’m Check for updates

Journal of KIIT. Vol. 23, No. 12, pp. 159-167, Dec. 31, 2025. pISSN 1598-8619, eISSN 2093-7571 159
http://dx.doi.org/10.14801/5kiit.2025.23.12.159

A4 7 Sga% 8% Z2ade] UXd
Hlol QA B e AT

dojz= A

-

S

C:D’_l***

A Study on Digital Biomarker Analysis of a Wearable
Sensor-based Exercise Program for Sarcopenia

Sang-Hun Lee*, Sang-Hee Park**, and Yeung-Hak Lee***

This research was supported by a grant of the Information and Communications Promotion Fund through the National IT
Industry Promotion Agency (NIPA), funded by the Ministry of Science and ICT (MSIT), Republic of Korea

3] A &5 TS Hriste A4 BUHH & & e Al

2895 vfEsEy] fg Aoty 24T Y REFdeE S Hrkshy] Hsh 1 Galaxy WatchE &3l 6
I oSkt dojAl, t—“; %71, zﬂx}ﬂ Ag, 8 go|2, Widxa 2’E, o Fo]2)9 tX
R A AACHEEA, Ao|ZAFE, B|HA zLo]| 2

)& ‘%6}04 %% HE, Wﬂ% Eé, For TrlE 48T SAE Al

sk A, 929%9 A r &% 248 2
E BES £ 9sith mabA solgE AlA 7)E 1;] ]E‘] H}Oloﬂ}ﬂﬂ sz BRle 0% g Lo A
ARz Wisy 94 TUHAY 4 9= $E3 =rle steldk & 99T

Abstract

The purpose of this study is to establish a system that enables remote monitoring by objectively assessing the physical
performance of patients with sarcopenia. To evaluate the exercise performance of sarcopenia patients, digital biomarkers
were extracted and analyzed from six exercise programs (chair stand, wall push, on-the-spot walking, heel raise, balance
stand, and arm raise) using the Galaxy Watch. Data were collected from five motion sensors in the Galaxy Watch
(accelerometer, gyroscope, uncalibrated gyroscope, linear acceleration, and rotation vector), and analyses were performed on
exercise intensity, sensor-specific characteristics, and frequency domain features. From the measured sensor data,
171-dimensional features were extracted, and five machine learning models were applied, achieving an accuracy of 92.9%
in automatically classifying exercise types. These findings confirm that wearable sensor -based digital biomarkers are
effective tools for objectively evaluating and remotely monitoring the exercise performance of patients with sarcopenia.
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Exercise Selection -
o Description
program Criteria
Chair stand| Functional Sit-to-stand and heel raise
6] movement | movements directly relate to
relevance | Activities of Daily Living (ADL),

contributing to actual functional
improvement

Heel raise |Minimal injury| Low joint burden and minimal
9] risk and fall risk; can be performed
safety without additional equipment

Balance of | Includes strength (chair stand,
strength, heel raise), balance (balance
balance, and | stand, marching in place), and
endurance endurance (wall push, arm

raise) components

Balance
stand [10]

Marching Sensor Generates distinct amplitude

in place | recognition and rotation patterns on
(11]012] feasibility | accelerometer and gyroscope
sensors; enables automatic
analysis of repetition count,
speed, and sway
Wall push Minimal Can be performed anywhere
[13] equipment indoors using only a chair,

and space | wall, and in—place movements;
requirements | no additional space or cost
required

Arm raise | Progressive
(14] intensity
adjustment

Allows gradual difficulty
progression through
set/repetition adjustment and

use of bands/dumbbells
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Fig. 2. Accelerometer features by exercise
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Table. 2. Comparison of detailed performance indicators
by model

Model Accuracy|Precision| Recall |F1-score
Optimized RF | 92.86% | 93.75% | 92.86% | 92.91%
Extra trees 92.86% | 9R.86% | 92.86% | 92.86%
Voting ensemble | 92.86% | 92.86% | 92.86% | 92.86%
Stacking ensemble| 92.86% | 92.86% | 92.86% | 92.86%
XGBoost 89.29% | 90.18% | 89.29% | 89.29%
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