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moments [13, 15, 18, 20]. These solutions almost exclusively rely
on sensing capabilities of modern mobile computers. They sense
the context of a user and harness machine learning models to infer
whether a user is interruptible or not.
Focusing on the attention management side of the experience,
however, these solutions remain completely oblivious to the most
critical issue hampering the further progress of mobile computing
– the limited battery charge of mobile devices. Sluggish advances
in the area of battery technology, compared to a rapid growth of
the mobile computation, storage, and sensing capabilities, has been
noted for more than a decade [5, 16]. Mobile sensors in particular
consume a significant amount of charge. Frequent sampling that
today’s notification management solutions require further exacerbates the energy shortage problem in mobile computing, limiting
the real-world applicability of these solutions.
In this work we investigate the discrepancy between the interruptiblity inference capabilities and energy consumption requirements
of the context sensing-based attention management approach. We
implement a smartphone notification that allows us to perform
multimodal sensing together with notification usage monitoring.
Using the data collected from 14 users of the above application, we
construct machine learning models of user interruptiblity. Using the
best performing models we then conduct a study of the trade-off
between the informativeness of individual sensor’s data for the purpose of interruptiblity inference and the energy cost of sampling
that sensor. Finally, we propose a confidence-based method enabling
real-time adaptation of the accuracy-energy efficiency performance
of the mobile notification management system.

Untimely interruptions from our mobile devices may have a significant
impact on our work performance, stress and well-being, and in critical situations, such as when driving, can even have fatal consequences. State of
the art approaches to inferring interruptiblity of mobile users harness an
array of sensors available on our devices. Yet, the energy consumption of
these sensors clashes with the need to preserve the most precious of the device’s resources – its battery charge. In this work we revisit the sensor-based
approach to interruptiblity inference and examine the trade-off between a
sensor’s energy use and its contribution to interruptiblity modelling. Our
findings, based on a two week long field study with 14 users demonstrate
that turning on additional sensors indeed improves interruptiblity inference,
but at a cost of increased energy consumption. We then propose an interruptiblity management systems that uses the classifier confidence as a knob
allowing fine-grain tuning along the trade-off front, thus enabling user- and
application- specific energy-optimal interruptiblity management.
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INTRODUCTION

The growth of mobile computing rendered notifications the most
direct and ubiquitous means of capturing the attention of and initiating contact with almost any individual in the world. Yet, as multiple
applications, multiple sources of information, and multiple mobile,
wearable, and ambient computing devices around us harness notifications, the management of these notification becomes a critical
issue for efficient human-computer interaction.
Untimely interruptions from ubiquitous computing notifications
can result in disruptions to our work schedules, leading to poor
performance [4], can increase stress [12] and anxiety [3], and can
even be fatal in certain critical environments, such as cockpits.
Consequently, notification management solutions have been developed to prevent notifications from activating at inopportune
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RELATED WORK

The effects of interruptions and the means of managing mobile interruptions have been widely explored in the area of human-computer
interaction [1, 14, 19]. Survey papers, such as [1] by Anderson et
al. examine the theoretical underpinnings and analyze the practical realizations of approaches to better manage interruptions. The
meta-analysis provides foundations for sensor-based mobile interruptiblity inference. Such a means of inferring interruptiblity has
been attempted by Okoshi et al, who in their mobile sensing system
detect breakpoints between physical activities/application usage
[15]. The approach is grounded in the theory stating that natural breakpoints between tasks indeed represent good moments to
interrupt.
An ever expanding array of sensors with which modern mobile
computing devices are equipped resulted in other approaches that
use broader contextual information for interruptiblity inference.
Pejovic and Musolesi present InterruptMe, as system that samples
location, acceleration, and time-related information from smartphone sensors to infer whether a user is going to (positively) react
to a notification generated by the system [18]. Zuger and Fritz
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expand the used sensing modalities further by introducing physiological sensors sampled from wearable devices that the participants
are equipped with [21]. Yuan et al. go beyond context sensing and
demonstrate the importance a user’s personality for gauging her
interruptiblity [20].
To the best of our knowledge, however, none of the above mobile
interruptibility inference methods address a pressing issue of energy
consumption of frequent mobile sensing. More than a decade ago
Pardiso and Starner warned about the sluggish improvement of
the battery capacity in contrast to the rapid growth of processing,
storage, and communication capacities of mobile devices [16]. Consequently, a call has been issued for more judicious and efficient
means of using the available energy. Sensors can have a tremendous
impact on battery life, if engaged frequently. The fact that not all
sensors consume the same amount of energy, indeed, the difference
can be of an order of magnitude or more, and that not all sensed
data are equally informative in all situations, opens up the opportunity for improving the energy efficiency through a smarter use of
on-device sensors. Hermann et al., for instance, examine the possibility of improving sensor’s energy efficiency through the user’s
context. They propose an application that changes the sampling
rate of sensors based on the user’s changing context to which they
claim that it can improve the battery lifetime by 5x [10]. In our work
we build upon such efforts, and in accordance with the philosophy
of approximate mobile computing [17], examine the opportunities
for selective sensor sampling with the goal of trading the energy
use for variable accuracy mobile interruptiblity inference.
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API 26 it is possible to programmatically get the reason for the
notification clear event. For APIs lower than 26 such a functionality
is not available and we define the following heuristic: we check
the event log and if the application that posted the notification
was called to the foreground immediately after the notification
was cleared, we label this as a clicked-on notification, i.e. a user
being interruptible, otherwise we label it as removed, i.e. a user not
interruptible.
We use the AWARE framework [8] to perform comprehensive
context sensing both when a notification is posted as well as when
it is interacted with. The following sensors are sampled:
Battery we programmatically obtain the battery status – whether
the phone was charging or discharging;
Light ambient light value in Lux;
Proximity a binary proximity value correspoding to whether
the sensor is covered or not;
Screen a binary value corresponding to screen locked or unlocked;
Volume categorical volume state representing whether the
phone is set to Ring, Vibration, Silent or Do Not Disturb;
Google Activity Recognition (GAR) a user’s activity as detected by the GAR API classifiers categorized into: still, walking, running, in a vehicle, etc. [2], sampled for a maximum of
five seconds;
Location GPS-assisted current location information in longitude and latitude captured using Google Play Location Services, sampled for a maximum of five seconds;
Linear accelerometer uses the accelerometer and gyroscope
to determine the users acceleration while ignoring the gravitational acceleration. Sampled for one minute, after which the
output is resampled to 2048 sampled for further Fast Fourier
Transform (FFT) processing;
Bluetooth a set of nearby Bluetooth devices’ IDs sampled over
one minute;
WiFi a set of nearby Wi-Fi access points’ IDs sampled over one
minute;

METHODOLOGY

Despite a number of works related to interruptiblity inference from
mobile sensing data, to the best of our knowledge, there are no
suitable open datasets that could be used for the examination of the
informativeness of different sensors in interruptiblity models. Therefore, our methodology encompasses first, collecting the interruptiblity data through a custom Android application and a two-week
long user study, and second, constructing interruptiblity models,
gauging sensor informativeness, and analyzing the models’ accuracy
– energy consumption trade-off.

3.2
3.1

Notification Management Behaviour Monitoring App

Data Collection Campaign

We recruited 19 volunteers that would have the app constantly
running for two weeks. The demographic of the users ranged from
19 to 50 years old out of which 12 were students and 7 were employed.
14 users ranged from 19-30, 3 users from 30-40 and 2 users from 4050 years old. For five users, however, we noticed rather inconsistent
behaviour where the data would be collected for a few days only.
The Crashalytics monitoring embedded in our application did not
report any issues, therefore we could not identify the reason for the
missing data. Thus, in the rest of the work we focus on the data
from the 14 users for which the data was arriving throughout the
study period.

Our data gathering application is designed to capture all notificationrelated events on a mobile device. The application is passive, in a
sense that it does not create its own notifications, but monitors
notifications sent by all other applications installed on the device.
While more challenging to implement, this ensures that the dataset
we collect is ecologically valid.
There is no standard definition of interruptibility. Therefore, in
accordance with the literature standards, we assume that a person
is interruptible in a moment of a notification arrival, if they clicked
on the notification with the intent of reading the content/using the
notification-generating application. In our Android app, for each
posted notification, we record the time of arrival, as well as the time
of a notification being cleared. There are numerous reasons for a
notification being cleared, such as a user dismissing it, a user clicking
on it, the app itself clearing it, and others. Starting from Android

3.3

Data Preprocessing and Descriptive Statistics

In total we have detected 8495 notifications that were interacted
with, out of which 5324 were clicked on, while the rest were removed
2
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by the user1 . The distribution of notifications varies over different
users, the lowest being 63 notifications, while the highest is 1341
notifications received during the two week period. The percentage
of the Clicked notifications varies between 25% and 83% for different
users. In Figure 1 we show the cumulative number of notifications
in our dataset at each hour of day during the two week period. We
see that received notifications follow the expected circadian pattern,
where very few notifications are received very late in the night/early
in the morning. The response rate increases throughout the day, as
people tend to click on notifications more frequently towards the
end of the day.

Number of notification

400

when a notification arrives. We then run a DBSCAN clustering algorithm to extract top 𝑁 clusters corresponding to most
frequent locations described by BT environment, and then
label the data with these information. The approach automatically adapts to semantically similar locations – e.g. if a user
frequently visits her office, described by a set of Bluetooth
devices in the space, an additional Bluetooth device that has
not been recorded before, for instance Bluetooth headphones,
would not get in the way of recognising the space as the
user’s office.
Wi-Fi We follow the same procedure as with the Bluetooth
sensor, to extract top 𝑁 Wi-Fi environment locations.
Linear accelerometer We apply the Jigsaw approach for accelerometer feature extraction [11]. The extracted features
belong either to the time or the frequency domain. From the
time domain we extracted: mean, variance and mean crossing
rate. To get the frequency domain we preform the FFT and
extract: spectrum peak, sub-band energy, sub-band energy
ratio and spectral entropy, where the sub-band energy is calculated on four frequency sub-bands: B1(0-1]Hz, B2(1-3]Hz,
B3(3-5]Hz and B4(5-16]Hz. The sub-band ratios were between
B1 and B2, B3 and B4, B1 ∪ B2 and B3 ∪ B4.

Clicked
Removed

300
200

The Bluetooth and Wi-Fi locations are person-specific and will be
used for personalised modelling in Section 4. Thus, we do not investigate them further in this section, nor we examine the accelerometer
features which are all continuous. Of the remaining dimensions,
the most interesting observations pertain to screen, volume, and
location data, which we show in Figure 2. We observe that most of
the notifications are received when the recipient is at home. Home is
also the place where the response rate to notifications is the highest.
The finding hints towards the potential importance of the location
sensor in interruptiblity inference, despite its relatively high energy
cost. The second observation is that the response rate varies with
the Volume settings. Here we confirm somewhat surprising findings
from previous studies – users tend to be more reachable when the
phone is set to Vibration or Silent, compared to phone set to Sound
alert. This has been explained by the fear-of-missing-out, a user’s
internal urge to check for notifications. Furthermore, we see that
users tend to not click on notifications when the screen is Locked.
This could imply that they either do not see the notifications when
the screen is locked, or that the summary shown on the screen (e.g.
which app sends the notification) is sufficient to convey the relative
importance of the notification. Finally, the descriptive analysis does
not point to a single contextual dimension that would be discriminate enough to reliably classify a situation as interruptible or not.
Therefore, in the next section we explore machine learning models
that use multidimensional input for interrutpiblity classification.

100
0

0 1 2 3 4 5 6 7 8 9 1011121314151617181920212223
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Fig. 1. Cumulative number of notifications at each hour of day for all users.

The more time passes from the point of a notification arrival till
the time the notification is handled, the less relevant the sensed
context is. Thus, we analysed the time it took users to click on a
notification and found out that 99% of the answered notifications
were handled within 100 seconds from their arrival. Based on this
observation, we limit the time it took a user to answer a notifications
to 100 seconds – all notifications that exceeded that time limit were
labeled as removed notifications.
Next we examine the relationship between different contextual
dimensions and the way users handle notifications. We first preprocess certain dimensions:
Location We use DBSCAN algorithm to find two largest clusters’ centroids for data collected during the day and during
the night. Data within 200m radius of these centroids are labelled as “HOME" and “WORK" respectively. The remaining
are labelled “OTHER". The
Bluetooth The idea behind the Bluetooth sensor is to find finegrain locations such as an office at work or a user’s living
room. For each user we calculate a distance matrix capturing
pairwise Jaccard distance between lists of BT devices sensed

4

INTERRUPTIBLITY MODELLING

The dataset we collected contains rich contextual information (see
Section 3.1) together with the information on how a user reacted
to a notification. Our approach to modelling is grounded in a wellknown observation that certain contextual factors reflect a user’s
interruptibility [1]. We extract features from the sampled sensor
data and use different machine learning algorithms, including K

1 Unlike

earlier work, we focused only on the notifications that a user explicitly interacted with. This is motivated by the observation that nowadays notifications serve for
more than actionable interactions – for instance, they inform a user that the battery is
full, that a music player is switching to another song, etc. Such notifications are not of
interest for the interruptiblity inference addressed in this paper.
3
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Fig. 2. The distribution of clicked/removed notifications depending on a user’s Location (left), Volume settings (center), and Screen state (right).
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Table 1. Performance of general models. Sensors used: proximity, screen,
volume, battery, and location

SVM

RF

DT

ADA

0.81
0.08
0.95
0.78
0.86

0.79
0.10
0.89
0.81
0.85

0.84
0.07
0.97
0.79
0.87

0.74
0.05
0.83
0.82
0.82

0.80
0.09
0.96
0.78
0.86

0.73
0.07
0.84
0.81
0.82

the general and the personal model is that for the personal model
we would need to gather data for a certain amount of times, possibly
weeks, while a pre-trained general model remains readily usable.
However, the inclusion of sensing data that is highly specific to an
individual, such as her WiFi and Bluetooth environment, combined
with the fact that the model is shaped around a single user is likely
to result in a significant boost in the model accuracy.
We build personalised models following a similar train-validatetest approach as in Section 4.1. Instead of leave-one-person out
approach, we split an individual user’s data so that 70% of the data is
used for training and validation, and the remaining 30% for testing.
The former set is further split 70-30 into a training and a validation
set. The exhaustive feature selection on the validation set yields the
following features: screen, volume, battery, location, activity, WiFi,
Bluetooth, and acceleration.
The results of the personalised models evaluation are shown in
Table 2. The best accuracy result, achieved by the SVM (84%), is more
than 10% better than the best accuracy achieved by a general model
(73%). As noted in [18], the main goal of a notification management
system is to not interrupt at inappropriate times, as we assume
that opportunities for interruption are ample. Therefore, we are
particularly concerned with the precision of the models, and we
observe that RF wins in that respect, achieving 82% precision in our
evaluation.

General models for interruptibility interface

Interruptiblity models can be constructed jointly for a larger population or they can be tailored to individuals. We first examine general
models, as such models are of a greater practical use, since they do
not require the data to be collected for each new individual who
uses the notification management system. When constructing these
models we use all of the sensing modalities except for the WiFi and
Bluetooth environment, as they do not represent generalizable data,
but unique locations relevant for individual users (e.g. one’s office,
living room, etc.).
The results of leave-one-person-out evaluation are summarized
in Table 1. The results show that RF and SVM-based models performed the best. With the recall above 90% and precision above
7o% these two models are significantly more successful than InterruptMe at inferring interruptibility – the best classifier presented
in [18] achieves 64% precision and 41% recall. We believe that a
dataset based on the actual real-world app notifications, a wider
range of features, and an extensive classifier validation procedure
contributed to this improvement.

4.2

NB

Table 2. Performance of general models. Sensors used: proximity, screen,
volume, battery, and location

Nearest Neighbour (KNN), Naive Bayesian (NB), Support Vector Machine (SVM), Random Forest (RF), Decision Tree (DT), and AdaBoost
(ADA) to predict whether a user is going to click on a notification
within 100 seconds of its arrival or not. Our approach represents
a validation replication of similar studies, such as InterruptMe. A
notable difference is that unlike [18], we collect data pertaining to all
applications actually used by our volunteers, rather than generate
our own “artificial" notifications.

4.1

KNN

5

ENERGY–ACCURACY TRADE-OFF

Results from the previous section confirm that sensor data can
indeed be used to infer a user’s interruptiblity. Yet, the data comes at
a cost since sensors represent one of the major consumers of a mobile
device’s energy [10]. To the best of our knowledge, the investigation
on the cost of mobile sensing for interruptibility inference and the

Personal models for interruptibility interface

Capturing users’ unique behaviour with respect to reactions to notifications requires personalised models. The trade-off between using
4
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Sensor

Curr. drawn (mA)

Sense t (s)

Total (mAh)

Src

Acc
BT
WiFi
Loc

80
25
100
140

60
60
60
13

1.33
0.42
1.67
0.5

[9]
[6]
[7]
[9]

behaving according to the approach described in the previous paragraph. We experiment with different desired inference confidence
level ranging from 50% to 90% and observe the change in the actually achieved inference accuracy in the simulation as well as the
additional energy needed for the inference calculated over all data
points in the simulation. Note that the proposed approach at each
encountered notification instance dynamically decides whether to
use an additional sensor or not, i.e. a certain target accuracy level
does not imply that the same set of sensors will be turned on at each
notification point.
The results of our simulation are shown in Figure 3. The higher
the target confidence level is, the greater the achieved interruptiblity
inference accuracy is. Additional energy is shown normalised to the
difference between the case where all sensors are used and where
only the baseline sensors are used. We observe that in all cases
RF delivers higher accuracy for the given additional energy than
NB. Furthermore, we see that our confidence level-based approach
achieves the highest accuracy (88% with RF set to 90% target confidence level) with about 30% less additional energy used compared
to a traditional approach that relies on all the sensors at each data
point. If energy efficiency is a priority, our method also allows for
judicial use of additional energy – with less than 10% normalised additional energy our method improves the accuracy from 80% to 83%
in case of RF. Even more importantly, our method enables dynamic
system tuning with a single software-based parameter – inference
confidence: when energy is scarce, the target confidence can be
loosened to preserve energy, when energy is not an issue (e.g. a
phone is predicted to be charging soon), the target confidence level
is increased to achieve a higher inference accuracy.

Table 3. Energy spent by different smpartphone sensors.

exploration (as well as the exploitation) of the trade-off between
the energy use and interruptiblity inference accuracy has not been
attempted, yet. In this section we first discuss the energy cost of
interruptibility sensing and then propose a practical method for
adapting the interruptiblity inference according to the given energy
efficiency and/or accuracy requirements.
Not all sensing is necessarily power hungry. Of the information used for interruptiblity models presented in Section 4 sensing
battery charge, screen state, volume, proximity, light, and activity, through Google Activity Recognition service, incurs negligible
energy cost. Sensing other modalities, such as accelerometer, Bluetooth, WiFi, and GPS incurs non-negligible cost, yet, as apparent
from Table 3 the cost of sensing varies across different sensors.

5.1

Confidence-Based Energy-Efficient Inference

Theoretically, in a given situation we can reduce the energy used
for interruptiblity inference by relying on sensors that are sufficient
to give us a correct answer and consume as little energy as possible.
Yet, we do not know in advance whether the answer provided by a
model using a selected subset of sensors was correct or not. Relying
on an observation that certain classifiers, such as Random Forest
and Naive Bayesian, provide the information about the confidence
in the inference we propose a method that each time a notification
is about to be sent out iteratively queries the interruptibility model
and turns on additional sensors, until the model achieves the desired
inference confidence level.
Our proposed method works as follows. First, low-cost sensors –
battery, screen, volume, proximity, light, and activity recognition
– are sampled. The information is fed to the model (RF or NB) and
the predicted outcome together with the confidence is calculated.
The desired confidence level is previously selected and if the model
does not reach the given level, additional sensing of accelerometer,
Bluetooth, WiFi, and the GPS location is conducted iteratively. We
select this order based on the energy cost of the above sensors, yet
any other order is possible, depending on the sensor availability and
the cost of sensing on different platforms. Iterative querying stops
once the confidence threshold is reached, or once all the sensors are
used for the inference.
To evaluate the potential of the method, we restrict our dataset to
six users whose data contained all sensing modalities2 and construct
a personalised model for each user. We use 70% of a user’s data for
model training and 30% for the testing in a trace-based simulation

0.90

0.9

NB
RF

0.88

Accuracy

0.86

0.82

0.6
0.5

0.80
0.78
0.76

0.8

0.7

0.84

0.5

all

0.9

all

0.8

0.7

0.6
0.0

0.2
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0.6

Additional energy (%)

0.8

1.0

Fig. 3. Energy vs. Accuracy trade-off. Numbers next to the points indicate the requested classifier confidence. The higher the requested confidence is, the higher the interruptiblity classifier accuracy is, at the expense
of additional energy.
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2 Our

data collection app allows users to switch of certain sensing modalities they are
not comfortable with. Consequently, a number of users in our study disabled GPS,
Bluetooth or WiFi sensing for a period or the whole duration of the study.

DISCUSSION, LIMITATIONS, AND IMPLICATIONS

In Section 5.1 we present, to the best of our knowledge, the first
practical method for energy-aware interruptiblity inference. The
5
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method’s reliance on a single knob – inference confidence – makes
it oblivious to the actual underlying machine learning model, as
long as the said knob value can be calculated. Besides Random
Forest and Naive Bayesian, we envision our approach being used
with more advanced deep learning models, where the final layer’s
softmax output could be used for the confidence calculation. The
method can also be used irrespective of whether the underlying
model allows missing values at the input. If it does, we can maintain
a single model and supply an input vector containing only the data
pertaining to the currently sampled sensors. Otherwise, we can
maintain multiple models corresponding to different combinations
of sensing modalities.
With respect to limitations, we note that in this paper we performed an evaluation over a pre-collected trace. While this directly
translates to practical situation when a non-critical notification arrives and the system has to decide whether to show it to a user or not,
one can also envision a different use case where a suitable moment
for interruption needs to be identified within a certain timeframe
(e.g. up until 60 minutes from now). In such a case, the interruptiblity needs to be frequently re-evaluated. The existing solutions rely
on periodic sensing [18] or context change detection [15]. In future
we plan to expand our method to efficiently monitor the change
of inference confidence. We believe that reinforcement learningbased approach grounded in sensor informativeness is a promising
approach for tackling this problem.
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[14]

CONCLUSIONS

[15]

In this work we have revisited the context-aware approach to mobile
interruptiblity inference. We have confirmed that context, as sensed
by mobile devices, indeed reflects a user’s interruptiblity. Our personal models achieve up to 84% accuracy, outperforming previous
work our approach is based on. We then investigate the interplay
of sensor sampling energy consumption and the accuracy of the
models constructed from different subsets of the sensed data. Relying on a machine learning model confidence as a knob, we propose
trade-off control mechanism that allows fine-grain tuning between
the achieved inference accuracy and the energy use. We believe that
our approach brings context-aware interrutpiblity inference a step
closer to a wider practical adoption.
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