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ABSTRACT

Smartphone users’ decisions about whether to attend to a
notification after sensing it are under-researched. We
therefore studied 33 Android users, and found that they
speculated extensively about notifications’ sources—i.e.,
which apps and which senders were responsible for them—
before attending to them. The participants’ speculation
about apps was both more common and more accurate than
that about senders. They also were more likely to 1)
perceive notifications as important, 2) attend to them, and
3) consider them beneficial if they speculated about them
than if they did not or could not. Participants’ speculations
were based on the alert’s inherent characteristics, context,
and temporality. Inaccurate speculations were mainly
caused by unclear signals, insufficient clues, and a
multiplicity of possible sources. Ringer mode affected the
accuracy of user speculation, but not its frequency or the
frequency of attending to notifications.
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1 INTRODUCTION

Notifications are a common means of receiving information
from or via smartphones. However, users do not value all
the notifications that they receive. Research has shown that
notifications from certain apps or people are particularly
valued and preferred by users [35,39,43]: at specific
moments, users are likely to perceive notifications from
those sources as beneficial to view, and other notifications
as irrelevant and distracting. Unfortunately, as smartphone
users install more apps on their phones, their attention is
more likely to be drawn by alerts from notifications that
they consider irrelevant. We assume that, when a user
senses an alert—i.e., hears the sound or feels the vibration—
he or she will often speculate about which app or sender is
sending it and why, and base his/her decision about
whether to attend to it on such thoughts, which we refer to
as notification speculation. However, neither sound-nor
vibration-based notification alerts are always a sufficient
basis for accurate speculation. Although some mobile apps
include custom alerts to help users distinguish them from
other apps, many still use default tones and vibrations, or
very similar ones. Despite the practical, commercial, and
social importance of notification speculation, however, the
literature on users’ current practices and challenges in this
area remains sparse. In building our understanding of this
phenomenon and exploring the notification-alert design
space with the wider aim of supporting more effective
notification speculation, we will be guided by the following
research questions:



RQ1: How frequent and accurate are notification speculations,
and what factors affect their frequency and accuracy?

RQ2: How do users speculate about notifications, and what
are the challenges to making accurate speculations?

RQ3: How does the process of speculation affect users’
decisions of and the effectiveness of their notification
attendance?

Our two-week empirical study utilized mixed methods
including the experience sampling method (ESM), phone
logging, and cued retrospective interviews. It makes four
main contributions to the literature. First, it provides
evidence of users’ notification-speculation behavior and
performance, and the effect of their speculation on
subsequent attendance. Second, it identifies the major bases
of users’ speculations, along with situations that tend to
make speculation difficult and/or inaccurate. Third, it
reveals that ringer mode affects the accuracy of speculation
about which apps are sending notifications, but not the
frequency of such speculation or the frequency of attending
to such notifications. Finally, it provides recommendations
for the design of future notification systems that will help
support notification speculation.

2 RELATED WORK

The body of mobile-notification research provides us with
a rich understanding of smartphone users’ notification-
management and notification-attendance behaviors.
Notification management comprises both  which
notifications mobile users prefer to see, and how they deal
with them. People’s receptivity to notifications has been
found to be affected by how interesting and relevant the
notifications are [9]. When smartphone users consider
received notifications to be irrelevant, they often dismiss
them and may even delete the app that sent them [35]. For
example, they particularly value notifications related to
people, such as those sent by from Instant Messenger (IM)
apps [30,35]. When smartphone users chose to “snooze”
notifications related to people and events, it has been taken
to indicate a desire to view them later despite being
currently unavailable [44]. Thus, the idea of taking users’
preferences into account to determine what notification to
deliver has been implemented by researchers [20].

Several studies investigated smartphone users’ awareness
and attentiveness to notifications. It is suggested that
smartphone users are attentive to notifications, even
without notification alerts [6,22]. For example, participants
in [22] reported that they only missed notification alerts
14.63% of the time when their phone was silent. Other

researchers used the notion of attentiveness, which
quantified how quickly participants saw notifications
and/or how frequently they attended to notifications in a
given period. Both [6,7] found that, on average, participants
attended to notifications within several minutes of the
notifications arriving. The same studies’ participants were
also found to be attentive across all ringer modes, which on
the Android system are of three types Silent Mode (the
phone delivers no alert), Vibrate Mode (the phone delivers
only a vibration alert), and Normal Mode (the phone
delivers both sound and vibration alerts). Mashhdi et al.
found that if a notification was associated with an alert, it
was 12 times more likely to be attended to immediately
than if it was not [19]. Other studies likewise reported that
notifications that arrived in Silent Mode took the longest to
be seen [22,27], whereas those that arrived in Vibrate Mode
evoked the quickest responses [6] However, while users
can feel more productive and less distracted when their
alerts are turned off, they may actually feel worried about
missing notifications [2,28,29], and thus self-initiate app-
checking behaviors that render them more likely to delay
or even forget their tasks on the phone [42].

Researchers have also attempted to identified factors
correlated with or predictive of smartphone users’
attentiveness and responsiveness to notifications, and to
predict their interruptible or opportune moment for
receiving notifications or performing phone-related tasks.
These matters have been found to be influenced/predicted
by or correlated with activity type and level [1,4,5,7,8,14],
location [21,26,36,41], time of day [26,31,33,36,41], the
recentness of users’ interactions with their phones [8,14,16],
ringer mode [9,14], sensor information [9,14-16,18,22],
conversational context [37,38], personal traits [46], and
arousal and emotional states of arousal [13,23]. In
particular, [17,21,22] suggest that who the sender is also
matters. However, if an intelligent system for helping users
decide which notifications to attend/respond to is to be
successfully developed, it will first be essential to elucidate
how users speculate and make attendance decisions prior to
attending to them, and therefore when such speculation
may require assistance. [5] presents preliminary results in
this regard, but it has limited quantitative and qualitative
findings. This paper provides more such insights.

3 METHODOLOGY

3.1 Research Focus and Participant Recruitment

Based on its research focus as set forth above, this study’s
target population consisted of smartphone users who are
usually informed of phone-related events via notification



alerts, and its target scenario was users making an
attendance decision after sensing a notification alert when
the phone was not in use. According to prior research on
mobile notifications, overall usage of non-Silent Modes is
higher than the usage of Silent Mode on Android systems
(e.g., [6,11,19,22,45]). Thus, this study’s scope covers a
considerable proportion of smartphone users. We selected
the Android system as our research platform because it
allowed us to capture behavioral data, such as app usage
and ringer-mode settings, among other user/usage details.

We recruited participants who 1) set their phones to Silent
Mode for not more than eight hours per day; 2) used more
than one communication app, and at least two apps that
used different notification alerts; and 3) were aware that
their apps had different notification alerts. We balanced the
participants in terms of gender, occupation, and self-
reported number of daily notifications. We posted a
recruitment message in a subject pool created at our own
and a neighboring university; on a bulletin board intended
for recruiting participants; and on the research team
members’ social-media pages. Initially, 37 participants were
recruited, and numbered P1-P37. Data collection took place
from March 17 to July 31, 2017. Three participants
withdrew because the research app did not function
properly on their phones. Thus, a total of 34 people (17
males, 17 females) completed the study, and of these, all but
one participated in an optional interview. The participants
were from various cities in Taiwan, mainly Taipei and
Hsinchu, where people have a relatively high acceptance of
technology. All were 20-36 years old.

3.2 Experience Sampling Study

We used ESM to study the participants’ reactions to and
experience of notifications. ESM prompts were triggered
only after participants had started using their phones, so
that the alerts from such prompts would not affect their
sensing of and speculation about app notifications. We set
a minimum interval of 90 minutes between any two ESM
prompts. Whenever a participant saw an ESM prompt, the
research app sampled between one and three notifications
that had arrived in the 30 minutes before the ESM prompt.
Based on feedback from our internal pilot test, we
determined that this 30-minute threshold was long enough
to capture diverse sensing and speculating scenarios, but
not too long for clear recall. It was crucial to include not
only notifications arriving right before the ESM prompt (i.e.
when participants just attended to the phone), because

thttps://developer.android.com/reference/android/accessibilityservice/ Accessibility
Service.html

Mobile Receptivity

Time: 2017-04-20 15:15:18 +0800
Title:  SHMGE « B0\ » Rebecca
Tsaiyo Leu ~ Judy Hung  Vivian
Liu ~ Amy Hung

Content: At —IRAKIE -

re you doing

hen you
i the notification ? (e.g. In the

class, commuting, relaxing, unsure...)

Mobile Receptivity

Please Fill out the Questionnaire

1. Have you seen this Notification?
O YES
O NO

Later Start

2. Which of following best
describes the situation when you
read this notification?

O Iread it after | unlocked my
phone. (go to question 3-15)

Figure 1. (Right) The ESM prompt. (Left) The ESM
questionnaire, containing the title, content and time the
notification was received, followed by a set of questions

inquiring about the participant’s experiences.

doing so would have prevented us from capturing
situations in which the participant decided not to attend to
the phone after speculation. Given the target research
scenario, the research app did not prompt participants
about notifications that arrived either when they were
already using the phone for some other purpose, or when
the phone was in Silent Mode. Each selected notification
had its own questionnaire (see Figure 1), which contained
its title, content, and arrival time, followed by 16 multiple-
choice questions covering sensing; speculation (action,
basis for speculation, and correctness); reasons for
attending; and self-evaluation of attendance. For
participants unsure if they had sensed a notification, an
“unsure” option was provided. Due to space limitations, the
questionnaire is presented in English translation in the
supplemental material, rather than the original Mandarin.

3.3 Study Procedure and Data Collection

Participants in the final sample ran our research app on
their phones for 14 days. It logged notifications, the
participants’ actions, and phone-context information
including location, activity, phone sensor, and phone status
(e.g., network connectivity, battery life). We used the
Android system’s Accessibility Service! to record
participants’ actions and infer their attendance to
notifications, in line with prior research (e.g., [6,7,22]). In a
pre-study meeting, we sought the participants’ informed
consent, and if they agreed to participate, helped them to
install the research app and provided them with a tutorial
on answering ESM questionnaires. We asked the



participants to connect their phones to wi-fi daily to upload
logged data. Upon completion of the ESM study, we
provided participants with a gratuity of 1,200 NTD (about
40 USD) and invited them to an interview via email, with
attachments containing statistics of their notifications and
ESM responses. We asked them to review this data and to
recall its contexts prior to the interview. In the interview
sessions, we used a cued retrospective technique [34],
which involved showing the his/her
notifications and responses, to obtain contextual details
and explanations of these instances. All interviews were
audio-recorded and transcribed. The interview was
optional; each participant who took part in an interview
received an gratuity of 300 NTD (10 USD).

interviewee

3.4 Data Cleaning and Analysis

We collected 713,866 notification events in total, but a large
proportion of these were “ongoing notifications” that did
not generate alerts (e.g., navigation status; music playing),
and were thus removed from data analysis. In keeping with
prior research that quantified attentiveness (e.g., [6,7,22]),
we measured notification-attendance time as the time
elapsed between notification arrival and the next logged
action or next “Interactive” status of the phone, whichever
came first. The actions of dismissing and clicking were both
included, as both require users to switch attention. Because
prior research has indicated that smartphone users, on
average, returned to an attentive state within 5 minutes [7],
we applied a threshold of 5 minutes to differentiate
between attended-to and non-attended-to notifications. We
also included the 1-minute threshold used in one previous
study [6] as an alternate measure of immediate attending.
For ESM, we removed P35’s ESM responses because, in the
interview, we found that he critically misunderstood
several ESM questions. In the rest of 4,412 responses, we
removed ESM responses to notifications not in the target
scenario (i.e. received when the phone was in Silent Mode
and when it was screen-on), resulting in the final 4212 ESM
responses. We inspected the validity and the logical
consistency of ESM responses. Because the validity of
responses to many questions depended on the participants’
responses to earlier questions (e.g. answering speculation
related questions only after reporting having sensed the
notification earlier), for each question we set filters on its
earlier questions in a spreadsheet so that we could filter out
invalid responses to that question.

When examining whether an observed pattern was
statistically meaningful, we employed mixed-effects
regression analysis because each participant had an
imbalanced number of ESM data. A logistic regression

model was chosen when the dependent variable (DV) was
a binary variable (e.g. speculated versus not speculated),
and a linear regression model when it was a continuous
variable (e.g. notification seen time). User, hour of the day,
and day of the week were included as random effects. For
app types, we used the categories devised by Shirazi et al.
[35]. When analyzing the effect of app type included as an
independent variable (IV) in the regression model, we
considered only those app types for which we had more
than 20 observations. For qualitative data, we conducted a
thematic analysis [4]. Two co-authors independently
transcribed the interview recordings and coded the
transcripts using an iterative process of generating,
refining, and probing emergent themes. A third author
regularly met with the two coders to discuss the codebook
and the high-level themes. The coders iteratively revised
the codebook until, in a particular iteration, they reached
an inter-rater reliability of 0.86 using Cohen’s Kappa [16].
They then used the codebook to code the rest of the data
and identify its high-level themes.

4 QUANTITATIVE RESULTS

We analyzed 168,262 notifications in total. The number of
notifications received by individual participants varied
from 1,600 to 11,243 (M=4,949, SD=2,711). The top five
categories of notifications were IM (51.7%), system (17.1%),
utility (14.4%), mail (5.2%), and social (4.7%). 38.3% of all
notifications were collected in Normal Mode, 57.1% in
Vibrate Mode, and 4.6% in Silent Mode. Given our
participant-recruitment strategy, the small proportion of
notifications received in Silent Mode was expected. Among
the 4,212 ESM responses we analyzed, 65.8% reported that
the user had seen the notification before he/she filled out
the questionnaire. Of these seen notifications, 71.1% (1,869)
were seen after participants attended to their phone; and of
these 1,869 responses, 52.4% (931) were reported as sensed.
It was this group of 931 sensed notifications that reflected
the target scenario. The numbers of the apps that generated
these notifications per app category were 11 (Messenger),
10 (Social), 6 (mail), 6 (reader/news), 6 (systems), 13 (utility)
among the 931 instances.

4.1 Speculation is Common and Generally Accurate

The participants speculated in 71.6% (667) of the 931
notification instances that matched our target scenario.
Among the 667 instances, the speculation category
included both thoughts that a given notification was from
a specific app and/or sender (93.1%, 621 out of 667), and a
reported inability to guess what its source was (6.9%, 46 out
of 667). In particular, the participants speculated both about



Table 1. We group eleven phone-event types into three categories — User Presence, Receiving Notification, and App Use.

Type Measure

Detected Event Content

User Presence User Interaction

Existing user action

Screen On Existing screen-on event
Receiving Recv Noti The phone received any notifications
Notification Recv Msg Noti The phone received message notifications
Recv Same Cat App Noti The phone received notifications in the same category
Recv Same App Noti The phone received notifications from the same app
App Use Used App Same As Noti The participant had used the app that was the notification source
Used App Cat Same As Noti The participant had used an app whose category was the same as
the notification source
Used Msg App The participant had used a messaging app
Used Msg App Cat Same As | The participant had used the same messaging app that produced
Noti the notification
Used Msg App Same As Noti | The participant had used a messaging app whose category was

the same as the notification source

the apps and the senders 49.6% (331 out of 667) of the time,
as compared to 39.7% (265 out of 667) of the time for the
apps only, and 3.7% (25 out of 667) of the time for the
senders only. These figures indicate the participants
speculated more frequently about apps (89.4%, 596 out of
667) than about senders (53.4%, 356 out of 667). Alarm clock
apps were always speculated about. The next most
frequently speculated-about app types were IM (72.26%).
Using app as an IV in a logistic regression model with IM
as a reference class, Wald tests of each app type show that
IM apps were more often speculated than social (54.6%, z =-
4.2 , p<.001), utility (48.8%, z=-2.2 , p=.02), reader/news
(46.5%, z=-3.8 , p<.001), mail (43.4%, z=-5.2, p<.001), and
system (40.9%, z=-2.7, p=.006).

4.1.1 App Speculation More Accurate than Sender Speculation.

When the participants were able to speculate about their
notifications, i.e., those for which they felt they could tell
the source, their speculations were highly accurate: 89.5%
on average. However, their speculations about apps were
more accurate than those about senders (96.2% vs. 86.2%).
Among the 330 instances in which participants speculated
about both, they were incorrect about the sender 34 times,
but about the app only once. In addition, when participants
speculated only about the sender, their accuracy was only
45.5%. Although only 11 speculations about just the sender
were made, the data appears to indicate that accurate
speculation about senders was more challenging than
accurate speculation about apps.

4.1.2 Speculation about IM Apps the Most Accurate. The
participants’ speculations about apps were more accurate
for IM notifications (98.8%) than for social (87.3%, z=-3.7,

p<.001) and mail (84.4%, z=-3.2, p<.001) notifications. When
speculating about the sender of a notification, the
participants’ accuracy was lowest for mail apps (53.3%). The
differences between mail apps and social, and between mail
apps and IM apps, respectively, were both statistically
significant (vs. social: 96.3%, z=2.4, p=.02; vs. IM: 87.3%,
z=4.0, p<.001). This was probably because senders of e-
mails were both more diverse and less likely to engage in
continuous interaction.

4.2 Speculation is Related to Recent Phone Events

We examined whether either the likelihood or the accuracy
of participants’ speculations was related to a phone event
that happened prior to the arrival of the notification. As
shown in Table 1, we examined 11 phone-event types,
grouped into three broader categories — User Presence
(using the phone, screen-on); Receiving Notification; and
App Use — and six time windows: <1 min, <5 min, <10 min,
<30 min, <60 min, and >60 min. For example, Used App Same
as Noti <10 min implies that the participant had used the
app that generated the target notification within 10 minutes
prior to receiving that notification. Figure 2 shows the
results of the eight most distinct phone events, which also
includes an average of the measure (regardless of the
existence of the phone event and the time), plotted in red
as a reference line. The figure does not include app-
speculation accuracy because, as noted above, this was very
high overall. As the plot shows, recent phone events were
associated with a higher likelihood 1) that speculation
would occur, and 2) that it would be correct; and the more
recent these events were, the more true this was. In
addition, specific categories of phone events were
especially indicative of certain levels of likelihood. For
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example, recent App Use was associated with a high
likelihood that a notification would be speculated about,
and correctly speculated about; and Used Msg App Same as
Notiwas especially prominent in this category. Such results
imply that, although the participants might have checked
their phones when starting new tasks [3], their recent use
of the same app that generated that notification rendered
them more likely to speculate, and to speculate correctly.
Conversely, the absence of App Use events seemed to be less
indicative of a low likelihood of speculation than the
absence of Receiving Noti and User Presence events were.
This implies that when participants had not received a
notification or had not interacted with the phone for more
than an hour, there was a low likelihood that they
speculated about the notification source when receiving a
notification. It is noteworthy that, however, Receiving Noti
was the least clearly linked to the occurrence of speculation
behavior than any of the phone-event types, possibly
because participants were used to notifications constantly
arriving. As these results suggest an association between
notification speculation and recent phone events, later
qualitative data also provide support of such an association.

4.3 Speculation’s Influence on Attendance

We analyzed speculation’s influence on both logged
attendance (LM) and ESM self-reported
attendance measure (EM). Although these two measures
differed fundamentally (one being based on inference, and

measure

the other, subjective), both suggested that the participants’
speculation affected their subsequent attendance.

4.3.1 Speculation and the Likelihood of Attending. As Figure
3 shows, the participants’ overall attentiveness to
notifications was higher when they could speculate about
them, regardless of correctly or not, (EM: 80.0%; LM 5-min:
83.4%; LM 1-min: 67.7%) than otherwise, including when
they were not able to tell the source (EM: 78.3%; LM 5-min:
68.9%; LM 1-min: 48.9%) and when they did not speculate
(EM: 63.6%; LM 5-min: 71.7%; LM 1-min: 49.6%). The
differences for all three attendance measures were
statistically significant (EM: z=5.0, p<0.001; LM: z=3.7; LM
1-minute: z =5.1, p<0.001). This indicates that when
participants could think of a source before attending to the
notifications, they were more likely to attend to them than
when they did not and could not think of a source,

100%
90%
80%
70%
60%
50%
40%

Speculated about Speculated about Speculated about
both the sender the app

Not abletotell  Did not speculate

[ Log Attendance (1 Minute)
Figure 3. Notifications being attended to according to
participants’ speculations.

[ Log Attendance (5 Minutes) M ESM Attendance



100%

80%

60%

40%

20%

0%

Speculation Speculation No speculation  No speculation
about the app about the app about the app about the app
(normal mode)  (vibrate mode) (normal mode)  (vibrate mode)

[ Attended within 5 Minutes |1 Attended NOT within 5 Minutes

Figure 4. Percentage of notifications attended to within 5
minutes, by app speculations and ringer modes.

respectively. On the other hand, the participants seemed to
be most attentive when they speculated about both the app
and the sender (EM: 84.9%; LM 5-min: 86.7%; LM 1-min:
73.3%). In addition, when their speculations involved an app
(EM: 81.0%; LM 5-min: 83.9%; LM 1-min: 68.7%), they were
more attentive than when the speculations did not involve
an app (EM: 56.0%; LM 5-min: 70%; LM 1-min: 45.8%). These
differences were also all statistically significant (EM: z=5.0,
p<0.001; LM: z=3.6; LM 1-minute: z=5.0, p<0.001). This
finding suggests that whether the participants could think
of the app of the notification played a critical role in their
subsequent decision of whether to attend to the notification.

4.3.2 Attentiveness by Ringer Mode and App Type.

A number of prior studies have linked alert modality to
users’ attentiveness to notifications [6,22,27]. However, our
results do not show an effect of ringer mode in our target
scenario. Specifically, when considering all notifications,
including those received not in the target scenario,
notifications received in Vibrate Mode were seen faster
than those received in Normal Mode (t(149,069)=-8.4,
p<0.001). However, when considering only notifications in
the target scenario, there were no statistically significant
differences in attentiveness between Normal Mode and
Vibrate Mode in either EM (2=0.9, p=.35), LM (5-min: z=1.1,
p=-28; 1-min: z=1.1, p=.26), or logged attendance time
(t(428)=0.66, p=.51) when speculation was taken into
account. As shown in Figure. 4, attentiveness to
notifications was mainly affected by whether or not
participants had speculated about the app, rather than by
ringer mode. Moreover, there was only a slight difference
in attentiveness across ringer modes, regardless of
speculation. The fact that the participants did not speculate
more often in one ringer mode than another explains why
they also did not attend more in a particular mode.
However, the differences between speculation about an app
occurring and not were larger than 15% for both of the non-
silent ringer modes. This shows that what mattered to
attentiveness in the target scenario was not the ringer mode,

100%
90%
80%
70%

60%

50%

Social Mail

Alarm clock Messenger

B ESM Attendance [ Log Attendance (1 Minute)

Figure 5. Notifications attended to, by app type.
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but whether the participant speculated about it. On the
other hand, we observed disparities in the participants’
attentiveness to notifications from different app types
across EM and LM. Among correctly speculated
notifications (see Figure 5), attentiveness measured by LM
and EM noticeably differed. For example, LM data appeared
that the participants were more attentive to IM apps (LM 5-
min: 86.9%, LM 1-min 73.1%) than to both social apps (LM
5-min: 81.3%, LM 1-min 60.4%) and mail apps (LM 5-min:
74.1%, LM 1-min 55.6%). However, this pattern was absent
in EM (IM: 79.9%, social: 83.3%, mail: 81.5%). Unfortunately,
we could not conclude whether the disparities were
because of the different nature between EM and LM or
because of the lack of effect of app type on attentiveness.

4.3.3 Speculation and Perceived Importance of Notifications

Finally, in ESM, participants answered multiple-choice
items on their reasons for attending and not attending to
notifications, regardless of whether they speculated
(successfully thinking of a specific source), did not speculate,
or could not tell the source (attempting to speculate but fail
to think of a specific source). Note that here the outcome of
speculations is not considered, since we are mainly
interested in participants’ attendance decision after
reacting to notification arrival. I had time to read it was the
top reason for attending across all speculation categories
(speculated: 64.6%, did not speculate: 68.4%, not able to tell:
69.4%). I did not have time to read it was the top reason for
not attending for speculated (57.7%) and did not speculate
(52.1%). However, when participants could not tell the
source, they chose the notification was unimportant 50% of
the time. While this sample was small, it is interesting that
the notification was unimportant was chosen only 9.8% of
the time by those who speculated, and just 13.8% of the time
by those who did not speculate. On the other hand, the
notification was important was chosen as the third most
important reason for attending to among those who
speculated (24.8%). The same reason was chosen only 12%
and 13.9% of the time by those who did not speculate (12.0%)
and those who could not tell the source (13.9%),



respectively. This implies that when participants
speculated about its source, they were likely to regard a
notification as important, and thus to attend to it. Taken
together, these findings provide some explanation about
why participants’ overall attentiveness to notifications was
higher when they speculated about them than otherwise.

4.3.4 Speculation and the Effectiveness of Attendance. We
asked the participants to rate whether their attendance or
non-attendance to each notification was beneficial to them
at the time, using one of the following three options: 1)
Necessary; 2) Beneficial to Read; and 3) Unnecessary. When
participants had speculated about a given notification’s
source, they considered their attendance beneficial 90% of
the time (i.e., Necessary: 48.2%, Beneficial to Read: 41.8%).
In contrast, when they could not tell the source or did not
speculate, they rated the attendance as Unnecessary 51.9%;
and 35.7% of the time, respectively. Interestingly, when the
participants decided to not read notifications after sensing
them, they rarely considered those unattended
notifications beneficial to read: with only five out of all 212
such instances (2.4%) being assigned this rating. This
finding shows an interesting contrast to the concern of
missing important notifications found in [2,28,29] when the
phone is silent. Perhaps when the phone delivers an alert,
users would feel having more control of what to read and
what not to read and thus would not think that their
decision of not reading a notification had caused them to
miss something important.

5 QUALITATIVE FINDINGS

5.1 Bases of Speculation: Alert, Context, Temporality
Our analysis of mixed data sources revealed that the
participants’ speculations had three main bases: notification
alert, context, and perceived temporality. In their ESM
responses, the participants were asked to choose all options
on which their speculations about the app were based, but
regarding their speculations about senders, they chose only
the major basis. The difference in the provided options was
based on feedback we had obtained from our pilot study.

5.1.1 Notification Alert

Given that many apps incorporate their own custom
ringtones or vibration alerts, and that we actively sought to
recruit participants who were aware of differences between
notification alerts, it was unsurprising that many of them
said they commonly distinguished between apps based on
their alert patterns. As P29 stated, apps “have different
vibrations. You can clearly tell which app it is.” Moreover,
after speculating about the app, the participants could

sometimes also infer the sender of the notification and/or
message content, based on their perceptions of what such
content typically is: e.g., casual chat from a certain IM app,
or promotional news from a commercial one. For example,
P9 commented: “I'd especially take a look at messages from
Slack. [...] When I heard it I'd take a look, because the
messages there are usually more important” The
participants’ tendency to associate certain people or
meanings with a particular IM app was also aligned with
communication place discussed in [24].

Additionally, the ESM and phone log data seemed to
display three interesting associations between speculation
and ringer mode. First, the participants reported a similar
frequency of notification speculation across Normal Mode
and Vibrate Mode (71.1% vs. 72.8%). Second, even when a
sound alert was present (i.e., in Normal Mode), the
participants often reported speculating about the app based
on the vibration pattern. Specifically, among participants
whose phones were in Vibrate Mode, special vibration was
chosen as the basis of speculation in the ESM 66.7% of the
time, whereas special sound was chosen only 11.2% of the
time. Some participants chose special sound because they
were referring to the sound generated by vibration. In
Normal Mode, in contrast, special sound was chosen only
59.1% of the time, and special vibration as much as 44.3% of
the time. This result implies the participants’ reliance on
haptic feedback even when sound alerts were enabled.
Conceivably, this reflected their use of phones in noisy
situations where ringtone-based alerts were not as
noticeable as vibration-based ones. However, it is
important to note that Android OS allows users to disable
notification alert modalities for individual applications or
within an application setting [15]. It was likely that some
participants chose vibration as the speculation basis in
Normal Mode because the sound of that notification had
been suppressed. Since it is unclear how many such
responses existed in our dataset, the observed percentage
may not be conclusive. Finally, the participants’ app-related
speculations were more accurate when their phones were
in Normal Mode (98.9%) than when they were in Vibrate
Mode (93.5%) (p=.02). While this seemed to suggest that
sound alerts were more, not less, distinguishable than
vibration alerts, it could also simply be because Normal
Mode provides more information than Vibrate Mode does.

5.1.2 Context

While notification alerts were mainly linked to apps, the
participants often speculated about the sender or aboutness
of the arriving notifications based on the context in which



or about which they expected to receive a notification.
They primarily speculated based on two types of context: a
recent phone event, and a perceived situation. Within the
former category, they often selected recent interaction as a
basis for speculation about the app (41.1%; ranked 2nd) and
about the sender (79.5%; ranked 1st). In the interviews, all
but two participants mentioned this basis. As P4 stated: “He
had sent several messages earlier. I continued to watch TV.
Then, I heard the sound [... and] thought it was him.” In
addition, participants also speculated based on the perceived
situation in which, or about which, they expected to receive
a notification. For example, P2 reported: “We’re going to
meet up later; he knew when to send me a message and ask
where I am.” Similarly, P21 anticipated a notification after
making a payment: “So, this was when I paid with my card,
I heard its ‘dingdong’. Then, I guessed it was that app. Then,
I opened it to see if the payment amount was right.” Other
examples of successful app-related speculation involved a
low-battery warning system and an alert indicating the
detection of a new wi-fi signal.

5.1.3 Temporality: Frequency and Social-temporal Norms
Most participants also used temporality, especially
frequency and temporal pattern, to speculate about
notifications’ sources. In other words, they tended to
perceive both the people and the apps that sent them
notifications as doing so at particular times and in
particular quantities; and such perceptions were especially
strong when such interactions were commonplace.
Regarding temporal pattern, participants frequently
mentioned that a social-temporal norm prevailed between
them and their interlocutors. For example, P27 stated, “If
didn’t say anything about my dinner plans to my Mom in the
morning, she would Line me and ask if I'm going home for
dinner around time.” Similarly, P3 commented, “my Mom
typically looks for me around eight to do a webcam call. So,
it’s like a habit.” These communicational expectations,
which can be described as micro-coordination [18],
facilitated our participants’ effective speculations about
notification-senders’ identities. Yet, temporal patterns also
applied to speculation about apps. As P1 reported, “the ones
that ask you to download stickers. [... arrive] around eleven-
fifty till twelve ten. They would be like, din-din-din-din-din.
I'd just ignore them in that period.”

5.2 When Are Speculations Difficult or Incorrect?

While participants were generally accurate in their
speculations, all of them sometimes made incorrect
speculations or positively felt they had no way of guessing
a particular notification’s source. Both of these reactions
were typically ascribed to unclear signal, insufficient clues,

and multiple possible sources. With regard to the first,
perceived clarity was affected by numerous factors,
including the physical placement of the phone,
environmental sound, and the participant’s attention level.
For example, P2 commented, “The phone’s vibration was
absorbed by the bed. [...] If you put it on something harder,
like a table, it would be easier to tell.” The second category
refers to situations in which the participant either could not
associate the time he/she received the notification with any
particular source or topic, or when the notification did not
match his/her speculations. As P2 explained, “my family
would text me after I'm off work. I can guess that. Or when I
Jjust had a conversation with someone, I can guess that. But,
friends? We’re casual and random with texting. You can’t be
accurate.” As an example of receiving unexpected
notifications, P15 stated, “T bought something online with my
credit card, and I expected to get a confirmation message from
my bank. [...] I heard the sound and thought that was the
confirmation message. And then it turned out to be spam.”
Lastly, a multiplicity of plausible notification sources also
made speculation challenging: e.g., when the participant
had been interacting with several people at a time, or
associated the same time of day with different senders. As
P27 put it, “When I'm chatting with many people, and my
phone only vibrates, I'm very likely to make a wrong guess.
[...] [SJometimes, I would think that it’s five in the afternoon
and my Mom usually sends me a message. And so I'd just
think it should be my Mom. But, it turned out to be my friend.”

6 DISCUSSION

6.1 Speculation is Vital to Notification Attendance

Our results indicate that notification speculation was
prevalent in situations where the participants relied on
notification alerts to stay informed about phone events
when not using their phones. As well as being prevalent,
however, notification speculation was found to influence
individuals’ decisions about when and whether to attend to
notifications. Our participants were more likely to consider
those notifications whose sources they had successfully
speculated about as important than either those they failed
to speculate about or those they did not speculate about at
all. We also observed that, even when a participant had
guessed only roughly where a notification was from and
what it might be about, he/she knew whether it was
necessary or beneficial to read at that moment. In contrast,
when such guesses were off-base, the participants were
much more likely to attend to notifications that they
subsequently rated as unnecessary to read. With regard to
the effect of app type, prior research has indicated that
smartphone users prefer and are more attentive to



notifications from certain apps [35,39,43], and our results
indicate that such preferences were manifested in post-
speculation attendance decisions. Among our participants,
notifications from IM apps were more often successfully
speculated about, attended to, and considered beneficial to
read than those from any other app type. These results
represent important evidence for speculation’s key role in
rendering notification attendance effective, at least in
situations where users rely on alerts.

6.2 Notification Alerts’ Impact on Attentiveness
Prior studies reported that notifications were seen fastest
when phones were in Vibrate Mode [6,22,27]. However, we
found no effect of ringer mode on attentiveness. While this
result seems to conflict with prior findings, it may in fact
provide explanations for ringer-mode effects that have not
previously been articulated. As we noted earlier, when all
notifications in our dataset were considered, those received
in Vibrate Mode were seen faster than those received in
Normal Mode. However, the full dataset included
notifications that arrived when the phone was screen-on,
and had very low seen-time. In our studies, these screen-on
notifications were more frequently associated with Vibrate
Mode (50.2%, i.e., 48,283 out of 96,152) than with Normal
Mode (41.5%, i.e., 26,733 out of 64,368). Consequently, when
these quickly attended-to notifications were eliminated
from consideration as being irrelevant to the target
scenario, such exclusion led to a lack of significant
difference between ringer modes. As such, it would appear
that previous scholars’ observations of the effects of ringer
mode on attentiveness might be attributable to the contexts
in which their participants preferred using a quiet ringer
mode (e.g., continually using the phone for chatting) rather
than to the ringer per se. However, as mentioned earlier,
another reason contributing to this inconsistency might be
the difference between ringer mode and actual modality
participants observed. Thus, the actual effect of alert on
attentiveness would need more research to clarify. On the
other hand, we have uncovered additional connections
among ringer mode, speculation, and attentiveness: notably,
that participants’ attentiveness was driven by whether or
not they had successfully speculated about which app the
notification had come from, which in turn was related to
alert clarity the participants perceived. Moreover, vibration
remained a vital component of speculation even when a
ringtone-based alert was also present (though the latter
type of alert did increase the accuracy of the participants’
speculations). We hoped that future alert systems take
these findings into consideration.

6.3 Recommendations for Supporting Speculation
Based on the results, we feel that apps should be the first
port of call in any effort to boost the effectiveness of user
notification speculation. Although our participants’ app-
related notification speculations were quite accurate, this
accuracy could have been overestimated due to hindsight
bias. In addition, apps play a key role in non-app-related
speculation: with participants’ speculations about senders
only being considerably more accurate when they involved
consideration of the apps. We therefore propose the
augmentation of notification alerts—for example, by
extending their duration, amplifying them, or adding
additional signal—when the system detects a situation in
which users may have difficulty distinguishing among apps
based on their normal alerts. However, it would be
insufficient to only support speculation about apps, because
users must also rely on context (recent interaction and
perceived situation) and temporality (frequency and
temporal pattern) if they are to speculate effectively about
senders and notification content. However, these bases of
speculation are not always available. Speculations can also
be incorrect because notifications come from unexpected
senders or because multiple possible associations exist.
Therefore, to further assist users to form accurate and
detailed previews of their notifications, we propose that
future notification systems offer an additional signal when
their systems detect that the current moment might impede
correct speculation (e.g., situations in which the user could
reasonably associate the same alert with various potential
senders, or in which he/she receives a notification from an
unfamiliar or otherwise unexpected source). Such solutions
should follow guidelines for designing Earcons [12,32] that
are easy to learn to reduce the burden of learning.

6.4 Study Limitations

It is important to recognize the limitations of the present
study if its results are to be interpreted appropriately. First,
it was based on a small sample of participants in Taiwan.
The two most popular IM apps in Taiwan, Line and
Facebook Messenger, may have different notification alerts
from the IM apps that are most popular in various other
countries. Consequently, it is unclear how generalizable
our results are to other countries. In addition, our
recruitment of participants could have been biased toward
those who were most able to distinguish among various
alerts and/or who were already accustomed to speculating
about them. It is thus unclear how accurate the app-related
notification speculations of the general population of
smartphone users would be. Second, the ESM items
covering the participants’ attendance behavior used the
term “right away,” the meaning of which is subjective and



could have varied sharply from one participant to another.
Logged attendance, meanwhile, has limitations of its own.
While we observed both consistencies and disparities
between these two measures, it remains unclear which was
closest to the ground truth. Third, showing participants
notifications and then asking about their sensing of and
speculation about them could potentially lead to hindsight
bias [8,14]. Thus, we did not emphasize speculation
accuracy, but attempted to discern overall trends and make
comparisons between speculation types. To avoid this bias,
future research may consider instructing participants to
speculation questions before reading the
notification. Fourth, to reduce recall bias in the ESM, we
only sampled notifications that had been received within 30
minutes prior to the participant’s most recent use of his/her
phone. Given that the ESM questionnaire was lengthy, self-
reported attentiveness could have been biased toward
situations in which the participants were more attentive to
their phones. Fifth, due to the specifications of our target
scenario, we did not consider users who mainly kept their
phones in Silent Mode. These users might display different
kinds of speculation when they switch their phone to
Normal or Vibrate Mode. Nor did this research consider
alerts other than those based on ringtone and vibration, e.g.,
the flashing lights offered by certain phones. In addition, it
seems likely that in certain environmental situations, the
participants would have heard sounds produced by
vibration in Vibrate Mode. As our research instruments did
not capture the sounds that the participants actually heard,
we cannot know the ground truth of what they sensed.
Finally, a recent study showed that relationship affects
users’ attentiveness to IM notifications [17]. Speculating
about who the sender was might affect participants’
attendance decision, but this was not explored in this study.

answer

7 CONCLUSION

Alert systems are intended to inform users of the arrival of
notifications on their phones, but users do not always
attend to notifications optimally. This paper’s investigation
of the prevalence and role of notification speculation
among Taiwanese smartphone users who relied on
notification alerts found that notification speculation was
prevalent in our target scenario, and that it influenced 1)
the participants’ decisions to attend to notifications; 2) their
actual notifications, and 3) the
effectiveness of their attendance to notifications. We also
found that ringer mode did not affect the frequency of
either speculating or attending. However, it did affect the
accuracy of speculation. Moreover, we determined that
participants mainly used alert signal, context, and

attentiveness to

temporality to form their speculations; and inaccurate
speculations were mainly attributable to unclear signal,
insufficient clues about the source, and multiple possible
notification sources. In sum, notification speculation is
worth supporting in future notification systems, due to its
prevalence and its influence upon notification attendance;
and it is hoped that this paper’s design recommendations

will assist smartphone wusers to speculate about

notifications more accurately, and to make better decisions
about whether to attend to them or not.
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