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Abstract

This study addresses the shortcomings of traditional exercise volume assessment meth-
ods in dynamic modeling and individual adaptation by proposing a multi-modal data
fusion framework based on a spatio-temporal attention-enhanced LSTM neural network
for personalized exercise volume optimization in college basketball courses. By integrat-
ing physiological signals (heart rate), kinematic parameters (triaxial acceleration, step
count), and environmental data collected from smart wearable devices, we constructed a
dynamic weighted fusion mechanism and a personalized correction engine, establishing an
evaluation model incorporating BMI correction factors and fitness-level compensation. Ex-
perimental data from 100 collegiate basketball trainees (60 males, 40 females; BMI 17.5-28.7)
wearing Polar H10 and Xsens MVN devices were analyzed through an 8-week longitudinal
study design. The framework integrates physiological monitoring (HR, HRV), kinematic
analysis (3D acceleration at 100 Hz), and environmental sensing (SHT35 sensor). Experi-
mental results demonstrate the following: (1) the LSTM-attention model achieves 85.3%
accuracy in exercise intensity classification, outperforming traditional methods by 13.2%,
with its spatio-temporal attention mechanism effectively capturing high-dynamic move-
ment features such as basketball sudden stops and directional changes; (2) multi-modal
data fusion reduces assessment errors by 15.2%, confirming the complementary value of
heart rate and acceleration data; (3) the personalized correction mechanism significantly
improves evaluation precision for overweight students (error reduction of 13.6%) and
beginners (recognition rate increase of 18.5%). System implementation enhances exercise
goal completion rates by 10.3% and increases moderate-to-vigorous training duration by
14.7%, providing a closed-loop “assessment-correction-feedback” solution for intelligent
sports education. The research contributes methodological innovations in personalized
modeling for exercise science and multi-modal time-series data processing.

Keywords: LSTM neural network; multimodal fusion; exercise prescription; basketball
training; wearable technology; sports analytics

1. Introduction

Contemporary exercise volume assessment methodologies face critical challenges in
addressing the dynamic biomechanical demands of collegiate basketball training. Tra-
ditional approaches predominantly rely on static physiological indicators such as Body
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Mass Index (BMI), heart rate, and maximal oxygen uptake (VO;max), combined with
subjective tools like the Borg Rating of Perceived Exertion (RPE) [1]. While these metrics
provide foundational insights through linear regression modeling, their temporal resolution
proves inadequate for capturing basketball-specific movement transitions—particularly
sudden directional changes during fast breaks (0.5-1.2 s duration) that elude standard
MET categorization [1]. Empirical evidence reveals alarming 23-38% misclassification rates
when applying generic heart rate zones to basketball kinematics, underscoring the limi-
tations of conventional frameworks derived from Haskell’s classical exercise prescription
principles [2].

Wang’s multi-modal neural decoding framework achieved 91.4% action recognition
accuracy, demonstrating the technical viability of cross-modal fusion through neurophysio-
logical signal alignment [3]. Recent advancements in multi-modal data fusion demonstrate
transformative potential through synergistic integration of physiological signals, kinematic
data, and environmental parameters. The convergence of heart rate variability with triaxial
accelerometry enables dynamic oxygen uptake prediction [4], while inertial measurement
units (IMUs) facilitate granular analysis of asymmetric landing forces (4-6 x body weight
impacts characteristic of basketball rebounds [5]). This technological evolution aligns with
Dishman’s individual difference hypothesis in exercise physiology, emphasizing the biolog-
ical imperative for personalized adaptation models [6]. However, current implementations
exhibit critical deficiencies in temporal resolution and cross-modal alignment, as evidenced
by suboptimal emotion recognition accuracy (<72%) when fusing respiratory signals with
cardiac data [7], and inconsistent gait analysis outcomes in lumbar rehabilitation proto-
cols [8].

Long Short-Term Memory (LSTM) networks emerge as a potent solution for modeling
basketball’s intermittent high-intensity demands (42 & 15 directional changes per game [9]),
leveraging gated memory cells to capture transient cardiovascular responses. While suc-
cessful in neuroprosthetic motion-state decoding [10] and tactical trajectory prediction [11],
extant LSTM architectures inadequately address two fundamental challenges: (1) domain-
specific feature alignment for vertical load asymmetry inherent in basketball jumps, and
(2) quantitative integration of environmental covariates (temperature, humidity) with per-
sonalized physiological baselines. These limitations perpetuate a 28-35% prediction error
gap in existing intelligent training systems [12].

Our research establishes theoretical foundations through dual frameworks: (1) Haskell’s
curve optimization for sport-specific metabolic equivalents, and (2) Newtonian biome-
chanical modeling of asymmetrical impact forces. We propose a spatio-temporal attention-
enhanced LSTM architecture with dynamic weight allocation mechanisms, specifically
designed to resolve basketball’s unique physiological paradox—simultaneous optimization
of anaerobic burst capacity (<1.2 s sprints) and aerobic recovery efficiency (HRV stabi-
lization within 45 s rest intervals). This innovation addresses the critical research gap in
cross-modal feature alignment while providing quantifiable solutions for individual re-
sponse heterogeneity, ultimately establishing a novel paradigm for precision sports science
in higher education.

2. Methods
2.1. Sample

The study cohort comprised 100 NCAA Division IlI-equivalent collegiate basketball
players (60 males, 40 females; age 19.8 =+ 1.3 years) selected through stratified random-
ization. From an initial pool of 127 athletes, eligibility was determined via multi-stage
screening: inclusion criteria required >2 years of formal training, compliance with WHO
Asian BMI standards (17.5-28.7 kg/m?), and successful completion of AHA Prepartici-
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pation Cardiovascular Screening. Exclusion criteria eliminated candidates with recent
musculoskeletal injuries (<3 months) or cardiac sensor hypersensitivity. Gender stratifica-
tion maintained a 3:2 male-female ratio reflecting collegiate athlete demographics, with
additional stratification by VO,max tertiles (<45, 46-55, >56 mL/kg/min) determined
through Bruce Protocol testing [13].

2.2. Experimental Design

The 8-week longitudinal intervention integrated Newtonian biomechanical princi-
ples [5] and AHA guidelines [2], structured into three methodological phases:

e Baseline assessment (Week 1): Combined anthropometric profiling (InBody 770),
cardiopulmonary testing (Cosmed K5), and individual movement signature capture
via 10-camera Vicon Nexus 2.11 motion analysis [9].

e Intervention phase (Weeks 2-7): Implemented continuous biometric monitoring using
CE-certified devices: Polar H10 chest straps (HR/HRV at 1 Hz), Xsens MVN Awinda
inertial suits (100 Hz kinematics), and SHT35 environmental sensors tracking court-
level microclimate parameters (+0.3 °C, 3% RH).

e  Post-intervention analysis (Week 8): Reassessed key physiological parameters under
identical baseline conditions.

Safety protocols included onsite automated external defibrillator (AED) deployment
during maximal exertion tests and cooling vest provision when wet-bulb globe temperature
exceeded 28 °C [14]. Ethical compliance was ensured through Beijing University IRB ap-
proval (BUPT-P-2025007) and GDPR pseudonymization, with informed consent involving
three-stage verification: verbal briefing, 48 h document review, and blockchain-secured
digital signatures.

2.3. Dependent Variables
Primary outcomes focused on:

e  Biomechanical load: Vertical ground reaction forces during jumps (46 x body weight
impacts) quantified via Xsens inertial suits;

e  Cardiovascular adaptation: Heart rate variability (HRV) stabilization rates during 45 s
rest intervals measured by Polar H10;

e  Environmental interaction: Microclimate-induced physiological drift (+A0.5% HRV
per £ 1 °C temperature variance).

2.4. Independent Variables
Key experimental controls included:

o Training intensity: Dose-response progression aligned with Haskell’s adaptation
theory [2];

e  Environmental covariates: Real-time court temperature/humidity gradients (SHT35 sensors);

e Individual baselines: VO,max tertiles and gender-specific biomechanical profiles.

2.5. Statistical Procedures

Power analysis in G*Power 3.1 [15] determined a minimum sample size of n = 82 (effect
size f = 0.35, « = 0.05, 1—p = 0.95) for seven predictor variables in the LSTM architecture.
Data processing utilized TensorFlow 2.8 for spatio-temporal attention mechanisms, with
sensor fusion validated through National Institute of Metrology-calibrated equipment
(Garmin HRM-Pro: 010-12955-01; Zebris FDM-T). Longitudinal analyses employed mixed-
effects models controlling for VO,max stratification and environmental covariates, reported
with 95% confidence intervals.
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3. Multi-Modal Data Acquisition
3.1. Wearable Biometrics

The Polar H10 (Polar Electro Oy, Kempele, Finland) chest strap was deployed as
the core biosignal acquisition unit, with the following technical specifications outlined
in Table 1.

Table 1. Experimental equipment specifications.

Parameter Value Measurement Standard
ECG Sampling Rate 130 Hz (raw), 1 Hz (HRV) IEEE 1041-2017
Skin Contact Textile electrodes (TPU) ISO 10993-10 biocompatible
Water Resistance IP68 (up to 30 m) IEC 60529
Synchronization BLE 5.0 timestamping NIST IR 8323r1

Deployment Protocol:

e  Pre-gelled electrodes replaced every 48 h;
e  Positioned at xiphoid process level with elastic tension < 22 N;
e  Data transmitted via dual-channel (Bluetooth + internal 3 GB memory).

Validation Metrics:

e R-Rinterval accuracy: 1.02 £ 0.8 ms vs. ECG gold standard;
e  Signal loss rate: <2% during intense movement (validated via kip-up tests).

3.2. Motion Capture

The Xsens MVN Awinda (Xsens Technologies BV, Enschede, The Netherlands) inertial
motion capture system was configured as follows in Table 2:

Table 2. Data capture parameters.

Aspect Specification
Sampling Frequency 100 Hz (joint angles)
Acceleration Range £16 g (foot-mounted units)
Angular Resolution 0.05° (yaw /pitch/roll)

Hardware Configuration:

e 17 MTw Awinda IMUs;

e  Full-body tracking with biomechanical model;

e  Calibration sequence: N-pose — T-pose — dynamic squats.
Processing Pipeline:

e  Sensor fusion algorithm (Mahony filter);

e  Segment coordinate system alignment (ISB recommendations);

e  Basketball-specific kinematic chain definition: 23 DoF upper body; ball-hand contact
event detection via IMU spike analysis.

3.3. Environmental Sensing

A distributed sensor network using SHT35 (Sensirion AG, Stédfa, Switzerland) modules
monitored microenvironmental conditions in Table 3:
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Table 3. Measurement characteristics.
Parameter Range Accuracy Response Time
Temperature —40-125 °C 40.2 °C (1545 °C) 8 s (163%)
Relative Humidity 0-100% RH +1.5% RH (20-80%) 8's (t63%)
VPD * 0.1-4.8 kPa +0.05 kPa -
* Vapor Pressure Deficit calculated via August-Roche-Magnus approximation.
Deployment Strategy:
e  8-node mesh network covering 28 x 15 m court;
e  Mounting height: 1.2 m (player breathing zone);
e  Spatial resolution: 3.5 m between nodes.
Synchronization Framework:
e  NTP server (PTPv2) with <2 ms inter-device skew;
e Event markers synchronized via optical trigger system.
4. Computational Framework
4.1. Multi-Modal Data Fusion
4.1.1. Weighted Fusion Formula
Define the multi-modal feature vector F = [fyRr, faces Fsteps|, fused via dynamic

weights w;(t); initial weights: wyr(0) = 0.5, WA (0) = 0.3, Wsteps(0) = 0.2, determined
by expert knowledge and literature priors.

4.1.2. Weight Update Mechanism

Weights were dynamically adjusted via an online learning module. Cosine sim-
ilarity S;(t) between current features and historical data; higher similarity increased
wj(t). Updated weights based on 7-day performance metrics (e.g., fatigue index, goal
achievement rate):

dPer formance(t)

wi(t+1) =w;i(t) +ua 0

)

where & = 0.01 is the learning rate.

4.2. LSTM-Attention Neural Network
4.2.1. Model Architecture

The neural architecture (Figure 1) comprises an input layer, a bidirectional LSTM
for contextual feature extraction, an attention mechanism emphasizing critical sequen-
tial patterns, and a fully connected output layer, forming a hybrid model for sequence
processing tasks.

Model
Architecture
)
> Bidirectional N Attention ,| Fully Connected
LSTM Layer ech sm Layer Layer

Figure 1. LSTM-attention neural network architecture.

e Input layer: Time-series data slices (T = 60 s, D = 5 features: %HRR, Acc, Steps,
temperature, humidity).

e  Bidirectional LSTM layer (128 units): Captures long-term dependencies in motion data.

e  Attention mechanism: Computes feature importance via learnable parameters Q, K, V:



Appl. Sci. 2025, 15, 8871 6 of 12
Attention(Q, K, V) = softmax ( QKT) 14 )
o Vi

e  Fully connected layer: Outputs exercise intensity probabilities (low, moderate, high).

4.2.2. Training Strategy

e  Loss function: Cross-entropy loss with temporal consistency constraint:

T-1
L= Lo+ AL, v =yl ©)
where A = 0.1 penalizes abrupt intensity changes.
e  Optimizer: Adam (3 x 10~%, batch size = 32).

4.3. Personalized Parameter Correction
4.3.1. BMI Correction Factor

Adjusts intensity thresholds based on Body Mass Index (BMI):

(4)

: . BMI — BMI
Intensztyﬂd]- = Intensity,,., X (1 + B > ”W’"ﬂl)

where = 0.2, BMI,,pa1 = 22.

4.3.2. Fitness-Level Correction

Dynamically adjusts model output based on fitness level (1-5, derived from
historical data):

(5)

FitnessLevel — 3
Output g, = Output,, 5, X <1 + 'y-)

5

where 7y = 0.15 balances correction magnitude.

5. Validation Protocol
5.1. Cross-Validation

We implemented a stratified temporal cross-validation scheme to ensure methodologi-
cal rigor:
D= u]g(;:1 (Tk(tmm), T]EWI)l T]Stest)) ©)

e  Stratification Dimensions: Gender (M/F) x Fitness Level (1-5) x Training Phase
(Preparation/Competition).
e  Temporal Safeguard: Validation/test sets always lagged >72 h behind training windows.

Evaluation metrics in Table 4:

Table 4. Evaluation metrics.

Metric Type Formula Sports Science Significance
Intensity F1-score 2TP/(2TP + FP + FN) Load intensity classification accuracy
Energy Expenditure MAPE EE_(pred)-EE(VO,)

Biomechanical Consistency Index Y(yt-yt+1)/T

Movement pattern stability
preservation
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Implementation Results:

e  Five-fold average F1-score: 0.893 & 0.017 (95% CI [0.882, 0.904]);
e Bland-Altman analysis revealed VO,max prediction bias: —0.32 £ 1.76 mL/kg/min.

5.2. Ablation Study

A progressive ablation framework validated core module contributions in Figure 2:

BaseModel Variant1 Variant2 Variant3 Variant4

LSTM Core

Disable Attention\nDisable Bidirectional

Dynamic Weight

Fixed Weight Strategy

Fusion Mechanism

Feature-only Fusion

Temporal Constraints

2=0.0 (No Constraint)

Base Configuration\n- Bi LSTM\n- Attention Dynamic Weight Fusion\n- Temporal Constraint(A=0.15)

BaseModel Variant1 Variant2 Variant3 Variant4
Figure 2. Experimental design flowchart.
Performance comparison in Table 5:

Table 5. Performance comparison.

Model Variant F1-Score | MAPE 1 Inference Latency (ms)
Full Model 0.893 6.2% 38.7
w/o Attention 0.841 (—5.8%) 8.9% 34.1
Unidirectional LSTM 0.827 (—7.4%) 9.7% 29.5
Fixed Weights 0.862 (—3.5%) 7.1% 36.9

Notes: (F1-Score: Marked with |, but its value decreasing (e.g., 0.893 — 0.841) indicates a degradation in
performance, which conflicts with the conventional expectation (where higher values are better). MAPE: Marked
with 1, but its value increasing (e.g., 6.2% — 8.9%) implies a rise in error, contradicting the standard goal (Where
lower values are desired)).

Environmental Robustness Verification:
Under extreme conditions (T_wbgt > 32 °C), the full model maintained MAPE < 9.8%,
while ablated versions deteriorated to 13.4-17.6%.

5.3. Sensitivity Analysis

Learning Rate Impact:
P = a*¥.F1 — B-MAPE (a € [10—4, 10—3}, B = 0.21) @)
Optimal range:
32x107% <y <47 x 1074(N = 120 trials) (8)

Temporal window sensitivity in Table 6:
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Table 6. Temporal window sensitivity.

Window Length (s) HR Prediction r2 Motion Recognition F1
30 0.781 0.845
60 0.853 0.893
90 0.847 0.881

Feature Importance Quantification:
Permutation Feature Importance (PFI) analysis:

permuted

L(D)

C(D" ) — £(D) o

Importance, =

6. Results
6.1. Exercise Intensity Classification Performance

The LSTM-attention model achieved a weighted accuracy of 85.3% (F1-score = 0.84) on
the test set, significantly outperforming baseline models (SVM: 72.1%; vanilla LSTM: 79.6%).
The confusion matrix (Figure 3) revealed superior recognition accuracy for high-intensity
movements (e.g., shuttle runs: 91.2%), while moderate-intensity classification exhibited
partial misjudgments due to inter-individual HR variability.

0.9
0.8
0.7
0.6
0.5
0.4
-0.3
-0.2
-0.1

12.3% 3.6%

Low Intensity

Actual Intensity
Moderate Intensity— 15.8%

6.7% 91.2%

High Intensity— 2.1%

Low lnllemny Mnden:e Intensity High Intensity
Predicted Intensity

Figure 3. Confusion matrix of exercise intensity classification (LSTM-attention model), overall

accuracy: 85.3%; Kappa coefficient: 0.86.

6.2. Validation of Personalized Correction Effectiveness

Comparing uncorrected (baseline) and corrected exercise volume assessments
(Figure 4), the personalized model demonstrated significant improvements:

100
—Uncorrected Model 85.3%
m Corrected Madel

70.1% @ =+

60 —

40 ~
22.7%

18.5%

Evaluation Error Rate (%)

20 - 9.1%

Overall Cohort

Overweight Students
(BMI225)

Figure 4. Effectiveness comparison of personalized correction models.

Overweight students (BMI > 25): Assessment error decreased from 22.7% to 9.1%
(p < 0.01, paired t-test). Beginner-level students: Misclassification rate due to delayed HR
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recovery reduced by 18.5%. Overall accuracy: Increased by 15.2% (from 70.1% to 85.3%),
confirming the efficacy of BMI and fitness-level correction factors.

6.3. Impact of Dynamic Feedback Strategy

Performance metrics between the experimental group (receiving personalized feed-
back) and control group (no feedback) are summarized in Table 7:

Table 7. Comparative analysis of feedback strategy effectiveness.

. Experimental Group Control Group Significance
Metric (1 = 50) (1 = 50) Improvement (p-Value)
Goal Achievement Rate 89.4% 79.1% +10.3% 0.003
%o Time in Moderate-to- 73.0% 58.3% +14.7% <0.001

Vigorous Intensity

Goal achievement rate: The experimental group achieved 89.4% compliance, surpass-
ing the control group (79.1%) by 10.3% (p = 0.003). Intensity maintenance: The experimen-
tal group increased time spent in moderate-to-vigorous intensity by 14.7% (from 58.3%
to 73.0%).

Gender-stratified independent samples t-test revealed significantly higher lactate
accumulation rates in male athletes during power training compared to females (18.7 £ 3.2
vs. 15.4 £ 2.8 mmol/L-min, p = 0.013), while females demonstrated faster heart rate (HR)
recovery rates in endurance training (AHRR30s = 28.4 £ 4.1 vs. 23.7 £ 5.2 bpm, p = 0.047).

7. Discussion

Our findings demonstrate that the spatio-temporal attention-enhanced LSTM frame-
work fundamentally addresses the temporal misalignment between abrupt kinematic
events (e.g., 0.8 £ 0.2 s crossover dribbles) and delayed cardiorespiratory responses (10-15 s
HRYV stabilization lag post-exertion), achieving 91.2% prediction accuracy for high-intensity
maneuvers—a 7.7% absolute improvement over conventional LSTM architectures [15].
Notably, the proposed model achieved a mean absolute error (MAE) of 3.78 £ 1.23 in
exercise load threshold identification, representing a 32.7% reduction compared to tradi-
tional ridge regression models (MAE = 5.62 £ 2.15, p < 0.01). This performance aligns
with findings in soccer athletes using similar temporal attention mechanisms (28.9% error
reduction), confirming the generalizability of attention-based architectures for dynamic
load monitoring. The innovation synergizes ConvLSTM’s spatial sensitivity [14] with
hierarchical temporal attention mechanisms from urban mobility prediction models [16],
enabling localized feature extraction critical for basketball-specific movement patterns
while suppressing sensor jitter artifacts (<2.3% signal distortion).

The multi-modal-personalization paradigm introduced here resolves a longstanding
physiological paradox in team sports training: while heart rate monitors effectively capture
metabolic load (R? = 0.83 vs. VO,max), they systematically underestimate mechanical
strain during asymmetric jumps (4.2-6.7 x BW impact forces [9]). Our solution—adaptively
weighting inertial measurement data (Xsens MVN Awinda) against cardiac signals (Polar
H10)—boosted high-intensity action recognition F1-scores by 19.8%. The empirical study
by Hassan et al. demonstrated that core complex training enhances jump stability by 23%,
substantiating the critical role of mechanical load monitoring in preventing sports-related
injuries [17], outperforming ECG-accelerometry fusion approaches in sedentary behavior
studies [18]. Gender-specific analysis revealed a significant 42 s delay in anaerobic threshold
detection among female athletes (At =42 s, p < 0.05), potentially linked to estrogen-mediated
mitochondrial biogenesis regulation pathways. This biological mechanism may explain
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the observed 18.5% improvement in personalized correction efficacy when implementing
sex-adjusted models, necessitating future integration of hormonal cycle tracking in female
athlete training protocols.

Nevertheless, three critical limitations warrant consideration. First, the 8-week ob-
servation window—though sufficient for neuromuscular adaptation cycles [16]—cannot
capture long-term cardiovascular remodeling effects (>6 months [19]), potentially under-
estimating our model’s fatigue accumulation prediction error by 11-15% in periodized
training scenarios. Second, despite using medical-grade sensors (=1 bpm HR accuracy),
environmental interference (e.g., 5.2 & 1.8% optical HR signal loss during wet-court condi-
tions) introduced irreducible noise in 7.3% of dataset entries, echoing validation challenges
in wearable computing research. Third, the current model does not fully address circadian
rhythm effects on performance metrics—a critical factor given morning vs. evening exercise
metabolic differences.

Future developments should prioritize three directions grounded in our experimental
findings: Cross-population generalization through federated transfer learning could mit-
igate current age restrictions (18-22 years), particularly given metabolic rate differences
between collegiate and professional athletes. Hybrid CNN-LSTM architectures may further
enhance spatial-temporal feature disentanglement—preliminary tests show 14% improve-
ment in shot arc recognition by integrating VGG-inspired convolutional blocks. Finally,
edge deployment via TensorFlow Lite quantization reduced model latency to 0.38 s (83%
faster than cloud-based systems), crucial for real-time feedback during fast-break drills
(decision window < 1.2 s [9]). These advancements collectively establish a new paradigm
for Al-driven precision training in dynamic team sports.

8. Conclusions
8.1. Key Findings

This study systematically optimized personalized exercise load assessment and inter-
vention strategies for university basketball courses through a multi-modal fusion frame-
work based on LSTM-attention neural networks. The experimental results reveal several
significant findings, as outlined below:

8.1.1. Model Performance Breakthrough

The proposed LSTM-attention model achieved 85.3% accuracy in exercise intensity
classification, surpassing traditional SVM and vanilla LSTM by 13.2% and 5.7%, respec-
tively. Its spatio-temporal attention mechanism reduced errors for high-dynamic actions
(e.g., sudden stops, directional changes) to <5%.

8.1.2. Multi-Modal Fusion Benefits

Dynamic weighting of heart rate, acceleration, and environmental data reduced ex-
ercise load evaluation errors by 15.2%, validating the complementary roles of heart rate
(metabolic load) and acceleration (mechanical load).

8.1.3. Personalization Effectiveness

BMI correction factors and fitness-level compensation improved assessment accu-
racy for overweight students (BMI > 25) and novices by 13.6% and 18.5%, respectively,
mitigating the “one-size-fits-all” bias of traditional models.

8.2. Practical Implications

This study provides actionable solutions for intelligent physical education in universities:
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8.2.1. Instructional Optimization

The dynamic feedback module increased student exercise goal completion rates by
10.3% and elevated moderate-to-vigorous training duration by 14.7%, addressing the
coexistence of “overtraining” and “under-exercising” in traditional curricula.

8.2.2. Health Management

Real-time monitoring and personalized recommendations reduced exercise-related
injury risks by 42% in the experimental group, offering scientific training safeguards for
physically disadvantaged students.

8.2.3. Paradigm Innovation

The constructed “assessment-correction-feedback” closed-loop system provides a
replicable technical framework for smart sports classrooms, currently piloted in three
Chinese universities.

8.3. Potential for Further Research

While significant progress has been made, future work should explore:

8.3.1. Cross-Disciplinary Generalization

Extend the model to football, track-and-field, and other sports, addressing domain-
specific challenges (e.g., acceleration pattern differences between football pivots and bas-
ketball stops).

8.3.2. Enhanced Data Dimensions

Integrate surface electromyography (sEMG), blood oxygen saturation (SpO;), and
other deep physiological indicators to build a metabolic-neural-mechanical joint evaluation
model for precise fatigue detection.

8.3.3. Algorithm Innovation

Investigate graph neural networks (GNNs) for team coordination modeling and
reinforcement learning (RL) for adaptive exercise prescription generation, advancing per-
sonalized interventions from “static suggestions” to “dynamic planning.”

This study contributes theoretical methods and practical tools to personalized exercise
science, with extensible frameworks applicable to professional sports training, chronic
disease rehabilitation, and the broader “precision sports” ecosystem.
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