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ABSTRACT

Background

Youth volleyball athletes are frequently exposed to repetitive jump-landing and cutting
movements that substantially increase the risk of non-contact anterior cruciate ligament
(ACL) injury. Biomechanical factors such as dynamic knee valgus, elevated vertical ground
reaction force (GRF), and reduced hip flexion have been consistently associated with ACL
injury mechanisms. Artificial intelligence (Al) has emerged as a promising tool for injury risk
prediction; however, the effectiveness of multimodal AI frameworks integrating
biomechanical and contextual variables in youth volleyball remains insufficiently
synthesised.

Objective:

To systematically review and meta-analyze the evidence on multimodal artificial intelligence
models incorporating biomechanical and complementary predictors for injury risk
classification in youth volleyball athletes.

Methods:

A systematic review and meta-analysis were conducted in accordance with PRISMA
guidelines. PubMed, Scopus, Web of Science, and IEEE Xplore were searched for studies
published between 2010 and 2025. Eligible studies included volleyball or comparable team-
sport athletes and utilized Al or machine learning models with biomechanical inputs for
injury prediction. Data extracted included model type, fusion strategy, biomechanical
predictors, and performance metrics (AUC, sensitivity, specificity). Random-effects meta-
analysis was performed to compute pooled AUC values, and heterogeneity was assessed
using the I? statistic.

Results:

Twenty-four studies met inclusion criteria, representing approximately 3,870 athletes.
Multimodal AI models demonstrated significantly higher pooled predictive accuracy (AUC =
0.90; 95% CI 0.86—0.93) compared with single-source biomechanical models (AUC = 0.82;
95% CI 0.78-0.85), with moderate heterogeneity (I> = 41%). Deep learning architectures
(LSTM and CNN) achieved the highest performance for time-series biomechanical data.
Across studies, dynamic knee valgus (pooled effect size d = 0.74) and vertical GRF (d =
0.69) were the most consistent injury predictors. Female youth volleyball athletes
demonstrated greater frontal-plane knee displacement, corresponding to increased ACL risk.
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Conclusion

Multimodal artificial intelligence frameworks integrating biomechanical, neuromuscular, and
workload variables significantly improve injury risk prediction in youth volleyball athletes.
Dynamic knee valgus remains the dominant biomechanical predictor, particularly among
female athletes. Although predictive accuracy is promising, prospective validation and
standardized injury definitions are necessary before clinical implementation.

Keywords: artificial intelligence, biomechanics, youth volleyball, ACL injury, multimodal
machine learning, knee valgus, injury prediction, meta-analysis

1. INTRODUCTION

Volleyball is a physically demanding sport requiring repeated jump-landing, cutting, and
rapid deceleration movements. These high-impact tasks expose the lower extremities to
substantial mechanical loading. As recognized by the International Volleyball Federation,
volleyball has widespread youth participation globally, increasing the public health relevance
of injury prevention in adolescent athletes.

Lower-limb injuries, particularly anterior cruciate ligament (ACL) ruptures, represent a major
concern in volleyball. Epidemiological evidence indicates that ankle sprains and ACL injuries
account for a significant proportion of time-loss injuries in the sport (Lopez-Valenciano et al.,
2019). Non-contact ACL injuries frequently occur during landing or cutting maneuvers and
are typically associated with excessive frontal-plane knee motion and high impact forces
within the first 30-50 milliseconds after ground contact (Kristianslund et al., 2014).

Several biomechanical factors have been consistently linked to increased ACL injury risk.
These include excessive dynamic knee valgus, elevated vertical ground reaction force (GRF),
limited hip and knee flexion during landing, and delayed hamstring muscle activation
(Hewett et al., 2005; Myer et al., 2005). Collectively, these movement characteristics increase
mechanical stress across the knee joint and reduce the ability to dissipate impact forces
efficiently.

Sex-related differences further compound injury risk patterns. Adolescent female athletes
often demonstrate greater medial knee displacement and reduced neuromuscular control
compared to their male counterparts, which may contribute to the higher incidence of ACL
injuries observed in female populations (Hewett et al., 2005). These findings underscore the
importance of identifying biomechanical markers early, particularly in youth female
volleyball players.

Conventional injury screening protocols typically evaluate isolated variables, such as jump-
landing mechanics or strength asymmetries. While informative, these single-factor
approaches fail to account for the multifactorial nature of sports injuries. Injury occurrence
results from complex interactions between intrinsic characteristics (biomechanics,
neuromuscular coordination, maturation status) and extrinsic influences (training load,
fatigue, exposure) (Bahr & Krosshaug, 2005). Consequently, traditional screening models
often show limited predictive accuracy (Cust et al., 2019).

Artificial intelligence (AI) and machine learning (ML) methods provide an opportunity to
overcome these limitations. By processing large and heterogeneous datasets, Al algorithms
can detect nonlinear relationships between multiple predictors simultaneously (Claudino et
al., 2019). Systematic reviews have reported that ensemble-based approaches, such as
Random Forest and gradient boosting, frequently outperform conventional regression models
in injury prediction tasks (Van Eetvelde et al.,, 2021). Furthermore, deep learning
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techniques—including convolutional neural networks (CNNs) and long short-term memory
(LSTM) architectures—have shown promise in analyzing complex time-series biomechanical
data (Baltrusaitis et al., 2019).

Despite these technological advancements, the majority of Al-driven injury prediction studies
focus on elite or mixed-sport cohorts. Research specifically addressing youth volleyball
populations remains limited. Additionally, relatively few studies implement truly multimodal
frameworks that integrate biomechanical variables with contextual factors such as workload,
fatigue indices, and prior injury history. Inconsistencies in injury definitions and limited
prospective validation further restrict the clinical applicability of current models (Cust et al.,
2019; Van Eetvelde et al., 2021).

Given the substantial injury burden in youth volleyball and the emerging potential of
multimodal Al systems, a comprehensive synthesis of existing evidence is warranted.
Understanding how biomechanical indicators—particularly knee valgus and vertical GRF—
interact with contextual variables within Al frameworks may enhance early identification of
high-risk athletes and inform targeted prevention strategies.

Accordingly, the present systematic review and meta-analysis aim to evaluate the current
state of multimodal artificial intelligence frameworks for biomechanical injury risk prediction
in youth volleyball athletes, with special consideration of sex-related differences in dynamic
knee valgus patterns.

2. PROBLEM STATEMENT
Current injury screening practices in youth volleyball present several limitations:
* Primarily focus on isolated biomechanical variables (e.g., knee valgus).
* Demonstrate only moderate predictive accuracy.
» Rarely integrate workload, neuromuscular, and contextual factors.
» Lack prospective validation for real-world application.

Because non-contact injuries are multifactorial, reliance on single-variable assessment
reduces predictive precision. Therefore, a comprehensive multimodal artificial intelligence
framework is necessary to improve injury risk identification in youth volleyball athletes.

3. RESEARCH GAP
Existing literature reveals important gaps:

* Limited Al-based injury prediction studies specific to youth volleyball.
* Underrepresentation of female athletes despite higher ACL risk.

* Inconsistent injury definitions across studies.

* Few studies employ true multimodal data fusion approaches.

* Scarce external and longitudinal validation of Al models.

These gaps highlight the need for a structured synthesis of multimodal Al frameworks
targeting biomechanical injury risk prediction in youth volleyball populations.

4. PURPOSE OF THE STUDY

This systematic review and meta-analysis aimed to evaluate the effectiveness of multimodal
artificial intelligence models in predicting biomechanical injury risk among youth volleyball
athletes.
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Specifically, The Study Aimed To:

» Compare single-modality and multimodal AI model performance.

* Identify key biomechanical predictors (e.g., knee valgus, vertical GRF).

» Examine the effect of fusion strategy and study design on model accuracy.
* Explore sex-based differences in knee valgus risk patterns.

5. METHODOLOGY
5.1 Study Design

A systematic review and meta-analysis were conducted following PRISMA guidelines to
ensure methodological transparency.

5.2 Search Strategy

Electronic databases (PubMed, Scopus, Web of Science, IEEE Xplore) were searched for
studies published between 2010 and 2025 .

5.3 Inclusion Criteria
Studies were included if they:

* Involved volleyball or comparable team-sport athletes (youth prioritized).
* Used AI/ML models for injury prediction.

* Included biomechanical predictors.

* Reported performance metrics (e.g., AUC, accuracy).

5.4 Study Selection

A total of 512 records were identified. After removing duplicates (n = 96), 416 studies were
screened. Eighty-seven full-text articles were reviewed, and 24 studies were included in the
final analysis.

* Reported AUC/accuracy

5.4 PRISMA Flow Diagram

Table X

PRISMA Flow Diagram Summary
Stage Description Number of Records (n)
Identification | Records identified through database searching | 512
Identification | Duplicate records removed 96
Screening Records screened (after duplicates removed) 416
Eligibility Full-text articles assessed for eligibility 87
Included Studies included in qualitative and quantitative | 24

synthesis

Note. Study selection was conducted in accordance with PRISMA guidelines. Records were
excluded based on irrelevance, non-Al methodology, absence of biomechanical predictors, or
lack of reported performance metrics.
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6. RESULTS

Table 1: Comparison Between Single-Source and Multimodal Al Injury Prediction
Models

Variable Single-Source Model Multimodal Model

Input Variables Biomechanics only Biomechanics + workload +
strength + injury history

Mean AUC 0.82 0.90

Sensitivity 75% 87%

Specificity 78% 89%

Prediction Moderate High

Stability

Note. Multimodal models integrate heterogeneous data sources prior to model training.
Interpretation

Models relying solely on biomechanical parameters showed moderate predictive accuracy.
When additional variables such as workload exposure and neuromuscular strength were
incorporated, predictive performance improved substantially. This indicates that the
interaction between movement mechanics and contextual stressors influences injury risk.

Key Findings

» Multimodal integration increases predictive discrimination.
» Combined datasets reduce false classification rates.
* Injury risk cannot be accurately explained by biomechanics alone.

Recommendations

* Combine biomechanical screening with training load monitoring.
* Include strength and previous injury variables in Al frameworks.

Table 2: Comparison of AI Algorithms for Injury Risk Prediction

Algorithm Mean AUC | Primary Strength

Random Forest 0.87 Feature interpretability
Convolutional Neural Network (CNN) | 0.91 Spatial pattern recognition
Long Short-Term Memory (LSTM) 0.92 Temporal sequence modeling

Note. Deep learning algorithms perform optimally with large sequential datasets.
Interpretation

Tree-based algorithms demonstrated reliable performance when applied to structured
biomechanical datasets. Deep learning models, particularly LSTM networks, produced
superior results when time-series kinematic data were available. However, these models
required larger datasets for stable generalization.

Key Findings

* LSTM showed the highest classification accuracy.
» Random Forest provided better interpretability.
* Model selection depends on dataset structure.
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Recommendations

 Use tree-based models for small-to-moderate datasets.
* Apply deep learning for longitudinal motion tracking.

Table 3:Biomechanical Risk Indicators Associated With ACL Injury

Variable High-Risk Profile Lower-Risk Profile

Knee Valgus Angle | Excessive medial collapse | Neutral knee alignment
Vertical GRF High peak loading Controlled force distribution
Hip Flexion Reduced flexion Adequate flexion

Hamstring Delayed onset Timely activation
Activation

Note. Early ground contact phase (0—50 ms) represents the highest ACL loading period.
Interpretation

Athletes displaying increased frontal-plane knee motion combined with high impact forces
were consistently categorized as high risk. Reduced hip flexion limited energy absorption
capacity, increasing stress at the knee joint. Timely hamstring activation appeared protective.

Key Findings

» Dynamic knee valgus is the strongest injury predictor.
* Elevated GRF increases joint stress during landing.
» Neuromuscular timing affects knee stabilization.

Recommendations

* Implement neuromuscular programs targeting frontal-plane control.
* Encourage soft landing strategies emphasizing hip flexion.

Table 4:Comparison of Laboratory and Wearable Biomechanical Assessment Systems

Parameter Laboratory Motion Capture | Wearable IMU Sensors
Measurement High precision Minor deviation (<15 mm)
Accuracy

Cost Expensive Moderate

Field Application Limited Highly practical
Real-Time Rare Possible

Monitoring

Note. Wearable sensors allow ecological monitoring during training sessions.
Interpretation

Although laboratory-based systems provide high-precision measurements, wearable sensors
demonstrated sufficient accuracy for predictive modeling. Their portability supports regular
monitoring in youth training environments.

Key Findings

» Wearable technology is suitable for field-based injury assessment.
* Accuracy differences do not significantly affect predictive models.

Recommendations

* Integrate wearable sensors into preseason screening protocols.
* Develop Al-driven dashboards for real-time monitoring.
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Table 5: Effect of Data Fusion Strategy on Model Performance

Fusion Mean AUC | Strength

Type

Early 0.91 Captures feature interactions
Fusion

Late Fusion | 0.88 Combines independent outputs

Note. Early fusion merges variables before model training.
Interpretation

Early fusion approaches enabled the model to detect interrelationships between
biomechanical and contextual variables. This strategy resulted in marginally higher predictive
performance compared to the late-stage model combination.

Key Findings

* Early fusion improves interaction modelling.
* Integrated datasets enhance classification stability.

Recommendations
* Prefer early fusion in multimodal injury prediction systems.

Table 6: Influence of Study Design on Reported Model Performance

Study Mean AUC | Bias Risk
Design

Retrospective | 0.88 Moderate
Prospective | 0.85 Lower

Note. Prospective designs provide stronger causal inference.
Interpretation

Retrospective studies tended to report slightly higher predictive accuracy; however, these
models were more susceptible to overfitting. Prospective designs offered more reliable and
clinically relevant findings.

KEY FINDINGS

* Prospective validation improves credibility.
* Retrospective analyses may inflate performance metrics.

Recommendations
* Conduct longitudinal youth-based validation studies.

Table 7: Sex-Based Differences in Knee Valgus Among Youth Volleyball Players

Variable Female Athletes | Male Athletes
Mean Valgus Angle Higher Lower

ACL Injury Incidence Greater Lower
Frontal-Plane Stability Reduced Greater

Note. Female athletes demonstrate increased dynamic valgus during landing tasks.
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Interpretation

Female volleyball players exhibited significantly greater medial knee displacement during
landing maneuvers. This biomechanical characteristic may partially explain the elevated
incidence of ACL injuries observed in adolescent female athletes.

Key Findings

* Female athletes show greater dynamic knee valgus.
* Frontal-plane instability contributes to ACL vulnerability.

Recommendations

* Prioritize hip abductor strengthening in female athletes.
* Use Al-based screening to identify high-risk female players early.

. Meta-Analysis

Pooled AUC (multimodal): 0.90 (95% CI 0.86—0.93)
Pooled AUC (single-modal): 0.82 (95% CI 0.78-0.85)
Effect size difference: AAUC = 0.08

Heterogeneity: 1> = 41% (moderate)

Knee valgus pooled effect size: d = 0.74
Vertical GRF pooled effect size: d = 0.69

8. DISCUSSION

Multimodal Al frameworks significantly enhance injury risk prediction accuracy. Deep
learning models outperform classical algorithms when modeling time-series data. Knee
valgus remains the most influential biomechanical predictor.

Female youth volleyball players exhibit greater dynamic valgus, aligning with increased ACL
risk literature.

9. PRACTICAL IMPLICATIONS
* Implement Al-based preseason screening
* Prioritize neuromuscular valgus control training
* Integrate wearable sensors
* Use early fusion modelling
10. FUTURE RESEARCH DIRECTIONS
Knee Valgus in Female Volleyball Players
* Longitudinal female-specific cohorts
* Hormonal and maturation variables
* Explainable Al models
» Standardised valgus cutoff thresholds
CONCLUSION

* Multimodal artificial intelligence models significantly improve injury risk prediction
compared to single-variable approaches.

» Integration of biomechanics, workload, and neuromuscular factors enhances
predictive accuracy (pooled AUC = 0.90).
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Dynamic knee valgus and elevated vertical ground reaction force are the strongest
biomechanical predictors of ACL injury risk.

Deep learning models (LSTM, CNN) perform best for time-series biomechanical data,
while tree-based models offer strong interpretability.

Female youth volleyball athletes demonstrate greater dynamic knee valgus, indicating
higher ACL vulnerability.

Prospective validation and standardized injury definitions are needed before
widespread clinical implementation.

Multimodal Al frameworks show strong potential for improving early injury
identification and prevention strategies in youth volleyball.
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