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Abstract

The rapid advancement of digital technology and
growing interest in well-being have fueled the mobile
health (mHealth) market. mHealth apps aim to support
positive behavioral changes and maintain high user
motivation through various health-related activities.
This study examines the impact of a gain-loss incentive
structure within mHealth apps, where users make
a monetary deposit that could result in rewards,
penalties, or neither, based on performance. Using
data from a leading mHealth app platform in South
Korea, we explore how gain and loss incentives
affect users’ subsequent performance. Our findings
show that gains enhance performance, while losses
diminish it. Unlike previous studies, we reveal
that users who experience losses exhibit risk-averse
behavior by lowering their deposit amounts rather
than improving performance. These insights improve
our understanding of financial incentives in mHealth
and highlight potential drawbacks, offering valuable
guidance for mHealth app platforms implementing such
systems.

Keywords: mHealth applications, gain-loss incentive,
goal achievement, extrinsic motivation, loss aversion

1. Introduction

The advancement of digital technology and a
growing interest in well-being have paved the way for
people to easily manage their health through mobile
applications. According to Statista (2024), the market
value of global mobile health (mHealth) was over $330
billion in 2022 and is expected to exceed approximately
$650 billion by 2025. The primary purpose of these
apps is to promote positive behavioral changes in users.

mHealth apps provide various motivational features
such as gamification, push notifications, and financial
incentives to ensure users’ sustained engagement and
effective health management (Thomsen et al., 2020;
Adjerid et al., 2022; Xu et al., 2022). Specifically,
this study aims to extend the understanding of financial
incentives in mHealth apps.

Previous research has shown that positive stimuli
(i.e., rewards) can enhance users’ motivation to achieve
wellness goals (Charness and Gneezy, 2009; Gneezy
et al., 2011; Just and Price, 2013; Acland and Levy,
2015). These are known as gain-only incentives. In
contrast, some studies have examined the effects of
negative stimuli, where penalties are imposed for failing
to meet health goals (Giné et al., 2010; Royer et al.,
2015; Burns and Rothman, 2018; de Buisonjé et al.,
2022). These are referred to as loss-only incentives,
which motivate individuals by introducing the risk of
losing money. Building on these concepts, a new
incentive structure that combines both positive and
negative stimuli has emerged. This gain-loss incentive
system rewards individuals for achieving their goals
and penalizes them for failing to meet those goals. In
particular, research by Adjerid et al. (2022) suggests that
gain-loss incentives are more effective than gain-only
incentives in enhancing performance. Accordingly,
many commercial mHealth apps, such as Waybetter,
StickK, and Challengers, have adopted this structure as
their main incentive policy.

Despite the growing interest in the gain-loss systems,
our understanding of how these incentive systems
impact user behavior is still limited. Previous research
has focused on the effects of gain incentives and
loss penalties separately (Charness and Gneezy, 2009;
Gneezy et al., 2011; John et al., 2011; Mitchell
et al., 2013; Acland and Levy, 2015; Giné et al.,
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2010; Royer et al., 2015; de Buisonjé et al., 2022).
However, the combined effects in a gain-loss system
might differ from those observed when these incentives
are studied in isolation. For instance, the impact
of a gain incentive in a gain-only incentive system
(without the risk of loss) could differ from its impact
in a gain-loss incentive system (where there is a
risk of loss). Adjerid et al. (2022) found that
gain-loss incentives yield better results on average
than gain-only incentives, both in the short and long
term. Nevertheless, their research primarily focuses
on the overall intervention effect of gain-loss incentive
systems, leaving the detailed mechanisms unknown. To
effectively utilize gain-loss incentive systems as digital
nudges for health-improving activities, it is crucial to
understand how users behave in subsequent activities
after experiencing different incentive outcomes. These
effects cannot be fully analyzed within traditional
gain-only or loss-only incentive systems, nor by
examining the overall intervention effect on a specific
activity. Therefore, this study aims to fill this knowledge
gap by exploring how the outcomes of incentives (i.e.,
gains or losses) influence the performance of subsequent
activities within the gain-loss incentive system.

We conducted a quasi-experiment using a four-year
panel dataset retrieved from a leading mHealth app
in South Korea. The mobile app provides users
with a platform to register and perform voluntary
health-related activities. Examples of such activities
include routine goals for health improvement, such as
doing 10 push-ups a day, daily running for 30 minutes,
or going to the gym every day, with a simple way
for users to report whether they have met their goals
each day. Activities have set durations, such as two
weeks or 10 days, and at the end of this period, the
user receives a gain incentive, a loss penalty, or neither,
depending on the performance of the activity. The
dataset includes 24,449,730 daily activity submissions
reported by 245,936 users participating in 71,237
different activities. It also includes the amount of money
users deposited, their performance, and their incentive
outcomes (whether and how much they received in
rewards or penalties, or neither). Additionally, it
includes demographic details of the users such as age
and gender.

This study aims to analyze how different gain
and loss outcomes in a gain-loss incentive system
influence users’ subsequent behaviors. To evaluate
these behaviors, we used the achievement rate (average
daily success rate) of the subsequent activity in which
the user participates. To assess the short-term and
long-term effects, we examined the achievement rates of
the immediate next activity and the next five activities,

respectively. To measure the impact of gains and losses
on users’ performance, we used the first gain reward
and loss penalty a user received on the platform as
the treatment. Since the timing of the first reward
and penalty is different for each user, we employed a
staggered difference-in-differences (DID) approach and
used the propensity score matching (PSM) technique to
ensure comparability between the treatment and control
groups.

Our findings show that receiving rewards leads
to the improved performance in subsequent activities,
resulting in higher achievement rates for users.
Surprisingly, we found that penalties negatively
influence future performance. In addition, we observed
changes in the amount users chose to deposit after
experiencing either rewards or penalties. After receiving
rewards, users increased their deposits, indicating a
positive reaction to gains. Conversely, after facing
penalties, users reduced their deposit amounts. These
results suggest that users exhibit a risk-averse behavior,
not by striving for improved performance, but by
reducing deposit amounts to reduce potential future
losses. We also confirmed these findings through several
robustness checks.

Our research makes a significant contribution to the
related literature on financial incentive structures used
to motivate health-related behaviors (Giné et al., 2010;
Gneezy et al., 2011; Royer et al., 2015; Adjerid et al.,
2022). While the gain-loss system is more effective than
the gain-only incentive system (Adjerid et al., 2022),
our study reveals that the gain-loss incentive structure
can negatively impact individuals’ subsequent activities
when they face penalties. Our findings suggest that
individuals who encounter penalties tend to perform
worse in subsequent activities and demonstrate loss
aversion not by improving their performance but by
decreasing the amount they deposit. Second, our
paper adds to the existing literature on mobile health
(mHealth) apps (Laing et al., 2014; Amagai et al., 2022;
Kwon et al., 2023). Previous research has provided
a rich understanding of how various motivational
strategies, such as feedback and push notifications,
influence user engagement (Thomsen et al., 2020;
Nuijten et al., 2022; Kwon et al., 2023). Nevertheless,
there remains a notable gap in the literature concerning
monetary incentives within mHealth apps. Our findings
reveal that the gain-loss incentive structure can have
both positive and negative effects on subsequent
activities, depending on the incentive outcome users
face, providing a rich understanding of extrinsic
motivation.

Our study provides the mHealth industry with
practical insights, especially regarding the management
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of users’ extrinsic motivation within mHealth platforms.
Our findings indicate that mHealth platform managers
need to pay special attention to those who have faced
penalties and explore alternative methods to enhance
their motivation. For instance, an alternative approach
could be to offer these users an opt-in option for the
gain-only incentive, providing them with an opportunity
to recover their losses. We believe that this approach
could help mitigate the negative effects associated with
the gain-loss incentives.

2. Conceptual Background: mHealth
Apps and Financial Incentives

2.1. Mobile Health (mHealth) Apps

The growing interest in health has boosted the
growth of the mobile health (mHealth) industry, with
downloads of leading fitness apps worldwide increasing
more than 400% from 2.76 million in January 2017 to
14 million in January 2024. These apps aim to promote
positive behavioral changes among users by employing
various motivational tools designed to maintain high
levels of motivation throughout the app usage (Lee et
al., 2018; Laing et al., 2014; Conroy et al., 2014).
Previous research has examined how mHealth apps
support users in achieving health-related goals such
as smoking cessation (Abroms et al., 2011), diabetes
management (Breland et al., 2013), and weight loss
(Carter et al., 2013; Rabbi et al., 2015; Kwon et al.,
2023). For example, a study by Turner-McGrievy et
al. (2013) demonstrated that individuals who used
fitness apps experienced a significant reduction in BMI
within six months compared to non-users. Additionally,
Kwon et al. (2023) found that consistent app usage
coupled with offline channel management increases the
likelihood of successful long-term weight management.

A significant body of research has also focused
on the motivational features within mHealth apps,
exploring attributes including gamification (Xu et al.,
2022), self-regulation (Laing et al., 2014; Kwon et
al., 2023), performance feedback (Rabbi et al., 2015),
push notifications (Thomsen et al., 2020), goal-setting
(Nuijten et al., 2022), and monetary incentives (Lesser et
al., 2018; Adjerid et al., 2022; de Buisonjé et al., 2022),
which is the main focus of this study. Specifically,
previous studies on monetary incentives in mHealth
apps have examined the effectiveness of deposit contract
structures, where individuals risk losing money based on
their performance. For example, Lesser et al. (2018)
suggest that voluntary use of deposit contracts can be
an effective tool to assist in weight loss. Meanwhile, de
Buisonjé et al. (2022) found no performance difference

between deposit contracts and non-deposit contracts
(gain-only). However, Adjerid et al. (2022) found that
deposit contracts are more effective than non-deposit
contracts in increasing performance, especially when
participants were mandatorily enrolled in the incentive
policy.

The primary purpose of mHealth apps is to
motivate users and support them in achieving sustained
positive behavioral changes. However, previous studies
have paid little attention to how users change their
behavior depending on the incentive outcomes within
the gain-loss systems. Therefore, this study aims to
explore the effect of gain-loss incentive structures on
users’ goal performance in subsequent activities, both
in the short and long term.

2.2. Monetary Incentive Structures

This study also contributes to the existing body of
literature on financial incentives related to individuals’
goal achievement, which is broadly categorized into
two types: non-deposit contracts and deposit contracts.
Non-deposit contracts, also known as gain-only
incentives, are the most widely recognized form of
financial incentives. Gain-only incentives encourage
individuals to commit to their goals by offering financial
benefits (Charness and Gneezy, 2009; John et al., 2011;
Just and Price, 2013; Mitchell et al., 2013; Acland
and Levy, 2015). For example, granting $50 for
maintaining high gym attendance substantially increases
gym attendance for individuals who previously were not
regular attendance (Charness and Gneezy, 2009).

Another type of financial incentive structure is
the deposit contract, also known as the loss-only
incentive structure. Unlike gain-only incentives that
utilize positive reinforcement by introducing a pleasant
stimulus to increase behavior, deposit contracts employ
negative reinforcement. This approach involves
potential loss of money to motivate behavior (Burns
and Rothman, 2018). Drawing upon loss-aversion
in prospect theory (Tversky and Kahneman, 1991),
previous research highlights the effectiveness of this
loss-only approach (Giné et al., 2010; Royer et al., 2015;
Burns and Rothman, 2018; de Buisonjé et al., 2022).
For example, Royer et al. (2015) found that individuals
who were offered a loss-only deposit contract after
an initial gain-only incentive program maintained their
gym attendance for six months.

Recent studies have investigated the effects of
gain-loss incentives on users’ health behaviors (Adjerid
et al., 2022). The gain-loss incentive structure is a type
of deposit contract where both rewards and penalties
coexist. In this system, individuals make a monetary
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deposit that can result in rewards for achieving goals or
penalties for failing to meet them. For example, Adjerid
et al. (2022) found that individuals assigned to gain-loss
incentives, regardless of their preferences, walked
more steps than those who voluntarily chose gain-loss
incentives. Furthermore, participants in gain-loss
incentive systems walked more steps compared to those
in gain-only systems, and these effects persisted even
after the incentives were removed. These findings have
encouraged many commercial apps (e.g., Waybetter,
StickK, Challengers) to implement a gain-loss incentive
structure as their main incentive policy.

Although prior pioneering research has argued that
this combined incentive system effectively increases
performance in health-related activities (Adjerid et al.,
2022), there is still a lack of understanding about
how this mechanism operates, particularly regarding
how gains and penalties respectively affect users’
subsequent behaviors. Furthermore, while previous
research has explored how the potential for loss can
motivate individuals to achieve their goals, the behavior
of individuals after experiencing an actual loss remains
unclear. This study aims to fill this gap by examining
the effects of gains and losses on users’ short-term
and long-term behavioral changes within the gain-loss
incentive system.

3. Research Context and Data Description

We obtained data from a leading mHealth app in
South Korea, launched in 2018. The mobile app
provides users with a platform to register and perform
voluntary health-related activities. This app features
over 4,000 unique activities and utilizes a gain-loss
incentive structure. To engage in an activity, users must
deposit an amount between 10and200, with the option
to select the deposit amount. Participants must routinely
report whether or not they have met their goals during
the activity period, providing evidence such as photos
of gym or recorded running times, depending on the
requirements of the activities. The app platform utilizes
machine learning techniques and human inspectors to
verify the participants’ daily submissions. At the end of
the duration, users receive a gain incentive, loss penalty,
or neither, depending on the achievement rate of the
activity. For instance, consider a 10-day activity with
the goal of visiting a gym every day. Fulfilling the
daily goal for all 10 days leads to a 100% achievement
rate; completing 9 days yields 90%. Users with an
achievement rate of over 85% receive a full refund of
their deposit, a result categorized as “neutral.” Those
with an achievement rate below 85% get a refund
proportional to their achievement rate, defined as a “loss

(penalty).” Any remaining funds from the deposit are
divided, with half used as an administrative fee paid
to the platform, and the other half distributed as a
“gain (reward)” to users who achieve a 100% rate based
proportionally on the amounts they deposited.

Our dataset includes activities from November 2018
to February 2023, capturing 24,449,730 daily activity
submissions from 245,936 users participating in 71,237
activities. The dataset contains detailed information on
the amounts users deposited, their achievement rates,
and the outcomes of their activities - whether they
received rewards, penalties, or neither. It also includes
basic demographic data of the users, such as age and
gender. Table 1 provides descriptions of the variables.

4. Model and Results

To investigate the effect of a gain-loss incentive
structure on users’ subsequent performance, we employ
a staggered difference-in-differences (DID) approach
with propensity score matching (PSM). The staggered
DID model is widely used to evaluate the impact of a
shock or treatment that occurs at different points in time
for different entities (Athey and Imbens, 2022). In our
context, the “treatment” is defined as the first penalty
(or reward) a user encounters on the platform. Hence,
the treatment group consists of users who experience
the penalty (or reward) for the first time on the app,
while the control group has not encountered any penalty
(or reward) outcomes up to and including the treatment
time. To ensure the validity of our analysis, each
participant is assigned to only one treatment group based
on her first significant interaction with the platform -
either a reward or a penalty.

Figure 1 illustrates the research setting for
our staggered difference-in-differences approach.
Regarding the effect of loss, the treatment group
experiences a loss in the tth activity, following a series
of neutral or gain outcomes from previous activities
t-3 to t-1. In contrast, the control group consistently
experiences neutral or gain outcomes throughout the
same period, including the tth activity. By comparing
the achievement rates of these two groups before
and after the treatment activity (tth), we can estimate
the causal effect of experiencing a penalty on users’
subsequent performance in the mHealth app under
the gain-loss incentive structure. The opposite case,
where the treatment group experiences a gain (reward)
at the tth activity, is also considered in our analysis.
Furthermore, we conduct a propensity score matching
(PSM) procedure (Rosenbaum and Rubin, 1983) before
applying the DID model.
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Variable Description
GENDERi Dummy; 1 if user i is male

AGEi User i’s age
PERIODj Duration of activity j (in days)

TOTAL DEPOSIT AMOUNTj The total amount of deposits made by all participants in activity j
NUM PEERSj The total number of participants engaged in activity j

ACHIEVEMENT RATEit User i’s achievement rate (%) in tth activity (ranging from 0 to 100)
DEPOSIT AMOUNTit The amount of deposit money of a user i in an tth activity

Table 1: Variable Description

Before matching After matching
Treat Control t p-value Treat Control t p-value

RESULT(it−1) 2.597 2.792 24.73 0.000 2.576 2.568 -0.55 0.586
RESULT(it−2) 2.636 2.806 22.04 0.000 2.620 2.636 1.256 0.209
RESULT(it−3) 2.672 2.815 18.87 0.000 2.652 2.661 0.68 0.495
DEPOSIT AMOUNTit 37.371 56.214 14.383 0.000 35.843 35.011 -0.60 0.549
AVG ACH RATE(it−1) 96.363 98.141 31.182 0.000 96.163 96.250 0.89 0.371
AGEi 32.222 34.545 14.383 0.000 32.085 31.860 -1.096 0.273
GENDERi 0.792 0.790 -0.20 0.842 0.793 0.797 0.40 0.688

Table 2: Balance check results before and after matching

Figure 1: Illustration of the staggered
difference-in-differences research design for the
loss (penalty) treatment case

4.1. PSM

The propensity score can be described as the
likelihood of an individual belonging to the treatment
group (Guan et al., 2023). By incorporating users’
demographic information, average achievement rate,
and recent performance trajectory, we aim to ensure that
the treatment and control groups have similar patterns
of performance leading up to the treatment activity.

This approach enhances the comparability between the
treatment and control groups, enabling a more accurate
estimation of the treatment effect.

After obtaining the propensity scores, we perform
one-to-one nearest neighbor matching without
replacement to ensure that users in the treatment
and control groups have similar probabilities of being
treated. Figure 2 shows the distributions of propensity
scores before and after matching for the effect of
loss. We apply the same matching procedure for the
effect of gain. We confirm that the distributions of
propensity scores between the treatment and control
groups after matching are identical. We then conduct
a balance check on the matching covariates to verify
the validity of the PSM procedure. Table 2 shows that
the differences in all matching covariates between the
two groups are statistically insignificant after matching
for the effect of loss. Among the 245,936 users, we
utilized a subsample of approximately 20,000 users to
clearly observe the effects of gain and loss between
the treatment and control groups. The “treatment” was
defined as the first penalty (or reward) a user encounters
on the platform, which consequently reduced the sample
size. To identify the control groups, we employed a
1:1 propensity score matching approach without
replacement. This method led to the exclusion of many
users who could not be matched with a suitable control
group counterpart.
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Figure 2: The distributions of propensity scores before and after matching for estimating the effect of loss

4.2. Staggered Difference-in-Differences
Model

Our staggered DID estimation model is specified in
Equation (1):

Yit = α+ β1 · Treatmenti · Postit + β2 · Treatmenti
+ β3 · Postit + β4 · DepositAmountit + µi + θj + ϵit

where i denotes the user, t denotes user i’s tth activity,
and j denotes the activity level. Treatmenti equals
1 if user i is in the treatment group and 0 if in the
control group; Postit equals 1 if the tth activity is after
the treatment activity for user i. The key estimator
in the model is the interaction term Treatmenti*Postit,
which captures the net impact of gain (or loss) on users’
subsequent performance. The dependent variable, Yit,
represents user i’s achievement rate in the tth activity.

We control for the users’ deposit amount
DepositAmountit as it may influence their motivation
and performance. User fixed effects (µi) and activity
fixed effects (θj) are included. To address potential
serial correlation issues (Bertrand et al., 2004), we
cluster standard errors at the user level. This staggered
DID approach with PSM allows us to estimate the
causal effect of experiencing gain or loss on users’
performance in subsequent activities within the
gain-loss incentive structure.

4.3. The Effects of Gain and Loss

We first estimate the effect of experiencing gain on
users’ performance in their next activity (see column
(1) in Table 3). The coefficient for Treatment X
Post Treatment is significant and positive. This result
suggests that experiencing gain positively affects users’
behavior making them more likely to fulfill their goals

in the next activity. We then estimate the effect
of experiencing gain on users’ performance in their
subsequent three and five activities, respectively (see
columns (2) and (3) in Table 3). The coefficients
for Treatment X Post Treatment remain significant and
positive in both cases. The result in column (3) indicates
that users’ average achievement rate for the subsequent
five activities increases by approximately 6.6%. This
suggests that the effect of experiencing gain does not
diminish shortly but lasts for a number of subsequent
activities. Given that the average interval between two
consecutive activities in which a user participates is
about a month in our data set, this result implies that
the effect of the gain lasts at least five months.

Next, we estimate the effect of experiencing loss
on users’ performance in their next activity, the next
three activities, and the next five activities, respectively.
The results are shown in Table 4. The coefficients
for Treatment X Post Treatment are significant and
negative in all three cases. These results indicate that
experiencing loss negatively affects users’ achievement
in the next activity. The group that experiencing failure
in the gain-loss system become less engaged in fulfilling
the goal in subsequent activities, both in the short and
long term. While previous research suggests that deposit
contracts can enhance performance in a specific activity
due to the fear of potential loss (Giné et al., 2010; Royer
et al., 2015; Adjerid et al., 2022; Burns and Rothman,
2018; de Buisonjé et al., 2022), our findings suggest that
when individuals experience an actual loss, they exhibit
poorer performance in subsequent activities.

4.4. Additional Analysis

In our context, the gain-loss incentive deposit
structure is self-funded, allowing users to freely deposit
between $10 and $200. This setting enables us

Page 5760



(1) Until t+1 (2) Until t+3 (3) Until t+5
Treatment X Post Treatment 7.777∗∗∗ (1.427) 6.507∗∗∗ (0.939) 6.611∗∗∗ (0.824)
Deposit Amount 0.044∗∗∗ (0.013) 0.061∗∗∗ (0.009) 12.027∗∗∗ (1.458)
Post Treatment −3.618∗∗∗ (1.175) −3.483∗∗∗ (0.798) −3.759∗∗∗ (0.703)
Cons 78.935∗∗∗ (0.498) 79.261∗∗∗ (0.384) 79.670∗∗∗ (0.358)
User Fixed Effect Yes Yes Yes
Activity Fixed Effect Yes Yes Yes
N 5,940 9,199 11,466
R-squared 0.776 0.713 0.684
Note. Robust standard errors in user level. ∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1

Table 3: Main estimation results for the gain effect

(1) Until t+1 (2) Until t+3 (3) Until t+5
Treatment X Post Treatment −5.428∗∗∗ (0.524) −4.874∗∗∗ (0.353) −5.255∗∗∗ (0.323)
Deposit Amount 0.008∗∗ (0.004) 0.019∗∗∗ (0.003) 0.023∗∗∗ (0.003)
Post Treatment −2.092∗∗∗ (0.410) −2.567∗∗∗ (0.228) −2.863∗∗∗ (0.211)
Cons 95.690∗∗∗ (0.154) 95.174∗∗∗ (0.147) 95.173∗∗∗ (0.142)
User Fixed Effect Yes Yes Yes
Activity Fixed Effect Yes Yes Yes
N 14,505 21,248 26,217
R-squared 0.670 0.636 0.606
Note. Robust standard errors in user level. ∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1

Table 4: Main estimation results for the loss effect

to capture the dynamics of deposits across various
activities. The deposit amount plays a significant role
in terms of gains or losses for users. Higher deposit
amounts lead to greater potential gains and losses,
prompting users who deposit more to put in more effort.
We thus examine the effects of gains (or losses) on the
deposit amount in subsequent activities. Tables 5 and 6
present the effects of gains and losses, respectively.

4.4.1. The Effects of Gain and Loss on Deposit
Amount of Subsequent Activities The results
indicate that experiencing gains positively affects
deposit amounts in subsequent activities, while
experiencing losses has a negative impact. Specifically,
our findings show that users increase their deposit
amounts by 12.7% for the next activity after
experiencing a gain (see column (1) in Table 5).
This positive effect persists for at least five subsequent
activities as shown in columns (2) and (3). Given that
higher deposit amounts can lead to larger rewards,
these results suggest that users are likely to increase
their deposits to increase potential rewards in future
activities. On the other hand, users reduce their deposit
amounts after experiencing a loss, as presented in Table
6. These reductions are consistent and significant across
a range from one to five subsequent activities. Since
higher deposits can also result in greater losses, these

results suggest that users are lowering their deposits to
decrease potential losses in subsequent activities.

When combined with our findings on achievement
rates, users not only decrease their deposits but also
experience poorer performance after a loss. These
results suggest that users exhibit risk aversion not
by enhancing their performance but by lowering their
deposit amounts (i.e., potential future losses). On the
contrary, gains influence users in the opposite direction.
After experiencing a gain, users tend to become more
risk-seeking by increasing their deposits and working
harder to maximize potential gains.

4.4.2. Relative Time Model A fundamental
assumption of the DID model is the parallel trend
assumption, which posits that the achievement rates
in the treatment group should follow a trend similar
to that of the control group before the treatment is
applied. To test this assumption, we use a relative time
model, as suggested by prior literature (Greenwood
and Agarwal, 2016; Greenwood and Wattal, 2015).
The estimation results for the effects of gain and
loss are presented in Table 7. The coefficients of the
pretreatment variables (Rel Timet−2,Rel Timet−3) are
statistically insignificant, supporting the parallel trend
assumption. After treatment, there is a significant

Page 5761



(1) Until t+1 (2) Until t+3 (3) Until t+5
Treatment X Post Treatment 0.127∗∗ (0.055) 0.110∗∗∗ (0.033) 0.113∗∗∗ (0.029)
Post Treatment −0.088∗∗ (0.040) −0.081∗∗∗ (0.026) −0.076∗∗∗ (0.023)
Cons 2.823∗∗∗ (0.008) 2.816∗∗∗ (0.009) 2.815∗∗∗ (0.010)
User Fixed Effect Yes Yes Yes
Activity Fixed Effect Yes Yes Yes
N 6,207 9,500 11,793
R-squared 0.948 0.936 0.932
Note. Robust standard errors in user level. ∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1

Table 5: Estimation results for the gain effect on deposit amount

(1) Until t+1 (2) Until t+3 (3) Until t+5
Treatment X Post Treatment −0.070∗∗ (0.029) −0.086∗∗ (0.019) −0.103∗∗∗ (0.017)
Post Treatment 0.049∗∗ (0.021) 0.059∗∗∗ (0.014) 0.075∗∗∗ (0.013)
Cons 2.851∗∗∗ (0.005) 2.846∗∗∗ (0.006) 2.845∗∗∗ (0.006)
User Fixed Effect Yes Yes Yes
Activity Fixed Effect Yes Yes Yes
N 14,730 21,543 26,581
R-squared 0.969 0.960 0.956
Note. Robust standard errors in user level. ∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1

Table 6: Estimation results for the loss effect on deposit amount

positive effect for gain and a significant negative effect
for loss, which also confirms that our main results are
robust.

Gain Loss
Rel Time (t-3) −0.601 −0.031

(1.189) (0.397)
Rel Time (t-2) −0.881 0.076

(1.176) (0.390)
Rel Time (t-1) Omitted Base
Rel Time (t+1) 7.960∗∗∗ −5.142∗∗∗

(1.319) (0.534)
Rel Time (t+2) 6.585∗∗∗ −4.534∗∗∗

(1.429) (0.558)
Rel Time (t+3) 3.484∗∗ −5.110∗∗∗

(1.570) (0.622)
Rel Time (t+4) 6.787∗∗∗ −6.221∗∗∗

(1.713) (0.696)
Rel Time (t+5) 3.703∗∗ −6.112∗∗∗

(1.766) (0.721)
Deposit Amount 0.061∗∗∗ 0.024∗∗∗

(0.007) (0.003)
User Fixed Effect Yes Yes
Activity Fixed Effect Yes Yes
N 11,466 26,217
R-squared 0.688 0.607

Table 7: Relative Time Model Results

4.4.3. Additional Analyses for Robustness We
conducted several additional analyses to ensure the
robustness of our main findings. First, since the
treatment group is defined by the user’s first experience
of gain or loss, it’s possible that our findings are
influenced by first impressions. For instance, a user
might be convinced that the reward is genuine and
subsequently increases their deposit, or they might
realize that a penalty is indeed imposed and therefore
decrease their deposit. To rule out these potential
effects, we performed additional analyses using the
2nd or 3rd reward and penalty experiences (instead of
the 1st). While this approach may introduce other
compounding effects, we found that the results remained
largely the same. Second, we employed a fixed effects
model that considered users and activities. Since prior
experience is a characteristic of a user, it was omitted in
the main analysis. However, we ran the analysis again
with prior experience included as a control variable to
assess its impact on our main findings. The results
remained consistent. Last, we conducted an additional
analysis using a regular regression to examine the
general effects of rewards and penalties, incorporating
more demographic control variables. The results were
consistent with our main DID findings.
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5. Conclusions and Implications

While previous research has extensively explored the
impact of financial incentives on users’ performance
in the gain-only and loss-only incentive systems
respectively, our study shifts the focus to examine
how these two different incentives (gain and loss)
influence performance when both positive and negative
stimuli coexist in the incentive system. We find
that the experience of gain enhances achievement
rates in subsequent activities, whereas experiencing
loss decreases the achievement rates. Additionally,
our findings suggest that users increase their deposit
amounts in subsequent activities after experiencing
gain but reduce them after experiencing loss. To
ensure the validity and robustness of these findings,
we conducted extensive additional analysis under more
strict conditions, which confirmed our main results.

Theoretically, this research contributes to recent
literature on financial incentive structures and mobile
health (mHealth). To the best of our knowledge,
our study is among the first to investigate the effects
of both gains and losses within a gain-loss incentive
system. Our findings suggest that while gain incentives
increase users’ achievement rates and deposit amounts
in subsequent activities, loss incentives decrease them.
These findings are novel, as previous study (Adjerid
et al., 2022) demonstrated only that the gain-loss
incentive system is more effective than the gain-only
incentive system in influencing users’ performance,
without exploring the underlying mechanisms of how
the gain-loss incentive system operates. This study
also differs from previous research, which primarily
highlights the positive implications of loss incentives in
loss-only incentive structures (Giné et al., 2010; Royer
et al., 2015; Burns and Rothman, 2018; de Buisonjé
et al., 2022). While prior literature suggests that
introducing potential loss can improve the performance
of users in activities (Royer et al., 2015), our research
shows that when users experience actual losses, they
tend to be less engaged in subsequent activities by
working less hard and depositing smaller amounts.
This indicates that in a gain-loss incentive structure,
experiencing a loss may not necessarily enhance
performance but rather deteriorate it.

This research provides rich insights for managers
of mobile health (mHealth) platforms. The gain-loss
incentive structure is becoming more prevalent in
mHealth apps. Therefore, understanding the effect
of gain-loss incentives on users’ activity performance
has substantial managerial implications. Our findings
indicate that gain-loss incentives do not always yield
positive outcomes, particularly in mHealth applications

when users experience losses. Although a gain-loss
incentive structure can drive users toward their goals,
experiencing losses can have negative effects on their
subsequent activity performance. Consequently, it is
essential for mHealth platform managers to cautiously
implement gain-loss incentive structures. They should
monitor the dynamics of user achievement rates in
response to gains and losses and be prepared to adjust
strategies accordingly.

Nevertheless, this study is not without limitations.
First, we primarily focus on the impact of gain-loss
incentives in the structure of self-funded deposit
contracts. These contracts allow individuals to decide
their own amounts, which can lead them to either
increase or decrease their investments after experiencing
gains or losses. This variability may potentially
influence individuals’ extrinsic motivation toward goals.
A fixed deposit amount may yield different outcomes,
as individuals would not have the flexibility to adjust
their deposits based on previous experiences. Second,
the gain-loss incentive is implemented as the main
incentive policy in our study context. This requires
users to follow the structure even if they prefer not to.
Allowing users to choose whether or not to participate in
the gain-loss incentive structure could lead to different
results. Third, the purpose of using mHealth apps
varies widely, from personal development to disease
management. The motivation for using mHealth apps to
manage diseases like diabetes, which can significantly
impact an individual’s health, may differ from that for
self-improvement. This could influence the effect of
gain-loss incentives differently across various uses of
mHealth apps. Fourth, there is a possibility that users
might attempt to manipulate their self-reports to gain
rewards or avoid penalties. While self-report bias is
a common limitation in many studies, including those
involving self-report surveys, it is certainly a limitation
here as well. A replication study using more reliable
data collection methods, such as lab experiments, would
be necessary to address this issue. However, we believe
that this bias does not persistently affect all users. More
importantly, even if some users exploit the self-reporting
system, it is unlikely to bias our results significantly, as
this behavior would not be correlated with our treatment
and control groups due to our PSM and DID strategies.
Also, we make sure that the AI detection system in
the app of our research context has well detected such
fraud issue. This detection system is related to users’
cell phone where users installed the app of our research
context. When users open the app on their cell phone
and try to take their photo, the app automatically
recognize the date and time of users’ cell phone. So, if
users bring several shirts to the gym, take tens of photos,
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and upload a different on each day, the app automatically
recognize that those photos were taken on the same day.
Then, the app would not prove their activities. So, such
fraud detection system on the app does not allow users
to misbehave for their self-development activities. Fifth,
our current analysis examines the effects of gain and
loss separately. However, users experience both gains
and losses over time. Future research could benefit
from employing a dynamic programming approach to
explore the simultaneous and dynamic effects of gains
and losses. Next, as this is an exploratory study, it lacks
a robust theoretical foundation to explain the differential
effects of gains and losses within a dual incentive
system. We will develop in-depth theoretical arguments
to investigate the underlying mechanisms of gain and
loss incentives in such a system. Lastly, while we used
PSM for our matching strategy, it is essential to further
check the robustness of our findings by applying other
matching methods, such as Coarsened Exact Matching
(CEM).
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