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INTRODUCTION

Home-based personal healthcare services and equipment have 
been steadily developed for life-long health care, and lately, 
with the unexpected pandemic due to coronavirus disease 

2019, the digital healthcare industry has begun to advance ex-
ponentially. In the era of increasing dependence on online com-
munication, home-based exercise programs are also changing, 
with monitoring the exercise and providing feedback on the 
amount of exercise or movements to support the exercise be-
coming important. As such, the effectiveness of home-based 
exercise has been increasing for both disease-free people and 
patients with specific diseases.1-3 

Increasing internet speeds have enabled the use of video-
streaming services, and the development of smartphones and 
applications (apps) have enabled people to obtain exercise in-
formation with high accessibility. Presently, people who seek 
exercise help through smartphones are largely divided into two 
categories, those who subscribe to a desired channel through a 
video-streaming app and those who use fitness apps directly. 
Uploaded videos or live streaming coaching services are both 
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utilized in video-streaming apps. Early fitness apps provided 
only exercise information, and later apps allowed individual 
exercise data to be digitally accumulated and managed. With 
the accumulation of enormous digitalized exercise data. Smart-
er apps that provide feedback on the basis of accumulated in-
dividual exercise records have been developed. However, such 
feedback is limited to information gleaned from moving dis-
tances, including number of steps, speeds, and exercise dura-
tion and frequency. Strengthening and stretching exercises 
tend to be relatively neglected in the mobile healthcare market. 
Meanwhile, several mobile apps that make one-to-one match-
es between users and remote exercise coaches have emerged 
in the online market.4,5 Individually matched remote coaches 
can encourage users to exercise and modulate their exercise 
and lifestyle by using the platform provided in the apps. Howev-
er, these services are unable cover consumers who do not want 
to communicate directly with a coach either by contact in per-
son or online. Also, the practical limit to the number of users a 
coach can cover by remote training is a major commercial limit.

Motion analysis techniques have been used in the medical 
field to analyze disease-specific gait patterns to determine the 
causal factors of pathological gait, monitor responses to medi-
cal interventions, plan medical interventions, and classify dis-
eases.6-9 In the field of sports medicine, motion analysis has 
been used to monitor the angle and angular velocity of an ath-
lete’s limb motion to prevent sports injury or enhance perfor-
mance.10-13 With the development of sensors and Bluetooth de-
vices, obtaining human kinematic data has become more 
convenient, such that patients can provide their movement data, 
even data obtained outside the hospital, to physicians in a less 
cumbersome way.14 However, to date, medical research on mo-
tion analysis has been mainly based on data obtained from 
medical institutes.

LikeFit (WeHealed, Inc., Seoul, Republic of Korea), a ma-
chine learning-based motion-detecting mobile exercise coach-
ing application (MDMECA) used in this study, was developed 
with the aim of providing accurate exercise guides to users 
based on convolutional neural network (CNN) technology. This 
is meaningful in that it provides users access to motion analy-
sis outside hospital-based medical services. To our knowledge, 
the present study is the first to examine the medical effective-
ness of MDMECA. This study was conducted under the hy-
pothesis that patients who exercise using the MDMECA would 
attain an improved quality of life (QoL), compared with those 
who exercise using an exercise guide video obtained from an 
online video-streaming platform. 

MATERIALS AND METHODS

Study population
This retrospective case-control study used an exercise dataset 
obtained from WeHealed who maintained data on users of Lik-

eFit who agreed to provide materials to third parties for medi-
cal purposes. Data analysis was conducted by a physiatrist in 
rehabilitation medicine at a tertiary hospital. The study proto-
col was approved by an Institutional Review Board (3-2020-
0369) and complied with the principles of the Declaration of 
World Medical Association and Good Clinical Practice. None of 
the researchers received funding from WeHealed.

In order to compare the clinical outcomes of MDMECA over 
existing streaming exercise guide videos, a control group was 
directed to use exercise videos uploaded to a YouTube chan-
nel. The participants in each group were recruited from among 
more than 5000 office workers for a week before the start of 
the exercise program through an in-house e-mail promotion. 
Among the 196 participants recruited to the MDMECA group, 
104 completed the exercise program using MDMECA. In the 
control group, among the first 85 participants recruited, 72 
answered the post-exercise survey (Fig. 1). The participants in 
the MDMECA group were instructed to install the LikeFit app 
on their smartphones and perform the exercise program for 14 
consecutive days. The participants in the control group were 
instructed to exercise for 14 consecutive days according to the 
YouTube videos of the same exercises as those in the MDME-
CA group. The participants in each group were instructed not 
to participate in the other exercise programs.

Intervention

MDMECA
The key technology of LikeFit is based on the Microsoft Com-
mon Objects in Context (COCO) Keypoint Detection Task, 
which is based on deep learning technology, a CNN.15 The 
open-source dataset of more than 250000 people from Micro-
soft COCO includes labeled human keypoints that are essential 
in analyzing posture.15 Through this artificial-intelligence tech-
nology, the present MDMECA was developed to analyze real-
time human posture by analyzing extracted frame images from 
sensed motions. The MDMECA uses only a user’s built-in smart-
phone front camera as a motion sensor, without the use of any 
other health-related devices. The users were instructed to wear 
clothes that cling to the body and to stand in front of a simple 
background (Fig. 2). No more than one person was allowed to 
be in the camera frame. Referencing the Microsoft COCO Hu-
man Keypoint set, 14 keypoints (top of the head, neck, right/left 
shoulder, elbow, wrist, hip, knee, and ankle) were detected us-
ing the built-in camera (Fig. 3A). 

The following metrics were measured in real time during 
the workout using the obtained inter-related data from the 14 
skeleton keypoints (Fig. 3B-D): 1) segmental length between 
each keypoint, 2) velocity of each keypoint, and 3) angular ve-
locity of the joint.

The users in the MDMECA group were encouraged in sev-
eral ways. Over the 14-day exercise challenge program, when 
a user did not complete a daily workout, the app triggered an 
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encouraging alarm in the late evening for the user to perform 
the exercise. To provide an accurate exercise guide, audio and 
visual feedback were given to users, based on a real-time anal-
ysis of the user’s exercise pattern, through the built-in smart-
phone speaker and screen (Fig. 4 and Supplementary Video 1, 
only online). The exercise data were classified according to 
the following categories: 1) motion, no motion detected/mo-
tion detected; 2) speed, slow/adequate/fast; and 3) range of 
motion, small/adequate/large. For example, when a user made 
a correct movement with an adequate speed, a visual alarm 
signaled “great” with audio feedback (Fig. 4A). When the user 
did not bend the knee sufficiently during lunging exercises, a 

visual alarm signaled “miss,” and audio feedback prompted the 
user to “bend knee more” in real time (Fig. 4B). In case of move-
ment different from the movement in the guide video, a visual 
feedback of “miss” was signaled on the screen (Fig. 4C). When 
the user raised their arm too quickly during arm-raising exer-
cises, encouraging audio feedback of “make arm movement 
slower” was given with the visual feedback “miss.” However, 
when a user performed the exercise correctly, visual and audio 
complimentary feedback were provided. In case an exercise 
set was nearing its end, encouraging audio commentary was 
given to complete the exercise set.

Workout process
The analyzed dataset consisted of data from pre- and post-
workout surveys and workout performance. The surveys and 
the workout proceeded as follows: 1) Pre-workout survey. Be-
fore beginning the workout regimen, the participants in each 
group were asked to complete a pre-workout online survey us-
ing Google Forms sent via e-mail. The survey items included 
age, sex, history of surgery, daily sitting time, daily home exer-
cise duration, visual analog scale (VAS) score for low-back pain 
due to any etiology, and QoL by the Medical Outcomes Study 
Short Form 36-Item Health Survey (SF-36).16-19 2) Workout pro-
cess. The participants in the MDMECA and control groups 
were instructed to perform the same exercise program, which 
consisted of five different exercises (Table 1). The participants 
in the MDMECA group followed a 14-day exercise program. 
After being informed of a brief schematic exercise sequence, 
the participants were provided with a precise instructional vid-
eo set in the app. Then, the users exercised while viewing the 
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Office workers were recruited and enrolled 

through in-house email promotion 
in a company with more than 5000 workers

Group allocation through recruitment 
in different intervention duration

Analysis (n=104) Analysis (n=72)

Enrolled to MDMECA group (n=196)
• Participated in the MDMECA based exercise program (n=196)
• Answered the pre-workout survey (n=196)

Completed the program (n=104)
• Answered the pre-workout survey (n=104)

Performed the workout (n=72)
• Answered the post-workout survey (n=72)

Enrolled to control group (n=85)
• Participated in the streaming video-based exercise program (n=85)
• Answered the pre-workout survey (n=85)

Fig. 1. Flow diagram of the study design. MDMECA, motion-detecting mobile exercise coaching application.

Fig. 2. The machine learning-based motion-detecting mobile exercise 
coaching application uses only a built-in smartphone front camera as a 
motion sensor.
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exercise guide video provided on the smartphone screen and 
checking their simultaneously filmed exercise motion in one 
corner of the smartphone screen. The participants in the con-
trol group exercised using the same exercise guide video after 
receiving the instructional video as a YouTube clip. 3) Post-
workout survey. After the workout, the participants complete a 
questionnaire in a post-workout online survey using Google 
Form. The survey included the following items: exercise days 
out of 14, daily exercise achievement rate (the percent of exer-
cise achieved to the total daily exercise amount), treatment 
satisfaction, intention to use a disease-oriented program, inten-
tion to recommend the program to others, available expenses 
for a disease-oriented program, and the QoL for SF-36 and VAS 
for low-back pain.

Outcomes
The primary outcome was the users’ QoL surveyed using SF-36, 
which was scored on a scale from 0 to 100, with 100 represent-
ing the highest level of functioning possible, and the co-primary 
outcome was VAS score for lower back pain. The secondary 
outcomes were exercise adherence and treatment satisfac-

tion. Thus, the following survey items were used in statistical 
analysis: daily home exercise duration, treatment satisfaction, 
intention to use for disease-oriented programs, intention to 
recommend the program to others, and available expenses for 
a disease-oriented program.

Exercise performance rate was calculated on the basis of 
post-workout surveys and was calculated by multiplying the 
actual exercise days out of the total 14 days by the daily exercise 
achievement rate, which was calculated as the percentage of 
the workout performed per day for a given amount of exer-
cise: Exercise performance rate=exercise days/14×daily exer-
cise achievement rate. 

Statistical analyses
The basic characteristics of the two groups were compared us-
ing an independent t test (age, low-back pain, sitting time, and 
SF-36 score) and a chi-square test (sex, history of spinal surgery, 
and daily home exercise duration). The mean SF-36 scores for 
lower back pain were analyzed using a paired t test within each 
group, and group differences were compared using a t test by 
calculating each score change within each group. The scores 

Fig. 3. Motion analysis using 14 keypoints during exercise. (A) For motion analysis, 14 keypoints (top of the head, neck, right/left shoulder, elbow, wrist, 
hip, knee, and ankle) were detected using the built-in smartphone camera. (B) Metrics, including segmental length between each keypoint, velocity 
of each keypoint, and angular velocity of the joint, were measured in real-time during the workout. For example, when a user squats, (C) the minimum 
and (D) maximum angles along with the angular velocities of the hip and ankle joints were measured for real-time feedback.

A

B C D
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Fig. 4. Real-time exercise feedback by machine learning-based motion-detecting technology. (A) When a user made a correct movement with an ad-
equate speed, a visual alarm signaled “great” with praise audio feedback. (B) When the user did not bend their knee sufficiently during lunging exer-
cises, a visual alarm signaled “miss” and an audio feedback prompted “bend knee more” in real time. (C) In case of movement different from the 
movement of the guide video, visual feedback of “miss” was indicated on the screen.

A B C

Table 1. Exercise Program

Exercise prescription Exercise details

1

Mode Lunge
Instruction Perform 8 lunge movements alternately on both sides
Duration 4 min: 8 times/set–interval (30 sec)–8 times/set
Frequency 8 times/set, 2 sets/day, every day for 14 workout days

2

Mode Wall squat
Instruction Squat with your back against the wall.
Duration 3 min: 10 times/set–interval (30 sec)–10 times/set
Frequency 10 times/set, 2 sets/day, every day for 14 workout days

3

Mode Chair squat
Instruction Squat in front of the fixed chair half step and get up when the buttocks touch the chair
Duration 3 min: 10 times/set–interval (30 sec)–10 times/set
Frequency 10 times/set, 2 sets/day, every day for 14 workout days

4

Mode Overhead arm-raise in semi-squat position
Instruction While maintaining a semi-squat position (knee flexed 45˚ and hip flexed 90˚), lift the arms forward overhead and lowering it to the side.
Duration 3 min: 10 times/set–interval (30 sec)–10 times/set
Frequency 10 times/set, 2 sets/day, every day for 14 workout days

5

Mode Backward big arm-circle in semi-squat position
Instruction While maintaining a semi-squat position (knee flexed 45˚ and hip flexed 90˚), raise the arms forward overhead and lower it to the side.
Duration 3 min: 10 times/set–interval (30 sec)–10 times/set
Frequency 10 times/set, 2 sets/day, 7 days/wk
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for treatment satisfaction, intention to use a disease-oriented 
exercise program, and intention to recommend the program to 
others were compared between the groups using a t test. The 
available expenses for a disease-oriented exercise program 
were compared using the chi-square test. Correlations between 
the exercise performance rate and outcomes were analyzed us-
ing the Pearson correlation analysis.

RESULTS

Baseline characteristics
The baseline characteristics of the MDMECA and control 
groups are listed in Table 2. Age, history of spinal surgery, low-
er back-pain score, daily sitting time, and daily home exercise 
duration did not show group differences. A significant differ-
ence in sex composition was found between the groups (p< 
0.01). SF-36 scores were higher in the control group (p<0.01). 
The SF-36 scores for emotional well-being, social functioning, 
pain, and general health were higher in the control group.

Quality of life
After the 14-day regimen, the mean SF-36 score significantly 
increased in the MDMECA group (9.10±10.96, p<0.01), but 
showed no significant increase in the control group (1.09± 
10.14, p=0.37). The change in SF-36 score from before to after 
workout (ΔSF-36) showed a significant difference between the 
groups (p<0.01). In sub-item analysis, increases in pre- and 
post-workout scores for energy/fatigue, emotional well-being, 
social functioning, pain, and general health were higher in the 
MDMECA group (Table 3).

Lower back pain
The mean lower back pain score decreased after the workouts 
in both groups. The mean difference in lower back pain score 
between pre- and post-workout (ΔVAS) was greater in the MD-
MECA group (-0.96±1.82, p<0.01) than in the control group 
(-0.26±0.71, p<0.01; p<0.01 between the groups) (Table 3). 

Treatment satisfaction
The survey results for treatment satisfaction are listed in Table 4. 
The score for the treatment satisfaction visual analogue scale  

Table 2. Basic Characteristics of the Participants

MDMECA (n=104) Control (n=72) p value
Age (yr) 36.67±8.03 38.28±7.04 0.17
Sex <0.01*

Male 41 (39.4) 51 (70.8)
Female 63 (60.6) 21 (29.2)

History of spinal surgery >0.99
Underwent spinal surgery 1 (1.0) 0 (0.0)
None 103 (99.0) 72 (100.0)

Low back pain, VAS 4.27±2.11 3.65±2.04 0.06
Daily sitting time (hr/day) 8.88±1.96 8.76±1.78 0.70
Daily home exercise duration before workout, min (%) 0.51

0 36 (34.6) 27 (37.5)
0–30 47 (45.2) 34 (47.2)
30–60 18 (17.3) 11 (15.3)
>60 3 (2.9) 0 (0.0)

Exercise days out of 14 (day) 14.00±0.00 6.76±3.91 <0.01*
Daily exercise achievement rate (%) 100.00±0.00 66.94±26.52 <0.01*
SF-36 65.94±14.36 72.96±12.00 <0.01*

Physical functioning 87.64±13.49 88.40±13.05 0.71
Role limitations due to physical health 87.02±24.13 93.75±14.38 0.02*
Role limitations due to emotional problems 84.29±34.14 85.65±27.88 0.74
Energy/fatigue 41.73±23.95 47.50±16.80 0.06
Emotional well being 54.50±24.19 64.33±16.39 <0.01*
Social functioning 56.37±17.15 59.97±20.84 <0.01*
Pain 63.53±28.04 74.65±20.55 <0.01*
General health 52.45±12.64 59.44±15.73 <0.01*

Control, exercised based on a coaching video on a YouTube channel; MDMECA, motion-detecting mobile exercise coaching application; VAS, visual analogue 
scale; SF-36, Medical Outcomes Study Short Form 36-Item Health Survey.
Data are presented as mean±standard deviation or n (%).
*p<0.05.
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(TS-VAS) was higher in the MDMECA group [4.23 (0.66)] than 
in the control group [3.67 (0.69); p<0.01]. The mean score for 
intention to use a disease-oriented exercise program was 
higher in the MDMECA group [4.57 (0.60)] than in the control 
group [3.83 (0.69); p<0.01]. The mean score for intention to rec-
ommend the exercise program to others was also higher in the 
MDMECA group [4.49 (0.64)] than in the control group [3.47 
(0.86); p<0.01]. The proportion of participants who were willing 
to pay for a disease-oriented exercise program seemed to be 
higher in the MDMECA group (73.1%) than in the control group 
(62.5%); however, the difference was not statistically signifi-
cant. The surveyed available expenses for a disease-oriented 
exercise program did not differ between the groups (p=0.59).

Relationship between exercise performance rate and 
outcomes
Only two of the 85 participants (2.4%) in the control group 
showed a 100% performance rate, but 104 of the 196 partici-
pants (53.1%) in the MDMECA group completed 14 days of ex-
ercise. Assuming that people with follow-up loss in each group 

did not exercise at all, the exercise performance rate was clearly 
higher in the MDMECA group [MDMECA, 53.1% (53.0); con-
trol, 31.0% (26.8); p<0.01]. Among all participants from both 
groups who responded to the post-workout survey, exercise 
performance rate was negatively correlated with ΔVAS score 
(r=-0.35, p<0.01) and positively correlated with ΔSF-36 score 
(r=0.38, p<0.01).

In the control group, the relationship between exercise per-
formance rate and outcomes could be confirmed. Pearson cor-
relation analysis revealed a significant correlation between ex-
ercise performance rate and ΔVAS score (r=-0.33, p<0.01), while 
there was no significant correlation between exercise perfor-
mance rate and ΔSF-36 score (r=0.14, p=0.23). However, in the 
sub-item analysis of SF-36, score gaps for energy/fatigue (r= 
0.25, p=0.04) and general health (r=0.24, p=0.047) were statisti-
cally correlated with exercise performance rate. Further, the 
exercise performance rate showed positive correlations with 
treatment satisfaction (r=0.48, p<0.01), intention to use a dis-
ease-oriented program (r=0.39, p<0.01), and intention to rec-
ommend the program to others (r=0.43, p<0.01).

Table 4. Treatment Satisfaction

Variables MDMECA (n=104) Control (n=72) p value
TS-VAS, score (SD) 4.23 (0.66) 3.67 (0.69) <0.01*
Intention to use disease-oriented exercise programs, score (SD) 4.57 (0.60) 3.83 (0.69) <0.01*
Intention to recommend to others, score (SD) 4.49 (0.64) 3.47 (0.86) <0.01*
Available expense for a disease-oriented exercise program, USD, No. (%) 0.59

None    29 (27.9)    27 (37.5)
<5.0    47 (45.2)    28 (38.9)
5.0–10.0    22 (21.2)    14 (19.4) 
10.0–20.0    6 (5.8)    3 (4.2)
>20.0    0 (0.0)    0 (0.0)

Control, exercised based on a coaching video on a YouTube channel; MDMECA, motion-detecting mobile exercise coaching application; TS-VAS, treatment sat-
isfaction visual analogue scale.
*p<0.05.

Table 3. Outcomes after the Use of the MDMECA

Variables
MDMECA (n=104) Control (n=72)

Group 
difference

Pre Post ΔPost-Pre
p 

value
Pre Post ΔPost-Pre

p 
value

p value

SF-36, score 65.94±14.36 75.04±14.58   9.10±10.96 <0.01* 72.96±12.01 74.05±14.00  1.09±10.14 0.37 <0.01*
Physical functioning 87.64±13.49 88.41±14.38   0.77±11.14 0.48 88.40±13.05 89.93±12.00  1.53±10.77 0.23 0.65
Role limitations due to physical health 87.02±24.13 88.46±22.82   1.44±23.83 0.54 93.75±14.38 89.58±21.70 -4.17±20.98 0.10 0.11
Role limitations due to emotional problems 84.29±31.14 88.14±27.84   3.85±27.20 0.15 85.65±27.88 85.65±30.55 0.001±32.14 1.00 0.39
Energy/fatigue 41.73±23.95 55.96±18.98 14.23±18.73 <0.01* 47.50±16.80 52.99±16.52   5.49±13.69 <0.01 <0.01*
Emotional wellbeing 54.50±24.19 66.85±18.98 12.35±17.36 <0.01* 64.33±16.39 64.44±16.16   0.11±12.74 0.94 <0.01*
Social functioning 56.37±17.15 72.12±20.18 15.75±24.51 <0.01* 69.97±20.84 71.53±21.00   1.56±17.79 0.46 <0.01*
Pain 63.53±28.04 77.12±21.08 13.58±26.80 <0.01* 74.65±20.55 75.59±19.44   0.94±18.19 0.66 <0.01*
General health 52.45±12.63 63.27±19.29 10.82±15.23 <0.01* 59.44±15.73 62.71±17.80    3.26±13.64 0.05 <0.01*

Low back pain, VAS 4.27±2.11 3.31±2.35 -0.96±1.82 <0.01* 3.65±2.04 3.39±2.02 -0.26±0.71 <0.01 <0.01*
Control, exercised based on a coaching video on a YouTube channel; MDMECA, motion-detecting mobile exercise coaching application; VAS, visual analogue 
scale; SF-36, Medical Outcomes Study Short Form 36-Item Health Survey.
Data are presented as mean±standard deviation.
*p<0.05.
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DISCUSSION

Medical benefits of MDMECA
The MDMECA was more effective than video streaming-based 
exercise in relieving lower back pain and improving QoL. Al-
though whether the exercise performance rate and ΔVAS or 
ΔSF-36 scores are related could not be confirmed within the 
MDMECA group, we found that the higher the exercise perfor-
mance rate, the greater the reduction in lower back pain and 
the better the QoL in all of the participants from both groups 
who responded to the post-workout survey. The greater reduc-
tion in lower back pain scores and improvement in the MD-
MECA group may have resulted from a higher exercise perfor-
mance rate, in addition to the machine-learning-based motion-
detecting technique and feedback on making correct posture 
and motion. Furthermore, the higher exercise performance rate 
in the MDMECA group may have resulted from the individual-
ized feedback system.

Social and economic meaning of exercise 
encouragement
The scores for TS-VAS, intention to use a disease-oriented ex-
ercise program, and intention to recommend the program to 
others were higher in the MDMECA group than in the control 
group. This suggests that MDMECA holds the potential to spur 
an influx of new users or the use of new programs by existing 
users than video streaming services. However, the available ex-
penses for a disease-oriented exercise program were surveyed 
and showed no significant difference between the two groups. 
However, this may be due to the cost ranges being too wide or an 
insufficient number of users for cost estimation. This suggests 
that service providers may have to consider options other than 
direct app-based service sales to generate revenue and to attain 
price competitiveness over other mobile exercise services.

Characteristics of the participants who applied to use 
the MDMECA
The pre-workout baseline SF-36 scores of the participants in 
both groups showed relatively higher scores for the following 
sub-items than other sub-items: physical functioning, role limi-
tations due to physical health, and role limitations due to emo-
tional problems. This implies that those who applied to use the 
digital exercise service were characterized by little difficulties 
in physical or emotional functioning in daily life and social re-
lationships. On the other hand, the participants in both groups 
showed relatively lower scores for the following sub-items: en-
ergy/fatigue, emotional well-being, social functioning, pain, 
and general health. These scores were lower in the MDMECA 
group. After workout, the subscores improved in both groups. 
This may be simply the result of service use, but it may also be an 
indicator that the users attained their goal of service use. However, 
because the purpose of using the service has not been investigat-
ed in advance, the actual goal of the users could not be evaluated.

Advantages of motion-detecting technology
The strength of the MDMECA lies on the use of motion-detect-
ing technology based on machine learning. This enables the 
ability to provide individualized, real-time feedback to users by 
audio and visual cues. Machine learning-based motion-detect-
ing technology is thought to cover both the limitations of one-
to-one matching from the perspective of service providers, 
which increases the price of service production, and the lack of 
individualized feedback in video streaming services from the 
perspective of service users. Users can perform the exercise at 
a convenient time of the day without being constrained by an 
appointed time and place. Although this technology cannot 
completely replace in-person feedback, by providing custom-
ized feedback through motion detection, the service provider 
can reduce labor costs. Therefore, the service can be used at a 
relatively low cost.

Similar to other home-based exercise apps, the MDMECA 
has the advantage in that it allows the performance of exercises 
in a personal space. When public fitness facilities become un-
available, the use of this app can be more efficient, especially 
for those who need feedback and encouragement during exer-
cise. This app is distinct in that it enables individual feedback 
during exercise and has an alarm function to increase exercise 
adherence.

Limitations
This study has a limitation in that the number of participants 
in the MDMECA group and the control group did not match 
1:1. In the MDMECA group, since the post-workout surveyed 
data were collected from the participants who completed the 
14-day exercise program, the relationship between exercise 
performance rate and other outcomes could not be analyzed. 
The surveyed available cost ranges for the MDMECA services 
may be too wide to estimate the exact cost. In addition, the sur-
vey lacked an analysis of whether the aim of the service user 
and the actual gait matched.

In conclusion, the MDMECA is more effective than video 
streaming-based exercise in increasing exercise adherence, 
improving QoL, and reducing lower back pain.

SUPPLEMENTARY DATA

Video 1. Exercise sample using a Machine learning-based 
Motion-detecting mobile exercise coaching application (MD-
MECA) and visual and audio feedback in real time.
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