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Promoting Adherence to Joint Exercise Using
the Donation Model: Proof via a Motion-Detecting
Mobile Exercise Coaching Application

Jinyoung Park, Myungsang Kim, and Jung Hyun Park

Department of Rehabilitation Medicine, Gangnam Severance Hospital, Yonsei University College of Medicine, Seoul, Korea.

Purpose: Maintaining or increasing user adherence to digital healthcare services is of great concern to service providers. This
study aims to verify whether the donation model is an effective strategy to increase adherence to physical exercise using a mobile
application.

Materials and Methods: A total of 5618 users of a motion-detecting mobile exercise coaching application participated in a dona-
tion or self-reward exercise challenge with the same exercise protocol. The workout consisted of 50 squats daily for 14 days. The
user’s exercise was monitored through a smartphone camera, providing real-time visual and audio feedback. In the donation
group, 6 USD was donated to the economically disadvantaged if a participant completed their workout each day. In the self-reward
group, three people who completed the program and 20 people who completed =12 days of exercise were randomly selected and
provided with goods worth 60 USD and 4.3 USD of online currency, respectively.

Results: The average daily exercise completion rate (% of participants who completed daily exercise) in the donation group was
1.8 times higher than that of the self-reward group (donation, 41.7%; self-reward, 22.7%; p<0.0001). The donation group completed
more days of the program (donation, 5.8; self-reward, 3.2; p<0.0001). The completion rate of both groups decreased with time and
decreased most on day two (donation, -9.9%; self-reward, -14.5%).

Conclusion: The donation model effectively promoted adherence to mobile app-based exercise. This donation model is expected
to effectively enhance user adherence to digital healthcare services.
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INTRODUCTION es."” The basis of digital healthcare services related to physical

exercise is the recording of a user’s movements. Bluetooth-
The development of smartphones and communication tech- based wearable devices using global positioning system and
nology has resulted in an evolution in the public’s interest in related applications (apps) have improved greatly over the past
digital healthcare. As such, both the healthcare market and decade and can now automatically record movement-related
medical academies are focusing increasingly on digital servic- data, including step counts, speed, distances, or altitudes.*”

However, these developments are mainly focused on aerobic
exercise. Meanwhile, the monitoring of joint motion durin,
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motion through a smartphone camera without body-attach-
able markers has become possible with the help of artificial in-
telligence.”"® Now, a machine learning-based motion-detect-
ing mobile exercise coaching application (MDMECA) makes it
possible to provide real-time feedback to users based on sever-
al algorithms and has been found to increase exercise adher-
ence more than watching a one-way exercise guide-video.*

However, the age-old problem of digital healthcare apps ‘not
being maintained continuously’ remains. Marketers have been
using strategies of setting alarms or providing rewards for long-
term use to increase the adherence on apps. Nevertheless, get-
ting people to exercise consistently with simple rewards remains
difficult. Therefore, this study was designed to find a way to im-
prove user adherence to mobile app-based home exercises by
comparing two different settings. One involved the user re-
ceiving the rewards for exercise themselves and the other in-
volved donations to the socioeconomically disadvantaged. The
objective amount of exercise could be monitored in real-time
through an MDMECA without concerns of bias caused by user
reports.

MATERIALS AND METHODS

Study design

This study was designed as a physician-initiated retrospective
case-control study conducted using an exercise dataset from a
MDMECA, LikeFit app (WeHealed, Seoul, Korea), between
December 2019 and April 2021. Researchers in the depart-
ment of rehabilitation medicine at a tertiary hospital analyzed
the transferred data obtained through the MDMECA. The
transferred data was blinded, and only age and sex were in-
cluded as demographic data. The study protocol was approved
by the relevant Institutional Review Board (IRB: 3-2021-0213)
and complied with the principles of the World Medical Associ-
ation Declaration of Helsinki and Good Clinical Practice. The
IRB confirmed that written informed consent was not required
because this study does not expose participant-identifiable in-
formation, but the consent to transfer users’ data to third par-
ties was obtained from WeHealed prior to the start of the chal-
lenge. The researchers were not funded by WeHealed or from
any charitable organization recruited for the donation chal-
lenges. The charitable organizations were able to get tax relief
through donations.

Participants

Exercise data meeting the following conditions were screened
and transferred to the researchers: 1) healthy voluntary par-
ticipants participating in a single challenge, whether it was the
donation or self-reward challenge, 2) participants in the same
exercise protocol, and 3) the same challenge period. Conse-
quently, a total of eight challenges (donation, 7; self-reward, 1)
were screened, all of which comprised 14 days of squat exer-

https://doi.org/10.3349/ym|.2022.0141

YMJ

cises. A total of 78652 exercise records from 5618 users (dona-
tion, 2318; self-reward, 3300) were used during analysis. The
slogans for the seven donation challenges were 1) support for
food expenses for seniors living alone, 2) special meals for
nursery schools, 3) support for living expenses for families of
single mothers, 4) support for living expenses for low-income
families with grandchildren, 5) support for psychological coun-
seling and treatment expenses for abused children, 6) support
for COVID-19-related expenses in low-income households, and
7) support for living expenses for single mothers. The slogan for
the self-reward challenge was “make pretty lines””

Intervention

Each challenge consisted of a 14-day program with the same
daily exercise set, which consisted of two sets of squats (25
squats per set) with a 30-second rest interval.

Reward for exercise challenge: donation vs. self-reward
Among those participating in the donation challenge, only those
who completed each day of exercise could make a proxy dona-
tion of 7000 KRW (6 USD) to the socioeconomically disadvan-
taged through recruited charitable organizations.

In the self-reward group, three people who completed every
exercise and 20 who exercised for >12 days were randomly se-
lected and provided with goods worth 70000 KRW (60 USD)
and 5000 KRW (4.3 USD) in online currency, respectively.

MDMECA
MDMECAs utilize deep learning technology, namely the con-
volutional neural network using the Microsoft Common Ob-
jects in Context (COCO) keypoint detection task (Fig. 1). A built-
in smartphone camera was the only motion sensor utilized,
and no supporting health-related devices were used. To partici-
pate in the challenge, the users had to run the MDMECA and
enter the challenge banner on it. The users were then instructed
to stand in front of a simple background while wearing clothes
that clung to the body to facilitate accurate detection of move-
ment. Thereafter, they were instructed to place their smart-
phones at a distance of 1-2 meters in front of them so that the
front camera captured their whole body with no additional
people in the camera angle. The users then proceeded with
the exercises while following the prerecorded tutor’s exercise
guide-video playing on the smartphone screen. The user’s
motion was reflected on the screen and analyzed in real time
(Supplementary Video 1, only online). The movements of the
users were detected using the Microsoft COCO human key-
point set. A total of 14 keypoints were used in analyses: top of
the head, neck, bilateral shoulders, elbows, wrists, hips, knees,
and ankles. The following parameters were measured in real
time during the exercise: 1) distance between two keypoints,
2) joint angles, 3) movement velocity of each keypoint, and
4) angular velocity of the joint.

During the squat challenge, the real-time feedback was clas-
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Fig. 1. A machine learning-based motion-detecting mobile exercise coaching application (MDMECA).

sified and provided as follows, considering the angle and an-
gular velocity of the hip and knee joints, as well as the move-
ment velocity of the head, compared to movement of the tutor’s
keypoint provided as a guide video: 1) motion (there is no mo-
tion detected/please start exercising), 2) velocity (the move-
ment is too fast/stand up slowly/try to stand up faster/etc.), and
3) range of motion (sit more/bend your knees more/stand up-
right/etc.). The users could hear the real-time audio feedback
simultaneously watching the visual cues on the smartphone
screen (Supplementary Video 1, only online).

Exercise was encouraged in several ways. First, an encour-
aging push alarm was triggered in the late evening to prompt
users to exercise if they had not completed their daily workout.
Second, an encouraging audio message was played during the
workout so that users would not stop while exercising. Third, a
real-time message was displayed on-screen with a short mes-
sage, such as “missed,” “good,” or “great”

Outcomes

The exercise data of users who completed the daily workout
was coded as 1, and the others as 0. The exercise data is coded
as 0 regardless of whether the user ceases exercising while the
app is running or while it is stopped. Therefore, the 14 days of in-
dividual exercise data comprised 14 cells containing the num-
bersOor 1.

Statistical analyses

The demographic data included the average age and sex ratio
of the participants by group. The intergroup differences in the
daily exercise completion rate (% of participants who com-
pleted the daily workouts) and the total exercise completion
days were analyzed using an independent t-test of the coded
data. The linear mixed model was used to identify intergroup
differences in the degree of change in daily exercise comple-
tion rate over time. The daily exercise completion rates among
those participating in the seven donation challenges and the
self-reward challenge were compared through repeated mea-
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sures analysis of variance (ANOVA). SPSS version 23.0 soft-
ware (IBM Corp., Armonk, NY, USA) was used for analysis.
Two-sided p values<0.05 were considered statistically signifi-
cant. Confidence intervals of the difference between two inde-
pendent proportions were calculated.

RESULTS

Flow of participants

The basic characteristics of the donation and the self-reward
groups, and each subgroup in the donation group are listed in
Table 1, including the target number for recruitment, actual
recruited participants, days spent in recruitment, average re-
cruiting ratio, challenge duration, average age, and sex ratio.
The t-test revealed that the average age of the participants dif-
fered significantly between the groups {average (SD); dona-
tion, 36.2 (9.7); self-reward, 34.5 (10.1); mean difference (MD)
[95% confidence interval (CI)], 1.7 (1.17 to 2.23)}. The sex ratio
also differed between groups [donation, 1:7.3; self-reward,
1:10.9; MD (95% CI), 0.05 (0.03 to 0.06)].

Primary outcome

Daily exercise completion rate

The average daily exercise completion rate of the donation
group was 1.8 times higher than that of the self-reward group
[donation, 41.7%; self-reward, 22.7%; MD (95% CI), 19.1% (16.6
to 21.5)] (Table 2). This rate also differed significantly between
groups for each day of the program (Table 2 and Fig. 2A). The
completion rate of both groups decreased with time, and the
rate decreased the most on day two, compared to day one (do-
nation, -9.9%; self-reward, -14.5%) (Fig. 2A). The linear mixed
model revealed a statistically significant difference in the de-
gree of decrease in daily exercise completion rate over time be-
tween the two groups (p<0.001).

https://doi.org/10.3349/ymj.2022.0141
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Table 1. Basic Characteristics

YMJ

Daily

Subgroups Tar_get Ac?ual Days i recruitment Exer_clse Age(yr) MF
recruitment recruitment recruitment (day) period
Donation group 2320 2318 36.2(11-70) 1:7.3
1. Support for food expenses for seniors living alone 300 299 3 99.7  December, 2020 37.1(11-70) 1:7.8
2. Support for psychological counseling and treatment 300 300 2 150.0  January, 2021  38.0(13-70) 1:7.5
expenses for abused children
3. Support for living expenses for single mother families 500 499 6 832  May, 2021 375(9-70) 1:6.6
4. Support for living expenses for low-income families 300 300 5 60.0  June, 2020 329(13-52) 1:7.8
with grandchildren
5. Support for special meals at nursery schools 320 320 6 53.3  March, 2020 349(14-50) 1:4.8
6. Support for low-incomes with COVID-19 300 300 3 100.0 March, 2020 33.8(13-64) 1:9.3
7. Support for living expenses for single mothers 300 300 2 150.0  September, 2020 36.7 (13-64) 1:9.0
Self-reward group
Make pretty lines 3300 3300 15 2200 August, 2020 345(11-70) 1:10.9

M, male; F, female; COVID-19, coronavirus disease 2019.
Data are presented as n or mean (range).

Table 2. Intergroup Differences in Daily Exercise Completion Rates

Donation group (n=2318)

Self-reward group (n=3300)

Intergroup difference

Exercise  No. of participants who . . No. of participants who . . . . .
day completed daily Daily _exermse completed daily Daily _exerclse A Daily exercise completion
. completion rate (%) . completion rate (%) rate (%) (95% CI)
exercise (n) exercise (n)

Day 1 1408 60.7 1503 455 15.2(12.6 10 17.8)
Day 2 1177 50.8 1022 31.0 19.8(17.2 t0 22.4)
Day 3 1120 48.3 897 272 21.1(1861023.7)
Day 4 1069 46.1 862 26.1 20.0(17.5t0 22.5)
Day 5 1037 44.7 789 239 20.8(18.3t023.3)
Day 6 990 427 739 224 20.3(17.81t022.8)
Day 7 936 404 694 210 19.3(16.9t0 21.8)
Day 8 886 38.2 644 19.5 18.7(16.3t0 21.1)
Day 9 828 357 589 17.8 17.9(15.51020.2)
Day 10 836 36.1 579 17.5 18.5(16.2 t0 20.9)
Day 11 874 37.7 579 175 20.2(17.8t022.5)
Day 12 847 36.5 557 16.9 19.7 (17.3 t0 22.0)
Day 13 783 338 530 16.1 17.7(15.4t0 20.0)
Day 14 755 326 486 14.7 17.8(15.6 t0 20.1)
Average 967.6 4.7 7479 227 19.1(16.6 t0 21.5)

Cl, confidence interval.

Daily exercise completion rate=No. of participants who completed daily exercise/No. of total participants for each group.

Secondary outcomes

Exercise completion days

The donation group completed more days of exercise on aver-
age [mean (SD), donation, 5.8 (5.3); self-reward, 3.2 (4.3); MD
(95% CI), 2.6 (2.4 to 2.9)] (Fig. 2B). The total number of partic-
ipants who completed the workout on all 14 days was 286
(12.3%) in the donation group and 114 (3.5%) in the self-re-
ward group. The proportion of those who did not exercise for
even a day among the participants was 1.9 times higher in the
self-reward group (41.8%) than in the donation group (22.0%).

https://doi.org/10.3349/ym|.2022.0141

In the self-reward group, we confirmed that more than half of
the participants exercised less than 3 days (64.4%) (Table 3 and
Fig. 3).

Subgroup analysis according to the challenge slogan

Subgroup analyses using repeated-measure ANOVA conduct-
ed based on the challenge slogan revealed that all subgroups
in the donation challenge had significantly higher daily exer-
cise completion rates than all subgroups in the self-reward
group (all subgroups, p<0.001) (Fig. 4A). The average exercise
completion rate ranged from 35.5%-51.0% in each subgroup

1053



YMJ

70

Daily exercise completion rate (%)

—a— [onation group
0 ++0++ Self-reward group
T T T T T

Adherence to Exercise Using Donation Model

T T 1
12 3 4 5 6 7 8 9 10 11 12 13 14

A Exercise day

50
41.7%

40
g
s
S 304
3
g
= 22.7%
S
B 5.8
g 20 days
Z
- 32

10 days

\ 0
Donation group Self-reward group

Fig. 2. Intergroup differences in the daily exercise completion rate and the average number of exercise completion days. The exercise completion
rate (A) in the donation group was higher than that of the self-reward group for each exercise day. The average number of exercise completion days
(B) was also 1.8 times higher in the donation group than in the self-reward group.

Table 3. Participants according to Total Exercise Days in Each Group

Total Donation group Self-reward group
exercise days (n=2318) (n=3300)
Day 14 286(12.3) 114 (3.5)
Day 13 157 (6.8) 101 (3.1)
Day 12 108(4.7) 102 (3.1)
Day 11 108 (4.7) 79(2.4)
Day 10 93(4.0) 65(2.0)
Day9 73(3.1) 61(1.8)
Day 8 73(3.1) 74(2.2)
Day 7 62(2.7) 80(2.4)
Day 6 81(3.5) 91(2.8)
Day 5 105 (4.5) 101 (3.1)
Day 4 109 (4.7) 161(4.9)
Day 3 112 (4.8) 146 (4.4)
Day 2 187 (8.1) 237(7.2)
Day 1 255(11.0) 510(15.5)
Day 0 509 (22.0) 1378 (41.8)

Data are presented as n (%).

in the donation challenge (Fig. 4B) and was highest in sub-
group #1, with which the slogan was “support for food ex-
penses for seniors living alone”

DISCUSSION

One strength of this study is that we elucidated the effects of
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Fig. 3. Individual exercise completion days in two groups. The total num-
ber of participants who completed the workout on all 14 days was 286
(12.3%) in the donation group and 114 (3.5%) in the self-reward group.
The proportion of those who did not exercise for even a day among the
participants was 1.9 times higher in the self-reward group (41.8%) than in
the donation group (22.0%). In the self-reward group, we confirmed that
more than half of the participants exercised less than 3 days (64.4%).

marketing strategies to promote exercise through a machine
learning-based digital healthcare app and demonstrate the
applicability of the donation model in facilitating an increase
in exercise adherence in the mobile healthcare market. The
fact that the average daily exercise completion rate was higher
in the donation group for each challenge day indicated that the

https://doi.org/10.3349/ymj.2022.0141
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Fig. 4. Subgroup analysis of exercise completion rates. In subgroup analyses conducted according to the challenge slogan, all subgroups participat-
ing in the donation challenge showed significantly higher daily exercise completion rates than those in the self-reward group (A). The average exer-
cise completion rates according to the challenge slogan are visualized in ascending order (B).

donation model would be more effective in maintaining the
exercise adherence than the self-reward model. In addition,
the fact that the proportion of those who did not exercise for
even a day was lower in the donation group suggested that the
donation model can also motivate the initiation of exercise.
Hospital-based supervised exercise can accurately evaluate
adherence to exercise and provide feedback; however, not all
patients need to exercise at a hospital.">*® People with low in-
trinsic motivation often pay for a gym-based supervised activity
to initiate or continue physical exercise. However, some people
want to exercise alone or cannot afford the high costs for per-
sonal coaching.'® A randomized trial revealed that home-based
exercise with telephone support is more cost-effective than
gym-based exercise.’* However, visual or tactile feedback on
movement is still difficult simply through tele-monitoring. In

https://doi.org/10.3349/ymj}.2022.0141

this context, MDMECAs are expected to address the needs of
these users to some extent.

In the healthcare market, financial incentive has already been
proven to effectively increase user activity levels.”* However,
studies on the long-term effectiveness of financial incentives are
lacking.*** This is mainly due to the economic burden placed
on the service providers, and small financial incentives for
physical activities that are sustainable for 12 months have been
presented as a substitute.”” The effectiveness of the donation
model over the financial incentive model was also studied pro-
spectively in some previous studies.?** However, the main
outcome of these studies was the number of visits to the insti-
tution rather than exact exercise amount. In another previous
study comparing the financial incentive and charity models
while tracking the amount of activity using a wearable device,
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the charity model more effectively increased the level of phys-
ical activity.?* In addition, the high cash self-reward model was
far more effective in maintaining the activity level and usage
rate of a digital tracker than the charity model during a 6-month
incentive period. However, interestingly, activity levels in the
cash incentive group dramatically decreased after the incen-
tive period ended. Meanwhile, regarding these incentive exer-
cise models, an argument has been raised that the financial
incentive itself may undermine the basic value of physical ac-
tivity. Indeed, such financial incentive models are difficult to
apply in the clinical field since long-term funding is limited.
On the other hand, applying the charity model consistently in
the healthcare market may be easier because a social system
allowing participating companies to receive tax benefits from
providing financial resources is already in place.”

The parameters of the activities detected through mobile
healthcare apps have primarily focused on aerobic exercise to
date. Although the tracking of a user’s posture has become par-
tially possible through a smartwatch, checking the precise
movements of the extremities remains difficult.*** The advent
of MDMECASs heralded a new era in terms of quantifying joint
movements. Real-time feedback can be provided through sev-
eral algorithms based on the detected joint motion and may
help participants to keep exercising. According to a 10-year re-
view of smartphone-based intervention between 2008 and
2018, researchers had to rely on subjective records through
surveys or interviews for data that cannot be obtained with
preexisting apps.”® Therefore, it was difficult to conduct large-
scale studies due to the low response rate of participants, so
much so that the largest sample size to date was about 800.2°%
However, conducting a large-scale study on the physical activi-
ties dealing with joint motion-related parameters is now pos-
sible through this MDMECA, even retrospectively, because it
utilizes the accumulated objective exercise performance data
of users through convolutional neural network technology.

This study has several limitations. Due to limitations of a ret-
rospective study, we could not assess the amount of exercise
that people who did not use the app might have done in a dif-
ferent way. The short challenge period made it difficult to veri-
fy whether the donation model effectively contributed to the
formation of exercise habits. In addition, due to the limitations
of a retrospective study that uses transferred institutional data,
equalizing the size of rewards of the self-reward and the dona-
tion group was not possible. The amount of reward had to be
planned within the budget of app developers and charitable or-
ganizations considering the expected number of participants. It
can be easily expected that the adherence of each group may
vary depending on the level of reward. However, this kind of
study has a limitation in that results may be biased if partici-
pants know the purpose of study before participating in the
challenge. Rather, if the outcomes of the challenge programs
for various budgets and participant sizes accumulate, a more
sophisticated retrospective analysis on the appropriate reward
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level will be possible in the future. The two groups of challeng-
es were not conducted with the same number of participants
or during the same period, which was an additional limitation.
Limitations in newly developed digital healthcare models have
always existed in that they promote or increase digital inequi-
ty.>? However, if the donation model is applied, a virtuous cy-
cle can be created that may make up for these fundamental
limitations.

The COVID-19 pandemic has accelerated the amount of
home-based physical activity and the use of digital devices.
Digital healthcare apps increasingly allow the real-time moni-
toring of various parameters during physical activity, and de-
veloping a marketing strategy that maintains or increases the
usage rate of users is necessary. The donation model may be an
effective marketing strategy with which to enhance user ad-
herence to digital healthcare app-based physical activity while
improving overall health in a modern society.

SUPPLEMENTARY DATA

Video 1. Motion-detecting mobile exercise coaching applica-
tion. The user is instructed to wear tight-fitting clothes and
stand in front of a simple background. The guidance video for
squats is shown before the workout starts. The user then stands
with their lateral side facing the screen and ensures that their
whole body is on the smartphone screen. Then, 14 human key
points are immediately detected and traced. A real-time feed-
back message is prompted via audio and video using real-time
monitoring. For example, when the user makes an exact exer-
cise motion that suits the expected range of motion and speed,
both visual and audio applause is provided in real-time. When
the user squats slower or faster than the guide video, a visual
alarm signals a “miss,” and audio feedback prompts the user to
“exercise at the same speed as in the guide video” When the
user leaves the screen, an audio alarm warns users not to go off-
screen.
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