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Abstract
Personalized behavior change interventions can be effective as
they dynamically adapt to an individual’s context. Financial incen-
tives, a commonly used intervention in commercial applications
and policy-making, offer a mechanism for creating personalized
micro-interventions that are both quantifiable and amenable to
systematic evaluation. However, the effectiveness of such person-
alized micro-financial incentives in real-world settings remains
largely unexplored. In this study, we propose a personalization
strategy that dynamically adjusts the amount of micro-financial
incentives to promote smartphone use regulation and explore its
efficacy and user experience through a four-week, in-the-wild user
study. The results demonstrate that the proposed method is highly
cost-effective without compromising intervention effectiveness.
Based on these findings, we discuss the role of micro-financial
incentives in enhancing awareness, design considerations for per-
sonalized micro-financial incentive systems, and their potential
benefits and limitations concerning motivation change.

CCS Concepts
• Human-centered computing→ Empirical studies in ubiq-
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1 Introduction
The proliferation of smart devices and sensors has enabled fine-
grained tracking of health and wellbeing behaviors while simul-
taneously increasing accessibility to care. This trend has spurred
opportunities to design micro-interventions, which are shorter and
highly focused interventions that offer small units of digital treat-
ments to achieve specific wellness objectives in daily life [35, 75].
Micro-interventions, often termed just-in-time adaptive interven-
tions (JITAIs) [83] or ecological momentary interventions [43],
have been employed across various health and wellbeing domains,
including mitigating prolonged sedentariness [15], managing stress
[45, 87], fostering positive mood [75], and promoting digital well-
being [80].

Prior research has identified two principal design considerations
for enhancing user engagement with micro-interventions: delivery
timing and intervention content [45]. Optimizing delivery timing
involves ensuring that intervention content is delivered when users
are most capable of processing and engaging with it. Prior studies
have explored various concepts to achieve this, including interrupt-
ibility [129], availability [105], reachability [118], and receptivity
[16]. Tailoring intervention content involves providing personal-
ized content adapted to each individual’s preferences, contexts,
performance, or characteristics. For example, micro-interventions
can deliver tailored content that considers an individual’s current
context [56]. Furthermore, the optimal content that maximizes ben-
eficial effects on health outcomes can be automatically selected and
recommended [4, 90, 97], or users can be empowered to choose
their preferred health content [22].

While the appropriate design of delivery timing and content for
micro-interventions has shown promise for improving user engage-
ment, we posit that feedback or incentives aimed at reinforcing
users’ successful behavior change also offer significant potential
for personalization. A common form of non-financial feedback is
the badge, widely used to boost user participation and achievement
in online communities [5, 128], education [6, 40], and gaming [36].
Studies have demonstrated that the effectiveness of badges in in-
fluencing user behavior varies based on design choices [49] and
user demographics [128]. Similarly, in contingency management–
a behavioral intervention approach that elicits positive behavior
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changes by providing external rewards (e.g., financial incentives)
[93]–individuals’ characteristics or socioeconomic status can influ-
ence the effectiveness of incentives [71, 78], suggesting that even
financial incentives may benefit from personalization.

This study focuses on financial incentives as a mechanism for
personalized micro-interventions, enabling quantitative compari-
son and systematic evaluation across different micro-intervention
variations. However, implementing financial incentives as interven-
tions requires careful consideration for several reasons. First, the
financial resources provided by program-hosting institutions are
inherently finite, necessitating budget constraints. Second, financial
incentives may have the unintended side effect of undermining in-
trinsic motivation, known as the overjustification or crowding-out
effect [23, 33, 34]. Third, the inherent complexity of financial in-
centives, involving various factors, makes it challenging to predict
their precise impact on behavior change success [2]. Given these
considerations, it is crucial to design financial incentives that can
sufficiently engage individuals in the behavior change process while
simultaneously minimizing the total financial outlay and gradually
phasing out the external motivator.

To this end, we demonstrate a working example of a personalized
behavior change intervention using financial incentives that dynam-
ically adjust incentive amounts based on user behavior, specifically
targeting digital wellbeing. Digital wellbeing has gained significant
attention due to growing concerns about digital overuse, and con-
sequently, various behavioral interventions have been explored to
regulate digital overuse [88, 99]. Moreover, digital behavior is conve-
nient to track and monitor, making it an ideal target domain for our
study, which requires fine-grained tracking and timely intervention
delivery.

Specifically, we propose a personalized micro-financial incentive
strategy that balances behavior change promotion with overall in-
centive costs. Our personalization algorithm frames the problem of
determining the optimal amount of micro-financial incentives as
a multi-armed bandit problem, where different incentive amounts
(i.e., arms) are associated with varying probabilities of behavior
change success. Furthermore, our algorithm selects the optimal
incentive amount designed to optimize dual objectives–maximizing
the likelihood of behavior change and minimizing the expected
cost–utilizing the Pareto front for efficient selection. Based on these
problem definitions, our study deploys a mobile application in-
the-wild with 72 participants over four weeks to investigate the
efficacy and user experience of the proposed incentive strategy.
Through quantitative and qualitative analysis of the user study, we
demonstrate the cost-effectiveness of the proposed method while
maintaining comparable performance in promoting smartphone
usage regulation. Finally, we discuss the role of micro-financial
incentives in enhancing awareness, design considerations for per-
sonalized micro-financial incentive systems, and their potential
benefits and limitations concerning motivation change.

The key contributions of our study are as follows:

• We designed and implemented WellbeingWallet, a novel
micro-intervention system for digital wellbeing that pro-
vided personalized financial incentives by leveraging both
cognitive approaches (i.e., raising awareness through time-
boxing and notifications) and behavioral approaches (i.e.,

providing automated missions and financial incentives) to
promote self-regulated smartphone use.
• We conducted a four-week, in-the-wild study with 72 partic-
ipants to evaluate the effectiveness and user experience of
our personalized micro-financial incentive program, compar-
ing it to non-personalized incentive programs (i.e., programs
employing random and fixed incentive amounts).
• We provided design implications for designing computer-
ized behavior change programs based on our empirical find-
ings, particularly those incorporating personalized micro-
financial incentives.

2 Related Work
2.1 Adaptive Intervention Techniques for

Behavior Change in HCI
With the increasing number of everyday devices such as smart-
phones and wearables, behavior change researchers have moved
beyond traditional methods, such as sending written letters [18] or
SMS messages [30, 110], and started incorporating adaptivity and
responsiveness into behavioral interventions. These responsive,
interactive systems have enabled sophisticated adaptive interven-
tions that provide users with just-in-time interventions tailored to
their individual status and needs [43, 123]. To design such adaptive
intervention systems, the HCI community has explored diverse
techniques along four major dimensions: decision points (i.e., iden-
tifying the moment of decision-making), treatment options (i.e.,
providing a range of available treatments), tailoring variables (i.e.,
deciding what and how to measure from users to guide personal-
ized interventions), and decision rules (i.e., determining specific
treatment options based on the tailoring variables) [3]. For example,
HeartSteps [63] proposed a personalization technique to identify
opportune moments for delivering just-in-time physical activity
suggestions by collecting mobile data such as location, temperature,
step count, app engagement, and notification fatigue. Similarly,
Time2Stop [86] introduced a machine learning model that deter-
mines opportune moments to provide tailored treatment options in
a JITAI manner for digital wellbeing. PopTherapy [87] developed
a personalization technique to decide treatment options based on
tailoring variables by collecting user and contextual data. MyBe-
havior [97] investigated decision rules to control treatment options
for personalization purposes by collecting activity tracking data
and picture-based food-logging data. Smart-T alcohol [122] created
personalized treatment messages by assessing personal risk for
alcohol misuse from smartphone data.

Such JITAIs have shown promising results, particularly in health-
related behavior change such as weight management [32] and
smoking cessation [127], during both the intervention and post-
intervention periods, compared to non-JITAI treatments [83]. Al-
though studies have indicated that various extrinsic motivators,
such as financial incentives [47], badge awards [52], and social
interactions [59], can significantly impact behavior change and
that these motivators need to be deliberately designed to fit indi-
vidual needs and contexts, most research has adopted generalized
approaches [29, 46, 59, 88, 120] rather than personalized, adaptive
approaches. Only a few studies have attempted to leverage extrinsic
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motivators with high fidelity for adaptive, personalized interven-
tions [15]. Therefore, our study aims to investigate this understud-
ied approach that conditions treatment options at micro-levels to
provide adaptive and personalized interventions.

2.2 Financial Incentives for Behavior Change
Financial incentives have emerged as a powerful tool for driving
behavior change, particularly in the domains of public health and
wellbeing [96]. They have been widely adopted in policy initiatives
aimed at promoting healthier lifestyles and reducing societal burden
associated with behaviors such as obesity [31], alcohol addiction
[13], and smoking [91]. Through successful employments, finan-
cial incentives have demonstrated their effectiveness in healthcare
settings, such as reinforcing positive habits [65], increasing medi-
cation adherence [25], and mitigating harmful behaviors such as
substance misuse [112]. Furthermore, numerous studies have indi-
cated that even modest financial incentives can positively influence
short-term health-related behaviors [37, 84, 114, 121].

However, the design of effective financial incentive programs
require careful consideration to avoid unintended consequences
[14]. First, the relationship between the magnitude of the financial
incentive and the resulting behavior change is complex and often
unpredictable. Although traditional economic principles of mar-
ginal utility suggest diminishing returns with increasing incentive
size, in practice, the decline in utility in behavior change contexts
is often steeper and more variable than models predict [121]. Sec-
ond, individual responses to financial incentives vary considerably
based on personal characteristics, including gender [21], socioeco-
nomic background, and sensitivity to monetary rewards [39]. This
heterogeneity underscores the need for personalized approaches
in designing financial interventions; a one-size-fits-all strategy is
unlikely to be effective across diverse populations. Tailoring inter-
ventions to individual needs and preferences is crucial for maxi-
mizing their impact. Third, the financial sustainability of programs
that rely on substantial rewards can be a significant concern [94].
Fourth, previous studies have suggested that extrinsic motivation
driven by financial incentives can potentially crowd out intrinsic
motivation [103] (i.e., a decline in the desired behavior once the
incentive is removed). However, the crowding-out effect appears
to be context-dependent and influenced by individual factors and
situational characteristics [11]. Therefore, a personalized approach
is crucial when employing financial incentives for behavior change.

Prior research has also investigated the effectiveness of finan-
cial incentives at different levels of granularity. These studies have
found that applying financial incentives to fine-grained behaviors
(e.g., micro-activity-based billing, adjusting incentives proportion-
ally to the effort required for the behavior) is more effective than ap-
plying them to coarse-grained behaviors or solely to outcome-based
measures [82, 126]. This fine-grained approach fosters a tighter
link between positive behaviors and their associated rewards, pro-
moting more sustainable behavior change [108]. Building on this
concept, recent research has explored adaptive, fine-grained finan-
cial incentive strategies, such as BeActive [113] and StandUp [15],
to encourage physical activity through the use of micro-financial
incentives.

2.3 Digital Wellbeing Interventions
As concerns about the overuse of technology have escalated [80]
such as increased stress, anxiety [119], and diminished interper-
sonal relationships [26, 130], there has been a growing interest in
the development of sophisticated digital wellbeing techniques [76].
Furthermore, the convenience of tracking and monitoring digital
behavior has facilitated experimentation with various interven-
tion types. These interventions generally fall into one of the four
categories [124]: self-monitoring (i.e., encouraging users to track
their digital usage to increase awareness) [7, 100], reminders (i.e.,
notifying users to prompt them to take breaks or reduce smart-
phone use) [44, 88, 124], interaction friction (i.e., adding barri-
ers or extra steps into digital interactions to curb excessive use)
[85, 89, 125], and lockout (i.e., restricting access to certain apps or
features to control smartphone use) [53, 54, 57, 58]. While these
approaches have demonstrated promise, both self-monitoring and
reminder-based interventions can be easily ignored, making it dif-
ficult for users to modify their problematic behaviors [80]. Con-
versely, while interaction friction and lockout interventions are
more difficult to ignore [80], they can frustrate users when they try
to use smartphones [54]. To address these limitations, incorporating
financial incentives into self-monitoring and reminder mechanisms
can offer a potential solution for enhancing the effectiveness of
the interventions–e.g., by offering tangible rewards, reminders can
become more engaging and less likely to be ignored or dismissed.
By harnessing the motivational power of financial incentives to
improve user responsiveness and adherence, this approach can ad-
dress a critical weakness of traditional reminder systems. Thus,
our study aims to explore a more effective, tailored intervention
for digital wellbeing by combining micro-financial incentives with
reminders.

3 Intervention Design
3.1 Design Rationale
3.1.1 Timebox-Based Behavioral Missions. Our intervention em-
ployed an hour-based micro-mission approach, defining the target
behavior as limiting smartphone use to less than 10 minutes within
each one-hour timebox. This design draws upon recent research on
smartphone use regulation, which has demonstrated the effective-
ness of system-driven goal-setting and interventions, where hourly
micro-missions and proactive warning alarms facilitated goal adher-
ence [88]. This hour-based approach is also rooted in prior research
emphasizing the importance of setting specific and challenging
goals to promote behavior change [64]. Empirical studies have also
shown that limiting smartphone use to under 10 minutes per hour
presents a goal that is both specific and sufficiently challenging to
motivate a reduction in smartphone overuse [27, 59, 88].

3.1.2 Context-BasedMicro-Incentives. For each hourlymicro-mission,
participants were informed in advance of the micro-incentive they
would receive upon successful completion. For example, a partici-
pant might be offered 50 KRW (approximately 0.04 USD) for success-
fully limiting their smartphone use to under 10 minutes within a
specific timebox. This micro-incentive approach is grounded in goal-
setting theory [64], which underscores the importance of frequent
feedback in facilitating behavior change–forming a feedback loop,
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enhancing awareness, and actively engaging users in the behavior
change process. The incentive amounts were determined based on
the assumption that an individual’s adherence to the goal varies ac-
cording to context and personal preferences. We hypothesized that
the probability of micro-mission success would differ across three
temporal contexts: work, non-work, and weekend. Consequently, we
tailored incentive amounts separately for each context. The timing
for each context was based on previous research [88]: the work
context was defined as 9 AM to 6 PM on weekdays, the non-work
context as 6 PM to 2 AM the following day on weekdays, and the
weekend context encompassed all hours on weekends.

3.1.3 Multi-Objective Personalization. We framed the problem of
personalization as balancing between two objectives: successful
regulation of smartphone overuse and cost-effective scaffolding
using financial incentives. Integrating cost-effectiveness as a core
objective alongside behavior change is crucial for several reasons.
First, health intervention providers typically operate within finite
financial constraints. Consequently, they need to minimize incen-
tive amounts while maintaining or enhancing the positive effects
on health outcomes. Second, interestingly, research suggests that
increasing financial incentive amounts does not necessarily lead
to improved health outcomes [15]. Third, financial incentives can
have the unintended side effect of undermining intrinsic motivation
if not structured carefully–too low incentives may discourage user
engagement, while too high incentives may attract individuals pri-
marily motivated by external rewards rather than genuine behavior
change [24]. Therefore, it is essential to determine appropriate in-
centive amounts and to minimize the overall incentive expenditure,
ultimately targeting the smooth fading of financial incentives.

3.2 Mobile Application
The mobile application, designed as the tool for our smartphone
use regulation intervention, centered around a single core function:
delivering timely notifications to users regarding their smartphone
usage time and the corresponding micro-incentive amount they
could earn. During the intervention period, users received hourly
micro-missions, each challenging them to limit their smartphone
use to under 10 minutes within a given timebox, spanning from
9 AM to 2 AM the following day. The potential incentive for suc-
cessfully completing each micro-mission was determined by the
participant’s assigned intervention group: personalized incentive,
random incentive, or fixed incentive. This information was readily
accessible at any time through the notification bar, which displayed
both the smartphone use time within the current timebox and the
potential incentive for mission success. Users were able to regulate
their smartphone use based on this real-time feedback. Additionally,
users received notifications when their smartphone use exceeded 9
minutes and again at 10 minutes, an approach aligned with previous
research where such proactive warnings enhanced self-awareness
and self-monitoring for smartphone use regulation [88]. As depicted
in Figure 1, users could find detailed information about their smart-
phone use history on the app, which included: daily smartphone
usage time statistics, micro-mission success and failure counts, daily
accumulated incentive amounts, overall statistics for the interven-
tion period, and visualizations of their success rates and usage time
by timebox.

During the baseline and follow-up data collection periods, no
micro-missions or notifications were delivered. During the baseline
period, users were informed on the app about the start date of the
intervention period. During the follow-up period, users could still
access their historical data on smartphone usage time and earned
incentives, and the real-time smartphone use time was accessible
from the notification bar. Throughout the entire study, the app
collected data hourly. This data included the user ID, date, timebox,
smartphone use time, micro-mission result (success or failure), and
the incentive amount.

3.3 Personalization Algorithm and Control
Algorithms

As presented in Algorithm 1, the personalization algorithm dy-
namically explored and exploited different incentive amounts to
determine the optimal incentive for each user, building upon the
design rationale outlined earlier–specifically, context-based micro-
incentives and multi-objective personalization. The personaliza-
tion problem was framed as a multi-armed bandit problem, where

Figure 1: WellbeingWallet mobile application

(a) Main screen of the app (b) Notification bar timer

(c) 9-minute notification (d) 10-minute notification
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Algorithm 1:Multi-objective Thompson sampling-based
incentive recommendation
Input: A set of incentive amounts, I = {𝑖1, 𝑖2, · · · , 𝑖𝐾 }

1 Loop forever
2 for 𝑘 ← 1 to 𝐾 do
3 Sample the expected success probability

𝜃𝑘 ∼ Beta(𝛼𝑘 + 1, 𝛽𝑘 + 1)
4 Set the expected cost 𝜔𝑘 ← 𝜃𝑘 · 𝑖𝑘
5 end
6 𝑘∗ ← argmax𝜃𝑘

𝑘∈[1,𝐾 ]
argmin𝜔𝑘
𝑘∈[1,𝐾 ]

7 Bid I[𝑘∗] for compensation of a micro-mission success
8 if the micro-mission is succeeded then
9 𝛼𝑘∗ ← 𝛼𝑘∗ + 1

10 else
11 𝛽𝑘∗ ← 𝛽𝑘∗ + 1
12 end
13 end

each arm represented the probability of successfully completing
a micro-mission for that specific incentive amount and context,
estimated using Thompson Sampling [101]. Three temporal con-
texts of work, non-work, and weekend and five incentive amount
options of 0, 25, 50, 75, and 100 KRW (approximately 0, 0.02, 0.04,
0.06, and 0.08 USD, respectively) were used. This framework al-
lowed comparing the probabilities of micro-mission success for
each incentive amount within a given context. The prior probabil-
ity distributions were initialized to 0 for the 𝛼 and 𝛽 values of the
beta distribution, representing the counts of successes and failures
of micro-missions, respectively. These parameters were updated
each time a new micro-mission result was observed: if the user
succeeded in the micro-mission, the 𝛼 value (representing success)
was incremented by one; if the user failed, the 𝛽 value (representing
failure) was incremented by one.

Furthermore, the personalization algorithm weighed the trade-
off between maximizing behavior change success and minimizing
costs, framing the problem as a multi-objective optimization task
(i.e., finding the Pareto front given the two objectives, as indicated
in Line 6 of Algorithm 1). For each specific context, each incentive
amount option was evaluated for dominance and comparability
against all other incentive options, considering both the expected
success rate and expected cost. An incentive amount option was
included in the Pareto front set if it was not dominated by and was
comparable to the other options. From the set of Pareto-optimal
options, the final incentive amount to be offered was randomly
selected.

To evaluate the effectiveness of the proposed personalization
algorithm, two control algorithms were used for comparison. Par-
ticipants in the fixed incentive group consistently received a fixed
incentive of 50 KRW per timebox, regardless of context or their
individual performance. Participants in the random incentive group
received a randomly selected incentive from the set of 0, 25, 50,
75, and 100 KRW per timebox, also independent of context or in-
dividual performance. Across all three intervention groups, the
incentive amounts were designed to have the same expected cost

of 50 KRW per timebox. Additionally, we conducted a simulation
study to examine the potential of our personalization algorithm
relative to the control algorithms. This simulation used hypothet-
ical user behaviors, assuming that users would be more likely to
succeed in micro-missions as incentive amounts increased. The
results indicated that our personalization algorithm can encour-
age successful micro-missions in a cost-effective manner. Further
details of the simulation study are presented in Appendix A.

4 User Study Setup
4.1 Participants
Our field study involved 72 participants recruited from online cam-
pus communities. The minimum sample size, 57, was determined
using G*Power [28] for a mixed ANOVA with the following pa-
rameters [9, 17]: effect size 𝑓 = 0.25 (medium), 𝛼 = 0.05, power
= 0.80, number of groups = 3, number of measurements = 3, cor-
relation among repeated measures = 0.5, and nonsphericity cor-
rection 𝜖 = 0.5. Considering the study’s long duration, a dropout
rate of 20–25% was assumed. Participants were required to use An-
droid smartphones running Android version 10.0 or higher. We also
specifically sought participants who were not currently actively
regulating their smartphone usage but had an intention to do so.
This corresponded to individuals in either the contemplation stage
(i.e., aware of the need to regulate their smartphone usage) or the
preparation stage (i.e., planning to regulate their smartphone usage)
of the transtheoretical model of behavior change [95]. Recognizing
that prior work has shown that gender and socioeconomic status
(SES) can influence perceptions of financial incentives [21, 39], we
collected demographic information, including monthly spending, to
facilitate stratified random sampling for our randomized controlled
experiment. Given the lack of consensus on operationalizing SES
for students [61, 92], we used monthly spending as a proxy for SES,
based on prior research linking monthly allowance and SES within
the Korean context [109].

The participants were aged between 18 and 55 (𝑀 = 27.5; 𝑆𝐷 =

7.0). Forty-nine participants were males, 22 were females, and 1
chose not to disclose their gender. Forty-one participants (57%)
were high spenders, defined as spending more than 600,000 KRW
(approximately 480 USD) per month based on their self-reported
monthly spending. Using gender and monthly spending informa-
tion, we conducted stratified random sampling [72] to distribute
participants equally across three experimental groups:
• Fixed incentive: Participants received 50 KRW (approximately
0.04 USD1) for every micro-mission success.
• Random incentive: Participants received a randomly selected
reward from the set of 0, 25, 50, 75, or 100 KRW (approxi-
mately 0, 0.02, 0.04, 0.06, 0.08 USD) for each micro-mission
success.
• Personalized incentive: Rewards were determined using Al-
gorithm 1, which selected one of 0, 25, 50, 75, or 100 KRW
for each micro-mission success.

After stratified random sampling, the fixed incentive group in-
cluded 23 participants (male = 70%, high spender = 57%), the random
1Note that this micro-incentive was very small, considering the average monthly
household income of 4,592,321 KRW (approximately 3,674 USD) in South Korea in
2024 [60].
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incentive group included 25 participants (male = 68%, high spender
= 60%), and the personalized incentive group included 24 participants
(male = 67%, high spender = 54%).

4.2 Study Procedures
Our four-week field study began with a pre-survey designed to
assess participants’ motivational factors related to smartphone use
behavior change. This survey incorporated 37 questions from the
Intrinsic Motivation Inventory (IMI) [115] and 15 questions from
the Self-Regulation Questionnaire (SRQ) [116]. These theoretically
grounded (i.e., self-determination theory) [81, 104] and validated
[62, 73] questionnaires were employed to identify potential moti-
vational shifts before and after the micro-interventions, such as
changes in dimensions of intrinsic motivation or shifts in the lo-
cus of motivation. After completing the pre-survey, participants
received instructions on installing our intervention app on their
smartphones, along with essential information about the app and
the micro-missions. Participants were informed that their compen-
sation would be contingent on their mission performance. However,
as this was a single-blind experiment, specific details about group
differences and the underlying algorithm mechanisms were not
disclosed.

The four-week study was structured as follows: The first week
served as a baseline period for collecting smartphone usage data
without any intervention. During this baseline period, our interven-
tion app passively recorded the duration of smartphone use in the
background but did not deliver any micro-missions. The second and
third weeks constituted the intervention periods, during which our
intervention app actively delivered micro-missions and provided
the corresponding incentive compensation based on the assigned
group. At the end of the third week, participants completed a post-
survey, which included the same IMI and SRQ questionnaires as
the pre-survey, as well as the Reinforcement Sensitivity Theory of
Personality Questionnaire (RST-PQ) [20]. The RST-PQ, grounded
in the neuropsychological theory (i.e., reinforcement sensitivity
theory) [19], was used to explore potential relationships between
reward sensitivity and motivation, similar to a prior study involving
crowd workers [8]. The fourth and final week served as a follow-up
period, during which all micro-financial incentives were removed.
However, participants retained access to the timer feature, where
they could monitor their time spent within each timebox, and to
the app’s main screen, where they could review their daily and
overall statistics. This follow-up period was designed to investi-
gate the sustained effects of the different intervention strategies on
smartphone usage even after the removal of financial incentives.
After the conclusion of the four-week field study, we conducted exit
interviews with participants who volunteered to participate. Partic-
ipants received a base compensation of 40,000 KRW (approximately
32 USD) for their participation and an additional compensation
based on their performance in regulating their smartphone use,
which ranged from a minimum of 1,075 KRW (approximately 0.86
USD) to a maximum of 12,175 KRW (approximately 9.74 USD). Par-
ticipants who completed the exit interview received an additional
compensation of 10,000 KRW (approximately 8 USD). This study
received approval from our university’s Institutional Review Board
(IRB) and adhered to all the IRB guidelines (KH2024-031).

4.3 Data Collection and Analysis
The goal of our user study was to evaluate the efficacy and user
experience of the personalized micro-financial incentive strategy.
To achieve this, we focused on the following research questions
(RQs):
• RQ1. How effective is the personalized micro-financial in-
centive strategy in reducing the total costs of incentives?
• RQ2. How effective is the personalized micro-financial incen-
tive strategy in increasing the success rates of the timeboxed
missions for smartphone use regulation?
– RQ2-1. Does the suggested strategy reduce smartphone
usage time compared with the baseline period?

– RQ2-2. Does the suggested strategy reduce smartphone
usage time even after removing incentives?

• RQ3. How does the personalized micro-financial incentive
strategy impact intrinsic motivation and self-regulation?
• RQ4. How does the personalized micro-financial incentive
strategy impact participants’ perceptions and user experi-
ence?

To address these RQs, we collected both quantitative and quali-
tative data. Quantitative data encompassed smartphone usage data,
including the user ID, date, timebox, smartphone use time, micro-
mission result (success or failure), and the incentive amount for each
timebox. Additionally, we collected pre- and post-survey data, in-
cluding IMI scores across six sub-dimensions (interest/enjoyment,
perceived competence, effort/importance, pressure/tension, per-
ceived choice, and value/usefulness), SRQ scores across four sub-
dimensions (autonomous motivation, introjected regulation, exter-
nal regulation, and amotivation), RST-PQ scores, and demographic
information (gender, age, and monthly spending).

Qualitative data were gathered through semi-structured exit in-
terviews conducted with 37 participants. During these interviews,
participants were asked about their overall experience with the
intervention app. This included their use of different app features,
perceived efficacy of the app, understanding and opinions of micro-
financial incentives and their mechanism, and any perceived behav-
ioral andmotivational changes they experienced over the four-week
study period. Participants were also shown visualizations of their
personal data to aid recall and facilitate comparisons with their
expectations. The interviews were audio-recorded, transcribed, and
analyzed using reflexive thematic analysis to identify common pat-
terns and themes [10].

5 Results
We assessed the efficacy and perceived experience of the person-
alized micro-financial incentives by comparing them to those of
random or fixed incentives. First, the effects of different micro-
financial incentive strategies were quantitatively assessed in terms
of cost-effectiveness (RQ1), behavior change outcomes (RQ2), and
motivational changes (RQ3). Next, the user experiences of differ-
ent micro-financial incentive strategies (RQ4) were qualitatively
analyzed based on insights collected from exit interviews.

5.1 RQ1. Total Costs
The personalized incentive strategy significantly reduced the total
cost of the financial incentive program as intended through the
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Figure 2: Average cost by incentive group

algorithm design. The personalized incentive group incurred an aver-
age cost of 3,773.96 KRW (approximately 3.02 USD) (𝑆𝐷 = 1, 102.08;
𝑁 = 24), the random group incurred 6,891.00 KRW (approximately
5.51 USD) (𝑆𝐷 = 3, 291.79; 𝑁 = 25), and the fixed group incurred
7,193.48 KRW (approximately 5.75 USD) (𝑆𝐷 = 2, 602.63; 𝑁 = 23).
Figure 2 illustrates the distribution of the average cost per partici-
pant for each incentive group. The Shapiro–Wilk test confirmed the
normal distribution of the total cost data for all three groups, but
Levene’s test indicated that the homogeneity of variance assump-
tion was violated. Therefore, a Welch’s ANOVA was performed.
The results revealed a statistically significant difference in total
costs between the groups, 𝐹 (2, 37.68) = 23.70, 𝑝 < .05. Post-hoc
analysis using the Games–Howell test indicated that the total costs
differed significantly between the personalized and random groups
and between the personalized and fixed groups; however, there was
no statistically significant difference between the random and fixed
groups (Table 1).

5.2 RQ2. Behavioral Change
Figure 4 illustrates the trends in smartphone use time, measured
in seconds per hour, across the four-week study period for each of
the three incentive groups. As shown in Figure 3, the personalized
incentive group achieved an average success rate of 58% (𝑆𝐷 =

0.21), the random group 57% (𝑆𝐷 = 0.26), and the fixed group 61%
(𝑆𝐷 = 0.22). Regarding the reduced smartphone use time during
the intervention period, the personalized incentive group showed
an average reduction of 339.2 seconds (𝑆𝐷 = 573.4), the random
group 412.7 seconds (𝑆𝐷 = 534.2), and the fixed group 379.4 seconds
(𝑆𝐷 = 443.8). Furthermore, regarding the sustained effects of the
incentive strategies, we found that during the follow-up period
(compared to the baseline), the personalized incentive group showed
an average reduction of 181.1 seconds per hour (𝑆𝐷 = 506.3), the

Table 1: Post-hoc analysis results for cost by incentive group

Source of variation Mean difference ± CI 𝑝

Personalized - Random 3117.04 ± 1716.63 0.00 ***
Personalized - Fixed 3419.52 ± 1449.85 0.00 ***
Random - Fixed 302.48 ± 2067.79 0.93
*: 𝑝 < .05, **: 𝑝 < .01, ***: 𝑝 < .001; CI = 95% confidence interval

Figure 3: Average success rate by incentive group

random group 177.9 seconds (𝑆𝐷 = 466.5), and the fixed group 82.8
seconds (𝑆𝐷 = 283.7).

To assess the effects of the different incentive strategies over time
(i.e., baseline week (without interventions), intervention weeks,
and follow-up week (without interventions)) on the success rate
of regulating smartphone use (i.e., using less than 10 minutes per
hour), a mixed ANOVA was conducted. It is important to note that
neither explicit missions nor notifications were delivered during
the baseline and follow-up periods. Success rates were calculated
based on the log data, with success indicated if the smartphone
use time was less than 10 minutes per hour. Since both normality
and homoscedasticity were violated according to the Shapiro–Wilk
test and the Levene’s test, a robust mixed ANOVA analysis using
20% trimmed means was employed [69]. The results, detailed in
Table 2, revealed a statistically significant main effect of time period
on success rate. However, there was no significant main effect of
incentive strategy and no significant interaction effect between
incentive strategy and time period. Despite the crossovers between
the personalized and fixed groups in the interaction plot in Fig-
ure 5, this interaction was not statistically significant. Post-hoc
analysis using 20% trimmed means and a Bonferroni correction re-
vealed that success rates differed significantly between the baseline
and intervention periods by approximately 19%p and between the
intervention and follow-up periods by approximately 16%p. How-
ever, there was no significant difference between the baseline and
follow-up periods (Table 3).

5.3 RQ3. Motivational Change
Figures 6 and 7 display the changes in participants’ motivation
toward smartphone use regulation from pre- to post-program par-
ticipation, as measured by the IMI and SRQ questionnaires. Fig-
ure 6 presents the six sub-dimensions of the IMI [115] used to

Table 2: Robust mixed ANOVA results for success rate by
incentive group and intervention period

Source of variation 𝑑𝑓 𝐹 𝑝

Incentive group 2, 27.93 0.23 0.80
Intervention period 2, 35.44 17.15 0.00 ***
Incentive group × Intervention period 4, 27.53 1.14 0.36
*: 𝑝 < .05, **: 𝑝 < .01, ***: 𝑝 < .001
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Figure 4: Average smartphone usage time per hour by incentive group

track changes in intrinsic motivation: (a) interest/enjoyment, con-
sidered the single metric for self-reported intrinsic motivation;
(b) perceived competence and (e) perceived choice, both positive
predictors of intrinsic motivation; (d) pressure/tension, a nega-
tive predictor of intrinsic motivation; and (c) effort/importance
and (f) value/usefulness, which have been studied in relation to
the continuum of motivation and regulatory styles [104]. Analysis
of the IMI sub-dimension score changes revealed that the mean
changes generally ranged between -1 and +1. Furthermore, no sta-
tistically significant differences were found in any of the IMI
sub-dimensions among the three incentive groups, as determined
by either a one-way ANOVA or a Kruskal–Wallis ANOVA (for
non-normal distributions–i.e., value/usefulness) (Table 4). Further
analysis using correlation tests showed no significant relationships
between RST-PQ scores and changes in IMI sub-dimension scores.

Figure 5: Interaction between incentive group and interven-
tion period

Table 3: Post-hoc analysis results for success rate by inter-
vention period

Source of variation Trimmed mean difference ± CI 𝑝

Baseline - Intervention -0.19 ± 0.09 0.00 ***
Baseline - Follow-up -0.03 ± 0.07 1.00
Intervention - Follow-up 0.16 ± 0.10 0.00 ***
*: 𝑝 < .05, **: 𝑝 < .01, ***: 𝑝 < .001; CI = 95% confidence interval

Figure 7 presents the four sub-dimensions from the SRQ [116],
which focuses on changes in the locus of motivation (i.e., perceived
locus of causality [102]). These sub-dimensions include: (a) au-
tonomous motivation, closely related to self-initiated, intrinsic mo-
tivation; (b) introjected regulation and (c) external regulation, both
linked to extrinsic motivation but differing in their degree of in-
ternalization; and (d) amotivation, known to be unrelated to either
intrinsic or extrinsic motivation. The mean changes in SRQ sub-
dimension scores generally ranged between -1 and +1. Similar to the
IMI results, no statistically significant differenceswere found in
any of the SRQ sub-dimensions among the three incentive groups,
as confirmed using either a one-way ANOVA or a Kruskal–Wallis
ANOVA (for non-normal distributions–i.e., introjected regulation
and amotivation) (Table 4). Correlation analysis further indicated
no significant relationships between RST-PQ scores and changes in
any SRQ sub-dimension scores.

5.4 RQ4. Perceived Experience
To gain a deeper, more nuanced understanding of the user experi-
ence with the three different micro-financial incentive strategies,
we conducted semi-structured interviews. We asked participants
how they used the app, how app features supported their smart-
phone use regulation, how they understood and reacted to the

Table 4: ANOVA results for motivation change by incentive
group

Source of variation 𝑑𝑓 𝐹 𝑝

IMI
Interest/enjoyment 2, 69 0.52 0.60
Perceived competence 2, 69 1.86 0.16
Effort/importance 2, 69 0.08 0.93
Pressure/tension 2, 69 1.41 0.25
Perceived choice 2, 69 0.11 0.89
Value/usefulness* 2 0.66 0.72

SRQ
Autonomous motivation 2, 69 0.27 0.76
Introjected regulation* 2 2.29 0.32
External regulation 2, 69 0.78 0.46
Amotivation* 2 0.91 0.63

* Kruskal–Wallis ANOVA conducted
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(a) Interest/enjoyment (b) Perceived competence (c) Effort/importance

(d) Pressure/tension (e) Perceived choice (f) Value/usefulness

Figure 6: Change in Intrinsic Motivation Inventory (IMI) scores after intervention

(a) Autonomous motivation (b) Introjected regulation

(c) External regulation (d) Amotivation

Figure 7: Change in Self-Regulation Questionnaires (SRQ) scores after intervention
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micro-financial incentive mechanism, and how they perceived the
changes in their behavior and motivation across the four-week
study period. Participants were also shown visualizations of their
data to facilitate recall and comparison with their expectations. The
results are presented using the following notations for each incen-
tive group: P for participants in the personalized incentive group, R
for those in the random incentive group, and F for those in the fixed
incentive group. Note that this analysis is based on the responses
of the 37 interview participants.

5.4.1 Reaction to Micro-Financial Incentives. Seventeen of the 37 in-
terview participants identified the timebox-based 9-minute warning
notification as their favorite feature of the app. However, partic-
ipants’ responses to receiving the 9-minute warning notification
varied depending on their perceptions of the financial incentives.

One group of participants (𝑁 = 23) reported that they did not
care about the monetary incentives they would receive. In some
cases, participants did not care about the small incentive amounts
regardless of their assigned group. Other participants in the per-
sonalized or random incentive groups recognized the subtle fluctu-
ations in incentive amounts but did not place much weight on the
changing amounts. For instance, R05 stated, “I was roughly aware
of how much I’d failed on the day and how much I’d failed in total.
So I looked at money less, and I rather looked at time spent more.”
Participants in the fixed incentive group were already aware of the
constant amount of incentives. Expecting the constant amount, F08
pre-planned smartphone usage: “I use Duolingo every day. Since it
normally takes 15 minutes, I planned to divide the time and complete
it in two hours.”

Another group (𝑁 = 14) reported that they were more attentive
to the incentive amounts, actively checking how much monetary
incentives they would receive. They wanted to decide whether to
continue or discontinue their current smartphone activity. P14, who
found the monetary rewards to be the most effective aspect of the
intervention, explained “I would scroll down to check how much
money I can earn in a few minutes. I checked the amount again when
the 9-minute notification popped up.” Participants like P10 were
more responsive to the changing amounts, reporting “I worked hard
for 100 KRW, and didn’t even look at the rest. Money was definitely a
motivator for me.” F23, who received the fixed amount of incentives,
expressed a desire for variable rewards, suggesting, “If there were
differentials in compensations, especially for nights, I think I would
have slept a little earlier.”

Notably, many participants (𝑁 = 23) expressed that their re-
sponses depended on the tasks that they were engaged in at the
time of 9-minute notification delivery. P04 remarked, “I would con-
tinue to use a smartphone if it’s essential or beneficial to my quality
of life. Reading a book, traveling by car, turning on the navigation,
etc.” This suggests that participants did not solely react to the incen-
tive amount, but rather engaged in a subjective assessment of the
ongoing activity against the offered incentive amount. When asked
if a different incentive amount would have altered their decision
to continue or discontinue smartphone use, a majority (𝑁 = 19)
affirmed that it would have. However, their preferences for specific
incentive amounts varied according to individuals’ baseline accep-
tance of micro-financial incentives. For instance, P10 remarked, “If
the maximum reward were 50 KRW, I would have reacted to 50 KRW,”

while R11 stated, “If the amounts had been 10 times as much as
they were, I would have been punctual and completed every mission.”
Another participant, P20, expressed a preference for a predictable,
fixed amount, stating, “The amount kept changing, but it was hard to
see the correlation between mission success and reward, which made
it less interesting. I would have preferred a constant amount. Even
after learning about the algorithm, I still can’t predict how much I
will earn next time. The algorithm doesn’t provide enough certainty.”

Furthermore, some participants (𝑁 = 5) attributed their behavior
more to their initial mindset than to the intervention or incentive
amount. For example, R13 stated, “I don’t think it was that helpful. I
didn’t start with a lot of willpower, and the app itself didn’t build it.
I’m living a slacker life these days,” while another participant, F07,
noted, “The reward was like a gentle nudge for those who are already
motivated but hesitant to take action. Like adding a small weight
to a scale that’s just about to tip.” This suggests the influence of
individual motivation and readiness for change on the effectiveness
of micro-financial incentives.

5.4.2 Mental Model for Personalization Algorithm. Participants in
the personalized or random incentive groups who noticed the fluc-
tuations in incentive amounts reported they were curious about
the underlying mechanism. For instance, R21, R22, and P10 specu-
lated that “more rewards were offered after spending lot of time on
smartphone in the previous hour, to discourage continued smartphone
use,” “more rewards may have accumulated if I regulated smartphone
use during the time when people normally use smartphone more, for
example, from 10 PM to midnight,” and “rewards may have been
determined based on my data collected from the first week.” Inter-
estingly, participants assumed that the monetary incentives were
designed to encourage difficult-to-achieve behaviors rather than
likely-to-achieve behaviors. In other words, while the algorithm
was designed to offer an incentive amount with the highest proba-
bility of success, participants expected the algorithm to suggest a
higher amount for the lowest probability of success. Despite their
curiosity, participants reported that they did not actively experi-
ment with different strategies to understand or audit the algorithm.
However, P14 offered an intriguing perspective regarding manipu-
lating the algorithm: “If I had known the mechanism of the rewards
beforehand, I would have used a strategy–increasing my success rate
on high bets, decreasing my success rate on low bets, and then using it
after the high bets were set with high probabilities of occurrences. If I
knew the algorithm, I could have continued my behavior for a longer
time.” This suggests that greater transparency about the underlying
algorithm could have influenced how participants engaged with
the incentive system.

5.4.3 Perceived Behavioral Change. Participants reflected on their
perceived changes in behavior and motivation, commenting on
the visualized data of their smartphone use time and motivation
scores throughout the four-week period. Participants with high
mission success rates (e.g., exceeding 90%) exhibited the formation
of a positive confirmatory cycle from the initial stage. R03 stated,
“The monetary reward for success is what kept me motivated. Every
morning, I pressed the app, saw the graph, and felt like I lived a
successful life. I often checked the report, and I felt I could do it.” On
the other hand, P25 reported feeling discouraged by early failures,
stating “I realized the time was counted based on the screen being on,



Personalizing Micro-Financial Incentives for Digital Wellbeing CHI ’25, April 26–May 01, 2025, Yokohama, Japan

regardless of my effort. It should foster a sense of self-efficacy, where
success experiences accumulate and create a positive feedback loop,
but that didn’t happen for me.”

Overall, the computerized setting of micro-tracking and micro-
intervention demonstrated the potential of establishing a quick feed-
back loop, which helps to raise awareness, prompts corresponding
actions, and potentially bolsters perceived competence.

When reflecting on broader behavioral changes across the entire
study period, 20 participants acknowledged that their smartphone
use might have increased again after the removal of the interven-
tion. However, two participants, P09 and R15, reported subtle, yet
persistent positive changes even after the intervention ended: “Even
though the program is over, I do sometimes guess if 10 minutes have
already passed,” and “As I started using my smartphone less to earn
money, I realized that I often look at it out of habit. It made me reflect.
I even uninstalled the game I used to play.”

5.4.4 Perceived Motivational Change. Discussion about motiva-
tional changes, beyond observed behavioral shifts, revealed more
nuanced perceptions. For example, P09 attributed their difficul-
ties in regulating smartphone use to a decrease in their perceived
competence score on the IMI, stating, “I made an intentional effort
toward smartphone use regulation, which could have resulted in the
decrease in the motivation score as I realized its difficulty;” whereas
R11 interpreted similar challenges as contributing to an increase
in their perceived competence score, explaining, “The perceived
competence score has increased from 2 to 5. I think it’s because, even
though the program has helped me systematically, I realized that I
can control my time if there is external help. It’s a surprising result
that even such a short experience can make me feel more confident.”
Similarly, P09 and P10 interpreted their decreased IMI scores for
value/usefulness as an indication of a re-evaluation or a deeper,
more critical understanding of smartphone use regulation, rather
than as a sign of discouragement. R15 echoed this sentiment, stat-
ing, “I realized that using a smartphone isn’t necessarily a bad thing.
I think my values have changed, going beyond simply increasing or
decreasing.” These findings suggest that it is necessary to revisit
our approach to quantifying motivation as a single flat score and to
explore the multi-faceted nature of motivation in order to design
more effective, tailored behavior change interventions.

6 Discussion
6.1 Role of Micro-Financial Incentives in

Reinforcing Awareness
Our field study results revealed the diverse roles thatmicro-financial
incentives played for different individuals in regulating smartphone
use. We identified two primary groups: 38% of participants found
the micro-financial incentives to be a motivator for digital wellbe-
ing, whereas 62% considered them supplementary and did not pay
them significant attention. Among the group highly interested in
micro-financial incentives, one subgroup (71%) reported frequently
checking the incentive amounts and feeling more motivated by
higher amounts. In contrast, the other subgroup (29%) acknowl-
edged their interest in and occasional checking of the incentives
but maintained that they did not change their behavior or plans
due to the incentive amounts. Nevertheless, they recognized that

the presence of monetary incentives enhanced their engagement in
smartphone use regulation and speculated that they would have
been less involved without such additional compensation. This find-
ing aligns with those of prior research, which demonstrated that
financial incentives were not considered as the primary reason for
behavior change but as an “added bonus” for individuals already
intending to modify their health behaviors [51, 70, 96]. Mantzari
et al. [70] also speculated that money might not have been the pri-
mary reason for behavior change due to factors such as the amount
being too small, the influence of financial incentives operating out-
side participants’ conscious awareness, or participants recognizing
the influence of financial incentives but not acknowledging it. In
this context, micro-financial incentives, as an immediate, albeit
small, benefit, may have supported behavior aligned with existing
motivation and facilitated self-control without drawing conscious
attention to the monetary values. We posit that this characteristic of
micro-financial incentives acting as an added bonus facilitated cost
optimization by identifying the smallest yet still effective incentive
amount for each individual.

Furthermore, micro-financial incentives demonstrated the po-
tential to initiate a positive feedback loop, particularly when partic-
ipants maintained high mission success rates in the initial stages of
the intervention. The tangible accumulation of micro-financial in-
centives strengthened their self-efficacy, which in turn encouraged
the pursuit of further financial incentives. This finding aligns with
prior research on addiction treatment, where initial experiences of
accomplishment and attainment have been emphasized as predic-
tors of long-term success in behavior change [96, 117]. Conversely,
negative impressions could arise if participants struggled to achieve
success in the initial stages. The micro-financial incentives were
designed to be provided as additional rewards for successes–i.e.,
in a gain frame as opposed to a loss frame [1, 88, 90]; however, a
few participants interpreted their failures as losses of what they
had already earned, perceiving this as unfair given the involve-
ment of material incentives. Therefore, considering the varying
roles that micro-financial incentives play for different individuals
and across time, it is crucial to carefully design a micro-financial
incentive strategy that adapts to the diverse and evolving needs of
individuals.

6.2 Effectiveness of Multi-Armed Bandit-Based
Personalization Algorithm

The proposed personalization algorithm, which leverages both
multi-armed bandit and multi-objective optimization techniques,
achieved comparable behavioral change outcomes to the control
groups while demonstrating substantially lower costs. This was ac-
complished through the dynamic adjustment of incentive amounts
and adaptation to individual user contexts. Unlike the fixed incen-
tive strategy, dynamically adjusting the incentive amounts miti-
gated the growing insensitivity to repeated incentives over time,
stimulated curiosity about upcoming incentives, and fostered con-
tinued engagement. These findings align with prior research high-
lighting the benefits of varied interventions [1, 48]. Unlike the
purely random incentive strategy, personalizing the incentive amounts
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based on individual performance effectively minimized costs with-
out compromising the intervention effectiveness or negatively af-
fecting user experience. While both the personalized and random
strategies were designed with the same initial expected cost of
50 KRW per micro-mission success, the personalization algorithm
progressively adapted to individuals by exploring and exploiting
different incentive amounts and accumulating user responses.

The effectiveness of the personalization algorithm suggests the
potential for further enhancement, as it can be readily extended
to address a variety of practical considerations beyond cost min-
imization. For instance, building on the core assumptions of the
multi-armed bandit problem (i.e., individuals respond differently to
different incentives or interventions) and the Thompson sampling
method (i.e., the probabilities of behavior change success can be
estimated by observing behavior and updating hypothesis distribu-
tions), diverse sets of incentive amounts can be implemented for
different contexts. Furthermore, within the framework of the multi-
objective optimization problem (i.e., diverse sets of objectives can be
compared to each other to find the comparable and non-dominated
ones), additional practical constraints can be incorporated, such as
minimizing intervention fatigue by avoiding the repeated provision
of certain interventions [1] or maximizing positive smartphone
use [99] by predicting the utility of specific apps. Further design
possibilities are discussed in the following section.

6.3 Design Considerations for Personalized
Micro-Financial Incentives

6.3.1 Implementing Personalized Micro-Financial Incentives. Per-
sonalization can be implemented across various dimensions in
computerized settings. Prior research from behavioral economics
[48, 111] and psychology [107] provides a theoretical foundation
for personalized intervention design, drawing on numerous experi-
ments that explore the impact of varying the schedules (i.e., varying
numbers or intervals), magnitudes (i.e., varying size or intensity),
and immediacy (i.e., varying delay) of external stimuli (i.e., interven-
tions) to create environments conducive to specific behaviors [74].
More specifically, fields such as contingency management [111] and
applied behavior analysis (ABA) [68], although primarily focused on
addiction treatment [93] and mental and developmental disorders
[77], offer practical and sophisticated techniques for varying such
external stimuli–such as fading (e.g., gradually reducing external
stimuli to avoid reliance on them), thinning (e.g., gradually increas-
ing the effort required to obtain external stimuli), chaining (e.g.,
breaking down complex behavior into smaller units for chained
effects), and generalization (e.g., increasingly expanding learned be-
havior to new settings). Building upon this foundation, this section
explores the design space for further personalizing micro-financial
incentives, considering four key aspects: (1) incentive amounts, (2)
incentive forms, (3) contexts, and (4) personalization objectives.

First, the amounts of micro-incentives–i.e., arms in multi-armed
bandit–can be adjusted based on different rationales. While our
study experimented with linearly increasing financial incentive
amounts, prior research has indicated that the relationship between
incentive amount and behavior change is often non-linear and inde-
pendent of each other [15]. Furthermore, studies have shown that
factors such as gender or SES can influence how individuals perceive

financial incentives [21, 39]. Future work can explore different in-
centive structures, considering these non-linear, context-dependent
effects and group differences.

Second, the forms of micro-incentives themselves can be varied.
While maintaining the core personalization algorithm, the arms
of multi-armed bandits can represent different forms of incentives
beyond financial ones. For example, ABA has developed behavior
change techniques that employ a variety of external stimuli, in-
cluding tokens (e.g., coins, stars, points) and verbal prompts [38].
Our study combined micro-financial incentives with notification
messages, and another related study has compared the impact of fi-
nancial incentives and motivational messages [14]. Future research
can algorithmically implement and quantitatively compare diverse
forms of micro-incentives or micro-interventions to identify the
most effective mix for individuals.

Third, the contexts considered for micro-incentives can be ex-
panded beyond fixed categories such as work, non-work, and week-
end times to better reflect individual needs and preferences. Many
participants in our study expressed personal, context-dependent
criteria for judging good and bad smartphone use (i.e., when to
continue the smartphone use or not) [66], suggesting varying lev-
els of acceptance for smartphone use regulation missions based
on these individual criteria. To support mindful smartphone use
and foster self-motivation, personalization algorithms could be
designed to better accommodate a user’s context by identifying
interruptible moments based on app usage patterns or the predicted
purpose of app use (e.g., for work, self-help, entertainment, or social
interaction), as highlighted in JITAI research [41, 106]. A similar
adaptive, just-in-time approach has been adopted by Liao et al. [63]
to promote behavior change in physical activity.

Fourth, the objectives of micro-incentives can extend beyond
simply balancing behavior change benefits with financial costs. For
instance, participants who experienced early success in the interven-
tion generally maintained their engagement and reported increased
confidence in their ability to change their behavior, as reflected in
their IMI scores. In such cases, the personalization algorithm could
be designed to prioritize boosting motivation over minimizing costs.
Other potential objectives include penalizing repeated arm selec-
tion to minimize intervention fatigue [1] or maximizing positive
smartphone use time [99]. Furthermore, user preferences can be
incorporated as an objective, as demonstrated by MyBehavior [97],
which actively involves users in the personalization process. The
multi-objective optimization approach can accommodate these real-
world constraints and enable the development of more sophisticated
personalization strategies by refining the weighting mechanism ap-
plied to different objectives. While our study employed a simple 1:1
comparison of objectives, future research can explore optimizing
the weights assigned to different objectives for each individual.

Meanwhile, it should be noted that it is crucial to acknowledge
and respect user control and agency when designing personalized
interventions. In our study, temporal contexts were limited to fixed
categories (i.e., work, non-work, and weekend) and predetermined
timings (e.g., 9 AM to 6 PM for work) without accounting for indi-
vidual variations in lifestyles. Similarly, the mission was uniformly
defined as limiting usage to 10 minutes per hour, irrespective of
individual needs or preferences. Several interview participants ex-
pressed a desire for the ability to configure their own goals or
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contexts. Therefore, future work should strive to balance system-
initiated personalization with user-initiated personalization to better
accommodate diverse lifestyles and preferences (e.g., incorporating
user-initiated goal-setting).

6.3.2 Communicating Micro-Financial Incentives. Beyond the de-
sign and implementation of the personalization algorithms them-
selves, careful consideration should be given to howmicro-financial
incentives are presented to users. This section explores the design
space for communicating information about (1) the personalization
algorithm and (2) themicro-financial incentives to foster participant
awareness.

Participants exhibited diverse mental models regarding themech-
anism of varying financial incentive amounts, irrespective ofwhether
they were assigned to the personalized or random incentive group.
Examples of these mental models included: a system that offered
higher incentives for timeboxes where success was predicted to be
less likely; one that offered higher incentives for timeboxes where
other participants typically used their smartphones more heavily
(e.g., at night); one that offered higher incentives after timeboxes
with excessive smartphone use; or simply a random one. Our al-
gorithm operated under a different principle in that it suggested
incentives for behaviors deemed highly likely to succeed, aiming
to encourage success. This contrasted with participants’ expecta-
tions that higher incentives would be used to promote less likely
behaviors. Some participants expressed a lack of confidence or
certainty regarding the algorithm’s mechanism. In addition, even
with a better understanding of the mechanism, they would have be-
haved similarly. However, other participants were more intrigued
by the underlying mechanism and even devised strategies they
believed could influence the algorithm (i.e., manipulating the algo-
rithm to increase the probabilities of higher incentives and then
benefiting from this gaming of the algorithm). These varied re-
sponses highlight the importance of transparency in communicat-
ing the algorithm’s mechanism. Reducing uncertainty and enhanc-
ing predictability can empower participants with more options for
planning their behavior and foster more positive behavior change
by actively engaging them in the process. As suggested by prior
research, providing clear explanations about the algorithm [98],
visualizing the data used [42], or providing self-experimentation
features [22, 50] can contribute to a deeper understanding and
potentially enhance engagement.

Another critical consideration when communicating about per-
sonalized micro-financial incentives is the varying influence of
micro-financial incentives on individuals. Participants assessed
the micro-financial incentives using different units and reference
points–e.g., the hourly incentive, total daily accumulated amount,
maximum difference in hourly or daily earnings, total expected
earnings over the entire study period, comparisons to the cost of
everyday items like a cup of coffee or a meal, and even comparisons
to the minimum hourly wage. Therefore, determining the appropri-
ate intervention unit and schedule for presenting these incentives
to each individual is likely to be a crucial factor in effectively influ-
encing behavior change.

6.4 Potential Benefits and Limitations of
Personalized Micro-Financial Incentives in
Relation to Motivation Change

While prior research using financial incentives has raised con-
cerns about the potential for undermining intrinsic motivation,
i.e., crowding-out effect [103], this effect was not observed in our
study. As suggested by Promberger and Marteau [96], this might
be because the target behavior in our study is related to health
and wellbeing, which inherently aligns with participants’ intrinsic
goals, thus mitigating the risk of undermining motivation. Unlike
tasks used in traditional psychology or behavioral economics ex-
periments, often “dull,” “boring,” or involving a conflict of interest
between parties, the behavior targeted in our study may be per-
ceived as a meaningful and interesting activity. This aligns with
interview data where participants indicated that they “already had
the motivation” to regulate their smartphone use. Thus, they tended
to view the financial incentives as a positive reinforcer or, at the
very least, a maintainer of their existing motivation. Moreover, our
intervention did not completely restrict smartphone use, which
could have negatively impacted participants’ feelings of control or
competence, as suggested by Reactance Theory [2]. Instead, our
intervention system provided notifications and allowed participants
the freedom to work toward missions at their own discretion. This
approach likely preserved participants’ sense of autonomy and
competence, further reducing the risk of undermining effects. Ad-
ditionally, while prior work has often focused on crowd workers
[8, 55], where participants evaluated financial incentives in relation
to effort or cost already invested, our study recruited participants
who already had an intention to regulate their smartphone use and
were provided financial incentives as additional rewards for future
actions aligned with the desired behavior. Considering these fac-
tors, our findings support the idea that micro-financial incentives,
unlike other forms of financial incentives, may lead to a crowding-in
effect [96]–i.e., the development of new preferences favoring the
incentivized behavior. This suggests that future research should in-
vestigate the longer-term effects of micro-financial incentives–e.g.,
habit formation [12, 65].

Despite the absence of significant differences in measured mo-
tivational changes (i.e., IMI and SRQ scores) across the incentive
groups, our interview results underscore the value of examining
participants’ perceived experiences to gain a more nuanced under-
standing of motivational dynamics. For instance, some participants
interpreted an increase in their perceived competence score as a
positive motivational change, indicating increased confidence in
their ability to regulate smartphone use, which, in turn, became
a driving force for continued behavior change. Conversely, other
participants acknowledged a heightened awareness and necessity
of smartphone use regulation and associated this with a decrease
in their perceived competence score. They perceived this increased
awareness as a challenge, and it became their motivation for contin-
ued engagement. Similarly, participants interpreted both increases
and decreases in perceived value/usefulness as positive changes,
highlighting the complex and multi-faceted nature of interpreting
motivational factors. Therefore, IMI scores should be viewed as a
multi-dimensional measure of motivational change rather than a
simple, unidimensional score. This more nuanced understanding of
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motivational changes can be incorporated into future work as one
of the objectives within the personalization framework, enabling in-
terventions to be tailored to meet individuals’ specific motivational
needs.

6.5 Limitations
Several limitations should be considered when interpreting the find-
ings of our study. First, the study did not include a control group
that received no micro-financial incentives, which prevented us
from definitively isolating the effects of the personalized micro-
financial incentives from other aspects of the intervention, such as
the timeboxing mechanism and gain-framed notifications. There-
fore, the observed results should be interpreted as arising from the
synergistic effects of a system that integrated both reminders (a cog-
nitive approach) and financial incentives (a behavioral approach),
rather than solely from the micro-financial incentives themselves.
Second, the study sample was limited to 72 participants, all resid-
ing in Korea, which may have introduced cultural influences on
monetary sensitivity [109] and may not be generalizable to other
populations. Third, the scope of personalization in our study was
constrained by certain simplifying assumptions–e.g., our algorithm
operated under a generalized timeframe for active smartphone use,
assuming a common schedule for all participants: 9 AM to 2 AM
the following day for overall activity, with 9 AM to 6 PM designated
as working hours, 6 PM to 2 AM as non-working hours, and the
entire weekend treated as a single, unified context. These broad
categorizations may have limited the adaptability and overall per-
formance of the personalized algorithm in real-world scenarios
characterized by more diverse and individualized usage patterns.
Fourth, the four-week duration of the study may have been insuf-
ficient to fully capture the formation of habits or the longer-term
effects of the personalized algorithm.

7 Conclusion
This study introduced a personalization strategy that dynamically
adjusts the amount of micro-financial incentives to promote smart-
phone use regulation, with the core objectives of maximizing the
benefits of behavior change while simultaneously minimizing the
costs associated with micro-financial incentives. Through a four-
week, in-the-wild user study involving 72 participants, we investi-
gated the efficacy and user experience of the proposed approach.
Our findings demonstrated that the personalized incentive strategy
was highly cost-effective in promoting smartphone use regulation
without compromising intervention effectiveness. Additionally, no
significant differences in motivational change were observed be-
tween the personalized, random, and fixed incentive strategies.
Qualitative analysis illuminated the diverse responses to micro-
financial incentives, revealing a range of mental models reagrding
the personalization algorithm, and a nuanced understanding of
participants’ perceived behavioral and motivational changes. This
study highlights the potential role of micro-financial incentives
in reinforcing awareness of behavior change, acting as an “added
bonus” to support existing motivation. Moreover, it provides em-
pirical insights to inform the design and implementation of future
personalized behavior change interventions.
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Appendix

A Simulation Study Results
This appendix presents the results of a simulation study designed
to validate that our personalization algorithm effectively handles
various user behaviors in response to different incentive amounts.
To this end, we randomly generated hypothetical user behaviors, as-
suming that users are more likely to succeed in behavioral missions
as the incentive amount increases. Using these generated behaviors,
we conducted simulations comparing the performance of different
incentive algorithms–personalized, random, and fixed–in terms of
success rates, total costs, and cost-effectiveness. The results con-
firmed that our personalization incentive algorithm can encourage
users to succeed in behavioral missions in a cost-effective manner.

A.1 Hypothetical User Behaviors
To evaluate whether our personalization algorithm could effectively
handle a wide range of user behaviors toward different incentive
amounts, we generated a diverse set of hypothetical user behavior
profiles. Based on prior research indicating that larger incentives
have a more significant effect on promoting health behavior change
[67, 79], we represented each hypothetical user behavior as a mono-
tonically increasing function, where the domain comprises different
incentive amounts, and the range indicates the probability of suc-
cess in behavior missions. Among various monotonic functions,
we employed the logistic regression function owing to its natural
ability to map incentive amounts to probabilities, as follows:

𝑦 =
1

1 + exp[−(𝛽0 + 𝛽1𝑥)]
To ensure that this equation yields probabilities near zero (i.e.,

0.001) and near one (i.e., 0.999) at the minimum and maximum
incentive amounts, respectively, the parameters 𝛽0 and 𝛽1 must be
set appropriately. Note that because the logistic regression function
asymptotically approaches probabilities of 0.0 and 1.0 at negative
and positive infinities, respectively, we considered near-zero and
near-one probabilities instead of exact values. To determine 𝛽0 and
𝛽1, we set up the following equations:

0.001 =
1

1 + exp[−(𝛽0 + 𝛽1𝑟min)]
, 0.999 =

1
1 + exp[−(𝛽0 + 𝛽1𝑟max)]

where 𝑟min and 𝑟max are the minimum and maximum incentive
amounts, respectively. Solving these equations yields the following:

𝛽0 = −
2 ln 999(𝑟max + 𝑟min)

𝑟max − 𝑟min
, 𝛽1 =

2 ln 999
𝑟max − 𝑟min

Thus, our logistic regression for hypothetical user behavior be-
comes:

𝑦 =
1

1 + exp[−(𝛽0 + 𝛽1𝑥)]

=
1

1 + exp
[
−
(
− 2 ln 999(𝑟max+𝑟min )

𝑟max−𝑟min
+ 2 ln 999
𝑟max−𝑟min

𝑥

)]
=

1

1 + exp
[
−
(
2 ln 999𝑥−𝑟max−𝑟min

𝑟max−𝑟min

)]

https://selfdeterminationtheory.org/intrinsic-motivation-inventory/
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Figure 8: Examples of hypothetical user behaviors by varying parameters, 𝑝min and 𝑝max

The above equation produces outputs ranging from 0.001 to
0.999. However, real users may exhibit behavior change probabili-
ties greater than 0.001 at the minimum incentive amount and less
than 0.999 at the maximum incentive amount owing to individual
differences. Therefore, we rescaled the outputs using a specified
range, [𝑝min, 𝑝max], as follows:

𝑦 = 𝑝min + (𝑝max − 𝑝min)
1

1 + exp
[
−
(
2 ln 999𝑥−𝑟max−𝑟min

𝑟max−𝑟min

)]
where 𝑝min and 𝑝max represent the minimum and maximum prob-
abilities of behavior change, respectively.

A.2 Procedure
Our simulation study evaluated three incentive algorithms: fixed,
random, and personalized, consistent with our user study. The
fixed incentive provided 50 KRW for each successful behavior mis-
sion. The random incentive randomly selected one of the following
amounts: 0, 25, 50, 75, or 100 KRW for each mission. For the per-
sonalized incentive, the incentive amount was determined by our
algorithm (Algorithm 1 in the main text). The minimum and maxi-
mum incentive amounts were set at 0 and 100 KRW, respectively
(i.e., 𝑟min = 0, 𝑟max = 100). We generated 1,000 hypothetical user
behaviors by systematically varying the parameters 𝑝min and 𝑝max
(Figure 8).

Each simulation run began with the incentive algorithm suggest-
ing a specific incentive amount. The hypothetical user behavior
then returned a probability indicating the likelihood of a success-
ful behavior mission for that incentive amount. This interaction
was repeated until 500 behavior missions were successfully com-
pleted. We conducted simulations for all possible pairs of incentive
algorithms and user behaviors (i.e., three algorithms × 1,000 behav-
iors = 3,000 pairs) and measured the success rate, total costs, and
cost-per-success.

A.3 Results
Our simulation study demonstrated that the proposed personalized
incentive algorithm could elicit behavior change cost-effectively.
As shown in Figure 9, the personalized incentive model incurred
a total cost of 22,025.13 KRW (𝑆𝐷 = 8, 614.61) for 500 mission
successes, which was lower than 28,808.70 KRW (𝑆𝐷 = 3, 956.03)
for the random incentive and 24,900.00 KRW (𝑆𝐷 = 1, 177.77) for
the fixed incentive. Success rates were similar across the three
incentive algorithms: 62% (𝑆𝐷 = 0.24) for the personalized incentive,
63% (𝑆𝐷 = 0.24) for the random incentive, and 63% (𝑆𝐷 = 0.24)
for the fixed incentive. Additionally, our personalized mechanism
compensated 44.30 KRW (𝑆𝐷 = 16.98) per successful mission, which
was less than 57.89 KRW (𝑆𝐷 = 7.60) for the random incentive and
50.00 KRW (𝑆𝐷 = 0.00) for the fixed incentive.

Our personalized incentive design seeks to minimize compen-
sation costs by recommending a small incentive amount that is
likely to trigger behavior change. This strategy suggests that cost-
effectiveness can be maximized when users are highly likely to
adjust their behavior with a minimal incentive. To validate this
concept, we examined the relationship between cost-per-success
and minimum/maximum behavior change probabilities (i.e., 𝑝min
and 𝑝max) across various incentive mechanisms.

As illustrated in Figure 10, the fixed incentive consistently in-
curred a cost of 50 KRW per success, regardless of behavior change
probabilities. In contrast, the random and personalized incentives
demonstrated greater cost-efficiency as behavior change proba-
bilities increased. To explore this further, we conducted a regres-
sion analysis with cost-per-success as the dependent variable and
minimum/maximum behavior change probabilities as independent
variables.

The analysis revealed that increasing the minimum behavior
change probability significantly reduced cost-per-success in the
personalized incentive mechanism (𝛽 = −66.00) compared to the
random incentive mechanism (𝛽 = −30.58). Conversely, raising
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Figure 9: Comparisons of different incentive mechanisms in the simulation study

(a) Total costs (b) Success rates (c) Cost-per-success

the maximum behavior change probability increased the cost-per-
success more in the personalized incentive mechanism (𝛽 = 31.80)
than in the random incentive mechanism (𝛽 = 16.50).

These findings suggest that personalized incentive mechanisms
can be particularly cost-effective when users are likely to change

their behavior with a smaller incentive. Additionally, the person-
alized approach can still motivate behavior change among users
who strongly prefer higher incentives by offering a suitably larger
amount. Thus, we can conclude that our personalization mecha-
nism operates as intended, effectively balancing cost expenditure
with the encouragement of behavioral changes.

Figure 10: Relationships between cost-effectiveness and behavior change probabilities in the simulation study

(a) The minimum probability of behavior
change, 𝑝min

(b) The maximum probability of behavior
change, 𝑝max
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