

to distinguish genuine predictive capability from artefacts of 

data leakage, subject-specific overfitting, or inadequate 

baseline comparison [8][17]. Data partitioning should 

employ a 70/15/15 train/validation/test split with subject-

stratified assignment ensuring that all recordings from a 

given participant appear in exactly one partition a 

requirement frequently violated in the existing literature, 
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producing inflated performance estimates through 

inadvertent temporal or subject-level data leakage. Leave-

one-subject-out cross-validation provides a stringent 

generalizability assessment but is computationally intensive 

for large datasets; a pragmatic alternative is group k-fold 

cross-validation with athlete identity as the grouping 

variable. Hyperparameter optimization should be conducted 

exclusively on the training and validation partitions, with test 

set evaluation reserved for a single final assessment to avoid 

information leakage through iterative test set exposure. 

 

Evaluation metrics should be selected based on task type 

and clinical application context. For injury risk binary 

classification, sensitivity (recall for the injury class) and area 

under the receiver operating characteristic curve (AUC-

ROC) are primary metrics, with specificity and positive 

predictive value (precision) providing complementary 

perspectives on clinical utility [8][29][30]. For multi-class 

movement recognition, macro-averaged F1-score provides a 

balanced assessment robust to class imbalance. For 

continuous biomechanical estimation tasks such as ground 

reaction force or joint angle prediction, R², Root Mean 

Square Error (RMSE), Mean Absolute Error (MAE), and 

Mean Absolute Percentage Error (MAPE) collectively 

characterize prediction quality across the dynamic range of 

the target variable. Bland-Altman analysis computing limits 

of agreement between predicted and reference values as a 

function of their mean is the recommended statistical tool for 

assessing clinical equivalence between AI-derived estimates 

and gold-standard measurement systems. Ablation studies 

systematically removing individual sensor modalities or 

architectural components quantify the contribution of each 

element to overall system performance, informing sensor 

selection decisions and architectural simplification. 

 

Table 2: Evaluation Metrics Framework 

Task Type Primary Metrics Secondary Metrics Validation Method 

Binary Injury 

Classification 

Sensitivity, AUC-ROC Specificity, PPV, NPV, F1-

score 

Subject-stratified k-fold CV, 

temporal hold-out 

Multi-class Motion 

Recognition 

Macro F1-score, Accuracy Per-class Precision & Recall, 

Confusion matrix 

Leave-one-subject-out CV 

Continuous Force 

Estimation 

R², RMSE MAE, MAPE, Pearson r Bland-Altman analysis, 5-fold 

CV 

Performance Scoring / 

Regression 

R², MAE RMSE, MAPE, ICC (reliability) Train/val/test split (70/15/15) 

Recovery / Rehabilitation 

Outcome 

F1-score (milestone), 

MAE (timeline) 

Specificity, AUC, ICC, ES 

(effect size) 

Prospective longitudinal 

validation 

Source: PPV = positive predictive value; NPV = negative predictive value; ICC = intraclass correlation coefficient; ES = 

effect size; CV = cross-validation. Compiled from [8][17][25][29][30]. 

 

4. AI Model Architectures for Biomechanical 

Prediction 
4.1. Classical Machine Learning Approaches 

Classical machine learning algorithms comprising 

principally ensemble methods, kernel-based classifiers, and 

regularized linear models remain highly competitive tools for 

sports biomechanics prediction tasks, particularly in contexts 

where training data is limited, model interpretability is 

paramount, or computational resources constrain deep 

learning deployment. Random Forest an ensemble of 

decision trees trained on bootstrapped subsets of the feature 

space offers multiple practical advantages for biomechanical 

applications: natural handling of mixed feature types, built-in 

feature importance estimation, robust performance under 

noisy label conditions, and resistance to overfitting through 

ensemble averaging [8][18]. A comprehensive scoping 

review of 28 studies applying machine learning to sports 

injury prediction by the British Journal of Sports Medicine 

identified Random Forest and XGBoost as the most 

consistently top-performing methods, demonstrating highest 

accuracy in the majority of head-to-head comparisons [18]. 

 

Gradient Boosting frameworks principally XGBoost 

(Extreme Gradient Boosting) extend the additive ensemble 

principle through sequential residual-fitting optimization 

with L1/L2 regularization, achieving performance 

comparable to or exceeding Random Forest on tabular 

biomechanical feature sets while offering explicit feature 

importance decomposition through SHAP (SHapley Additive 

exPlanations) analysis [19]. The explainable machine 

learning investigation by Cust et al. applied SHAP analysis 

to XGBoost predictions of muscle injury risk in professional 

soccer players, identifying hip flexion angle asymmetry and 

cumulative running load indices as the most influential 

predictive features a finding directly actionable by sports 

medicine teams designing targeted screening programs [19]. 

Support Vector Machines (SVMs) with Radial Basis 

Function kernels achieve strong performance on injury 

classification tasks with relatively small training datasets, 

demonstrating 94.2% accuracy, 92.5% sensitivity, and 96.0% 

specificity in the real-time sports injury monitoring system 

evaluated by Zheng et al. [8]. 

 

Logistic Regression despite its relative simplicity 

achieves competitive performance in a substantial minority 

of sports biomechanics prediction studies. The British 

Journal of Sports Medicine scoping review found logistic 

regression outperforming all machine learning methods in 

four of twelve direct comparison studies, highlighting the 

danger of reflexive adoption of complex architectures 

without rigorous empirical comparison [18][30]. This finding 

also underscores a persistent methodological weakness in the 

field: many studies evaluate AI methods in isolation rather 
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than against well-tuned classical baselines, obscuring the true 

performance increment attributable to architectural 

complexity. Establishing and reporting strong classical 

baseline performance should be a standard methodological 

requirement for publications in this domain [8][29]. 

Regularized regression models including Ridge, Lasso, and 

Elastic Net variants further provide efficient continuous 

variable estimation for biomechanical prediction tasks where 

interpretability of regression coefficients has scientific or 

clinical value. 

 

4.2. Deep Learning Architectures 

Deep learning architectures have established new 

performance standards across the most demanding sports 

biomechanics prediction tasks those involving raw high-

dimensional time series data, complex non-linear feature 

interactions, and the requirement for automated 

representation learning without extensive domain-guided 

feature engineering. The CNN-xLSTM architecture 

integrating convolutional feature extraction with an Extended 

Long Short-Term Memory module represents the current 

state of the art for wearable sensor-based kinetic estimation, 

achieving R²=0.909 ± 0.064 and MAPE=2.18% ± 0.09% for 

vertical ground reaction force prediction from eight IMUs 

across five standardized running speeds in 29 recreational 

runners [6]. The xLSTM extension incorporating exponential 

gating and enhanced matrix memory cells provides superior 

modeling of the periodic and hierarchically structured 

temporal patterns characteristic of running biomechanics 

compared to standard LSTM architectures. 

 

Attention-Enhanced Convolutional BiLSTM 

architectures have demonstrated particular utility for 

predicting rehabilitation outcomes following sports injuries. 

By processing biomechanical time series in both forward and 

backward temporal directions simultaneously, BiLSTM 

components capture contextual relationships across the full 

movement window that unidirectional LSTMs inherently 

miss [14][34]. Multi-head self-attention layers overlaid on 

BiLSTM outputs selectively amplify features associated with 

biomechanically significant movement phases contact 

initiation, loading response, single support, pre-swing while 

attenuating noise in intervening periods. This architectural 

combination achieves substantially improved prediction of 

recovery timeline and functional outcome milestones 

compared to standalone LSTM baselines [14]. Dual-stream 

LSTM networks evaluated for complex physiological state 

estimation achieved 93.1% motion classification accuracy 

and reduced load modeling error to 3.8%, with multimodal 

convergence optimization enabling effective integration of 

heterogeneous physiological data streams [9]. 

 

Multimodal CNN-LSTM fusion architectures for sports 

performance optimization demonstrate consistent accuracy 

improvements over single-modality baselines. The system 

evaluated by Luan et al. (2025) for aerobics performance 

optimization integrated accelerometer, gyroscope, and 

pressure sensor data through parallel CNN feature extraction 

branches merged prior to LSTM temporal processing, 

achieving indoor training accuracy of 87.1% and high-

intensity training accuracy of 88.2% [20]. The deep learning 

with attention mechanism framework for continuous 

biomechanical motion estimation evaluated across 12 

activity types achieved RMSE = 4.976 degrees and MAE = 

3.698 degrees for joint angle estimation from IMU data 

alone, with the attention mechanism providing a 12.3% 

accuracy improvement over the non-attention baseline 

through improved focus on phase-transition regions [21]. 

These results collectively confirm that deep learning 

architectures provide substantial, reproducible performance 

advantages over classical methods for raw time-series 

biomechanical data, while classical methods retain 

competitive performance on structured feature 

representations derived from domain expertise. 

 

4.3. Pose Estimation and Computer Vision Approaches 

Computer vision-based pose estimation has emerged as 

a transformative enabling technology for sports 

biomechanics, enabling markerless kinematic analysis at 

scale in field environments previously inaccessible to 

quantitative biomechanical measurement. OpenPose a real-

time multi-person 2D and 3D keypoint detection system 

developed at Carnegie Mellon University has been 

extensively evaluated in sports biomechanics contexts, with 

systematic validation demonstrating that multi-camera 

implementations achieve mean absolute errors below 20 mm 

for approximately 47% of skeletal keypoints and below 30 

mm for 80% of keypoints relative to optical motion capture 

reference standards [12][22]. While these accuracy levels fall 

short of marker-based optical capture for precision 

biomechanical research, they are clinically and operationally 

sufficient for a wide range of sports screening and coaching 

feedback applications. 

 

Google's MediaPipe Pose offers a complementary 

capability profile optimised for mobile and embedded 

deployment contexts: the BlazePose model underlying 

MediaPipe achieves real-time 3D pose estimation at 30+ FPS 

on commodity smartphone hardware, extracting 33 full-body 

landmarks with sub-centimetre accuracy for proximal body 

segments under standard conditions [23]. This deployment 

flexibility enables a class of sports coaching applications 

previously requiring specialist laboratory equipment to be 

delivered through athlete smartphones or tablet devices, with 

immediate commercial and population-health implications. 

Differentiable biomechanics frameworks that backpropagate 

through physics-based movement models to infer latent 

biomechanical parameters from pose estimates represent an 

emerging hybrid approach combining the scalability of 

computer vision with the mechanical rigour of 

biomechanical modeling [13]. Multi-person physics-based 

pose estimation approaches utilizing transformer 

architectures with epipolar geometry constraints have 

demonstrated applicability to combat sport analysis contexts 

where occlusion and contact between athletes present 

particular challenges for single-view pose detection [24]. 

 

Machine learning-based kinematic estimation from 

GPS-IMU combinations occupies an important intermediate 

niche between purely vision-based and laboratory-grade 
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measurement approaches. The study by Gronwald et al. 

(2024) demonstrated that random forest models could predict 

running kinematics including cadence, step length, and foot 

strike type from a single upper trunk IMU with RMSE values 

suitable for population-level training load monitoring 

applications [35]. Complementary work by Falbriard et al. 

(2025) validated IMU-derived running kinematic parameters 

at the sacral location against optical reference standards 

across a range of speeds and inclines, establishing the 

measurement equivalence required for clinical adoption [36]. 

These validation studies collectively define the current 

capability boundaries of field-deployable biomechanical 

measurement and inform appropriate selection of 

measurement modalities for specific application contexts. 

 

4.4. Multimodal Fusion Architectures 

Multimodal fusion architectures represent the 

computational frontier of sports biomechanics AI, integrating 

heterogeneous data streams through learned cross-modal 

attention and alignment mechanisms to produce unified 

biomechanical representations exceeding the predictive 

capacity of any constituent modality. The Biomechanically-

Informed Neural Network (BINN) employs a multi-branch 

architecture in which separate encoding pathways process 

kinematic time series, physiological sensor data, and 

performance metrics independently before cross-modal 

attention fusion produces a joint representation [5]. 

Critically, BINN incorporates biomechanical domain 

knowledge as architectural inductive biases for example, 

enforcing known anatomical joint angle constraints in 

intermediate representations thereby reducing the effective 

hypothesis space and improving data efficiency compared to 

unconstrained data-driven approaches. This biomechanical 

grounding also enhances the interpretability of attention 

weight patterns, enabling attribution of prediction outputs to 

specific kinematic events or physiological states. 

The Biomechanical Informed Predictive Optimization 

Network (BIPON) introduces an additional dimension of 

multimodal integration, accommodating visual data streams 

including RGB video and depth maps alongside kinematic 

time series and auxiliary health record information in a 

unified prediction framework designed for forensic-oriented 

sports injury assessment [16]. BIPON's architecture employs 

modality-specific encoders (CNN for spatial/visual streams, 

LSTM for temporal sequences, multilayer perceptron for 

tabular clinical data) with learned gating mechanisms that 

dynamically weight modality contributions based on input 

quality and relevance to the prediction target. This adaptive 

fusion strategy is particularly valuable in field deployment 

contexts where individual sensor modalities may be 

intermittently unavailable due to equipment constraints or 

adverse conditions. 

 

The attention-based Swin-UNet + LSTM framework for 

multi-modal fusion of medical imaging and biomechanical 

sensor data extends multimodal integration to include 

structural imaging information MRI and ultrasound data 

alongside kinematic and kinetic measurements [7]. This 

architecture is particularly relevant for complex tissue injury 

assessment and surgical return-to-sport decision making, 

contexts where structural imaging findings must be 

interpreted in conjunction with functional movement quality 

metrics. The framework's biomechanical data cleaning 

module applying sport-specific quality filters to flag 

implausible kinematic sequences before model input 

addresses a persistent data quality challenge in sports 

biomechanics AI systems deployed in real-world 

environments where sensor malfunction, marker occlusion, 

and movement artefacts regularly produce physiologically 

implausible signal segments [7][33]. 

 

Table 3: Comparative Performance of AI Architectures 

Architecture Task Dataset Key Metrics Year Ref. 

CNN-xLSTM GRF Prediction 29 runners, 8 IMUs, 5 

speeds 

R²=0.909; MAPE=2.18% 2025 [6] 

SVM (RBF) Injury Detection Real-time monitoring 

system 

Acc=94.2%; Sens=92.5%; 

Spec=96.0% 

2024 [8] 

Attn-BiLSTM Recovery 

Prediction 

Sports injury rehab cohort Superior vs. LSTM baseline 

(AUC, F1) 

2025 [14] 

CNN-LSTM Fusion Activity 

Classification 

Aerobics, wearable sensors Acc=87.1% (indoor); 88.2% (high-

intensity) 

2025 [20] 

Dual-stream LSTM Motion 

Classification 

Multi-sport physiological 

state 

Acc=93.1%; Load error=3.8% 2026 [9] 

Random Forest / 

XGBoost 

Injury Risk 28 studies (scoping 

review) 

Highest performance in majority of 

studies 

2024 [18] 

BINN (Multimodal) Injury Prediction Wearable + EHR 

integration 

Improved accuracy + 

interpretability vs. baselines 

2025 [5] 

BIPON Framework Injury 

Assessment 

Multimodal sports 

medicine data 

Evidence-based forensic 

assessment, multimodal fusion 

2026 [16] 

Multimodal AI 

(wearable + vision) 

Injury Prevention 50 athletes, field 

conditions 

95% injury prediction accuracy 2026 [3] 

Attn Swin-UNet + 

LSTM 

Multi-modal 

Fusion 

Medical imaging + 

biomechanical sensors 

Improved accuracy via 

biomechanical data standardization 

2026 [7] 
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Source: GRF = ground reaction force; RBF = radial basis function; Attn = attention; EHR = electronic health record; BINN 

= Biomechanically-Informed Neural Network; BIPON = Biomechanical Informed Predictive Optimization Network. Compiled 

from cited references. 

 

5. Applications across Sports Domains 
5.1. Injury Prediction and Prevention 

Injury prediction represents the highest-value 

application domain for AI sports biomechanics systems, 

given the profound personal consequences of athletic injury 

for athlete welfare and career continuity, and the substantial 

economic costs of injury-related treatment, rehabilitation, 

and lost performance for sports organizations [3][17][30]. 

Contemporary multimodal AI platforms have demonstrated 

the capability to identify injury risk markers weeks before 

clinical symptom onset, fundamentally redefining the 

intervention window available to sports medicine teams. 

Commercial platforms integrating wearable kinetic data, 

biomechanical risk scores, and historical injury records have 

reported prospective injury prediction accuracies of up to 

95% in competitive athletic cohorts, representing a 

transformation from the 60-70% accuracy ceiling 

characteristic of traditional screening protocols [3][32]. 

 

The longitudinal prospective study of professional 

football injury risk prediction by Martins et al. (2025) 

exemplifies the rigor achievable in this domain. Analyzing 

300 male professional football players (ages 18-28) across 

two competitive seasons of systematic biomechanical and 

physiological monitoring, the study applied a random forest 

classifier to a feature set combining GPS-derived running 

load metrics, biomechanical screening test outcomes, and 

prior injury history [17]. The resulting injury prediction 

model demonstrated significant prospective classification 

performance (AUC > 0.70 for muscle injury prediction 

within the following 28 days), with SHAP-based feature 

importance analysis identifying acute:chronic workload ratio, 

hip abductor strength asymmetry, and sprint mechanical 

effectiveness as the three most predictive variables. These 

findings directly informed a team-level injury prevention 

protocol modification that reduced non-contact muscle injury 

incidence by 24% in the subsequent monitoring season one 

of the clearest demonstrations of AI biomechanics translating 

to tangible health outcomes in applied sport [17][29]. 

 

Running-related injury prediction has attracted 

substantial research attention given the epidemiological 

burden of running injuries affecting 40-80% of recreational 

runners annually and the availability of GPS-IMU 

monitoring data from consumer wearables. The 

multidisciplinary machine learning framework developed by 

Ceyssens et al. (2026) for running injury prediction 

integrated biomechanical features derived from a sacral 

IMU, training load metrics from GPS watches, and 

physiological variables from heart rate monitoring [25][36]. 

By combining these heterogeneous data streams in a gradient 

boosting model, the framework achieved prospective injury 

prediction AUC of 0.73 substantially exceeding 

biomechanics-only (AUC=0.61) and training load-only 

(AUC=0.64) baseline models providing empirical support for 

the multimodal data integration principle and quantifying the 

incremental contribution of biomechanical features to injury 

prediction beyond what training load data alone can provide 

[25]. 

 

Real-time wearable biomechanics frameworks for field-

based injury prevention monitoring represent the 

operationally deployed frontier of the injury prediction 

application domain. The system evaluated by Jameel et al. 

(2026) deployed an array of IMU sensors at the knee, hip, 

and shoulder joints plus sEMG electrodes on six muscle 

groups across 50 athletes during standardized training 

sessions, feeding preprocessed biomechanical features into a 

real-time LSTM risk classifier through a mobile edge 

computing architecture [11]. The system demonstrated 

robust performance in realistic training environments subject 

to wireless connectivity constraints, sensor occlusion, and 

movement artefact contamination, with latency below 200 

ms from data acquisition to risk alert generation a temporal 

requirement for real-time intervention applicability. 

Integration with athlete management platform APIs enabled 

direct communication of elevated risk alerts to medical staff 

mobile devices, closing the loop between biomechanical 

monitoring and clinical response in operational sport 

environments [11][33]. 

 

5.2. Performance Optimization 

Performance optimization applications leverage AI 

biomechanical analysis to identify technique inefficiencies, 

quantify performance-limiting movement patterns, and 

enable objective tracking of technique modification 

interventions [10][27]. The foundational vision articulated by 

Nunome (2006) that sports biomechanics analysts should 

identify movement errors and predict injury risks through 

systematic movement characterization has been substantially 

realized through AI systems capable of extracting and 

processing the high-dimensional kinematic data required for 

such analyses at scale [10]. Modern AI performance 

optimization systems compare individual athlete movement 

signatures against models of elite performance derived from 

large motion capture databases, identifying deviation 

patterns amenable to technical intervention and predicting 

their quantitative impact on performance metrics such as 

sprint velocity, jump height, or throwing distance. 

 

Sprint biomechanics optimization through visual 

tracker-based kinematic analysis was systematically 

evaluated by Morin et al. (2025), who compared five 

computer vision tracking algorithms for extracting trunk 

inclination, hip flex-extension angle, and knee flex-extension 

range across standardized sprint trials [26]. The study 

identified optimal algorithmic configuration for each 

kinematic variable and established the practical accuracy 

requirements for technique-relevant kinematic parameter 

estimation findings that directly inform the selection of 

computer vision tools for automated sprint coaching 

feedback applications. Artificial neural network approaches 
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for predicting sport-specific performance outcomes from 

biomechanical inputs have demonstrated efficacy across 

throwing events (javelin, discus, shot put), football kicking 

mechanics, and swimming stroke efficiency, consistently 

outperforming regression-based approaches when feature 

dimensionality is high relative to sample size [27]. 

 

Evolutionary computation-based performance 

optimization represents a distinct AI paradigm from 

predictive modeling, using iterative simulation and selection 

processes to discover biomechanically optimal movement 

solutions. Applications to soccer throw-in technique 

optimization and sprint start mechanics have demonstrated 

convergence to technique profiles that outperform 

empirically derived coaching guidelines [27]. The deep 

learning applications in sports performance analysis narrative 

review by Baca et al. (2025) identified a consistent trend 

toward end-to-end systems integrating video input, 

automated kinematic extraction, AI performance scoring, and 

automated prescription generation a workflow that reduces 

the manual analysis burden on sports scientists while 

improving the temporal resolution and objectivity of 

performance feedback delivery [27]. The integration of 

biomechanical performance analysis with physiological 

monitoring and environmental context data (surface type, 

temperature, equipment specifications) through multimodal 

AI platforms represents the current development frontier for 

performance optimization systems. 

 

5.3. Rehabilitation and Recovery 

AI biomechanics applications in rehabilitation and 

recovery monitoring address the critical transition period 

between injury occurrence and return to full competitive 

participation a phase characterized by high reinjury risk, 

complex and individually variable recovery trajectories, and 

frequent uncertainty about progression readiness [5][14][15]. 

Traditional return-to-sport decision-making relies on time-

based protocols and subjective clinical assessment, which 

inadequately account for the substantial biomechanical 

variability in recovery progression between individuals with 

nominally identical injury profiles. AI biomechanical 

monitoring systems provide objective, continuous, and 

individualized quantification of movement quality recovery 

that can inform data-driven progression decisions. 

 

The Biomechanics-Informed Generative AI (BIGE) 

model, developed and reported in 2025, represents a novel 

generative approach to rehabilitation exercise prescription 

[15]. BIGE was trained on a large corpus of athlete 

movement biomechanics data with biomechanical constraint 

enforcement, enabling generation of exercise sequences 

optimized for progressive biomechanical loading within the 

functional capacity of the recovering athlete. Unlike 

discriminative AI models that classify or predict from fixed 

input-output relationships, BIGE generates tailored 

rehabilitation exercise prescriptions dynamically adapted to 

real-time biomechanical monitoring data, operationalizing 

the concept of biomechanically-informed adaptive 

rehabilitation. Early clinical evaluation results reported by 

the MedicalXpress team demonstrated superior adherence to 

prescribed movement quality criteria compared to 

standardized rehabilitation protocols, with potential to 

accelerate return-to-sport timelines while reducing reinjury 

risk through more precisely calibrated progressive loading. 

 

The Attention-Enhanced Convolutional BiLSTM model 

for predicting recovery outcomes in sports injuries addresses 

the prospective prediction challenge: given current 

biomechanical assessment data, predict the likely recovery 

trajectory and milestone achievement timeline [14]. The 

architecture's bidirectional temporal processing enables 

detection of subtle biomechanical asymmetry patterns and 

movement compensation strategies that precede clinical 

deterioration or recovery plateau events. Multi-head attention 

mechanisms provide temporal attribution maps identifying 

which phases of assessed movement tasks such as single-leg 

landing or change-of-direction tasks carry the greatest 

predictive weight for recovery outcome forecasting. These 

attribution maps directly inform clinical decision-making by 

focusing therapist attention on the most recovery-relevant 

movement quality dimensions during assessment sessions 

[14][34]. 

 

5.4. Real-Time Game Analytics 

Real-time game analytics represents the operationally 

most demanding application domain for sports biomechanics 

AI, requiring low-latency inference from live sensor streams, 

robust performance under variable and uncontrolled field 

conditions, and seamless integration with existing athlete 

management and coaching technology ecosystems [12][13]. 

The deployment of markerless motion capture and computer 

vision-based biomechanical analysis in real sporting 

environments enabled by the accuracy and processing 

efficiency advances documented in recent pose estimation 

research has opened a new analytical frontier in which 

quantitative biomechanical data is no longer restricted to 

scheduled laboratory assessments but flows continuously 

from competitive and training environments. 

 

Differentiable biomechanics frameworks that integrate 

physical movement constraints into neural network 

architectures have demonstrated the capacity to infer 

biomechanically consistent 3D kinematics from two-view 

real-world video captured without controlled laboratory 

conditions [13]. This capability enables passive, 

infrastructure-light biomechanical monitoring of athletes 

during competition extracting sprint mechanics, change-of-

direction kinematics, and landing biomechanics from 

existing broadcast or coaching video feeds without 

specialized sensor deployment. Real-time fatigue detection 

through biomechanical pattern monitoring is an emerging 

real-time analytics application of substantial practical value: 

progressive alterations in ground contact time, vertical 

oscillation, and limb symmetry indices provide sensitive and 

sport-specific markers of neuromuscular fatigue that can 

trigger load management interventions before performance 

or injury risk reaches critical thresholds [11][27]. 

 

The sensor data requirements for automatic recognition 

of athletic tasks in field environments have been 
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systematically characterized, establishing the minimum 

sensor configurations necessary for reliable classification of 

sport-specific movement types [31]. Studies confirm that 

strategically positioned IMU combinations can reliably 

distinguish more than 20 athletic task categories with 

accuracy exceeding 90%, providing the movement 

classification foundation required for automated event 

tagging in continuous monitoring data streams. Live 

performance dashboards integrating biomechanical metrics 

from multiple simultaneously monitored athletes requiring 

real-time multi-sensor data ingestion, synchronization, 

feature extraction, model inference, and visualization 

pipeline management represent the integrated system 

challenge at the frontier of sports technology development, 

demanding software architecture and edge computing 

capabilities that extend substantially beyond the AI model 

design challenges addressed in the research literature 

[12][27]. 

 

6. Experimental Results and Comparative 

Analysis 
Synthesizing experimental results across the diverse 

corpus of AI sports biomechanics studies reviewed in this 

paper reveals consistent and reproducible performance 

patterns that extend beyond the specific architectural and 

dataset configurations of any individual study. The 

benchmark results presented in this section are drawn 

exclusively from peer-reviewed publications and preprint 

studies meeting minimum methodological quality criteria: 

subject-independent evaluation, explicit reporting of 

evaluation metrics and validation methodology, and 

comparison against at least one alternative model or baseline 

[6][8][9][17][18]. The synthesis reveals four dominant 

performance clusters corresponding to task type: kinetic 

estimation from IMU data (R² 0.85-0.91), injury risk 

classification (AUC 0.68-0.82, accuracy 88-95%), motion 

recognition and classification (accuracy 85-95%), and 

recovery/rehabilitation outcome prediction (F1 0.72-0.88). 

 

For kinetic estimation tasks principally vertical ground 

reaction force prediction from wearable IMU sensors the 

CNN-xLSTM architecture establishes the current published 

benchmark at R²=0.909 ± 0.064 with MAPE=2.18% across 

five running speeds, outperforming standalone CNN 

(R²=0.847), standalone LSTM (R²=0.862), and Random 

Forest regression (R²=0.801) baselines on the same 29-

participant dataset [6]. The RMSE values of 4.976 (RMSE) 

and MAE of 3.698 reported for joint angle estimation from 

IMU data by the attention mechanism-augmented 

architecture provide a useful performance reference for 

kinematic estimation applications, with attention mechanism 

augmentation providing approximately 12% accuracy 

improvement over non-attention LSTM on the 12-activity 

evaluation dataset [21]. 

 

Injury risk classification performance spans a wide 

range across studies, reflecting substantial heterogeneity in 

injury definition criteria, sport context, follow-up window 

length, and biomechanical feature set composition. The 

highest published classification accuracy of 94.2% (SVM, 

real-time monitoring system) was achieved under 

retrospective classification conditions with balanced classes, 

likely representing an optimistic estimate of prospective 

prediction performance [8]. Prospective injury prediction 

studies methodologically more demanding and clinically 

more relevant report AUC values in the range 0.70-0.82 for 

optimized ensemble methods, with the multidisciplinary 

running injury prediction framework achieving AUC=0.73 

and the professional football muscle injury prediction model 

achieving AUC=0.71-0.75 depending on the injury type and 

prediction window [17][25]. Commercial platform systems 

integrating broader multimodal data including physiological 

monitoring and historical injury records report prospective 

accuracy up to 95%, though independent third-party 

validation of these claims remains limited [3][32]. 

 

Motion classification and recognition tasks consistently 

achieve the highest absolute accuracy values in the surveyed 

literature, reflecting the comparative simplicity of 

discriminating between distinct movement categories versus 

predicting rare injury events or continuous biomechanical 

quantities. The dual-stream LSTM architecture for complex 

physiological state estimation achieved 93.1% motion 

classification accuracy with 3.8% load modeling error, while 

the CNN-LSTM multimodal fusion system achieved 87.1-

88.2% activity classification accuracy [9][20]. Figure 3 

presents a visual comparison of these benchmark results 

across eight representative architectures, illustrating the 

performance gradient from classical ML through hybrid deep 

learning to multimodal fusion systems. The consistent 

pattern across task types is that architectural complexity 

produces diminishing returns when applied to well-

engineered feature representations, but provides substantial 

gains when processing raw time series data requiring 

automated feature learning. 
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Fig 3: Comparative Performance of AI Architectures Across Sports Biomechanics Tasks 

 

Performance values represent accuracy (%) for 

classification tasks or R²×100 for regression tasks. Results 

synthesized from [3][6][8][9][14][18][20][21]. Multimodal 

Fusion = commercial platform result [3]; CNN-xLSTM = 

R²×100 [6]; BiLSTM+Attn = motion classification [9][14]. 

 

Table 4: Synthesized Experimental Results Across Studies 

Study Sport N AI Method Data Sources Primary 

Outcome 

Best Performance Year 

Chen et al. Running 29 CNN-xLSTM 8 IMUs (limbs/trunk) Vertical GRF 

prediction 

R²=0.909; 

MAPE=2.18% 

2025 

Zheng et al. Multi-

sport 

N/A SVM, Deep 

Learning 

Wearable sensors, 

video 

Real-time injury 

monitoring 

Acc=94.2%; 

Sens=92.5% 

2024 

Martins et al. Football 300 Random 

Forest 

GPS, sEMG, 

biomech tests 

Muscle injury 

prediction 

AUC=0.71-0.75 2025 

Li et al. Aerobics ~40 CNN-LSTM 

Fusion 

IMU, pressure 

sensors 

Activity 

classification 

Acc=88.2% (high-

intensity) 

2025 

Wang et al. Multi-

sport 

N/A Dual-stream 

LSTM 

Multi-sensor 

physiological 

Motion 

classification 

Acc=93.1%; Load 

err=3.8% 

2026 

Ceyssens et 

al. 

Running N/A Gradient 

Boosting 

IMU, GPS, HR 

monitor 

Running injury 

prediction 

AUC=0.73 

(multimodal) 

2026 

Jameel et al. Multi-

sport 

50 LSTM + 

wearable 

IMU (knee, hip, 

shoulder) + sEMG 

Real-time risk 

alert 

95% injury 

prediction 

2026 

Healify AI 

Platform 

Fitness / 

Sport 

N/A Ensemble 

ML 

Wearable + EHR Injury risk scoring Up to 95% 

accuracy 

2025 

Zhang & Liu Multi-

sport 

N/A Attn-

BiLSTM 

Kinematic + clinical 

records 

Recovery outcome 

prediction 

Superior AUC vs. 

LSTM 

2025 

Source: N = sample size (number of athletes); GRF = ground reaction force; sEMG = surface electromyography; HR = heart 

rate; EHR = electronic health record; Attn = attention. Compiled from [3][6][8][9][11][14][17][20][25][32]. 

 

Across all experimental results synthesized, three 

methodological patterns consistently distinguish higher-

performing systems from lower-performing alternatives. 

First, multimodal data integration — combining kinematic, 

kinetic, physiological, and contextual data streams 

outperforms single-modality approaches by 5-15 percentage 

points on comparable tasks [7][11][25]. Second, temporal 

deep learning architectures (LSTM-family, transformer) 

outperform classical ML on raw time series prediction tasks 

but show comparable performance on well-engineered 

feature sets. Third, attention mechanism augmentation 

consistently improves performance (5-15% relative 

improvement) on tasks requiring discrimination of 

biomechanically significant from biomechanically 

inconsequential temporal patterns particularly movement 

phase transitions and fatigue-associated pattern changes 

[14][21]. These three principles multimodal integration, 

architecture-data alignment, and attention augmentation 

constitute practical design heuristics for future AI sports 

biomechanics system development. 

 

7. Ethical Considerations and Limitations 
7.1. Data Privacy and Athlete Rights 

The biometric and biomechanical data required to train 

and operate AI sports prediction systems constitutes a 

category of sensitive personal information demanding robust 

governance frameworks that extend beyond general data 

protection regulations. Continuous monitoring of body 
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movement patterns, physiological states, and fatigue 

indicators generates intimate longitudinal profiles of athlete 

physical condition information with profound implications 

for contract negotiations, insurance assessments, selection 

decisions, and post-career health considerations [3][17]. The 

General Data Protection Regulation (GDPR) in the European 

Union and emerging state-level athlete data protection 

legislation in the United States establish minimum standards 

for data collection consent, purpose limitation, storage 

security, and subject access rights, but leave many domain-

specific questions unresolved particularly regarding the 

rights of athletes to access, correct, and delete AI prediction 

outputs generated from their biomechanical data. 

 

The question of data ownership specifically, who holds 

rights to the biomechanical data generated by athletes during 

team training and competition activities represents a legally 

contested and ethically complex dimension of sports AI 

deployment. Athletes may reasonably argue that their 

movement data is an expression of their physical identity and 

should remain under their control; sports organizations 

funding the sensor systems and data management 

infrastructure assert competing ownership claims; 

technology providers operating data processing platforms 

contribute a further dimension of proprietary interest [3]. The 

absence of clear legislative resolution of these competing 

claims creates legal uncertainty that inhibits both responsible 

innovation and athlete protection. Recommended practice 

includes athlete-negotiated data use agreements specifying 

permissible uses, storage duration, and third-party sharing 

restrictions as standard components of athlete contracts at 

professional sport organizations deploying AI biomechanics 

systems. 

 

7.2. Model Interpretability and Trust 

The complexity of high-performing AI architectures 

particularly deep learning models processing high-

dimensional multimodal time series creates fundamental 

tension with the interpretability requirements of medical and 

athletic performance application contexts [19][30]. Medical 

practitioners responsible for injury prevention and 

rehabilitation decisions require mechanistic understanding of 

why a model has generated a specific risk prediction not 

merely confidence that the model performs well at a 

population level before that prediction can influence clinical 

decision-making. The "black box" characterization of deep 

neural networks, while technically imprecise for models with 

available attention weight visualizations and gradient-based 

feature attribution methods, accurately describes the 

experience of clinicians and coaches attempting to use 

complex AI outputs without appropriate visualization and 

explanation interfaces. 

 

Explainable AI (XAI) techniques including SHAP 

values, Local Interpretable Model-agnostic Explanations 

(LIME), integrated gradients, and attention weight 

visualization provide partial but valuable windows into the 

decision processes of complex biomechanical AI models 

[19][33]. The explainable ML study by Cust et al. (2024) 

demonstrated that SHAP analysis of XGBoost injury 

predictions could identify the most influential biomechanical 

features in a format directly interpretable by sports medicine 

teams, generating actionable clinical insights that were 

subsequently incorporated into team injury prevention 

protocols [19]. However, SHAP explanations for deep 

learning models remain approximate and sometimes 

misleading in the presence of correlated features a pervasive 

characteristic of biomechanical data motivating continued 

development of biomechanics-specific interpretability 

methods that incorporate domain knowledge about 

physiological feature relationships. Clinical validation of AI 

injury prediction outputs through prospective cohort studies 

with independent expert adjudication of injury events and 

prediction accuracy should be a prerequisite for deployment 

in injury prevention protocols influencing athlete selection 

and training load decisions. 

 

7.3. Bias and Fairness 

Training data composition biases in sports biomechanics 

AI datasets risk producing models that perform reliably for 

the demographic groups well-represented in the training 

corpus while providing unreliable predictions for 

underrepresented populations [18][30]. The biomechanical 

data used to train most contemporary AI sports injury 

prediction models is drawn predominantly from male, 

professional athletes competing in team sports in high-

income countries a population that differs substantially in 

biomechanical characteristics, injury risk profiles, and 

response to training load from female athletes, youth 

athletes, recreational participants, and athletes from different 

cultural and socioeconomic backgrounds. These 

demographic representation gaps in training data translate 

directly into performance disparities: models trained on 

professional male football player data cannot be expected to 

provide reliable injury predictions for female collegiate 

soccer players or masters-age recreational runners without 

substantial recalibration or domain adaptation. 

 

Addressing demographic bias in sports biomechanics AI 

requires systematic attention to dataset construction 

practices, model evaluation disaggregated by demographic 

subgroups, and explicit reporting of population scope 

limitations in published research [33]. The scoping review 

methodology in sports injury prediction ML research which 

aggregates findings across studies using heterogeneous 

populations, sport types, and biomechanical definitions risks 

concealing demographic performance disparities within 

overall pooled metrics. More rigorous demographic 

stratification in both primary studies and systematic reviews, 

combined with targeted data collection programs for 

underrepresented athlete populations, is necessary to develop 

AI biomechanics systems with genuinely broad applicability. 

Additionally, algorithmic fairness considerations must 

inform the design of risk prediction outputs: a model that 

achieves equivalent overall accuracy while systematically 

misclassifying injury risk for a specific demographic 

subgroup may cause harm through both under- and over-

prediction of injury risk in that population. 
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7.4. Technical Limitations 

The most consequential technical limitation confronting 

sports biomechanics AI research is the laboratory-to-field 

translation gap: the substantial performance degradation 

observed when models trained on controlled laboratory data 

are deployed in real-world athletic environments subject to 

variable lighting, temperature, surface properties, equipment 

configurations, opponent interactions, and the full spectrum 

of naturally occurring movement variability [1][12]. The vast 

majority of model development and validation in the 

reviewed literature was conducted in laboratory settings 

using standardized movement task protocols conditions that 

facilitate experimental control and measurement quality but 

inevitably underrepresent the messy complexity of 

competitive sport. The systematic evaluation of model 

performance under realistic field conditions, including 

deliberate testing under challenging sensor placement, signal 

quality degradation, and movement variability conditions, 

should be a standard phase of model validation before field 

deployment. 

 

Small sample sizes constitute a pervasive limitation in 

sports biomechanics AI research, reflecting the practical and 

logistical constraints of athlete recruitment and longitudinal 

monitoring programs. Many published studies employ fewer 

than 30 participants insufficient to train the complex deep 

learning models that are frequently evaluated, and inadequate 

for stable estimation of injury prediction model performance 

in populations where injury incidence rates may be below 

30% annually [6][29]. Statistical power calculations 

performed a priori, effect size reporting in addition to 

significance testing, and transparent reporting of confidence 

intervals around performance metrics would substantially 

improve the interpretability and replicability of reported 

results. The absence of shared benchmark datasets and 

standardized evaluation protocols across research groups 

impedes meaningful cross-study performance comparison 

and inhibits cumulative scientific progress challenges that 

federated learning approaches and community-sponsored 

benchmark dataset initiatives could partially address without 

requiring centralized data pooling that raises athlete privacy 

concerns [1][30]. 

 

8. Strategic Recommendations 
Based on the systematic review of AI biomechanics 

architectures, experimental results, and ethical considerations 

presented in this paper, eight strategic recommendations are 

advanced for researchers, practitioners, and technology 

developers seeking to advance the field and maximize the 

positive impact of AI predictive systems on athlete health 

and performance [1][18][30]. These recommendations are 

organized in approximate priority order, with higher-ranked 

items addressing foundational capability gaps whose 

resolution is prerequisite to progress on subsequent items. 

 Recommendation 1: Standardize biomechanical 

data collection protocols. The field's inability to 

perform meaningful cross-study performance 

comparison or aggregate datasets for large-scale 

model training is fundamentally attributable to 

heterogeneous sensor configurations, movement 

task batteries, anatomical landmark definitions, and 

data format conventions across research groups 

[1][11]. A community consensus process analogous 

to the SENIAM standards for sEMG signal 

processing or the Clinical Gait Analysis consensus 

guidelines should establish minimum reporting 

standards for sensor type, placement, sampling rate, 

calibration procedure, and movement task 

specifications. These standards should be jointly 

developed by biomechanics, sports medicine, and 

AI research communities to ensure both technical 

rigor and practical field applicability. 

 Recommendation 2: Prioritize multimodal fusion 

architecture development. The consistent and 

substantial performance advantage of multimodal 

systems over single-modality approaches 

documented across injury prediction, motion 

classification, and force estimation tasks makes 

multimodal architecture investment the highest-

expected-value technical research direction in sports 

biomechanics AI [7][11][25]. Research programs 

should specifically investigate cross-modal attention 

mechanisms optimized for biomechanical data 

characteristics, missing modality robustness 

strategies enabling deployment when individual 

sensors are unavailable, and lightweight multimodal 

architectures suitable for edge computing 

deployment on commodity hardware. 

 Recommendation 3: Bridge the laboratory-to-field 

translation gap. Systematic investment in field 

validation studies deploying and evaluating AI 

biomechanics systems in authentic training and 

competition environments rather than exclusively in 

laboratory settings is necessary to establish the real-

world utility of current architectures [12][13]. 

Markerless motion capture, IMU-only wearable 

configurations, and edge computing architectures 

enabling on-device inference without cloud 

connectivity dependency should be prioritized for 

development and validation. Robustness testing 

under challenging conditions including sensor 

occlusion, signal dropout, and extreme 

environmental conditions should be standard 

components of model evaluation protocols before 

deployment. 

 Recommendation 4: Embed explainability from 

system design inception. Retrospective application 

of interpretability techniques to already-trained 

black-box models is substantially less effective than 

designing inherently interpretable architectures 

incorporating attention mechanisms with 

biomechanically meaningful attention bases, 

structured intermediate representations encoding 

known biomechanical entities, and explicit 

uncertainty quantification from the outset of system 

design [19][33]. Clinical deployment readiness 

criteria should specify minimum interpretability 

standards: at minimum, the system should be able to 

identify the top biomechanical features contributing 

to each prediction and map those features to 
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anatomically and physiologically interpretable 

entities that clinical users can verify against their 

domain knowledge. Attention weight visualization 

interfaces should be developed as standard 

components of AI biomechanics system deployment 

packages. 

 Recommendation 5: Invest in longitudinal dataset 

construction. The injury prediction capability that 

sports science most urgently requires prospective 

identification of athletes at risk of injury weeks or 

months before symptom onset is fundamentally 

impossible to develop and validate without 

longitudinal datasets spanning multiple competitive 

seasons with consistent biomechanical monitoring 

and systematic injury surveillance [17][25]. 

Research funding agencies and sports organizations 

should prioritize multi-year monitoring program 

investments that generate the data infrastructure 

necessary for prospective injury prediction model 

development, even when shorter-term study designs 

would deliver publishable results more quickly. 

Return-on-investment analyses demonstrating the 

economic value of injury prevention through 

avoided treatment costs, reduced performance 

revenue losses, and extended athlete career 

durations provide compelling justification for these 

longer-term data investments in sport organization 

contexts. 

 Recommendation 6: Establish ethical governance 

frameworks for athlete AI data. The absence of 

clear, sport-specific governance standards for 

athlete biometric and biomechanical data use 

including data ownership principles, permissible use 

specifications, algorithmic decision audit rights, and 

third-party sharing restrictions creates both athlete 

protection risks and legal uncertainty that hampers 

responsible innovation [3]. Professional sport 

governing bodies, athlete representative 

organizations, and technology regulatory agencies 

should collaborate on governance framework 

development that balances innovation enablement 

with athlete rights protection. Athlete data literacy 

programs enabling athletes to understand the AI 

systems analyzing their performance data and the 

implications of model-informed decisions affecting 

their careers should be incorporated into sports 

organization athlete education requirements. 

 Recommendation 7: Pursue real-time edge 

deployment optimization. The transformative 

potential of AI biomechanics for real-time 

performance feedback, intra-session fatigue 

monitoring, and on-field injury risk management 

requires inference latencies well below 500 ms with 

power consumption compatible with battery-

powered wearable operation [11][12]. Research 

investment in model compression techniques 

quantization, pruning, knowledge distillation 

specifically applied to biomechanical AI 

architectures, and in hardware-software co-

optimization for embedded sport sensor platforms, 

is necessary to bridge the gap between laboratory-

validated deep learning models and field-deployable 

real-time systems. The TinyML research 

community's approaches to ultra-low-power neural 

network deployment provide relevant 

methodological resources that sports biomechanics 

AI researchers should actively engage. 

 Recommendation 8: Foster systematic 

interdisciplinary collaboration. The most impactful 

AI sports biomechanics systems reviewed in this 

paper were developed by teams integrating deep 

expertise in sports science, biomechanics, clinical 

sports medicine, data science, and software 

engineering a multidisciplinary composition rarely 

assembled within any single research group or 

sports organization [1][27]. Funding mechanisms, 

institutional structures, and publication venues that 

incentivize and facilitate sustained interdisciplinary 

collaboration rather than disciplinary silo 

development are prerequisite to sustained progress. 

Graduate training programs at the intersection of 

sports science and machine learning, and researcher 

exchange programs between academic 

biomechanics laboratories and technology 

companies developing sports AI platforms, 

represent promising structural interventions for 

accelerating interdisciplinary capability 

development in the field. 

 

9. Conclusion 
This paper has provided a comprehensive examination 

of artificial intelligence predictive models in sports 

biomechanics, spanning foundational data acquisition 

methodologies, state-of-the-art AI architectures, 

experimental performance benchmarks, application domains, 

and the ethical and governance dimensions of responsible 

deployment. The synthesis of 36 key studies drawn from 

peer-reviewed literature spanning 2019-2026 reveals a field 

that has matured substantially from its origins in simple 

artificial neural network applications to isolated 

biomechanical variables, achieving levels of predictive 

capability 95% injury prediction accuracy, R²=0.909 for 

kinetic estimation, 93.1% motion classification that 

demonstrate genuine clinical and operational utility 

[3][6][8][9]. Critically, these performance levels are now 

achievable in field-deployable configurations using wearable 

sensor systems and commodity computing hardware, 

representing a fundamental advance beyond the laboratory-

confined systems that characterized the field through the 

early 2020s. 

 

Three structural patterns characterize the current state of 

AI sports biomechanics that will shape the field's trajectory 

over the coming decade. First, the consistent performance 

advantage of multimodal data integration over any single 

modality establishes that comprehensive biomechanical AI 

systems must be designed around data fusion principles from 

the outset, rather than treating multimodal integration as an 

optional enhancement [7][11][25]. Second, the persistent 

laboratory-to-field performance gap reflecting both 
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differences in data quality and the fundamental difference 

between standardized laboratory tasks and the open-ended 

biomechanical complexity of competitive sport identifies 

field validation as the critical outstanding development 

challenge for applied sports AI. Third, the growing 

recognition that AI biomechanics predictions have direct 

consequences for athlete health, career, and welfare demands 

that ethical governance frameworks keep pace with technical 

capability advances rather than lagging behind them, as has 

characterized many previous waves of sports technology 

adoption. 

 

Three future research directions appear particularly 

promising for transformative impact in the field. Foundation 

models for biomechanics large-scale self-supervised models 

pre-trained on diverse biomechanical datasets from multiple 

sports, sensors, and populations offer the potential to 

overcome the small-sample-size limitation that currently 

constrains many sports AI applications by providing rich 

biomechanical representations that can be efficiently fine-

tuned for specific prediction tasks with limited labeled data 

[15][27]. The BIGE model represents an early embodiment 

of this vision for rehabilitation contexts; scaling this 

approach to broader biomechanical applications is a high-

priority research direction. Federated learning architectures 

that enable multiple sports organizations to collaboratively 

train shared AI models without pooling raw athlete data offer 

a technically elegant resolution to the tension between data 

privacy requirements and the large training dataset needs of 

high-performance deep learning enabling the cross-

organization data aggregation that individual team datasets 

cannot provide while respecting athlete data ownership 

principles [1]. 

 

Digital twin frameworks computational models of 

individual athletes that integrate real-time biomechanical 

monitoring data with physiological, training load, and injury 

history information to simulate future states and evaluate 

prospective intervention options represent the integrative 

vision toward which current AI sports biomechanics 

capabilities are converging [5][11]. A digital twin that 

accurately represents an individual athlete's biomechanical 

state could simulate the injury risk implications of proposed 

training load modifications, predict the recovery trajectory 

following different rehabilitation protocol variations, or 

identify the technique adjustments most likely to improve 

performance for that specific individual's morphology and 

movement patterns. While full realization of this vision 

remains years distant, the individual component technologies 

multimodal sensor integration, continuous monitoring, AI 

prediction, and biomechanical simulation have each 

advanced sufficiently to make the integrative framework 

technically credible as a medium-term research objective. 

The convergence of artificial intelligence and sports 

biomechanics has already begun transforming athletic 

science; its most consequential contributions to athlete 

health, performance, and longevity likely lie ahead. 

 

 
Fig 4: Application Domains of AI Predictive Models in Sports Biomechanics. 

 

The four primary domains injury prediction and 

prevention, performance optimization, rehabilitation and 

recovery, and real-time game analytics each receive AI-

system inputs from the central integrated platform, enabling 

cross-domain analytical synergies. Adapted from 

[3][5][11][12][27]. 
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