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Long short-term memory (LSTM) networks are widely used in biomechanical data analysis but have the 
significant limitations in interpretability and decision transparency. Combining graph neural networks 
(GNN) with gate recurrent units (GRU) may offer a better solution. This study proposes and validates 
a hybrid GNN-GRU model for predicting baseball pitching speed and enhancing its interpretability 
using layer-wise relevance propagation (LRP). C3D data from 53 baseball athletes were downloaded 
from a public dataset. Kinematic features of 9 joints and pitching speed during the pitching process 
were calculated using Visual3D, resulting in a total of 208 valid pitches. The feature data were input 
into both LSTM and GNN-GRU hybrid models, with hyperparameters tuned using particle swarm 
optimization. LRP was employed to obtain the contribution rate changes of kinematic features to the 
prediction results throughout the pitching cycle. The prediction accuracy of the models was evaluated 
using mean absolute error (MAE), mean squared error (MSE), and R-squared (R2). The results showed 
that there were the significant statistical differences in the MAE and R2 metrics between the LSTM 
model and the GNN-GRU model in predicting pitching speed on the test set. The MAE (P = 0.000, 
Z = − 5.170, Cohen’s d = 1.514) and R2 (P = 0.000, Z = − 2.981, Cohen’s d = 2.314) of the LSTM model 
were significantly lower than those of the GNN-GRU model. Compared to LSTM, the GNN-GRU 
model achieved better prediction accuracy but was potentially more susceptible to the influence of 
data variability. Moreover, the GNN-GRU-based model demonstrated the better interpretability and 
decision transparency.
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In the field of biomechanics, several models have emerged for predicting continuous time variables, including 
convolutional neural networks (CNN), recurrent neural networks (RNN), and long short-term memory (LSTM) 
networks. Among these, LSTM networks are the most widely used1. Studies have used LSTM models to predict 
joint torques, ground reaction forces during running, and the center of pressure during gait in real time using 
video or inertial sensor data2–4.

Theoretically, when graph neural networks (GNN) are combined with gate recurrent units (GRU), the GNN 
captures the feature relationships between nodes5, while the GRU captures the temporal dependencies of these 
features. Recent studies have reported the GNN-GRU models used for spatiotemporal traffic flow prediction6. 
Traffic flow dynamics change over time (e.g., during rush hours) and are influenced by the flow on adjacent 
roads or intersections. This is similar to human movement, where the motion of one joint depends not only on 
its temporal sequence but also on the coordinated movement of other joints. During human movement, each 
joint can be considered as a node and each bone as an edge, with each node possessing its own characteristics, 
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such as joint angles, angular velocities, and torques. This can naturally be understood as a sparse directed graph 
structure. Unlike LSTM with a three-gate structure, a GRU consists of a two-gate structure with an update gate 
and a reset gate. Secondly, the GRU does not use a separate memory cell to store information but directly utilizes 
hidden units to record historical states. The reset gate controls the amount of current and memory information, 
generating the new memory information to be propagated forward. Finally, the GRU eliminates the linear 
self-update of memory cells, instead performing linear updates directly within hidden units using gates. These 
features result in a simpler structure for the GRU with the lower computational costs and model complexity. In 
some tasks, the GRU has outperformed traditional LSTM models7.

Recent studies have begun exploring the application of GNN models in biomechanics; however, they 
invariably overlook the interpretability of the models8,9. Achieving high-accuracy prediction and classification 
of target variables is not the ultimate goal of neural network models; the rationale for exploring a novel model 
in biomechanics must be more compelling. Specifically, interpretability means that neural network models 
should provide decision-making information for the prediction or classification process. However, all neural 
network models face black box problems. Due to the nonlinearity and complexity of mappings between different 
layers of the network, neural network models cannot offer any insight into the decision-making process. This 
lack of transparency prevents researchers from verifying the reasonableness of the model’s decisions. Recently, 
several algorithms have been developed to enhance the interpretability of neural network models. For example, 
layerwise relevance propagation (LRP) can output the contribution rate of each input variable to the prediction 
result and allow researchers to verify whether the model’s prediction or classification results are realistic. LRP 
technology has already been applied in biomechanics, providing transparent decision-making information for 
the prediction of personalized gait features or the assessment of injury risk upon landing10,11, thereby increasing 
the interpretability of the results. This helps researchers propose more valuable biomechanical diagnoses 
and analyses. However, traditional LSTM models include three gates (input, forget, and output gates) and an 
additional cell state due to their complexity, and suffer from exponential decay of relevance across layers, making 
only the relevance results from the most recent few time steps reliable. The GNN-GRU model does not have 
this issue, because GRU has a simpler architecture with only two gates (update and reset gates)12. Recent studies 
have used GNN and LRP to quantify the interactions between proteins and ligands in a given complex13, and the 
standard LRP rules have been employed without involving complex LRP variants.

In this study, we modeled the pitching speed of 53 baseball athletes using both LSTM and GNN-GRU models. 
We analyzed the reliability of the GNN-GRU model in handling time-series data and used the LRP to validate the 
influence of each feature on the dependent variable during pitching to enhance the model interpretability. The 
motivation for selecting this project stems from the fact that numerous studies have examined the relationship 
between independent variables and pitching speed14–17; however, these studies primarily focus on discrete 
variables, such as the mean or maximum values of features, and their association with pitching speed. While a 
few studies have utilized the advanced methods, such as principal component analysis (PCA), to analyze pitching 
from a time-series perspective, but they barely have quantified the contribution of each variable to pitching 
velocity at each specific time point18,19. Given that successful pitching relies on dynamic energy transfer within 
the kinetic chain, understanding this issue is crucial. Additionally, in this study, we used the LRP to determine 
the influence of independent variables on pitching speed, and it was needed to verify that the relevance of the 
results output by the LRP were consistent with physiological and physical principles. We hypothesized that 
(1) the GNN-GRU model achieved the prediction accuracy comparable to that of LSTM, and (2) the GNN-
GRU model successfully applied the LRP, and output the reliable relevance results between the independent and 
dependent variables.

Results
Kinematic features of baseball pitching
In the early phase of pitching, the trunk leaned forward, while the right hip and knee joints flexed to allow 
sufficient joint mobility for extension and push-off. Subsequently, the hip and knee joints extended, and the 
ankle plantarly flexed to generate force for propelling the body toward the mound. The left ankle underwent 
plantar flexion, and the left knee and hip extended to take a step forward. Both shoulder joints continuously 
rotated internally. After the foot contact, the left ankle continued to plantarly flex, the left knee transitioned 
from flexion to extension, and both hip joints continued to flex in coordination with the forward-leaning trunk, 
reaching their peak at the moment of maximum external rotation (MAX ER). The right shoulder continued to 
rotate externally, reaching its peak at MAX ER before rapidly rotating internally to release the ball (Fig. 1).

Performance of the LSTM and GNN-GRU models
The MAE and R2 values did not conform to a normal distribution, so nonparametric tests were used. The results 
showed that there were the significant differences in the MAE and R2 between the LSTM model and the GNN-
GRU model in predicting pitching speed on the test set. The MAE (P = 0.000, Z = − 5.170, Cohen’s d = 1.514) 
and R2 (P = 0.000, Z = − 2.981, Cohen’s d = 2.314) of the LSTM model were significantly lower than those of the 
GNN-GRU model (Table 1).

Statistical analysis was performed on the R2 and MAE of the prediction results for the nine kinematic features, 
similar to the statistical results for pitching speed. The LSTM model exhibited the lower MAEs, but the R2 values 
were also significantly lower than those of the GNN-GRU model (Table 2).

Layer wise relevance propagation outputs
The contribution rate variations of the nine features throughout the pitching cycle were determined by the LRP 
(Fig. 2). The contribution rates ranged from 0 to 1, where 0 indicated no influence on the dependent variable 
(pitching speed) and 1 represented the maximum influence. The roles of all the features during pitching were 
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Parameters LSTM (n = 21) GNN-GRU (n = 21) P value T/Z value Effect size

MAE (km/h) 0.264 (0.378, 0.241) 1.107 (0.327) 0.000 − 5.170 1.514

R2 0.784 (0.898, 0.738) 0.931 (0.949, 0.891) 0.003 − 2.981 2.314

Table 1.  Evaluation metrics of pitching speed for the LSTM and GNN-GRU models. n = 21 indicates the 21 
data files in the test set. MAE mean absolute error, R2 R square, LSTM long short-term memory, GNN-GRU 
graph neural network-gate recurrent units.

 

Fig. 1.  Changes of the kinematic features throughout the pitching cycle. Units are the degrees (°). The black 
vertical line represents the time point of the stride limb contact with the mound, and the green vertical dash 
dot line represents the time point when the throwing arm shoulder joint reaches maximum external rotation. 
Abbreviation: EXT extension, FLE flexion, PF plantar flexion, DF dorsiflexion, ER external rotation, IR internal 
rotation.
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broadly categorized into two types: (1) features with decreasing contribution rates as the pitching phase progressed, 
including the left ankle, left knee, right ankle, right knee, and right hip; (2) features with increasing contribution 
rates as the pitching phase progressed, including the left hip, left shoulder, right shoulder, and trunk.

Discussion
In this study, we proposed a GNN-GRU hybrid model based on LRP to predict baseball pitching speed and 
compared it with the traditional LSTM model. The results showed that the GNN-GRU model successfully output 
the contribution rate changes of nine kinematic features to the predicted pitching speed throughout the entire 
pitching cycle. Furthermore, whether predicting pitching speed or kinematic features, the MAE and R2 of the 
LSTM model were the significantly lower than those of the GNN-GRU model.

LSTM networks have been successfully used to predict various biomechanical variables, such as ground 
reaction forces during gait in stroke patients, lower limb kinematics during gait, and upper limb joint dynamics 
during daily activities4,20,21. In this study, the LSTM model and the GNN-GRU model worked under two 
conditions: (1) predicting pitching speed based on the relationship between nine kinematic features and pitching 
speed, and (2) directly predicting the changes in kinematic features throughout the pitching cycle. The GNN-
GRU achieved a higher R2, indicating that the GNN-GRU captured the complex structures within the data. This 
may be attributed to the ability of the GNN-GRU model to model the human body as a graph structure, viewing 
joints as nodes and thereby learning the intricate relationships between joints to achieve better predictions. 
However, the MAE of the GNN-GRU model was significantly higher than that of the LSTM model, suggesting 
that the GNN-GRU model may be more sensitive to the variability of the data. This variability likely reflects the 
differences in locomotion patterns among the athletes. The GNN-GRU model also has another advantage. Neural 
network models can easily find arbitrary functions to fit the relationships between dependent and independent 
variables through the nonlinearity of multilayer networks. However, the direct structure of the fitted model 
cannot provide the insights into the relative importance, fundamental relationships, structure, or covariates 
of the prediction variables22. The opaque decision-making process leads researchers to question the validity 
of the output results. Although researchers have developed the methods to improve decision transparency, the 
unique structure of LSTM inherently limits its interpretability. Firstly, LSTM models include not only linear 
mappings but also multiplicative interactions, which complicate the calculation of relevance scores when linear 
or nonlinear mappings and multiplicative interactions are mixed, often requiring special relevance allocation 
principles, such as “signal-taking-all”23. Secondly, the information in the state unit accumulates and updates 
over time steps through the forget gate, meaning that relevance scores from early time steps decay exponentially 
during backpropagation24, preventing access to relevance data across the entire action cycle. These issues 
necessitate the use of special variants of interpretability techniques in LSTM, increasing model deployment and 
computational costs. Applying the LRP is less complex with the GNN-GRU model. In this study, we used the 
most basic form of the LRP to quantify the correlations between the nine kinematic features and the predicted 
pitching speed, which was discussed further below.

Transparency in the decision-making process of neural network models is crucial in biomechanics. 
Understanding how independent variables influence prediction outcomes helps improve sport techniques or 
prevent injuries. For example, the LRP can reveal the differences in kinematic features between expert and novice 
runners or identify high-risk landing patterns10,11. In this study, the LRP results provided the deep insights into 
the relationship between kinematic features and pitching speed. The results showed that the contribution rates of 

Features

LSTM (n = 21) GNN-GRU (n = 21)

P value T/Z value Effect sizeMAE R2 MAE R2

L ankle angle 0.286 (0.416, 0.205) 0.707 (0.251) 0.924 (1.172, 0.757) 0.915 (0.075) 0.000a

0.001b
− 5.295a

16.173b
0.758a

1.122b

L hip angle 0.286 (0.414, 0.209) 0.704 (0.250) 0.891 (1.241, 0.732) 0.908 (0.081) 0.000a

0.002b
− 5.371a

15.154b
0.679a

1.097b

L knee angle 0.289 (0.414, 0.203) 0.718 (0.196) 0.887 (0.433) 0.917 (0.074) 0.000a

0.005b
− 5.396a

12.386b
1.768a

0.579b

L shoulder angle 0.286 (0.415, 0.203) 0.708 (0.250) 1.119 (0.411) 0.885 (0.094) 0.000a

0.005b
− 5.293a

11.899b
2.569a

0.937b

R ankle angle 0.288 (0.416, 0.204) 0.707 (0.251) 1.128 (0.377) 0.886 (0.090) 0.000a

0.004b
− 5.466a

12.262b
2.771a

0.949b

R hip angle 0.292 (0.413, 0.205) 0.708 (0.248) 1.127 (0.354) 0.892 (0.085) 0.000a

0.002b
− 5.418a

13.869b
2.886a

0.992b

R knee angle 0.285 (0.417, 0.204) 0.704 (0.254) 1.122 (0.364) 0.898 (0.080) 0.000a

0.002b
− 5.421a

15.021b
2.836a

1.030b

R shoulder angle 0.285 (0.413, 0.253) 0.706 (0.253) 1.104 (0.397) 0.905 (0.078) 0.000a

0.001b
− 5.418a

15.485b
2.460a

1.062b

Trunk angle 0.286 (0.413, 0.207) 0.708 (0.248) 0.935 (1.183, 0.774) 0.907 (0.081) 0.000a

0.001b
− 5.396a

14.748b
0.764a

1.078b

Table 2.  Evaluation metrics of kinematic features for the LSTM and GNN-GRU models. n = 21 indicates the 
21 data files in the test set. MAE mean absolute error, R2 R square, LSTM long short-term memory, GNN-GRU 
graph neural network-gate recurrent units. The unit of MAE is degrees, namely “°”. aRepresents the comparison 
results of the MAEs for the two models. bRepresents the comparison results of R2.
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the right ankle, right knee, right hip, and left knee joints were high in the early stages and decreased significantly 
after the stride limb contact, while the contribution rate of the left hip joint was low in the early stages but 
increased rapidly before and after stride limb contact. Previous studies have shown that the trailing limb is 
crucial in the early and mid-phases of pitching25, generating energy to propel the body toward the mound. The 
energy from the ankle joint of the trailing limb increases after the start of the action, peaking shortly before 
stride foot contact, with the energy from the hip joint peaking slightly later, both decreasing to the low levels 
before ball release. This finding aligns with our LRP results, where the contribution rates of these joints peak at 
the stride foot contact and then decline before the throw. Greater extension of the trailing limb increases stride 
length26, delays stride foot contact, and allows more time to transfer linear momentum from the trailing limb 
to the trunk and throwing arm, increasing ball speed in the later stages of the pitching27. Additionally, greater 
stride knee extension is beneficial for leg stability, a key characteristic of high-speed pitchers, while low-speed 
pitchers typically exhibit greater knee flexion (less extension). Since the ground reaction force (GRF) at the stride 
foot contact is a crucial source of energy for the trunk and throwing arm28, the differences in the kinematics of 
the stride knee joint may affect the length of muscle-tendon units, such as the soleus, impacting GRF absorption 
at the stride foot contact17 and thus the efficiency of energy transfer through the kinetic chain16,29. The changes 
in the contribution rates of these joints to pitching speed and their feature trends suggest that before stride limb 
contact, the right ankle should have greater plantar flexion, and the right hip and both knees should extend 
more. After stride limb contact, the left hip should flex more, as greater hip flexion is typically associated with 

Fig. 2.  Contribution rate variations of the nine features throughout the pitching cycle as determined by the 
LRP. The contribution rates have been normalized to a range of 0–1. The black vertical line represents the time 
point of the trailing limb contact with the force platform, and the green vertical dash-dot line represents the 
time point when the throwing arm shoulder joint reaches maximum external rotation.
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a longer stride length. A greater stride length can enhance an athlete’s ability to generate forward momentum. 
These findings suggest that athletes should focus on improving their lower limb joint range of motion (ROM) 
and incorporating training that targets the entire lower limb kinetic chain to enhance inter-joint coordination. 
Previous studies have confirmed that both ROM and coordination abilities play a critical role in achieving 
high-speed pitching18,30,31. The trunk’s contribution rate increases rapidly after stride limb contact. The trunk’s 
kinematics affect the ball’s movement distance before the release. After the stride limb contacts the ground, the 
trunk begins to extend, reaches its peak quickly, then flexes again, and leans forward to throw the ball. The LRP 
results suggest that greater extension is necessary because it allows for a greater range of flexion. Greater forward 
tilt of the trunk leads the throwing arm, requiring the humerus to overcome a greater horizontal abduction 
angle to release the ball, extending the time for the humerus to reach maximum horizontal abduction, and 
providing more time to accelerate the angular velocity of the throwing arm, thereby increasing ball speed32. 
Each additional 10° of trunk forward tilt increases elbow varus torque by 3.3%, further increasing ball speed33. 
Meanwhile, increased trunk forward flexion creates additional space and time for the rotation of the pelvis, 
sacral vertebrae, lumbar vertebrae, and thoracic vertebrae. Previous studies have confirmed that a trunk forward 
flexion angle of 45° generates an additional 19° of rotational space. This additional rotation plays a crucial role 
in enhancing ball velocity34,35. Furthermore, the contribution rate of the right shoulder joint increases rapidly 
after stride limb contact and continues to increase until the end of the throw. This trend suggested that the 
right shoulder joint should be externally rotated as much as possible. Greater external rotation means that if 
the athlete maintains the same timing for ball release, a faster internal rotation angular velocity is needed to 
release the ball. Faster humeral internal rotation angular velocity is a key feature distinguishing fastballs from 
slower pitches36. Undoubtedly, the LRP results easily show the impact of each feature on the prediction outcome, 
enhancing the transparency of the model’s decision-making process.

Another advantage of the GNN-GRU is its potential to quantify motor coordination and control. The GNN 
can capture information about a node and its neighboring nodes, the capability that LSTM, RNN, and CNN 
models lack since they only consider the temporal relationships of features without considering the spatial 
correlations between the features. Yao et al. achieves a robot arm optimal torque distribution at each joint during 
tasks using the GNN model37. From this perspective, GNN has exciting potential for human motor control and 
may replace analytical methods in motor control fields, such as uncontrolled manifolds, continuous relative 
phases, or nonnegative matrix factorization. EMG signals are processed on an edge computing platform at very 
high speeds, and the coordination relationships between muscles in a graph structure are captured, enhancing 
the speed and accuracy of prosthesis control. Future research should explore the application prospects of GNN 
in the field of motor control.

This study utilized a publicly available dataset, and due to privacy policies, we could not fully access all 
information related to data collection, particularly the skill level, age, and injury status of each subject. We failed 
to ensure if these factors contaminated the dataset and consequently affected the model’s results. However, this 
study is methodological in nature and has demonstrated the accuracy of the GNN-GRU model in predicting 
continuous data and the transparency of its decision-making process. Therefore, even if the dataset is contaminated, 
it should not impact the findings of this study. Moreover, we did not include rotational kinematic features around 
the vertical axis in this study. According to the previous research findings38, the athletes exhibited substantial 
variability in rotational styles, leading to the significant individual differences. Ignoring such variability when 
training and predicting with the model might negatively impact its performance. In future studies, researchers 
utilize the GNN-GRU model to explore these rotational kinematic features deeply, potentially enhancing our 
understanding of their roles in pitching biomechanics and improving the model accuracy.

Conclusion
This study examined the application of a novel model in biomechanical data analysis. Compared to traditional 
LSTM, the GNN-GRU model achieved better prediction accuracy but was potentially more susceptible to the 
influence of data variability. Moreover, the GNN-GRU-based model demonstrated the better interpretability and 
decision transparency.

Methods
This study presented a secondary analysis of data from the Open Biomechanics Project, including an anonymous 
dataset of elite athlete motion capture data. The dataset was developed and maintained by Wasserberger et al.39. 
The details of the data collection process were described below.

Open biomechanics project dataset
Participants
The dataset includes motion capture data of 100 baseball athletes during pitching [age: 21 (2) years, height: 
1.85 (0.07) m, weight: 90.7 (10.2) kg]. Ethical approval for all data collection procedures was obtained from the 
Western Institutional Review Board (Western IRB # WB-DLR-115).

Experimental protocol
Each athlete had 39 markers attached to their body and used a standard baseball weighing 140 g for pitching. Three-
dimensional ground reaction force data were collected using three force plates arranged in a T-configuration in 
the center of the field (sampling rate: 1080 Hz, model: 6090-06 and 9090-15, Betrec Inc., Italy) and covered 
with 0.5-inch-thick turf. A 15-camera motion capture system (sampling rate: 360 Hz, model: Optitrack Prime 
17 W, Natural Point Inc., Canada) was used to capture the trajectories of the markers (Fig. 3A,B). The global 
coordinate system was defined as follows (Fig. 3C): the X-axis was in the anterior-posterior direction (positive 
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toward the home plate), the Y-axis was in the lateral direction (positive toward the first base), and the Z-axis 
was in the vertical direction (positive upward). Each subject performed at least three valid fast balls, with some 
performing up to five. The data from these valid pitches were saved as C3D files along with each subject’s static 
calibration file.

Data analysis
Considering the biomechanical differences between left-handed and right-handed pitchers40, we excluded left-
handed pitchers and downloaded the data from 53 [height: 1.82 (0.07) m, weight: 89.8 (9.8) kg] right-handed 
pitchers (see Appendix). Using the static files for each subject, we created a body model in Visual 3D (version: V6 
Professional, Has-Motion, Kingston, Canada). Following previous studies41, we defined the start of the pitching 
as the time point when the stride limb hip flexion angle reached its maximum and the end of the pitching as the 
time point when the release occurred (Fig. 4). The time between these two points was defined as the pitching 
phase. Joint angles in the sagittal plane for the bilateral ankles, knees, hips, trunk, and shoulders were calculated 
using the XYZ Cardan sequence (Table 3).

Since the dataset did not provide continuous ball speed data, we calculated the resultant speed of the 
throwing hand in three-dimensional space as the dependent variable42. The joint angle and throwing speed data 
were filtered using a 4th-order low-pass filter at 6 Hz. All joint angles and pitching speeds during the pitching 
phase were exported as ASCII txt files and subsequently interpolated to a length of 101 to represent 0–100% of 

Fig. 4.  Phases and key events of a pitch. Max ER, maximum external rotation of shoulder joint.

 

Fig. 3.  Marker protocol and force platform placement. (A) front view; (B) rear view; (C) laboratory coordinate 
system.
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the pitching phase. The data were then standardized using Z score normalization and converted to CSV files, 
resulting in a 9 × 101 matrix for the features and a 1 × 101 matrix for pitching speed. A total of 208 valid pitchings 
were exported and saved.

Deep learning
Long short-term memory model
In this study, we constructed a basic LSTM neural network model with several hidden layers and one fully 
connected layer (see “Particle swarm optimization” section). The number of neurons in each hidden layer and 
the learning rate were determined using an optimization algorithm (see the “Particle swarm optimization” 
section). Each hidden layer was followed by a 20% dropout to reduce the risk of overfitting1,43. The LSTM model 
accepted a 9 × 101 feature matrix as input, with each column representing a feature (joint angle) and each row 
representing the value of that feature at each time point during the pitching cycle. When the model was used 
to predict pitching speed, the output dimension of the fully connected layer was 1, and the pitching speed CSV 
file was used as the target variable, which was compared with the model’s output to guide the hyperparameter 
updates. When the model was used to predict kinematic features, the output dimension of the fully connected 
layer was 9, and the pitching speed of the CSV file did not play a role.

Graph neural networks and gate recurrent units
In this study, we used a hybrid model of a GNN and a GRU consisting of several hidden layers (see the “Particle 
swarm optimization” section), one GRU layer, and one fully connected layer (Fig. 5). GNNs are characterized 
by edge features and node indices, which need to be provided during model training. The pitching data for each 

Fig. 5.  GNN-GRU model architecture. (A) The implementation principle of the GNN, where ni represents 
nodes (joints), ej, sj, rj represent the set of edge features (bones), ej  represents the edge features, and sj, rj 
represent the start and end nodes of an edge, respectively. g denotes the global features of the graph. fg , fn, fe 
represent the global update function, node update function, and edge update function, respectively. GN1, GN2, 
and GN3 represent the three convolutional layers, GRU represents the gated recurrent unit layer, and Linear 
represents the fully connected layer. (B) The hybrid model used in this study, where Node features represent 
the feature matrix, Target variables represent the pitching speed matrix, and Edge index represents the edge 
index matrix. (C) Architecture of gated recurrent unit.

 

Joint Segment (Distal) Reference segment (Proximal) Kinematics parameters Abbreviation

Ankle Foot Shank Plantar flexion/dorsiflexion PF [−]/DF [+]

Knee Shank Thigh Extension/flexion EXT [+]/FLE [−]

Hip Thigh Pelvis Extension/flexion EXT [−]/FLE [+]

Trunk Thorax Pelvis Extension/flexion EXT [+]/FLE [−]

Shoulder Upper arm Thorax External rotation/internal rotation ER [+]/IR [−]

Table 3.  Instructions of kinematic features. PF plantar flexion, DF dorsiflexion, EXT extension, FLE flexion, 
EV eversion, ER external rotation, IR internal rotation.
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pitching were a 9 × 101 matrix, where 9 represented the features (joint angles) and 101 represented 0–100% of 
the action cycle. This matrix was converted into graph data, with each column representing a node and each row 
representing the value of that feature at the current time point. The edge feature matrix did not assign additional 
features to the edges, resulting in an all-ones matrix. For the node index matrix, based on uncontrolled manifold 
theory, it is established that to achieve optimal movement performance, there are complex coordination effects 
among joints, even between distant joints44,45. Therefore, each node was connected by an edge to form a complete 
graph rather than connecting only adjacent joints.

During model training, these matrices were first passed to the convolutional layers, which aggregated the 
features of a node and its neighboring nodes to capture potential relationships between different nodes and 
between features and the dependent variable. Each convolutional layer was followed by a ReLU activation 
function to introduce nonlinearity. The number of convolutional layers, learning rate, and number of neurons 
per layer were determined by optimization (e.g., Particle swarm optimization). Next, a GRU layer was used to 
capture temporal dependencies in the sequential data, followed by a fully connected layer to output the results 
(Fig. 5). As described earlier with the LSTM, the output dimension of the fully connected layer varied depending 
on whether the pitching speed or kinematic features were being predicted. This process was implemented using 
Python with PyTorch and torch geometric libraries.

Particle swarm optimization
Particle swarm optimization (PSO) was employed to automatically find the optimal hyperparameters for the 
neural network models46. For both models, the range for the number of nodes per convolutional layer was 
set between 2 and 256, the number of layers was set between 2 and 3, and the learning rate was set between 
0.001 and 0.1. Each combination of hyperparameters was run for 100 epochs during the iterations, and the 
combination with the lowest loss was considered the optimal set and subsequently validated on the test set. The 
implementation process is as follows:

	 vi (t + 1) = wvi + c1r1 (pi (t) − xi (t)) + c2r2 (g (t) − xi (t))� (1)

where w is the inertia weight controlling the influence of the particle’s previous velocity on its current velocity; 
c1 and c2 are acceleration coefficients representing the weight of the particle’s movement toward its personal 
best position and the global best position, respectively; and r1 and r2 are random numbers between [0,1] to 
introduce randomness.

	 xi (t + 1) = xi (t) + vi(t + 1)� (2)

The current position of particle xi (t + 1) is updated by adding the new velocity vi(t + 1), ensuring that the 
particle moves within the search space.

	
pi (t + 1) =

{
pi (t) if f (xi (t + 1)) ≥ f (pi (t))
xi (t + 1) if f (xi (t + 1)) < f (pi (t)) � (3)

where f  is the objective function to be minimized. After updating the position, each particle updates its historical 
best position if the current position’s objective function value is better than its historical best.

	 g (t + 1) = argminf (pi( t + 1 ))� (4)

Among the historical best positions of all the particles, the one with the minimum objective function value was 
selected as the global best position. To ensure the model’s generalizability, a cross-validation algorithm was used. 
The entire dataset was split into an 80% training set, a 10% test set, and a 10% validation set. The training set was 
used to learn the features, and the PSO algorithm was run on the validation set to adjust the hyperparameters. 
Finally, the model performance and results were evaluated on the test set, which contained data never used 
in training and validation. A total of 53 subjects performed 208 pitchings, resulting in 208 samples, with 166 
samples in the training set and 21 samples each in the test and validation sets. This process was implemented 
using custom Python code with the pyswarm and KFold libraries.

Layer wise relevance propagation
LRP was employed to calculate the relevance of each feature to the dependent variable, thereby enhancing model 
interpretability. Specifically, when we used the model to predict the pitching speed, we used the LRP method to 
compute the contribution rate of each feature to the prediction. Assuming that the model’s predicted value is ŷ 
and that the input features are x, the process of the LRP is as follows:

	 ŷ = GNN (x)� (5)

The input features are forward propagated through the GNN model to obtain the predicted value ŷ. The gradient 
of the predicted value is then backpropagated to the input features using the chain rule. To achieve this, the LRP 
scores through each layer of the network. The process involves two main steps: the output f(x) is taken as the 
initial relevance score Ri, and this relevance is then backpropagated from the output layer to the input layer. The 
propagation rule for each layer is defined as:
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Rj =

∑
i

xjwij∑
k
xkwik

Ri� (6)

where Rj  represents the relevance score of the j-th node in the current layer, Ri represents the relevance score 
of the i-th node in the previous layer, xj  ​denotes the input activation value of the j-th node in the current layer, 
wij  is the weight from the j-th node in the current layer to the i-th node in the previous layer, and 

∑
k
xkwik  is 

the weighted sum of activation values and connection weights for all nodes in the current layer. When handling 
continuous numerical variables, this calculation is performed at each time point, resulting in a temporal profile 
of relevance scores over the entire action cycle. Overall, the LRP decomposes the model’s prediction into 
contributions from individual input features via layerwise propagation of relevance scores. This process was 
implemented using custom Python code with the investigated library.

Evaluation metrics
To evaluate the effectiveness of the model, we calculated the mean absolute error (MAE) and R-squared (R2) 
between the predicted and actual pitching speeds, as well as the actual and predicted results of the nine kinematic 
features for each sample in the test set47. These metrics provided a comprehensive assessment of the model’s 
performance.

Statistics
Statistical analyses were conducted using SPSS (version 26.0, IBM, Inc., Newark, USA). The normality of the 
distributions of the MAEs and R2 outputs for the two models on the test set was assessed using the Shapiro‒Wilk 
test. If the data followed a normal distribution, an independent sample t test was used to examine the differences 
in prediction accuracy between the two models. If the data did not follow a normal distribution, the Mann‒
Whitney U test was applied. The effect sizes were reported using Cohen’s d, with the following interpretation 
standards: = 0.8 (large), = 0.5 (medium), = 0.2 (small)48. The significance level for the study was set at P < 0.05. 
Normally distributed data were presented as the mean (standard deviation), while nonnormally distributed data 
were presented as the median (interquartile range) (IQR, Q3-Q1).

Data availability
The publicly available datasets used in this study can be downloaded from ​h​t​t​p​s​:​​​/​​/​g​i​t​h​u​​b​.​c​o​​m​/​d​r​i​v​​e​l​i​n​e​​r​e​s​e​a​r​​​c​h​/​
o​p​e​​n​b​i​o​m​​e​c​h​a​n​i​c​s. The code used in the study can be obtained from the first author upon request.
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