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Abstract

Objective: Core stability assessment is paramount for the prevention of low back pain, with core stability being considered as
the most critical factor in such pain. The objective of this study was to develop a simple model for the automated assessment
of core stability status.

Methods: To assess core stability—defined as the ability to control trunk position relative to the pelvic position - we used an
inertial measurement unit sensor embedded within a wireless earbud to estimate the mediolateral head angle during rhyth-
mic movements (RMs) such as cycling, walking, and running. The activities of muscles around the trunk were analyzed by an
experienced, highly trained individual. Functional movement tests (FMTs) were performed, including single-leg squat, lunge,
and side lunge. Data was collected from 77 participants, who were then classified into good and poor core stability groups
based on their Sahrmann core stability test scores.

Results: From the head angle data, we extrapolated the symmetry index (SI) and amplitude of mediolateral head motion
(Amp). Support vector machine and neural network models were trained and validated using these features. In both models,
the accuracy was similar across three feature sets for RMs, FMTs, and full, and support vector machine accuracy (∼87%) is
greater than neural network (∼75%).

Conclusion: The use of this model, trained with head motion-related features obtained during RMs or FMTs, can help to
accurately classify core stability status during activities.
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Introduction
Core stability is regarded as the ability to control the position of
the trunk relative to thepelvic position,1–3whichhelps tomain-
tain balance anda stable posture. Poor core stability alters trunk
motion patterns and can result in musculoskeletal injury or
pain.4–6 Therefore, core stability assessment is important for
thepreventionofmusculoskeletal injuryandpain.7The incorp-
oration of core stability into rehabilitation and training pro-
grams may allow some individuals to improve their core
stability before injury onset. However, the requirement for
specialized equipment to measure muscle contractions (e.g.

electromyography or ultrasound machines)8–13 and the need
for highly experienced operators to conduct clinical tests
hinder assessments of core stability.14–17
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Research over the past decade has utilized inertial meas-
urement units (IMUs) for the assessment of various tasks
such as functional movement tests (FTMs), walking,
running, and single-leg squats (SLS).18–23 This emerging
trend in literature is partly driven by the advantages of
IMUs, including their portability, low cost, and ability to
provide real-time feedback.24,25 Even ear-worn sensors or
head-worn sensors have been employed in recent studies
for gait analysis and balance assessment, further illustrating
the versatility of this technology.26,27 Although these
studies were not primarily focused on the assessment of
core stability, they have gradually expanded the scope of
IMU applications in the field.

Trunk symmetry and range of motion during distal
extremity movements can serve as indices of core stability.
To achieve core stability, core muscle activities should
involuntarily occur prior to the movement of distal extrem-
ities.28–31 For example, rapid arm raising involves core
muscle contractions that begin prior to movement.30,32

These preprogrammed, feedforward core muscle contrac-
tions provide the postural stability necessary for distal
extremity movements.29,33,34 Insufficient core stability
leads to an abnormal range of reactive trunk motion. Low
back pain patients exhibit abnormal core muscle activation;
similarly, cyclists with low back pain showed a loss of
co-contraction of core muscles during trunk motion.35

Individuals with low back pain also exhibit asymmetrical
trunk motion during sitting and standing.36 An unstable
core can lead to low back pain and kinematic asymmetry
during movements of the distal segment of the trunk.

A recently developed automated assessment system
acquires information that aids clinical decision-making
through joint kinematics (measured by an IMU) and
sensors worn on the body during FMTs.37–40 This informa-
tion can be used to develop machine learning models. In

most studies using this system, greater than or equal to
three sensors were placed on several joints to obtain kine-
matic data.39,40 However, this method is not user-friendly;
the sensors must be attached to bare skin or tight clothing
to minimize the effect of cloth motion. To overcome this
limitation, we developed a system that measures the sym-
metry index (SI) and amplitude (Amp) of mediolateral
head motion using an IMU sensor equipped with an
easy-to-use wireless earbud (Figure 1). According to
Morrison et al. (2015), head angle serves as a proxy for
trunk motion during rhythmic movements (RMs); mediolat-
eral head motion is associated with mediolateral trunk
motion during gait. Our system for measurement of medio-
lateral head motion could replace existing systems that
measure trunk motion, although the wireless earbud has
only one IMU sensor

This study evaluates a novel approach to core stability
assessment by developing an automated system that
leverages a combination of modern technology and
machine learning algorithms. The novelty of this study
lies in the use of a wireless earbud equipped with an IMU
sensor, designed to measure the SI and Amp derived from
the head angle during motor tasks. This head angle serves
as a proxy for trunk motion, thus providing indirect mea-
sures of core stability.

We hypothesized that this proposed system could effect-
ively assess core stability and categorize individuals into
good and poor core stability groups based on these mea-
surements. Participants performed motor tasks that trigger
reactive trunk movement, such as cycling, walking, and
running. Mediolateral trunk motion, which arises in
response to the reaction force during these tasks, is depend-
ent on core stability. This was also demonstrated in FMTs,
such as SLS, lunge, and side lunge, where controlled trunk
motion is essential to maintain balance and prevent falling.

Participants initially underwent the Sahrmann core sta-
bility test (SCST), administered by a highly trained, experi-
enced operator, which objectively evaluates core stability.
Based on their SCST scores, participants were then categor-
ized into good and poor core stability groups. Subsequently,
the SI and Amp were extracted from the head angle mea-
surements obtained during the motor tasks, resulting in
three sets of labeled data: a full feature set, a RM feature
set, and an FMT feature set. Each feature set was utilized
to train and validate machine learning models. To our
knowledge, this study is among the first to apply machine
learning models for such a purpose, marking a significant
step forward in the field of core stability assessment.

Methods
This study is a cross-sectional investigation designed to
evaluate the different machine learning classifiers in pre-
dicting core stability status. The study involved a total of
77 participants, who were assessed on their core stability

Figure 1. IMU sensor worn during motor tasks. Each participant
wore a wireless earbud equipped with an IMU sensor in the left ear
to measure head motion during the performance of motor tasks.
IMU: inertial measurement unit.
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using the SCST. Participants then performed a series of
FMTs and RMs, during which mediolateral head angle
data were recorded using an IMU. Three different feature
sets were derived from these data, and support vector
machine (SVM) and neural network (NN) were trained on

these features to predict core stability status. The perform-
ance of these machine learning models was assessed
through various metrics including accuracy, sensitivity,
specificity, and G-index (Figure 2).

Participants
We enrolled 77 participants in this study (31 men and
46 women; mean age, 23.1± 2.2 years; mean body
weight, 63.0± 13.3 kg). The exclusion criteria were as
follows: overweight; current pregnancy; psychological,
neurological, vestibular, or cardiopulmonary disorder;
and musculoskeletal pathologies. All participants pro-
vided demographic information and visual analog scale
pain scores. Anthropometric data were also obtained,
including height and weight. All participants provided
written informed consent, and the study protocol was
approved by the Institutional Review Board of Jeonju
University.

Sahrmann core stability test
Each participant completed the SCST as an objective
measure of core stability (Figure 3). The SCST comprises
five tasks of increasing difficulty. The inflatable pad of a
pressure biofeedback unit (Stabilizer; Chattanooga Group,
Inc., Hixson, TN, USA) was placed in the natural lordotic
curve when the participant was in the supine position.
After the pad had been inflated to 40 mmHg, the participant
began the SCST. When the participant had completed one
of the SCST tasks with a deviation of ≤10 mmHg, the
next task began. Task performance was scored using a
5-point scale. Participants with scores <2 were assigned
to the poor core stability group, whereas participants with
scores of 2–5 were assigned to the good core stability
group.

Rhythmic movements

Cycling

As a warm-up activity, each participant cycled for 5 min at
their preferred speed, followed by a 5-min rest period; the
participant was then asked to cycle as fast as possible.
The fastest measured speed was used to calculate the
target speed (70% of the fastest speed). The participant
then cycled for 1 min at the target speed (Figure 4A, left
panel).

Walking and running

The walking and running speeds were set as 4.5 and 9 km/h,
respectively, and each participant performed a 30-s practice
session to ensure familiarity with these speeds. After the
practice session, the participant was asked to walk and

Figure 2. Flow diagram illustrating the methodological process of
the study. The process starts with the recruitment of participants,
followed by the assessment of their core stability using the SCST.
The participants then performed FMTs and RMs, while the
mediolateral head angle data were recorded using an IMU. These
data are used to derive three different feature sets, which are
utilized in the training of SVM and NN models. These models are
validated using a leave-one-out method, and their performance is
assessed in terms of accuracy, sensitivity, specificity, and G-index.
FMTs: functional movement tests: IMU: inertial measurement unit;
NN: neural network; RMs: rhythmic movements; SCST: Sahrmann
core stability test; SVM: support vector machine.
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run for 1 min on a treadmill (Xiaomi, Inc., Beijing, China)
at the predefined speed (Figure 4A, middle and right
panels).

Functional movement tests

Single-leg squat

Each participant performed five repetitions of the SLS, with
both the left and right legs. The participant began in a stand-
ing position with the toes of the weight-bearing leg pointing
forward, hands on the waist, and nonweight-bearing leg
flexed at the knee (at 90°). The participant was then
instructed to lift the heel while performing the SLS,
without losing their balance (Figure 4B, right panel). In
the event that a participant did not follow the instructions
or the nonweight-bearing leg contacted the ground, the
trial was considered unsuccessful and the participant was
asked to perform it again.

Side lunge

Each participant performed five side lunges on both the
right and left sides. Both start and end positions for the
side lunge comprised standing upright with both feet
together and hands on the waist. From the starting position,
the participant lunged to the side and then pushed back to
the starting position. The stride length was the length that
allowed both feet to point forward with the knee of the
front leg flexed at ∼90° while remaining over the foot,
with the back leg oriented in a straight position
(Figure 4B, middle panel). If the participant lost their
balance, they were asked to perform the side lunge again.

Lunge

Each participant performed five lunges with both the right
and left legs. Both start and end positions comprised stand-
ing upright with the toes pointing forward and hands on the

Figure 3. The five levels of the Sahrmann core stability test.
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waist. The stride length during the lunge was the length that
allowed 90° knee flexion for both legs (Figure 4B, left). All
participants were able to complete the lunges without loss
of balance.

Data collection

A high-resolution IMU (BNO080; Ceva Technologies,
Rockville, MD, USA) was used for head angle measure-
ments. The IMU sensor was embedded into a left-sided
wireless earbud (QCY-T1C; Dongguan Hele Electronics,
Dongguan, China) (see Figure 1). The acceleration data
were transferred to a self-developed mobile app via
Bluetooth at 100 Hz. This app computed the mediolateral
head angle in real time, using methods established in previ-
ous studies.41,42 Each sample carried signed 16-bit acceler-
ation outputs for all three axes x, y, and z. These
acceleration outputs were scaled to equate to a proportional
value of Earth’s gravity (Gpx, Gpy, and Gpz). The full-scale

IMU sensor value was equivalent to the maximum singed
16-bit integer value at 8 G.

The IMU’s orientation can be delineated using its roll
(ϕ), pitch (θ), and yaw (ψ). The corresponding matrices
for roll, pitch, and yaw are as follows (equations 1–3):

Rx(ϕ) =
1 0 0
0 cosϕ sinϕ
0 − sinϕ cosϕ

⎛
⎝

⎞
⎠ (1)

Ry(θ) =
cos θ 0 − sin θ
0 1 0

sin θ 0 cos θ

⎛
⎝

⎞
⎠ (2)

Rz(ψ) =
cosψ sinψ 0
− sinψ cosψ 0

0 0 1

⎛
⎝

⎞
⎠ (3)

When the IMU sensor undergoes rotation, the vector of
Earth’s gravitational field (g) also rotates, influenced by
the pitch, roll, and yaw matrices (equation 4). When an arbi-
trary accelerometer reading is G_p, it can be expressed as
follows (equation 5):

Ry(ϕ)Rx(θ)Rz(ψ)
0
0
1

⎛
⎝

⎞
⎠ =

− sin θ cosϕ
sinϕ

cos θ cosϕ

⎛
⎝

⎞
⎠ (4)

1�������������������
G2

px + G2
py + G2

pz

√
Gpx

Gpy

Gpz

⎛
⎝

⎞
⎠ =

− sin θ cosϕ
sinϕ

cos θ cosϕ

⎛
⎝

⎞
⎠ (5)

The roll and pitch angles can then be determined from the
following (equations 6–7):

ϕ = tan−1 Gpy������������
G2

px + G2
pz

√
⎛
⎜⎝

⎞
⎟⎠ (6)

θ = tan−1 −Gpx

Gpz

( )
(7)

To filter out linear acceleration brought on by the partici-
pant’s movements, the accelerometer output underwent a
low-pass filter before angle calculation. This step is
crucial to avoid the inaccuracy in angle estimation due to
additional acceleration from the participant’s movement.
The accelerometer output should ideally be near 1 G, signi-
fying the existence of only gravitational acceleration. After
the low-pass filtering process, the accelerometer output
magnitude converged to 1 G, within a 5% difference.

For calibration of offsets, an initial 1-s measurement was
taken. The average offsets recorded in the sagittal and frontal
angles during this time were utilized for offset removal.
During this 1-s calibration period, the subject was instructed
to stay still, while 100 data samples were gathered and evalu-
ated for calibration accuracy. Calibration was considered

Figure 4. Motor tasks. Each participant performed RMs (A) and FMTs
(B) while wearing the wireless earbud. (A) RMs included cycling,
running, and walking. Each participant performed each motor task for
1 min. (B) FMTs included lunge, side lunge, and single-leg squat
exercises. All tasks were performed five times, with both the right and
left leg, at the preferred speed. FMTs: functional movement tests; RMs:
rhythmic movements.
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successful only if the difference between the maximum and
minimumvalues of bothϕ and θwas less than 0.5°. If this con-
dition was not met, the testing process restarted from the cali-
bration stage. Each participant wore the wireless earbud while
performing the RMs and clinical tests (Figure 5). Frontal plane
head angle data were collected at 100 Hz.

Feature extraction

Two featureswere extracted frommediolateral head angle data
recorded during the FMTs and RMs: the SI and Amp. During
the FMTs, participants performed SLS, lunge, and side lunge
exercises (five repetitions of each) with both the right and left
legs. When performing the SLS and lunge, the head was
tilted to the same side as the weight-bearing leg side; it was
tilted to the opposite side during the side lunge. The
maximum head angles on the right and left sides were deter-
mined for each trial. The mean Amp was calculated by
summing the maximum right and left head angles during
cycling (five trials) (Figure 6):

ampmax =
∑

(leftmax + rightmax),

ampmin =
∑

(leftmin + rightmin),

ampmean =
∑

(leftmean + rightmean),

where leftmax, leftmin, and leftmean represent the
maximum, minimum, and mean values of five maximum
left head angles, respectively; rightmax, rightmin, and
rightmean indicate the maximum, minimum, and mean
values of five maximum right head angles, respectively.

The SI during the FMTs reflected the difference between
the left and the right maximum head angles (Figure 6):

SImax =
∑

|leftmax − rightmax|,

SImin =
∑

|leftmin − rightmin|,

SImean =
∑

|leftmean − rightmean|.
During RMs, the maximum right and left head angles were
extracted over a 1-min period of cycling. Maximum,
minimum, and mean Amp values were obtained from
pairs of maximum right and left head angles (Figure 7):

Ampmax = Max(lefti + righti),

Ampmin = Min(lefti + righti),

Ampmean =
∑

i (lefti + righti)
n

,

where lefti and righti represent the maximum left and
right values for the ith cycling trials, respectively, and n
is the total number of trials.

The SI during RMs was also calculated from the
maximum right and left head angles obtained over a
1-min period for each cycling trial (Figure 7):

SImax = Max(|lefti − righti|).
SImin = Min(|lefti − righti|).

SImean =
∑

i (|lefti − righti|)
n

.

An SI closer to 0° indicates a more symmetrical mediolat-
eral head angle.

Feature set
For both the FMTs (SLS, lunge, and side lunge) and RMs
(cycling, running, and walking), the maximum, minimum,
and mean Amp and SI values were used to derive three
feature sets (Table 1):

- A full feature set including all Ampmax, Ampmin, Ampmean,
SImax, SImin, and SImean values from the FMTs and RMs, as
well as the maximum cycling speed (37 features).
- A feature set including theAmpmax,Ampmin,Ampmean,SImax,
SImin, and SImean values only from the FMTs (18 features).
- A feature set including the maximum cycling speed and
Ampmax, Ampmin, Ampmean, SImax, SImin, and SImean values
only from the RMs (19 features).

Two-class classifiers: training and validation
Two-class classifiers were trained to determine core stability
status. Using MATLAB R2022a software (MathWorks,
Natick, MA, USA), six models were generated: SVM, deci-
sion tree, discriminant analysis, logistic regression, naïve
Bayes, k-nearest neighbor, and NN models. The SVM and
NN models exhibited the best classification performance,
and we only report the results for these classifiers below.

Before model training, oversampling was conducted to
balance the number of samples in the poor and good core
stability groups, as the good core stability group initially
had more samples. Specifically, we implemented random
oversampling, a technique that works by duplicating exam-
ples from the minority class in the training data set. In this
method, samples from the minority class (in our case, the
poor core stability group) are selected at random and
added to the training data set, increasing its size and thus
balancing the class distribution.

Achieving balancing the class distribution can enhance
the performance of the machine learning model,43 particu-
larly in our case where the data imbalance was significant.
It’s important to note that this method may increase the like-
lihood of overfitting since it duplicates the minority class
events. However, to mitigate this potential issue, we
repeated the procedure 10 times, which helped ensure a
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more diverse set of minority class examples in the training
data set, thus reducing the probability of overfitting.

SVM models search the optimal hyperplane at the point
where the margin between two classes of data is maximal.
According to Ganyun et al. (2005), SVM models are appro-
priate for small data sets.44 Our SVMmodel was implemen-
ted in MATLAB with the “fitcsvm” function. We employed
a Gaussian (also known as radial basis function (RBF))
kernel function due to its flexibility in handling nonlinear

classification problems. The RBF kernel introduces non-
linearity without needing to increase the computational
cost excessively. The kernel scale parameter was set to
1.1, controlling the sensitivity of the Gaussian kernel and
indirectly influencing the decision boundary.

The NN model was trained using MATLAB’s “fitcnet”
function. The model consisted of an input layer, three
hidden layers, and an output layer. The input layer was
designed to accommodate the dimensionality of our feature

Figure 5. Example mediolateral head angle data obtained during RMs (A) and FMTs (B). (A) Each participant performed RMs, including
walking, cycling, and running, for 1 min at a constant speed. (B) Each participant also completed lunge, single-leg squat, and side lunge
FMTs (five repetitions of each exercise). FMTs: functional movement tests; RMs: rhythmic movements.

Jeong et al. 7



Figure 6. Mediolateral head angle during walking. Each participant walked for 1 min at 4.5 km/h. Angles above and below 0° represent
left and right head tilt directions, respectively. The left (upper circles) and right (lower circles) peak angles calculated during each cycling
exercise were used to calculate the SI and Amp of the head angle; an SI value closer to 0° indicated more symmetric head movement in the
frontal plane. The mean SI and Amp for the five cycling repetitions were calculated, and the maximum and minimum SI and Amp were
extracted. Amp: amplitude; SI: symmetry index.

Figure 7. Mediolateral head angle during SLS. Each participant performed five repetitions of the SLS exercise at their preferred speed.
Angles above and below 0° represent left and right head tilt directions, respectively. The left (upper circles) and right (lower circles) peak
angles for each SLS repetition were used to calculate the SI and Amp of the head angle in the frontal plane. A SI value of 0° indicates
perfectly symmetrical mediolateral head motion. The mean SI and Amp for the five SLS repetitions were calculated, and the maximum and
minimum SI and Amp were extracted. Amp: amplitude; SLS: single-leg squat; SI: symmetry index.
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set. Each hidden layer contained 10 neurons, with the
Rectified Linear Unit (ReLU) activation function applied
to their outputs. This nonlinear activation function intro-
duces nonlinearity into our model, helping it learn from the
complex relationships in our data. The output layer of the
NN was designed to classify each sample into one of the
two classes: “good” and “poor.” Although this is a binary
classification task, MATLAB’s “fitcnet” function defaults
to the softmax activation function for the output layer,
regardless of the number of classes. This is because
softmax is a more general function that is used for multiclass
classification problems, and it simplifies to the sigmoid func-
tion in the case of binary classification. To optimize the
weights of the NN, the “fitcnet” function uses an iterative
training process with a maximum iteration limit of 1000.
This function automatically manages the batch size and the
number of epochs for training, based on the size of the
training data.

Leave-one-participant-out cross-validation was used to
evaluate the accuracies of all models. This validation
method is appropriate for small sample sizes,39 as in our
study. The model was trained using the full data set after
exclusion of one participant’s data; the trained model then
labeled the data of the excluded participant based on the
input.

Performance evaluation
Model performance was evaluated by comparison of pre-
dicted and actual labels. Accuracy, sensitivity, specificity,
and precision values, as well as the F1-score and
G-index, were calculated as follows:

Accuracy = TP+ TN
TP+ FP+ TN+ FN

× 100%,

Sensitivity = TP
TP+ FN

×100%,

Specificity = TN
TN+ FP

×100%,

Precision = TP
TP+ FP

×100%,

F1− score = SensitivitytimesPrecision
Sensitivity+ Specificity

× 2,

G-index =
�����������������������������������
(1-Sensitivity)2 + (1-Precision)2

√
,

where TP is true-positive (number of participants
correctly included in good core stability group), TN is
true-negative (number of participants correctly included
in poor core stability group), FP is false-positive
(number of participants incorrectly included in good
core stability group), and FN is false-negative (number
of participants incorrectly included in poor core stability
group).

The SVM and NN binary classifier models were run 10
times, and the results are reported as means and standard
deviations.

Results

Demographic data

There were no significant differences in age, height, weight,
body mass index, or visual analog scale pain scores
between the good core stability and poor core stability
groups (Table 2).

Classification accuracy

The results of leave-one-participant-out cross-validation are
reported in Table 3. Compared with the NN model (73.7±
3.6%), the SVM model showed higher classification accur-
acy (86.6± 1.7%) in the RM feature set (Table 3). The
SVM model also showed better specificity, precision,
F1-score, and G-index values for all feature sets;
however, the NN model had higher sensitivity (Table 3).
The SI and Amp of mediolateral head motion during the
SLS were extracted from the FMT data set; the SI and
Amp of mediolateral head motion during cycling,
walking, and running were extracted from the RM data
set. The SVM and NN models both exhibited better per-
formance when trained on the RM feature set, compared
with the FMT and full feature sets.

Table 1. Feature sets used for model training.

Feature set
Data
source Description

FMTs feature
set

IMU
sensor

Comprises maximum, minimum, and mean symmetry index and amplitude data obtained during
mediolateral head motion when performing FMTs

RMs feature
set

IMU
sensor

Comprises maximum, minimum, and mean symmetry index and amplitude data obtained during
mediolateral head motion while cycling, running, and walking

FMTs: functional movement tests; IMU: inertial measurement unit; RMs: rhythmic movements.
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Discussion
This study was conducted to develop machine learning
models that could classify young people without musculo-
skeletal disorders according to core stability status, as deter-
mined using the SCST. Among the 77 participants, 49 and
28 were classified into good core stability and poor core sta-
bility groups, respectively. There were no significant demo-
graphic differences between the groups, which minimized
the risk of confounding bias. The SI and Amp of mediolat-
eral head motion extracted during the FMTs and RMs were
used to train SVM and NN models. Model classification
accuracy was similar across all three data sets (full, FMT,
and RM), and the SVM model showed superior perform-
ance compared with the NN model.

In this study, we achieved high classification accuracy
(∼85%) with the SVM model, even without using variables
such as jerkingmovements, acceleration, or velocity that pre-
vious studies have used.37–39,45 The novelty in our approach
was the use of mediolateral head motion during RMs, as a
proxy for trunk motion and thus, core stability. It implies
that head motion during RMs, as measured by our system,
is reflective of the preprogrammed, feedforward contractions
of the core muscles that provide postural stability necessary
for distal extremitymovements.29,34 These contractions have
been previously found to be closely related to core stability,
particularly during the movement of distal extremities.

We examined the classification performance of SVM
and NN models using different feature sets to identify indi-
viduals with good or poor core stability. Interestingly, we
found that all feature sets produced similar accuracy
levels in both models. These results suggest that the
chosen features may not have a significant impact on the

classification performance of the models and that a
simpler feature set may be sufficient for accurate classifica-
tion of core stability status. However, it is important to con-
sider that the nature of the tasks during which the features
are measured may influence the involuntary reactive trunk
motion and, thus, the accuracy of core stability assessment.
For example, the use of different FTMs or exercises could
result in different levels of trunk motion, affecting the clas-
sification accuracy. Further investigation is needed to deter-
mine the most appropriate feature set and task for accurate
classification of core stability status.

The SVM model achieved a G-index close to 0.25,
which is typically considered indicative of a well-optimized
model.46 It also exhibited very high specificity and preci-
sion but relatively lower sensitivity, resulting in a higher
number of false negatives. This means that a significant
number of individuals with good core stability were mis-
classified as having poor core stability. However, the high
specificity and precision suggest that those identified as
having poor core stability are very likely to actually have
poor core stability. Therefore, the SVM model could be
useful in identifying individuals with poor core stability
but may need to be combined with other measures to accur-
ately identify those with good core stability. In contrast, the
NN model showed a more balanced number of false posi-
tives and false negatives, indicating that it may be better
at accurately identifying individuals with good core stabil-
ity. However, the lower specificity and precision suggest
that individuals identified as having poor core stability
may not necessarily have poor core stability. Therefore,
the NN model could be useful in identifying individuals
with good core stability. Overall, these findings suggest
that both models have their strengths and weaknesses and
that combining them could result in a more accurate classi-
fication of core stability status.

While studies specifically aimed at classifying core
stability status are relatively few, there have been efforts to
develop machine learning models based on signals from
IMUs or other body-worn sensors for clinical objectives.
For instance, one model, trained using four reliable
accelerometer-derived features, classified participants accord-
ing to their susceptibility to falls with an accuracy of 74.4%.38

Another model, trained with data acquired using a pressure
platform and inertial sensor placed on the lower back,
achieved ∼73% when classifying patients according to fall
history.37 Another sensor-based machine learning model cate-
gorized nonspecific low back pain patients into high- and
low-risk groups with 75% accuracy.39

Our study, to our knowledge, is among the first to use
machine learning to classify individuals based on core sta-
bility status, achieving a classification accuracy of ∼85%
using mediolateral head motion during RMs as the
primary feature. This highlights the potential of our novel
approach in leveraging head motion as a representative of
core stability, despite the lack of inclusion of certain

Table 2. Demographics of good core stability and poor core stability
groups.

Good core
stability

Poor core
stability P-value

No. of
participants

49 28 -

Sex (male/
female)

17/32 14/14 -

Age (years) 23.0± 1.8 23.3± 2.8 0.66

Height (cm) 166.4± 9.1 167.1± 8.8 0.74

Weight (kg) 62.0± 13.9 64.7± 12.4 0.39

BMI (kg/m2) 22.4± 3.1 23.0± 3.1 0.37

VAS score 3.1± 3.2 4.4± 2.6 0.074

BMI: body mass index, VAS: visual analog scale.
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variables used in previous research. However, in the
absence of directly comparable studies, further research is
required to validate our approach.

It is worth noting that our approach offers advantages in
terms of simplicity and user-friendliness, with our wireless
earbud IMU sensor being less intrusive and easier to use
than multiple sensors placed on the body. Previous
models generally used greater than or equal to two IMU
or body-worn sensors placed on the lower extremities or
lower lumbar spine.39,45 To obtain accurate body kinematic
data, the effect of clothes should be minimized; thus, parti-
cipants are typically instructed to attach the sensors to bare
skin or to wear tight clothing. In contrast, when measuring
head motion via the IMU sensor embedded in our wireless
earbud, there is no need to consider the effect of clothing.
Moreover, the involvement of a highly trained operator
for head motion measurement is unnecessary when using
our earbud.

Automated assessment of core stability can help prevent
low back pain. In previous studies, low back pain patients
tended to have poor core stability.4,28,47,48 The assessment
of core stability during daily activities (e.g. walking,
running, and cycling) may facilitate prevention of low
back pain in at-risk individuals.

In this study, we made the decision not to perform
feature scaling prior to our cross-validation process. This
decision was based on our objective to avoid potential
data leakage, which can lead to overoptimistic estimates
of model performance. Additionally, given the nature of
our data and the robustness of the machine learning
models used, we found that our models performed well
even without feature scaling. This suggests that our
models were not overly sensitive to the range of feature
values, providing further assurance of their robustness.

However, we acknowledge that the decision to scale fea-
tures or not may depend on the specific characteristics of
the data set and the machine learning model used. Future
research should take these factors into consideration when
designing their methodology.

Despite the promising results, our study has several lim-
itations. One of the main limitations relates to the sample
size. As noted above, the performance of our NN model
was inferior to that of the SVM model, which we attribute,
at least in part, to our sample size. According to Alwosheel
et al. (2018), the minimum sample size necessary for artifi-
cial NN models is 50-fold greater than the number of
weights49; however, in the present study, the number of
samples was considerably below this threshold. The small
sample size may have limited the accuracy of our NN
model. Another potential limitation is our reliance on the
SCST to determine core stability status. The SCST is
often used to evaluate the ability to control the lumbopelvic
segment50,51; however, core stability is also determined by
muscular capacity in the lumbopelvic-hip complex.2,52–54

We acknowledge that the SCST cannot evaluate all
factors that influence core stability, particularly the endur-
ance and strength of the lumbopelvic-hip complex. In
future work, we aim to address these limitations by increas-
ing the number of samples and developing a new and more
comprehensive test for assessing core stability.

Conclusion
The present study investigated the capacity of an IMU
sensor embedded within a wireless earbud to determine
core stability status. Our SVM machine model classified
participants into good core stability and poor core stability
groups with an accuracy of >85%. The SVM model was

Table 3. Accuracy, sensitivity, specificity, precision, F1-score, and G-index values of neural network and support vector machine models
used to classify participants according to core stability status.

Accuracy Sensitivity Specificity Precision F1-score G-index

SVM

Full 86.5± 1.6% 73.1± 3.2% 100.0± 0.0% 100.0± 0.0% 84.4± 2.1 0.27± 0.03

FMTs 86.9± 1.7% 73.9± 3.4% 100.0± 0.0% 100.0± 0.0% 84.9± 2.3 0.26± 0.03

RMs 86.6± 1.7% 75.3± 3.4% 100.0± 0.0% 100.0± 0.0% 84.5± 2.2 0.27± 0.03

NN

Full 71.9± 3.9% 81.8± 2.4% 62.0± 8.1% 68.6± 4.8% 78.0± 1.9 0.36± 0.04

FMTs 74.5± 2.5% 83.9± 4.7% 65.1± 6.3% 70.8± 3.2% 79.6± 2.8 0.34± 0.03

RMs 73.7± 3.6% 83.5± 4.9% 63.9± 5.3% 69.9± 3.3% 79.1± 3.5 0.35± 0.04

FMTs: functional movement tests; RMs: rhythmic movements; NN: neural network; SVM: support vector machine.

Jeong et al. 11



trained and validated using features extracted from medio-
lateral head angle during RMs such as cycling, running,
and walking, where this angle partly reflects reactive
trunk motion. The present findings may facilitate the devel-
opment of automated core stability assessment systems that
allow users to easily determine their core stability status
during activities such as cycling, running, and walking.
Such systems could help to prevent core stability-related
low back pain in at-risk individuals through the incorpor-
ation of core stability exercises into regular exercise pro-
grams prior to the onset of low back pain.
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33. Kolář P, Šulc J, Kynčl M, et al. Postural function of the dia-
phragm in persons with and without chronic low back pain.
Journal of Orthopaedic and Sports Physical Therapy Epub
ahead of print 2012; 42. DOI: 10.2519/jospt.2012.3830

34. Cordo PJ and Nashner LM. Properties of postural adjustments
associated with rapid arm movements. J Neurophysiol Epub
ahead of print 1982; 47. DOI: 10.1152/jn.1982.47.2.287

35. Burnett AF, Cornelius MW, Dankaerts W, et al. Spinal kine-
matics and trunk muscle activity in cyclists: a comparison
between healthy controls and non-specific chronic low back
pain subjects - A pilot investigation. Man Ther Epub ahead
of print 2004; 9. DOI: 10.1016/j.math.2004.06.002

36. Al-Eisa E, Egan D, DeluzioK, et al. Effects of pelvic asymmetry
and low back pain on trunk kinematics during sitting: a compari-
son with standing. Spine (Phila Pa 1976) 2006; 31: E135–E143.

37. Greene BR, McGrath D, Walsh L, et al. Quantitative falls risk
estimation through multi-sensor assessment of standing
balance. Physiol Meas 2012; 33: 2049.

38. Doheny EP, Walsh C, Foran T, et al. Falls classification using
tri-axial accelerometers during the five-times-sit-to-stand test.
Gait Posture 2013; 38: 1021–1025.

39. Abdollahi M, Ashouri S, Abedi M, et al. Using a motion
sensor to categorize nonspecific low back pain patients: a
machine learning approach. Sensors 2020; 20: 3600.

40. Kianifar R, Lee A, Raina S, et al. Automated assessment of
dynamic knee valgus and risk of knee injury during the
single leg squat. IEEE J Transl EngHealthMed 2017; 5: 1–13.

41. Jung S and Park K-N. Is mediolateral head motion during the
seated hip flexion test and indoor cycling test associated with
core stability? Journal of Musculoskeletal Science and
Technology 2022; 6: 64–70.

42. Kim AR, Park JH, Kim SH, et al. The validity of wireless
earbud-type wearable sensors for head angle estimation and
the relationships of head with trunk, pelvis, hip, and knee
during workouts. Sensors Epub ahead of print 2022; 22. DOI:
10.3390/s22020597

43. Batista GE, Prati RC and Monard MC. A study of the behav-
ior of several methods for balancing machine learning training
data. ACM SIGKDD Explorations Newsletter 2004; 6: 20–29.

44. Ganyun LV, Haozhong C, Haibao Z, et al. Fault diagnosis of
power transformer based on multi-layer SVM classifier.
Electr Power Syst Res 2005; 74: 1–7.

45. Taborri J, Palermo E and Rossi S. Automatic detection of faults
in race walking: a comparative analysis of machine-learning
algorithms fed with inertial sensor data. Sensors 2019; 19: 1461.

46. Taborri J, Scalona E, Palermo E, et al. Validation of inter-
subject training for hidden Markov models applied to gait
phase detection in children with cerebral palsy. Sensors
2015; 15: 24514–24529.

47. VasseljenO,Unsgaard-TøndelM,WestadC, et al. Effect of core
stability exercises on feed-forward activation of deep abdominal
muscles in chronic low back pain: a randomized controlled trial.

48. Panjabi MM. Clinical spinal instability and low back pain.
J Electromyogr Kinesiol 2003; 13: 371–379.

49. Alwosheel A, van Cranenburgh S and Chorus CG. Is your
dataset big enough? Sample size requirements when using
artificial neural networks for discrete choice analysis.
Journal of Choice Modelling 2018; 28: 167–182.

50. Aggarwal A, Kumar S, Madan R, et al. Relationship among
different tests of evaluating low back core stability.
J Musculoskelet Res 2011; 14: 1250004.

51. Chan EWM, Hamid MSA, Nadzalan AM, et al. Abdominal
muscle activation: an EMG study of the Sahrmann five-level
core stability test. Hong Kong Physiother J 2020; 40: 89–97.

52. Waldhelm A and Li L. Endurance tests are the most reliable
core stability related measurements. J Sport Health Sci
2012; 1: 121–128.

53. Behm DG, Leonard AM, Young WB, et al. Trunk muscle
electromyographic activity with unstable and unilateral exer-
cises. J Strength Cond Res 2005; 19: 193–201.

54. Hsu S-L, Oda H, Shirahata S, et al. Effects of core strength train-
ing on core stability. J Phys Ther Sci 2018; 30: 1014–1018.

Jeong et al. 13

http://dx.doi.org/10.1080/001401397187469
http://dx.doi.org/10.1113/JP275312
http://dx.doi.org/10.2519/jospt.2012.3830
http://dx.doi.org/10.1152/jn.1982.47.2.287
http://dx.doi.org/10.1016/j.math.2004.06.002
http://dx.doi.org/10.3390/s22020597

	 Introduction
	 Methods
	 Participants
	 Sahrmann core stability test
	 Rhythmic movements
	 Cycling
	 Walking and running

	 Functional movement tests
	 Single-leg squat
	 Side lunge
	 Lunge
	 Data collection
	 Feature extraction

	 Feature set
	 Two-class classifiers: training and validation
	 Performance evaluation
	 Results
	 Demographic data
	 Classification accuracy

	 Discussion
	 Conclusion
	 Acknowledgements
	 References


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile ()
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 5
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /PDFX1a:2003
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError false
  /PDFXTrimBoxToMediaBoxOffset [
    33.84000
    33.84000
    33.84000
    33.84000
  ]
  /PDFXSetBleedBoxToMediaBox false
  /PDFXBleedBoxToTrimBoxOffset [
    9.00000
    9.00000
    9.00000
    9.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV <>
    /HUN <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames false
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks true
      /AddColorBars false
      /AddCropMarks true
      /AddPageInfo true
      /AddRegMarks false
      /BleedOffset [
        9
        9
        9
        9
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


