Journal of Applied Science and Engineering 34 (2026) 26034062

Al-Powered Predictive Analytics For Injury Prevention In Sports:
Integrating Wearable Sensors And Data-Driven Insights

Lidan Song*
Institute of Physical Education, Anyang Normal University, Anyang, Henan 455000, China

*Corresponding author. E-mail: lidansong01@outlook.com

Received: May. 07, 2026; Accepted: Jun. 26, 2026

Sports injuries are increasingly common among athletes, impacting performance and recovery. Current models
struggle to simulate the complex interactions of physiological, biomechanical, and workload factors, limiting
their predictive accuracy. This study proposes a robust framework for accurately predicting sports injuries
through multimodal monitoring. By integrating physiological, biomechanical, environmental, and workload
parameters, the model processes data using algorithms for missing values, normalization, and noise reduction,
followed by Principal Component Analysis. An Informer-based Deep Learning model with a ProbSparse atten-
tion mechanism effectively captures complex feature interactions. Experimental results show the model achieves
accuracy, precision, recall, F1-score, and ROC-AUC of 99.63%, 99.63%, 99.63%, 99.62%, and 99.95%, respectively,
outperforming traditional models like Logistic Regression and Support Vector Machine. This framework
enhances early injury detection, supporting better athlete health management and training optimization.
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1. Introduction

Sports injury prevention and athlete performance monitor-
ing have become critical research areas due to the increas-
ing physical demands placed on athletes in competitive
sports environments [1]. Early sports monitoring relied
on laboratory-based motion analysis and manual obser-
vations; however, wearable technologies now enable con-
tinuous physiological and biomechanical data collection
during real sports activities [2]. Devices such as inertial
measurement units, GPS trackers, pressure sensors, and
smartphone-based sensing systems facilitate large-scale
athlete movement and workload data acquisition in non-
laboratory environments. The adoption of sensor-based
monitoring systems by professional teams and sports orga-
nizations for injury prevention and performance optimiza-
tion has grown substantially across research and academic
settings [3].

Portable sensing systems capturing biomechanical
movement data through inertial sensors and camera-
based devices have been explored for identifying injury-
associated motion patterns, while wearable sensor-based
workload indices have been investigated to detect fatigue
and performance dynamics [4]. Field-based motion anal-
ysis has enabled high-risk movement pattern detection
during sport-specific activities, and machine learning pre-
dictive frameworks have been developed to estimate injury
risk levels and provide early warning feedback during
training and competition [5].

BioMAT, a transformer-based model for joint kinematic
estimation from wearable IMU signals [6], demonstrated
accurate kinematic motion representation but remained
limited in injury risk prediction applicability. [7] explored
sensor feature inputs for joint angle prediction across sim-
ple movements, but was constrained by dataset size and
feature integration limitations. [8] achieved superior injury
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risk prediction by modeling complex multimodal relation-
ships across training, health, and psychological monitoring
data.

The objectives of this study are as follows:

- Develop an Al-based framework for injury risk predic-
tion using multimodal athlete data, including physio-
logical, biomechanical, environmental, and workload
features.

- Implement data preprocessing techniques, including
missing value handling, normalization, and noise re-

duction, to ensure data quality and consistency.

- Apply PCA for dimensionality reduction and im-
proved model efficiency.

- Design an Informer-based deep learning model with
ProbSparse attention for effective temporal depen-
dency learning.

- Evaluate the model using some metrics like Accuracy,
Precision, Recall, F1-Score, and ROC-AUC for injury
and no injury classification.

The remainder of this paper is organized as follows: Sec-
tion 2 reviews related work on sports injury prediction and
wearable sensor-based monitoring; Section 3 presents the
proposed framework; Section 4 discusses experimental out-
comes and performance assessment; Section 5 summarizes
findings and suggests future research directions.

2. Theory and formula

Wearable sensing and machine-learning techniques have
been extensively investigated for sports injury prediction,
rehabilitation, and biomechanical monitoring. Studies [9]
employed inertial measurement units, RGB cameras, depth
sensors, and biomechanical modeling to estimate move-
ment patterns and injury-related parameters. Although
these approaches demonstrated the potential of wearable
technologies for injury monitoring, their applicability was
limited by small datasets, restricted generalizability, and
the lack of standardized clinical tools. Similarly, injury-
risk estimation frameworks [10] utilized athlete monitor-
ing data, including training load, sleep, mood, and injury
records, but were constrained by study-design limitations
and potential bias.

Subsequent research expanded to field-based injury-risk
screening and biomechanical analysis. Studies [11] applied
wearable sensing and performance-testing techniques to
identify ACL injury risks and monitor athletic activities in
real-world settings. While promising results were reported,

limitations such as small sample sizes, limited validation,
and single-athlete evaluations restricted broader applicabil-
ity. Likewise, machine-learning approaches for biomechan-
ical prediction, including foot-pronation prediction during
running [7], achieved encouraging performance but relied
on relatively small datasets and lacked validation across
diverse athlete populations.

Studies using GNSS-IMU, inertial sensors, in-shoe
systems, and deep learning face challenges like limited
datasets, evaluation duration, sensor dependency, and mis-
classification, motivating robust multimodal frameworks

for accurate sports injury prediction.

3. Experimental setup

Fig. 1 illustrates an Al-based sports injury framework that
preprocesses multimodal data, applies PCA for feature
reduction, trains an Informer model, and evaluates injury-
risk prediction using Precision, Recall, F1-score, and ROC-
AUC.

Fig. 1. Proposed workflow for sports injury risk prediction

3.1. Data Collection

The dataset includes 6000 athlete records with more than
30 features [12]. Athlete records with complete multimodal
monitoring data were selected to represent diverse physio-
logical characteristics, performance levels, injury histories,
and sport disciplines, supporting representative population
coverage and model generalizability across heterogeneous
athletes. Biomechanical features include fatigue index, ac-
celeration, angular velocity, and movement metrics. The
dataset contains a binary target variable, injury_risk (1 =
injury, 0 = no injury), with approximately 6000 records,
representing diverse physiological, biomechanical, work-
load, and environmental conditions for reliable predictive
analysis. The dataset was divided into 80% training and
20% testing subsets. Imputation, Z-score normalization,
and PCA were applied only to training data to prevent
leakage. The test set contained 1,086 samples with a mod-
erately imbalanced distribution. The dataset includes team
and individual sports with varying contact exposure, work-
load demands, and biomechanical loading patterns, cap-
tured through physiological, biomechanical, and workload
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features to support injury risk prediction across both set-
tings. Wearable sensor placement affects biomechanical
measurements, as different body locations capture varying
acceleration, angular velocity, and ground reaction force
patterns. This variability was addressed during preprocess-
ing to ensure consistent multimodal feature representation.

3.2. Data Pre-Processing
3.2.1. Missing Value Handling

Missing values were mean-imputed to preserve data in-

tegrity, per Eq. (1).
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Here, x; is imputed value, X; denotes the observed fea-
ture values, and # is the number of observations. Mean
imputation was selected because physiological and biome-
chanical features exhibited approximately symmetric dis-
tributions, making the mean a representative replacement
that preserves sample size, minimizes computational over-
head, and supports stable Informer model training. Miss-
ing values occurred across physiological and biomechani-
cal variables, including heart rate, galvanic skin response,
and ground reaction force. These patterns were anal-
ysed before imputation to ensure reliability and consistent
injury-risk prediction performance.

3.2.2. Data Normalization

Features were Z-score normalized to prevent magnitude
dominance, per Eq. (2).
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[
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Here, X is original value, Xnorm represents the normal-

Xnorm =

ized value, it denotes the feature mean, and o represents the
standard deviation. Z-score normalization ensured equal
feature contribution during gradient updates, preventing
scale dominance. This standardization

accelerated convergence, reduced weight oscillations, main-
tained feature consistency across batches, and supported
stable Informer model training.

3.2.3. Outlier Detection

Outliers were detected using the standardized Z-score
method, as defined in Eq. (3).
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o
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Here, Z represents the standardized score, X is the ob-
served data value and p is the mean. Outlier detection
identified extreme physiological and biomechanical mea-
surements using a Z-score threshold of |Z| > 3. Abnormal

values in features such as heart rate, acceleration, fatigue in-
dex, and ground reaction force were replaced using median-
based imputation to reduce noise while preserving data
distribution before PCA and Informer training.

3.2.4. Feature Representation using Principal Component Analy-
sis (PCA)

PCA reduces dimensionality of physiological, biomechan-

ical, and workload variables using standardized matrix

X € R to compute the covariance matrix C, as shown

in Eq. (4).

C= %XTX 4)

The top k = 15 principal components accounted for
94.58% of total variance, capturing key injury-relevant pat-
terns across physiological, biomechanical, and workload
features. Components beyond PC15 contributed less than
2.08% variance individually and were excluded from sub-
sequent Informer-based classification. Thus, PCA reduces
computational complexity while enhancing feature repre-
sentation for Informer model learning.

3.3. Informer-Based Architecture for Athlete Injury Risk
Prediction

The Informer architecture was adapted for binary injury-
risk classification by replacing the forecasting output with
a sigmoid layer, where p > 0.5 indicates injury-risk and
p < 0.5 indicates no-injury, using k = 15 PCA-reduced fea-
tures as encoder inputs. The Informer model was trained
using Adam optimization with a 0.0001 learning rate, batch
size of 32,100 epochs, ReduceLROnPlateau scheduling, 2
encoder layers, 8 attention heads, GELU activation, 0.1
dropout, and binary cross-entropy loss, as summarized in
Table 1. The selected configuration ensured stable conver-
gence and consistent validation performance. Learning-
rate adaptation and regularization improved generaliza-
tion and prevented overfitting, while final hyperparam-
eters were determined through preliminary experiments
balancing accuracy, stability, and computational efficiency.

Fig. 2 shows Informer architecture processing PCA fea-
tures through encoder-decoder ProbSparse attention and
fully connected layer for injury risk classification.

3.3.1. ProbSparse Self-Attention (Encoder)

ProbSparse attention captures long-range dependencies
selectively, per Eq. (5).

T
Attention(Q, K, V) = Softmax (QK> 1% (5)

iy

In Eq. (5), di is the key-vector dimension for scaling.
ProbSparse attention selects the top-u most informative
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Table 1. Hyperparameter configuration of the Informer-based injury prediction model

Parameter

Value

Optimizer
Learning Rate
Batch Size
Epochs

Learning Rate Scheduler

Encoder Layers
Decoder Layers
Attention Heads
Hidden Dimension
Dropout Rate
Activation Function
Loss Function

Classification Threshold

Adam
0.0001
32
100
ReduceLROnPlateau
2
1
8
512
0.1
GELU
Binary Cross Entropy
0.5

Outputs

Injury @ No Injury 3*

Inputs: Encoded Athlete Feature Tokens

I 0 00[0 0 00

Inputs: PCA-based Athlete Feature Vectors

Fig. 2. Informer encoder—decoder model for athlete injury
risk prediction

queries per attention head, reducing redundant computa-
tions while preserving discriminative feature information.
This improves computational efficiency by lowering mem-
ory consumption and inference latency during training and
deployment. The query Q, key K, and value V matrices are
derived from 15-dimensional PCA feature vectors. Prob-
Sparse attention selects only the top-u informative queries,
reducing computational cost while emphasizing discrimi-
native attributes for injury classification. ProbSparse atten-
tion prioritizes informative physiological, biomechanical,
and workload features, assigning greater focus to injury-
relevant indicators. This selective mechanism improves
computational efficiency and enhances learning of impor-
tant injury-related patterns from multimodal athlete data.

3.3.2. Dependency Pyramid Representation

The Informer encoder uses a layered dependency pyra-
mid to progressively abstract feature relationships. Each
encoder layer transforms 15-dimensional PCA represen-
tations into injury-relevant patterns by integrating phys-

iological, biomechanical, and workload information for
decoding. The dependency pyramid extracts hierarchi-
cal temporal features, where lower layers capture short-
term fluctuations and deeper layers encode long-range de-
pendencies, enabling discrimination between acute biome-
chanical stress and gradual physiological deterioration for
injury-risk prediction.

3.3.3. Decoder Attention Mechanism

The decoder refines injury-relevant feature representa-
tions using masked multi-head ProbSparse self-attention
and cross-attention, preventing future information leak-
age while focusing on discriminative athlete monitoring
features before classification. Certain attention heads cap-
ture physiological, biomechanical, and workload relation-
ships, including heart rate, fatigue index, acceleration, gait
symmetry, and training intensity. Concatenated head out-
puts enable simultaneous recognition of multiple injury-
relevant patterns, improving classification robustness.

3.3.4. Injury Risk Prediction Layer

A fully connected layer maps features to injury-risk proba-
bility via Eq. (6).

y=0(Wh+Db,) (6)

Here Eq. (6), h is the feature vector, W, is the weight
matrix, and b, is the bias term. A decision threshold of 0.5
is applied to the sigmoid output ¥ for binary injury classifi-
cation, while binary cross-entropy loss directly optimizes
discrimination between injury-risk and no-injury classes.

4. Results and discussion

Informer framework effectively predicts sports injury risk.
The confusion matrix records 1032 true negatives and 50
true positives, with 4 false negatives and zero false posi-
tives, yielding a total misclassification rate of 0.37% across
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1086 test samples. Informer outperforms baselines: 99.63%
accuracy, 99.95% ROC-AUC.

4.1. System Specification
Framework runs on Intel i5-14400 with 16 GB RAM, UHD

730, 477 GB storage, Windows 11 Pro, supporting PCA and
Informer training.

4.2. Model Evaluation
The Informer achieves reliable injury classification using
Accuracy, Precision, Recall, F1-score, and ROC-AUC, out-
performing Logistic Regression, Naive Bayes, MLP, and
SVM.

Fig. 3 shows Informer metrics: 0.9963 accuracy, preci-
sion, recall, 0.9962 F1-score, and 0.9995 ROC-AUC, indicat-
ing strong, balanced injury risk prediction.

Performance Metrics

1.002

1.000 0.9995

0.998
4 0.9963 0.9963 0.9963 0.9962
5]
% 0.996

0.994

0.992
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Metrics

Fig. 3. Proposed Model Performance Metrics
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Fig. 7 shows stable convergence with training accuracy
of 0.97 and validation accuracy of 0.95, with both curves
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exhibiting minimal fluctuations throughout training, indi-

cating reliable learning behaviour and strong generaliza-

tion, further confirmed by the final test accuracy of 99.63%
on the held-out dataset.

Fig. 5 shows Informer outperforms Logistic Regression,
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Naive Bayes, MLP, and SVM with near-perfect ROC-AUC
0.9995 for injury prediction.

Fig. 6 shows only 4 misclassifications (0.37%) among
1086 samples, with zero false positives, confirming effective
injury classification.

4.3. Comparative Performance Analysis of Machine
Learning Models for Injury Prediction

Informer outperforms traditional models through attention-
based multimodal feature learning. The Informer requires
higher training time of 148 seconds with O(nlogn) com-
plexity; however, its inference time of 0.91 ms/sample
is lower than MLP (1.95 ms/sample) and SVM (1.42
ms/sample), and its ProbSparse attention ensures scalable
real-time wearable sensor-based athlete monitoring with-
out significant latency, as summarized in Table 2.

Fig. 7 shows Informer outperforms traditional ML mod-
els with 0.9963 accuracy, 0.9995 ROC-AUC, and 0.9963 pre-
cision in injury prediction.

Table 3 presents five-fold cross-validation results, with
accuracies ranging from 99.45% to 99.72%. A mean accu-
racy of 99.58% and 0.09 standard deviation confirm strong
stability, robustness, and reliable generalization.

4.3.1. Calibration Analysis

Table 4 shows reliable probability estimates, with low Brier
Score, ECE, and MCE indicating minimal calibration er-
ror, supporting the practical use of predicted injury-risk
probabilities for decision-making in athlete monitoring and
injury prevention.

4.4. Performance Comparison

Informer outperforms existing methods on standard met-
rics, thanks to multimodal integration and advanced tech-
niques, as shown in Table 5.

The Informer model is selected over LSTM and GRU
because they suffer from vanishing gradients over long
monitoring sequences, making them unable to capture cu-
mulative fatigue and workload spikes that precede injuries.
The Temporal Fusion Transformer incurs higher computa-
tional cost without proportional performance gain. CNN-
LSTM models combine convolutional feature extraction
with LSTM-based sequence learning but are limited by
fixed receptive fields and vanishing gradients. Informer’s
ProbSparse attention captures long-range temporal depen-
dencies across entire sequences, enabling superior mod-
eling of cumulative fatigue and workload escalation pat-
terns critical for sports injury detection. Table 6 compares
the proposed Informer with [15], where ProbSparse self-
attention captures global multimodal dependencies and

long-range feature interactions, enabling more effective
attention-weighted injury classification than LSTM-FCN.

Table 7 compares dimensionality reduction methods,
showing PCA achieved the highest accuracy and ROC-
AUC. Despite capturing complex relationships, nonlinear
approaches were less effective, supporting PCA as the opti-
mal feature representation technique.

4.5. Discussion

Sports injuries are classified as overuse injuries from repet-
itive strain, fatigue, and workload escalation, or acute in-
juries from sudden trauma, acceleration spikes, and abnor-
mal ground reaction forces. The proposed framework ad-
dresses both categories by integrating physiological indica-
tors such as heart rate and fatigue index for overuse pattern
detection, and biomechanical parameters such as acceler-
ation and ground reaction force for acute injury risk iden-
tification. Multimodal Informer achieves 99.63% accuracy,
99.95% ROC-AUC, 99.63% precision. The high accuracy
and ROC-AUC values may raise concerns regarding po-
tential overfitting. The stable training-validation accuracy
trend, gradual convergence behaviour, and strong perfor-
mance on the held-out test set indicate effective generaliza-
tion of the proposed model. The near-perfect performance
values are further supported by the balanced class distribu-
tion across diverse physiological conditions, biomechanical
movement patterns, and workload intensities, reducing the
likelihood of class imbalance bias influencing predictive
outcomes. Broader validation using independent athlete
datasets collected under field conditions remains neces-
sary to strengthen the interpretation and generalizability of
these highly accurate predictive outcomes beyond the cur-
rent controlled dataset evaluation. Informer-based models
outperform traditional methods for injury prediction. The
dataset is sourced from a public repository and may not
fully represent physiological and biomechanical variability
across diverse athlete populations, sport disciplines, and
performance levels. Prospective evaluation across different
sport disciplines and athlete populations is required be-
fore practical deployment in real-world sports monitoring
environments. Performance across varying sensor config-
urations and sport-specific movement patterns requires
further evaluation using larger and more diverse athlete
datasets to improve model generalization and practical
applicability.

5. Conclusion

An Informer-based multimodal approach utilizing athlete
monitoring data was used to develop the framework to
predict athletes who are at risk of sustaining an injury. The
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Table 2. Computational complexity and inference efficiency comparison across models

Model Training Time (s) Inference Time (ms/sample) Complexity
Logistic Regression 12 0.18 O(n)
Naive Bayes 8 0.12 O(n)
SVM 84 1.42 O (n?)
MLP 105 1.95 O(n-L)
Informer 148 0.91 O(n log n)

Table 3. Five-Fold Cross-Validation Results

Fold Accuracy (%)
Fold 1 99.45
Fold 2 99.54
Fold 3 99.72
Fold 4 99.63
Fold 5 99.58

Mean + Std 99.58 + 0.09

Table 4. Calibration Analysis Results

Metric Value

Brier Score 0.0064

Expected Calibration Error (ECE)  0.0081
Maximum Calibration Error (MCE)  0.0143

Table 5. Performance Comparison with Recent Sports Injury Prediction Studies

Method Accuracy (%) ROC-AUC (%) Precision (%)
BioMAT Transformer [6] 94.20 95.10 93.60
Foot Pronation Prediction [13] 74.70 88.20 82.10
ACL Injury Risk Detection [14] 92.30 93.70 91.50
ML Injury Risk Estimation [8] 93.10 94.40 92.60
Proposed Informer Model 99.63 99.95 99.63

Table 6. Comparison of LSTM-FCN and Informer-Based Framework

LSTM-FCN [15]
CNN local features; LSTM temporal dependencies
Recurrent feature representations
Limited by recurrent memory

Aspect
Feature Extraction
Classification Behavior
Long-Range Dependency

Proposed Informer Model
ProbSparse self-attention global dependencies
Attention-weighted feature interactions
Direct full-sequence modeling

Table 7. Comparison of Dimensionality Reduction Techniques

Method Accuracy (%) ROC-AUC (%) Features
PCA 99.63 99.95 15
Kernel PCA 99.51 99.82 15
t-SNE 98.88 98.91 15
UMAP 99.26 99.41 15

multimodal framework is a combination of physiological,
biomechanical, environmental, and workload characteris-
tics obtained from athlete monitoring systems to develop
an accurate model for predicting injury. The process in-
cludes collecting data, preprocessing data, creating a multi-
variate representation of features using Principal Compo-
nent Analysis, and applying the Informer model to classify
samples as either having sustained an injury or not sustain-

ing an injury. Results from the experimental study showed
that the proposed framework produced the best predic-
tive performance with 99.63% accuracy, 99.95% ROC-AUC,
and 99.63% precision. Results showed that the Informer
framework provides a method for capturing complex re-
lationships among multimodal variables associated with
athletes and that the prediction of risk for injury using the
Informer framework significantly exceeds that achieved
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with traditional machine learning prediction models. Sev-
eral advantages of the multimodal framework are that it
provides improved accuracy in predicting risk for injury
among athletes, allows for the efficient modeling of high-
dimensional multimodal variables, and provides coaches
and sports scientists with a method to support early de-
tection of injury risk, which will allow coaches and sports
scientists the opportunity for making preventative deci-
sions and optimizing training programs.

Future work may expand on this study by including
data from real-time wearable sensors for ongoing injury
monitoring and prediction. Incorporating SHAP and LIME
in future work would enhance interpretability by identi-
fying key physiological and biomechanical features influ-
encing injury risk predictions, thereby improving trust,
usability, and practical adoption in sports settings. Addi-
tionally, advanced multimodal deep learning architectures
and larger athlete populations from a variety of sports may
enable model generalization and robustness. Providing
explanation techniques to assist with the interpretation of
injury prediction results may provide additional opportu-
nities for practical use in sports analytics and athlete health
management systems.
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