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ABSTRACT 
User-driven intervention tools such as self-tracking help users to 
self-regulate problematic smartphone usage. These tools basically 
assume active user engagement, but prior studies warned a lack 
of user engagement over time. This paper proposes GoldenTime, a 
mobile app that promotes self-regulated usage behavior via system-
driven proactive timeboxing and micro-fnancial incentives framed 
as gain or loss for behavioral reinforcement. We conducted a large-
scale user study (n = 210) to explore how our proactive timeboxing 
and micro-fnancial incentives infuence users’ smartphone usage 
behaviors. Our fndings show that GoldenTime’s timeboxing based 
micro-fnancial incentives are efective in self-regulating smart-
phone usage, and incentive framing has a signifcant impact on 
user behavior. We provide practical design guidelines for persuasive 
technology design related to promoting digital wellbeing. 
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1 INTRODUCTION 
Behavior changes typically start with small, meaningful changes 
as popular habit formation books recommend [18]. As one of the 
serious societal issues, a lack of self-regulated usage of smartphones 
often involves frequent excessive usage or checking [35, 38], which 
considerably distract users’ everyday lives [31]. It would be im-
portant to break existing problematic usage habits while simul-
taneously establishing healthy ones. Goal setting theories for be-
havior changes showed that setting specifc and proximal goals 
with progress feedback and rewards would greatly increase the 
likelihood of goal achievement [47, 65]. The same principle can be 
applied to smartphone usage regulation. 

Problematic usage behaviors are associated with a lack of time 
management skills [20, 33, 68]. Well-known time management tech-
niques would be using timeboxing which allocates a fxed time 
slot (called a timebox) during which planned activity will be per-
formed. Smartphones as distractors in most cases can be considered 
in timeboxing rules such as limiting their usage for a given time 
slot. Self-limiting features have been widely supported in both 
commercial apps and research prototypes [50]. 

Existing self-limiting methods mostly presume user-initiated 
timeboxing whenever a user must enable self-limiting features to 
block potential distraction. While this approach ofers a great au-
tonomy to the user, prior studies warned a lack of user engagement 
over time [32, 49]. Designing sustained intervention engagement 
is critical for successful behavioral change. Recent studies explored 
several proactive (or system-initiated) intervention strategies with 
event-based triggering such as unlock event [34], app usage [67], 
and location [31]. As goal setting theories recommend, prior stud-
ies also leveraged behavioral reinforcement strategies [16] such as 
token bestowal (e.g., badges), social recognition (e.g., recognizing 
progress), and tangible rewarding (e.g., prize or money). In par-
ticular, fnancial incentives are generally considered as efective 
behavioral reinforcement [23]. 

In this work, we design and evaluate GoldenTime to explore the 
design space of system-driven timeboxing with micro-fnancial in-
centives for sustainable intervention engagement. A combination 
of timeboxing and micro-fnancial incentives creates a unique op-
portunity for reinforcing “small changes” (e.g., for a given hour, 
use your phone less than 10 minutes). Furthermore, we experiment 
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with “incentive framing” (e.g., gain or loss) to understand how fram-
ing afects continuous decision making for behavior changes. We 
iteratively prototyped GoldenTime and conducted a randomized 
controlled feld trial (control, gain, and loss groups) with n =210 for 
four weeks. We conducted a log-data analysis to show the efective-
ness (e.g., smartphone usage time, and successful timeboxes). In 
addition, we investigated user experiences of system-driven time-
boxing with and without micro-fnancial incentives. Our results 
showed that micro-fnancial incentives, when framed as loss, were 
more efective than the other cases. Furthermore, the overall pro-
cess of behavior evaluation and coping difers signifcantly, ranging 
from the demotivation process to the devaluation and revaluation 
process. Our fndings helped us to explore several practical de-
sign directions, such as considering context-awareness, exploring 
micro-fnancial incentive design space, and enabling data-driven 
actionable insights for self-refection. The key contributions of our 
study are as follow: 

• We designed and implemented GoldenTime, a smartphone in-
tervention app for promoting self-regulated usage behavior. 
GoldenTime was designed based on behavioral economics, 
self-regulation theory, and the results of prior empirical stud-
ies on smartphone regulation. 

• We quantitatively and qualitatively analyzed how diferent 
framing of a micro-incentive mechanism has a diferent efect 
on self-regulation over time by performing a large-scale 
between-subjects experiment in the wild (n = 210). 

• We provided empirical fndings and design implications on 
how smartphone interventions based on timeboxing and 
micro-fnancial incentives could help users to self-regulate 
their phone usage. 

2 THEORETICAL BACKGROUNDS AND 
RELATED WORK 

In this section, we include an overview of self-regulation theory 
and review how the theory has been applied to the prior studies on 
intervention design for smartphone usage regulation. In addition, 
we review how fnancial incentives and framing efects have been 
utilized in prior studies on behavior change. 

2.1 Smartphone Usage Regulation with 
Self-Regulation Theory 

Recent HCI studies have introduced various intervention systems 
that aim to regulate problematic smartphone usage (e.g., [24, 34, 37]). 
One of the most commonly used mechanisms to regulate smart-
phone usage is inducing self-regulated usage behavior by increasing 
self-awareness of usage behavior. The mechanism is grounded in 
self-regulation theory (SRT) [4], and existing studies have tried 
to verify the efectiveness by researching various intervention de-
signs based on smartphone use as a kind of self-regulation process. 
Self-regulation is a process of improving one’s behavior through 
unconscious or conscious eforts to achieve a target behavior to 
obtain a result that matches one’s original resolution. Bandura’s so-
cial cognitive theory [4] argues that self-regulation can be achieved 
through the following three stages—1) self-observation, 2) self-
judgment, and 3) self-reaction. Self-observation entails observing 
or tracking one’s own behavior. Self-judgment then evaluates the 

observed behavior based on individual, social and collective norms. 
If the behavior does not fulfll or meet desired standards, the be-
havior is corrected through the self-reaction process, leading to an 
action that matches the desired goal. 

Prior smartphone intervention studies have pointed a lack of self-
regulation as the main cause of one’s problematic behavior [40, 41] 
Based on this, they proposed intervention designs and tools to 
induce regulated usage by improving self-regulation. One of the 
key intervention methods is “usage tracking and visualization.” [48, 
58, 64] This feature facilitates self-monitoring by statistically vi-
sualizing a user’s phone usage history (e.g., daily usage time, app 
usage frequency, etc.). Usage tracking and visualization help users 
to recognize their own usage behavior. When users exceed their pre-
defned usage target limits, they provide feedback such as warning 
messages [24] or vibration [57] to enhance awareness. Monitoring 
and visualization techniques were used to promote mindfulness of 
use behavior through self-monitoring support. 

Recently, HCI researchers have begun to study intervention de-
signs that induce self-regulated behavior in smartphone use in a 
more restrictive and coercive way. The studies explored the efects 
of the “uncomfortable interactions” [5], a design mechanism that 
suggests that deliberately introducing discomfort to interactive 
experiences can be an important design tool that induces positive 
long-term goals. Studies that leveraged this concept have shown 
that minor discomfort or micro-boundary introductions [13] when 
users launch their phones can induce self-regulated behavior by 
increasing the user’s mindfulness. A variant of this study is tempo-
rary blocking or restriction of smartphone usage based on a user’s 
predefned rules (e.g., time/physical activity [46], location-based 
blocking [31]). For example, Kim et al. [32] studied the efects of self-
interruption management tools that restrict access to predefned 
non-productive applications in multi-device environments. The 
study designed “PomodoLock,” a software tool that utilizes time-
boxing to manage self-interruption in concentration mode initiated 
by the user. They verifed that PomodoLock improves users’ time 
management skills by reducing their self-interruption. Another 
intervention mechanism proposed by Kim et al. [34] intentionally 
redirects usage behavior by inserting a lockout task when an app 
that has been previously classifed as a black app is launched. This 
lockout task is an intentional inserted “gulf-of-execution” to delay 
the phone usage interaction. From the perspective of dual process 
theory, this design can be seen as a mechanism to induce self-
refection and judgment by moving the decision-making of usage 
behavior from System 1 to System 2, and efects of self-regulation 
have been proven through existing empirical studies. 

There were also studies on smartphone usage intervention using 
social tools and social support concepts [36–38]. Ko et al. used a 
strategy to induce regulated behavior by setting and sharing targets 
for limiting use among group members [38]. The study observed 
that users could come to an objective realization of their usage 
behavior and maintain the target behavior through the process 
of socially comparing and competing with their usage behavior 
(e.g., usage time). Lock n’LoL [37] is an intervention app designed 
to explicitly share usage time between group members, limiting 
the smartphone usage behavior together, and focusing on group 
activities. The app induces self-regulated behavior by providing 
social awareness about usage behavior through this “synchronous 
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restriction.” There were also studies that used social support in 
parent-child interaction [25, 36]. FamiLync [36] supports regulated 
behavior by using a public space where parents and children share 
usage information. Plan & Play enables self-regulation through 
a function that allows parents and children to plan and set goals 
for using the app together, and visualize their goal-setting [25]. 
The study showed that social support based on social learning and 
competition has a positive efect on smartphone usage regulation. 

Prior smartphone intervention studies have revealed that the 
user’s engagement with the intervention is crucial to sustaining 
the self-regulated usage behavior. According to these prior studies, 
one caveat of restrictive intervention is weakened user engage-
ment caused by user fatigue [34], as it inficts coercion upon users. 
In addition, passive monitoring and visualization tools have also 
been mentioned as factors that weaken the intervention efects [10]. 
Through empirical research, they emphasized the necessity of an 
intervention design that helps users to observe and recognize their 
usage behaviors and to maintain regulated behaviors [24, 37, 38]. In 
addition, existing persuasive interaction design studies mentioned 
that behavioral change is not a single action, but a process, empha-
sizing that it is a process of achieving the ultimate target behavior 
through micro-behavior changes [17, 56]. 

Based on the aforementioned background and the need for fur-
ther research, we propose GoldenTime, a mobile app that promotes 
self-regulated usage behavior via system-driven proactive timebox-
ing and micro-fnancial incentives framed as gain or loss for behav-
ioral reinforcement. GoldenTime leverages a timeboxing mechanism 
to enable real-time tracking of user’s self observation and recogni-
tion of their smartphone usage behavior (i.e., micro-usage behavior). 
In addition, the app provides fnancial incentives to reinforce regu-
lated behavior, thereby making users realize the monetary value of 
their usage behavior. Here, we defne a mechanism that provides 
fnancial incentives for the user’s self-regulated usage behavior (i.e., 
micro-usage behavior) in the time boxing-based proactive interven-
tion process as a “micro incentive mechanism.” 

2.2 Financial Incentives for Behavior Change 
2.2.1 Gain-Framed Incentives vs. Loss-Framed Incentives. In an at-
tempt to enhance self-regulation and reinforce positive behavior 
change, adding fnancial incentives to reward/punishment features 
in behavior change tactics or systems have been widely discussed in 
various contexts [50]. Financial incentives generally grant tangible 
rewards to decrease/abstain certain behaviors and increase/induce 
desired behavior [23]. These contingent incentives can be either 
framed as gain or loss. 

According to behaviorist theory [66], gain-framed incentives 
are related to positive reinforcement, ofering a reward once a de-
sired behavior/outcome is accomplished. This incentive scheme 
has been shown to be efective in diverse realms of behaviors (e.g., 
smoking cessation [69], physical activity [52], and weight loss [22]). 
In HCI studies, awarding virtual badges as an incentive to rein-
force behavior maintenance [19] or increase participation in social 
computing contexts [3] has been deployed. Agapie et al. [1] also ex-
perimented on awarding “cheat points,” in which badges are given 
for sustained use of a system. Other commonly studied contexts 
include crowd-sourced works and management [53] and proximal 

health interventions [2, 45], where ofering an incentive has shown 
to be efective in inducing desired behavior. 

Although most incentive schemes tend to ofer gain-framed in-
centives, inducing some feeling of loss in case of failure may be 
more motivating than rewarding the same amount (i.e., loss aver-
sion) [28]. This loss-framed incentive, a negative punishment that 
imposes a sense of loss or penalty once the desired outcome is 
not accomplished, has shown that framing the outcome of incen-
tives as a loss can increase initiation or change of behavior than 
gain-framed incentives in inducing one’s positive behavior change 
(e.g., smoking cessation [63]). While there have been wide applica-
tions and attempts that leverage gain-framed incentive in diverse 
behavior realms, HCI studies that exploit loss-framed incentives 
have been relatively unexplored. Rather, studies have suggested 
some concerns that a sense of loss may invoke a user’s attrition 
and abandonment of a behavior intervention system [9, 11]. 

Overall, to the extent of our knowledge, there was a lack of 
studies that quantitatively and qualitatively investigated how users 
perceive diferent incentive frames and how these design choices 
afect the way users interact with a behavior change intervention 
system. With GoldenTime, we seek to evaluate a thorough user 
experience through the lens of the self-regulation process and how 
these diferent frames afect one’s problematic smartphone usage. 

2.2.2 Micro-Financial Incentives for Behavior Change. Despite the 
well-known benefts of the aforementioned incentive schemes, 
these incentives are typically coarse-grained and distributed in 
bulk payments under a single milestone (e.g., at the end of research, 
upon the accomplishment of a target behavior) [55], making it dif-
fcult to track real-time changes in one’s behavior or make fexible 
adjustments along the way. To combat such challenges, ofering 
fexibility in terms of payment time, incentive types and the amount 
have emerged. This approach, also known as “Micro-Financial In-
centives,” sets several milestones for a target behavior (e.g., pro-
ductivity, physical activities) to encourage people to reach the next 
milestone and reward people. 

Recently, this fexible approach is being increasingly deployed in 
mobile-phone based user studies (e.g., awarding $1 for answering 
survey questions [12], participatory sensing [62]). Yamabe et al.’s 
study [70] also presented the efectiveness of activity-based micro-
fnancial incentive mechanisms to discreetly steer user behaviors 
toward desired patterns. Such results from past studies highlight a 
room for future research, suggesting micro-fnancial incentives as 
an important design feature that helps to create sustainable habit 
formation [62]. 

Despite such reported benefts, explorations on design spaces 
that leverage micro-fnancial incentives for positive behavior change 
have largely been unexplored. Particularly, to the best of our knowl-
edge, our study is the frst HCI research that attempts to understand 
the efectiveness of micro-fnancial incentives in conjunction with 
the usage of a system-driven timeboxing strategy. With our ap-
proach, we aim to study how a behavior intervention system that 
leverages diferent incentive framing afects smartphone usage and 
how micro-incentive based design infuences overall user experi-
ence in terms of positive behavior reinforcement. Towards these 
goals, we set the following research questions: 
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Figure 1: System-Driven Timeboxing Operation 

• RQ1: How do we design system-driven (or proactive) inter-
vention that promotes micro-behavior changes with micro-
fnancial incentives? 

• RQ2: Does micro-fnancial incentive based proactive inter-
vention and its framing have positive efects on self-regulating 
smartphone usage? 

• RQ3: How do system-driven intervention and incentive 
framing infuence usage behaviors and self-regulation strate-
gies over time? 

3 GOLDENTIME SYSTEM DESIGN (RQ1) 
In this section, we elaborate on the design components and the over-
all design process of GoldenTime to answer our following research 
question: RQ1: “How do we design system-driven (or proactive) inter-
vention that promotes micro-behavior changes with micro-fnancial 
incentives?” 

3.1 Exploring Design Space 
We aimed to explore design space of proactive intervention on 
smartphone overuse with fnancial rewards. We went through an 
extensive literature review of diverse realms of studies that include 
HCI, psychology, and behavioral economics. As a result, we came 
up with three main design components: timeboxing, micro-incentive 
mechanisms, and intervention operations. 

3.1.1 Timeboxing Design. We considered an intervention method 
that allows users to manage their smartphone usage time and behav-
ior by applying timeboxing, which is a time management technique 
that manages tasks or plans using a fxed timebox. As to timeboxing 
design, we considered its period, time limit, as well as initiative, 
and operating time to enable users’ continuous self-observation 
and recognition of their smartphone usage behavior. 

System-Driven Timeboxing. As mentioned above, it is critical 
to design an intervention system that sustains user engagement 
for efective control behavior. Despite the reported efects of the 
timeboxing technique, prior studies have also suggested that user-
initiated timeboxing (e.g., manual operation and scheduling [32]) 
has a limited impact on the maintenance of the desired behavior, 
as users can arbitrarily stop their behavior anytime. To provide 

efective intervention, we adopted a system-driven timeboxing, 
which automatically starts timeboxing regardless of users’ inten-
tions. System-driven timeboxing is designed to be initiated and 
updated every hour (e.g., 9 AM, 10 AM) to track users’ smartphone 
usage time and behavior. We initially set our timeboxing activation 
hours from 9AM to 6PM. Our frst design considered the working 
hours to minimize work distraction caused by smartphones. As 
shown later, a pilot study was later conducted to fnd the appropri-
ate activation hours. We decided to uniformly apply this timeboxing 
period to cover major daily activities; most phone usage occurs 
during working time and before sleep [14], and thus, applying this 
uniform period could capture major usage patterns. The fnally 
designed system-driven timeboxing is shown in Figure 1. 

Timebox Duration. We considered the timebox duration (pe-
riod) to support efective regulated usage. We set the timebox dura-
tion to one hour. This design was from prior studies that empiri-
cally used similar duration [31, 37, 38] as highlighted in Ko et al.’s 
work [38] on the time unit. Through the online survey, this study 
emphasized the need for a design that limits the usage for a certain 
period of time according to the users’ activity time, since limiting 
the usage time per day without the consideration of a user’s con-
text may disturb a user’s primary task; e.g., playing games in a 
classroom. Furthermore, a social support-based smartphone inter-
vention study [37] showed that users tended to plan their activities 
or tasks on an hourly basis and preferred automatic recharging 
of usage time allowance on an hourly basis to ofer fexibility in 
limiting usage behavior. 

Usage Time Limit. We designed the time limit in timeboxing to 
prevent too much time being distracted from by the primary tasks. 
We set the time limit to 10 minutes. This setting was from prior 
studies that used time limits 5 minutes [31, 37] or 10 minutes [38] 
per hour. Prior studies have empirically shown that such time re-
striction is efective in promoting regulated behavior and increases 
the fexibility of the intervention design as well. However, since 
each study had diferent target behavior and context (e.g., studying 
in the classroom [31] or social activities [37, 38]), we decided to 
evaluate and fnalize our confguration through a pilot study. 

3.1.2 Micro Incentive Mechanism. For incentives design, we con-
sidered the amount of an incentive and its framing as follows: 
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(a) Control Group (b) Gain Group (c) Loss Group 

Figure 2: Warning Messages 

(a) Control Group (b) Gain Group (c) Loss Group 

Figure 3: Fail Messages 

Financial Incentive Reward. We used a virtual concept of a 
coin, called Gold, as an incentive unit for our micro-incentive mech-
anism. GoldenTime rewarded 500 Golds when the user followed the 
time limit rule (i.e., 10 minutes) in a given time box. 500 Golds have 
a monetary value of approximately 5 cents in USD. This amount 
was chosen based on our pilot study. 

Incentive Payment Framing. We referred to existing stud-
ies on fnancial incentives for behavior changes (e.g., weight loss, 
smoking cessation [26, 51]) that leveraged the framing efect of 
incentives (gain vs. loss) [52, 63]. Framing was set as follows. In 
the gain framing, users were rewarded with 500 Golds for each 
successful time box. In the loss framing, users were given a fxed 
total amount of gold at the start day. If a user failed to regulate 
his/her smartphone usage time, 500 Golds were deducted for each 
failed time box. Total payment was identical for both the gain and 
loss groups. The maximum incentive amount for the three-week 
intervention period was approximately 16 USD. 

3.2 Intervention System Design 
Combining system-driven timeboxing and micro-fnancial incentive 
design, we designed the GoldenTime intervention system. In this 
process, two diferent micro-incentive mechanisms were designed. 
We hypothesized that the loss framing would be more efective 
in reinforcing the self-regulated smartphone usage behavior. This 
hypothesis was derived from the endowment efect and loss aversion 
of behavioral economics [28]. 

3.2.1 Intervention Operation. We considered a smartphone inter-
vention mechanism that operates under the system-driven time-
boxing. Existing empirical studies have emphasized the importance 
of continuous self-monitoring to maintain regulated usage behav-
iors and notifcations that can remind users of their target behav-
iors [31, 67]. According to the behavioral intervention technology 
model (BIT) [54], this is a behavioral strategy related to monitoring 
and feedback, which enables users to understand and realize their 
current state (i.e., the behavior of using smartphones) to achieve 
the target behavior. 

3.2.2 Intervention Feedback. We designed an intervention mecha-
nism that provides notifcation based on the 10-min time limit in 
the system-driven timeboxing design. Specifcally, a notifcation 
message was used to warn a user of the usage behavior, when the 
accumulated usage time elapses 9 minutes (notifying “1 min left”) 
and when the usage time elapsed 10 minutes (failure notifcation). 
In these two notifcations, vibration was sent together to maximize 
the efect of notifcation. A prior study found that vibration can be 
a “nudge” in the intervention process [57]. 

We designed a specifc warning message phrase to provide no-
tifcation messages, which were designed diferently according to 
an incentive frame. The purpose of a notifcation message was to 
provide warning of regulated usage behavior failure through micro-
fnancial incentives. Therefore, we designed a warning message as 
failure of micro-incentive acquisition (gain framing) or deduction of 
micro-incentive (loss framing). In other words, the gain mechanism 
provided a warning message for gold acquisition failure due to 
regulation failure, and the loss mechanism provided a prepaid gold 
deduction warning message to the user. The notifcation messages 
with two framings are shown in Figure 2 and 3. 

3.3 Iterative Design Process 
We performed rapid iterative prototyping to fnalize and imple-
ment the GoldenTime mobile app design. All the pilot studies were 
performed in-the-wild (1st: 3 days, 2nd: 4 days, 5 days for each 
round, 3rd: 2 weeks). In the initial pilot study, four participants 
(two females, age: M = 25.50, SD = 1.66) were asked to test a paper 
prototype and provide feedback on overall interface design. 

Two pilot studies with the high-fdelity prototypes were con-
ducted and surveys and interviews were used to assess timeboxing 
features and appropriateness of an incentive amount. A total of 12 
users (one female, age: M = 24.50, SD = 2.90) participated in this 
experiment. In the exit survey, most of the participants (n = 10, 83%) 
evaluated that the system-driven timeboxing design was efective 
in regulating usage behavior (M = 3.78, SD = 0.85). They mentioned 
that warning notifcations under the system-driven timeboxing are 
convenient as the design feature allows automatic and continu-
ous tracking of their usage behavior. As to timeboxing operating 
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(a) Control Group (b) Gain Group (c) Loss Group 

Figure 4: Real-time Notifcations 

(a) Control Group (b) Gain Group (c) Loss Group 

Figure 5: Daily Notifcations 

hours, eight participants mentioned that it needed to be adjusted, 
considering that most problematic phone use was concentrated 
from evening to dawn (before sleep). From the feedback, we de-
termined to adjust the timeboxing hours from 9AM to 2AM (next 
day). Meanwhile, 11 participants evaluated that the micro-incentive 
amount level and unit setting were appropriate for reinforcing their 
self-regulated usage behavior (M = 4.17, SD = 0.60). 

The fnal pilot study was conducted with six participants (three 
females, age: M = 24.83, SD = 1.77) to evaluate the stability of the 
fnal prototype. As a result, the following design change was made 
after three pilot studies: intervention periods (9 AM – 6 PM to 9 
AM - 2 AM). 

3.4 GoldenTime System Description 
We implemented the GoldenTime system based on our design explo-
ration. GoldenTime is composed of 1) Warning Notifcation Feed-
back, 2) Real-time Usage Feedback, 3) Daily Notifcation Feedback, 
and 4) Usage Statistics Dashboard in terms of system components. 
For a feld experiment, we built three diferent versions of the Gold-
enTime system: 1) control, 2) gain framing, and 3) loss framing. 

GoldenTime runs on Android phones with operating system ver-
sion 8.0.0 (Oreo) or higher. 

3.4.1 Warning & Fail Notification Feedback. As shown in Figure 2, 
GoldenTime provides an hourly-based pop-up message that warns 
users of the elapsed usage time, 9 and 10 minutes, respectively. The 
pop-up message included diferent content for each of the three app 
versions. Figure 3 shows that the prototypes for the two experimen-
tal groups (i.e., gain and loss) included incentive acquisition failure 
or deduction statements, and the control prototype included regu-
lation failure warning. All versions of warning and fail notifcation 
feedback were accompanied by vibration feedback as well. 

3.4.2 Real-time Notification Feedback. GoldenTime supports users 
to check their usage statistics real-time via Real-time Notifcation 
Feedback (see Figure 4). Real-time Notifcation Feedback displays a 
user’s usage time (i.e., elapsed time) within the timebox using the 
Android notifcation bar. To display information related to regulated 
usage behaviors, daily and overall statistics of timeboxing were 
presented. Timeboxing status was updated every hour. Real-time 
Notifcation Feedback for the control group was given information 
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(a) Control Group (b) Gain Group (c) Loss Group 

Figure 6: Dashboard 

on the current status of successes and failures (i.e., counts of each 
instance). In addition, the Real-time Notifcation Feedback for the 
incentive groups was shown the amount of incentives earned or 
deducted up to date. 

3.4.3 Daily Notification Feedback. Users received feedback on the 
amount of usage time a day before at the beginning of daily time-
boxing (i.e., 9AM) (see Figure 5). In this process, the three versions 
provided diferent Daily Notifcation Feedback. The Daily Notif-
cation Feedback of the control group provided information on the 
number of regulation success and failure, and the Daily Notifcation 
Feedback of the two incentive groups provided information on the 
status of incentives. Gain framing’s Daily Notifcation Feedback 
showed the total amount of incentives earned up to yesterday and 
the amount of incentives earned during the day yesterday. Loss 
framing’s Daily Notifcation Feedback showed the total amount of 
incentives deducted up to yesterday and the amount of incentives 
deducted during the day yesterday. 

3.4.4 Usage Statistics Dashboard. GoldenTime provided Usage Sta-
tistics Dashboard, a visualization interface for users to check usage 
statistics (see Figure 6). The usage statistics information basically 
included the daily usage time and the number of regulation success 
and failure. The version of the Usage Statistics Dashboard for both 
incentive groups also included incentive (i.e., gold) status infor-
mation. The version of the Usage Statistics Dashboard for Gain 
framing showed the amount of incentive earned, and the Usage 
Statistics Dashboard for Loss framing showed the incentive amount 

deducted from the total amount of incentives paid in advance. Gold-
enTime supports users to navigate past usage records by using the 
Android’s Calendar control. 

4 EXPERIMENT DESIGN 
We conducted a 4-week in-the-wild deployment experiment with 
210 participants to investigate how the proposed GoldenTime app 
afects self-regulated usage behavior. Specifcally, our main con-
cerns are 1) whether micro-incentive based proactive intervention 
and its framing have efect on self-regulating smartphone usage 
(RQ2), and 2) how system-driven intervention and incentive fram-
ing infuence usage behaviors and self-regulation strategies over 
time (RQ3). 

4.1 Methods 
We tried to fgure out how diferent micro-incentive mechanisms 
have diferent efects on regulated usage behavior. To this end, we 
conducted a randomized controlled trial. We designed a between-
group experiment by randomly assigning the participants into con-
trol group and two experimental groups (i.e., gain and loss). We 
provided the control with a version of the GoldenTime app to which 
the micro-incentive mechanism was not applied. Since this app did 
not provide micro-incentives, we did not include any incentives 
information in all UIs. Instead, the notifcation message contained 
some warning phrases to alert regulation failure. 

The experiment was conducted for 4 weeks with 1 week baseline 
period and 3 weeks of the intervention period. All three groups 
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received no intervention during the baseline period, and they ex-
perienced diferent intervention methods during the intervention 
period. To compare smartphone usage behavior before and after 
the intervention, we collected smartphone usage log data for all 
the periods. After the experiment, we performed a follow-up sur-
vey and semi-structured interview to understand their experience 
using the GoldenTime app. The interview questionnaire was com-
posed of questions about the efects of GoldenTime’s features (e.g., 
micro-incentives mechanism) on self-regulation and its reason. The 
purpose of the exit survey was basically to evaluate the usability of 
GoldenTime. We also included the interview questionnaire items 
into the survey items to analyze the intervention experiences of 
those who did not participate in the interview. Our study was ap-
proved by the university’s Institutional Review Board (IRB) and 
was conducted with participants’ written consent. 

4.2 Participants 
We frst calculated the sample size to ensure the statistical signif-
cance of the experimental results. To compare and analyze the mean 
diference for each period of the three groups, we set the efect size 
to 0.25 (i.e., Cohen’s f medium efect size), and the signifcance 
level and power value were set to 0.05 and 0.95, respectively. The 
sample size calculated using G*Power [15], the most reliable tool 
used to calculate statistical power was 159. We decided to recruit 
more than 200 participants, factoring a dropout rate of 10–20%. 
The scale is similar to the existing fnancial incentive experiment 
studies [59]. 

We recruited participants through online communities and por-
tals of two large universities. To determine the precise selection 
criteria, we used the transtheoretical model (TTM) [61] to describe 
the phase of behavior change. We chose those volunteers whose 
TTM levels were stage two (considering reduction) or stage three 
(ready to reduce smartphone use) in the recruitment. After this 
initial screening, we randomly assigned selected participants. 

From a total of 284 volunteers, 223 of them were screened through 
the screening process (77 females, age: M = 24.07, SD = 2.88) and 
selected as participants. Our demography analysis revealed that no 
statistical signifcance was observed across three diferent groups 
in terms of 1) mean age: F(2, 222) = .336, p = .715, and 2) sex ratio: 
χ2(2, N = 223) = .18, p = .991. 

4.3 Procedure 
We had an orientation to explain how to proceed with the exper-
iment. Participants were briefed on the experimental guidelines, 
including a description of the data to be collected during the exper-
iment. We had the following cases of dropouts in the orientation: 
1) iPhone users (n = 7) were excluded as they falsely reported their 
device as Android for the participation, and 2) six refused to join 
due to privacy concerns (e.g., usage tracking). After the orientation, 
210 participants fnally joined the experiment. 

We collected participants’ smartphone usage logs during all peri-
ods. To confrm the data collection rate, we checked the database in 
real time to check the participants’ data collection progress. In this 
process, we tried to resolve the problems by sending emails and 
messages to contact individual participants who had issues with 
data collection. After the end of the experiment, all participants 

were asked to perform an exit survey for the GoldenTime app expe-
rience. In addition, we randomly selected 30 participants (10 per 
group) and conducted an in-depth interview on their experiences. 

During the 4-week experiment, a total of 141,120 timebox in-
stances were collected from 210 participants. In the process of 
data analysis, we found 5 participants whose usage logs were very 
unusual (e.g., no phone usage for a week). We regarded them as 
outliers and excluded them from data analysis. As a result, we in-
cluded only the data of a total of 205 participants (Control: n = 68, 
Gain: n = 68, Loss: n = 69). 

4.4 Data Analysis Methods 
The purpose of our study was to compare and analyze how dif-
ferent micro-incentive mechanisms have diferent efects on self-
regulation over time. In order to quantitatively compare the three 
mechanisms (along with the baseline), we used two metrics from 
the collected smartphone logs: a daily average of 1) smartphone 
usage time and 2) regulation success count. 

In our experiment, the intervention was given only during time-
boxing operating hours (9AM–2AM). When calculating the reg-
ulation success count, we decided to consider the entire day (i.e., 
beyond the timeboxing operating hours), because we wanted to 
understand how GoldenTime afected phone usage throughout the 
day. To measure the number of regulation success, we counted 
cases where the usage time was less than 10 minutes per hourly 
timebox. Since our timeboxing intervention was based on the time 
limit of using less than 10 minutes per hourly timebox, we regarded 
such a case as regulation success. For a given day, the regulation 
success count could be at most 24. For statistical analyses, we used 
a mixed ANOVA to determine whether any change in daily smart-
phone usage behavior measured by the metrics is the result of 
the interaction between the group (i.e., Control, Gain and Loss; 
that is, the intervention type, which is the between-subjects factor) 
and period (i.e., the within-subjects factor, consisting of four-time 
periods). 

We also tried to understand how user experiences for diferent 
micro-incentive mechanisms had efects on the regulation. Through 
our thematic analysis of interview data and exit survey [7], we in-
vestigated the following: 1) overall experience using GoldenTime, 
2) refection on problematic smartphone use, and 3) changes after 
using GoldenTime. Two authors collaboratively performed con-
tent analysis using ATLAS.ti Cloud. In this process, each author 
performed creating codes for each point. Thematic analysis using 
afnity diagramming was performed repeatedly until all authors 
reached consensus. 

5 RESULTS 
We describe the experimental data analysis results to answer our re-
search questions: RQ2: Does micro-fnancial incentive based proactive 
intervention and its framing have positive efects on self-regulating 
smartphone usage? and RQ3: How do system-driven intervention 
and incentive framing infuence usage behaviors and self-regulation 
strategies over time? Exit survey and interview data were analyzed 
along with smartphone usage log. 

https://ATLAS.ti
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Figure 7: Daily Average of Smartphone Usage Time (Baseline vs. Intervention) 
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Figure 8: Daily Average of Smartphone Usage Time by Period 

5.1 Efects on Regulated Usage (RQ2) 
As mentioned in section 4.4, we compared the diferences between 
groups over time using two metrics: 1) a daily average of smart-
phone usage time (SUT), and 2) a daily average of regulation success 
count (RSC). 

5.1.1 Daily Average of Smartphone Usage Time (SUT). We frst 
compared and observed how SUT was changed for each group to 
investigate the intervention efect. Descriptive statistics showed 
that SUT overall decreased during the intervention period in all 
three groups as shown in Figure 7 and 8; Control (Baseline: M = 
374.56, SD =101.53; Intervention W1: M = 333.07, SD = 101.03; Inter-
vention W2: M = 339.69, SD = 100.08; Intervention W3: M = 356.43, 
SD =116.32), Gain (Baseline: M = 390.97, SD =82.85; Intervention 
W1: M = 310.06, SD =129.84; Intervention W2: M = 321.37, SD = 
120.83; Intervention W3: M = 326.75, SD = 135.30), and Loss (Base-
line: M = 387.80, SD = 141.96; Intervention W1: M = 242.65, SD = 
89.30; Intervention W2: M = 257.09, SD = 92.36; Intervention W3: 
M = 258.06, SD = 88.43). 

A mixed ANOVA with a Greenhouse-Geisser correction deter-
mined that there were signifcant diferences across the four-time 
periods, F(2.27, 458.21) =77.74, p < .001, η2 = .28, and signifcant 
diferences between groups, F(2, 202) = 8.96, p = .001, η2 = .08, in 
SUT. There was also a signifcant interaction efect between period 
and group, F(4.54, 458.21) = 11.05, p < .001, η2 = .10. Following up 
this interaction indicated that SUT of control was signifcantly re-
duced from baseline to the frst treatment week (Mean diference = 
41.49, SE = 12.79, p = .008) and the second treatment week (Mean 

diference = 34.87, SE = 12.75, p = .041). However, the mean difer-
ence with the third treatment week (Mean diference = 18.13, SE = 
14.02) was not signifcantly diferent from the baseline. SUT of two 
incentive groups decreased at all treatment periods compared with 
the baseline, all of which were signifcantly diferent. In the Gain, 
mean diference compared with the baseline was 80.91 (SE = 12.79, 
p < .001) at the frst week of treatment, 69.60 (SE = 12.75, p < .001) 
at the second week of treatment, and 64.22 (SE = 14.02, p < .001) at 
the last week of treatment. In the Loss, each mean diference was 
145.15 (SE =12.69, p < .001), 130.71 (SE = 12.65, p < .001) and 129.74 
(SE = 13.92, p < .001), respectively. 

We further performed post hoc analysis of multiple compar-
isons of each group by period using the Bonferroni correction. The 
analysis revealed that there was no signifcant mean diference 
between groups at baseline. However, there were signifcant dif-
ferences between the Loss and others in all treatment periods. In 
the comparison of the Gain and Loss, the diference of SUT was 
67.41 (SE = 18.45, p < .001) at the frst week of treatment, 64.28 
(SE = 17.95, p = .001) at the second week of treatment, and 68.69 
(SE = 19.63, p = .002) at the last week of treatment. The diference 
between the Control and the Loss for each treatment period was 
90.42 (SE = 18.45, p < .001), 82.60 (SE = 17.95, p < .001), and 98.37 
(SE = 19.63, p < .001), respectively. Meanwhile, in the comparison 
of the Control and Gain, there was no signifcant diference in SUT 
for each period. The diference between the Control and the Gain 
for each treatment period was 23.02 (SE = 18.52, p = .646), 18.32 (SE 
= 18.02, p = .931), and 29.68 (SE = 19.70, p = .400), respectively. 
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Figure 9: Daily Average of Regulation Success Counts (Baseline vs. Intervention) 
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Figure 10: Daily Average of Regulation Success Counts by Period 

5.1.2 Daily Average of Regulation Success Counts (RSC). We also 
analyzed how RSC was changed over time for each group. Descrip-
tive statistics showed that the daily average of SUT overall increased 
during the intervention period in all three groups as shown in Fig-
ure 9 and 10; Control (Baseline: M = 12.66, SD = 2.47; Intervention 
W1: M = 13.94, SD = 2.93; Intervention W2: M = 13.52, SD = 2.73; 
Intervention W3: M = 13.34, SD = 3.04), Gain (Baseline: M = 12.12, 
SD = 1.85; Intervention W1: M = 14.97, SD = 3.88; Intervention W2: 
M = 14.25, SD = 3.63; Intervention W3: M = 13.78, SD = 3.18), and 
Loss (Baseline: M = 12.58, SD = 3.00; Intervention W1: M = 16.48, 
SD = 3.71; Intervention W2: M = 15.70, SD = 3.95; Intervention W3: 
M = 15.71, SD = 3.73). 

A mixed ANOVA with a Greenhouse-Geisser correction showed 
that there were signifcant diferences across the four-time periods, 
F(2.31, 467.92) = 64.98, p < .001, η2 = .269, and signifcant difer-
ences between groups, F(2, 202) = 7.12, p < .001, η2 = .069, in RSC. 
There was also a signifcant interaction efect between period and 
group, F(4.63, 467.92) = 8.78, p < .001, η2 = .069. Following up this 
interaction indicated that there was no signifcant diference be-
tween groups at baseline and the control group was not signifcantly 
changed from 2 weeks of treatment. On the other hand, the mean 
scores of the other two groups increased at all treatment periods 
compared with the baseline, each of which is signifcantly diferent. 
In the Gain, the mean diference compared with the baseline was 
2.85 (SE = .38, p < .001) at the frst week of treatment, 2.13 (SE = .38, 
p < .001) at the second week of treatment, and 1.66 (SE = .38, p < 
.001) at the last week of treatment. In the Loss, each mean diference 

was 3.90 (SE = .38, p < .001), 3.12 (SE = .37, p < .001) and 3.13 (SE = 
.38, p < .001), respectively. 

From the multiple pairwise comparison of groups, we observed 
that the mean score of Loss was signifcantly diferent from those 
of other two groups over the entire treatment period. In the com-
parison of the Gain and Loss, the diference of RSC was 1.51 (SE = 
.60, p = .04) at the frst week of treatment, 1.47 (SE = .60, p = .047) 
at the second week of treatment, and 1.93 (SE = .57, p = .003) at the 
last week of treatment. The diference between the Control and the 
Loss for each treatment period was 2.54 (SE = .60, p < .001), 2.18 
(SE = .59, p < .001), and 2.37 (SE = .57, p < .001), respectively. In the 
comparison of the Control and Gain, there was no signifcant difer-
ence in RSC for each period. The diference between the Gain and 
the Control for each treatment period was 1.03 (SE =.61, p = .272), 
0.74 (SE = .60, p = .656), and 0.44 (SE = .57, p = 1.00), respectively. 

5.2 User Perception and Behaviors for 
Self-Regulation (RQ3) 

To understand how our GoldenTime afected users’ perception and 
their actual smartphone usage regulation, we set out the following 
sub-RQs in relation to well-known processes of self-regulation 
theories. 

• (RQ3-1) : What are the users’ perceived problematic usage 
behavior under system-driven timeboxing strategy/design 
and what are the key factors that contribute to such behavior 
evaluations? 
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• (RQ3-2) : What are the users’ coping strategies under system-
driven timeboxing strategy/design? 

• (RQ3-3) : How does incentive framing afect the user’s be-
havior evaluation and coping strategies? 

5.2.1 RQ3-1: Perceived Problematic Usage and Contributing Factors. 
Overall, participants from all three groups (control, gain, and loss) 
responded that using timeboxing and real-time notifcation bar 
design made them refect upon their habitual phone usage or pat-
terns. Participants also reported this refection process had become 
their barometer of self-judgment, as they constantly monitored 
their current success/failure status based on timeboxing and real-
time notifcation. Here, we categorize two types of problematic 
behaviors commonly reported by users. 

Habitual unlocking/checking certain apps (n = 126, 61%). 
One commonly reported type of problematic smartphone usage 
was habitual unlock or checking of certain apps when the usage 
is not perceived necessary. P21 stated, “I found myself just unlock 
and press anything unconsciously, as if in class!” P2 also reported, 
“ I would just check my Instagram and Facebook when it was not 
necessary.” 

Addictive/Unbreakable media usage (n = 121, 59%). Severe 
indulgence in media consumption was another often-reported prob-
lem. For example, P13 stated his/her concerns, “I have this habit... 
At the library I would decide to take a short break watching YouTube 
or Facebook videos, but once I get into it, you know, the break takes 
forever.” P16 also noted, “Streaming services like YouTube or Netfix... 
You can’t stop once you start!” 

In explanation to the aforementioned behaviors, we found that 
the following three aspects may have contributed to participants’ 
realization of their problematic smartphone usage—Distraction, Cost 
and Norm. 

Feeling Distracted (n = 91, 44%). Participants perceived their 
problematic usage when their current task or planned task being 
postponed or distracted due to smartphone use. Types of distraction 
include direct distraction and indirect distraction. Direct distrac-
tion refers to a situation in which a participant fnds difculty 
concentrating on his/her current primary task (e.g., studying). For 
example, P3 noted, “I was just browsing through Instagram and the 
alarm would pop up... That’s when I realized I was having trouble 
concentrating.” P22 also stated, “When the 9-minute alarm pops up, I 
would then realize I was spending too much time on this.” Indirect 
distraction refers to a situation in which one’s smartphone usage 
would afect planned or future tasks. P6 said, “The alarm message 
that I received before going to bed would remind me of the meeting 
and all the to-do’s of the next day, which helped me to control my 
usage.” Similarly, P15 reported by saying “Especially, I liked the 
alarm message before going to bed. It felt as if the system would slip 
in and say, ‘Hey, you’d better go to bed now. You’ve got things to 
do tomorrow!’ I liked the fact that it was throwing red fags at me 
whenever I was using it too much.” 

Realizing Costs and Risks (n = 139 , 68%). Smartphone usage 
incurred costs and risks. Types of perceived costs and risks reported 
by users were time, health and potential danger. Time was the most 
commonly reported perceived cost. Users generally refected upon 
their problematic usage as they observed their time wasted on 
smartphones. P1 stated, “As I could see how much money is deducted, 

I could also fnd out how much time is wasted. This helped me a lot 
facing my problem.” P19 also responded, “I could see how much time 
I just wasted away by looking at the dashboard.” 

Realizing health issues due to smartphone overuse (e.g., fatigue, 
pink eyes) has afected one’s judgment. For example, P29 said, “I 
usually watch tons of videos before I go to bed, but this popup message 
kind of alerted me! It felt as if it was telling me, ‘You’ll get pink eyes 
again!’. Oh, I also knew my smartphone use was a problem as I always 
felt ‘Oh I’m going to be so tired when I wake up tomorrow’.” P11 stated, 
“You see, it is really bad for your eyes if you use your smartphone with 
the lights of. Oh, and you’ll get cross-eyed if you lie on your side and 
use your smartphone. I knew this all along but would always ignore 
it anyway. GoldenTime made me aware of all these side-efects.” 

Participants realized their problematic smartphone usage when 
they were exposed to potential danger due to indulging in phone 
use (primarily occurs while performing certain behavior or primary 
tasks). For example, P29 reported, “I would often check my phone 
while driving. I know that I’m not supposed to do that. So when 
the popup message appeared, I thought I should stop checking my 
phone.” Another similar response from P30 stated, “I felt like getting 
a warning as I was walking down the street sending texts. I thought, 
‘Maybe I should stop and send the rest as I get to that building.”’ 

Violating Norms (n = 31, 15%). Users would also perceive their 
problematic usage when their self-set rule or social norm were 
violated in their daily lives. Norms can be either personal or social. 
For personal norm, P27 said, “I felt bad that my plans fell through 
as I watched YouTube clips in a row.” P21 reported, “I would try 
to control myself once I realized that I broke my rule, thinking ‘Oh, 
I was not supposed to watch Youtube around this time of the day!” 
Social norms would include instances that involved interaction 
with others. For example, P24 said, “I think the biggest problem was 
that I would always use my phone in the dark while my roommate 
was sleeping...” Another reported answer from P30 mentioned, “I 
felt sorry for people who were looking for empty spots in the cafeteria 
as I was goofng around with my phone.” 

5.2.2 RQ3-2: Coping Strategies. To deal with one’s perceived prob-
lematic smartphone usage, participants would take the following 
coping strategies. Reported strategies can be largely categorized 
into following cases: use and non-use. 

‘Use’ Strategy (n = 141, 69%). ‘Use’ refers to cases in which 
participants would come up with self-set disciplines to manage 
their problematic usage, but still use smartphones. Disciplines in-
clude smartphone usage time restriction/regulation or app usage 
rule/strategy. 

Smartphone usage time restriction/regulation refers to one’s 
attempt to control i) total time spent using a smartphone or ii) 
allocating a specifc time slot for smartphone usage. As to usage time 
restriction/regulation, P23 said,“I would plan how much time it would 
take to complete certain tasks and try to ft into that schedule (i.e., 
10-minute restriction).” Another interesting thing to note from the 
interview was that some participants would deliberately fnd media 
consumption that would take less than 10 minutes. For example, 
P14 said, “As I tried to restrict my usage time, I would avoid clips 
that would take longer than 10 minutes.” As to timezone strategy, 
P2 mentioned, “ I would just quit watching streaming services while 
I was studying or in the middle of doing something. You know these 



CHI ’21, May 8–13, 2021, Yokohama, Japan Joonyoung Park, Hyunsoo Lee, Sangkeun Park, Kyong-Mee Chung, and Uichin Lee 

activities are meant to take such a long time, so I would just make time 
for this. Besides this time, I just made a resolution not to watch these 
services.” P22 would say, “I think it sort of created a habit of using my 
phone only during the certain time period of the day. I thought, ‘It’s 
actually quite okay not to use my phone. . . nothing actually happens!’ 
You know, 10 minutes is more than enough for urgent messages and 
you can always take a detour, your laptop!” 

Examples of app usage rule/strategy include eforts to restrain 
the counts of app contents that a participant plans to consume 
or take only limited use of an app (e.g., only consuming news 
contents). Eforts to restrain the counts of app contents would 
include following examples: “I would decide how many video clips I 
would watch before going to bed and turn of my phone right away! 
(P6), and “Binge-watching cartoons... that takes forever. Considering 
that I had to watch until episode 100, I would set 10, 20 episodes a day. 
(P21). Selective use of an app would include the following instances: 
“I tried to use only English dictionary and Google search during class” 
(P9) and “I used to check every single status update of my friends and 
send texts. . . but I decided not to. I told myself that I would only text 
back to urgent messages during class” (P12). 

‘Non-Use’ Strategy (n = 94, 46%). Non-Use strategy, as its name 
indicates, aims for a complete non-use of a phone. The strategy 
includes ‘Preventive/Block method’ and ‘Physical Non-Use’. Pre-
ventive/block method includes refusing to receive notifcation of 
certain apps or turning of the smartphone. For example, P13 men-
tioned, “I would just turn of my Facebook notifcations before I go 
to class, otherwise I knew I would just use my phone. P14 said, “In 
the case of non-use, I would keep using it when it was urgent or there 
were things I really needed to say... But most of the time I would turn 
of my notifcations. Participants also resorted to ‘Physical non-use’ 
strategy by placing their smartphones distant from their current 
locations. “I would just leave my phone or have it charged somewhere 
else when I was eating”, said P1. Another strategy included turning 
to an alternative to restrain smartphone usage (e.g., exercise). “I 
think this really helped me stop using my smartphone when it was 
not necessary. I would tell myself like, ‘Let’s just do something else.. 
Maybe I could read books, study harder or do some exercise.’ I think I 
tried to act more consciously.” (P1) 

Despite the aforementioned positive efects, some participants 
attempted a detour (e.g., using a laptop or other devices) to avoid 
using GoldenTime. For example, P23 noted, “I would use PC chat 
instead of using smartphones.” 

5.2.3 RQ3-3: Evaluation and Coping Process. We compared the 
overall process of behavior evaluation and coping among diferent 
groups. We found diferent patterns across groups: (1) control group 
with the demotivation process, (2) gain group with the devaluation 
process, (3) loss group with the revaluation process. 

Control Group: “Demotivation Process” In the frst half of 
the intervention period, the experience of success or failure in 
self-regulation helped participants to self-regulate usage behaviors. 
However, as time passed, its efect waned. The major reason was 
that the motivation of self-regulation had weakened. Participants 
often mentioned that it was because there were no rewards or 
penalties whatsoever regarding the behavior of either successful 
or failed self-regulation. One participant said, “as it was noted as a 
failure in self-regulation, I guess there was a bit of a psychologically 

suppressive efect of so. Surely, as I kept using it since supposedly 
no penalties were imposed, my will weakened and the resolution for 
self-regulation slightly loosened.” (P21). 

Another reason was that their response toward intervention had 
turned dull. They stated that as they got used to the intervention 
process that lasted repetitively, the response to this had turned 
dull, and ended up ignoring the intervention. One participant said, 
“as time went on, the notifcation alarm turned dull to the point of 
exceeding 10 minutes so it crossed my mind that even if I fail, it comes 
up again.” (P29). 

As we approached the latter half of the intervention, the coping 
strategies also loosened up a bit more, in comparison with the for-
mer half. In the frst half, participants tended to set up specifc usage 
plans and strategies focused on the usage time or success/failure 
frequency. One participant said, “in the frst half of the experiment, 
there were tons of stimuli while viewing the usage time or the number 
of successful self-regulation. As I hit upon the idea that I should do a 
bit better today than yesterday or tomorrow than today and so forth, 
I clearly set and abided by the usage time range but, I guess, I lost 
tension. Afterward, I degenerated, thinking since I withstood it fve 
times. That is, I succeeded in self-regulation fve times, no bones are 
broken. It’s okay.” (P24). 

Gain Group: “Devaluation Process” The prevailing responses 
related to the monetary value concerning successful timeboxing 
were represented by a sense of achievement and self-efcacy. Partici-
pants mentioned that the sense of achievement due to the successful 
self-regulation and self-efcacy (i.e., a positive feeling that an in-
centive was obtained by endeavoring for self-regulation) boosted 
their self-esteem. One participant mentioned, “It was great to feel a 
sense of accomplishment and being rewarded. It was brought home 
to me that time is money. As I abstain myself, I make a name in the 
world and mint money.” (P12). 

The psychological process that infuenced the perceived mone-
tary value related to failed self-regulated behavior was the regret of 
missing or wasting golds. However, this process manifested a more 
complex aspect, showing two opposite reactions to failures. Those 
users, who embraced the sense of regret towards and feeling of hav-
ing wasted the missed gold as part of self-refection, were awakened 
to the price one has to pay concerning failure in self-regulation and 
highly evaluated the monetary value of failures. One participant 
mentioned, “I missed gold... [I] felt reluctant to give up on it. I felt 
it was a waste, as I hooked up the wasted time with bucks. I fashed 
through my mind I should do better next time” (P14). In contrast, the 
users, who embraced the missed gold as a ‘one-time opportunity 
missed in an infnite stream of rewards, showed a tendency of self-
rationalization towards failed self-regulation behavior. As a result, 
the monetary value associated with phone usage is devalued over 
time. One participant said, “although I funked in self-regulation one 
day since I can earn again by doing self-regulation in the following 
day and the lost amount is negligible. This much is no big deal.” (P16). 

The gain group users showed a tendency to set up plans and 
strategies of self-regulation usage behavior to earn gold. They 
mainly set a gold earning goal on a daily basis and freely regu-
lated usage within the possible range of achieving the goal. One 
participant said, “You earn money, using the app. So it brings an ob-
jective. ... Let me earn at least this much” (P13). Another participant 
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said, “I resolved to fll 10 golds [in the notifcation bar gold image] ev-
ery single day.” (P19). As time passed by, we observed two diferent 
attitudes on the monetary value related to the failed self-regulation 
behaviors, which had a signifcant infuence on coping strategies. 
Through failure in self-regulation, those users who realized the cost 
of or price one must pay for the problematic usage behavior strived 
for self-regulation by raising the goals (e.g., raising the gold earning 
goal) to make up for lost golds. One participant said, “while viewing 
the daily notifcation, since I’ve earned this much yesterday, how 
about earning a bit more today? I set and jot down the goals likewise” 
(P13). In contrast, those who perceived the incentive mechanism 
as “an infnite opportunity” for gold mining devalued the cost of 
failures like those users in the control group; and thus, their coping 
strategies gradually waned. One participant said, “feasting my eyes 
on the amassed gold in the meantime, I got slightly loose later on. 
Since I could earn golds later despite failures, I came to use my phone 
more resiliently and set goals in an easygoing fashion like that” (P18). 
Another participant stated, “towards the latter half, my will and en-
thusiasm declined and got insensible towards [warning] notifcations. 
My need for self-regulation died down since I didn’t feel the amount 
of gold that was being piled up wasn’t big against not using the phone 
by self-regulation.” (P18) 

Loss Group: “Revaluation Process” Loss framing gradually 
formed a mental model of “usage fee,” meaning that successful self-
regulation resulted in guarding pre-assigned monetary rewards, 
and this also brought a sense of relief and self-efcacy. This for-
mation process guided participants to reevaluate the monetary 
value associated with each timebox, and this led them to be self-
conscious about their usage behaviors and plan more elaborate 
coping strategies for self-regulation. Users gradually embraced the 
sense of loss toward the gold deducted, and self-refection regard-
ing the problematic usage behavior helped them to realize the cost 
of self-regulation failures. This process guided our participants to 
revaluate the monetary value of a timebox. 

Participants learned a sense of loss with “ deducted gold.” One 
participant said, “as the deduction kept repeating, at some point I 
thought every single usage behavior all entailed a price that had to be 
paid. Just like many a little makes a mickle... That’s why I practiced 
further caution/prudence in usage behavior.” (P7) Another participant 
commented, “It was an amazing experience. I usually won’t be able to 
pick up a 50-won coin [approx. a nickel] fallen on the street; however, 
now that I was about to take of 50-won in exchange for using the 
app. Mindfully, I exercised self-regulation. And overtime, the deducted 
amount kept accumulating, and I realized the price I had to pay was 
greater than I thought.” (P19). In addition, successful self-regulation 
brought relief as one participant said, “when the gold icon (on the 
notifcation bar) was full, I felt a sense of relief. I felt something like I 
pulled it of. I fought well to save it” (P5). 

In general, the loss group tended to set up plans and strategies of 
self-regulation behavior centered on the amount of usage time. They 
usually set the amount of time of smartphone usage on a daily basis 
and funneled eforts into self-regulation, to avoid exceeding the 
targeted amount of time. Such a behavior strategy originates from 
a psychological mechanism of loss aversion. A user’s loss aversion 
was expressed as a tendency of setting up rigorous coping strategies 
over time in order to minimize gold deduction. Participants strived 
to reduce the unnecessary usage by planning in detail what app to 

use for how long and in what time range a prior, to the actual usage 
and to maintain the gold and self-regulation behavior by minimum 
necessary usage. One participant mentioned, “By and large, I’ve 
used it, being super discreet and heedful. I set plans for the timeline 
and I set the number of minutes to use for certain apps. I developed 
the notion of ‘binding together for usage’ to save time. For instance, 
when doing Facebook, I also log on Instagram to skim through and 
handle piled text messages in the bundle” (P7). 

6 DISCUSSION 
We discuss the efectiveness of the proposed system-driven time-
boxing and micro-fnancial incentive mechanism to regulate smart-
phone usage. In addition, we provide practical design guidelines 
for persuasive technology design related to discouraging undesired 
behaviors. 

6.1 Supporting Self-Regulated Usage Behavior 
Our experimental results showed that system-driven timeboxing ef-
fectively supports self-regulated usage behavior. The system-driven 
timeboxing helped users to consciously use smartphones with pur-
poses and goals within a timebox. In terms of time management, 
it served as a time management tool that helped users control 
and manage their usage time. Furthermore, it supported users not 
to lose their goal of regulated usage behavior by allowing lim-
ited usage time so that they can cope with various usage contexts. 
In comparison with the existing just-in-time intervention meth-
ods such as LocknType which induces interaction friction on each 
screen on activity [34], our approach relaxes restraint intensity 
(or increases fexibility) in that a warning is given one an hourly 
basis. The system-driven timeboxing also helped users to main-
tain regulated usage behaviors and form good behaviors such as 
“time planning.” Existing persuasive system design studies empha-
sized the importance of forming “good habits” in order to maintain 
sustainable and long-term behavioral changes. A prior study [50] 
reviewed various intervention approaches to help mitigate prob-
lematic usage behaviors, but experimental studies on scafolding 
good habits were relatively limited. Our work showed that system-
driven timeboxing as a novel design dimension ofers new ways 
of guiding self-regulated behaviors and learning positive usage 
behaviors. 

Our results also showed that proactive warning alarms in the 
system-driven timeboxing efectively supported the self-regulation 
process for smartphone usage. The proactive warning alarm helped 
users to continuously observe and recognize their problematic us-
age behaviors in various usage contexts. This result aligns with 
the implications of existing intervention studies [38] such as when 
unlocking phones or arriving at specifc places. Timely warning 
with push notifcations greatly improves self-monitoring and this 
will help users to sustain target behaviors (e.g., limiting use). In 
this respect, GoldenTime’s proactive warning alarms were efective 
in self-tracking and regulating their usage behaviors. For example, 
our experimental results showed that the proactive warning alarm 
served as a “reminder” to return to the main task from problem-
atic usage behavior. According to the PRIME theory for behavior 
changes [8], a user’s plans as self-conscious intentions are critical, 
and there is a strong need for an intervention design that timely 
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reminds such plans for positive behavioral change. Our experimen-
tal results showed that the proactive warning alarm supported the 
main task reminder can be aligned with the intervention design 
guidelines of PRIME theory. 

6.2 Efects of Incentive Framing on 
System-Driven Timeboxing 

Overall, our results showed that micro-fnancial incentives were ef-
fective in reinforcing positive behavioral change under the system-
driven timeboxing. Incentive groups showed positive efects on 
regulating smartphone usage, but the control group did not show 
improvement in maintaining the regulated usage behavior over 
time due to the lack of behavioral reinforcers. Our experimental 
results supported our hypothesis that loss framing would be more 
efective in inducing regulated usage behavior than gain framing; 
this result is consistent with prior studies in other domains [59]. 
The efectiveness of loss framing attributes to the endowment efect 
and loss aversion phenomenon according to behavioral economics. 
Indeed, the loss group frequently mentioned expressions related to 
the “deduction of my money” (n = 47, 68%). As a result, the endow-
ment efect and loss aversion helped them to have a revaluation 
process on the monetary value of the smartphone usage behavior. 
Furthermore, we note that prior studies on fnancial incentives 
mainly paid incentives less frequently (e.g., at the end of the exper-
iment or on a daily basis), and incentive tracking is less explicit. 
Unlike prior studies, our approach has “recurring” timeboxing ev-
ery hour, and this creates an opportunity for rewarding users with 
a micro-incentive in diferent framing for usage regulation. 

None of the prior studies systematically explored how users re-
act to “recurring” fnancial incentives over time, and our results 
showed that there were clear diferences between gain and loss 
framing groups (i.e., devaluation vs. revaluation). At the beginning 
of the intervention period, the loss group felt negative emotions 
(e.g., loss) through the experience of deducting incentives. How-
ever, this experience was regarded as a “positive loss” that perceived 
self-refection and awareness of problematic usage behavior in the 
micro-incentive mechanism. In addition, through these experiences, 
they had the concept of usage fee for smartphone usage behavior 
and tried to adapt to micro-incentive mechanisms by making spe-
cifc plans or strategies for usage time and actions. As a result, the 
loss mechanism formed a mental model of “metering (provides 
real-time deduction amount for smartphone usage)” to users who 
experience the mechanism, thereby making them revaluate the 
monetary value of phone use. In contrast, the gain mechanism 
made users feel positive (e.g., achievement) through a regulation 
success, thereby reinforcing regulated usage behavior. However, the 
experience of using the gain mechanism also included the devalua-
tion tendency with micro-incentives. This may be the result of the 
self-rationalization of degrading the monetary value of regulated 
usage behavior by treating it as puny money for intentional ignor-
ing. These psychological factors were heightened with unintended 
success experiences (e.g., the experience of earning golds without 
any eforts such as when using diferent devices). In addition, the 
micro-incentive mechanism was recognized as an “infnite opportu-
nity” as time passed by. Such user perception of a micro-incentive 

could be interpreted as “house money,” which refers to a money that 
is easily obtained, thus incurring low perceived value in users [60]. 

Diferent experiences (i.e., revaluation vs. devaluation) of micro-
incentive mechanisms can be interpreted through Behavioral eco-
nomics theory. First, diferent trends were interpreted as the result 
of being infuenced by the “reference dependency” based on an 
existing theory [29]. In short, the reference points of the two mech-
anisms for incentives were diferent. The behavioral economics 
theory explained that the reference point is the standard point 
for determining loss or beneft. In our design, since incentives are 
prepaid in the Loss mechanism, there is no experience of incen-
tive gains (+) in the subsequent intervention process, and only 
deduction (-) experiences exist in the long term. In our study, since 
the Loss mechanism prepays incentives, users do not experience 
incentive gains (+) in the subsequent intervention process, and 
only experience deductions (-) in the long term. On the other hand, 
in the Gain mechanism, since the reference point starts at 0 (no 
advance payment), even if the regulation success or failure experi-
ences are repeated, only the gain (+) experience exists in the long 
term. This can be explained through the editing rules of prior study. 
Editing rules describe the tendency of combining gain and loss 
experiences to determine proft or loss (i.e., a loss after having 
gain is less painful). Overall, we argue that loss framing is more 
efective in micro-incentive based behavioral reinforcement. In par-
ticular, through our experiments, we obtained implications that 
such editing rules can be further deepened in the process of contin-
uous decision-making, such as recurring timeboxing, and can afect 
behavioral changes in a long-term perspective. 

6.3 Design Implications 
Our results provide practical design guidelines for persuasive tech-
nology design related to discouraging undesired behaviors. 

6.3.1 Towards Flexible and Context-Aware Proactive Intervention. 
We explored the design of a timeboxing-based proactive interven-
tion to induce behavioral changes and experimentally showed 
promising evidence on behavioral changes. However, our work 
was not able to fully explore various contexts and situations of 
the users for digital wellbeing [44]. Prior studies demonstrated the 
usefulness of a context-aware proactive intervention such as loca-
tion [31] and app usage [46]. Current timeboxing mechanisms can 
be extended to enable “context-aware” adaptive interventions. As 
mentioned by our participants, timeboxing can be skipped if a user 
is using a mobile navigation app for long-distance driving. Users 
can set up such adaptive behaviors via rule-based specifcations. 
Alternatively, advanced sensing can be used to enable context-
triggered actions; e.g., upon sensing a user is driving, proactive 
timeboxing is automatically disabled. Depending on what kinds of 
context sensing are feasible, a timeboxing-based proactive interven-
tion can incorporate fne-grained control on its detailed operations. 
Context-awareness provides “fexibility” in proactive intervention, 
but one critical dimension is to consider to what degree fexibility 
will be permitted. This kind of fexibility support can even consider 
introducing the concept of margin in the goal evaluation criteria 
(e.g., giving 30 seconds of margin beyond the threshold) [27]. Fur-
thermore, context-aware operations need to be clearly specifed 
(by either users or other persons such as parents). As in traditional 
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context-aware systems design, end-user programming methods 
such as trigger-action programming (if-this-then-that) and block-
based programming must be supported [30]. 

6.3.2 Exploring Micro-incentive Design for Timeboxing. Our study 
showed the feasibility of leveraging micro-incentives for behavior 
changes. In our micro-incentive design, we set the self-regulated 
smartphone usage behavior as the target behavior. Our design 
experience can be also applied to other just-in-time intervention 
applications that aim to intervene in fne-grained user behaviors 
(e.g., sedentary or smoking instances). This work laid the founda-
tion for exploring the extended design space for micro-incentive 
mechanisms with system-driven timeboxing. Several design dimen-
sions to explore include 1) reward target behavior, 2) reward goal, 
and 3) reward methods. First, the reward target as a direct object of 
the reward may be period (i.e., time) or event based (e.g., situations). 
Second, the reward goal is the design of a user’s goal-setting in 
terms of earned reward amount (e.g., I wanted to earn 10 USD), 
which could be short- or long-term goals. Third, the reward meth-
ods could be 1) setting reward amount (fxed or variable amount), 
2) framing strategies (gain vs. loss), and 3) reward tracking and 
payment methods (real-time transfer of fat money, or blockchain-
based virtual currency). Specifcally, for variable reward selection, 
we can extend the design method in which the amount of money is 
adaptively set based on a user’s previous behaviors (e.g., continu-
ous success or failure). Reward methods can also consider social 
aspects; e.g., when parents are using the services for training chil-
dren’s smartphone usage. It is also possible to set up a commitment 
device that may transfer committed stakes to the friends upon goal 
failures [42, 43]. 

6.3.3 Data-Driven Actionable Insights for Beter Usage Planning. 
The experimental results explained that the loss mechanism formed 
mental models of “usage metering” or “pay as you go” for smart-
phone usage behavior, thereby helping them to sustain regulated 
usage behavior via coping strategies. From the perspective of per-
suasive technology design, we emphasize the need to provide a 
user interface that can efectively support self-regulation in accor-
dance with their mental model. This can be supported through 
data analytics and visualization. One approach of data analytics 
is to analyze individual contextual data that are closely related to 
behavioral changes (e.g., under what conditions did a user often fail 
missions?) A prior study analyzed individual context information 
(e.g., sleep, mood) that has a sufcient correlation with well-being 
to lead better self-refection and behavior change [6]. Data analyt-
ics can be extended beyond an individual level. Community-wide 
behavioral patterns could be learned by analyzing the interaction 
log data [39]; (e.g., under what conditions did people often succeed 
in self-regulation?) Individual- and community-level insights must 
be properly verbalized or visualized for efective delivery to the 
users [6, 39]. 

7 LIMITATION AND FUTURE WORK 
There are several limitations in this study that could be addressed 
in future works. First, our intervention design did not consider the 
user preference for timeboxing setting, which potentially increased 
false-positive notifcations. In this study, we rather tried to use 

uniform parameters to fairly evaluate the proposed intervention. 
Although it is useful to provide personalized settings in that the 
usage time plan may diferent person to person, we excluded this 
option to avoid confounding efects: incentive amounts were closely 
related to timeboxing confguration. For a better experience of using 
timeboxing, future work needs to consider using context-aware 
methods or experience sampling method similar to Lukof et al.’s 
work [49]. This may deepen our analysis of understanding how 
engagement with micro-incentive mechanisms change according 
to smartphone usage instances. 

Second, there was no follow-up period in our user study design. 
The current study was sufcient to compare and observe short-term 
efects while using the intervention app. However, it may not be 
sufcient for observing the long-term efects of self-regulation or 
for an in-depth analysis of experience with micro-incentive mech-
anisms. It is still important to observe how users’ self-regulated 
behavior changes in the absence of incentives after experiencing 
the mechanism. One of the most common fndings of incentives 
is a positive efect in the short-term but crowding out in the long-
term [21]. Future work should consider long-term experimental 
design including follow-up period. 

Third, our fndings should be carefully understood because most 
of the participants were university students. In addition, the sample 
was limited to Android users, which does not refect the general 
population. For generalizability of the fndings, follow-up studies 
needs to include users of various age groups and mobile platforms. 

8 CONCLUSION 
We designed and implemented GoldenTime, a smartphone inter-
vention app to support continuous self-tracking and regulation on 
smartphone use. The GoldenTime, using micro-fnancial incentives 
under system-driven timeboxing was designed based on behavioral 
economics, self-regulation theory, and the results of prior empirical 
studies on smartphone regulation. Our between-subject study (n 
= 210) over the four-week demonstrated that compared with the 
baseline, users who used the micro-incentive mechanism experi-
enced regulation efect in terms of usage time. The comparative 
analysis between groups showed that micro-fnancial incentives, 
when framed as loss, were more efective than the other cases over 
time. Furthermore, our qualitative analysis revealed that the over-
all process of behavior evaluation and coping difers signifcantly, 
ranging from the demotivation process to the devaluation and 
revaluation process. Our fndings provided several important de-
sign implications for self-regulation. We believe that our approach 
can be extended to a variety of behavioral change domains such as 
weight loss that should continuously promote self-regulation. 
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