
Investigating User-perceived Impacts of Contextual Factors
on Opportune Moments
YU-JEN LEE, National Yang Ming Chiao Tung University, Taiwan
MENG-HSIN WU, Carnegie Mellon University, United States
CHUNG-CHIAO CHANG, National Yang Ming Chiao Tung University, Taiwan
XI-JING CHANG, National Yang Ming Chiao Tung University, Taiwan
YUNG-JU CHANG∗, National Yang Ming Chiao Tung University, Taiwan

In this exploratory experience samplingmethod (ESM) research, we examined the perceptions of 74 smartphone
users regarding the opportuneness of moments for proceeding through a four-stage notification-response
process: the phone generating an alert (Alert), the user roughly glancing at the notification (Glance), engaging
with it (Engage), and acting on it (Act). We investigated how the moments perceived as opportune for each of
the four stages related to users’ self-reported values of 20 contextual factors, and how these factors influenced
users’ perceived opportuneness of the moments for each stage. Our results reveal that Alert and Glance stages
were perceived as more distinct, with Alert being influenced by social-environmental related factors and
Glance characterized by a lower threshold for what constitutes an opportune moment. The final two stages
– Engage and Act – were the most similar to each other. The findings also indicated how the influence of
contextual factors on perceived opportuneness of the moments varied across factors, notification types, stages,
and how such variation was manifested in the likelihood, valence, and magnitude of their overall influence.
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1 Introduction
In the decade since smartphones became an indispensable part of our daily lives, research on
mobile notifications has proliferated. Though convenient in many ways, increasing numbers of
notifications carry undesirable information that can cause phone users stress [104] and distract their
attention from their current tasks [48]. Researchers have estimated that only 6.33% of notifications
are considered both very important and urgent [99], with most deemed irrelevant to smartphone
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users’ needs, annoying, and disruptive [60]. The sense of notifications’ disruptiveness is rooted
primarily in their arrival at inopportune moments [74], such as during face-to-face social events
[69] or engagement in tasks [63]. Interestingly, however, the sources of notifications have also been
linked to perceptions of disruption and the opportuneness of the moments when they arrive [50],
which in turn affects how fast they are attended to [12].

To reduce disruption and increase smartphone users’ receptivity to delivered notifications, recent
research has sought to identify opportune moments, or interruptible moments, for phone delivery
of notifications about various types of content, such as reading material [24, 74], games [74], ads
[74, 100], questionnaires [33, 74], interventions [49, 53, 82], and micro-tasks [13, 17, 18]. To be
considered receptive, a user is typically expected not only to attend to, but also to be willing to
respond to, the delivered content [33, 74]: by filling out the questionnaire, replying to the message,
executing the assigned task, and so on.
Nonetheless, substantial empirical data supports the notion that the act of addressing a noti-

fication encompasses various stages that frequently occur independently or warrant individual
consideration. For instance, disparities between attending to and responding to a notification have
been identified in the literature. For example, Chang et al. [14] reported that alert modality was
associated with users’ attentiveness to notifications, but not their responsiveness. Lee et al. [50]
found that attentiveness, responsiveness, and perception of opportune moments for notification
delivery were all associated with different relational and contextual factors. Turner et al. [91] further
divided attending into two stages, focusing and reading, whose predictive models were slightly
different. In addition to distinguishing between attending and responding to notifications, other
researchers have posited that the act of perceiving alerts is separate from attending to notifications
[12, 89].
Given the existing literature that scrutinizes individual phases of smartphone notification en-

gagement and discerns unique factors related to each stage [12, 14, 50, 89, 91], we hypothesize
that users’ perceptions of opportune moments for these discrete stages may also manifest distinct
variations. For example, a user in a serene study environment may regard replying to a message
as socially acceptable, but not the audible emission of an alert from their device. In contrast, the
same individual may deem it ill-timed to respond to a notification in a specific social context, while
permitting a cursory examination of its content.
Despite these observations, there remains limited systematic investigations into the nature of

opportune moments for specific stages of notification interaction, and how these moments differ
across stages. We deem that the distinctions between opportune moments for each stage may be
gleaned from examining the contextual factors that render a moment favorable or unfavorable for
one stage compared to others. Thus, in this exploratory study, our main goal is to provide such an
examination. To achieve this, our study constructs a four-stage model—consisting of the generation
of an alert (Alert), a cursory glance by the user (Glance), user engagement (Engage), and user action
(Act)—inspired by and synthesized from existing research on the response process [91]. Building
on this model as our framework, our aim is to explore the differences in opportune moments for
each of these stages by addressing the following two key research questions:

RQ1: In what manner do the opportune moments for each stage along a notification-interaction
continuum resemble or diverge from one another?
RQ2: How are the opportune moments in each stage perceived to be influenced by various

contextual factors?
To answer these two research questions, we conducted an experience sampling method (ESM)

study of 74 smartphone users, who provided their in-situ perceptions of opportune moments for
each of the four stages of the response process for each sampled notification, as well as their
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perceptions of 20 contextual factors and those factors’ impact on such opportuneness. This paper
makes four main contributions to the literature:

• First, it shows that users’ perceived opportune moments for the Alert and Glance stages are
relatively distinct from the other stages, whereas the perceived opportune moments for the
final two stages, Engage and Act, are more closely aligned.

• Second, it presents cross-factor and cross-stage comparisons of contextual factors’ impacts on
the perceived opportuneness of moments for the four stages, enabling us to identify overall
trends in contextual factors’ impacts as well as the contextual factors that were most and
least influential on opportune moments.

• Third, it reveals how contextual factors vary across factors, notification types, stages, and
how such variation is manifested in the likelihood, status, and magnitude of their overall
influence.

• Fourth, it provides qualitative insights into how our participants perceived the four stages
and their respective opportune moments differently.

2 Related work
To address our research question, we delved into previous studies concerning opportune moments.
Through this exploration, we discerned various factors and dimensions that shape perceptions of
opportune moments. Importantly, while some studies directly use the term "opportune moment",
others approach the concept indirectly through related terms like interruptibility, receptivity,
breakpoint, and attentiveness, among others. Additionally, many of these works explored opportune
moments across different interaction stages with notifications. By bringing together these results,
our aim is to foster a broader and more thorough understanding of factors related to opportune
moments across different interaction stages with notifications.

2.1 Opportune Moments for Mobile Interruption
The interruptions of mobile notifications and users’ receptivity to them have been extensively
studied in recent years [18, 34, 57, 58, 90, 105]. Prior studies have shown that pushing notifications
at an improper time reduces users’ productivity [5] and increases their level of anxiety [75]. Prior
analysis of the interruptions’ impacts placed most emphasis on two directions: the attributes of
the interruption itself, and the situations in which users are interrupted. In terms of the attributes
of interruption, prior studies have revealed that users’ receptivity to processing interruption is
positively influenced by their perceptions of the interruption’s content relevance, as well as their
interest in the interruption content [31, 38, 81]. Weber et al. [99] discussed influencing factors,
such as notification urgency and notification importance, of perceived notification interruption.
In addition to content, Lee et al.’s work [50] indicated the influence of interruption source, such
as the sender-recipient relationship, on users’ receptivity for and their perceived disturbance of
incoming message notifications. In terms of interruption situations, existing studies have identified
contextual factors in desktop settings [6, 59, 90] and mobile settings [47, 50, 63] that influence the
perception of interruptions. For example, Mehrotra et al. [64] suggested that individuals’ receptivity
to notification is influenced by their emotional states, and they attempted to estimate the opportune
moment for delivering certain types of content. Another work from Mehrotra et al. [63] revealed
that individuals’ perceived disruptiveness of a notification can be influenced by the complexity of
the on-hand task that the individual is currently engaging in. Additionally, Cha et al. [10] found
that personal contextual factors together with contextual factors associated with everyday home
routines influence users’ opportune moments for proactive conversational interactions. Pejovic et
al. [72] found that receptivity of messaging notifications is negatively correlated with individuals’
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level of activity engagement. Chang et al. [102], on the other hand, suggested that users’ preferences
for when to read notifications are contingent upon their motivations for doing so. They identified
four reasons for which individuals opt to read notifications during an activity rather than before or
after it. Thus, these studies indicate that perceiving opportune moments can be quite complex and
involve various factors. They provide us with valuable insights into comprehending the relationship
of the factors and the degree to which they may influence users’ perceptions of opportune moments.

Another line of research in interruptibility leverages machine learning techniques to model and
predict interruptible and opportune moments (e.g. [15, 61, 66–68, 71, 74, 79, 88, 92]). For example,
Pielot et al. [74] built a machine-learning model that predicts opportune moments for proactive
user engagement with the notification, or clicking and subsequently engaging with the notification
content. Okoshi et al. [68] estimated interruptibility and adaptive notification scheduling. Visuri et
al. [97] built a machine-learning classifier based on both notification content and contextual sensing
to predict whether the user wants to see a new notification or not at the moment. Hudson et al. [36]
employed machine learning algorithms to construct a predictive model of human interruptibility
with sensors. Iqbal and Bailey [37] computed the cost of interruption with high accuracy, allowing
future systems to make more effective decisions about when to interrupt. Khan et al. [44] devised the
machine learning rule-based methodology to predict user behavior-based rules based on providing
context on smartphone notification services. Forlivesi et al. [32] developed a multi-modal wearable-
only system to model interruptibility. Chen et al.[15] predicted the opportune times to deliver
notification in virtual reality. Albeit not using interuptibility, Pielot et al. [77] predicted users’
boredom from their mobile phone usage, and found that people are more likely to engage with
recommended content when they feel bored. Similarly, Chen et al. [16] predicted smartphone
users’ killing-time behaviors based on screenshot and sensor data. Isaacs et al. [40], on the other
hand, introduced the idea of microwaiting to describe brief intervals of idleness during an ongoing
activity, and reported that people frequently request content during such moments. Dingerler et
al. [24], built a classifier to detect the opportune moment for reading. Van et al. Draxler et al. [26]
proposed both schedule-based and activity-based triggers for microlearning, which contribute
to enhancing learners’ engagement. Mendel et al. [65] developed regression models that predict
moments when smartphone users need support, highlighting breakpoints as particularly opportune
times for notification delivery. Additionally, Van et al. [96] identified smartphone sessions and
demonstrated that breakpoints in these activities are predictable. Several other studies have also
demonstrated that notifications that are pushed during breakpoints are dealt with significantly
more quickly [30], with less frustration [38], and are perceived as less interruptive [69].
However, despite the extensive body of existing research on opportune moments and related

concepts, there is a notable gap in analyses focusing on the influence of factors on different stages
of the response process. In the following section, we will discuss previous works that offer empirical
evidence supporting the differentiation between these stages.

2.2 Stages in the Notification Response Process
Recognizing that smartphone users go through multiple stages to complete a responding process
has been explicitly argued, or implicitly indicated, in prior notification and interruptibility research.
Explicitly arguing for decomposing the responding process into multiple stages, Turner et al.’s
framework [91] proposed four stages: react (gain the user’s attention through sound, vibration),
focus (after choosing to react, e.g., turning the screen on), read (read a fuller message by consuming
the notification and entering the relevant application), act (act on the content, e.g., send documents
in reply to the email). Later, Turner et al. [92] distinguished reachability (indicating whether a
response will at least be started, or not) [91], engage-ability (indicating whether a response will be
started but abandoned without consuming the notification) [91], and receptivity (indicating whether
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the user is receptive to the notification content and consumes it) [31, 61, 91] and developed models
for predicting users’ theses statuses. In a recent study by Tseng et al. [29], the researchers introduced
a comparable set of notification-interaction phases, encompassing Notice, Glance, Read, and Act.
They posited that an individual’s decision regarding the appropriate device (e.g., smartphone,
smartwatch, tablet, or computer) for advancing to a particular interaction stage for a notification is
contingent upon the device’s suitability in terms of its status and characteristics for that specific
interaction.

In addition to these studies, numerous research efforts have focused on users’ specific behaviors
related to "attending" to notifications. The majority of this research explores how quickly users
click notifications upon their arrival and how frequently they attend to them, clearly distinguishing
these behaviors from responding to notifications [22, 51, 64, 75, 76]. For instance, Dingler et al. [22]
used phone logs to quantify user attentiveness and found that users were attentive to messaging
notifications for approximately 12 hours per day. Pielot et al. [76] built machine learning models to
predict users’ attentiveness to instant messages. Mehrotra et al. [64] computed three time-based
metrics—average seen time, average decision time, and average response time—to record users’
attentiveness and receptivity to notifications across each dimension. Conversely, other researchers
have focused on predicting responsiveness to phone notifications rather than attentiveness [46, 50].

However, prior research has shown mixed results regarding the distinction between attentiveness
and responsiveness. [12, 14, 19, 23, 50, 101]. Specifically, Chang et al. [14] found that the ringer
mode of a notification affects users’ attentiveness to message notifications but does not impact their
responsiveness. Similarly, Lee et al. [50] identified sender relationship closeness as an indicator
of attentiveness but not of responsiveness in instant message notifications. In a recent study, Lee
et al. [52] revealed that responding to a message involves a complex decision-making process,
incorporating several factors and sometimes strategic considerations, thereby distinguishing it from
merely reading a message. On the other hand, recent qualitative studies have begun to reveal that
the distinction between attentiveness and responsiveness is not perceived uniformly by all users.
For instance, Wu et al. [101] reported that while some users consider the timing for responding
and attending to be identical—often responding to an instant message immediately after reading
it—others perceive attending as merely noticing the presence of a message, thereby distinguishing
the timings for these actions. Furthermore, Chou et al. [19], in their study on users’ perceptions
and practices around read-receipts in instant messaging services, revealed that users sometimes
intentionally defer reading a message until they are ready to respond, as reading without responding
may be viewed as socially inappropriate.

Given these mixed results and the varied interpretations and practices surrounding the distinction
between these stages, it remains unclear how the opportune moments for these two stages should be
considered similar or different from each other. Thus far, there is limited understanding about how
users perceive opportune moments for different stages and if distinct factors influence each stage
differently. Based on the literature, we outlined all substantial contextual factors and organized them
into five different contexts in this work, shown as the following: personal [1, 10, 47, 48, 64, 77, 83, 105],
activity [28, 39, 61, 62, 64, 71, 72, 80, 83], social environment [27, 28, 43, 62, 70, 89], notification
content [31, 55, 63, 81, 97], and notification sender [3, 4, 50, 63, 85, 98, 105]. Beyond the studies
which consider individual associations between specific stages and factors, this paper provides a
more comprehensive investigation into how the aforementioned factors are associated with the
different stages throughout the responding process.

Proc. ACM Hum.-Comput. Interact., Vol. 8, No. MHCI, Article 269. Publication date: September 2024.



269:6 Yu-Jen Lee et al.

3 Framework Design
To address the research questions, we referred to Turner’s framework to decompose the notification
process into four stages. We then gathered 20 factors from the aforementioned related studies and
categorized them into four groups.

3.1 The Four Stages of the Notification-response Process
Based on our literature review, we decomposed the notification-response process into the following
four stages:

(1) Alert: The device generates an alert to attract the user’s attention either via vibration, sound,
or screen light when the smartphone is away from participants, or pop-up notifications while
they are actively using the device.

(2) Glance [7]: The user shifts his/her attention to the notification and quickly skims it to
gain a rough idea of its purpose, either as soon as it arrives or when browsing multiple
notifications in a notification drawer. At this stage, the user does not engage in any kinds of
hand movement (e.g., tap, click) to interact with the notification.

(3) Engage: This stage occurs when the user chooses to tap the notification to read its full content.
This stage involves the user’s hand movement.

(4) Act: If the notification requests or implies a request for action beyond merely viewing the
notification (e.g., replying to an IM message or performing a requested task), and the user
agrees that such action is necessary, s/he acts upon the notified content.

The naming and definition of these four stages have been slightly modified from Turner et
al.’s [91] React, Focus, Read, and Act stages, to make them better align with our research aim.
For example, Turner et al.’s first stage, react, focused on the user’s status; whereas we adopted
the name Alert based on other research showing that the perceived opportuneness of a moment
for a phone to generate an alert may involve perceived social appropriateness [14, 69, 89] rather
than whether doing so is physically possible. Glance, meanwhile, reflects the characteristics of
a common notification-attending behavior [64]. On Android systems, in this stage, users skim
through a notification title and its short description, instead of taping into it to see its full content
(unless it is unusually short). Another reason we did not adopt the terms “Focus” and “Read” was
that our pilot participants were commonly confused between them. An additional reason that we
adopted the term Engage from Turner [92] in place of “Read” for the third response stage was
that we felt Engage better characterized an action (i.e., physically tapping into the notification)
performed to access a notification’s full content, distinct from merely glancing at it. We emphasized
this distinction between Glance and Engage to all the participants, and made sure they understood
the distinction, before they started the study. Finally, we adopted Turner et al’s [91] original term
Act, but emphasized to the participants that this stage implied doing something more than simply
reading the full notification content. Common examples of Act include responding to the message,
performing tasks related to the notification, etc.

3.2 Contextual Factors
We investigated the relationship to each response stage to 20 contextual factors, classified into five
categories. These factors were selected because all had previously been found to influence users’
receptivity to interruptions and incoming notifications in some way.

• Activity Context: These factors describe the user’s perceived characteristics of the users’
current task at hand, including task importance [86], task complexity [63], engagement level
[31], and busyness level [63].
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• Personal Context: These factors describe the user’s perceived their own psychological
status, including happiness [64], stress [64], boredom [77], fatigue [64], and loneliness[75].

• Social Environmental Context: These factors describe the user’s perceived characteristics
of the user’s current environment, including privacy [89], social norms [9], number of people
the user is interacting with [89].

• Notification Content Context: These factors describe the user’s perceived characteris-
tics of the notification content, including urgency [99], importance [99], attractiveness [8],
relevance with the task at hand [31], effort required to act on notification content [63].

• Notification Sender Context: These factors describe the user’s perceived relationship
characteristics with the sender of the communication notification (e.g. instant messaging,
e-mail, and social media), including importance [50], closeness [50], relationship type [63].

4 Methodology
We conducted a study with 74 smartphone users via an Android app that monitored their phone
status, sampled their notifications, and sent ESM questionnaires that asked them to report their
perceptions of the opportuneness of the moments when the sampled notifications arrived. They
also reported their perceptions of the intensity of 20 contextual factors and those factors’ impact
on such perceived opportuneness. All design decisions were made after conducting a pilot study
with 10 participants to refine the ESM mechanism and wording used in the study. Details of the
ESM study are provided below.

4.1 Experience Sampling Study
We developed a research app that recorded all notifications on the phone, sample specific notifica-
tions, and delivered ESM questionnaires [93, 95] for these sampled notifications. We explain these
in more details in the following subsections.

4.1.1 ESMQuestionnaire. An ESM questionnaire asked the participants to report what stages of
the response process they have done and their perceptions of the opportuneness of the moments
the sampled notification had arrived, for each response stage and overall. Specifically, we first
asked participants whether they had glanced at, clicked on, or acted on the notification when it
arrived, and reported if the notification was not applicable to that action, as illustrated in Figure 1a.
Then, we assessed the opportuneness of such moments in terms of the participant’s willingness to
proceed to a given stage, on a seven-point Likert scale: with an ESM response that s/he “would love
to” proceed to that stage equating to an opportune moment for that stage, as shown in Figure 1b.
We adopted the notion of willingness because it was both specific enough for our research purposes
and intuitive enough for our pilot participants to answer confidently, and because it has previously
been deemed a crucial element of receptivity [31].
Next, the participants answered questions about their perceptions of each of the 20 contextual

factors, as shown in Figure 1c. Specifically, they were first asked about their perceptions of the
value of a factor (e.g., “How happy are you at the moment?”), again on a seven-point Likert scale.
Then, they were asked to rate their perceptions of the impact of that factor on their willingness to
proceed to each of the four stages. In the tutorial video of study instructions, we emphasized that
participants should rate the factor value and its impact based on their most intuitive judgement at
the exact moment when their devices received the sampled notification. We included both questions
asking the value as well as the impact of a factor because we recognized that the relationship
between the value and the impact of a factor on users’ perceived opportune moment for a particular
stage can be complex. For example, it is possible that a notification is considered important and
meanwhile the user rates its high importance as either having a positive or a negative impact on
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(a) (b) (c)

Fig. 1. The research application includes questions that ask: (a) the stage to which the participant proceeds
of the sampled notification; (b) the extent to which the participant is willing to proceed to each stage; (c) the
perceived value of each contextual factor and its impact on the participant’s willingness to proceed to each
stage.

her decisions to read the notification, depending on whether she wants to defer it to a later point
or not given her availability in the moment [54]. By including both questions asking the value as
well as the impact, we were able to obtain a more in-depth understanding of how the value of the
factor relates to the impact of the factor on the user’s perceived opportuneness of the moment.
Therefore, there were five questions for each factor (a value plus its impact on the four stages).

The impact-related questions were on a seven-item scale with a “no influence” option in the middle,
and the three items on the left-hand and right-hand sides indicating positive and negative impact,
respectively.

Given the large quantity of ESM questions, and the above-mentioned drawback of lengthy ESM
questionnaires, we divided the questionnaire into two sections. This division enabled participants
to respond to only one-third of the questionnaire when they received it, and then complete the
remaining parts at other times. Specifically, the questions in the first section included 1) the
response stage to which the participant had proceeded with a particular sampled notification; 2)
their willingness to go through all four response stages with it; 3) factors that scholars consider more
difficult to recall later, including personal context factors [42]; and 4) situational details that would
aid in recalling the context of the sampled moment during the second phase of the questionnaire.
These details included their ongoing tasks, the number of people they were interacting with, and the
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identities of the notification senders. We incorporated these elements because previous research has
highlighted that in-situ information is often challenging to recall, potentially leading to inaccuracies
in ESM responses [94]. Inspired by the Day Reconstruction Method (DRM) [21, 25, 41, 45, 56], which
involves providing participants with contextual information to help them reconstruct their days and
recall daily-life details, we included these situational details in the second part of the questionnaire.
Through our pilot study, we observed that participants typically completed the first phase in

two minutes and the second phase in six minutes. After finishing phase one, the participants had
up to 12 hours to finish phase two, which contained 13 factors (or 10, if the sampled notification
did not include any sender information), all of which were considered more recallable by the pilot
participants than the seven factors always included in the first phase. These 13 factors were drawn
from all factor categories other than “Personal.”

4.1.2 ESM Mechanism. ESM questionnaires were delivered by an Android app we developed. After
the participants installed the research app, they first were prompted to select 14-hour windows
during which they were willing to receive ESM questionnaires each day, which could be different
for weekends and weekdays. The research app sampled notifications based on their scarcity:
i.e., notifications from less-sampled apps received higher weightings in sampling. This decision
was made because smartphone users received more certain type of notifications than others
[78, 81, 87]; thus, we deemed it important to capture various types of notifications to prevent our
ESM responses being strongly biased due to imbalances in notifications’ popularity. The research
app also considered the time that had elapsed time since the start of the 14-hour daily window, and
the time when the previous ESM questionnaire had been completed. This allowed us to balance our
need for the app to wait for rare notifications against the possibility that a whole day might pass
without any rare notifications being received. That is, the app was more heavily weighted toward
sampling rare notifications near the beginning of the window, but the more common notifications
were increasingly weighted as the end of the window drew nearer. Our weighting parameters and
elapsed-time thresholds were iteratively tested with pilot participants, until our app could capture
notifications from various sources in relatively balanced, yet sufficient numbers. Whenever an
arriving notification was sampled, the research app waited for one minute, in case the participant
immediately reacted to it. Then, the research app issued an ESM questionnaire through a phone
notification that did not generate any sound or vibration alert, to minimize the disruption it might
cause. The ESM expiry threshold was set to 30 minutes. In our pilot study, we validated that this
expiry threshold for our ESM questionnaire was sufficient to capture participants’ low-availability
moments—thus not overly biased towards moments of high availability for notifications—as also
indicated by prior ESM studies (e.g., [50, 55]). Additionally, this duration was short enough to
ensure participants could clearly recall their experiences. Once a participant completed phase one
of an ESM questionnaire, they would not receive another for at least one hour, and the app was
programmed to issue no more than eight questionnaires per participant per day.

4.2 Study Procedure
Once a participant signed up for the study, they received a consent form and a short tutorial video
via email detailing the study’s scope. We guided participants through the consent form, explaining
the research app’s functionality and the nature of the data it collected and stored. Participants
were informed that their data would be anonymized, with all personally identifiable information
removed, and stored on our secure server accessible only to the research team. They were also
informed of their right to withdraw from the study at any point without any consequences. Upon
agreeing to participate and signing the consent form, participants were redirected to our research
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web page, which included a link to download the research app and a tutorial video on how to install
and configure it. .

The research app started delivering ESM questionnaires on the day following successful installa-
tion, and continued doing so for 14 days, unless there were any days on which the participant did
not complete at least one questionnaire. In those cases, the study period was extended by one day
for each day that was missed, up to a maximum of seven extra days or 21 days in all, to prevent
the experiment from being too long. To enrich our data qualitatively, we conducted a 45-minute
in-depth semi-structured interview with 30 of the participants whom we selected either because 1)
their patterns of ESM responses were distinctive from those of the other participants, or 2) whose
ESM responses varied markedly from one questionnaire to another. Thus, our interviewees were
relatively diverse. The purpose of the interviews was to understand how the participants perceived
the similarity and differences between the opportune moments for the four stages. The participants
received NT$20 (approximately US$0.72) for each completed ESM questionnaire, and an additional
NT$300 (approximately US$11) if they took part in an interview.

4.3 Recruitment and Participants
We posted our recruiting message in a number of forums and Facebook pages, including some
pages intended specifically for the recruitment of research subjects, and others for general use
by residents of specific Taiwanese cities. The recruitment posts led to the sign-up form. During
the recruitment process, we aimed to balance the participants’ genders, ages, and occupational
backgrounds. A total of 78 participants joined the study and 74 completed it. Of the four that did not
complete it, one withdrew because the research app did not function properly, and the other three
simply ceased participating and never contacted us again. Among the remaining 74 participants, 43
were females and 31 were males. They ranged in age from 20 to 55 (𝑀=25.6), and 44 were students.
The remainder were from a variety of job sectors, including manufacturing, information technology,
and entertainment, among others. Due to extensions for skipped days, as explained above, the
mean duration of participation was 15.42 days (𝑆𝐷=2.08), not including the four participants who
withdrew. Of the 30 participants who participated in post-study interviews, 17 were female and 13
were male, and 10 were students. The mean age of the interviewees was 28.5 (𝑀𝑎𝑥=55, 𝑀𝑖𝑛=20,
𝑆𝐷=9.40).

4.4 Data Cleaning and Analysis
During the study period, the participants collectively received 326,560 phone notifications and
completed or partially completed 5,451 ESM questionnaires. 371 questionnaires were incomplete
and excluded from further analysis. Also, we ignored the first three ESM questionnaires completed
by each participant, on the assumption that their initial unfamiliarity with the questions might
skew their early responses. This led to the removal of a further 207 sets of questionnaire answers,
resulting in a final dataset of 4,873 ESM responses. On average, each participant completed 65.8 of
the questionnaires that were analyzed (𝑀𝑎𝑥=113,𝑀𝑖𝑛=3, 𝑆𝐷=32.58).
Note that our ESM asked the participants whether they had proceeded to each of the response

stages (except Alert, since alerts are system-initiated), and allowed them to tell us if any such stage
was not applicable to the sampled notification. For analysis of a specific stage where this “not
applicable” answer option was selected, that ESM questionnaire was not included in our analysis
of that response stage. As a result, the numbers of ESM questionnaires that were included in all
quantitative analyses were 4,873 for Alert, 3,883 for Glance, 3,189 for Engage, and 3,028 for Act.
For statistical analysis, we employed a mixed-effects linear regression on dependent variables

derived from ratings, and mixed-effects logistic regression on binary dependent variables. We
chose mixed-effects models for two primary reasons. First, each participant contributed repeated
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Fig. 2. Spearman’s rank correlation coefficients (𝜌) of five types of opportune moments: General, Alert, Glance,
Engage, and Act. All correlations are significant at the 0.001 level.

observations over the study period. This approach allows for accounting for individual differences,
enabling us to estimate fixed effects on the dependent variables while controlling for random
effects, with participant IDs used to account for individual variance. Second, the robustness of
mixed-effects regression against violations of the normality assumption has been demonstrated in
prior research [84], validating its appropriateness for our dataset.

We used affinity diagramming [35, 103] to analyze our qualitative data, which involves iterative
labelling and grouping of notes that were transcribed interview audio recordings. The research
team collaboratively sorted each note and went through the entire affinity diagram together in
each labelling and grouping session. The process led to 3 high-level themes: 1) opportune moments
for each of the four stages, and 2) influence of contextual factors on each of the four stages, and 3)
the difference between the four stages. The highlights of our qualitative findings are presented in
the following sections.

5 Results
5.1 Correlation between the Four Stages
We began by calculating the correlation between participants’ ratings for the perceived opportune
moments for notifications across four distinct stages: Alert, Glance, Engage, and Act, as well as
their ratings for general opportune moments. We used Spearman’s rank correlation coefficients
to assess these relationships, with all correlations presented in Figure 2 being significant at the
0.001 level. The results revealed a strong correlation among the stages, with coefficients all above
0.687. The Engage and Act stages showed the highest correlation with the general opportune
moments (0.962). These stages also showed a particularly strong mutual correlation (0.965). In
contrast, the Alert stage was markedly distinct from the other stages, exhibiting the three lowest
pairwise coefficients: 0.745 with Glance, 0.690 with Engage, and 0.687 with Act. This stage also had
the weakest correlation with the general opportune moments, as indicated by a coefficient of 0.735.
These initial results collectively suggest that participants’ perceptions of opportune moments for
notifications align more closely with times they find suitable for fully engaging with the content
and taking action than with times for merely being alerted to its presence.
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Fig. 3. The boxplot displays the distribution of participants’ perceived influence scores for the 20 contextual
factors on the opportune moments for notifications, averaged across the four stages. Dotted lines within each
box plot represent the mean influence scores. The box plots are organized in descending order, ranging from
the most positive to the most negative influence scores, from left to right.

5.2 Perceived Influences of the Contextual Factors on Opportune Moments
As mentioned earlier, the participants rated the impact of various contextual factors on the op-
portuneness of advancing through each response stage. They used a seven-point Likert scale for
this rating, which ranged from -3.0 to 3.0. On this scale, a response of 0 indicated "No influence."
To analyze these ratings, we defined and examined two metrics: influence likelihood and influence
score.

• Influence Score: the mean value, between -3.0 and 3.0, of all participants’ non-zero ratings of
the influence of that factor on the opportuneness of the moment for a given stage. In other
words, this score considers a factor’s influence only if it was perceived as having either a
positive or a negative influence on the opportuneness of the moment.

• Influence Likelihood: a value between 0% and 100% reflecting the likelihood of a contextual
factor being perceived as having an influence on the opportuneness of the moment; i.e., of it
being given a non-zero rating, regardless of whether that rating was positive or negative.

To compare influence scores and likelihoods among the contextual factors and stages, we con-
ducted pairwise comparisons of all 20 contextual factors within our regression models. In these
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Fig. 4. The bar chart illustrates the influence likelihood for the 20 contextual factors on the opportune
moments for notifications, averaged across the four stages The bars are arranged in descending order, from
the highest to the lowest likelihood, moving from left to right.

models, each contextual factor was included as an independent variable. Influence score (numeric)
and influence likelihood (binary) were included as dependent variables. Given the multiple compar-
isons were conducted across factors and stages, we applied the Bonferroni correction to adjust our
significance levels [2]. For these tests, a stringent significance level (𝛼 = 0.05/𝑛) was established,
where ’n’ represents the number of comparisons specific to each factor or stage in question.

We present the results of the influence scores shown in a box plot, depicting the mean and distri-
bution in Figure 3, and influence likelihoods presented in a bar chart in Figure 4. A comprehensive
visualization of the influence score and likelihood of all contextual factors is provided in Appendix
in the supplementary file.

5.2.1 The Overall Influence of Contextual Factors on Opportune Moment. Sender relationship
emerges as the predominant contextual factor, with a positive influence score of 1.23, which is
statistically significantly higher than those of other factors (all p < 0.001). Following closely, Sender
Importance ranks secondwith a score of 0.95, also significantly exceeding comparisons (all p < 0.001).
Conversely, Content-Task Relevance and Content Urgency exhibit the most substantial negative
influences, with scores of -0.87 and -0.82 respectively, without significant differences between them
(t(15895) = 1.14, p = 0.253). Several factors were consistently associated with low influence scores,
both positive and negative. Specifically, factors such as Boredom (0.00), Activity Complexity (0.07),
Required Effort (0.08), and loneliness (0.18) were perceived as minimally influential on average.
In terms of influence likelihood, factors related to the sender, again, were most frequently

perceived as influential. Specifically, Sender Relationship was perceived as influential 72.91% of the
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Fig. 5. The boxplot displays the distribution of participants’ perceived influence scores for the 20 contextual
factors on the opportune moments for notifications without involving a sender (NS-notifications) on the left
and involving a sender (S-Notifications) on the right. Dotted lines within each box plot represent the mean
influence scores. The box plots are organized in descending order, ranging from the most positive to the most
negative influence scores, from left to right.

time, followed by Sender Importance (67.02%), and Sender Closeness (63.95%). Among non-sender
factors, Content Attraction was most frequently noted as influential, 63.93% of the time. In stark
contrast, Loneliness was least likely to be perceived as having an influence, noted by only 21.1% of
the time, and its likelihood was statistically significantly lower than that for other factors (all p <
0.001).
Combining the two sets of results reveals varying influences of certain factors. For instance,

while the influence of Content Attraction was prevalent, it exhibited a relatively low average
influence score. This suggests that although it was often perceived as playing a role, its impact was
considered relatively minor. In contrast, the influence of factors such as Happiness, although less
prevalent, was significant when perceived; its average influence score was among the highest. These
results underscore that different contextual factors play distinct roles in shaping the perception of
opportune moments.

5.2.2 Differences in Influential Factors between Sender and Non-sender Notifications. Given that
not all notifications involve a sender, we differentiated between notifications with a sender (S-
notifications) and those without (NS-notifications). S-notifications typically originate from mes-
saging apps and social media platforms. Our findings, illustrated in Figure 5, indicate several
noteworthy trends. First, influence scores for NS-notifications tended to be more negative com-
pared to S-notifications. For instance, while loneliness averaged a positive influence score (0.72) in
S-notifications, it shifted to a negative score (-0.34) in NS-notifications. Second, the four content-
related factors exhibited particularly strong negative influences in NS-notifications; however, three
of these factors (except for Content Task Relevance) were perceived positively in S-notifications.
This notable disparity suggests that participants’ perceptions of content-related factors significantly
differed depending on the presence of a sender. Third, three environmental factors—Number of
People Interacting, Perceived Privacy, and Social Norms—and one personal factor, Happiness,
consistently rank as top positive influences across both notification types. This consistency implies
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Fig. 6. The boxplot on the left displays the distribution of participants’ perceived influence scores for the 20
contextual factors, organized by stage, on the opportune moments of the four stages. Dotted lines within
each box plot indicate the mean influence scores. The bar chart on the right illustrates the likelihood of these
20 contextual factors being perceived as influencing the opportune moments for the four stages.

that these factors exerted a stable influence from the participants’ perspective, largely independent
of notification type.

5.2.3 Influence of Contextual Factors on Opportune Moments Across the Four Stages. We found
that in the Glance stage, contextual factors were perceived as having a more positive influence on
the opportuneness of the moment for proceeding with the Glance stage compared to other stages,
as shown in Figure 6. Notably, it is also the only stage that received a positive mean influence
score (Glance (M = 0.18, SEM = 0.01) vs. Alert (M = -0.10, SEM=0.01, t(74147) = -21.04, p < .001); vs.
Engage stage (M = -0.07, SEM = 0.01, t(66269) = -12.27, p < .001; vs. Act stage (M = -0.03, SEM =
0.01, t(64723) = -14.33, p < .001). In other words, participants tended to deem a given situation as
opportune for glancing at notifications but inopportune for the other stages. In contrast, the Alert
stage was on average perceived as the most negatively influenced by contextual factors among the
four stages (vs. Engage stage (M = -0.07, SEM = 0.01, t(68023) = 6.44, p < .001; vs. Act stage (M =
-0.03, SEM = 0.01, t(66477) = 4.38, p < .001). Notably, despite a slight decrease in influence scores in
the latter two stages, no significant difference was observed between them (t(58601) = -2.44, p =
0.115), indicating a similar perception regarding opportune moment across these stages.
In addition to the general trend, we found that specific contextual factors exhibited notably

stronger influences on particular stages when these factors were at a certain status. For example,
we observed that activity-related factors (e.g., busyness) in a particularly strong negative influence
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Fig. 7. The boxplot on the left displays the distribution of participants’ perceived influence scores for the
factor Number of People Interacting on the opportune moments of the four stages. The boxplot on the right
shows the distribution for Social Norms under the same conditions. Dotted lines within each box plot indicate
the mean influence scores.

on the Act stage when they were in high status (i.e., busy). The mean influence score was -1.29
(SEM = 0.02), more negative than those of other stages (vs. Alert stage: M = -1.20, SEM = 0.02,
t(9949) = -4.35, p < .001; vs. Glance stage: M = -1.07, SEM = 0.02, t(9589) = -8.86, p < .001, vs.
Engage stage: M = -1.25, SEM = 0.02, t(9058) = -2.25, p = 0.024). Similarly, two social-environmental
factors—Number of People Interacting and Social Norms—as shown in Figure 7, when in a positive
status (i.e., interacting with a group of people and perceiving high social norms), also exhibited a
particularly strong negative influence on the Alert stage, significantly more negative than it on the
Glance stage (Social Norms: Alert stage M = -1.17, SEM = 0.02 vs. Glance stage M = -0.65, SEM =
0.05, t(1804) = 5.36, p < .001; Number of People Interacting: Alert stage M = -0.48, SEM = 0.08 vs.
Glance stage M = -0.20, SEM = 0.05, t(342) = 2.05, p = .045)
In addition, we also observed differences in influence likelihood among the four stages. Specif-

ically, the Alert stage was less likely to be perceived as influenced by contextual factors (42%)
compared to the other stages (vs. Glance (M = 50%, z = 34.12, p < .001); vs. Engage stage (M = 51%,
z = 34.43, p < .001); vs. Act stage (M = 51%, z = 31.89, p < .001)). However, the Glance, Engage, and
Act stages did not show significant differences in influence likelihood. Notably, Perceived Privacy
exhibited a unique characteristic; in perceived low-privacy environments, this factor were the most
likely to be perceived as negatively influencing the Alert stage (52%) compared to the others (vs.
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Glance (M = 45%, z = -4.89, p < .001); vs. Engage stage (M = 47%, z = -2.33, p = 0.019); vs. Act stage
(M = 48%, z = -2.094, p = 0.036)).

To sum up, these findings indicate that participants tended to perceive certain situations as more
or less opportune for proceeding to specific stages than to others. Furthermore, some contextual
factors were perceived to have a particularly strong influence on specific stages when they were in
a certain status. Our qualitative results below provide further explanations for these observations.

5.3 Self-Reported Inter-Stage Differences and Their Opportune Moments
In line with our quantitative results, our interviewees reported a variety of inter-stage differences in
what they considered opportune moments, and provided various explanations for such differences.
These qualitative results provide insights into what constitute opportunity moments for these
stages and serves as the final element of this paper.

5.3.1 The Alert Stage Was about Drawing Attention and Disruption. The interviewees mentioned
several fundamental differences among the four stages, in terms of both their outcomes and the
cognitive and physical effort they required.
When talking about the Alert stage, they noted that an alert is intended to draw people’s

attention, which – when it happened – would also disrupt and distract them when the moment
was inopportune. Therefore, they noted that when they shifted their attention to the alert, they
found themselves wishing that this effort would be worthwhile. Key notification characteristics
that the interviewees mentioned in this context included importance, urgency, relevance, and
attractiveness, which resonates with the properties mentioned in prior research [31, 99] and in our
quantitative results as desirable for notifications that generate alerts. As P12 noted, “Of course I
hope that the [unimportant] notifications will not generate any vibration. I’ll deal with them when I’m
more available.”. On the other hand, various interviewees mentioned that alerts would draw not
only their own attention, but others’. Therefore, they were particularly concerned about disrupting
social interactions and their immediate settings, such as classrooms (P01, P04), offices (P07, P27),
libraries (P22), movie theaters (P04), public transportation (P08), and courts (P27). For instance, P04
said that the theater was “a place that people have a consensus to not make any sounds, [...] I feel like
I have to obey public consensus in the theater environment.”
As well as these attention-drawing phenomena, some participants mentioned that alerts could

sound pushy and cause them stress, especially when they were already in that state. As P5 explained,
“I’m used to turning off the sounds and vibrations because I feel the notification is urging me to do
something.” Finally, some were concerned about not noticing alerts when they were engaged in an
ongoing task. Alerts were considered particularly opportune, or even desirable, when they were
anticipating incoming communication. Unfortunately, the state of waiting for notifications was not
listed as a contextual factor in our ESM.

5.3.2 The Glance Stage as Seeking TargetsWorthy of Attention-switching. All participants considered
Glance the stage at which they decided whether to switch their attention to obtain a quick, rough
overview of the arriving notification. They were most concerned about the post-switching cost, e.g.,
the effort of resuming a cognition-demanding task. As P10 noted, “It takes much effort to relocate
my attention back to the complex task”. Notifications that the interviewees considered more worth
switching attention to were those described as interesting (P04, P14, P28), relevant (P09, P14),
important (P28) or urgent (P07, P22), or sent by people they were close to (P09, P12, P14). They also
expressed a consensus that being bored and killing time were opportune moments for glancing
(P01, P02). One (P7) mentioned that glancing at new notifications helped with recovery from a
negative mood: “When I am unhappy [...] I still take a glance at messages, because it might make me
feel better.”
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5.3.3 Engage: Status Transformation from Transient to Committed. When talking about the Engage
stage, the interviewees said they perceived its key characteristic as a transformation from the
tentative and transient attention and effort required by Glance to a greater commitment of their
physical effort, cognitive effort, and time. They made this commitment when they thought it
essential to see a notification’s full content, such as when it was urgent (P06, P21), time-sensitive
(P05, P19) and relevant (P07, P10, P22). Such commitment was further extended if the content
entailed more actions, and this was further influenced by relational factors. That is, the interviewees
reported that they responded to messages faster when they had been sent by family members (P16,
P18), supervisors (P02, P04), close friends (P07, P21) or romantic partners (P09).

Echoing their ESM responses, the interviewees also reported a high similarity between the final
two response stages. First, as compared to the first two stages, being engaged with and acting upon
notifications required that more physical and cognitive effort be expended on interacting with their
devices. Consequently, they were unwilling or unable to commit to the remainder of the response
process when it would be inconvenient for them to sustain that commitment. For instance, P01, P14,
P22 and P25 told us that they delayed the Engage stage because they wanted more time to think
about how to craft the message, or to actually craft it; and that they therefore delayed proceeding
to the final two stages until they found themselves in situations that allowed them to do so, such
as commuting by public transportation (P07). One commonly mentioned reason the interviewees
gave for waiting for such moments to proceed the two latter response stages together, instead of
separately, was to prevent them from forgetting to act upon notifications after reading them. As
P07 said, “I can’t deal with the notification right away, but I still want to handle it later. So I just leave
it there [in the notification bar] in case I forget to handle it”. Leaving a notification unread provided
these interviewees with a marker or cue to remind them to tap into it later.

In particular, IM messages’ “seen” feature appeared to bind the final two stages of the response
process together. The interviewees reported avoiding entering the message page specifically so
that the “seen” sign, indicating that a message had been read, would not be shown to its sender.
And, because tapping an IM notification will directly lead users to the message page, they avoid
tapping such notifications as well. As P26 explained: “I don’t like to be left on ‘seen’ myself, so I
avoid doing it to others. [...]. I usually respond to the message if I tap it.” An underlying reason for
these positions is the potential social meaning of leaving someone a “seen” receipt, as articulated
by P08: “Since leaving someone on ‘seen’ is a way of stating your position nowadays, the recipient
might take the message wrong.” Unlike the Glance stage, in which attention-switching is transient,
Engage’s requirement to commit one’s entire attention to the phone during a social interaction
was regarded as a social breach (P09, P11, P12, P18), especially when inattention to that interaction
would be easily noticed. As P07 pointed out: “When there were only a few people around, others can
easily tell when I’m not paying attention to them.” In these situations, the interviewees tended not to
initiate this stage of response, but thought it acceptable to glance at notifications (P02, P07), perhaps
because it did not entail much physical movement (P10). Several participants also mentioned that
privacy played an important role: i.e., they would avoid further interaction with their phones when
in the midst of people to avoid their screen being seen by them (P06, P13, P28).

6 DISCUSSION
This paper’s core findings are structured around two main themes. Firstly, by investigating users’
perceived opportune moments for the four response stages, we elucidate the similarities and differ-
ences in how users perceive these moments across each stage. Secondly, through the exploration of
the influence of various contextual factors on the perceived opportuneness of proceeding through
each stage, we not only show various kinds of influence of contextual factors, but also reveal certain
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factors’ influences on only specific response stages. A detailed discussion of each strand is provided
in turn below.

6.1 The Opportune Moments for Engage and Act are Similar, whereas for Alert and
Glance are Distinct

Drawing on both quantitative and qualitative findings, we observed distinct perceptions among
participants regarding the opportune moments for the initial stages—Alert and Glance—compared
to the subsequent stages. Conversely, the opportune moments for the latter stages—Engage and
Act—exhibited notable similarities. This differentiation underscores the complexity of user interac-
tions with notifications and suggests the need for stage-specific considerations in system design
and user engagement strategies.
Specifically, our analysis revealed that the perceived opportune moments for all stages were

correlated with each other and with overall perceptions of opportune moments. This suggests
that these moments often co-occurred from the participants’ perspective, indicating a general
perception of opportune or inopportune times across all stages.
Despite this, our results showed varying degrees of correlation among the stages. Participants

most commonly associated the general conception of an opportune moment for notifications with
the moments for the Engage and Act stages. Moreover, the finding that the influences of contextual
factors on the Engage and Act stages were more similar to each other than to any other pair of stages
further supports the similarity between these two stages. Thus, while prior research has explored
the concept of the opportune moment for different purposes, such as reducing disturbance [89]
or enhancing receptivity to notifications [50], our results suggest that a "general concept" of an
opportune moment for notifications, without specifying the response stage, may be more closely
associated with engagement and acting than with generating an alert or glancing at notifications, at
least from our participants’ perspective. Nonetheless, given the sometimes simultaneous occurrence
of these stages, as indicated by the correlations, the boundaries between them may not always be
clear.

What we found particularly intriguing for future research is the potential impact on the proximity
between the Engage and Act stages in a notification system designed to alleviate users’ concerns
about forgetting to act after engaging with content. This concern was especially prominent among
participants dealing with messaging notifications, where forgetting to respond after reading could
have social consequences, as also reported by Chou et al. [20]. If systems could offer cues, reminders,
or easy access to act on notifications after reading them, this might reduce users’ worries about
forgetting. Then, it would be interesting to examine whether such system enhancements would
effectively alleviate user concerns and encourage decoupling of the Engage and Act stages.
In contrast to the latter stages, the Alert and Glance stages were perceived as more distinct.

Specifically, the Alert stage was notable in that participants’ perceived opportune moments for this
stage showed the least correlation with those for the other stages. Additionally, it was influenced
by a unique set of contextual factors. Echoing results from prior work [14, 28, 89], which showed
that controlling the ringer mode of the phone is sometimes intended to prevent disruptions in the
environment, our participants also tended to associate the opportune moment for this stage with
social-environmental factors, including the number of people interacting and social norms. The
concern regarding the impact on the external entity—the surrounding, in addition to the notification
recipient themselves—illustrates its distinctness in opportune moments from the other stages.
In contrast, the distinctiveness of the Glance stage is not primarily attributed to a specific set

of contextual factors influencing it, but rather to the relatively low concern users have about the
negative impacts of various contextual factors on proceeding to this stage. This is evidenced by the
Glance stage being the only stage to receive an overall positive influence score on the opportuneness
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of the moment for proceeding, compared to all other stages. Previous research has documented
users’ high tendency to check notifications (e.g., [14, 23]) and the various reasons they browse their
notifications [11]. Our study provides an explanation that bridges these observations. Specifically,
it suggests that the frequent and prevalent occurrence of notification glances may not only stem
from the various reasons people have for browsing notifications but also from the relatively lower
threshold for a moment to be considered opportune for proceeding to this stage, combined with the
perception that this stage is less subject to interference from various contextual factors compared
to other stages.
Taken together, our results not only resonate with the division of interaction stages for notifi-

cations as proposed in prior research [29, 91], but also provide deeper insights into how the four
stages were distinct from the lens of opportune moments. In light of these findings, we recommend
that future notification systems predict opportune moments for these stages distinctly. Our results
elucidate factors that are perceived both positively and negatively affecting the progression to these
stages, as well as how these stages distinct from each other. Hence, we recommend future work
consider these insights when designing opportune-moment detection mechanisms. For instance,
notifications that require alerting users to draw their attention should consider environmental
factors. Conversely, for notifications that necessitate actions, the system should avoid sending it
when the user is busy or performing a complex task.

6.2 The Influence of Contextual Factors on Opportune Moments for the Four Stage is a
Complex Phenomenon

Our second research question explores how the opportuneness of moments for each of the four
response stages is impacted by various contextual factors. According to our results, we realize
that addressing this question proves challenging due to the high complexity of the phenomenon,
which manifests at least in four distinct elements identified in our study: 1) the status of the
contextual factor (i.e., positive vs. negative, or high vs. low); 2) the specific response stage (i.e., Alert,
Glance, Engage, and Act); 3) the type of notification (naively classified in this study as sender vs.
non-sender); and 4) the types of influence measured (influence magnitude vs. influence likelihood).
Through an analysis characterized by these elements, we elucidate general trends in influence scores
and likelihoods, revealing how contextual factors can positively or negatively impact opportune
moments for different stages. However, fully comprehending this phenomenon requires a thorough
comparison among factors and stages, best visualized through the comprehensive diagram provided
in the Appendix. This visualization aids in approaching the core of the phenomenon, but due to space
limitations, this paper can only offer selective instances demonstrating the specific relationships
between contextual factors and stages. For instance, our results include examples where certain
contextual factors exhibit a type of influence on a specific stage only when in a certain status (e.g.
activity-related factors, social-environmental factors). Furthermore, we observe variations in the
prevalence and magnitude of influences: while some factors, like Happiness, have relatively low
prevalence but average high influence scores, others, such as Content Attraction, show the opposite
trend. The type of notification also plays a crucial role; content factors tend to have more negative
impacts on the opportuneness of moments for notifications without a sender, yet exhibit positive
influences for notifications with a sender.
All in all, building upon prior research on opportune moments (e.g. [15, 61, 66–68, 71, 74, 79,

88, 92]), breakpoints (e.g., [30, 38, 38, 69]), interpretability (e.g., [50, 63, 72, 105]), receptivity (e.g.,
[31, 61, 91]), and notification management (e.g., [60]), our study provides an important step towards
understanding how opportune moments for different notification interactions are related to the
studied contextual factors, and how and why such factors’ influences can vary among response
stages. Yet, the results also open the door to more questions requiring future investigation: such
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as “What constitutes an opportune moment?”; “To what extent can the studied contextual factors
predict the opportuneness of moments for each response stage?”; “How well do these findings
apply to opportune moments for other actions and more specific content, such as reading suggested
materials [24, 74], interacting with a smart agent [58], responding to an intervention prompt
[49, 53, 82], answering a questionnaire [33, 74], or performing a crowdsourcing task [13, 17, 18]?”

7 Research Limitation
This paper is subject to several limitations. First, its study design was inherently incapable of
capturing people’s usage of desktop/web applications or wearable devices, which could influence
their actual interaction with notifications. For instance, a participant might choose not to respond
to an IM notification on their smartphone if they already addressed the relevant message on their
laptop. However, our ESM questionnaires did not ask participants to report information about their
activity on other devices. Therefore, we could not gauge the extent to which such devices could
have influenced their perceptions of opportune moments for each stage. Second, we only asked
our participants how much each factor influenced opportune moments for each response stage,
and not about opportune moments for notifications generally. In consequence, we were not able to
fully explain the impact of each contextual factor on the general opportuneness. Third, given that
participants are more likely to respond to ESM questionnaires when they are interruptible, and
considering the duration of the 14-day study, it is likely that participants may feel fatigued and less
inclined to answer the ESM questionnaires in the latter part of the study. Therefore, our dataset is
very likely to be biased. Fourth, because we focused on response behavior in general, we did not
study the interplay of our chosen factors with one another. For instance, it is intuitive that busyness
would affect how smartphone users interact with notifications that take time to act upon. Future
studies could, therefore, usefully investigate how various combinations of factors influence users.
Fifth, the research app displayed the content of notifications in the Experience Sampling Method
(ESMquestionnaire. This likelymade participants reluctant to respond to certain ESMquestionnaires
due to privacy concerns—specifically, the unwillingness to share notifications containing private,
sensitive, or confidential information with the research team. This could potentially skew the
results. It is likely that participants might perceive the appropriateness of the moment for handling
such notifications differently from other notifications, but our dataset may not have captured these
instances in the study. Sixth, as this study is exploratory in nature, we have employed Bonferroni
correction to adjust our statistical significance level. Nevertheless, it’s essential to recognize that
while this correction reduces the risk of Type I errors, it simultaneously increases the chance
of Type II errors (false negatives), potentially leading to genuinely significant differences being
considered as non-significant [73]. Seventh, due to the high complexity of our data, the granularity
of our findings is limited. This is, we used a relatively simple binary categorization of notifications
into S- and NS-notifications, rather than a multi-class categorization like those adopted by app
stores: into social media, games, messaging, shopping, and so on. We also classified the valence of a
factor in only two ways, positive and negative, rather than, for example, a five-class valence system
(high-positive, low-positive, neutral, low-negative, high-negative). However, doing so would have
reduced the number of samples in each category and complicated our visualization/presentation of
the influences of all factors. Nevertheless, with a sufficiently large data set, it might allow for more
nuanced comparisons among these categories. Eighth, we conducted our field study in Taiwan;
most of our participants were in their twenties; and half of them were students. As a result, it is
unclear whether our findings can be generalized to another group of people from other age groups
and cultures, or who have different IM-application preferences.
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8 Conclusion
In this paper, we expanded the concept of the opportunemoment by adopting amulti-stepmodel that
accounts for four stages of the notification-response process. Our ESM study with 74 participants
yielded three high-level takeaways. First, we provided qualitative and quantitative evidence showing
how the four stages are similar and distinct. For example, we demonstrated that the opportune
moments for the Alert and Glance stages are relatively distinct from each other, whereas the
moments for the final two stages, Engage and Act, are more closely aligned. Second, our results
offer a more comprehensive understanding of how the perceived opportuneness of moments for
each stage is related to various contextual factors. Specifically, we illustrated that these factors
play varied roles in influencing which moments are perceived as opportune for receiving and
addressing notifications, with their influences varying according to their statuses, whether the
notification involves a sender, and the stage to which recipients need to proceed. However, given the
highly complex interrelationships between factors, response stages, and notifications, our research
findings represent an important yet initial step towards understanding this complex phenomenon.
Building upon this work, we encourage further research to conduct cross-factor and cross-stage
comparisons and analyses that extend beyond the scope of this paper.
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