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Abstract
Smartwatches are overloaded with various notifications
from smartphones. Users are largely distracted, while they
may benefit from these relayed notification. To reduce smartwatch user’s distraction, we propose an intelligent notification delivery system that relays only important notifications
to the smartwatch. We claim that important notifications
should be handled within a certain time and they are involved in launching mobile applications. To build model,
we collect 6491 notifications and sensor data from three
users. A mobile application has been developed to unobtrusively monitor relevant data Then, we implemented a
binary classifier which identifies important notifications using deep learning and 8 features are extracted from sensor
data. Our classifier shows that an important notification can
be predicted with 61% - 90% and 51% - 99% of precision
and recall.
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Introduction

User

A variety of mobile devices, including smartphone, tablet,
and smartwatch, are emerging and widely used. A number of users are carrying multiple mobile devices on a daily
basis. Notification is a key functionality in modern wearable and mobile devices. They allow users to be aware of
various events such as the arrival messages and acquaintances’ activities in social networks. However, previous
works have shown that notifications can distract and disrupt
users who are engaged in tasks [4, 9].
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Current notification delivery system pushes a notification
to all connected mobile devices, including the smartwatch
connected with the smartphone. For smartwatches, users
can be much more distracted by the delivered notifications
because they are worn almost always. Therefore, notification delivery system should relay only important notifications to the smartwatch.
In this paper, we propose a smart notification delivery system that decides whether a notification to be relayed to the
smartwatch based on a deep learning model. To decide
notification delivery, we first define which notifications are
important ones. Previous work [10] has found that users
handle the notification within a certain time and invoke related applications only if arrival time is opportune moment.
From this finding, we define that important notifications are
the ones that should be handled in such manners. According to this definition, our delivery system relays only the
important notifications to the smartwatch.
To build the learning model, we have collected 6,491 notifications and sensor data from three users. A mobile application has been developed to unobtrusively capture the
notification labels and sensor data. Then, we built a binary
classifier with deep learning and 8 features were extracted
from the sensor data. For predicting important notifications,

Periods

# of Noti.

Imp. Noti. Rate

45
32
33

578
1717
4196

46.4%
35.9%
88.0%

Table 1: Overall information in collected data from each
participant.

our classifier attained 61% - 90% and 51% - 99% of precision and recall spanned across three users. The impact
of our delivery system depends on the ratio of important
notifications and the model accuracy.

Related Work
The human computer interaction research groups have
studied various techniques to precisely infer users’ interruptibility. In desktop computer environment, they proposed Interruptibility Management (IM) system for multiple applications [4, 5]. For more accurate systems, context aware interruptibility systems were proposed [3, 14],
which require a user to wear sensors for extracting context. These approaches are based on sensors attached
on the human body that can trigger notifications in opportune moment by precisely recognizing context. In recent
studies, researchers have exploited smartphones which
are equipped with a variety of sensors for building IM system [1, 2, 8, 10–13]. As the more advanced systems, nonobstructive approaches have been presented [11, 12]. To
build interruptibility models, these approaches unobtrusively
monitored variation of context and system configurations
without user’s involvement and questionnaires. Moreover,
notification’s contents were considered as a context to build
a better model [2, 10]. Also, OS-level IM system was designed in terms of protecting privacy and extracting deep

Group

Features

Data Collection

Notification’s contents

Sender application name,
Priority, and Title
Classifying activities in to
six classes: InVehicle,
OnBicycle, OnFoot, Running,
Still, Tilting, Walking,
and Unknown
Time of day and Day of the week
Recent phone usage and Proximity

In this section, we briefly describe how data is unobtrusively
collected and which types of sensor data are targeted. Our
research is focused on users who can use the phone and
the watch simultaneously. However, the smartwatch is recently emerged. For that reason, most of general people do
not have the smartwatch. In order to collect data, we limitedly distributed LG-Urbane W150 to three participants who
are willing to join this project even without any monetary
incentive. Table 1 lists participants and collection periods.
These participants consist of 2 male and 1 female with the
age span between 25 and 35 years. The data was gathered between January and March 2016 during 36 days in
average.

Physical activities

Time
Sensor data

Table 2: Feature group from the collected sensor data.

context [8]. For wearable devices, Kern et al. [6] proposed a
delivery mechanism which relays notifications corresponding to six contexts they defined. However, all prior works
have focused on predicting opportune moment in a single
device. Those works have not yet considered emerging situation in which many people carry multiple mobile devices
on a daily basis. Unlike prior works, we have focused on
reducing notification delivery to a smartwatch from a smartphone so that we can reduce user’s distraction.

Definition of important notification
To decide whether notifications to be relayed to the smartwatch, we first define which notifications are important. If a
notification is important, a user handles it within a certain
time and lunches a mobile application that triggers the notification. Mehrotra et al. [10] defined the certain time as 10
minutes because this response time accounts for 60% of
notifications. Based on this criteria, the proposed delivery
system relays notifications. Other notifications are merely
received on the smartphone to prevent further distraction by
smartwatch.

To collect notifications, we implemented an Android application that runs on a smartphone as a background service
to unobtrusively monitor notification labels (importance)
and the contexts when a notification is received. For deciding important notifications, our application was built on
a few APIs, Notification Listener Service1 and
UsageStatsManager2 which are supported in API level
21 (Android 5.0). With Notification Listener, we
can identify arrival and removal time of notifications. With
UsageStatsManager, we can see states of mobile application usage. By combining the two APIs, our monitoring
application can automatically mark important notifications.
Meanwhile, our application exploits third-party library for
computational social science [7], SensorManager and
SensorDataManager to obtain the contexts and store a
large amount of data. In addition, it uses Android OS API,

1
https://developer.android.com/reference/android/service/
notification/NotificationListenerService.html
2
https://developer.android.com/reference/android/app/usage/
UsageStatsManager.html

whether a notification is relayed to the smartwatch on label
and 8 features.

8 Input

User

A
B
C

Precision

Recall

0.71
0.61
0.90

0.65
0.51
0.99

Table 3: Important notification
prediction results by binary
classifiers.

9 Hidden layers

Output

As shown in Figure 1, designed model is fully connected
11-layer feed-forward neural network, consisting of 9 hidden
layers. To train this neural network, we selected rectified linear unit (ReLU) as the activation function to avoid vanishing
gradient problem. Also, 8 input features were normalized
between 0 and 1. To convert continuous data into notification type like 0 and 1, the final layer of our neural network
is interpreted as a logistic regression. The learning rate is
0.001 and epochs are more than 50,000 times.

Figure 1: Fully connected 11-layer feed-forward neural network
structure.

For pre-processing and modeling, we used caret package4 in R and Google’s TensorFlow5 . As shown in Figure 2,
all users’ models are converged after 50,000 Epochs.

Activity Recognition3 for monitoring user’s activity. Table 2
shows collected 8 contexts by our monitoring application.

We evaluated the neural network model by testing set. To
do that, we separated training and testing sets from collected data. The ratio of training and testing data is 7:3.
Table 3 shows the precision and recall of all the models
corresponding to each user. Over all users, the precision
ranges from 61% to 90%. The recall ranges from 51% to
99%. The poor recall leads to missing important notification
by preventing delivery to smawrtwach. However, we claim
that missing important notification on smartwatch is not critical because smartwatch is secondary device. Basically,
users can check all notifications on smartphone even if a
notification is not relayed to smartwatch.

Across around 36 days, we have collected 6,491 notifications from three users. According to automatic labeling, the
important notification rate of each user ranges from 35.9%
to 88.0%, with the average being 56.8%. From these data,
we can see that user B is distracted by most of the notifications because user B has the lowest important notification
rate.

Building Classifier and Evaluation
In this section, we build a binary classifier to predict important notifications using deep learning. Then, we evaluate
this classifier. Our model is based on our hypothesis: important notifications rely on the notification’s contents and
the user’s context. We build a deep learning model to infer
3
https://developers.google.com/android/reference/com/google/
android/gms/location/ActivityRecognitionApi

The user B has poor precision and recall because this user
prefers using messenger on computer to mobile devices.
In this case, our monitoring application does not capture
notification response. Finally, the monitoring application decides that this notification is not important. The poor learn4
5

http://caret.r-forge.r-project.org/
https://www.tensorflow.org/
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Figure 2: Converging cost function of deep neural network across
three users.

ing model stems from misclassified notification label. By
increasing the number of features and applying Dropout
and Xavier algorithms, we can improve the accuracy of the
deep neural network model.

Conclusion
Even though smartwatches improve awareness of incoming
notifications, it aggravates the disruptive nature of notification delivery because this device is worn on human body.
To reduce smartwatch user’s distraction, we proposed a
notification delivery system that relays only important notifications according to a machine learning model. To build
our model, we collected 6,491 notifications and sensor data
from three users using a mobile application, which unobtrusively monitors all data. Then, we implemented a binary
classifier which identifies important notifications using deep
learning. For important notification prediction, our classifier
attained 61% - 90% and 51% - 99% of precision and recall
spanned across all users. This classifier can reduce distraction of smartwatch user without noticeable degradation in
users’ awareness.

In the future, we are planning to deploy the proposed delivery mechanism in a real world scenario with in the wild
notifications of frequently used mobile application. Then,
we will examine real users’ responses to the notification
service. Also, we can improve deep neural network model
by adding new features from the smartwatch. In addition,
we are planning to extend our mechanism to IoT and multiple devices. By doing that, notifications can be shown on
opportune devices based on users’ attention.
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