
StayFocused: Examining the Effects of Reflective Prompts and
Chatbot Support on Compulsive Smartphone Use

Zhuoyang Li∗
Department of Computer Science
City University of Hong Kong

Hong Kong, China
zhuoyanli4@cityu.edu.hk

Minhui Liang∗
Department of Computer Science
City University of Hong Kong

Hong Kong, China
mhliang4-c@my.cityu.edu.hk

Ray LC
School of Creative Media

City University of Hong Kong
Hong Kong, China
recfreq@gmail.com

Yuhan Luo
Department of Computer Science
City University of Hong Kong

Hong Kong, China
yuhanluo@cityu.edu.hk

The reflection version The reflection-chatbot versionThe reflection-chatbot version

(a) Scenario 1: Leaving a focus session earlier. (b) Scenario 2: Completing a focus session.

Figure 1: The reflection and reflection-chatbot versions of StayFocused, which sends reflective prompts to people whenever
they (a) attempt to leave a focus session earlier before it ends or (b) complete a focus session. In the reflection version, people
will be prompted to answer predefined questions about their phone-checking intentions; in the reflection-chatbot version, they
will answer a similar set of questions led by a chatbot.
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ABSTRACT
Amidst the increasingly prevalent smartphone addiction, we intro-
duce StayFocused, a mobile app to help people focus on their tasks
at hand by reducing compulsive smartphone use. Besides guiding
people to set focus sessions for non-screen time, we incorporated
reflective prompts probing individuals’ phone-checking intentions
whenever they check their phones and a chatbot to deliver these
prompts. To examine the effects of the reflective prompts and the
chatbot support, we designed three versions of StayFocused: base-
line, reflection, and reflection-chatbot, and conducted a stage-based
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between-subjects study with 36 college students over five weeks.
We found that participants who received the reflective prompts
were able to focus longer and resist distractions, and those with
chatbot support seemed to better maintained their smartphone use
reduction. By highlighting how participants reflected on their focus
session activities and their preferences for the chatbot, we discuss
the implications of designing persuasive conversational interfaces
to reduce unintended behaviors.
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• Human-centered computing → HCI design and evaluation
methods; User interface design; Natural language interfaces.
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1 INTRODUCTION
Smartphones have become an integral part of our daily lives, offer-
ing instant connectivity and access to vast information. On the other
hand, there is a growing concern regarding compulsive smartphone
use, a behavior pattern resulted from excessive reliance on smart-
phones, which involves repetitive and uncontrollable phone check-
ing despite being aware of the associated negative impacts [15, 48].
Compulsive smartphone use has been observed across different
age groups, degrading people’s physical health, mental well-being,
and work productivity [16, 17, 20, 48, 56, 74]. Younger generations,
who are exposed to smartphones at an early age, are particularly
susceptible to compulsive smartphone use [30]. In the United States,
15% of young adults between 18 and 29 years old are found heav-
ily dependent on smartphones [70]. For example, college students
spend more than five hours a day on their phones, even during
classes where smartphones are prohibited [34]. This habit can cause
distractions and interruptions to students’ work routines, leading
to declined ability to focus, and ultimately reduced academic per-
formance and cognitive functioning [66].

To raise people’s awareness of their smartphone use behaviors,
mobile operating systems have made digital well-being a built-in
feature through monitoring screen time and setting time limit for
distracting apps. However, a recent study highlighted that overcom-
ing the inherent fear of missing out (FOMO) poses a challenge for
people who feel anxious about being disconnected from social me-
dia and news updates [21]. Thus, solely relying on screen time mon-
itoring or restricting the use of certain apps may not help them truly
reflect on how and why they spend time on smartphones [4, 17].
Taking a different approach, researchers have designed and devel-
oped productivity tools that guide individuals to set dedicated focus
(non-screen) time and incorporated rewarding mechanisms such
as symbolic visualizations of one’s focus progress (e.g., Forest [22],
MyTime [31]). While these productivity tools could help reduce

overall screen time [31], it is unclear whether the induced behavior
change can sustain if people stop using the tools. Additionally, there
has been a limited understanding of people’s phone use behavior
during the designated focus time, such as why check their phones
and how this behavior affects their subsequent plans and actions.

In this work, we aim to help individuals stay focused on their
tasks at handwhen smartphone use is unnecessary. That is, minimiz-
ing their smartphone use as much as possible during the intended
focus time. We designed and developed StayFocused, a mobile app
that enables people to plan for focus sessions by setting a duration
for not interacting with their phones. Whenever people check their
phones during the focus session, StayFocused will send reflective
prompts asking about the reasons behind their phone-checking in-
tentions and questions related to their original plans (see Figure 1a).
This design idea is partly drawn from the concept of situated reflec-
tion—probing individuals to articulate their intentions in a specific
situation where the target behavior occurs [67], which was found
promising in inducing immediate behavior change [10, 49]. More-
over, inspired by prior work that leveraged a chatbot to facilitate
self-reflection on physical health and work activities [41, 42], we
incorporated a chatbot to deliver the reflective prompts and inter-
act with people in natural languages. We envision the chatbot can
further enhance the effects of the reflective prompts and increase
individuals’ commitment to their focus plans.

To examine the effects of the reflective prompts and the combina-
tion of the reflective prompts plus chatbot support, we designed and
developed three versions of StayFocused:

• The baseline version, which allows individuals to start a focus
session by choosing a duration for not interacting with their
phones. Individuals could leave the session earlier before it
ends simply by clicking the button “Leave focus mode” and
confirming the decision.

• The reflection version, which is built upon the baseline ver-
sion with reflective prompts asking individuals to explain
their situation (in a textbox) whenever they attempt to leave
the focus session and complete a session.

• The reflection-chatbot version, which is built upon the re-
flection version but leverages a chatbot (powered by GPT-3)
to deliver the reflective prompts and to provide feedback to
individuals’ responses.

We conducted a stage-based between-subjects study by deploy-
ing StayFocused to 36 college students who self-identified with
problematic smartphone use. Participants were assigned into three
groups to use different versions of StayFocused for three weeks: the
PB group used the baseline version (n = 11), the PR group used the
reflection version (n = 13), and the PRC group used the reflection-
chatbot version (n = 12). To assess participants’ smartphone use,
StayFocused gathered their screen duration before (one week), dur-
ing (three weeks), and after (one week) using StayFocused. We also
employed pre- and post-intervention surveys to collect participants’
problematic smartphone use and self-regulation ability, followed by
semi-structured interviews to understand their overall experience
with StayFocused.

We found that although the three groups did not differ in their
focus session completion rate, the PR and PRC groups tended to
focus longer than the PB group. During the intervention stage, all
three groups exhibited a reduction in their screen duration; in the
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post-intervention stage, only the PRC group further reduced their
screen duration, although the reduction is not statistically signif-
icant. The interview findings and participants’ responses to the
reflective prompts further complemented the quantitative results,
showing that the reflective prompts enabled participants to reflect
on their smartphone dependence and encouraged them to resist
distractions from their phones. The chatbot was found to increase
PRC participants’ accountability and offered emotional support by
acknowledging their efforts to stay focused. Despite the promises,
we noted the limitations of the chatbot and the counterproductive
consequences it may introduce. With the lessons learned, we dis-
cussed what affected participants’ phone-checking behavior during
intended focus time, and how to better integrate reflective prompts
and chatbot support to reduce compulsive smartphone use.

To the best of our knowledge, this work is among the first to
explore the opportunity for incorporating reflective prompts and
chatbot support to mitigate unintended behaviors. Our findings
contributed to the Human-Computer Interaction (HCI) community
in three folds: (1) an empirical understanding of how reflective
prompts, delivered from a traditional dialogue interface versus a
chatbot, enabled individuals’ reflection in situ and affected their
subsequent behaviors; (2) an in-depth understanding of the nuances
associated with individuals’ preferences for the reflective prompts
and the chatbot, and how these nuances played parts in their overall
experiences in the context of reducing compulsive smartphone
use; and (3) design implications for better incorporating reflective
prompts and chatbots to promote sustainable behavior change.

2 RELATEDWORK
2.1 Compulsive Smartphone Use and Existing

Interventions
Compulsive smartphone use, a behavior pattern arising from ex-
cessive reliance on smartphones, often involves repetitive and un-
controllable phone-checking, even when the individual is aware of
the negative impacts associated with such behaviors [14, 15, 48, 56].
Research has shown that compulsive smartphone use often occurs
during times of stress or as a form of procrastination [2, 24], which
can significantly disrupt one’s work routines and other daily activi-
ties, and contributes to various physical andmental health problems,
including poor sleep quality, reduced cognitive functioning, depres-
sion, and anxiety [15, 56]. Younger generations, particularly college
students, are susceptible to compulsive smartphone use [3, 54].
Partly, modern smartphone applications are designed with highly
addictive features such as infinite scrolling, push notifications, and
personalized advertisements that are difficult to disengage [17].
Individual life circumstances, such as emotional difficulties and
loneliness can further exacerbate the situation [17, 44, 46, 80]. Also,
younger individuals tend to have weaker self-regulation abilities for
time management and resist such technological temptations [16],
especially in the early stages of emancipation from parental over-
sight (e.g., fresh college students).

Interventions to help people better manage their smartphone
use behaviors have been developed by phone manufacturers, aca-
demic researchers, and third-party companies. These interventions

employed strategies including monitoring phone usage (e.g., Digi-
tal Wellbeing [6]), blocking distracted applications (e.g., Let’s FO-
CUS [36]), setting goals for non-screen time (e.g., Forest [22], My-
Time [31]), increasing the difficulties to unlock screens (e.g., Lock-
nType [37]), and parental regulations [16]. Although there is evi-
dence showing the effectiveness of these interventions in reducing
smartphone use (e.g., shorter screen time [31], less unlocks [37]),
those with limited self-regulation abilities may disregard the re-
striction once they figure out how to bypass it [15]. In the case
of Android Digital Wellbeing, for example, people can still open
the blocked apps simply by ignoring or removing the restriction.
More importantly, existing work rarely investigated whether the
induced behavior changes in smartphone use can sustain after with-
drawing the intervention. As suggested by psychological research,
restricting compulsive behavior can lead to a counterproductive
effect, causing people to relapse to their previous habits with even
stronger compulsion once the restriction has been withdrawn [62].
In this light, our work not only examines the effects of reflective
prompts and chatbot support on smartphone use, but also explores
how sustainable the effects are.

2.2 Enabling Reflection for Positive Behavior
Change

To encourage positive behavior change, a growing body of research
has emphasized the importance of self-reflection —an activity of
critically thinking about one’s feelings and behaviors, along with
the underlying reasons. Across domains (e.g., healthy eating, ex-
ercise, work productivity), researchers have attempted to enable
“reflection-on-action” by aggregating one’s behavior data across
time and designing visualizations to help them understand their
behavior patterns [53, 58, 59, 65]. For instance, Rooksby et al. de-
signed and built ScreenLife, which helped people develop aware-
ness of their multi-device usage and increased their motivation to
reduce unnecessary digital interaction [65]; Kim et al. developed
TimeAware and compared how different visual framings of produc-
tivity scores supported knowledge workers to reflect on their work
performance and improve their productivity [38]. Reflection-on-
action, therefore, allows people to explore and learn about their
past behaviors, so that they can use this self-knowledge to improve
their behaviors in the future.

In the meantime, previous work has shown that situated re-
flection on one’s current behavior has the potential to introduce
immediate behavior change [42, 49, 52]. This type of reflection is
often activated by prompting people to articulate their intentions
and thoughts when the target behavior occurs, which allows them
to critically think about and assess their behaviors in situ [33, 49].
For example, Luo et al. designed FoodScrap, a food journaling app
asking people to explain their food decisions close to the time of eat-
ing, such as why they decided to choose certain foods and when to
eat [49]. These questions prompted people to reflect on the healthi-
ness of their choice and even reconsider their food decisions [49].
In a similar vein, Terzimehić et al. developed MindPhone to pro-
mote mindful smartphone use with two prompts delivering when
people unlock their phones: one focusing on the reasons behind
one’s phone-checking behavior and the other focusing on their
subsequent plans [71]. Through a real-world deployment study,
the researchers found that the latter prompt significantly reduced
absentminded phone use [71]. Inspired by this study, we created a
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set of “reflective prompts” that help individuals reflect on why they
check their phones during the non-screen time they had planned,
and envision that the situated reflection can prevent them from
compulsively checking their phones when it is unnecessary. Besides
supporting situated reflection when people are distracted, we also
aim to combine reflection-on-action when they achieve their focus
goals. Therefore, our reflective prompts include questions related
to individuals’ phone-checking intentions as well as their feelings
upon completing a focus session. More importantly, we go beyond
this work by incorporating a chatbot to deliver these prompts and
examine its effects on individuals’ behaviors.

2.3 Chatbot As a Persuasive Agent
Chatbots, also known as conversational agents, have been widely
used to engage people in natural language conversations, ranging
from online tutoring and customer service to even psychological
counseling [25, 75]. The anthropomorphic features of chatbots (e.g.,
identity cues, personality) hold great potential to deliver persuasive
messages aimed at changing people’s beliefs, attitude, and behav-
iors [9, 57, 75]. Research showed that people tend to attribute social
roles to the chatbots they interact with [57], and are more receptive
to the messages sent by the chatbot compared with plain text [9].
In the HCI and health community, chatbots have been integrated
into various applications that aim to enable reflection and behavior
change regarding health-related goals [5, 26, 40–42, 50, 79]. For
example, Kocielnik et al. built a virtual reflection companion that
talks to people about their physical activities, helping them summa-
rize their previous data and asking them to explore their activity
patterns as a way to encourage more exercise [42]. Through a field
study, the researchers found that these mini-dialogues between the
reflection companion and individuals successfully enabled in-depth
reflection and led to the adoption of new exercise behaviors [42].
Likewise, Alphonse et al. investigated how a chatbot served as a
virtual coach to support smoking cessation; they found that the
perceived human likeness of the chatbot increased people’s account-
ability towards their goals and effectively helped them maintain
their progress with relevant feedback and advice [5].

Mostly relatedly, Grover et al. designed and built a chatbot to
help people schedule and block time slots on their calendars, so
that they could plan and focus on important tasks [26]. By adding a
video avatar and emotion recognition ability to the chatbot, the re-
searchers found that participants were likely to schedule more tasks
and become more productive [26]. While this work investigated
people’s task-planning behaviors with the support of a chatbot,
we are interested in examining the persuasiveness of a chatbot in
helping people reflect on and reduce phone-checking behaviors dur-
ing intended focus time. Furthermore, the advancement in natural
language processing (NLP), especially the recent surge of LLMs, has
opened up exciting opportunities for designers and developers to
customize chatbots that engage people in more natural and fluent
conversations [1, 28, 29, 76]. However, little work has applied LLMs
to build a chatbot in the context of enabling situated reflection and
reducing unintended behaviors. Our work, therefore, takes the first
step to exploring the design opportunities.

3 STAYFOCUSED
This work aims to answer two research questions in a situation
where an individual plans to focus on a taskwithout smartphone dis-
traction: (1) whether and how can incorporating reflective prompts
help them reflect on their phone-checking behaviors and reduce
their overall smartphone use? (2) whether and how can leveraging
a chatbot to deliver the reflective prompts further strengthen the
abovementioned effects? Here, we describe our design goals to an-
swer the two research questions, as well as the design components
of StayFocused and implementation details.

3.1 Design Goals
3.1.1 DG1. Enabling Situated Reflection and Reflection-on-Action.
As we mentioned in Related Work, existing interventions on reduc-
ing smartphone use largely focused on supporting individuals to
reflect on their past phone usage (i.e., reflection-on-action [6, 22, 31,
65, 67]). Only one study (i.e., MindPhone [71]) enabled individuals
to reflect on their phone-checking behavior in real-time (i.e., situ-
ated reflection). Our work, on the other hand, aims to support both
situated reflection during the moment when individuals are check-
ing their phones and reflection-on-action after they have completed
a focus session without phone distraction. We envision that situated
reflection can induce immediate change in one’s phone-checking
intention, while reflection-on-action can help sustain the behavior
change by offering individuals a sense of achievement. Therefore,
we need to design two different sets of reflective prompts tailored
to these two scenarios.

3.1.2 DG2. Leveraging a Chatbot As a Persuasive Agent. Prior re-
search has shown that a chatbot equipped with anthropomorphic
attributes such as identity cues [25, 75] and advanced natural lan-
guage understanding abilities [79], has the potential to serve as a
persuasive agent for health lifestyle promotion. In addition, tailor-
ing the chatbot’s responses to people’s emotions can create a sense
of support and encourage continued use [33, 35, 69]. Thus, it is im-
portant to design a natural, coherent, and personalized conversation
experience, which necessitates the utilization of state-of-the-art
language models.

3.1.3 DG3. Mitigating Fatigue Effects While Preventing Over-
Engagement. As an application that supports daily reflection on
one’s smartphone use, it is important to mitigate fatigue effects (e.g.,
avoid people from being desensitized to reflective prompts [4, 49]).
Thus, we recognize the importance of reducing the repetitiveness
of the prompts to ensure that individuals remain alert and engaged
throughout the conversation [61]. At the same time, we need to
prevent individuals from over-engaging with the app, especially
the version with a chatbot, because our ultimate goal is to reduce
smartphone use when one’s priority is to focus on other tasks. In
this regard, we need to center the conversation topics around indi-
viduals’ focus plans and their phone-checking intentions, and set a
limit for conversation turnarounds.

3.1.4 DG4. Supporting Research Exploration. To answer our re-
search questions on the effects of reflective prompts and chatbot
support in helping people reflect on their compulsive smartphone
use and reduce this behavior, we need to isolate and analyze the
reflective prompts and chatbot support as independent variables.
This requires us to develop different versions of StayFocused–one
does not include any reflective prompts and chatbot support, one
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includes only the reflective prompts, and one includes both the
reflective prompts and chatbot support, respectively. This strategy
has been applied in previous work that compared the effects of
different design elements on people’s behaviors [38, 50]. Although
the ways individuals interact with regular prompts and chatbot-
delivered prompts may differ by nature, we aim to deliver the same
set of prompts to minimize confounding factors.

3.2 StayFocused Interaction Flow
The following describes the interaction flow with the three versions
of StayFocused (see Figure 2), and how this process addresses the
above design goals.

3.2.1 Starting a Focus Session. The three versions of StayFocused
(baseline, reflection, reflection-chatbot) share the same mechanism
of starting a focus session (DG4). When StayFocused is launched,
people are asked to set a focus duration (from 25 to 125 minutes
suggested by the Pomodoro technique [18]), during which they plan
to avoid using their smartphones (see Figure 3). In the baseline and
reflection versions, the duration can bemanually entered or selected
from a drop-down list. In the reflection-chatbot version, the process
is similar but occurs in a text-based conversation with a chatbot.
During the focus session, a countdown timer is displayed at the
center of the screen in all versions, with a button “Leave focusmode”
at the top left. To remind people to use StayFocused every day, the
app sends them a daily reminder through the notification channel
(“Time to focus!”). It’s worth noting that we did not block the use of
other apps or disable notifications during the focus session, because
sometimes checking smartphones may be necessary and urgent
(e.g., replying to an important message) [46].

3.2.2 Leaving a Focus Session. Individuals can leave the focus ses-
sion earlier before it ends by tapping the “Leave focus mode” button.
In the baseline version, they only need to confirm whether to leave
or stay. In the other two versions, four reflective prompts will pop
up asking why they want to leave (or check their phones) and other
related questions (e.g., challenges in staying focused), as a way to
enable situated reflection (DG1). In the reflection version, individu-
als need to type their responses to the prompts in a textbox; and
in the reflection-chatbot version, their responses are collected in a
natural language conversation with the chatbot (DG2). To reduce
the repetitiveness of prompts (DG3), we created a pool of multi-
ple prompts about smartphone use, distraction sources, alternative
activities, focus plan, and productivity. When these prompts are de-
livered, they are randomly selected from the pool and paraphrased.
The first prompt is always about phone-checking intention, and
examples of other prompts included “Are there any alternative ac-
tivities you could engage?,” “Which app are you planning to check?,”
and “What is the most important thing you plan to do today?”

People can quickly return to the focus session during their at-
tempts to leave; if they are still determined to leave, they are encour-
aged to answer at least two questions, although it is not required. If
people leave StayFocused without tapping the “Leave focus mode”
button (e.g., opening another app, going to the home screen), a
notification will appear on the top of the screen, reminding them

that the focus session will end in 10 seconds if they do not return
to the app. In the latter case with the reflection and reflection-
chatbot versions, people will be prompted to explain their prior
phone-checking intentions and plans (“Why did you just check your
phone?”) when they open StayFocused next time (this process is
illustrated in Figure 2).

3.2.3 Completing a Focus Session. Upon completing a focus ses-
sion, the baseline version simply displays a message (“Congrats!
You have focused for 25 minutes.”). In the reflection and reflection-
chatbot versions, people are prompted to reflect on their experience
during the focus session (e.g., “How did the focus session go?”) and
think about next steps (e.g., “What is your next plan?,” “Does the
complete session bring you closer to your goal today?”) as a way to
enable reflection-on-action (DG1). In the reflection version, the
prompts are also randomly selected and paraphrased from our pre-
created prompt pool; in the reflection-chatbot version, the chatbot
guides the conversation by asking a similar set of questions. Table 1
shows an example conversation with the chatbot in the scenario of
attempting to leave a focus session and completing a focus session.

3.3 Implementation
StayFocused was built by React Native. To retrieve phone usage

statistics, we utilized the UsageStatsManager API [73] provided by
Android. We summed up the user’s screen duration and unlock
times without tracking their usage of individual apps. The interac-
tion logs are stored in Firebase, which adopted role-based access
control (RBAC) on Firebase to ensure that the data can only be
accessed by the research team.

To implement the conversational interface of the reflection-
chatbot version, we used a UI framework called react-native-gifted-
chat [64]. The chatbot was powered by GPT-3 with two prompts 1

designed for the two conversation scenarios: leaving the focus mode
and completing a focus session, respectively. Learning from the
empirical findings in prior work that leveraged GPT-3 to customize
a chatbot [45, 76], we created a persona Alan, a “focus compan-
ion” and listed the tasks for the two conversation scenarios in two
separate prompts, along with a few conversation examples (shots)
aiming at supporting reflection on one’s phone-checking behaviors
and enabling reflection on one’s complete focus sessions, respec-
tively (see the appendix for the full-length prompts). The detailed
prompt design rationale and curation process were described in
our early work [47].

4 METHOD
We conducted a field deployment study with a between-subjects de-
sign to compare the three versions of StayFocused.We also collected
the time that participants spent on their smartphones before (pre-
intervention, one week), during (intervention, three weeks), and
after (post-intervention, one week) using StayFocused, which al-
lowed us to analyze within-subject differences in their smartphone
use. The study was approved by the university’s Ethics Review
Committee.

1Note that the term “prompts” here refers to the instructions used to steer the
response of GPT-3, which differs from the “reflective prompts” that are questions sent
to encourage reflection on one’s smartphone use.
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Focus reminder

Set focus goal: X mins

“Start” button tapped

“Leave focus 
mode” button 
tapped

Yes

No

Left StayFocused without 
tapping “Leave focus mode”

Back to 
StayFocused 
within 10 secs

X mins

10 secs

Reflective prompts (e.g., 
phone-checking intention)

Reflective prompts 
(e.g., task progress)

Reflective prompts (e.g., prior phone-checking 
intention) to be sent next time opening the app

Focus mode 

Focus session 
complete

Focus session ends 
without completion

Confirm 
leaving?

Notification: Focus 
session will end in 10 secs

Conversation scenario 1

Conversation scenario 2

Figure 2: StayFocused interaction flow (The reflective prompts wrapped in the colored boxes are not included in the baseline version).

(a) The baseline and reflection versions. (b) The reflection-chatbot version.

Figure 3: Setting a focus duration: (a) the baseline and reflection versions share the same interface; and (b) in the reflection-
chatbot version, a chatbot facilitates this process through text-based conversations. Upon starting a focus session, a countdown
timer is displayed at the center of the screen.

4.1 Participants
We advertised the study through the university mailing list, Face-
book, and Reddit. Our screening survey received 367 responses, and
203 of them met our inclusion criteria: individuals who (1) are over
18 years old; (2) are currently enrolled in a college program; (3) own
a smartphone with an Android system (StayFocused only supports
Android system); (4) use their smartphones mainly for non-work
purposes such as entertainment or social media (i.e., smartphones
are not the primary devices for work or study); and (5) are interested
in reducing smartphone use and motivated to enhance productivity.
Among these individuals, 50 responded to our pre-intervention
survey and attended the tutorial session.

Each participant was assigned to one of the three groups: the
baseline (PB) group, the reflection (PR) group, and the reflection-
chatbot (PRC) group. The group assignment aimed to achieve a

balanced distribution of age, gender, and self-reported smartphone
use among the participants. As the study progressed, 13 participants
dropped out (4 from PB, 5 from PR, and 4 from PRC) because they
stopped using StayFocused and did not reply to our follow-up
emails. We also excluded one participant from the PB group due to
data loss caused by technical issues.

By the end of the study, 36 participants remained in our analysis:
11 in PB, 13 in PR, and 12 in PRC groups. The participants’ ages
ranged from 20 to 30 (M = 24, SD = 2.34), including 9 females, 26
males, and one non-binary. These participants were also those who
expressed a strong motivation to participate in our study during the
screening survey. Their motivations include reducing general smart-
phone use, overcoming social media addiction, improving work
and study productivity, learning about their phone use habits, and
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Table 1: Two conversation examples from our participants who interacted with the chatbot (PRC-5 in scenario 1 and PRC-1 in scenario 2). Our
pre-defined prompts are italicized.

Scenario 1: Leaving the focus session earlier Scenario 2: Completing a focus session

You just got started a few minutes; why do you want to leave the session now? Congrats! You have focused for 25 minutes. How did the focus session go?

I need to switch the song playing in YouTube music. I rearranged my messy files on the desktop and the laptop.

I can understand wanting to listen to music while you work; but maybe you
could try a different platform that isn’t as distracting? Are there any alternative
activities you could engage in instead of checking your phone?

Oh; that’s great! How many files did you arrange?

What apps do you suggest apart from YouTube music? I can’t tell you a concrete number but it makes me feel more organized!

I think any app that can help you relax and focus on your work would be great.
Maybe try some white noise or nature sounds apps? What are the challenges during
the focus session, if any?

That’s great! Being more organized can help you focus better in the future.
Do you have any thoughts about focusing for a longer period of time in the
future?

Do you know what white noise is? Yep.

Yes, I do. White noise is a type of sound that is produced by combining
different frequencies of sound waves. It is often used to help people focus or relax.
Hong long are you planning to check your phone this time?

Well done! What do you think about the session overall?

I will get back to the focus session. Maybe I will start another focus session soon after a short break.

prioritizing important tasks. The participants were from different
regions including the U.S. (30), Hong Kong (4), Kenya (1), and Nige-
ria (1). All of them were enrolled in a college program and majored
in different subjects including Computer Science, Medical Science,
Media and Communication, Sociology, Psychology, Biochemistry,
and Finance. The majority of the participants were full-time under-
graduate students, except for two part-time undergraduate students,
one full-time graduate student, and one part-time graduate student.
Based on the screening survey, our participants spent 2.69 hours
daily on their smartphones for work or study activities and 3.75
hours for non-productive activities. Overall, the three groups of
participants did not significantly differ in their gender, age, study
major, and self-reported phone use duration.

4.2 Study Procedure
The study encompassed six steps: (1) pre-intervention survey; (2)
tutorial; (3) three-week intervention deploying StayFocused; (4)
post-intervention survey; (5) debriefing interviews; and (6) collec-
tion of smartphone use post-intervention. Upon completing the
study, we offered each participant a 40 USD Amazon gift card.

4.2.1 Pre-Intervention Survey. Before the study, we employed a sur-
vey to assess participants’ behaviors related to smartphone use. We
incorporated the scale of problematic use of mobile phones (PUMP),
a commonly used instrument to measure the psychometric proper-
ties of problematic phone use [55]. As an example, one of the items
in the scale asks participants to indicate their level of agreement
with the statement: “I need more time using my cell phone to feel
satisfied than I used to need,” in which participants could rate their
agreement on the scale from 1 (strongly agree) to 7 (strongly dis-
agree). The survey also incorporated the Self-Regulation Scale [68],
a widely used instrument to assess one’s attention control in goal-
oriented tasks. This is because prior research showed that addictive
smartphone use can be affected by one’s self-regulation ability [16].

4.2.2 Tutorial. To ensure that participants understand the study
procedure, we arranged several tutorials via Zoom. Participants
assigned to the same group attended these tutorials together, with
fewer than 3 people in each session. During the tutorial, we first

introduced the study in brief and then instructed the participants to
install the StayFocused app and set up an account. Next, we guided
them to start a focus session and explained different options when
they wanted to end the session. We also showed them how to check
their focus records.

At the end of the tutorial, we encouraged the participants to
(1) regularly use StayFocused for the next three weeks (they were
allowed to skip using the app for a maximum of two consecutive
days but no more than that); (2) start a focus session whenever they
feel a need to refrain from compulsive smartphone use (alternative
activities including work, study, relaxation, exercise, etc); and (3)
aim for starting four focus sessions per day (completion of the
sessions was not mandatory); For the PR and PRC participants, we
also encouraged them to honestly answer the reflective prompts.
The tutorial session lasted for about 15 minutes for the PB group
and about 30 minutes for the PR and PRC groups.

4.2.3 Intervention Stage: StayFocused Deployment. Participants
started using StayFocused from the day following the tutorial and
continued for the next three weeks. Throughout this period, we
consistently monitored participants’ app usage. To ensure that par-
ticipants adhered to the study guidelines and in case they encoun-
tered any technical issues, we would send them an email reminder
if they stopped using StayFocused for over two consecutive days.
Upon creating an account on StayFocused, the app automatically
gathered participants’ smartphone screen duration and unlock fre-
quency over the past 7–10 days, depending on the settings of their
phones. During the study, StayFocused also kept collecting these
data on a daily basis. At the end of the three weeks, we asked the
participants to log out from StayFocused but not to uninstall the
app. Thus, StayFocused could keep monitoring their activities on
the backend to ensure that they did not start any focus sessions
thereafter for an additional week.

4.2.4 Post-Intervention Survey. At the end of the three-week inter-
vention, we assessed participants’ PUMP and self-regulation ability
using the same scales in a post-intervention survey. Additionally,
for the PRC group, we employed the Godspeed scale to assess how
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participants perceived the chatbot regarding its intelligence and
anthropomorphism (scale ranging from 1–7) [8].

4.2.5 Debriefing Interview. We conducted semi-structured inter-
views with each participant at the end of the intervention. Partici-
pants were asked about their overall experience with StayFocused,
the scenarios where they usually started a focus session, what they
liked or disliked about StayFocused, and how they felt about their
smartphone use behaviors. For participants in PR and PRC groups,
we also asked about their reactions to the reflective prompts and
impressions of the chatbot. For contextualization, we encouraged
them to refer to their focus logs in StayFocused during the interview.
Each interview lasted 15 to 30 minutes.

4.2.6 Collecting Post-Intervention Smartphone Use. One week (7
days) after the intervention, we contacted each participant, asking
them to log back into StayFocused so that their smartphone use
data during this period would be uploaded to our database.

4.3 Data Collection and Analysis
Our study collected both quantitative and qualitative data from the
app logs, smartphone use duration, surveys, and interviews. This
mixed approach allowed us to understand how StayFocused affected
participants’ phone-checking behaviors during intended focus time,
as well as the effects of the reflective prompts and chatbot support
on their overall phone use habits from multiple perspectives.

4.3.1 Survey Data. We gathered participants’ self-reported PUMP
and self-regulation ability before and after the intervention stage in
a survey. To examine these two metrics pre and post-intervention,
we used paired t-tests.

4.3.2 StayFocused Usage. Participants’ use of StayFocused in-
cluded the number of focus sessions they started and completed,
their planned and actual focus duration of each session, attempts
to leave the focus sessions earlier, and records of returning to the
session after attempting to leave. To understand whether and how
these behaviors differed in each group, we used mixed-effects mod-
els to handle the unbalanced data with repeated measures and
treated participant as a random effect; then we performed the Bon-
ferroni test to examine specific group variations. This method has
been widely used in previous HCI research on human behavior
analysis in real-world settings [38, 51].

4.3.3 Smartphone Usage. StayFocused automatically gathered par-
ticipants’ daily smartphone use including screen duration and un-
lock frequency one week before, during, and one week after using
the app (see Section 3.3 for implementation details). Due to the var-
ied settings of different Android manufacturers, we faced technical
difficulties in capturing two PR and two PRC participants’ screen du-
rations. As a result, these four participants were excluded from the
phone usage analysis. Additionally, we noticed some outliers in the
remaining participants’ daily screen duration (e.g., extremely short
such as 10 minutes, or extremely long such as 18 hours). Therefore,
we conducted Interquartile Range (IQR) analysis for each partici-
pant during each study stage (e.g., a participant may have different
phone use habits pre, during, and post intervention), and removed
70 (6.85%) outliers that are below the lower bound (Q1 – 1.5 IQR)
and above the upper bound (Q3 + 1.5 IQR) from 1022 data points.

After data cleaning, we first employed linear regression to examine
the factors (e.g., age, gender, pre-intervention PUMP) that might be
strongly related to individual participants’ phone screen duration
before they used StayFocused, which helped us identify the covari-
ates that needed to be included in the subsequent analysis. Next,
we compared participants’ smartphone use behavior across three
groups and different stages (pre-intervention, intervention, and
post-intervention) and groups using mixed-effects models, while
treating individual participants as random effects.
4.3.4 Responses to Reflective Prompts and Conversation Logs.
We collected participants’ responses to the reflective prompts (PR
group) and conversation logs with the chatbot (PRC group). To
investigate whether the presence of a chatbot could encourage
more active responses, we compared the two groups regarding the
number of questions answered and the number of words in each
answer using independent t-tests. We also performed sentiment
analysis of participants’ responses using TextBlob [72], a widely
used sentiment analysis tool that has shown to be consistent and
accurate [11]. By assigning a score ranging from -1 to 1 to each
sentence of the response, TextBlob determines that a score close
to -1, 0, and 1 indicates negative, neutral, and positive sentiment,
respectively. Examples of positive and negative responses from
our participants are provided in Section 5.3.1. We then employed
independent t-tests to examine whether the participants’ responses
to the reflective prompts (where they attempted to leave the session
andwhere they completed the session) exhibited different emotional
patterns in the two groups. To further understand why participants
want to leave the focus session earlier before it ends, we conducted
a content analysis of their responses to the first reflective prompt
on phone-checking intentions during focus sessions.

4.3.5 Interview Data. We audio-recorded all the interviews and
transcribed them into text. Three researchers worked together to
analyze the interview data following the steps in thematic analy-
sis [12, 13]. First, we familiarized ourselves with all the data and
independently coded the same four transcripts (36.36%) to generate
an initial list of codes. We then iteratively discussed discrepancies
and merged the codes with the same meanings during our regular
meetings. Next, two researchers divided up the work to complete
analyzing the remaining transcripts and cross-check their codes.
Last, the three researchers collaboratively organized the codes into
emerging themes. While the nature of the analysis is bottom-up, we
paid particular attention to (1) what participants usually did for the
focus session, (2) why they wanted to leave the focus session earlier
before reaching their goals, (3) whether and how the StayFocused
app helped them reduce compulsive smartphone use during the
focus sessions, and(4) what the challenges regarding compulsive
smartphone use that StayFocused couldn’t help to address.

5 RESULTS
During the three-week deployment of StayFocused, we collected
a series of quantitative data including 2461 focus session records
(832 in PB, 833 in PR, and 796 in PRC groups), participants’ smart-
phone usage (7-day prevention, 21-day intervention, and 7-day
post-intervention stages), and their self-reported smartphone use
behaviors. We also collected qualitative data including participants’
responses to the reflective prompts (PR group), conversation logs
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with the chatbot (PRC group), and their subjective experience with
StayFocused from the interviews. Here, we organize the findings
into three sections on participants’ focus session activities, their
overall smartphone use, and experience in using StayFocused to
manage their smartphone use behaviors.

5.1 Focus Session Activities
This section describes how participants used StayFocused to plan
and complete their goals by resisting smartphone distractions. We
first provide an overview of their focus session completion and
duration, and then delve into their attempts to leave the focus
sessions earlier by checking their phones.

5.1.1 Focus Session Completion. All three groups achieved over
80% completion rate of their focus sessions on average (PB: 81.57%,
PR: 82.79%, PRC: 82.96%), without significant difference across
groups (See Table 2). When asked what types of activities par-
ticipants normally engaged in during their focus session, most
participants reported doing work- and study-related tasks, such as
homework (PR-3, PR-12), self-learning (PR-12, PR-13, PRC-8), and
reading (PB-1, PB-9, PB-11, PRC-1, PRC-3, PRC-10). Some partici-
pants leveraged the focus session to keep themselves concentrated
during lectures or group meetings (PB-3, PR-3, PR-5, PRC-8). Oc-
casionally, participants simply wanted to stay away from their
smartphones and normally started a focus session while doing
chores (PRC-10), taking a mental break (PB-1, PR-10, PRC-5), and
doing exercise (PB-10, PB-11, PR-7). Participants in all three groups
indicated that setting up a focus session on StayFocused enabled
them to “submit a commitment,” which dedicated themselves to
tasks at hand and stay away from smartphone distractions (PB-1,
PB-10, PR-1, PR-4, PR-5, PR-7, PR-9, PR-11, PR-13, PRC-2, PRC-3,
PRC-4, PRC-7). For example, PRC-3 said: “I was able to fully focus on
an activity without being distracted by my phone” (PRC-3). Similarly,
PR-9 mentioned that “(the focus timer) helps you focus on whatever
you are doing” (PR-9).

5.1.2 Planned and Actual Focus Duration. For most focus sessions,
participants often set 25 minutes as their goal of focus duration
and tended to focus longer than they planned (see Table 2). There
was no significant difference among the three groups regarding
their planned and actual focus duration per session. However, from
the mixed-effects model, participants in the PR and PRC groups
focused longer per day than those in the PB group, with a marginal
significance (PR:M = 143, t = 1.705, p = .089; PRC:M = 152, t = 1.731,
p = .086). During the interviews, participants in the PR and PRC
groups (PR-4, PR-5, PR-9, PR-13, PRC-4, PRC-7) were aware of their
tendency to focus longer than planned: “I normally exceed the time
I set in order to concentrate longer on vital activities” (PRC-4). PRC
participants also mentioned that they were encouraged to focus
longer by the chatbot because sometimes it would ask whether
they had planned to focus longer in the future (PRC-7). Addition-
ally, we found that for all the participants, their pre-intervention
self-regulation scores played a significant role in their actual fo-
cus duration: those with higher self-regulation scores tended to
focus longer per day than those with lower self-regulation scores
(t = 4.175, p < .001). Note that participants’ pre-intervention self-
regulation scores showed no significant difference across groups.

As the study progressed, we did not observe significant changes
in participants’ focus duration per session, but we found participants’
focus duration per day significantly increased (t = 2.542, p = .011).
Echoing this result, participants acknowledged that they had a hard
time focusing at the beginning of the study (PB-1, PB-10, PR-7, PR-9,
PR-11, PR-13, PRC-2), but were able to overcome the distractions
and got used to staying in the focus session later: “As time went on,
I was able to stay focused, I was able to keep my phone away from
me like, even beyond the normal time of the focus, I was able to do
other things like reading books” (PR-7).
5.1.3 Attempts to Leave the Focus Session Earlier. During the
focus sessions, participants in the PRC group attempted to leave the
focus sessions more frequently compared to those in the PB (t =
-4.625, p < .001) and PR groups (t = -3.373, p = .002), while no
significant difference between participants in the PB and PR groups
was observed. As shown in Table 2, PRC participants also had
a significantly higher chance of returning to the focus sessions
during their leaving attempts, compared to PB (t = -7.255, p < .001),
and PR (t = -4.506, p < .001). Furthermore, although participants
in the PB and PR groups did not differ regarding their average
leaving attempts, those in the PR group had a higher chance of
returning to the focus sessions than those in the PB group (t =
-2.971, p = .009). This finding also emerged from our interviews, as
both PR and PRC participants believed that the reflective prompts
played an important role in “persuading” them to stay focused. For
instance, PR-6 said “(it was because) the fact that if I try to leave
the app, it keeps reminding me that I have a commitment to keep
up with.” In Section 5.3, we provide a more detailed description
of how the reflective prompts affected participants’ thoughts and
practices during their attempts to leave the focus session. Besides,
we found that for the PB group, those with a higher number of
attempts to leave earlier tended to have a lower completion rate
(cor = -.72, p < .001). Whereas for the PR and PRC groups, we
did not observe such a correlation. Figure 4 illustrates individual
participants’ completion rate while distinguishing their average
number of attempts to leave the session earlier.
5.1.4 Phone-Checking Intention. We collected the reasons why
participants wanted to check their phones during the focus ses-
sions through their responses to the first reflective prompt (e.g.,
“Why do you want to check your phone right now?”), and further
grouped them into five categories (n = 244): (1) non-emergent urges
to use the phone (25, 10.25%), including checking social media (PB-8,
PB-10, PR-1, PR-6, PR-8, PRC-3, PRC-6, PRC-7, PRC-8), searching
information (PR-2, PRC-3), and completing chores such as scan-
ning QR code or make a bank transfer (PR-1, PRC-7); (2) sending
or replying to calls and messages (83, 34.02%); (3) needs to check
the phone as a transition between activities (50, 20.49%), such as
relaxation after work (PR-1, PR-2, PRC-6, PRC-7, PRC-8, PRC-9);
(4) using a productivity app (8, 3.28%), including alarm (PR-1, PR-2),
digital notes (PRC-8), and calculator (PR-8, PRC-8); and (5) inherent
difficulty in staying focused (36, 14.75%), due to tiredness (PR-2)
and boredom (PRC-5, PRC-6, PRC-9). There were also instances
that did not explicitly explain why a participant wanted to check
their phones (42, 17.21%), suggesting that participants sometimes
might not take the questions seriously or lacked awareness of their
phone-checking intentions. Some of these instances are “Use it”
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Table 2: Participants’ focus behavior with StayFocused, including the number of focus sessions they started, session completion
rate, planned focus duration, actual focus duration, the chance of attempting to leave the session earlier (this value is smaller
than 1, because in some focus sessions, participants did not attempt to leave), and the chance of returning to the focus session
while attempting to leave. The data are rounded and aggregated on a per-participant basis by mean.

Group
Session
started

Completion
rate

Planned focus
duration per
session (min)

Actual focus
duration per
session (min)

Actual focus
duration per
day (min)

No. of attempts to
leave earlier per
session

Chance of returning to
the focus session per
attempt

PB (n = 11) 76 0.82 25 36 135 0.30 0.40

PR (n = 13) 64 0.83 25 44 143 0.40 0.57

PRC (n = 12) 66 0.83 28 47 152 0.65 0.75

Figure 4: Participants’ focus session completion rate arranged in ascending order. The transparency of color represents each participant’s
tendency to leave a focus session earlier before it ends. Darker colors indicate more attempts to leave the session (the data label above the bars
indicates the average number of attempts made by each participant to leave a focus session earlier).

(PR-2), “to end” (PR-13), “no reason” (PRC-5), “I don’t know why”
(PRC-1), an emoji, or punctuation marks (PRC-8, PRC-12).

5.2 Smartphone Use Behavior

Before using StayFocused, our participants spent 560minutes (SD
= 184) per day on their smartphones without significant differences
among the groups. This average duration translates to 9 hours
and 20 minutes, which was about three hours longer than the
participants’ self-estimated screen duration in the pre-study survey.
On average, participants’ pre-intervention PUMP score is 2.39 out
of 7, indicating a medium to high level of problematic phone use
habit [55]. This measure did not significantly differ among the three
groups. The linear regression model showed that participants with
a lower PUMP score (more problematic phone use) indeed used
their phones longer (t = -5.899, p < .001).

Table 3 lists the screen duration of the three groups during each
stage, along with their corresponding changes. Compared with
the pre-intervention stage, all participants’ phone screen duration
decreased during the intervention stage (PB:17.70%, PR: 8.24%; PRC:
10.86%), but according to the post-hoc test results, only the PB group
exhibited a significant decrease (t = 4.02, p = .002). Despite the gen-
eral decreasing trend in screen duration during the intervention
stage, we noticed some exceptions whose screen duration increased
(PB-2, PB-4, PB-11, PR-5, PR-7, PR-9, PRC-8, PRC-10, PRC-12). Post-
intervention, the screen duration relapsed for the PB and PR groups
(PB: 16.55%, PR: 2.01%), and the change was significant only within
the PB group (t = -3.18, p = .05); for the PRC group, on the contrary,
participants’ screen duration further decreased (3.93%), although
the change was not significant. Comparing the screen duration pre-

and post-intervention, the PRC group exhibited the most substan-
tial reduction (14.35%). Figure 5 illustrates the aggregated screen
duration of all the participants as the study progressed. The screen
unlock frequency was not included for analysis, as the data did not
necessarily reflect participants’ smartphone use behavior. For ex-
ample, we observed a slight increase in all the participants’ screen
unlocks during the intervention stage without significant changes
(PB = +5.5, PR = +3.5, PRC = +4.6), which was likely caused by the
focus session-related interactions.

At the end of the three-week intervention, all participants’ post-
intervention PUMP scores significantly increased, suggesting an
improvement in their problematic phone use (PB:M = .78, t = 2.60, p
= .025; PR:M = .59, t = 2.08, p = .059; PRC:M = 2.08, t = 4.07, p = .002).
Notably, the PRC group showed the most substantial reduction.
Participants also reported perceiving less smartphone use during
the intervention stage (PB-1, PB-11, PR-3, PR-9, PR-11, PRC-4, PRC-
7, PRC-8, PRC-9). For example, PB-1 believed that they used their
phone less in order to “be concentrated.” PR-3 found themselves
able to stay away from their phones “even without starting a focus
session,” and PRC-4 highlighted that “the app instilled some level of
discipline in me, reduced my phone addiction.” However, we did not
observe a significant change in participants’ self-regulation scores
in all three groups.

5.3 The Effects of reflective prompts
StayFocused gathered a total of 1,602 response sets from the PR

(788) and PRC (814) groups. A set refers to a series of responses
that occurred when participants attempted to leave a focus ses-
sion or when they completed a session; each set consists of one
to four responses, depending on whether participants skipped any



StayFocused CHI ’24, May 11–16, 2024, Honolulu, HI, USA

Table 3: Average and standard deviation of participants’ phone screen duration (mins) before (one week), during (three weeks),
and after (one week) using the StayFocused app. Statistically significant changes (p < .05) are marked with *. Four participants’
data (2 in PR, and 2 in PRC) were excluded from the analysis due to data capture errors.

Group Pre-intervention Intervention Intervention vs. pre Post-intervention Post vs. intervention Post vs. pre

PB (n = 11) M = 514, SD = 139 M = 423, SD = 123 M = -91 (17.70%) * M = 493, SD = 106 M = +70 (16.55%) * M = -21 (4.09%)

PR (n = 11) M = 595, SD = 201 M = 546, SD = 219 M = -49 (8.24%) M = 557, SD = 171 M = +11 (2.01%) M = -38 (6.39%)

PRC (n = 10) M = 571, SD = 227 M = 509, SD = 225 M = -62 (10.86%) M = 489, SD = 85 M = -20 (3.93%) M = -82 (14.36%)

Study Stage Pre and post intervention PB-Intervention PR-Intervention PRC-Intervention

Figure 5: Changes in screen duration (mins) of the three groups throughout the pre-intervention, intervention, and post-intervention stages.
As shown in the mixed-effects model, on average, PB participants’ phone screen duration significantly reduced from the pre-intervention
to the intervention stage, but significantly relapsed post-intervention. For PR and PRC groups, their screen duration also decreased from
the pre-intervention to the intervention stage, although the changes were not significant. In the post-intervention, the PR group had a slight
relapse, while the PRC group further decreased their screen duration. However, we noticed the large individual variances in participants’
screen duration data, especially towards the end of the post-intervention stage, and elaborated on the possible reasons later in the Discussion.

questions or not. Most of these response sets (1,358, 84.77%) were
collected upon session completion (PR: 702; PRC: 656), and 244
sets (15.23%) were collected when participants attempted to leave
the session earlier (PR: 86, PRC: 158). Within the latter sets, 228 of
them are related to the case where participants eventually left the
session (PR: 85, PRC: 143) and only 16 are related to the case where
participants returned to the session during their attempts to leave
(PR: 1; PRC: 15).

As shown in Table 4, it is noteworthy that there were 522 in-
stances (not included in the response sets) where participants re-
turned to the focus session during their attempts to leave the focus
session without responding to the reflective prompts (PR: 173, PRC:
349). This suggested that among the total of 538 returns during
the attempts to leave, 97.03% occurred when participants did not
answer any prompts. For the PB group, we collected 66 returning
records from 204 attempts to leave; although this group did not
receive any reflective prompts, they still needed to confirm whether
to leave or return before the focus session ended. On average, both
PR and PRC participants spent less than 2 minutes responding to
the reflective prompts.
5.3.1 Response Characteristics. In the session completion scenario,
participants in the PR group answered slightly more questions than
those in the PRC group (PR: 3.95, PRC: 3.52, t = 12.51, p < .001),
while the PRC group’s responses included more words than the
PR group (PR: 1.91, PRC: 2.85, t = 10.00, p < .001). In the scenario
where participants attempted to leave the focus session, the two

groups did not differ in the number of questions they answered (PR:
3.08, PRC: 3.14), but the PRC group responded with more words
(PR: 2.53, PRC: 4.01, t = 4.78, p <.001).

Through sentiment analysis with TextBlob, we found that par-
ticipants tended to react more positively when they completed a
session than when they attempted to leave a session (completion:
.26, leaving: .06, t = 16.58, p <.001 ) 2. During their attempts to
leave the focus session, PRC participants showed slightly more
positive sentiment in their responses than those in the PR group
(PR: 0.03, PRC: 0.08, t = 2.65, p = 0.009 ), no matter whether they
returned or not. Typical examples of positive responses included
“I was able to stay away from my mobile and do my chores, I felt
all good and relaxed.” (PRC-10), and “It went smoothly” (PR-7); and
negative responses included “I don’t want to have a plan for this”
(PRC-8) and “boring, tired, anxious” (PRC-4).

5.3.2 Enabling Situated Reflection During Attempts to Leave the
focus session. As we reported in Table 2, participants in the PR
and PRC groups had a higher chance of returning to the focus
sessions when they attempted to leave, even though they did not
necessarily answer the reflective prompts every time. This finding
was corroborated during the interviews, where participants found
themselves being prompted to think about their phone-checking
intentions and their focus plans, which made them reconsider their

2Sentiment scores close to -1, 0, and 1 indicate negative, neutral, and positive
sentiment, respectively (see Section 4.3.4).
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Table 4: Participants’ attempts to leave the focus session earlier and whether they returned to the session with or without
responding to the reflective prompts (Note that the data presented in this table are aggregated based on each group, which
slightly differs from the data in Table 2 that aggregates the data based on the individual participant.).

Group Total attempts Returned with responses Returned without responses Left with responses Left without response

PB (n = 11) 204 NA 66 (32.35%) NA 138 (67.65%)

PR (n = 13) 305 1 (0.33%) 173 (56.72%) 85 (27.87%) 46 (15.08%)

PRC (n = 12) 508 15 (2.95%) 349 (68.70%) 143 (28.15%) 1 (0.20%)

next steps (PR-4, PR-6, PR-9, PR-11, PR-12, PRC-1, PRC-2, PRC-3,
PRC-7, PRC-9). For instance, PR-12 said: “they enable me to reflect
on the sessions, like what I had done and what I am going to do.” Some
participants even explicitly mentioned how the prompts changed
their mind: “by looking at this question I changed my mind, and just
went back to the focus session. (PR-11).”

PR-6 and PR-9 further elaborated on their experience with the
reflective prompts, acknowledging that they sometimes felt guilty
about not staying up with their commitment: “when I try to leave,
the questions it asked make me feel bad like I am not keeping to
something I planned or committed to doing” (PR-6). PRC participants
also noted the similar feelings: “The advantages of using chatbot
are that I was able to reflect about my focus session and make better
resolution” (PRC-3).

5.3.3 Providing Encouragement Upon Session Completion. Com-
pared with the response sets during attempts to leave the focus
sessions, StayFocused gathered more response sets upon session
completion. In this scenario, participants engaged with the prompts
more actively and positively, receiving sustained support and en-
couragement to improve their focus habits. For example, PR-4 high-
lighted a connection built through the completion of each session,
stating: “after completing the session, I felt connected to the app and
it really felt awesome.” Additionally, the reflective prompts such as
“How did the focus session go?” and “Does the complete session bring
you closer to your goal today?” were found to be encouraging. PR-6
noted these prompts helped them build up a record of accomplish-
ment: “Once I finish, the questions it asked make me feel relief like I
am doing something good to bring myself together.”

5.4 The Effects of Chatbot Support
While the previous section already covers some of the PRC group’s
experience in responding to the reflective prompts, this section
specifically focused on this group’s unique experience with chat-
bot support. Overall, participants in the PRC group perceived the
chatbot in StayFocused, Alan, as moderately intelligent (M = 2.50,
SD = 1.33) and moderately anthropomorphic (M = 2.62, SD = 0.83).
Among these participants, three perceived the chatbot as highly
intelligent (PRC-1, PRC-3, PRC-6) and three perceived it as highly
anthropomorphic (PRC-1, PRC-6, PRC-9), while another three per-
ceived it with both low intelligence and low anthropomorphism
(PRC-2, PRC-4, PRC-8). While participants’ perceived intelligence
and anthropomorphism did not seem to affect their focus behavior
(as shown in Figure 4, PRC-2 and PRC-4 both achieved over 80%
focus session completion rate), from the interviews, we found these
perceptions greatly influenced individuals’ engagement with the
chatbot and their willingness to continue using StayFocused.

5.4.1 Increasing Accountability. Those who perceived the chatbot
as moderately to highly anthropomorphic and intelligent expressed
a feeling of being “observed,” as PRC-9 described: “when I leave a
focus session, it sometimes feels like the bot, kinda yelling lol, like
why did you check your phone.” PRC-1 also recalled a similar feeling:
“as for feeling observed, sometimes I would tell the chatbot what I
did during the study session, so it served as a reminder and recorder
of my behavior.” In this case, the participant found that sharing
their daily activities with the chatbot helped them stay accountable
for their study and work. In addition, PRC-7 mentioned that they
learned several informative coping strategies from the chatbot to
overcome distractions: “it has taught me how to set aside things
that are distracting me at that point, aside from my phone.” Some
examples of the strategies such as “plan your focus sessions for a
time when you are more alert” and “maybe you can set a limit for
yourself? For example, checking your phone every 10 minutes or so,”
helped the participant to stay more productive.
5.4.2 Receiving Emotional Support. The above participants also
expressed a feeling of being understood and emotionally supported.
For example, there were times when PRC-1 needed to leave the
session earlier due to tiredness; instead of keeping them in the focus
session, the chatbot said: “it is great that you have persisted for a
long time, and it is understandable that you feel tired. Maybe you can
take a break and then come back to continue your work later.” PRC-6
and PRC-9 appreciated the encouraging words from the chatbot,
which further strengthened their sense of accomplishment: “when
I completed a session, the chatbot was happy for me and proud for
achieving my goal of focusing for the time I set. And that encouraged
me” (PRC-9). PRC-7 added that the chatbot was supportive, because
“it’s more like I am talking to a human being who wants to see me
grow and succeed, the motivation keeps me going.” Oftentimes, the
conversations with the chatbot could go beyond the focus session.
PRC-1, PRC-5, PRC-7, and PRC-10 frequently shared their work and
study-related stress (e.g., preparing for job interviews and exams)
with the chatbot, which helped them “refresh from tiredness.” For
example, when PRC-5 told the chatbot about their upcoming job
interviews, the chatbot replied: “I am sure you will do great!”

5.4.3 Engaging in Chit-Chat. At times, participants chose not to
adhere to the prompts presented by the chatbot and instead en-
gaged in “testing its responses and conversational abilities.” PRC-5, for
instance, asked questions such as “How many people you are helping
with?” or responded with exclamatory words such as “Boooom-
mmm” when the chatbot checked how their focus session went.
In response to these off-topic comments, the chatbot was able to
switch to a more lighthearted tone by saying “Haha; Great!” There
were also cases where participants talked to the chatbot in non-
English languages. For example, PRC-1 felt talking with the chatbot
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in English reminded them of work due to English being the official
language at school. But one day when they “decided to respond to
the prompts in Chinese (their native language) and see what would
happen” the chatbot understood and responded appropriately in
Chinese, which reignited their motivation to use the app.
5.4.4 Frowning Upon the “Stubbornness”. Participants who per-
ceived the chatbot as low-intelligent pointed out its limited con-
versational ability, such as appearing to be disconnected from the
ongoing context and being too “stubborn” by always trying to find
out why participants checked their phones. PRC-8, who held a
negative impression of the chatbot, said “it (has) very very strong
assumptions. That is you should not touch your phone during your
work.” This lack of flexibility and contextual understanding made
PRC-8 feel that talking to the chatbot was “an additional task.” Sim-
ilarly, PRC-2, despite feeling the app was helpful, also felt that the
chatbot asked too many questions without understanding their
situation. From the conversation logs, we found several restless or
even irritated responses when asked about one’s phone-checking
intention: “Is that all for the session?” (PRC-12), “I need my phone
now!” (PRC-8), “I just wanna to leave~leave it away~” (PRC-1).

Even those who generally liked the chatbot found it was not
perfect in handling their negative emotions. As PRC-1 recalled some
frustrating moments when they were really tired from work, the
chatbot still kept asking them to stay focused: “It’s not about the
vocabulary or politeness. I mean, the chatbot is actually very polite,
but it’s more about it being too stubborn if I can say that. Sometimes
I felt all it cared about was that focus session. It would assure me that
I would feel better later if I stuck to it.”

5.4.5 Faded Novelty Effects. Participants also mentioned that the
novelty effects of the chatbot faded away over time (PRC-1, PRC-
2, PRC-5, PRC-6, PRC-8), as PRC-1 described: “the first week (of
interacting with the chatbot) was really interesting. But the longer
time I used it, the less patience I have” (PRC-1). Likewise, PRC-5
was excited and curious about the chatbot at the beginning of the
study—they started four to six focus sessions daily and engaged
in the conversations with the chatbot (e.g., greeting the chatbot
upon completing a focus session by saying: “Hi Alan” and asking the
chatbot about its activities: “So what did u do today. Let’s share”). But
as the study progressed, their interest gradually diminished, which
manifested in their reduced daily focus sessions (two to three) and
passive responses such as “Good,” “yo,” or just a single punctuation
mark. Some participants also complained about the repetitiveness
of the prompts although we randomized and paraphrased them
every time (PRC-2, PRC-6, PRC-8): “Well, sometimes it is kind of
frustrating because you see the same questions again and you wanna
leave as soon as possible” (PRC-6).

6 DISCUSSIONS
6.1 Reflecting on the Focus Session Activities

and Smartphone Use

Our data did not show a significant difference in participants’ fo-
cus session completion rate among the three groups. Combining the
findings around participants’ focus duration, their phone-checking
behaviors during the focus sessions, and overall smartphone use,
our interpretation of the statistical analysis results involved three

aspects. First, our participants were all college students who were
motivated to improve their smartphone use habits; despite self-
identified problematic smartphone use, they were able to set rea-
sonable focus goals and follow the plan most of the time, which is
evidenced by the average focus session completion rate exceeding
80%. Second, as shown in Figure 5, the smartphone use patterns of
the PR and PRC groups appear to be less consistent. We suspect
the presence of some “extreme” users in these two groups, such as
those who were impatient with the reflective prompts (e.g., PR-1)
or held negative impressions of the chatbot (e.g., PRC-8), exhibited
different behaviors than others within the same group. Relatedly,
during the focus sessions, the PR and PRC groups made more at-
tempts to leave earlier than the PB group (see Table 2), which leads
us to question if we overlooked any important factors (e.g., per-
sonality, lifestyle, cultural background) other than the PUMP and
self-regulation scales in the group assignment or the option to
explain one’s phone-checking intentions made these participants
perceive the focus sessions more flexible. Although the reflective
prompts and chatbot support did not necessarily increase the ses-
sion completion rate, they could have potentially helped those who
were more restless during the focus sessions (e.g., PR-8, PR-9, PR-11,
PRC-5, PRC-6, PRC-7, PRC-12; see Figure 4) to improve their ability
to focus. This can be inferred by the finding that PB participants
who attempted to leave the focus session more often had a lower
completion rate, but this correlation was not observed in the PR and
PRC groups. Third, our data suggested that the reflective prompts
and chatbot support potentially encouraged longer focus duration,
which was also noticed by the PR and PRC participants themselves.
These participants expressed a feeling of being “observed,” making
them more self-conscious when committing to their focus goals.
However, it is important to note that the marginal p-value war-
rants further investigation to demonstrate the replicability and
generalizability of this relationship.

Regarding smartphone use behaviors, our results showed that
the PB group reduced their screen duration more than the PR and
PRC groups during the intervention stage. One possible reason
was that the PR and PRC groups, having focused for longer dura-
tions during their focus sessions, subsequently spent more time
on their phones later on to compensate for the “lost time.” This
phenomenon aligns with prior research on ego depletion, which
showed that prolonged periods of productivity can lead people to
perceive a deficit in their leisure and entertainment time [27, 43].
However, it is worth mentioning that during the post-intervention
stage, the PB group experienced a significant relapse in their screen
duration reduction, indicating that solely relying on setting focus
goals to avoid smartphone use is not a sustainable solution. On the
contrary, the reduction in screen duration within the PR and PRC
groups remained more stable; particularly, the PRC group further
decreased their screen duration after withdrawing StayFocused (see
Section 5.2). Although this further reduction was not statistically
significant, the PUMP score of the PRC group showed the most
substantial increase after the intervention, suggesting the potential
of the chatbot to facilitate more sustainable change. Additionally,
the non-significance result could be due to the contrasting trend in
the screen duration of two PRC participants (PRC-4, PRC-8), which
drastically increased from the intervention to the post-intervention
stage. This within-group variation also highlighted the need to
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consider individual preferences for chatbot-based persuasion to
avoid counterproductive consequences.

It is important to note that not all smartphone usage is driven by
compulsive behaviors [36, 38, 46], as our participants occasionally
received urgent calls or needed to use specific applications on their
phones for their study and work. Therefore, the focus session com-
pletion rate and the amount of screen duration reduction, while
being helpful references, may not be the only and the best evalua-
tion standard to assess one’s problematic smartphone use. Rather
than solely looking into the numeric measures [39, 44], it is more
meaningful to examine how the design elements in a smartphone
non-use application enable individuals to set and execute focus
plans, navigate distractions, reflect on phone-checking intentions,
and successfully complete each session, etc. We believe this work
contributes to such an understanding.

6.2 How Can reflective prompts + Chatbot
Support Help Reduce Compulsive
Smartphone Use?

6.2.1 The “Silent Nudge”. When the PR and PRC participants at-
tempted to leave a focus session, the PB, PR, and PRC groups had
0.4, 0.57, and 0.75 likelihood to return, with significant differences
(see Table 2), which demonstrated the effectiveness of the reflec-
tive prompts and the chatbot support. Interestingly, the majority
of PR and PRC groups’ returns (about 97%) occurred without any
responses to the reflective prompts; and when participants did re-
spond to the prompts, it was often an indication that they were
determined to leave (see Section 5.3). We suspect that if participants
checked their phones simply out of habit without a specific reason,
prompts such as “why did you want to check your phone right now”
or “Why do you want to leave the focus session,” could have prompted
them to situationally shift their mindset back to focus. In this case,
the mere presence of reflective prompts served as a “silent nudge” to
reduce participants’ unconscious phone-checking behaviors, which
indicated that situated reflection may not require explicit artic-
ulation or elaborate explanation of one’s intention. This finding
echoes previous research on mindful smartphone use, which sug-
gested that a simple prompting question could enable meaningful
reflection, while people do not necessarily need to specify their
behavior rationales [71]. Likewise, the goal-directed priming effects
showed that external cues related to one’s goals can activate be-
havior change without conscious intentions [60]. In particular, we
found that the effects of this silent nudge were more pronounced
in the PRC group. This was likely due to the chatbot’s presence as
a humanlike companion that increased participants’ accountability.
Similar findings were shown in prior work that leveraged chatbot
as a reflection companion to increase individuals’ awareness of
their daily activities [40–42].

However, if participants had a strong urge to check the phones
or genuinely needed them, they often proceeded to leave even af-
ter responding to the prompts. In this case, the reflective prompts
and chatbot support were not sufficient to mitigate their phone-
checking intention.While not as previous studies envisioned that ar-
ticulating one’s intention could lead them to reconsider immediate
actions [49, 52], our study showed that participants took the oppor-
tunity to justify rather than change their behaviors. We believe this

justification process was still meaningful, as participants mentioned
during the interviews, responding to the prompts made them realize
how much they are dependent on their phones, leading to a sense
of guilt. This result aligned with prior work, which demonstrated
that probing one’s behavior reasoning can be thought-provoking
and deepen self-awareness [33, 49]. Interestingly, as Table 4 shows,
the PRC group was more likely to provide their justification than
the PR group when they eventually decided to leave, which could
be due to their increased accountability affected by the chatbot.

6.2.2 More Encouragement, Less Questioning. Our results showed
that PR and PRC participants engaged with the prompts upon focus
session completion more often and more positively than during the
attempts to leave a session earlier. This post-session engagement
not only enabled self-reflection on the particular session but also ex-
tended the reflection to participants’ overall smartphone use habits
and future plans (e.g., by asking “how did you feel without smart-
phone distraction?,” “what is your next step?”). Responding to the
reflective prompts could have fostered a sense of accomplishment
among participants, serving as positive reinforcement to acknowl-
edge their efforts [19, 38]. When the prompts were incorporated
into a natural conversation with the chatbot, they further signified
participants’ progress by sending additional feedback and encour-
agement. For example, PRC-7 and PRC-9 felt that the chatbot was
happy and proud of their achievements, which could forge a posi-
tive loop for them to better regulate their smartphone use. Aligning
with our results, prior work also found that a chatbot equipped
with emotional intelligence (e.g., empathetic and social skills) can
enrich people’s interaction experience and encourage them to take
intended actions [26, 63].

On the other hand, some participants found the reflective
prompts annoying and lacked flexibility. In certain situations, smart-
phone usage may be necessary rather than compulsive, but the chat-
bot did not understand such contextual nuances and kept emphasiz-
ing the importance of staying focused. These negative impressions
hindered our intended design outcome of enabling situated reflec-
tion and even resulted in counterproductive effects, leading some
participants to use their phones more frequently than before. In
constructing the chatbot persona using GPT-3, the major challenge
we encountered was to ensure that it could cover most of the re-
flective prompts provided in the reflection version but also be an
“open-minded and empathetic” personal companion. Learning from
prior work prompting LLMs [76], we have added several rules in
designing our chatbot (e.g., “I never repeat myself,” “I do not judge
how people spend their time but listen attentively to what they say”).
However, these rules did not take effect every time due to the un-
certainty of prompting LLMs [78]. To improve the conversation
experience, we should revisit our prompt design and carefully con-
sider when to ask which questions in different situations. This may
require the collection of more conversation samples that can be
used to fine-tune the LLMs rather than simply relying on prompt
engineering.

6.2.3 Diversifying the Prompts. In addition to the “stubbornness
and judgments,” some participants found the prompts repetitive,
despite our efforts to paraphrase and randomize them. The repeti-
tiveness could contribute to the diminished novelty effects of the
chatbot, speeding up the loss of patience and interest. Such faded
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novelty effects were also commonly observed in applications in-
volving human-AI interaction: people often perceive the agent as
intelligent and empathic at the beginning but soon realized that
it was just a machine following pre-defined patterns [23, 32]. To
sustain individuals’ interests and motivation, we could diversify the
conversations based on individual progress instead of simply ran-
domizing all the questions across the study. According to the stage
theories of health behavior [77], individuals have different mental
models during different stages towards behavior change and thus
the support they need also varies. For example, when a person first
starts to overcome smartphone addiction, the prompts can center
around their phone-checking intentions to foster awareness. As
they make progress, the prompts can then be extended to their daily
plans and suggestions for further improvement. Individuals’ data
such as their completed focus sessions and screen duration, can
also be included in the prompts to create a more personalized expe-
rience. This could establish a deeper connection between people
and the chatbot [42], resulting in strengthened accountability and
commitment. Additionally, leveraging the large knowledge base of
LLMs, the chatbot can act beyond a “reflection companion.” As Ak-
inci et al. demonstrated in their work, productivity tools powered
by generative AI can aid in task engagement and mitigate procras-
tination by supporting the continuation of interrupted work [7]. In
this light, StayFocused could send people prompts not just about
self-reflection, but also advice on task management.

6.3 Study Limitations and Future Work
First, our smartphone use data (screen duration) was based on
whether the screen was on or off, which may be affected by each
phone’s auto-lock settings. Therefore, the screen duration data may
not perfectly reflect participants’ actual time spent on their phones.
Second, our chatbot design was not perfect due to the repetitive
prompts and a lack of contextual understanding asmentioned above,
which can limit the findings regarding the chatbot’s potential. Third,
despite our efforts to recruit participants from diverse regions,
those who completed the study were predominantly from the U.S.
Thus, our findings may not be generalized to other cultures. It is
noteworthy that out of the 50 participants we initially recruited, 13
dropped out during the study, highlighting the inherent challenges
in “persuading” people to reduce compulsive smartphone use.

As the first step to exploring the opportunities for chatbots as a
reflective agent to reduce unintended behaviors, we designed and
developed StayFocused in the context of helping college students
manage compulsive smartphone use during intended focus time.We
examined how the reflective prompts and chatbot support played
parts in enhancing individuals’ situated reflection on their phone-
checking intentions, along with rich insights into their experiences.
Going forward, the chatbot’s conversation ability can be improved
with more sophisticated prompting strategies and diversified re-
flective prompts, which can potentially make StayFocused more
effective in conveying the persuasive messages. Besides, it can be
interesting to integrate other interaction modalities such as speech
input to avoid direct screen contact and interaction burden [49, 51],
which could also enable more in-depth reflection by allowing in-
dividuals to elaborate on their phone-checking intentions without
manual input. The lessons learned from this work can also be ex-
tended to other contexts, where reflection plays important roles in

promoting behavior change, such as consistent exercise [50] and
healthy eating habits [10].

6.4 Conclusion
In this work, we designed and built StayFocused, a mobile app that
guides people to plan and complete focus sessions for not interact-
ing with their phones. To increase individuals’ awareness of their
smartphone use and reduce this behavior when it is not necessary,
we incorporated reflective prompts probing people to reflect on
their phone-checking intentions in situ and investigated whether
using a chatbot to deliver the prompts can further enhance their
reflection. In a stage-based between-subjects study, we recruited
36 college students and assigned them to three groups: PB, PR, and
PRC, who were asked to use the three versions of StayFocused:
baseline, reflection, and reflection-chatbot, respectively. Although
the three groups did not differ in their focus session completion
rate, the PR and PRC participants focused longer and exhibited
a higher chance of returning to the session while attempting to
leave. By qualitatively analyzing participants’ responses to the re-
flective prompts and their study experience during the debriefing
interviews, we found that the reflective prompts effectively enabled
participants’ reflection on their phone-checking behaviors, and the
chatbot helped increase their accountabilities and provided emo-
tional support. On the other hand, we identified several limitations
and challenges in the chatbot design including the “Stubbornness”
and faded novelty effects. Reflecting upon the findings, we dis-
cussed the nuances associated with individuals’ preferences and
the resulting observations. We also discussed how to improve the
current designs of StayFocused to better encourage healthier use of
smartphones. The insights gained from this study hold the promise
to guide the development of interventions to mitigate other unin-
tended behaviors beyond compulsive smartphone use.
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7 APPENDIX: PROMPTS GIVEN TO GPT-3 AND CONVERSATION EXAMPLES

A: Prompts for Scenario 1, where a user attempts to leave the focus session earlier than planned.

Persona
Modifier

My name is Alan, and I am a considerate, empathic, and concise virtual companion. My goal is to help the
user reflect on their phone-checking behavior and provide tips that can help them stay productive and
healthy. I will never judge how they spend their time or ask intrusive questions. Instead, I will listen
attentively to what the user says and provide personalized tips.

Dialogue
Examples

User: I am too tired and bored.
Alan: Totally understand. Deep working is hard, and people get tired if they have used too much willpower.
Let’s try to take a deep breath, meditate, or some light exercise.

User: I was planning to study for my exam.
Alan: That sounds like an important plan! If you just hang in there for a bit longer, I believe that you will
make progress!

User: I want to check out social media.
Alan: I understand it’s important to stay connected with the world, but maybe this is something you can do
later.

User: I want to quickly check out some information on my phone.
Alan: I see. If it’s part of the current task, it’s understandable. Alternatively, you may try to check out the
information on other devices.

User: I want to check my phone for 30 minutes.
Alan: It may be a little uncomfortable to be away from your phone all of a sudden, but one breakthrough will
make things easier later!

B: Prompts for Scenario 2, where a user completes a focus session as planned.

Structured
Question
Slots

Questions:
progress towards daily goal ->
the next step ->
open thoughts ->
efforts made to stay focused ->
feelings without phone distraction ->

Persona
Modifier

I am Alan, a considerate, empathic, and concise virtual companion. My goal is to help the user reflect on the
focus session they just completed. I will praise them if they have accomplished their goal or if they feel good
about the focus session. I will provide comfort and encouragement if they feel tired or tough. I ask only one
question at a time and never repeat myself. If my question is not answered, I will just move on to ask
something else.

Dialogue
Examples

User: I’m tired, and it’s tough.
Alan: Totally understand! Staying focused is not easy, but you still made it! Do you want to share how you feel
during the focus session?

User: Very excited about the project!
Alan: Wow, that’s great! I am so proud of you! How does it feel without phone distraction?

C: More conversation examples from the participants. Our pre-defined questions are italicized (Note that while
participants were encouraged to answer the first two questions, but were not required to. Thus, the conversation
rounds varied each time).

Example 1: PRC-12 attempted to leave the focus session earlier (Scenario 1), and decided to return to the session after talking to the
chatbot, Alan.
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Alan: You just got started a few minutes; why do you want to leave the session now?
PRC-12: I don't know
Alan:Why not?What are the challenges during the focus session; if any?
PRC-12: No Challenge
Alan:Maybe you can set a goal for yourself and try to accomplish it?What is the most important thing for you to do today?
PRC-12:Most important thing was going for exercise
Alan: I'm glad you made time for exercise! It's important to stay healthy and fit.What was your original plan for this focus session?
PRC-12: I want to learn about my habit and try to always stay focused when doing productive things
Alan: Do you still want to stay in the focus mode?
PRC-12: [Pressed “Yes”]

Example 2: PRC-8 attempted to leave the focus session earlier (Scenario 1), and eventually left the session after talking to the
chatbot, Alan.

Alan: You are almost there; why do you want to leave the session now?
PRC-8: because I've finished my lunch
Alan: I am glad you have finished your lunch and are ready to focus on your work again. I hope you can stick to your goal and not
give up halfway.How long are you planning to check your phone this time?
PRC-8: I think the focus mode can be used for many situations in daily life rather than working (which is the most boring one :/
Alan: I completely agree! The focus mode can help with any task that requires attention and concentration. It can be used for
studying; working; or even playing video games! In general; how did you feel during the session?
PRC-8: [Pressed “End the session”]

Example 3: PRC-11 completed the focus session (Scenario 2) and talked with the chatbot, Alan.

Alan: Congrats! You have focused for 25 mins. How did the focus session go?
PRC-11: Honestly; I was tempted. But I remembered I signed up for this session. Thanks for asking though
Alan: I am so proud of you for staying focused! What thoughts do you have about focusing longer in the future?
PRC-11: Yes I do.
Alan: I am glad to hear that you were able to focus and stay on task. What was your original plan for the focus session?
PRC-11: It was to reflect and go through my to-do list. And I did achieve those
Alan:Well done! You are so productive! How many items were on your to-do list?
PRC-11: Three of out seven
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