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Motor Control of the Baseball-Hitting Technique
using Artificial Intelligence Feedback

by
Donghwi Suh !, Young-Vin Kim 2*

This study investigated whether machine learning could classify baseball-hitting techniques and whether
artificial intelligence feedback could improve the motor task outcome and movement coordination. For the machine
learning model, 48 skilled athletes and 440 novices were recruited. A support vector machine was used as a machine
learning method for skill classification. For the pre-test, practice, post-test, and retention tests in motor learning,
additional 42 general adolescents were recruited, aside from the already included 488 participants. Motor learning
participants were randomly divided into three groups: a control group (N = 14), an artificial intelligence feedback (Alfb)
group (N = 14), and a general feedback (Gfb) group (N = 14). Machine learning successfully classified the skill level of
baseball hitting. The absolute error of the launch angle was smallest in the Gfb group during the post-test, while the
variable error showed the greatest decrease in the Alfb group. The exit velocity was higher in the Alfb than in the Gfb
group after practice. The Alfb group exhibited the highest ratio of sequential accelerations among the pelvis-torso-left
elbow joints. The number of principal components decreased to three and two in the Alfb and Gfb groups, respectively.
As for the loading data, Alfb commonly included the upper limbs, pelvis, and the lower limbs in the group with
coordinated movements; for Gfb, after motor learning, the coordination pattern of the lower limbs was eliminated, and
the coordination pattern involving only the upper limbs was also removed after practice. Consequently Alfb contributed
to improved movement coordination and could effectively change the dynamical degrees of freedom. This technology could
benefit coaching in a real-life setting and aid in understanding the human movement coordination structure.
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Introduction of the global Fourth Industrial Revolution, it can

] _ reduce learners' concentration and make
The prolonged coronavirus disease

pandemic has accelerated the development of
educational infrastructure incorporating artificial
intelligence (AI) (Kang, 2021; Lee and Lee, 2021).
Due to the spread of infectious diseases, non-face-
to-face education was introduced. To enhance
motivation and learning effectiveness in this

interaction between instructors and learners
difficult if the necessary data are not provided to
individual learners (Varea and Gonzalez-Calvo,
2021). This challenge is more pronounced in
movement education, where individualized
movement patterns and the need for expensive

real-time analysis tools hinder effective feedback
remote setting, Al-based education integrated with (Rana and Mittal, 2020; Xia et al.,, 2025). Movement
Information and Communication Technology i . '

(ICT) is needed. This approach can provide
individual learners with the necessary data in real
time (Chang et al., 2024). Although this type of
non-face-to-face education has the advantage of

education is essential for a fulfilling life. With the
advancement of ICT-integrated education, real-
time motion sharing and Al-based learning using
big data have become possible (Lee and Lee, 2021;

i ) RS Yuan, 2021). For example, with the popularization
overcoming spatiotemporal constraints in the era
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of devices like smartphones, it has become possible
to capture movements at a high frame per second,
collect reliable data, and transmit them.
Previously, movement data could not be collected
in large quantities because it relied on high-end
cameras or inertial sensors. However, with the
development of ICT as mentioned above, it has
become possible to collect big data on biometric
information. These raw movement big data cannot
directly support learning. To transform it into
useful feedback, the data must be classified
automatically, analyzed for motor learning and
control insights via machine learning, and
presented effectively to learners. Such large
amounts of motion data and their classification
allow for overcoming spatiotemporal constraints
and providing automated feedback on appropriate
human movement (Yadav et al., 2021).

In order to collect reliable movement data
through the camera embedded in the smartphone
mentioned in the previous example, the slow-
motion function needs to be utilized. By utilizing
the slow-motion feature of the smartphone, motion
capture of more than 240 frames per second (fps) is
possible. To extract kinematic data of joints over
time based on video information, filming from
multiple angles at a high frame rate or using a
depth-perception camera is necessary. However,
with the development of motion analysis software
that incorporates depth perception by collecting
big data on human movement characteristics,
videos captured with regular cameras can now be
used for motion analysis. Pose landmark detection
by MediaPipe (Google, Mountain View, CA, USA)
is one such software, and in a pilot test, it showed
over 99% accuracy when compared with kinematic
data collected by wireless inertial sensors (iSen
system, STT, San Sebastian, Spain) for fast and
complex motor skills. Complex motor skills are
characterized by high perceptual and motor
demands, often involving multiple elements and
varying environmental interactions (Magill and
Anderson, 2021). MediaPipe's pose landmark
detection identifies 33 landmarks of the human
body, including joints and body parts, and
represents them as a 3D animation over time.
Through this, it is possible to extract joint positions
or velocities over time via a coding program.
Therefore a large amount of human movement
data can be collected. Once such big data are
collected, it must be properly Cclassified to
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meaningfully identify the characteristics and
significance of the movements.

Machine learning can be used as a method
to scientifically and objectively classify quantified
kinematic data. Among various machine learning
techniques, a Support Vector Machine (SVM) is an
analysis model that selects support vectors and
classifies data, making them suitable for classifying
motor performance proficiency. The SVM is a
supervised learning algorithm that identifies an
optimal hyperplane to classify data, widely used in
fields like biomechanics for its effectiveness with
high-dimensional data and resistance to overfitting
(Begg and Kamruzzaman, 2005; Conforti et al.,
2020; Noble, 2006). Previous studies that used the
SVM to classify types of movement postures have
applied it to simple exercise techniques such as
squats or push-ups (Oh and Kim, 2019; Uddin et
al., 2022). Those studies achieved high posture-
classification accuracy because joint movements
were relatively slow. Therefore, this study aimed
to examine whether slow-motion functionality
could be used to classify the characteristics or
proficiency levels of fast and complex motor skills
typically seen in sports. Fast and complex motor
skills that involve coordinating full-body
movements include kicking, throwing, and
striking. All of these follow a proximal to distal
sequence (PDS) pattern, where movements are
sequentially accelerated from the proximal to the
distal joints (Putnam, 1993). Among them, striking
is one of the most complex motor skill, as it
involves the use of a tool, requiring control over the
body, and the object to be struck (Miiller and
Abernethy, 2012). When creating these
movements, the complex joints in the limbs interact
with each other to maximize the speed of the joints
at the extremities of the body, creating dynamic
limb movements (Dounskaia et al, 2011;
Hirashima et al.,, 2007). For example, during the
baseball hitting technique, experts demonstrated a
PDS pattern in which peak angular velocities
occurred sequentially in the pelvis, the torso and
the left elbow. For novices, this pattern is often
inconsistent as multiple joints tend to rotate
simultaneously (Chang et al., 2020; Vereijken et al.,
1992). Therefore, when classifying proficiency in
complex motor skills using machine learning and
providing feedback based on it, the coordination
structure of movements, which includes these
characteristics, must be analyzed. Hitting
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techniques with these characteristics become more
refined during adolescence, a key period for motor
learning and physical development (Haywood and
Getchell, 2021). Rapid changes in the
musculoskeletal system enable skill acquisition,
but insufficient motor learning at this stage can
hinder hitting technique development, and
increase injury risk (Hulteen et al., 2018). Thus,
school physical education should appropriately
incorporate  hitting techniques to support
adolescents' long-term engagement in physical
activity.

For proper motor learning of hitting
technique to occur, appropriate feedback needs to
be provided. Although advancements in
technology allow us to gather vast amounts of
information during the motor learning process,
this information must be refined in a way that
enables the learner to perceive and comprehend it
in order for the learning to be effective. Properly
refined feedback helps learners classify data that
fall outside conscious perception into meaningful
threshold ranges (Sabic and Chen, 2016). This, in
turn, facilitates effective motor learning by clearly
defining the target value and its acceptable
threshold. This can be described as a process where
appropriate feedback elicits cognitive processes
from the perceived information, leading to
enhanced perception-action coupling within the
perceptual-motor workspace (Ong and Hodges,
2020). Perception-action coupling refers to the
continuous and reciprocal interaction between
sensory information and motor responses,
enabling adaptive movement. The perceptual-
motor workspace represents the dynamic range of
sensory and motor possibilities within which
individuals explore and refine actions. Effective
feedback that supports perception-action coupling
and exploration within the perceptual-motor
workspace varies depending on the goal (Sigrist et
al, 2013). This can be divided into the
improvement of the motor task outcome and
movement coordination. Information directly
related to these two goals is called “knowledge of
results” (KR) and “knowledge of performance”
(KP) in motor learning. KR pertains to external
information that provides participants with the
outcomes of the motor task in motion, while KP
refers to information about the characteristics of
actual performance or movement with respect to
the environment (Oppici et al., 2021). KP was

found to be more effective than KR when the
perceptual-motor workspace was activated to
solve the goal of motor learning (Oppici and
Narciss, 2021). For feedback to be guided to the
perceptual-motor workspace in novices, KP was
found to be effective when it was prescriptive
relative to the goal of motor learning (Lawrence et
al., 2011; McErlain-Naylor et al.,, 2021; Newell,
1991). Therefore, feedback on hitting techniques
should provide information on improving motor
task outcomes and movement coordination using
the methods mentioned above.

In hitting technique, motor task outcomes
are determined by the exit velocity and the launch
angle, but considering movement coordination,
changes in it need to be observed. In the dynamical
systems approach to motor control, changes in
coordination can emerge from the interaction of
multiple constraints (e.g., organism, task, and
environment), reflecting the influence of
Bernstein’s foundational ideas on movement
variability and self-organization (Bernstein, 1967).
Human coordination varies according to the motor
learning stage, and the level of motor skill
performance is determined by how effectively
extra degrees of freedom are utilized and
coordinated (Burton and Rodgerson, 2001). This
indicates that the movement changes efficiently
through coordination by adjusting the degree of
freedom with the automation of movement.
Degrees of freedom refer to the number of
independent joint or limb movements that can be
functionally regulated during motor execution.
While the number of potential movement
possibilities in the human body is theoretically
infinite, the relevant degrees of freedom are
understood within specific biomechanical or
neurophysiological constraints. Depending on the
analytical perspective, these can be classified as
mechanical degrees of freedom (e.g., anatomical
joint mobility) or dynamical degrees of freedom
(e.g., coordinated units of movement that emerge
during task execution). During motor execution,
the central nervous system manages this
complexity by constraining or coupling multiple
elements to simplify control, often through
processes such as synergies or self-organization.
Mechanical degrees of freedom refer to the degrees
of freedom at the joint level, representing the
movement of a joint that rotates in three
dimensions (3D). They are defined by the number
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of independent axes around which a joint can
rotate. In contrast, dynamical degrees of freedom
refer to the number of functional movement
variables that emerge from the coordination of
multiple mechanical degrees of freedom as they
are expressed during movement in space and time.
These represent the organization of mechanically
possible movements into coherent coordination
units, or synergies, each functioning as a single
dynamical degree of freedom. In this context,
principal component analysis (PCA) is used to
identify linear relationships among multiple
variables and reduce dimensionality, thereby
revealing the dynamical degrees of freedom (Hong
and Newell, 2006). Therefore, appropriate
feedback based on the above refined information is
required to improve the motor task outcome and
movement coordination of the hitting technique.
Regarding General Feedback (Gfb), the
learner's kinematic information is directly
observed by a professional baseball coach or a
physical education teacher and provided through
verbal feedback. Since this process relies on
subjective interpretation rather than objective
measurement, there are inherent limitations in
accurately processing and analyzing such a large
amount of data. Considering the diverse
movement patterns involved in complex motor
skills, Al should be designed to extract and classify
biomechanical features such as joint angles,
angular velocity, and timing sequences that are
relevant to motor task outcomes and movement
coordination. These features should then be
translated into clear and understandable feedback
that learners can easily perceive and apply (Power,
2014). Artificial intelligence feedback (Alfb)
enhances motor task outcomes and movement
coordination by automatically analyzing real-time
motion videos and providing task-relevant
information =~ without  causing  perceptual
overloading within the learner's perceptual motor
workspace. Drawing on significant coordination
patterns identified through PCA of large-scale
movement data, researchers and coaches pre-
construct feedback cues that the Al system uses to
deliver meaningful and easily interpretable
information to learners. This process is ensured
through algorithms that identify repetitive
patterns and effectively reduce the dimensionality
of large datasets in a statistically significant
manner. The resulting prescriptive KP and KR can
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be automatically categorized as feedback and
provided to learners. In other words, Al feedback
can refine real-time biomechanical data to
automatically analyze incorrect motor task
outcomes or movement coordination in movement
and provides appropriate feedback.

This study aimed to develop effective Al-
supported physical education by creating a model
to classify and discriminate between movements
and give feedback through machine learning for
hitting technique. Herein, we transformed baseball
hitting technique into big data and classified these
skills using machine learning. We conducted two
experiments in this study. The first experiment
aimed to classify the proficiency of the hitting
technique using machine learning. The second
experiment examined the effectiveness of motor
learning and control in novice learners when
provided with Alfb. This Alfb was developed
through discussions with a professional baseball
coach and a PhD specializing in motor learning
and control, based on the characteristics of
kinematic data used to classify skill levels. It
provided real-time, automated feedback by
offering quantitative KR on the motor task
outcome in the form of the launch angle, and
prescriptive KP on movement coordination by
informing joint movement relationships within
each swing segment, which were categorized as a
back swing, a front leg stride, a forward swing, and
sequential acceleration of the pelvis, the torso, and
the left elbow. This was designed to facilitate
perception action coupling in adolescents. In this
study, movement coordination was operationally
defined as the spatiotemporal organization of joint
actions across distinct swing segments, with
particular emphasis on the sequential acceleration
of the pelvis, the torso, and elbow joints—a pattern
commonly referred to as the PDS pattern.
Furthermore, grounded in dynamic system
principles,  movement  coordination = was
conceptualized as the process by which the central
nervous system constrained and organized the
available dynamical degrees of freedom into
stable, task-specific movement patterns. This
adaptive regulation facilitated the efficient
production of bat speed and the emergence of
optimized swing mechanics, particularly through
the temporal coupling and sequencing of body
segments. Based on this definition, the dependent
variables for movement coordination were set as
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the presence of the sequential acceleration and the
number of principal components (Nrc),
representing the dynamical degrees of freedom
within coordination patterns. Therefore, in the
experiment of machine learning, we expected that
the proficiency in the complex motor skill of hitting
could be classified through machine learning using
videos filmed in this manner. In the motor learning
and control experiment, we expected that
improvement in the motor task outcomes would be
greater through Alfb, which provided quantitative
feedback on the launch angle, rather than feedback
from a coach (Gfb). Similarly, for movement
coordination, we anticipated that improvement
would be more significant when using Alfb, which
provided immediate and quantitative feedback on
joint movements within categorized swing
segments, namely the back swing, the front leg
stride, the forward swing, and the sequential
acceleration of the pelvis, the torso, and the left
elbow, rather than relying on the coach’s intuitive
feedback (Gfb). We set out to test the following
hypotheses:

1) (Experiment 1) Machine learning
using the SVM technique would successfully
classify the proficiency level of baseball hitting
movements.

(2) (Experiment 2) The motor task
outcomes were expected to be improved to a
greater extent in the Alfb group compared to the
Gfb group.

3) (Experiment 2) Movement
coordination was expected to be improved to a
greater extent in the Alfb group compared to the
Gfb group.

Methods

Participants

In the study verifying the machine
learning model, 488 adolescent males (15.04 + 1.03
years) participated. Of these, 48 were skilled
baseball players and 440 were novices. An a priori
power analysis using G*Power (two-tailed ¢-test, o
=0.05, power = 0.95, effect size = 0.5) indicated that
a total of 134 participants would be sufficient to
detect medium group differences. The total sample
in this study far exceeded that number, ensuring
adequate statistical power. Unlike the skilled
baseball players, the novice group required a larger
sample to capture the wide range of variability
inherent in motor skill acquisition, which is critical

for training a robust machine learning model. The
resulting class imbalance was addressed through
appropriate evaluation metrics such as the F1-
score, which balanced precision and recalled to
ensure that the model’s performance on the smaller
skilled group was accurately assessed despite the
data imbalance. We obtained written informed
consent from the participants and their guardians
before the experiment, and the study was
approved by the Institutional Review Board of the
Seoul National University, Seoul, South Korea
(approval number: 2210/002-016; approval date: 13
October 2022).

In the study of motor learning using Alfb,
a total of 42 adolescents between the ages of 13 and
15 with no neurological, physical, cognitive, or
mental conditions participated. Participants were
randomly divided into three groups: 14
participants each in the control group, the Alfb
group, and the Gfb group. The minimum sample
size of 24 participants was calculated for a repeated
measures ANOVA  with  within-between
interaction using G*Power (version 3.1.9.4)
(Katsumata et al., 2017), with o= 0.05, power =0.95,
and effect size = 0.40. We included 42 participants
in the study to ensure greater statistical power,
enhance the robustness of the results, and account
for potential attrition or data variability.

Measures

In this study, the baseball hitting technique
referred to striking a tee ball placed on a batting tee
to achieve the maximum possible distance,
primarily determined by the launch angle and exit
velocity. A tripod and a camera (Galaxy S9,
Samsung, Suwon-si, Korea) were positioned at the
same height as the batting tee, 3.5 m directly in
front of the participant’s torso, facing them to
capture a frontal view. The height of the batting tee
was set at the iliac crest of the participant.

The experiment was conducted through
motion analysis and proficiency screening
programs developed using MediaPipe (Google,
Mountain View, CA, USA) and Python 3.10
(Python Software Foundation, Wilmington, DE,
USA). The baseball hitting was filmed in slow
motion on a Samsung Galaxy S9’s rear camera at
240 fps. In the following motor learning
experiment, 16 3D wireless inertial sensors (iSen
system, STT, San Sebastian, Spain) were
additionally utilized. Angular data from body
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segments were collected at 400 Hz by attaching
wireless sensors to relevant anatomical locations
including the forehead, the sternum, the fifth
lumbar vertebra, upper arms, forearms, backs of
the hands, quadriceps, shins, insteps, and the tee
ball bat using straps to minimize motion artifacts.

After machine learning was completed, the
variables that differentiated skilled athletes from
novices were classified into the back swing, the
front leg stride, the forward swing, and the
sequential acceleration of the pelvis-torso-left
elbow. These categories were derived from an Al-
based full-body kinematic analysis conducted
during a preliminary pilot study. In this phase, Al
was used to process and extract relevant
movement features using dimensionality
reduction techniques such as PCA. The Al system
then identified and prioritized feedback variables
based on their contribution to performance
differentiation and motor learning outcomes.
Among these, the sequential acceleration of the
pelvis-torso-left ~ elbow  was  consistently
highlighted as a core indicator, leading to its
inclusion in the final feedback design. Thus,
although the final feedback may appear simplified,
itisin fact the result of a data-driven, Al-supported
decision process aimed at optimizing feedback
relevance and minimizing the cognitive load for
novice learners. This pattern in which the peak
angular velocities of the pelvis, torso and left elbow
occurred in sequence was commonly observed in
skilled athletes and also served as a perceptually
salient and actionable feedback cue for novice
learners. To provide the classified variables as
Alfb, proprioceptive and visual cues from
professional baseball coaches interviewed in
advance were created and matched to allow
adolescents to recognize and understand them.
Furthermore, motor learning was conducted to
improve the motor task outcomes and movement
coordination.

Design and Procedures
Verification of Machine Learning

Baseball hitting video data were collected
through MediaPipe and their reliability was
verified by classifying proficiency through
machine learning (Figure 1). Participants hit the tee
ball ten times in one block. Data included positions
and velocities of segments over time in baseball
hitting, as well as angular data of joints, along with
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velocities and angles of a ball when hit. The
kinematic data of 29 joints were analysed using the
PCA code of the MATLAB program (Mathworks,
Inc., Natick, MA, USA), and the PCs corresponding
to the number of values that accounted for 90% of
the total PC variance were found, where the PC
score was used in the SVM algorithm module to
perform machine learning. To effectively reduce
dimensionality =~ while preserving essential
information, we selected principal components
(PCs) that accounted for 90% of the total variance.
While the eigenvalue threshold method (Kaiser
criterion) is commonly used, it may not be optimal
for high-dimensional kinematic data, as it can
retain too many or too few components.
Considering the application of the Support Vector
Machine (SVM) in our study, using the 90%
explained variance criterion provided a more
appropriate dimensionality reduction strategy.
This approach ensured that sufficient variance was
retained while reducing computational complexity
and improving model generalization. One dataset
for executing the SVM was linearly interpolated
data of 50 for 29 joints over time, arranged in 1 row
x 1,450 columns. The 29 joint angles and relative
segment positions observed during the swing
phase were linearly interpolated to 50 points over
time. In a pilot test, the slowest participant’s swing
lasted less than 500 ms, resulting in an effective
extraction rate of over 100 frames per second. The
dataset for machine learning consisted of 3,080
cycles for novices and 340 cycles for experts. These
data were generated from 3,080 cycles, with 308
out of 440 novices each performing 10 swings. Out
of 48 experts, 34 performed 10 swings, generating
a total of 340 cycles of data. The remaining data
were used to validate the reliability of the machine
learning model. Specifically, 1320 cycles of novice
data from 132 novices and 140 cycles of expert data
from 14 experts, each performing 10 swings, were
used. Based on previous research suggesting that a
7:3 ratio is appropriate for dividing datasets for
machine learning and validating reliability, the
data were randomly split accordingly (Nalepa and
Kawulok, 2019). The data were constructed by
comparing the feature points used in the
proficiency classification model of hitting skills
(Power, 2014).
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Motor Learning and Control Procedure
Pre-Test

A professional baseball coach provided
preliminary training to the participants on feet
positioning, grip, swing, and hitting. Participants
then watched an expert demonstrate hitting ten
balls from a tee at 8-s intervals, aiming for
maximum distance, and practiced twice. Each
individual hit a total of ten balls as far as possible
at 8-s intervals from a designated location (Figure
2).

Learning Phase

The learning phase was conducted over
five days and participants were allowed to hit five
blocks/day. One block consisted of hitting ten tee
balls as far as possible, with the ideal launch angle
set to 29° (24°-34°; the average launch angles for
home runs in the major leagues) (Katsumata et al.,
2017). Accordingly, all participants in the three
groups were instructed to hit the tee ball as far as
possible and were informed that the ideal angle for
achieving this was 29 degrees, so they should aim
to match that angle. After hitting two tee balls, each
group received tailored feedback only for the
second ball, i.e., five times per block, with a 3-min
rest interval between blocks. This is because
providing feedback after multiple attempts allows
learners to better self-regulate and refine their
skills over time (Schmidt, 1991). During the
practice phase, motor learning was conducted
through self-paced learning. For Alfb, when the
movement coordination was satisfied, the
prescriptive KP about the sequential acceleration
of the pelvis-torso-left elbow, which was the
movement coordination goal, and KR on the
launch angle were provided. Movement
coordination was considered to be satisfied when
all four swing segments (the back swing, the front
leg stride, the forward swing, and the sequential
acceleration) were performed correctly as defined
in Table 1. When movement coordination was
unsatisfactory, prescriptive KP and KR on the
launch angle were provided to improve the back
swing, the front leg stride, the forward swing, or
the sequential acceleration (Table 2). The
prescriptive KP was designed to improve the
execution of the back swing, the front leg stride,
and the forward swing, and to ensure that
sequential acceleration occurred in the correct
order: the pelvis, the torso, and then the left elbow.

Table 1 shows the dissatisfaction criteria for
movement coordination. When there were several
insufficiencies, one piece of prescriptive KP on the
part in which the error occurred first in the
sequence of motions was provided. In this study,
KP and KR provided by Alfb were delivered in
Korean via a computer-generated voice.

As for Gfb, a professional baseball coach
directly observed learners and presented
prescriptive KP about movement and KR, such as
the launch angle, as verbal feedback for the
movement coordination and motor task outcomes
(Table 2). Gfb’s prescriptive KP was discussed with
professional baseball coaches to provide it in the
categories of the back swing, lower limb
movement, the forward swing, and the sequence
acceleration movement. For the control group,
participants were instructed to aim for a 29-degree
launch angle when hitting the tee ball as far as
possible. They completed the same number of
hitting and rest sessions but did not receive any
external feedback.

Post-Test

The post-test was carried out with
sufficient rest (up to 15 minutes) after completing
the learning phase. One block was performed by
hitting ten tee balls at intervals of 8 s.

Retention Test

The retention test was conducted 48 h after
completing the learning phase, following the same
procedure as the post-test.

Experimental Design

This study utilized a two-factor mixed
model in which three groups and three test
sessions were independent variables. In addition,
the results of the motor task, specifically the
accuracy and consistency of the target launch angle
and the exit velocity of the hit, were used as
dependent variables. The model was designed
with the ratio of sequential accelerations
representing movement coordination, along with
the Nrc of the joint angles and segmental
movements.

Data Analysis

This analysis, which used a confusion
matrix to evaluate machine learning algorithms,
corresponded to the first experiment. The
performance index of the machine learning model
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could be obtained as follows, and the F1-score was
used as an index to evaluate the performance of the
machine learning model (Miao and Zhu, 2022).

True positive

(1) Precision =

(2) Recall = — .
True positive + False negative
Precision X Recall
(3) F1-score =2 X

True positive + False positive
True positive

Precision + Recall

Improvement in motor learning outcomes,
confirmed by the exit velocity and the launch angle
of the ball, was observed in the second experiment.
Movement coordination was defined based on the
requirements of the experimental design. In the
context of baseball hitting, it referred to the
sequential acceleration of the pelvis, torso, and
elbow joints, known as the PDS pattern.
Additionally, from the perspective of the dynamic
systems theory, it was conceptualized in terms of
the number of coordination units formed by the
dynamical degrees of freedom. Accordingly, the
movement coordination was confirmed using the
ratio of the maximum angular velocity occurring in
the order of the pelvis-torso-left elbow (ratio of
sequential acceleration) and the Nec. The ratio of
sequential accelerations represented the ratio of the
number of strikes, out of 10 strikes, where the
maximum angular velocity of the three
aforementioned joints occurred sequentially. Nrc
was identified as the number of the PCs where the
variance (latent) explained by the principal
components exceeded 90%. This referred to the
dynamical degree of freedom, which was the
number of coordination groups that had the
greatest influence among the movements of
segments affecting multijoint actions and
movements. The dependent variables of the motor
learning and control study (second experiment)
were the accuracy and consistency of the target
launch angle, exit velocity, the ratio of sequential
accelerations, and Nerc.

Data from the wireless inertial sensor used
to analyse whole-body movement in the baseball-
hitting experiment were filtered with a fourth
lower pass Butterworth filter. Fast Fourier
transformations were used to set the upper limit
for the frequency of movement. The frequency at
which power spectrum density occupied 99% was
10 Hz, which was set as the cut-off frequency.
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Key Variable Calculation

The target launch angle was 29°. Accuracy
was measured by determining the angle at which
the hit ball was launched from a plane created
based on the horizontal axis (direction of hitting)
and the vertical axis in a 2D space. The target
launch angle used in the calculation was 29°.
Absolute error (AE) was used for accuracy
(Equation 1).

Equation 1. AE =Y|x; — T|/n

[x; =launch angle at the i th hit, T=29° n
= total number of trials]

For consistency, we used the variable error
(VE), which was calculated using the difference
between each trial’s launch angle and the average
launch angle across trials (Equation 2).

Equation 2. VE =/} (x; — M)?/n

[x; = launch angle at the i th hit, M =
average launch angle, n = total number of trials]

Exit velocity was determined by
measuring the velocity of the hit ball in 3D using a
speed measurement program (Kinovea 9.3,
Kinovea.org, France), with the results expressed in
km/h. The flexion, abduction, external rotation,
and counter-clockwise rotation of the joint was set
as the (+) direction, and measured using the
wireless inertial sensor (iSen system, STT, San
Sebastian, Spain). The linear movement (medial-
lateral) of the segment in the direction of the
intended ball strike was set as the (+) direction and
measured using the MediaPipe program (Google,
Mountain View, CA, USA). The onset of the swing
section (to) was defined as the point at which the
knee angle of the leading leg exceeded ten times
the standard deviation (SD) of the mean value
during the stable state. This was because the
degree of knee flexion in the lead leg varied among
the skilled athletes measured in the pilot test. To
encompass this variability, the onset was defined
as the point where the knee flexion exceeded 10
standard deviations from the average knee angle in
each participant's stable state. The stable state was
a condition where research participants held the
stance in preparation for hitting and waited for 3 s.
For novices, they were required to initiate the
swing through knee flexion in the lead leg. This
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approach allowed for the valid establishment of
the onset for all participants in the study. The end
of the swing section was determined as the elbow
of the arm holding the lower part of the bat (the left
arm for right-handers) was maximally extended
after impact.

The sequential accelerations meant the
order of time when the rotational angular velocity
of the pelvis, the torso, and the angular velocity of
the elbow joint were maximized. PCA was used
based on the calculated joint angle and segment
position data (Federolf et al., 2013). Table 3 shows
the joints and segments used for PCA. Data from
the first to the 28" consisted of angle data over
time, and the data from the 29t consisted of the
relative position (distance in meters) of the left foot
to the right foot in the direction (x-axis) of hitting
the ball over time. The 29 joint angles and relative
segment positions observed during the swing
phase were linearly interpolated to 50 points over
time. In a pilot test, the swing of the participant
who performed the slowest swing took less than
500 ms, and the data were collected using an inertia
measurement unit at 400 fps. Therefore, data
interpolated to 50 samples for swings performed in
less than 500 ms could validly correspond to the
data collected at 400 fps. This allowed for the
creation of a 50 x 29 matrix, which was then
converted into a 29 x 29 correlation matrix. The
eigenvectors and eigenvalues of the correlation
matrix were calculated to find the PC values
mainly occupied by the eigenvalues among the 29
PCs.

Statistical Analysis

In this study, statistical analysis was
performed using GraphPad Prism 7.0 (GraphPad
Prism Software Inc., San Diego, CA, USA). The
level of statistical significance was set at p < 0.05.
Two-way ANOVA with repeated measures on the
second factor was used to compare the accuracy
and consistency of the launch angle, exit velocity,
and the ratio of sequential accelerations according
to the group and the test session, followed by a
post-hoc Tukey’s multiple comparison test if there
was a significant difference. The Nrc in the joint
coordination structure was tested using the
Kruskal-Wallis test for comparison between
groups and the Friedman test for comparison
between test sessions. Post-hoc analysis was
performed using the Dunn’s multiple comparison

test.

Results

Verification of Machine Learning
Confusion Matrix

The machine learning model using the
SVM technique successfully classified the
proficiency level of baseball hitting movements
into two groups. The confusion matrix resulting
from the verification of machine learning was as
follows: the F1-score was set at 0.98, as an index for
performance evaluation of the machine learning
model. This was calculated based on the following
classification results: 1,310 true positives (novices
correctly classified as novices), 10 false negatives
(novices incorrectly classified as skilled), 33 false
positives (skilled participants incorrectly classified
as novices), and 107 true negatives (skilled
participants correctly classified as skilled).

Motor Learning and Control Experiment
Motor Task Outcomes

Contrary to the second hypothesis
presented in the Introduction, the group that
received Gfb showed a greater reduction in AE
(indicating improved accuracy) than the Alfb
group in the post-test. However, there was no
significant difference among the groups in the
retention test. The accuracy of the launch angle,
calculated using AE, was compared across
different tests or groups (Figure 3a). In the main
effect for the group, the difference in launch angle
accuracy was not significant [F(2, 39) = 2.075, p =
0.1392, n?=0.182]. However, there was a significant
difference in the main effect for the test session
[F(2, 78) = 17.54, p < 0.001, n2 = 0.994], as well as in
the interaction effect [F(4, 78) = 3.806, p < 0.01, n?> =
0.677]. Post-hoc analyses were conducted to
explore the specific nature of this interaction,
revealing significant differences between groups at
certain time points. In a post-hoc analysis by
group, the Gfb group exhibited a significantly
lower AE compared to the control group, and the
Alfb group in the post-test (post-test = Gfb-control:
p < 0.05; Gfb-Afb: p < 0.001). In a post-hoc analysis
by test session, the control group exhibited a
significantly lower AE in the retention test
compared to the pre-test, and lower AE in the post-
test compared to the pre-test (control = post-pre: p
< 0.05; retention-pre: p < 0.01). In the AIfb group,
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the AE was significantly lower in the post-test than
in the pre-test (Alfb = post-pre: p < 0.05). In the Gfb
group, the AE was significantly lower in the post-
test than in the pre-test, and the AE in the post-test
was significantly lower than in the retention test
(Gfb = post-pre: p < 0.001; post-retention: p < 0.01).

Contrary to the second hypothesis, there
was no significant difference between the two
feedback groups. Overall, compared to the pre-
test, VE decreased in both the post-test and the
retention test, indicating improved consistency.
The consistency of the launch angle was compared
based on the size of the difference in the launch
angles of each individual. Figure 3b shows
differences according to each group and test
session. In the main effect of the group, we found
no significant differences in consistency (VE) of
launch angles [F(2, 39) =2.314, p > 0.05, n2= 0.026].
Similarly, the interaction effect between the group
and the test session was not significant [F(4, 78) =
0.722, p > 0.05, N2 = 0.182]. There was a significant
main effect of the test session [F(2, 78) = 68.923, p <
0.001, n? = 0.532]. Meanwhile, the simple main
effects revealed that VE was significantly lower in
the post-test and the retention test compared to the
pre-test (post-pre: p < 0.001; retention-pre: p <
0.001).

As proposed in the second hypothesis,
with regard to exit velocity, which is a key
determinant of motor task outcomes, the Alfb
group  demonstrated  significantly = greater
improvement than the Gfb group in both the post-
test and the retention test. Figure 3c shows the
difference in the exit velocities, according to the
group and the test session. In the main effect test
for the group, we found significant differences in
the exit velocities [F(2, 39) = 62.84, p < 0.001, n? =
0.444], the main effect test for the test session [F(2,
78)=53.05, p<0.001, n?= 0.833], and the interaction
effect for both the group and the test session [F(4,
78) =14.27, p < 0.001, n2 = 0.199]. In the post-test
during the post-hoc analysis, the Alfb and Gfb
groups had significantly higher exit velocities than
the control group, while the Alfb group had a
significantly higher exit velocity than the Gfb
group (post-test = Alfb-control: p < 0.001; Gfb-
control: p < 0.001; Alfb-Gfb: p < 0.01). In the
retention test, the Alfb and Gfb groups had
significantly higher exit velocities than the control
group, while the Alfb group had a significantly
higher exit velocity than the Gfb group (retention
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test = Alfb-control: p < 0.001; Gfb-control: p < 0.05;
Alfb-Gfb: p < 0.001). Furthermore, the Alfb group
was found to have a significantly higher exit
velocity in the post-test and the retention test than
in the pre-test, and in the post-test than in the
retention test (Alfb = post-pre: p < 0.001; retention-
pre: p < 0.001; post-retention: p < 0.01). The Gfb
group had a significantly higher exit velocity in the
post-test and the retention test than in the pre-test,
and in the post-test compared with the retention
test (Gfb = post-pre: p < 0.001; retention-pre: p <
0.05; post-retention: p < 0.001).

Movement Coordination

As proposed in the third hypothesis, the
Alfb group showed a higher ratio of sequential
acceleration, which is a variable related to
movement coordination, compared to the Gfb
group. The ratio of sequential accelerations
according to the test session and the group was
identified (Figure 4a). As a result of the analysis,
the difference in the main effect for the group [F(2,
39)=4.38, p <0.05, n2= 0.647], and the difference in
the main effect for the test session [F(2, 78) = 4.355,
p < 005 m* = 0.957] were significant. The
interaction effect, according to the group and the
test session, was not significant [F(4, 78) = 2.05, p >
0.05, 12 = 0.891]. Meanwhile, the simple main
effects for the group revealed that the ratio of
sequential acceleration was significantly higher in
the Alfb group compared to the control group and
the Gfb group (Alfb-control: p < 0.01; Alfb-Gfb: p <
0.05). The simple main effects for the test session
revealed that the ratio of sequential acceleration
was significantly lower in the pre-test compared to
the post-test and the retention test (pre-post: p <
0.05; pre-retention: p < 0.05).

Contrary to the third hypothesis, there was
no significant difference between the two feedback
groups in the Nec, which reflects the dynamical
degrees of freedom in movement coordination.
However, only the feedback groups showed a
significant reduction in the number of components.
PCA was conducted on the time-dependent
movements of 29 joints during a baseball swing.
The Nrc, which represents the number of the first
PCs where the cumulative variance exceeds 90%,
was analyzed using non-parametric statistics
through its mode (Figure 4b). There was a
significant difference in the Nrc based on the group
[X%(df =2; N = 42) = 34.5837, p < 0.001, n2= 0.220].
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The post-hoc analysis found that in the post-test,
the Alfb and Gfb groups had a significantly smaller
Nrc than the control group (Alfb-control: p <0.001;
Gfb-control: p <0.001). The post-hoc analysis found
that in the retention test, the Alfb and Gfb groups
were found to have significantly fewer PCs than
the control group (Alfb-control: p < 0.01; Gfb-
control: p <0.001).

There was a significant difference in the
Nrc based on the test session [X?(df = 2; N = 42) =

39.217, p <0.001, n2 = 0.467]. According to post-hoc
analysis, the Alfb group had a significantly smaller
Nrc at the post-test and the retention test than at
the pre-test (post-pre: p < 0.001; retention-pre: p <
0.001). The Gfb group also had a significantly
smaller Nrc at the post-test and the retention test
than at the pre-test (post-pre: p < 0.001; retention-
pre: p <0.001).

Table 1. Confusion matrix in machine learning using the SVM.

Predicted

Novice Expert
TP =1310 FN =10
TN =107

Actual novice
Actual expert FP=33

EN, False negative; FP, False positive; TN, True negative; TP, True positive

Table 2. Feedback content.

Artificial intelligence feedback

Satisfactory Sequence (pelvis-torso-left elbow)
movement “The movements were well presented in the order of the pelvis-torso-left elbow.”
coordination Launch angle and target angle (29°)
Unsatisfactory 1) Back swing
movement "During the back swing, gather strength on both big toes, bend the pelvis and knees, make a back swing in
coordination a gathered state, and hit the ball instantly."
2) Front leg stride
"When you fold your front leg before the stride, do not let your body lean backward and extend only as far
as the tee."
3) Forward swing
"Swing with your body at an angle, use your knees and hips, and keep your back elbow toward your chest."
4) Sequence (pelvis-torso-left elbow)
"Rotate the pelvis first, keep the elbows in, do not stop after impact, rotate all the way thinking that the ball
is far away."
Launch angle and target angle (29°)
General feedback
Satisfactory Professional baseball coaches’ positive knowledge of performance on movement coordination
movement 1) Back swing
coordination 2) Front leg stride
3) Forward swing
4) Sequence (pelvis-torso-left elbow)
Launch angle and target angle (29°)
Unsatisfactory Professional baseball coaches” prescriptive knowledge of performance on movement coordination
movement 1) Back swing
coordination 2) Front leg stride

3) Forward swing
4) Sequence (pelvis-torso-left elbow)
Launch angle and target angle (29°)
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Table 3. Motions of joints and segments used in the principal component analysis (PCA).

Joints/segments Plane of motion Movement
Shoulder sagittal plane flexion-extension
frontal plane adduction-abduction
horizontal plane horizontal adduction-horizontal abduction
Elbow sagittal plane flexion-extension
horizontal plane pronation-supination
Wrist sagittal plane flexion-extension
frontal plane adduction-abduction
Torso horizontal plane clockwise-counter clockwise
Hip sagittal plane flexion-extension
horizontal plane clockwise-counter clockwise
frontal plane adduction-abduction
Pelvis horizontal plane clockwise-counter clockwise
Knee sagittal plane flexion-extension
Ankle sagittal plane flexion-extension
frontal plane inversion-eversion
Front foot frontal plane medial-lateral

Recruitment of participants for machine learning
(488 adolescent individuals, aged 13 to 15 years)

.
Clustering based on athletes registered
as baseball players

Skilled athletes (N = 48) } [ Novice (N = 440)

I |

Hitting the tee ball (ten times with 8-s intervals)

| |

[ Linear interpolation of kinematic data for 29 segments over time, used for PCA ]

| |

PCs corresponding to the number of values that account for 90% of the total PC variance
v .

PC score was used in the SVM algorithm module

The dataset for machine learning } [ The dataset for machine learning
(N = 34) (N_=308)
[ Data for reliability verification } [ Data for reliability verification ]
(N = 14) (N = 132)

Figure 1. Diagram of the sample selection process in the machine learning experiment.
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Recruitment of participants for motor learning
(42 adolescent individuals, aged 13 to 15 years)

v
[ Clustering based on random sampling }

Control (N =14) J [ Alfb (N = 14) J [ Gfb (N = 14)

l

Pre-test: Hitting the tee ball (ten times with 8-s intervals)

I

[ Learning phase: After hlttlng two rounds of tee balls and receiving tailored feedback, ]

hit 10 tee balls in a single block. Perform 5 blocks per day for 5 days.
\

Post-test: Hitting the tee balll (ten times with 8-s intervals)
! v !
Retention test: Hitting the tee ball (ten times with 8-s intervals)

I | I

[Final analysis (N = 14)} [ Final analysis (N = 14)] {Final analysis (N = 14)}
Figure 2. Diagram of the sample selection process in the motor learning experiment.
Alfb, Artificial intelligence feedback group; Gfb, general feedback group
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Figure 3. Motor task outcomes. (a) Absolute error (accuracy) of the launch angle, (b) variable error
(consistency) of the launch angle, and (c) exit velocity according to the group and the test session.
Alfb, Artificial intelligence feedback group; Gfb, general feedback group; * p < 0.05; ** p < 0.01; *** p < 0.001
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Figure 4. Movement coordination. (a) The ratio of sequential acceleration according to the group and the
test session, and (b) the mode of the number of PC according to the group and the test session. *p < 0.05; **p
<0.01; ***p <0.001
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Discussion
Verification of Machine Learning

In this study, we used machine learning to
classify baseball players' proficiency as either
expert or novice based on baseball hitting videos,
achieving an Fl-score of 0.98. The significance of
this study lies in the automatic classification of the
complex motor skill of hitting using video data
(Eubank and Farmer, 1997). Experts can perform
baseball hitting techniques with a smaller number
of coordinated group movements than novices.
However, in experts, much more joints were
matched within these fewer coordination groups,
resulting in more joints influencing the hitting
technique compared to novices (Table S1). This
was evident from the mode value of the Nrc with
variance exceeding 90%, which was 4 for experts
and 5 for novices. The roles of these joints can be
found in Supporting Information Table S1, where
the three joints with the highest loading values for
each principal component (PC) are highlighted in
dark grey, representing distinct coordination
groups. We selected the top three loading data
values for each principal component because they
represented the most significant contributions to
the variance explained by that component. By
focusing on these high-loading joints, we aimed to
identify the key joints that most strongly
influenced the principal components, allowing us
to effectively group and interpret the dynamical
degrees of freedom in the context of the
movements being analysed (Guo et al., 2002). By
examining the three joints with the highest values
in the loading data of each PC, it was found that in
experts, each of the four PCs (four coordination
groups) involved different joints, resulting in a
total of 12 joint movements influencing the hitting
technique. In contrast, for novices, the five PCs
(five coordination groups) included overlapping
joints, resulting in a total of 8 joint movements
influencing the striking technique. This indicates
that experts control their bodies more efficiently
than novices. These interpretations based on
principal components are not amenable to
conventional statistical tests, as the highest-loading
joints are unique across PCs and not repeated.
Although this information does not appear in the
main results section, it is explained qualitatively in
the following discussion based on the loading
values provided in Supporting Information Table
S1.

The ulnar-radial flexion of the right wrist
showed a high loading value in PC1 for experts
(Table S1), but was absent in all PCs (PC1-PC5)
accounting for 90% of the variance in novices,
indicating its importance in differentiating
between proficiency levels. In novices, the
coordinated group of movements did not involve
this most distal joint (wrist joint), resulting in poor
performance in sequential patterns (Putnam, 1993),
and this omission of the distal joint in movement
was also noted in previous studies (Vereijken et al.,
1992). For PC2, experts exhibited a coordinated hip
movement pattern, whereas novices showed a
coordination pattern involving pelvic rotation and
flexion-extension of the right elbow and the left
knee. This suggests that, for novices, there were no
coordination groups formed by the hip joints,
which means that the kinetic chain necessary for
sequential acceleration of the lower limb
movements to the upper limb movements was not
established (Hirashima et al., 2008). For PC3, the
medial-lateral movement of the left foot had a high
contribution only in experts, suggesting that
novices lacked the distal lower limb movements
necessary to increase ground reaction forces or
shift the center of gravity. Thus, it could be
concluded that novices had not developed
exploitation of reactive forces, which is the third
stage of motor learning suggested by Bernstein
(Burton and Rodgerson, 2001). The present
experiment successfully classified the
aforementioned features using the SVM. Beyond
the automated classification of simple or slow
movements, this study successfully classified a
complex motor skill, such as hitting, through
machine learning. This research will be essential in
the current era of big data and artificial
intelligence. These findings imply that experts can
effectively achieve perception-action coupling, a
process by which motor actions are continuously
adjusted based on sensory information, allowing
for fine-tuned and adaptive movement patterns in
dynamic environments such as baseball hitting. In
contrast, novices’” lack of distal joint involvement
may reflect insufficient sensory-motor integration,
leading to less adaptive control.

Motor Learning and Control Experiment

The outcomes of the motor task,
specifically accuracy as represented by the launch
angle, mostly improved in the Gfb group at the
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post-test, but did not show improvements at the
retention test. This suggests that, unlike other
groups, the Gfb group did not effectively achieve
perception-action coupling regarding the launch
angle, despite receiving feedback from the coach.
The Gfb group received verbal feedback from a
professional baseball coach regarding their form
and the launch angle. Therefore, it can be
interpreted that the coach's verbal feedback was
not retained within the perceptual-motor
workspace, and thus failed to support launch angle
adjustment during the retention test conducted
after a considerable delay. This suggests that
verbal feedback provided directly by a human led
to a failure in facilitating perception-action
coupling over the long term. Considering Alfb, an
improvement in accuracy was observed in the
post-test; however, as there was no significant
difference compared to the control group in the
post-test and the retention test, this cannot be
viewed as a positive effect of the feedback. This
suggests that, for novice adolescents learning the
hitting technique, numerical information about the
angle was not effectively integrated into action
through perception (Fajen et al., 2008).

One important point to highlight
regarding the consistency variable is that for Gfb,
the variable error tended to increased again in the
retention test compared to the post-test. This can be
considered in conjunction with the previously
interpreted accuracy. In other words, the Gfb
group failed to maintain the perception-action
coupling related to the motor task outcome in the
retention test. This suggests that participants were
unable to retain the quantitative information
within their perceptual-motor workspace when
receiving verbal feedback from the coach. What
should have been memorized was not merely a
motor pattern, but the perceptual-motor
relationship embedded within the individual’s
perceptual-motor workspace. In the context of this
study, the perceptual-motor workspace referred to
the internalized mapping between the intended
hitting angle (29 degrees), the visual tracking of the
ball’s trajectory after impact, and the feedback-
based recognition of whether the actual hitting
angle matched the target. This involved the
integration of perceptual information and motor
adjustments necessary to achieve the desired
outcome. Therefore, the Gfb group’s failure to
maintain performance in the retention test

Journal of Human Kinetics, volume xxx, xxxx

suggests that they did not sufficiently internalize
this perceptual-motor relationship, which is
essential for sustaining the perception-action
coupling beyond the immediate presence of
external (verbal) feedback. Overall in the motor
learning process, all groups showed a decrease in
variability. This suggests that participants were
processing temporal and spatial aspects of
movement coordination not to perceive the
accuracy of the launch angle, but to achieve more
consistent ball contact. In other words, novices
adjusted their postural control of hitting
techniques based on the temporal and spatial
information obtained through motor learning,
which is considered to have influenced changes in
whole-body coordination and exit velocity in the
hitting technique (Li, 2006). This may have been
related to an increase in exit velocity and a decrease
in the Nrc at the retention test in the feedback
groups (Mitra et al., 1998). A decrease in the Nrc
implies a decrease in the dynamical degrees of
freedom in the coordinated group (Ko et al., 2013).
From the perspective of the dynamical systems
theory, which views motor behavior as the result
of interactions among multiple components over
time, a decrease in the number of sub-movements
could be considered a decrease in the coordinated
group, which is a phenomenon that occurs during
the motor learning process (Morais et al., 2026;
Tinmark et al, 2010). In motor control, sub-
movements refer to smaller corrective or
component motions that make up a complete
action. Early in learning, these sub-movements
tend to occur frequently as the performer attempts
to correct for errors or instability during execution.
From the perspective of the dynamical system
theory, a high number of sub-movements reflects
limited control over the available degrees of
freedom. As learning progresses, the system
becomes more efficient by organizing and
constraining redundant degrees of freedom into
functional synergies, leading to a reduction in sub-
movements. Therefore, a decrease in sub-
movements indicates an increase in motor
coordination and control, where the dynamical
degrees of freedom are no longer acting
independently, but are effectively coupled within
a coordinated group (Bernstein, 1967; Ko et al.,
2013). Unlike simple reaching tasks, this study
employed striking tasks, which made the
participants recognize the launch angle and the
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exit velocity. Therefore, the decrease in the number
of coordinated groups appeared to improve
accuracy due to motor learning and may have
improved the consistency of the launch angle
(decreasing VE) in novices. The exit velocity
increased significantly in the Alfb group compared
with that in other groups. This result may be
interpreted as a significant contribution of Alfb to
the improvement of exit velocity and the higher
ratio of sequential acceleration in the order of the
pelvis-torso-left elbow joint during motor
performance in this group. This means, the rotation
of the pelvis, the torso, and the left elbow
movement were more expressed as a PDS in the
Alfb group, resulting in sequential acceleration
and an increase in exit velocity (Santos et al., 2010).

The movement coordination was
examined based on the ratio of sequential
acceleration and Nrc. First, the ratio of sequential
acceleration showed a significant improvement
only in the Alfb group. This observation could
suggest that the sequential acceleration of baseball
hitting techniques, through motor learning, led to
improved performance in the Alfb compared to the
Gfb group. Alfb provides objective feedback by
allowing participants to accurately understand
their biomechanical movement deficiencies,
whereas Gfb relies on the subjective judgment of a
baseball coach to assess and provide feedback on
physical movements. Therefore, it can be
interpreted that improving movement
coordination in a short period in novice is more
difficult with Gfb. This could be considered along
with the reduction in the Nrc. The Nrc significantly
decreased in the Alfb and Gfb groups at the post-
test and the retention test, respectively, compared
with the control group. This meant that in the Alfb
group, the number of coordinated groups
describing baseball hitting techniques decreased
from five to three, and those in the Gfb group, from
five to two (Ko and Newell, 2015; Santos et al.,
2010; Song et al., 2022). This can be interpreted as a
result of excessively fixed degrees of freedom in
the Gfb group. In this context, "excessively fixed
degrees of freedom" refer to the tendency of
novices in the Gfb group to overly constrain joint
movements rather than developing flexible and
adaptive coordination patterns. Instead of
integrating multiple joints into smooth, sequential
acceleration (as seen in the Alfb group), they may
have simplified the movement by freezing certain

joints, a strategy commonly observed in early
stages of motor learning (Bernstein, 1967). While
this reduces complexity, it can also limit the ability
to generate optimal force and timing, thereby
hindering the development of expert-like
performance. With regard to the Alfb group, Alfb
provides objective information about deficiencies
in the learners' hitting techniques. However, in the
Gfb group, psychological factors, such as the
coach’s prediction by repetitive motions for
movements, inevitably affected the feedback.
Therefore, the number of coordinated groups in
the Gfb group may have been further reduced to
two compared to that in the Alfb group due to the
above difference. In particular, examining the
joints that contributed to movement through
loading data would be required; their relationship
could be interpreted more specifically, depending
on which parties contributed together.

Observing the loading data at the retention
test, as shown in Tables 52-54, for the Alfb group,
the upper limbs, pelvis, torso, and left knee joints
were included in their coordinated group, whereas
for the Gfb group, only the upper limbs and pelvis
joints were included. Comparing them to the
experts, both groups that received feedback did not
use the front leg stride or the movement of the
wrist as a coordinated group. However, there were
changes in the Alfb group, including the rotation
of the torso for PC2; in the Gfb group, the left knee
joint movement was eliminated from PC1, and
only shoulder and elbow movements were
included in PC2. Compared to the Alfb group, the
Gfb group seemed to have separated the relatively
proximal rotation of the pelvis from the relatively
distal movement of the upper limbs to form a
coordinated group, thereby reducing the number
of coordinated groups.

Based on such changes, it can be
interpreted that both the dynamical degrees of
freedom interpreted as the number of coordinated
groups, and the biomechanical degree of freedom
interpreted as the loading data within each
coordinated group, were larger and more diverse
in the Alfb group than in the Gfb group at the
retention test (Ko and Newell, 2015; Newell and
Vaillancourt, 2001). This phenomenon may have
led to a lower rate of sequential acceleration in the
Gfb group than in the Alfb group, leading to a
significantly smaller exit velocity in the Gfb group
than in the Alfb group, because it allows for faster
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bat swings through sequential acceleration, which
can increase the ball's exit velocity. This suggests
that the Gfb group remained in the stage of
freezing rather than in the stage of release of the
degree of freedom relative to the Alfb group
(Burton and Rodgerson, 2001).

This study demonstrates how different
types of feedback influence key aspects of motor
learning, particularly perception-action coupling,
movement coordination, and the use of degrees of
freedom. Verbal feedback from coaches was
associated with improvements in certain
performance aspects, such as launch angle
accuracy, but showed limited effectiveness in
enhancing other variables like movement
coordination and exit velocity. In contrast, Al-
based feedback, which provided quantifiable and
objective  data, supported more stable
sensorimotor integration and promoted adaptive
movement strategies. The Alfb group showed
signs of transitioning from freezing to releasing
degrees of freedom—an important step toward
efficient coordination, while the Gfb group
appeared to remain in a more constrained control
mode. Principal component analysis further
revealed that skilled performers used fewer, more
efficient coordination patterns, while novices
exhibited fragmented control. Machine learning
classification
biomechanical features could reliably distinguish
between expertise levels, indicating the potential of
Al tools not only for feedback but also for
assessment.  Overall, the integration of
biomechanical and learning data highlights that

confirmed that specific

effective feedback fosters not just repetition, but
exploration and refinement of control strategies.

Conclusions

Baseball hitting, a complex motor skill,
was converted into a large amount of data.
Proficiency of posture could be classified through
a machine learning algorithm, and the
effectiveness of Alfb was confirmed. Compared to
Gfb, Alfb based on a large amount of data did not
contribute to the improve accuracy and
consistency of the launch angle, which was the
motor task outcome of the hitting technique, but it
was effective in improving the exit velocity. In
addition, compared to the Gfb group, the Alfb
group demonstrated a positive trend in the
improvement of PDS, indicating coordination
structure, which refers to the movement
coordination of the hitting technique and the
change in Nrc. This suggested the possibility of
Alfb effectively changing the dynamical degrees of
freedom. Therefore, Alfb created through machine
positively  to  the
improvement of movement coordination rather

learning  contributed

than motor task outcomes, which would be of great
help to coaching in a real-life setting and
understanding the whole-body coordination
mechanism involved in the hitting technique.

To validate the efficiency of Alfb relative to
Gfb in the field, various sensory feedbacks need to
be considered together, and feedback that can
induce positive psychological changes in motor
learning by identifying learners’ motivation or task
tendencies should also be established.
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