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ABSTRACT

Notifications are an essential feature of smartphones. The
notification drawer is the central place to view and attend
notifications. Although a body of work already investigated
how many and which types of notifications users receive
and value, an in-depth analysis of notification drawers has
been missing. In this paper, we report the results of a large-
scale observational in-the-wild study on mobile notification
drawers. We periodically sampled the notification drawer
content of 3,953 Android devices, resulting in over 8.8 million
notification drawer snapshots. Our findings show that users
have, on average, 3.4 notifications pending in the notifica-
tion drawer. We saw notifications accumulate overnight and
being attended to in the morning. We discuss the prominent
positioning of messaging notifications compared to other
notification types. Finally, inspired by prior work on the
management of email inboxes, we propose the three user
types “Frequent Cleaners”, “Notification Regulators”, and
“Notification Hoarders” and discuss implications for future
notification management systems.
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1 INTRODUCTION

When users of current smartphones turn on the display of the
device, they are usually greeted with a lock screen, consisting
of a large clock and a list of notifications below it. On the
dominant mobile operating systems Android and iOS, this list
of notifications can also be accessed at any time by swiping
down from the top of the screen. This universally accessible
list is an important feature of current smartphones, as it
enables asynchronous communication and provides users
with proactive information. The notification list is commonly
referred to as the notification drawer (Android), notification
center (10S), notification tray, or notification panel. We use
the term notification drawer in the following.

The number of notifications exploded in the last couple
of years. Mobile devices began to be connected to the In-
ternet around the clock, and app stores allowed all kinds
of applications and services to run on devices. Recent work
investigated how many and which kind of notifications users
receive on their smartphones and how users perceive differ-
ent kinds of notifications [35, 40]. Messaging notifications
have shown to be of high importance to users, as they en-
able users to stay connected with their contacts [39]. How-
ever, not all notifications are of equal importance. Research
has shown that notifications can cause interruptions, which
can induce adverse effects such as decreased work perfor-
mance and inattention [13, 26, 31, 32]. A field of research,
therefore, focused on reducing these adverse effects. Vari-
ous approaches were explored, from disabling notifications
altogether [38], to using context-aware models to delay no-
tifications to opportune moments [19, 20, 34]. Although a
large body of prior work on notifications exists, the notifi-
cation drawer on smartphones as the central place to view
and attend notifications has not been explored in detail so
far. However, this is a crucial aspect for a complete under-
standing of mobile notifications.
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In this paper, we complement prior work by reporting
the results of a large-scale observational study on notifica-
tion drawers of current smartphones. Using a research-in-
the-wild approach, we periodically sampled the contents of
notification drawers on Android devices. We collected 8.8
million notification drawer snapshots from almost four thou-
sand devices. Our contribution is three-fold. 1) We present
a novel analysis on the number of notifications in notifica-
tion drawers and the positioning of different notification
categories. 2) Based on prior work on the management of
email inboxes [48], we propose three different user types
regarding the management of notifications. 3) We published
the collected data set of notification drawer snapshots to
foster research on mobile notifications.

2 RELATED WORK AND BACKGROUND

In the following, we provide an overview of related work
on mobile notifications, disruptive effects, notification man-
agement, and research in-the-wild. Subsequently, we briefly
provide background information on notifications in the An-
droid mobile operating system.

Mobile Notification and Messaging

In a study comparing different kinds of “smart” devices, We-
ber et al. found that the smartphone was the preferred de-
vice to be notified on [45]. Sahami Shirazi et al. conducted a
large-scale assessment of mobile notifications [40]. The re-
searchers collected approximately 200 million notifications
from 40, 000 users. They found that users value messaging
notifications and notifications about people and events. Fur-
ther, the researchers compared click times for different types
of notifications. They found that messaging and system noti-
fications were clicked on the fastest, and news notifications
the slowest. In a smaller scale study with 15 participants,
Pielot et al. found that participants received 63.5 notifica-
tions per day [35]. Most of these notifications were related to
messaging and email. The researchers found that participants
were fast to attend to these notifications and typically did not
let notifications accumulate. Pielot et al. recently revisited
mobile notifications in a study with 278 participants [39].
The results again showed the importance of messaging noti-
fications. Participants were fast to attend messaging notifica-
tions, while other types of notifications were either removed
quickly or left unattended for longer periods.

Messaging is a recurrent topic in prior work. Instant mes-
saging is a flexible way of communication, that can vary be-
tween synchronous and asynchronous discussions [5, 27, 33].
Researchers investigated “traditional” SMS usage [6] and
compared it with modern instant messaging (IM) apps such
as WhatsApp [11]. For instance, Church et al. found that cost
and social influence are reasons for WhatsApp overtaking
SMS messaging [11].
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Disruptive Effects and Digital Well-being

Being always connected and reachable massively shifted our
attentiveness towards messaging [17, 36]. Birnholtz et al. in-
vestigated “unavailability” in an always-connected world [8].
Lee et al. investigated smartphone “overuse” and the role
of messaging [28]. Aranda and Baig discussed how users
are more and more dependent on smartphones, difficulty to
disconnect, and “the fear of missing out” [3].

While notifications allow us to be connected, they can also
cause interruptions. The disruptive nature of interruptions
and task switching has been an important research topic for
many years [13, 26]. While not all interruptions are disrup-
tive [22], Adamczyk and Bailey showed that different timings
of interruptions have different effects on users [1]. Mehrotra
et al. found that the perceived disruption of a notification
is influenced by several factors, including the notification’s
presentation, the relationship of the sender and receiver, and
the task the user is engaged in [31, 32].

Mobile Notification Management

A body of prior work has explored how mobile notifications
can be better managed. Researchers investigated what users
do when they sense notifications [10], and which strategies
users apply to cope with notifications. Gallud and Tesoriero
suggest a movement from sound to visual notifications [21].
Weber et al. explored the idea of a notification dashboard that
allows users to reflect on how many notifications they re-
ceive on a daily basis [46]. The researchers also investigated
“snoozing” of notifications [43], i.e., allowing users to tem-
porarily dismiss notifications from the notification drawer
and re-triggering them after a user-defined duration or point-
in-time. In a study with 295 participants, the researchers
found that notifications related to people and events were
snoozed most often. Auda et al. explored a system for rule-
based notification deferral by suppressing, summarizing or
automatically snoozing notifications [4]. Mehrotra et al. took
this a step further by automatically suggesting rules based
on usage patterns [30]. The researchers found that the noti-
fication’s title and the user’s location can be used as features
to determine whether a message will be dismissed.

Anderson et al. recently published a survey on attention
management systems [2]. A number of research projects are
focusing on the approach to deliver notifications at oppor-
tune moments, instead of delivering them immediately [19,
20]. With Attelia, Okoshi et al. developed a middleware that
defers notifications to so-called breakpoints - times between
two consecutive activities [34]. Deferring notifications to
these breakpoints has been shown to lessen disruptive ef-
fects [20]; however, this has to be balanced with social ex-
pectations to reply quickly [43].
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Research in the Wild

A challenge of research on mobile notifications is the fact
that they are highly context-dependent and received around
the clock. To overcome this challenge, most prior work in this
area moved from lab studies to in-the-wild studies. Henze and
Pielot explored how app stores can provide external validity
for mobile HCI [24]. Henze et al. also discussed the trade-
off between opt-in and opt-out for consent in in-the-wild
studies [25]. While opt-out allows for greater data collection,
it also poses legal and ethical challenges. Using multiple case
studies, the researchers found that many users may use apps
only for short periods and that users expect research apps
to offer a similar user experience to commercial products.
An example of such a research app was the Desktop Noti-
fications service that allowed users to synchronize notifica-
tions across devices while enabling researchers to gain in-
sights on notifications in-the-wild from a large user base [42].

Notifications on Android

Notifications were an integral feature of the Android mo-
bile operating system since the first version. Notifications
are opt-out, meaning that all installed apps can post notifi-
cations by default without asking the user for permission.
Notifications may use visual, tactile or sound cues to gain the
user’s attention. All notifications end up in the notification
drawer that is accessible by swiping down from the top of
the screen (see Figure 1). Since Android 5.0, notifications are
shown on the lock screen by default as well. Notifications
can contain action buttons [18], expandable text, and images.
Users can click on notifications to take action or swipe to
the left or right to dismiss them. By clicking “clear all”, users
can dismiss all notifications at once.

Summary and Research Motivation

To summarize, notifications are an important part of how
users interact with smartphones. They are prominently fea-
tured on the lock screen and notification drawer. A body of
prior work investigated which notifications users receive,
how they are valued, interruptions, and means to reduce ad-
verse effects. However, the notification drawer as the central
place to view and attend notifications has yet to be inves-
tigated. To fill this gap in prior work and to create a more
complete understanding of mobile notifications, we explored
notifications drawers in an in-the-wild study.

3 STUDY

We conducted a large-scale observational in-the-wild study
on the content of notification drawers. Our research question
was how many and which kind of notifications can be found
in notification drawers, and whether different notification
management approaches exist.
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Figure 1: The Android 9.0 (Pie) notification drawer showing
four different kinds of notifications about a new message,
news articles, traffic updates, and the current weather.

Apparatus

We developed an Android app that allowed us to snapshot the
content of notification drawers in-the-wild in an unobtrusive
manner. Our goal was for users to install the app on their
own, without explicitly recruiting participants. Inspired by
prior work of Weber et al. [43], we developed an Android
app that allows users to log and explore their notifications in
a local history [44]. The added value for users is the option
to look up accidentally dismissed notifications or reflect on
notifications they received throughout the day.

The app supports the Android versions 5.0 - 9.0, with
Android 9.0 being the most recent Android version at the
time of writing. According to the Android distribution dash-
board [14], this covers 96.50% of all active Android devices.
The app uses the Notification Listener Service API [15] to ac-
cess the notifications on the device. The notification access
for the app has to be explicitly enabled by the user in the
device settings. Once enabled, all newly created notifications
are stored in a local SQLite database. Users can then browse
their notifications in a list and select individual notifications
to read the text in detail.

Data Collection and Consent

After the user installed the app and permitted the app to
access the device’s notifications, the app displayed a dialog
asking the user to opt into the anonymous data collection.



Session 8: Mobile and Wearable Interaction

MuC ’19, September 8-11, 2019, Hamburg, Germany

Inspired by prior research on asking for consent in in-the-
wild studies [37], the dialog contained the options “Agree”
and “No thanks”. The dialog was only shown once. Users
could also enable or disable the data collection at any later
point in time in the app’s settings. Declining the anony-
mous data collection did not negatively impact the main
functionality of the app in any way. If the user consented
to the data collection, the app would periodically snapshot
all pending notifications in the notification drawer. We used
the Android-Job library [12] to schedule the sampling. The li-
brary abstracts from version differences in the Android SDK.
We set the sampling job to be executed every 15 minutes,
which is the minimum amount of time between two jobs.
In later versions of Android, these jobs might be deferred
if the device uses battery saving features such as the Doze
Mode, which defers background processes if the device was
not used and not moved for a certain amount of time. Each
snapshot contained the following features:

o A randomly generated unique ID for the device (UUID)
to associate multiple snapshots with a specific device.

e The current Android version, device model, product
name, and device manufacturer.

e The current timestamp and timezone.

e Meta-data of all notifications in the notification drawer,
such as the package name, timestamp of creation and
position in the drawer.

Snapshots generated by the app were limited to meta-
data and did not contain text or images. The snapshots were
stored in a separate local SQLite database.

Procedure

We published the study app on the Google Play Store. Users
from all over the world were able to download it for free. We
did not advertise the app in any way. Instead, users found
the app using the Google Play Store search or by reading
articles and watching videos that reported on the app. If a
user decided to opt into the data collection, the locally stored
snapshots were periodically sent to a server hosted at our
university using a secure connection. To avoid negatively
impacting the device, the app only sent data over WiFi and
if the battery was not low. If the server did not acknowledge
the data, the app would re-try sending the data.

Data Filtering

We defined a set of filter rules on the collected snapshots and
excluded all devices that did not match the rules:

(1) The time delta between the first and last snapshot is
at least one week (7 days).

(2) There are at least 672 snapshots for the device. This
assumes a snapshot every 15 minutes (4 per hour), for
each hour of the day (24), for each day of a week (7).
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(3) The maximum time delta between two snapshots is
less than 48 hours. Larger deltas might happen if a
device is turned off for extended periods.

(4) No snapshot is missing. On the device, each snapshot is
assigned an ascending ID. This ID is sent to the server
along with the snapshot, which allows us to identify
missing snapshots.

(5) No snapshot has invalid timestamps, i.e., the times-
tamp associated with a snapshot is within the data
collection period. Invalid timestamps might happen
because of malfunctions of the clock of the device,
failed synchronizations with timeservers or incorrect
time/date set by the user.

(6) At least one snapshot contains at least one notification.

This set of filter rules ensures a valid and consistent data
set. It is robust against typical problems of in-the-wild data
collection, such as unknown hardware and unstable network
connections. In addition to the filter rules, we excluded all
snapshots from Huawei devices. Our testing showed that
many Huawei devices have an aggressive battery saving
feature that interfered with the notification logging.

4 RESULTS

After filtering the collected data, we ended up with 8, 830, 112
notification drawer snapshots from 3, 953 devices.

Demographic Background

While we did not ask the users about their demographic
background directly, we can infer some information from
the devices. We found that the language of the devices was
set to Turkish most of the time (57.22%), followed by English
(17.76%), Spanish (9.89%), and German (5.34%). Overall, we
saw 31 different languages (grouped language variants). We
also looked at the time zones configured on the devices as re-
ported by the Android system (e.g., “Europe/Istanbul”). Most
devices were set to a European timezone (64.99%), followed
by Asia (18.54%), America (13.84%), Africa (1.82%), Australia
(0.30%), and other (0.52%). In total, we saw 158 different time
zone configurations, which shows the international user
base of the app. In terms of devices, most devices were man-
ufactured by Samsung (63.22%), followed by LG Electronics
(5.59%), and General Mobile (5.21%). We saw 74 different
manufacturers in total. Compared to the global average [14],
the devices used more recent versions of the Android oper-
ating system. The Android versions used were Android 5.x
(7.89%), Android 6.0 (21.35%), Android 7.x (23.13%), Android
8.x (44.06%), and Android 9.0 (3.57%).

Collected Snapshots

Overall, we collected snapshots for a minimum of 7 days and
a maximum of 110 days (Md = 20 days). In this time frame,



Session 8: Mobile and Wearable Interaction

Clear All

we collected between 673 and 14, 257 snapshots per device
(Md = 1,631). We first investigated whether we managed
to collect an even distribution of snapshots across the day.
We collected M = 93.14 (SD = 8.93) snapshots per device
for each hour of the day. The number of snapshots per hour
decreases slightly at night. This was expected, as battery
saving mechanisms in modern Android smartphones delayed
the execution of our background process when the devices
were idle. The average time delta between two subsequent
snapshots was 17.74 minutes (SD = 3.56), which is close to
our target of a snapshot every 15 minutes.

Number of Notifications in the Notification Drawer

Each notification drawer snapshot contains zero or more
notifications. Counting all notifications of all snapshots re-
vealed that we collected a total of 40, 836, 340 notifications.
The same notification may appear in multiple snapshots if it
has not been dismissed by the user, notifying app, or Android
system. Thus, we identified how many unique notifications
we were able to capture. For each notification in each snap-
shot, we extracted the PACKAGE_NAME, NOTIFICATION_ID,
NOTIFICATION_TAG, and CREATION_TIMESTAMP. The combi-
nation of these values allowed us to identify unique notifica-
tions across snapshots. We collected between 65 and 55, 703
(Md = 1,514) unique notifications for each device, with a
total of 10, 928, 880 unique notifications.

Snapshots without Notifications. About one-fifth of all snap-
shots (20.53%) did not contain notifications. The other 79.47%
snapshots contained between 1 and 160 notifications.

Average Number of Notifications (Total). Next, we calculated
the average number of notifications per device. The left side
of Figure 2 shows, that when considering all snapshots, we
saw M = 4.30 (SD = 5.86) notifications in the notification
drawer. The median number of notifications was 2.68. While
most devices had less than five notifications on average, we
also saw a number of outliers. 77.64% of devices had between
[0, 5) notifications on average, 14.87% between [5, 10), and
7.49% more than 10 with a maximum of 70.53.

Average Number of Notifications (Grouped). The previously
reported numbers represent the total number of notifications
as reported by the Android system. However, in Android
multiple notifications can be visually grouped, reducing the
number of notifications actually shown to the user. For in-
stance, Figure 1 shows a single Google News notification with
two headlines and an indicator about two additional head-
lines. The notification can be expanded to allow the user to
explore the four individual headlines, and to click or dismiss
them individually. Internally, this single notification is repre-
sented as four individual notifications for the headlines and
a summary notification to visually group them, totaling in
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Figure 2: The mean number of notifications in the notifica-
tion drawer over all snapshots. Total: All notifications, as
reported by the Android system. Grouped: Visually grouped
notifications. Outliers omitted.
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Figure 3: Histogram of the mean number of notifications
(grouped) in the notification drawer per device. 62 devices
had >20 notifications on average (max = 61.28).

five notifications. Many instant messaging and email apps
make use of this feature to group conversations. To find out
how many notifications are actually visually shown to users,
we processed all snapshots and counted each notification
group as one. Thus, the notification count in Figure 1 would
be reduced from 8 to 4.

With this calculation in place, the average number of
grouped notifications was 3.40 (SD = 4.59), with a median
number of 2.17 (see right side of Figure 2). As Figure 3 shows,
84.59% of devices had between [0, 5) grouped notifications
on average, 10.35% between [5, 10), and 5.06% more than 10
with a maximum of 61.28. For the remaining analysis, we
report on the visually grouped notifications as this better
reflects how users see notifications.

Average Number of Notifications (Per Hour). Previous work
has shown that the number of notifications users receive
throughout the day drops significantly between midnight
and 6am [35, 43]. Interestingly, as shown in Figure 4, the
average number of notifications in the notification drawer
increases in this time frame, with a peak at 6am. While users
receive fewer notifications at night, they are also likely asleep
and therefore do not dismiss notifications. Consequently, the
number decreases again as users wake up and start attending
the notifications. This shows an opportunity of assisting
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Figure 4: The mean number of visually grouped notifica-
tions in the notification drawer by the hour of the day. The
number increases between midnight and 6am.

users in managing their notifications in the morning to ease
the start in the day.

Average Number of Notifications (Per Weekday). Looking at
the number of notifications in the notification drawer for
each day of the week, we saw little differences, with only a
slight drop on Sunday (M = 3.31) compared to the overall
average (M = 3.40).

Number of Apps

Looking at the notifications in more detail, we saw between
4 and 111 (Md = 28) different apps per device that created at
least one notification. In total, we saw 8, 823 different apps
that triggered at least one notification. Only 24 apps were
used on > 1,000 devices and 908 apps on > 10 devices. A
long tail of apps was used on < 10 devices, with over half of
the apps (56.24%) only being used on one device.

Of the ten apps used on most devices, five were system
apps including the Google Play Store (3,416 devices). The
other five apps were the instant messaging app WhatsApp
(3,591 devices), the social media network Instagram (2, 962),
the video-sharing app YouTube (2, 773), the Google Chrome
web browser (2, 603), and the Google Maps app (2, 381).

App Categorization

In line with prior work, we categorized the apps. We based
the categories on the 12 categories used by Weber et al. [43],
which in return is based on the work by Béhmer et al. [9]
and Sahami Shirazi et al. [40]. Additionally, we introduced
the category Navigation and extended the categories Social
to Social & Dating and News to News & Weather.

We focused on the 908 apps with > 10 devices and left
the long tail of apps with fewer devices uncategorized. Still,
with this number of apps, we were able to categorize 92.0%
of the 10, 928, 880 unique notifications in the data set. Similar
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Table 1: This table shows the number of unique notifications
and apps per category, and the median number of devices
per app for each category.

# # Median
Category Notif. Apps Devices/App
Calendar & Rem. 170, 284 23 43.0
Email 728,464 14 24.5
Game 102, 164 111 19.0
Health & Fitness 137, 404 24 17.5
Media 637,850 150 24.5
Navigation 235,631 24 18.5
News & Weather 118,797 48 18.0
Phone 454, 586 18 133.0
Shopping & Fin. 85,758 127 21.0
SMS & IM 3,692,077 45 42.0
Social & Dating 843,004 40 35.5
System 1,671,025 94 32.0
Tool 1,177,235 190 21.5
Uncategorized 874,601 7,915 1.0
> 10,928,880 8,823 -

to prior work, we automatically extracted the app category
from the Google Play Store. It is important to note that the
developers of the apps provide the categories on the Google
Play Store. The categories might not necessarily reflect which
kind of notifications an app creates. Further, 178 apps were
not available on the Google Play Store, e.g., due to them
being pre-installed by device manufacturers or by being
manually installed by users. Two researchers independently
went through the apps and manually categorized them. The
categories provided by the Google Play Store were used
as guidelines. For apps not available on the Google Play
Store, the researchers searched the web for more information.
Finally, the researchers compared the labeled categories and
discussed conflicts until an agreement was reached. Table 1
shows the number of notifications and apps assigned to each
category. The categories with the most notifications were
SMS & IM, System, and Tool. The categories with most apps
were Tool, Shopping & Finance, and Media.

Notification Ranking

Based on the notification categories, we investigated what
users typically see when they unlock their phones or open
the notification drawer.

Background. Notifications in the Android notification drawer
are not simply displayed in chronological order. Instead, the
Android system uses a number of signals to rank notifica-
tions. The used signals differ between Android versions and
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Figure 5: Distribution of which kinds of notifications are shown in the first five positions of the notification drawer.

might be modified by device manufacturers. Some of the
most prominent signals are as follows:

e The time when the notification was triggered and how
much time has passed since then.

o The priority level which can be set by the notifying
app. The priority level values range from MIN, LOW,
DEFAULT, HIGH, to MAX. In Android 8.0 and newer,
the priority level has been replaced by the importance
level, which features the same values but allows users
to overwrite them in the settings.

o Contacts associated with a notification and whether
the contacts are marked as favorites by the user.

The idea behind the ranking is that the most relevant noti-
fications for the user are shown at the top of the notification
drawer. In 2014, Sahami Shirazi et al. found that “notifica-
tions are for messaging” and that “important notifications are
about people and events” [40]. In 2018, Pielot et al. found
that messaging notifications have a much higher conversion
rate than notifications from other types [39]. This was also
reflected in the Android 8.0 update released in 2017. The
update introduced a “visual hierarchy” for notifications by
first assigning notifications to one of four sections and then
ranking the notifications within each section [16]. Notifica-
tions in the Major Ongoing section are about time-sensitive
content. Examples include ongoing phone calls, navigation,
timers, and media controls. The People to People section fo-
cuses on instant messaging notifications and notifications
about missed calls. The General section contains most other
notifications, including reminders and email notifications.
Finally, the By the Way section includes non-urgent content,

such as weather and traffic updates. On recent versions of
Android, these notifications are visually muted by reducing
them to a single line and graying them out.

Analysis. Since almost half (47.63%) of the devices in the
data set were running Android version 8.0 and newer, we ex-
pected the notification ranking to be influenced by these new
sections. Indeed, Figure 5 shows the distribution of notifica-
tion categories for the first five positions in the notification
drawer. We limited the Figure to five positions, as this is
typically the maximum amount of notifications a user sees
on the lock screen or the notification drawer before having
to scroll down. We see five dominant notification categories:
SMS & IM, followed by System, Social & Dating, Tool, Media,
and Phone. Media notifications are prominent in the first
position, due to playback control notifications that end up
in the Major Ongoing section. However, we also categorized
many apps as media that likely do not show playback con-
trols. SMS & IM and Phone are focused around the first three
positions in the drawer. This is likely due to them being in
the People to People section. Social & Dating notifications
might be part of the People to People or General sections,
resulting in a more even distribution across the position in
the notification drawer. Finally, System and Tool notifications
made up a large number of apps and notifications and were
therefore presented across the first five positions as well.

Notification Priority Levels. Figure 7 shows the priority level
distribution of the notifications per category. A large number
of Navigation, System, and Tool notifications were assigned
the minimum priority level. Those notifications are displayed
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Figure 7: The notification priority level distribution per cat-
egory. The priority level is set by the notifying app.

visually muted on recent Android versions. Notifications re-
lated to people and events (Calendar & Reminder, Phone, SMS
& IM, Social) were assigned the high and maximum priority
levels more often. More than half of the Phone notifications
were assigned the maximum priority value. Interestingly,
SMS & IM notifications were less often assigned the maxi-
mum priority level than Social & Dating notifications, how-
ever, due to SMS & IM being assigned in the People to People
section, they are likely to be ranked higher. A notable ex-
ception of people and events related notifications are Email
notifications, as almost all had the default priority value.

Notification Age. Figure 6 shows the age of the notifications
in the drawer when a snapshot was taken. We can see that
Calendar & Reminder, Navigation, Phone, and SMS & IM no-
tifications tend not to stick around as long as the other cate-
gories. This might be either because of users reacting faster
on these categories of notifications or because the app is
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from the category System (35.15%), followed by Tool (16.13%),
Media (10.77%), and Phone (9.18%). A typical example are
active media playback notifications and notifications about
ongoing phone calls.

User Types

So far we mainly looked at the data set in an aggregated
manner. However, our earlier results on the mean number of
notifications in the notification drawer indicated differences
in how users manage notifications. To explore this further,
we turned to prior work by Whittaker and Sidner who inves-
tigated the management of email inboxes and found three
user types [48]. Frequent Filers constantly tried to reduce
the number of items in their inbox, Spring Cleaners made
“clean-up” passes in larger intervals of time, and No Filers did
not make use of filing emails and relied on search instead.
Inspired by these user types, we clustered the snapshots
according to the mean number of notifications, i.e., [0, 5),
[5,10), and 10+ mean notifications. Within those clusters,
we found similar usage patterns regarding the notifications
in the drawer over time.
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Figure 8: Examples for the three user types. Frequent Cleaners try to keep notifications out of the notification drawer. Notifi-
cation Regulators have an increased number of notifications in the drawer but keep the overall number in check. Notification
Hoarders accumulate notifications and dismiss them all at once, by pressing Clear All or restarting the device.

Frequent Cleaner: Figure 8a shows snapshots from 36 counts and feelings of disorganization [23], something that
days of usage with 24 apps and M = 0.48 notifications future work should investigate for notifications.
(SD = 0.62, Md = 0). 37.67% of the snapshots contained
a non-clearable notification. Similar to Frequent Filers, Fre- Summary
quent Cleaners try to minimize the number of notifications in We conducted a large-scale observational study to gain an
the drawer. Even with one-third of the snapshots containing understanding of notification drawers in-the-wild. By period-
a non-clearable notification, the median number of notifi- ically sampling almost four thousand devices, we showed the
cations is zero. This also reminds of the “inbox zero” email average number and the positioning of notifications in noti-
management approach of keeping the inbox empty [29]. fication drawers, and the existence of different user types.

Notification Regulator: Figure 8b shows snapshots cov-
ering 39 days and 23 apps with M = 9.69 notifications 5 DISCUSSION
(SD = 4.19, Md = 9). 99.73% of the snapshots contained Prior work has mostly focused on the arrival of notifica-

a non-clearable notification. Notification Regulators have a tions, e.g., by developing models for automatically deferring
higher number of notifications in the notification drawer, notifications until breakpoints [19, 20, 34]. While this is an
but they take action before the number gets too high. important aspect of notification management, it is not the

Notification Hoarder: Figure 8c shows snapshots cover- whole story. Even when notifications are deferred, they even-
ing 34 days of usage with 97 apps and M = 45.0 notifications tually end up in the notification drawer. The same is true
(SD = 20.01, Md = 45). 99.7% of the snapshots contained a for “silent” notifications that do not trigger vibrotactile or
non-clearable notification. This type of user does not seem to sound feedback or when the user silenced the device. In the
dismiss notifications regularly. Instead, they let notifications end, the user is presented with an ever-filling list of notifi-
accumulate and presumably only take action on the notifica- cations on the lock screen and notification drawer. This list
tions that are important to them. In the shown time frame, has somehow to be managed; otherwise, the advantages of
we can see the number of (grouped) notifications reaching providing proactive information are lost.

100 multiple times. We can also see multiple drops were all
notifications were cleared, presumably from the user press-
ing Clear All or restarting the device. However, right after
the drop, the number of notifications starts to accumulate
again. In a recently published work on the importance of
notification content, Visuri et al. were surprised by a partici-
pant of a pilot study not clearing their notifications [41], a
characteristic of Notification Hoarders.

Most users we have seen in our data set can be categorized
as a Frequent Cleaner or Notification Regulator. While the
number of Notification Hoarders is rather small, this behavior
seems to be alarming from a notification overload perspec-
tive. Grevet et al. suggested a link between high email unread

Notification Management. Ranking the notifications not
in chronological order but based on signals already helps
the notification drawer management on Android. In recent
Android versions, Major Ongoing notifications that often re-
quire user interaction (ongoing phone calls, media controls)
have a secured spot at the top of the list [16]. Messaging
notifications, that were shown again and again to be the
most important kind of notifications, are hoisted to the top
as well. Still, we argue that this can be improved further.
Last year we saw first work towards improving the interac-
tion in the notification drawer. Pielot et al. investigated the
dismissal behavior of users [39], and Weber et al. explored
new interactions by enabling users to snooze notifications,
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i.e., temporarily removing and re-triggering them from the
notification drawer [43].

Notification Middleware. We see many parallels between
notification drawers and email inboxes. Users receive many
different kinds of emails and notifications, e.g., personal mes-
saging, reminders, promotions, and spam. However, while it
is common to filter, label and categorize emails, notification
controls are currently mostly limited to muting and disabling
specific apps. Nowadays, using email without a spam filter-
ing middleware is uncommon, and we argue that there is a
need for a similar middleware for notifications.

User Types and Digital Well-being. Our data set revealed
that most users seem to be able to keep their notifications in
check. Most users had between zero and ten pending noti-
fications in the notification drawer. We suggested the two
user types Frequent Cleaners, who try to keep the notifica-
tion drawer clean, and Notification Regulators, who have an
increased number of notifications in the drawer but overall
keep them in check. However, we also saw a small set of
users “hoarding” notifications. On first sight, it seems like
these users have given up managing their notifications. The
implications of these user types are not yet known. Future
work should investigate different notification management
strategies and their effects on the users’ digital well-being.
Possible research questions are whether Notification Hoarders
are feeling more overwhelmed or feel like they are missing
more information than the other user types. The opposite
could also be hypothesized. Since those users are spending
less time managing notifications, they could feel less stressed
than the other user types.

The Importance of Messaging. Finally, as shown again and
again in prior work, we saw the importance of messaging in
the data set. By far most of the unique notifications were of
the category SMS & IM, they were prominently positioned in
the notification drawer, and were quickly attended to, imply-
ing a high turnover rate. However, other categories should
not be neglected. For future work, we suggest exploring new
tools for managing notifications. Notifications could be auto-
matically cleared after a particular time has passed or based
on a context change, e.g., for location-based notifications.

Limitations and Future Work

In this work, we focused on Android devices since prior work
on mobile notifications primarily used Android devices as
well [17, 30, 34-36, 39, 40]. Future work should also consider
the other current dominant smartphone operating system
i0S. While the notification drawer on iOS is similar to An-
droid, with notifications shown on the lock screen and by
swiping down from the top of the screen, the two operating
systems differ in important ways. For instance, notifications
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in iOS are opt-in and opt-out on Android [7, 47]. iOS also
makes heavy use of notification badges on app icons that
allow apps to gain the user’s attention more subtly without
posting a notification in the notification drawer.

A second limitation is that we did not record the user inter-
action in-between snapshots. Therefore, users who receive
few notifications and users who receive many notifications
but act upon them quickly likely have similar characteristics
in this data set. Future work should consider this as well.

Open-Source Data Set

We published the data set and Jupyter notebooks for analysis
on our project page' under the MIT license. We are confident
that this will allow the community to further explore the
data set and foster future research on mobile notifications.

6 CONCLUSION

A body of work investigated how many and which types
of notifications users receive on a daily basis, and which
notifications are valued by users [40]. So far, most research
on mobile notifications focused on the moment when a noti-
fication is triggered. However, the notification drawer as the
central place to view and attend notifications has yet to be
explored in detail. This is a crucial aspect and required for a
complete understanding of mobile notifications.

In this paper, we complemented prior work by reporting
the results of a large-scale observational in-the-wild study,
in which we sampled the contents of notification drawers.
We collected 8, 830, 112 notification drawer snapshots from
3,953 devices. We systematically analyzed the data set and
found users have, on average, 3.4 notifications in the noti-
fication drawer. Although users receive significantly fewer
notifications at night, notifications accumulate overnight,
resulting in more notifications for users to handle in the
morning. We found that SMS & IM notifications dominate
the number one position in the notification drawer and dis-
cussed reasons for this. Finally, we suggested the existence
of three different types of users regarding the management
of notification drawers. Frequent Cleaners aim to dismiss
all pending notifications in the drawer quickly, Notification
Regulators receive an increased number of notifications but
keep them under control, and Notification Hoarders accu-
mulate notifications in the drawer over time and dismiss
them all at once. Future work should look further into these
user types and investigate the effects of different notification
management strategies on users.
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