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h i g h l i g h t s

• We process 16-week-long CDR data of one million users with fuzzy clustering.
• We find some relations between ARPU level and users behavior patterns.
• We prove that the mobility of users is related to ARPU and communication behavior.
• Results indicate that the top ARPU level users are the most ‘‘lonely’’ ones.
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a b s t r a c t

Understanding the intelligence of human behaviors by mining petabytes of network data represents the
tendency in social behaviors research and shows great significance on Internet application designing and
service expansion.Meanwhile, the runningmobile networks that generate huge data can be the best social
sensor for these studies. This paper investigates a practical case of mobile network aided social sensing
which uncovers some features of users’ behaviors in mobile networks by intelligently processing the big
data. The paper studies the users’ behaviors with regard to communication, movement, and consumption
based on large user data sets. The main contribution of the study is some findings on the relations among
these behavior features. We find that the users’ calling behaviors are different despite their monthly
expenditures being similar, though different consumption level users may have similar communication
behaviors. We also find that statistically users with the higher mobility contribute more ARPU than those
with lowermobility. Additionally, we also find that the top consumption level users are themost ‘‘lonely’’
ones by exploring the movement clustering patterns of users. These findings are significant to instruct
marketing strategies for telecommunication industry.

© 2014 Elsevier B.V. All rights reserved.

1. Introduction

Although technologies have been pushing our world and soci-
ety to a smarter one, humanbehaviors in the society still keep some
inherent features and complexities that are hard to explain. Under-
standing the intelligence of human behaviors in the real world has
great significance in practical application, such as mobile network
deployment, traffic engineering, urban planning and service rec-
ommendation. While studies on human behaviors were not new
in social science, quantitative analyses were not common due to
the lack of source of data. Thanks to the computers and networks
as they can now give plenty of computational ways of collecting
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and analyzing data for social studies, which used to depend on sur-
veys in traditional methodology. Thus in the new era of ‘‘Big Data’’,
never before have researchers had the opportunity to mine such a
wealth of information that promises to provide insights about the
complex behaviors of human societies [1,2]. One goal of these re-
searches is to quantitatively uncover the inherent feature of human
behaviors and track how our behaviors evolve bymining petabytes
of network data.

The studies on human behaviors can be traced since 19th cen-
tury [3]. The discipline covers psychology, sociology, anthropology,
etc., which study different aspects of the nature of human intelli-
gence. However, due to lack of ways of measurement and analy-
sis of large scale of data, the studies mostly focused on individuals
or a certain small group or rough qualitative estimation of social
behaviors. This was kept almost unchanged until the emergence
of modern computing science and network technology. Recent
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advances in computing and network science have driven the stud-
ies on social behaviors to a newly high stage. The universal usage
of computational devices leaves huge amount of data that are
tightly related with human behaviors. Scientists were able to use
computer data, and network data to sense and analyze human be-
haviors in the society. During this period, a lot of theoretical and
practical achievements in social behaviors studies arose. The
prevalence of social network in the Internet and the progress in
complex network research are best examples for this [4,5]. Mean-
while, with the development and widespread of smartphones and
mobile network, they began to show their dominance in sensing
human behaviors over the traditional way of mining Internet so-
cial media. Therefore, in this paper, we investigate a practical case
of mobile network aided social sensing. We study the users’ be-
haviors with regard to communication, movement, and consump-
tion based on mining a large set of mobile user data. The findings
may be significant to instruct marketing strategies for the service
providers to increase their revenues and lead them to success
through Customer Relationship Management (CRM) [6].

When discussing the communication behaviors, movement
behaviors and consumption behaviors of mobile users, we aim at
three questions:
1. Does each ARPU (Average Revenue Per User) level imply similar

communication behavior?
2. Does each ARPU level imply similar mobility level? And what

is the relationship between a user’s consumption capacity and
mobility?

3. Do people with similar mobility patterns have similar commu-
nication behaviors?
We explore the above three issues in this paper. We notify that

the detailed information about humanmobility across a large pop-
ulation can be collected bymobile operators that record the closest
base stationwhen a call is generated. Herein, we use 16-week-long
(from September to December, 2009) calling records of about one
million users in ametropolis in China as our data set to conduct re-
search. Each record includes the serving base station’s ID, the start
and end times of each phone call (outgoing and incoming calls are
distinguished), as well as the monthly billing information of each
user. For preserving the users’ privacy, the record of each phone
call is anonymous.

We apply both the value-based and behavior-based segmenta-
tion methods to investigate the difference between the users who
have different or similar ARPU. That is, we firstly divide the users
based on their ARPU into different groups as preliminary division.
Then, we study their behaviors by using fuzzy c-means (FCM) clus-
tering. The contributions of our paper are:
• Verify that the same ARPU level users have different behav-

ior patterns, while different ARPU level users may have similar
communication behaviors;

• Prove that the users’mobility levels have relationwith their AR-
PUs and communication behaviors. People who make less call-
ing or like making calls at night have less mobility than others;

• Find that the top ARPU level users are the most ‘‘lonely’’ ones,
which imply that they are willing to move alone and do not like
being with others.
The rest of paper is organized as follows. Section 2 briefly re-

views related work. Section 3 introduces a communication behav-
ior indicator and a user segmentation algorithm based on the FCM
that are used to study the questions proposed by us. In Section 4,
we investigate user behavior patterns and extract salient charac-
teristics that indicate the relationships among users’ consumption
capacity, communication time, mobility, and locations. Finally, we
further discuss our results and conclude the paper in Section 5.

2. Related work

Telecommunication industry has been developing rapidly since
early 1990s. With increased market competition and years of

development, the number of mobile users is becoming saturated.
Notably, the proportions of mobile users are even more than 100%
in somemetropolises. This implies that some users subscribemore
than one mobile number. Such a situation forces mobile operators
to turn their efforts from increasing the number of subscribers
to retaining the existing ones. As a result ensuring the quality of
mobile services becomes the most important factor to enhance
competitiveness. Typically, the ISP’s are in search of data that
possess key information about their users and try to distinguish
users and in-depth understand the needs of different user groups.

To know the relationship between customer value and behav-
ior, an appropriatemethod for customer segmentation is critical in
CRM. The customer value, in most instances, only reflects the con-
suming capacity of a user. Segmentation based on it cannot distin-
guish the difference of user behaviors, which, however, contains
useful and valuable information about the characteristics, prefer-
ences and desires of users.

Customer segmentation methods are classified in terms of seg-
mentation dimensions and the purposes of segmentation. Gener-
ally, there are four kinds of customer segmentation methods [7]:
demographics segmentation [8], lifestyle segmentation [9–12],
behavior segmentation [13] and benefit segmentation [14]. De-
mographic segmentation treats geography as an important di-
mension. However, the globalization of markets and the rapid
development of information technology weaken the relevance
between customer and geographic characteristics. Lazer firstly
proposed the method to identify and segment customers based on
their lifestyle [11], which includes: Activity, Interests and Opin-
ion (AIO) [9,10,12]. However, this kind of segmentation is hard
to do since it is generally impossible to get customers’ compre-
hensive lifestyle data in practice. Behavior segmentation classifies
customers by analyzing their behavior patterns [13]. Supported
by information technology, we can handle a large amount of data
to get useful results with this method. But simply using behavior
segmentation cannot disclose customer value or benefit, which is
mostly concerned by the operators. There are many ways to calcu-
late the value of customers. The most popular one is segmenting
users based on ARPU. The famous pyramidal model typically di-
vides the users based on the ARPU into 3 clusters: high, medium,
and low ARPU, respectively. In this paper, we choose user behavior
as an indicator to give an in-depth insight of the relationship be-
tween customer value and behaviors by considering the weakness
and advance of the existing segmentation methods.

CRM is a broadly recognized, widely implemented strategy to
manage and nurture a company’s interactions with its users and
sales. Its overall goal is to find, attract, and win new users, retain
existing ones and entice former users back, and reduce the costs
of marketing and customer services [6]. In order to achieve suc-
cessful customer relationships, data mining (DM) is generally ap-
plied to understand the characteristics and desires of users [15].
The DM is a process of finding hidden patterns, associations, rules
and statistically significant structures in large databases [16]. Clus-
tering is a DM technique with applications in the areas of data
exploration, segmentation, targeted marketing, and cross-selling
[17,16]. With clustering, the CRM aims to segment users into dis-
crete groups that share similar characteristics, such as age, gender,
interests, and consumption habits. However, we notify that DM
methods in the previous work seldom cluster users based on both
their behaviors and ARPU.

Recently, analysis of user behaviors is becoming a popular
approach to understand users. A number of applications rang-
ing from city planning to resource management in mobile com-
munications rely on the understanding of human behaviors. For
example, Lopez-Paris et al. found that pedestrians usually walk
along straight pavements in cities. Based on this, they proposed
an approach to automatically agent navigation in realtime applica-
tions [18]. Eagle and Pentland found that different MIT staff’s mo-
bility patterns are different: higher entropy of junior staff indicates
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