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Introduction: This study investigated the effects of dry swing intervention using differently weighted baseball bats on bat speed and attack angles during actual swing, simulating warm-up routines. Additionally, it explored core kinematic factors impacting subsequent bat speed and attack angles.



Methods: Sixty-nine baseball players were allocated by stratified randomization into three groups—normal-weight, weight, and reduced-weight—within their respective age categories. Bat swing kinematics were collected using BLAST, while bodily kinematics were captured with Rebocap sensors. Differences between pre- and post-tests were analyzed, and core intervention factors were identified with an XGBoost model and SHAP-based additive explanations.



Results: No significant bat speed differences were found, but attack angles varied significantly in the normal-weight bat group for 12–14 year-olds (p = 0.027, ES = −0.315) and university players (p = 0.018, ES = 0.456). Core kinematic indicators included hip internal rotation (p = 0.007, ES = 0.990) and inclination angle (p = 0.023, ES = 0.184) showed significant differences, including and for the 12–14 age group using normal-weight bats, and hip external rotation (p = 0.045, ES = 1.619) for the 14–16 age group using weighted bats.



Discussion: Post-test attack angles were impacted by intervention elevation and inclination angles, particularly for non-long-term bats. Adolescent athletes with shorter training term should avoid weight or reduced-weight bats for warm-up swings.
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1 Introduction

Baseball batting constitutes a highly complex kinematic chain (1), with the primary objective of maximizing the projectile distance of the baseball through optimal kinetic transfer, initial speed controlling, bat-ball impact angle, and contact point. To achieve this, they are critical determinants. The bat speed at impact determines the baseball's initial flight velocity, while both bat-ball impact angle and contact point determines the angle of intersection between the baseball's trajectory and the ground. Baseballs travel the greatest distances only with the best combination of initial speed and intersection angle. Before executing actual swing, most players perform warm-up swings with a bat of specific weight to optimize their batting quality. During batting, the batter faces a baseball moving at an average speed of over 140 km/h (approximately 38.89 m/s) along a trajectory akin to a straight line, with merely 0.4 to 0.5 s between the moment the pitcher throws the ball and the moment the batter bats it. The batter has only 0.2 s to finish the swing, leaving only 0.2–0.3 s to decide whether to swing and how to bat (2). A batter who can improve their bat speed will have more time for decision-making. Sufficient decision-making time ensures the flexible implementation of in-game tactics and precise judgment of the contact point. Previous research has established a close association between the error in a tactical and actual contact point with body stability, which is helpful for accurately tracking the trajectory of the baseball (3), thus minimizing the deviation of an attack angle and the error between the intended and actual contact points. Although controlling the contact point can theoretically ensure that the ball follows a parabolic trajectory with an optimal initial angle to achieve maximum distance, implementing this strategy in practice is challenging. Thus, our experimental study examined the impact of using normal-weight, weight, and reduced-weight bats for dry swing intervention on the bat speed and stability of actual swing among athletes of different ages.

Bat speed and body stability are influenced by athletes' kinematic parameters and biomechanical indicators. Previous studies (4–7) have explored the effects of dry swing intervention with normal-weight, weight, and reduced-weight bats on bat speed and swing trajectory from a kinematics perspective. These studies found that among adult athletes, the use of differently weighted bats for warm-up swings had no significant impact on bat speed in pre- and post-training tests (6, 7). However, Montoya et al. (4) found that performing multiple warm-up swings using a reduced-weight or normal-weight bat improved bat speed. Furthermore, quantitative and qualitative analyses have shown that the moment of inertia (MOI) is the largest with a weighted bat, resulting in the most evident changes in an athlete's swing pattern after a dry swing intervention. However, compared to normal-weight and reduced-weight bats, the resultant change in bat speed is the smallest (5). Additionally, significant correlations have been identified between intervened bat speed (IBS), training years (TY), height (H), weight (W), and bat speed, with heavier weight contributing to faster bat speed. Studies (8–14) have also investigated the relationship between trunk rotation and force-velocity generation from a biomechanical perspective. These studies found that swing and batting rely on the biomechanical accuracy of the hips, spine, and trunk. Maximizing ground reaction force is a critical determinant of bat speed (11) hinges on effective force transmission from the pelvis to the spine (12). Moreover, the rotation of proximal body segments and force-velocity generation are fundamental to the kinetic chain of trunk rotational movements (8, 9, 14). Therefore, the hips and spine, as the most critical proximal segments, serve as key kinematic parameters for generating maximum bat speed. Other studies have employed machine learning algorithms from the field of artificial intelligence to efficiently identify potential patterns based on kinematic data (15, 16, 29–31). In summary, most studies on the effects of dry swing intervention using differently weighted bats have focused on adult athletes, such as college, university, or professional players. These studies emphasized technical routines to enhance athletes' strength and improve bat speed, whereas fewer studies have focused on adolescent athletes. Moreover, little research has combined analyses of bat speed and body stability.

To address this deficiency, the present experimental study recruited 69 athletes including junior and senior high school students, university players, and professional players. High-precision kinematic measurements of bat and body kinematics were acquired during dry swing intervention employing three types of bats: normal-weight, weight, and reduced-weight. To determine whether the dry swing intervention significantly changed bat speed and stability, the researchers analyzed the impact of dry swing intervention using differently weighted bats on actual swing among athletes in different age groups from the perspectives of mathematical statistics and machine learning. The core intervention factors affecting actual swing were identified using a machine learning model developed based on the well-known and integrated algorithm XGBoost. The results revealed the relationships between bat speed and individual dry swing intervention factors. A comparative analysis of athletes' data across age groups was conducted to investigate the profound influence of dry swing intervention using differently weighted bats on adolescent athletes in particular. Given that the results regarding athletes’ body stability were integrated into the data concerning the moment of batting, attack angle (AA) was selected to represent athletes' body stability.



2 Methods


2.1 Participants

The study participants consisted of 69 male athletes stratified into three competitive tiers: 39 adolescent athletes (junior/senior high school students), 15 collegiate athletes, and 15 professional players. The junior and senior high schoolers were recruited from Dongbeitang Middle School in Wuxi, Jiangsu Province; among whom six and nine were accredited first- and second-grade athletes, respectively. The athletes were further separated into three age groups: 12–14, 14–15, and 16–18 years. The university athletes were recruited from Nanjing Tech. University, including two accredited master sportsmen and three and ten accredited first- and second-grade athletes, respectively. The professional athletes were recruited from the Jiangsu provincial team, all of whom were accredited master sportsmen; three also served on the national team, and five were national youth team members. Table 1 lists the athletes' basic information. Among the 69 participants, 14 and 54 were left- and right-handed, respectively. All athletes participated in the study voluntarily with permission from their managers. Prior to recruitment, individual conversations were held with the athletes regarding their injury history, current status, training experience, and involvement in sports other than baseball. This information was used to determine whether candidates met the experiment's inclusion criteria, which were as follows: (a) baseball must be the athlete's only competitive sport; (b) non upper-limb or trunk musculoskeletal injuries within the previous four months; (c) non shoulder, elbow, or spinal surgery in the past six months; (d) non usage of medications or supplements that could influence athletic performance; and (e) willingness to complete all testing sessions. During recruitment, each athlete got a thorough explanation of the experimental procedures, potential risks, and anticipated benefits. Written informed consent was obtained from all participants before data collection.



TABLE 1 Basic information of Athletes.



	Groups
	Age (Y) (x¯±s)
	Height (CM) (x¯±s)
	Weight (KG) (x¯±s)
	Training years (Y) (x¯±s)
	Count





	12–14 age
	12.25 ± 0.31
	157.67 ± 2.13
	49.21 ± 3.34
	1.33 ± 0.26
	12(L:1; R:11)



	14–15 age
	14.33 ± 0.14
	173.33 ± 1.61
	61.25 ± 2.24
	4.00 ± 0.56
	12(L:4; R:8)



	16–18 age
	16.38 ± 0.18
	178.23 ± 1.50
	71.23 ± 2.48
	5.15 ± 0.36
	15(L:3; R:12)



	U-Athletes
	20.00 ± 0.28
	182.47 ± 1.65
	80.83 ± 2.61
	7.27 ± 0.55
	15(L:3; R:12)



	Pro-Athletes
	22.53 ± 0.48
	182.13 ± 1.37
	82.40 ± 3.56
	10.27 ± 0.33
	15(L:3; R:12)




	U- Athletes denotes university Athletes; Pro- Athletes denotes professional Athletes; L denotes left-handed batter; R denotes right-handed batter.









2.2 Experimental design

Consistent with age classifications for competitive baseball in terms of the rules published by the General Administration of Sport of China, experimental schemes were implemented using age-appropriate equipment: for the adolescent athletes, soft bats for the 11–13 age group and metal bats for the 16–18 cohort. For the adult athletes, collegiate athletes utilized metal bats, while professionals employed regulation wooden bats. The bats used for the experiment were differently weighted bats typically used in regular athletic events (see Table 2). To ensure similar performance levels among groups within the same age cohort, we employed the skill of stratified randomization (32). For participants aged 16 years and older who held athlete-grade certificates, we first stratified them into three tiers, “Master Sportsman”, “First-Grade Athlete”, and “Second-Grade Athlete”. Athletes in each tier were then randomly allocated into one of three groups—normal-weight, weight, or reduced-weight. For the 12–13 year-old and 14–15 year-old cohorts, who had not yet obtained athlete-grade certificates, stratification was based on years of formal training, followed by random assignment. To further minimize bias arising from prior experience, the allocation for 12–15-year-olds also considered current skill level, height, and body mass. In addition, we actively balanced handedness to guarantee that each experiment group contained at least one left-handed batter. Standard baseballs weighing 142 grams were used for testing. One week prior to the experiment, participants were instructed to avoid consuming alcohol, overeating, or staying up late. They were also prohibited from consuming caffeinated products or any other substances that might enhance athletic performance within 48 h of the experiment. On the day of the experiment, participants refrained from engaging in additional physical activities beyond regular training sessions. Furthermore, they were required to ensure they had received at least eight hours of sleep the night before the experiment.



TABLE 2 Information on bats used in each group.



	Groups
	Normal-weight bat
	Weight bat
	Reduced-weight bat





	12–14 age
	EASTON-DMEN (78CM;566G)
	SSK-SUPER CONDER (83CM;850G)
	Self-made (80CM;300G)



	14–15 age
	SSK-SUPER CONDER (83CM;850G)
	SSK with Ring (83CM;1350G)
	EASTON-ELEVET (76.2CM;550G)



	16–18 age
	SSK-SUPER CONDER (83CM;850G)
	SSK with Ring (83CM;1350G)
	MIZUNO-FUNGO (91CM;530G)



	U-Athletes
	ASICS TN600 (83CM;870G)
	ASICS with Ring (83CM;1400G)
	MIZUNO-FUNGO (91CM;530G)



	Pro- Athletes
	YANASE-PRO (84CM;920G)
	MARUCCI-PRO MAPLE (84CM;1300G)
	MIZUNO-FUNGO (91CM;530G)




	U- Athletes denotes university Athletes; Pro- Athletes denotes professional Athletes.









2.3 Experimental procedures

To ensure participants were in optimal condition for athletic performance, standardized dynamic activation exercises were conducted prior to the formal test. After these activation exercises, each athlete was equipped with a Rebocap sensor and engaged in adaptive practice using a group-specific designated bat fitted with a BLAST device (Figure 1). The athletes performed adaptive batting on a T-shaped batting platform at the testing site to ensure proper warm-up and find the optimal attack angle and suitable batting platform height. The height of the platform was adjusted according to individual athletes' preferences, except during the formal test, which commenced once the athletes indicated they were ready following their warm-up swings. During the pre-test phase, each athlete performed three official swings, with a 10-second interval between each swing. After completing the pre-test, the athletes performed five dry swings in two minutes using the assigned intervention bat. The two-minute duration was selected to allow sufficient time for the batter to walk from the warm-up zone to the batter's box. Subsequently, three post-tests were conducted, with a 10-second interval between each swing. All testing data were documented in detail and saved.


[image: Figure 1]
FIGURE 1
Testing of the “T” batting platform.




2.4 Data collection


2.4.1 Bat kinematic data collection

We use a BLAST (USA) device to collect bat kinematic data attached to the knob of the bat (Figure 2). The data collected included pre-test, intervention, and post-test bat speed (BS), as well as pre- and post-test rotational acceleration (RA), attack angle (AA), on-plane efficiency (OPE), early connection (EC), and connection at impact (CAI; Table 3).


[image: Figure 2]
FIGURE 2
Blast device mounted on the Bat's end.




TABLE 3 The interpretation of BLAST data.



	Indictor
	Meanings





	BS
	The speed of the bat at the moment during batting the ball



	RA
	The acceleration of the bat during batting



	AA
	The collision angle between the ball and the bat at the moment of hitting



	OPE
	The alignment of the bat with the desirable swing plane during the hitting process



	EC
	The angle between the bat and the vertical line of the ground during the stride phase



	CAI
	The angle between the bat and the vertical line of the ground at the moment of contact.









TABLE 4 The interpretation of bodily kinematic data.



	Indictor
	Meanings





	L3IR
	The third lumbar vertebra internal rotation



	L3ER
	The third lumbar vertebra external rotation



	L3MS
	The third lumbar vertebra maximum angular speed



	LHIR
	Lead hip internal rotation



	LHER
	Lead hip external rotation



	LHMS
	Lead hip maximum angular speed



	PHIS
	Push-off hip internal rotation



	PHER
	Push-off hip external rotation



	PHMS
	Push-off hip maximum angular speed



	Q
	The elevation angle of the body on the Z-axis when batting the ball (Inclination angle)



	Y
	The elevation angle of the body on the Y-axis when batting the ball (Elevation angle)



	I-XXX
	Abbreviated prefix denoting the intervention segment targeting specific indicators




	For right-handed hitters, the lead hip corresponds to the left hip, and the push-off hip corresponds to the right hip; vice versa for left-handed hitters.









2.4.2 Bodily kinematic data collection

Athletes' bodily kinematic data were collected using 10 IMU Rebocap sensors (China) [33] positioned at the xiphoid process, the midpoint of the left and right humeri, the midpoint of the left and right radii, the anterior of the third lumbar vertebra, the midpoint of the left and right femora, and the midpoint of the left and right tibiae (Figure 3). The sensors' height settings were adjusted according to each athlete's height. To ensure the accuracy of the athletes' skeletal models, calibration was performed prior to motion capture using three distinct poses: A, T, and S (Figure 4). The raw data for sensor position and orientation were independently filtered along each global axis using a fourth-order Butterworth filter with a cutoff frequency of 20 Hz (17). This filtering method effectively removed high-frequency noise, ensuring the data's smoothness and accuracy. Motion capture was performed on athletes' pre-test, intervention, and post-test batting, and the generated skeletal models were exported (Figure 5). Data from the two core coordinate systems, the pelvis (Pe) and spine (Sp), were collected to quantify the athletes' core kinematic parameters. The Pe coordinate system used the two positions of lead hip (LH) and push-off hip (PH), and the Sp system used the third lumbar vertebra (L3) position. Rotation was defined as the axial rotation of the spine and pelvis. Three-dimensional Euler angles (using the Z-Y'-X’’ rotation sequence) were employed to quantify the internal and external rotation of L3, LH, and PH (Y′ rotation), as well as the tilt angles of L3 in terms of elevation (Z’ rotation) and lateral flexion (X' rotation). Internal rotation of the spine and pelvis was defined as the clockwise rotation angle from the standing preparation phase to the extension phase. External rotation was defined as the maximum counterclockwise rotation angle from the end of internal rotation to the completion of the batting motion, measured in radian. Anterior–posterior tilt and lateral flexion angles were measured as the difference between the static body Z and Y axis angles at the moment of batting and in the preparation phase, in radian. These angles were primarily used for data visualization and were not directly included in calculations. Kinematic velocity metrics were represented as the maximum angular speed.


[image: Figure 3]
FIGURE 3
Sensor device on the Athlete's body.



[image: Figure 4]
FIGURE 4
Motion calibration (A-T-S) before data collection to improve accuracy.



[image: Figure 5]
FIGURE 5
Sensor collecting and generating 3D biometric skeletal models during each Athlete's swing.





2.5 Statistical analysis

To facilitate data processing, we saved the data collected using BLAST in Excel spreadsheets. The data were categorized by age group and bat weight. The descriptive statistical results are represented by (x¯±s) and [M(P25,P75)]. We used the Shapiro–Wilk test in SPSS Statistics 26.0 (USA) to conduct a normality test (p > 0.05). For data with a normal distribution, a paired samples t-test was conducted to compare changes in indicators before and after dry swing intervention. Data without a normal distribution underwent a Mann–Whitney U-test. We used Python (USA) to calculate Cohen's d effect size (ES) for the interventions. To correct for the overestimation of effect sizes in small datasets, the Hedges' g correction factor J (Equation 1) was applied to the Cohen's d values. The resulting effect sizes were stored in an Excel spreadsheet.






	J=1−34*(n1+n2−2)−1

	(1)










where n1 and n2 denote the size of the pre-test and post-test samples, respectively.

We categorized the intervention effects based on effect size thresholds defined by G*Power: ES < 0.10 was classified as no effect, 0.10 ≤ ES < 0.30 as a low effect, 0.30 ≤ ES < 0.50 as a moderate effect, and ES > 0.50 as a high effect (18).



2.6 Intervention factors selection model

XGBoost (eXtreme Gradient Boosting) is an efficient machine learning algorithm based on the gradient boosting strategy which is widely applied for feature selection and regression prediction tasks. Its core scheme is to continuously optimize the model through gradient boosting methods based on decision trees, guiding it closer to the optimization solution step by step. During the training process, XGBoost optimizes the model by minimizing the objective function, which consists of a loss function and a regularization term, as shown in Equation (2).






	τ(θ)=∑i=1nl(yi,y^i)+∑k=1KΩ(fk)

	(2)










where the loss function l(yi,y^i) can be taken as either Mean Squared Error (MSE) or Log Loss, to measure the error between the model's predicted value y^i and the real value yi.

Since this issue-studying in this paper is more inclined towards regression analysis, in Equation (2), the mean squared error is employed as the loss function, and shown as equation (3),






	l(yi,y^i)=(yi−y^i)2

	(3)










In Equation (2), Ω(fk) represents the regularization term of the model, which works to control the complexity of the trees to prevent overfitting. Wherein, the reg_alpha parameter is a key hyper-parameter that controls the strength of L1 regularization and also play a key role in the feature selection process. L1 regularization is shown in Equation (4),






	Ωα(f)=reg_alpha∑|wj|

	(4)










With comparison of L2 regularization, L1 regularization has the characteristic of sparsity, which can drive some feature weights to converge to zero. This allows the model to automatically select the most representative features and enhance its generalization ability. In practice, appropriately increasing its value of the reg_alpha parameter can degrade the interference of unimportant features and improve the model's adaptability to unknown data. This paper takes the average of its empirical values of the reg_alpha parameter after several rounds of supervised learning training.

Baseball batting entails non-linear motion. Thus, this study focused on XGBoost-based variable selection models for intervention factors. Models 1–3 were established to select the intervention factors of post-test bat speed (HBS) following the use of normal-weight, weight, and reduced-weight bats, respectively. Models 4–6 were constructed to select post-test attack angles following the use of normal-weight, weight, and reduced-weight bats, respectively.

The output variables of Models 1–3 were post-test bat speed (HBS) after dry swing intervention using three differently weighted bats. The input features included athletes' years of training (TY), height (H), weight (W), IBS, intervened third lumbar vertebra internal rotation (IL3IR), intervened third lumbar vertebra external rotation (IL3ER), intervened third lumbar vertebra maximum angular speed (IL3MS), intervention-led hip internal rotation (ILHIR), intervention-led hip external rotation (ILHER), intervention-led hip maximum angular speed (ILHMS), intervened push-off hip internal rotation (IPHIS), intervened push-off hip external rotation (IPHER), and intervened push-off hip maximum angular speed (IPHMS). Models 4–6 predicted post-intervention attack angles (HAA) after the use of the three differently weighted bats. These models’ input features included athletes' years of training (TY), height (H), weight (W), intervention inclination angle (IQ), intervention elevation angle (IY), intervention early connection (HEC), intervention connection at impact (HCAI), and intervention on-plane efficiency (HOPE) (see Table 4). We conducted intervention factor selection modeling using a custom program obtained from the Python Scikit-learn library. To further improve the models' generalization ability, we conducted random sampling on the raw samples and separated them into training and testing data sets at a seven-to-three ratio. The training data set was used for model training, tuning, and parameter optimization, while the testing data set was used for model testing and validation. Model tuning and parameter optimization were implemented using GridSearchCV. The key hyper-parameters optimized in this study include max_depth [5, 15], n_estimators [50, 300], learning_rate [0.05, 0.3], subsample [0.5, 1], and reg_alpha [0.001, 10]. These parameter ranges were selected to achieve a balance between model complexity, generalization performance, and computational efficiency. The other hyper-parameters, such as colsample_bytree etc., were configured at their default values, as their impact on model performance was considered secondary ones. To guarantee optimization reliability, implementing 5-fold cross-validation, achieving an optimal balance between computational efficiency and model stability. This approach guaranteed robust generalization capability in the final model. Model testing and validation were measured using the mean test score (MTS), which facilitated evaluation of the accuracy and reliability of the feature variables the model selected. The MTS is calculated using equation (5),






	MTS=1n∑i=1nSi

	(5)










where n represents the number of folds in cross-validation, and Si denotes the test score of the i-th fold cross-validation.

Additionally, we used the Shapley additive explanation (SHAP) algorithm to explain the variables selected by the model. For a model with n features, the calculation of its Shapley value ϕi for i-th feature is based on cooperative game theory, as shown in Equation (6),






	ϕi=∑S⊂N,i∈S(|S|−1)!(n−|S|)!n![v(S)−v(S−{i})]

	(6)










where N is the set of all features, S is a subset containing some features, |S| represents the size of S subset, and v(S) is the model's predicted value corresponding to the feature subset S.




3 Results


3.1 Individual intervention groups' paired t-test results

Paired samples t-tests were conducted using athletes' pre- and post-test bat and body kinematic data across age groups to observe the differences between the pre- and post-test results. Tables 5–7 present the results of the paired t-test analysis for significance. Table 5 shows that the paired t-tests of all bat speed indices indicated no significant differences between the pre- and post-tests (Figure 6A). Table 6 shows that the age 12–14 and university intervention groups using normal-weight bats exhibited significant differences in AA (p = 0.027, ES = 0.315; p = 0.018, ES = 0.456) (Figure 6B). Table 7 shows that the age 16–18 intervention group using weight bats exhibited significant differences in RA (p = 0.047, ES = 0.173), the corresponding group using normal-weight bats demonstrated significant differences in OPE (p = 0.037, ES = −1.235), and their counterparts using weight bats presented significant differences in EC (p = 0.02, ES = 0.280), whereas the university intervention group in the same age bracket using reduced-weight bats exhibited significant differences in CAI (p = 0.049, ES = 0.290). The age 12–14 intervention group using normal-weight bats showed significant differences in LHIR (p = 0.007, ES = 0.99) and Q (p = 0.023, ES = 0.184), and the age 14–16 intervention group using weight bats demonstrated significant differences in LHER (p = 0.045, ES = 1.619), with no significant differences observed in other indicators.



TABLE 5 Effect of different bat weights on Bat speed intervention: average test values.



	Types of BatsIntervention
	Groups
	Pre-test (Q) (x¯±s)
	Post-test (H) (x¯±s)
	p-Value
	Hedges’g





	N-weight Bat
	12–14
	62.33 ± 1.20
	61.08 ± 1.21
	0.099
	−0.448



	14–15
	61.74 ± 5.48
	61.11 ± 1.54
	0.668
	−0.123



	16–18
	65.29 ± 1.48
	64.58 ± 2.60
	0.652
	−0.254



	Uni.
	68.13 ± 1.12
	68.78 ± 1.47
	0.528
	0.204



	Pro.
	67.65 ± 2.71
	68.17 ± 2.50
	0.371
	0.081



	Total
	65.29 ± 0.97
	65.06 ± 1.08
	0.625
	−0.055



	Weight Bat
	12–14
	55.98 ± 1.94
	54.27 ± 2.19
	0.263
	−0.359



	14–15
	59.71 ± 0.75
	59.88 ± 0.88
	0.830
	0.093



	16–18
	65.77 ± 2.27
	65.41 ± 2.15
	0.634
	−0.066



	Uni.
	69.27 ± 1.50
	68.85 ± 1.79
	0.530
	−0.102



	Pro.
	64.96 ± 0.81
	64.21 ± 1.46
	0.377
	−0.256



	Total
	63.60 ± 1.77
	63.00 ± 1.27
	0.101
	−0.100



	R-weight Bat
	12–14
	58.27 ± 2.96
	58.13 ± 2.37
	0.882
	−0.023



	14–15
	54.49 ± 3.44
	55.23 ± 3.14
	0.300
	0.098



	16–18
	66.17 ± 0.86
	65.97 ± 1.07
	0.764
	−0.082



	Uni.
	71.36 ± 2.54
	71.28 ± 2.87
	0.917
	−0.012



	Pro.
	67.12 ± 0.88
	67.63 ± 0.53
	0.474
	0.284



	Total
	64.24 ± 1.52
	64.25 ± 1.52
	0.958
	0.002




	Uni. denotes university athletes; Pro. denotes professional athletes; N-weight denotes normal-weight; R-weight denotes reduced-weight.









TABLE 6 Effect of different Bat weights on bat attack angles intervention.



	Types of BatsIntervention
	Groups
	Pre-test(Q) (x¯±s)
	Post-test(H) (x¯±s)
	p-Value
	Hedges’g





	N-weight Bat
	12–14
	14.75 ± 4.36
	11.50 ± 6.61
	0.027*
	−0.315



	14–15
	9.0 (4.2,12.3)
	10 (4.4,10.6)
	0.686
	−0.016



	16–18
	13.20 ± 1.88
	12.33 ± 1.49
	0.502
	0.040



	Uni.
	13.87 ± 1.63
	15.93 ± 2.01
	0.018*
	0.456



	Pro.
	9.47 ± 1.23
	8.93 ± 2.14
	0.761
	0.087



	Weight Bat
	12–14
	11.67 ± 5.01
	11.50 ± 4.28
	0.910
	0.326



	14–15
	9.83 ± 2.53
	10.33 ± 2.42
	0.519
	0.206



	16–18
	12.73 ± 1.60
	12.60 ± 1.67
	0.896
	−0.033



	Uni.
	9.93 ± 1.44
	11.13 ± 1.96
	0.435
	0.098



	Pro.
	7.7 (5.7,13.5)
	11.3 (5.7,11.5)
	0.841
	0.456



	R-weight Bat
	12–14
	9.42 ± 1.99
	9.58 ± 1.63
	0.874
	0.282



	14–15
	8.7 (5.6,21.0)
	12.0 (10.7,21.3)
	0.343
	0.172



	16–18
	14.33 ± 4.00
	15.33 ± 4.44
	0.329
	−0.124



	Uni.
	18.87 ± 2.84
	17.51 ± 3.53
	0.341
	−0.016



	Pro.
	9.07 ± 2.08
	7.73 ± 1.75
	0.230
	−0.280




	For data not following a normal distribution, [M(P25, P75)] is used to represent the data, with the p-value as the result of the Mann–Whitney U- test.


	*Indicates a significant difference.









TABLE 7 Other significance indicators: average test values.



	Groups
	Indicator
	Pre-test (Q) (x¯±s)
	Post-test (H) (x¯±s)
	p-Value
	Hedges’g





	12–14 N-weight Bat
	LHIR
	32.78 ± 10.31
	43.46 ± 8.36
	0.007*
	0.990



	
	Q
	10.12 ± 7.56
	11.75 ± 7.89
	0.023*
	0.184



	14–15 Weight Bat
	LHER
	52.43 ± 9.47
	75.17 ± 14.44
	0.045*
	1.619



	16–18 Weight Bat
	RA(g)
	6.99 ± 4.61
	7.87 ± 4.67
	0.047*
	0.173



	
	EC(°)
	91.80 ± 13.16
	95.93 ± 13.54
	0.020*
	0.280



	16–18 N-weight Bat
	OPE(%)
	63.20 ± 4.79
	55.13 ± 6.83
	0.037*
	−1.235



	Uni. R-weight Bat
	CAI(°)
	92.67 ± 6.98
	90.20 ± 5.64
	0.049*
	−0.351




	RA, the acceleration of the bat during the hitting process; EC, the angle between the bat and the vertical line of the ground during the stretching stage; OPE, the degree of consistency between the bat and the ideal batting plane during the batting process; CAI, the angle between the bat and the vertical line of the ground while batting. LHIR, guide the internal rotation angle of the buttocks; Q, the elevation angle of the body on the Z-axis when batting the ball; LHER, guide the external rotation angle of the buttocks.


	*Indicates a significant difference.
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FIGURE 6
Box plot representing the data of the swinging motion of Bat speed (A) and attack angles (B) as collected by the blast. Box boundaries and the horizontal lines represent interquartile ranges Q1–Q3 and mean measurements, respectively. Whiskers above and below the boxes mark the maximum and minimum values, respectively.




3.2 Intervention factor selection results

The optimal parameter tuning results for reg_alpha in the bat speed intervention factors selection models based on the XGBoost algorithm are shown in Figures 7a–9a. Optimal mean test scores (MTS) for Models 1–3 were obtained when the reg_alpha parameters in these models were assigned the values 1, 0.01, and 3, respectively. The ranking results of the corresponding Sharply values are depicted in Figures 7b–9b, respectively. These illustrations show that the core indicators IPHER and IPHMS affected the post-test bat speeds of the intervention groups that used normal-weight bats (Figure 7b); ILHIR, IL3IR, and IL3ER affected the post-test bat speeds of the intervention groups that used weighted bats (Figure 8b); and IL3ER, IPHER, and ILHMS impacted the post-test bat speeds of the intervention groups that used reduced-weight bats (Figure 9b).
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FIGURE 7
Visualization of screening results for the normal-weight bat intervention of the BS group. (a) The optimal reg-alpha. (b) The corresponding shapley values.
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FIGURE 8
Visualization of screening results for the weight bat intervention of the BS group. (a) The optimal reg-alpha. (b) The corresponding shapley values.



[image: Figure 9]
FIGURE 9
Visualization of screening results for the reduced-weight bat intervention of the BS group. (a) The optimal reg-alpha. (b) The corresponding shapley values.


The optimal parameter tuning results for reg_alpha in the attack angle intervention factor selection models based on the XGBoost algorithm are shown in Figures 10a–12a. Optimal mean test scores (MTS) for Models 4–6 were obtained when the reg_alpha parameters in these models were assigned the values 3, 1, and 4, respectively. The ranking results of the corresponding Sharply values are depicted in Figures 10b–12b. These illustrations show that the core indicators IY and IQ impacted the post-test attack angles of the intervention groups that used normal-weight bats (Figure 10b); IY affected the post-test attack angles of the intervention groups that used weight bats (Figure 11b); and IQ and IY impacted the post-test batting of the intervention groups that used reduced-weight bats (Figure 12b). As shown in Figures 7b–12b, IBS, TY, H, and W exhibited significant correlations with bat speed, aligning with Szymanski et al.'s (13) earlier findings.


[image: Figure 10]
FIGURE 10
Visualization of screening results for the normal-weight bat intervention of the AA group. (a) The optimal reg-alpha. (b) The corresponding shapley values.



[image: Figure 11]
FIGURE 11
Visualization of screening results for the weight bat intervention of the AA group. (a) The optimal reg-alpha. (b) The corresponding shapley values.
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FIGURE 12
Visualization of screening results for the reduced-weight bat intervention of the AA group. (a) The optimal reg-alpha. (b) The corresponding shapley values.





4 Discussion

This study evaluated the effects of dry swing intervention on the bat speed and stability in athletes across age groups through a comparative analysis of kinematic data and intervention factors. The study aimed to confirm how dry swing intervention affects the kinematic characteristics of bat speed and stability among athletes in different age groups and to identify the underlying factors contributing to these differences. Ultimately, this study seeks to provide theoretical support for the scientific training and guidance of athletes in various age groups.

The findings of this experimental study are as follows. Among athletes under 18 years of age, dry swing intervention using weight bats significantly changed the range of internal and external rotations of the hips. For those in the 14–15 year age range, dry swing intervention using weight bats led to significant performance changes. Regarding athletes under 18 years of age, particularly those with less than 9.5 years of training term, Tsutsui (19) found a positive correlation between hip internal rotation and bat speed. Additionally, Tsutsui (20) observed that, due to adolescents' generally weaker lower limb strength, energy accumulated through hip internal rotation during the preparatory phase provides momentum for subsequent rotation. This study found that for the 14–15 age group, the intervention group using weight bats exhibited a significant difference in the LHER indicator (p = 0.045, ES = 1.619). Furthermore, the LHIR and BS indicator demonstrated a substantial effect size (ES = 0.727; ES = 0.503), and both the LHIR and LHER indicators for athletes aged 14–15 years exhibited improvements, as evidenced by the post-test results. These findings likely stem from the athletes' relative youth: limited strength and underdeveloped movement patterns constrain their ability to handle a heavier bat effectively, leading them to rely more on hip internal rotation to accumulate energy. Furthermore, their shorter training durations and still-maturing neuromuscular systems result in less fixed movement patterns, making them more susceptible to changes in bat weight—especially as they transition from soft to hard baseballs. In contrast, university and professional athletes—with extensive training durations—demonstrated smaller pre- and post- test changes in bat speed. However, none of the intervention groups showed a significant difference in pre- and post-test bat speed, which aligns with previous studies (6, 7). Nonetheless, this study indicates that short-term dry swing intervention with a bat differing from one's usual bat (either heavier or lighter) can significantly alter hip internal and external rotation in adolescent athletes and affect their bat speed. Adolescents thus appear more sensitive to changes in bat weight, which can trigger a reorganization of batting movement patterns in response to external conditions. Compared with the prior research (4–7), applying effect sizes (ES) provides a more refined assessment of intervention effectiveness. In the adolescent group of this study, changes in bat speed due to dry swing intervention were partially consistent with, yet also differed from, previous findings—possibly due to sample selection (adolescents vs. adults) or the choice of intervention tools. Future studies should incorporate actual-game contexts—considering opponents' strategies and whole-body coordination indicators—to further evaluate the comprehensive impact of dry swing intervention on adolescent game performance.

This study identified significant differences in attack angles among the normal-weight bat intervention groups of the university student group and the 12–14 age group (p = 0.018, ES = 0.456; p = 0.027, ES = −0.315). This finding contradicts Williams' et al. (6), they suggestion that when attack angles approach zero, the bat aligns with the horizontal plane of the ball, thereby enhancing batting quality and speed. Through multiple batting experiments and a combined analysis of kinematic data and skeletal images from point clouds (Figure 13), this study found that during the batting process, as the attack angle increases, the ball's horizontal plane is positioned higher than the bat's motion trajectory at the moment of impact. In this scenario, the bat is more likely to strike the lower part of the ball, resulting in a fly ball. Furthermore, from the perspective of athletes' physical development, changes in attack angles are influenced by biomechanical factors. For instance, adolescent athletes often have underdeveloped muscle strength and suboptimal neuronal recruitment capabilities, which limit their stability and self-control. These factors contribute to the differences observed in attack angles, particularly among juniors.


[image: Figure 13]
FIGURE 13
A full-body motion-capture Skeleton was created from cloud voxels, which quantify Athletes’ kinematic parameters.


The current experimental study demonstrated that, with the exception of the softball group (ages 12–14), dry swing intervention using normal-weight bats exhibited minimal acute effects on batting stability. Comparative analysis of attack angle effect sizes among hardball-trained athletes revealed that the normal-weight intervention group showed the smallest absolute effect size values (closest to zero) between pre- and post-intervention measurements. This result indicates that regularly used bats have the least acute impact on batting stability, aiding athletes in better controlling the bat during actual batting. Notably, that adolescents' higher adaptability to external stimuli (such as changes in bat weight and pitcher tempo) means they can also exhibit altered movement patterns more easily in the short term. This underscores the importance of choosing appropriate training equipment for different age groups, in order to enhance batting efficiency while minimizing disruptions to batting stability. Additionally, the SHAP-based analysis corresponding to the experimental results shows that the tilt and elevation angles during dry swing intervention significantly influence the attack angle in post-tests. Studies by Iencean et al. (21) and Cholewicki et al. (22) have confirmed that the stability of localized spinal muscle groups is fundamental to trunk rotation. Using heavier or lighter bats alters the spinal “trunk rotation kinetic chain”, affecting both stability and trunk rotation speed during batting. Therefore, pre-game warm-up swings with infrequently used bats negatively impacts stability during actual batting.

The results of a comparative analysis of the reduced-weight bat intervention groups across age brackets indicate that the reduced-weight bat intervention had almost no impact on bat speed in all groups (ES = 0.002). Both normal-weight and weight bat interventions exhibited declines in post-test bat speed (ES = −0.055 and ES = −0.100, respectively). The intervention feature results selected by the model reveal that the core indicators IPHER and IPHMS in the normal-weight bat intervention groups significantly influenced post-test bat speed. Contrastingly, the core indicators ILHIR, IL3IR, and IL3ER in the weight bat intervention groups significantly impacted post-test bat speed. Previous research has shown that when bat speed decreases, the bat's MOI increases (23). The MOI of normal-weight and weight bats is smaller than that of reduced-weight bats, indicating that athletes require greater rotational torque to execute the swing, which can easily spur core muscle fatigue and reduced swing power output. Biomechanically, swinging a weighted bat has distinct effects on proximal and distal muscle groups (3). Gray (3) highlighted the rotational kinetic energy transferred from the pelvis to the torso and spine as a critical factor in maximizing bat speed. The muscle endurance, maximal strength, and explosive power of the proximal and distal segments contribute to the collective morphology, which is necessary to maximize rotational speed (24). As part of the lumbar spine, L3 is an important proximal bodily segment. In the weighted bat intervention groups, IL3IR and IL3ER significantly affected post-test bat speed, indicating that the impact of the weight bat unbalances the proximal and distal morphologies, pinpointing the biomechanical cause of the decline in bat speed evidenced by the post-test. Furthermore, such an imbalance is likely caused by accumulated muscle fatigue, particularly owing to repetitive interventions, which easily interrupt the coordination between proximal and distal muscle groups, affecting bat speed.

Contrary to the viewpoints in Bassett et al. (10), this study advises against the usage of weight bats during warm-up swings, particularly for the adolescent athletes. The rationale analyzing is interpreted through the lens of both biomechanics and psychology. Biomechanically, first, during actual batting, the spine seldom locates true neutral alignment (14), rotational forces inevitably incur axial eccentric elongation and spinal rotation. Increased bat weight exacerbates unilateral loading, resulting in alterations in tilt and elevation angles. This amplification of pre-existing axial eccentric elongation stretches ipsilateral erector spinae muscles, compromising spinal stability (8). Second, adolescent athletes, who are in a critical phase of neuromuscular system development (25, 30), may experience more neuromuscular adaptation stress (5) when exposed to the increased muscular demands and movement complexity associated with weighted bat swing. This adaptive response manifests not only as localized muscle fatigue, but also disrupts the refinement of swing and movement pattern consolidation in developing athletes, ultimately compromising movement fluency and kinetic transfer efficiency. Psychologically, the junior athletes demonstrate more sensitivity to error-related anxiety (26, 27). Under the actual batting scenario, the weighted bats may undermine batting confidence and incur performance-inhibiting apprehension, consequently degrading batting quality. Finally, Williams et al. (6) identified fatigue accumulation as a potential modulator of bat speed variation, a finding in Miller et al. (28) also demonstrated correlations between bat speed variations and fatigue accumulation. The findings in this study show that bat-weighting dry swing intervention predominantly yield negative effects in adolescent athletes, manifesting as increased muscular fatigue and compromised bat speed and stability. Thus the coaches should exercise judicious caution when performing warm-up swings with weighted bat, especially for the adolescent athletes.

Additionally, although a few factors reached statistical significance (e.g., bating tilt angle in 12–14-year-olds normal-bat group: p = 0.047), their trivial effect sizes (ES = 0.173) warrant caution. As our primary outcomes were bat speed and attack angle changes- with other bat and body kinematics being exploratory—we prioritized sensitivity over multiple comparison corrections. Readers should interpret the secondary outcomes through the lens of effect sizes and biomechanical relevance.



5 Conclusion and limitation


5.1 Conclusion

Findings highlight age-dependent variations in athlete responses to dry swing intervention, impacted by biomechanical profiles, training term, and bat weight adaptability. Acute pre-dry swing intervention with weight, normal-weight, or reduced-weight bat demonstrated no significantly effects on subsequent in-game bat speed. However, a dry swing intervention using a weight bat has a more pronounced negative effect on bat speed than interventions using a reduced-weight or normal-weight bat. Moreover, compared to normal-weight bats, weight and reduced-weight bats exert greater impacts on attack angles. Given these results, athletes with shorter training term—especially adolescents—should avoid using weight or reduced-weight bats during pre-game warm-up swings. Excessive use of these bats may disrupt the kinetic chain involved in batting and compromise spinal stability in young athletes. Instead of helping young athletes establish optimal force production patterns, these practices may increase the risk of injury. Thus, dry swing intervention for athletes across age groups should be conducted based on their individual characteristics, with personalized instructions provided to achieve the best training outcomes.



5.2 Limitation

Despite the relatively significant theoretical and practical contributions of this study, the authors acknowledge several limitations that may affect the validity and generalizability of the findings. First, the small sample size may limit the strength of the conclusions drawn. When interpreting secondary outcomes, results showing statistical significance but small effect sizes warrant caution; replicating them in future studies with larger samples or more rigorous designs would enhance their credibility and external validity. Next, the homogeneity of the participant pool, primarily consisting of athletes with similar training backgrounds, restricts the applicability of the results to a broader and more diverse athletic population. Then, baseball is a niche sport in China, resulting in considerable variability in training backgrounds among athletes. This variability may lead to differences in responses to bat weight interventions, potentially affecting the generalizability of the study's findings. Finally, conducting the study within a single geographical location may limit the applicability of the results to athletes from different regions with varying training environments and cultural backgrounds. Future research should aim to address these limitations by incorporating larger and more diverse sample sizes, integrating dry swing intervention with visually guided modules, utilizing a wider range of equipment such as motion capture and analytical methods such as motion modeling to enhance the robustness and generalizability of the findings.




6 Practical applications

The findings of this study merit several factors that may directly impact coaches and athletes during warm-up swings to optimize actual batting. Normal-weight bats appear more suitable for adolescent or less experienced baseball athletes, as they generally do not disrupt swing patterns while reducing neuromuscular fatigue risks, thereby maintaining optimal psychological readiness during actual batting. Although some exist studies (10, 27) suggests that adult athletes may select bats based on subjective comfort during warm-up swings, this study thinks that coaches should carefully evaluate multiple factors—including strength-to-mass ratio, technical proficiency, and injury history—when considering the implementation of weighted or non-standard bats for adult or elite-level athletes, to prevent potential adverse effects. Furthermore, the findings highlight the biomechanical primacy of hip kinematics in governing both bat speed and stability. Consequently, targeted strength training focusing on hip joint musculature should be implemented to enhance batting performance while mitigating injury risks.
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