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Abstract
Now-a-days, mobile phones are considered to be “always
on, always connected” but mobile phone users are not al-
ways attentive and responsive to incoming phone calls. In-
coming call notifications such as ringing at an inopportune
moment (e.g., meeting) can cause interruptions for both the
users and the surrounding people. In this paper, we present
a system architecture for managing call interruptions ac-
cording to individual’s call response behavioral rules.
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ACM Classification Keywords
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Introduction
Now a days, mobile phones have become part of our life.
The number of mobile cellular subscriptions is almost equal
to the number of people on the planet [11]. The explosion
in the number of cell phones has made them the most ubiq-
uitous communication devices and are considered to be
“always on, always connected”. However, the mobile phone
users are not always attentive and responsive to incoming
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communication in the real life. The incoming calls some-
times cause interruptions for both the user and the sur-
rounding people of the user. Such interruptions may create
embarrassing situations not only in an official environment,
e.g., meeting, but also affect in other activities like examin-
ing patients by a doctor, driving a vehicle, etc. These kind of
interruptions may reduce worker performance, increase er-
rors and stress in a working environment [11]. In this work,
we aim to design a system architecture to manage such in-
terruptions according to the call response behavioral rules
of individual mobile phone users.

A number of authors have studied rule-based call interrup-
tion management systems. For example, Khalil et al. [8]
use calendar information to infer user’s activity and to au-
tomatically configure cell phones accordingly to manage
interruptions. Seo et al. [15] propose a context-aware con-
figuration manager for smartphones PYP (Personalize Your
Phone) to block a phone call without bothering the user.
Dekel et al. [3] design an application to minimize mobile
phone disruptions. Kabir et al. [9] propose a socially aware
phone call application to minimize call interruptions. An in-
telligent context-aware interruption management system
has designed by Zulkernain [19]. However, the main draw-
back of these systems is that the rules used in applications
are not behavior-oriented and personalized rather users
need to specify the rules manually.

In this paper, we address this issue and design a system
architecture for managing call interruptions according to
individual’s behavioral rules. The system utilizes individ-
ual’s mobile phone data, e.g., context logs, and discovers
individual’s call response behavioral rules based on multi-
dimensional contexts such as time-of-the-week, user’s so-
cial situation, location, social relationship between caller
and callee. As the behaviors of different individuals are

not identical in the real life, behavioral rules may differ from
user-to-user according to their unique behavioral patterns.
Such behavioral rules make the system intelligent for man-
aging call interruptions on mobile phones.

Architecture Overview
This section presents our rule-based system architecture
for managing call interruption. As individual’s phone call
response behavior differs from user-to-user, our system
takes individual’s mobile phone data as input and discov-
ers individualized call response behavioral rules based on
multi-dimensional contexts. The system consists of three
layers - context processing layer, rule generation layer and
rule management layer. Figure 1 shows an overview of our
system architecture.

(I) Context-Processing Layer:
Context Log Data
Recent advances in mobile devices and their sensing capa-
bilities have enabled the collection of rich contextual infor-
mation and mobile device usage records through the device
logs, e.g., context logs [16, 20]. The main characteristic of
such kind of log data is that it captures the actual behavior
of the users in different contexts.

Context Analysis
We identify four different types of contexts for modeling call
response behavior of individual mobile phone users in order
to manage call interruptions. These are:

Temporal context - As each phone call activity is associ-
ated with a timestamp (e.g., 2015-04-25 08:35:55), tem-
poral context plays a primary role to model individuals’ call
response behavior. Halvey et al. [6] have shown through
the analysis of a large sample of user data that time-of-the-
week is an important factor in modeling user behavior in a
mobile-Internet portal. As exact time is not informative, we
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Figure 1: An overview of the system architecture

use behavior-oriented time segments [17] as the basis for
exploratory rule induction.

Social situation - People are well differ from each other in
how they respond to incoming phone calls during various
events. One individual may be happy to answer the incom-
ing calls during an event whereas another may not [13].
Even a particular individual may respond differently subject
to what type of event is occurred [3]. For example, an indi-
vidual’s call response during a ‘professional meeting’ may
be well different from her response during a ‘lunch-break’

event.

Social relationship - The social relationships such as family,
friend, colleague, unknown, between the caller and callee,
have a strong influence on users to make call handling de-
cision [9]. For example, a user typically rejects an incom-
ing call during an event ‘official meeting’, however, he an-
swers if the call comes from his boss. Thus, we need to
take into account social relationships in modeling user’s call
response behavior.

Location - Location-based services are one type of context-
aware service that takes advantage of location-sensing
technologies and location information. Xu Sun [14] showed
that location information can be used to improve mobile
user experience by providing relevant mobile services. Ad-
vances in location tracking systems such as GPS and his-
tory have made it feasible to obtain location information [7].

(II) Rule Generation Layer:
In order to design a rule-based call interruption manage-
ment system, we need a complete set of “effective" (non-
redundant, and reliable) rules of individuals based on above
multi-dimensional contexts. The techniques commonly used
to discover rules are classification rule learner [12] and as-
sociation rule learner [1]. The classification rule learner
is low reliable [10] and cannot ensure the high predictive
accuracy in discovered rules [4]. On the other-hand, the
association rule learner produces a huge number of redun-
dant rules [5]. Therefore, we do not use these rule learn-
ing techniques directly in our system. In order to discover
individual’s effective behavioral rules, we employ our rule
discovery approach [18] that produces not only the general
rules but also their specific exceptions for a given confi-
dence threshold.

900

SESSION: UBITTENTION



Multi-Level Tree Design
We first design a context-tree by taking into account the
precedence of contexts (context ordering) [18]. The tree is
built top-down, starts from a root node and involves parti-
tioning the data into subsets that contain instances with ho-
mogeneous values. Each node of the tree contains a par-
ticular behavioral class and it’s corresponding confidence
value. The confidence value of each node is calculated
by counting the support value of associated contexts. The
tree is incrementally developed according to the number of
contexts. The final result is a multi-level tree with various
nodes, associated contexts and node’s confidence value.
After this, we simplify the tree by bottom-up pruning [18].
We do such pruning in order to avoid redundancy in rule
generation.

Rule Extraction
Once the tree has been designed, rules are extracted from
the tree by traversing from root to decision nodes. The node
that satisfies the user-specific threshold, is considered as
a decision node. The setting of this threshold for creating
rules will vary according to an individual’s preference as to
how interventionist they want the call-handling agent to be
[17]. For example, one person may want the agent to reject
calls where in the past he/she has rejected calls more than,
say, 80% of the time - that is, at a threshold of 80%. An-
other individual, on the other hand, may only want the agent
to intervene if he/she has rejected calls in, say, 95% of past
instances. Unlike decision tree [12], we take into account
both interior and leaf nodes as decision nodes if they satisfy
the threshold. As a result, we produce not only the general
rules but also their exceptions, i.e.,specific rules.

(III) Rule Management layer:
Rule Ordering
As we produce both general rules and their specific excep-
tions, this module is responsible for ordering the discov-
ered rules to be selected in runtime according to rule’s type.
Given two rules A → C1 and AB → C2, we call the latter
more specific than the former or the former more general
than the latter. In such cases, the priority of the specific rule
is higher than the general rule while selecting rules to exe-
cute in run time. Let’s consider the following two rules R1
and R2 of user X -
R1 : situation → meeting ⇒ behavior → Reject
(confidence=82%)
R2 : situation → meeting, relationship → boss
⇒ behavior → Accept (confidence=100%)
Rule R1 states that the user rejects most of the incom-
ing calls (82%) when he is in a meeting. Similarly, rule R2
states that the user always (100%) accepts his boss’s calls
though he is in a meeting. Hence, the rule R1 is a general
rule and R2 is an exception of the rule R1. However, in
this case, rule firing priority of R2 is higher than R1. Gen-
eral rules play a vital role to model behavior if no specific
rule with related contexts is found. For instance, calls from
friends, family, unknown, etc.

Rule Activation and Updating
Once the rules are ready for using, users can select rules to
be fired in application according to their interests. For this,
the newly discovered rules are presented to the users in
a human-readable format to get their consent. Users can
activate the rules, which they think are needed to be fired,
for managing call interruptions. The other inactivated rules
are re-processed during the next iteration of the mining pro-
cess. The rules are constructed and updated weekly as we
take into account weekly pattern for producing rules. We do
this when the phone is idle and not in use so that the ap-
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plication does not directly affect users’ mobile experience.
The phone is idle whenever it is charging, there are no fore-
ground applications, and the battery level is at least 80%
[16].

Notification Signal Controller
Ringing mode is a common feature of mobile phones for no-
tifying incoming calls [2]. According to [2, 8] mobile phones
have four states to controlling call notification signals such
as normal mode, silent mode, vibrate mode and phone off
(inactive). A phone plays sounds when the phone is in nor-
mal mode. In vibrate mode, sound is suppressed, but the
phone still vibrates. In silent mode, there is no sound or
vibration (but the screen or flashing light still activates).
To avoid call interruptions, the mobile phone users typi-
cally change these configurations, e.g., normal to silent /
vibrate. For instance, most of the users put their phone in
a quiet state (i.e., Silent or Vibrate) when they did not want
the phone to interrupt them and would return to the mode
where they could feel or hear notifications afterwards to
maintain awareness of notifications [2]. As the behavior of
different individuals are not identical in the real life, such no-
tification configurations may differ from user-to-user. There-
fore, in order to assist them, the produced call response
behavioral rules from individual’s mobile phone data can be
used to control such signals dynamically.

Discussion
To the best of our knowledge, this is the first study of man-
aging phone call interruptions based on individual’s be-
havioral rules. Recently, Mehrotra et al. [10] design a rule-
based system for managing mobile apps notification. Though
the contexts, user behavior type and the purpose are differ-
ent, however, we can make a comparative discussion as
both systems are automatic and rule-based. First, for gen-
erating rules they use temporal context statically segment

time into arbitrary categories (e.g., Morning, Afternoon,
Evening, etc.). However, it’s very difficult to assume such
time-slots to capture individual’s phone call response be-
havior, as users’ behaviors are not identical in the real life.
Second, in order to produce rules, they manually choose
the number of features (e.g., activity, location) and eventu-
ally ignore a number of contexts for discovering association
rules. However, such type of manual selection of contexts
may not suitable for phone call response behavioral rules
as we have no prior knowledge about individual’s behavior.
Third, they do not take into account redundancy analysis
in producing rules as it is well-known that association rule
learner produces a huge number of redundant rules [5]. In
our system, we take into account these issues and produce
effective behavioral rules (e.g., general and their excep-
tions) based on multi-dimensional contexts [18]. To pro-
duce rules, we use behavior-oriented time segments [17]
according to individual’s unique behavioral patterns rather
than choosing arbitrary time segments. We argue that our
rule-based system would be able to discover more accurate
rules based on multi-dimensional contexts in mobile phone
datasets and be able to manage call interruptions according
to such behavioral rules of individuals.

Conclusion
In this paper, we have presented a system architecture that
uses call response behavioral rules of an individual in order
to manage phone call interruptions. We believe that our
approach opens a promising path for future research on
intelligent context-aware software systems utilizing log data.
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