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ABSTRACT
Mobile communication data analysis has been often used
as a background application to motivate many data mining
problems. However, very few data mining researchers have
a chance to see a working data mining system on real mo-
bile communication data. In this demo, we showcase our
new system MobileMiner on a real mobile communication
data set, which presents a case study of business solutions
using state-of-the-art data mining techniques. MobileM-
iner adaptively profiles users’ behavior from their calling
and moving record streams. Customer segmentation and so-
cial community analysis can be conducted based on user pro-
files. We show how data mining techniques can help in mo-
bile communication data analysis. Moreover, we also show
some interesting observations which still cannot be mined by
the current techniques, and thus may motivate new research
and development.
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1. APPLICATION BACKGROUND
Mobile communication data analysis has been often used

as a background application to motivate many technical
problems in data mining research, such as mining frequent
patterns and clusters on data streams, social network anal-
ysis, collaborative filtering and recommendation. However,
very few data mining researchers have a chance to see a
working data mining system on real mobile communication
data. The lack of this experience prevents those researchers
from deeply understanding the business application scenar-
ios in mobile communication as well as the successes and the
limitations of the existing techniques.

We are developing MobileMiner, a data mining tool for
mobile data analysis and business strategy development.
Built on the state-of-the-art data mining techniques, Mo-
bileMiner presents a real case study on how to integrate
data mining techniques into a business solution.

In a large mobile communication company like China Mo-
bile Communication Corporation, there are many analytical
tasks where data mining can help to address the business
interests of the company. Clearly, a system cannot cover
all aspects. MobileMiner starts with customer relation
management, the core component of mobile communication
business. In this demo, we focus on two tasks, mobile user
segmentation and community discovery from user calling
networks.

MobileMiner provides a platform for the analytical
tasks, where user profiles are extracted continuously from
users’ moving and calling records. The profiles are extremely
important and valuable in business. Based on the profile
mining platform, various data mining tasks can be effec-
tively performed using different features of the profiles.

The mobile user segmentation task tries to group cus-
tomers by their frequent moving patterns. The features
used for grouping are obtained by mining users’ moving
records continuously on the profile mining platform. Know-
ing the moving patterns for different customer groups, a ser-
vice provider can dynamically deploy resources to improve
the service quality (e.g., adjusting the angles of antennas
or re-positioning a mobile station). For example, in Beijing
Olympic period, many people are moving from Bird Nest
around 9pm. to Olympic Village around 11pm. It is inter-
esting to find the clusters of customers in terms of service
areas and time.

The community discovery task aims to discover coherent
calling communities. Based on the profile mining platform,



���������	
���� 
������������
� ������ �� � ��	
������ ��
�� ��������
���� ��	
����
�����
�
��� ���	������ ������
��� �� ��
�������	�	 ������ 
������� ������ ���	
����� ����������� ��
������� ������� ������ ���		� ���
��� !��"�����������
��������	 # #��� ��� ������ ���
 ��������� ������ 	
����������� ������ 	
����$$ $$
Figure 1: The architecture of MobileMiner.

a social network can be constructed using calls between cus-
tomers and the calling frequencies. Communities in the so-
cial network capture the connectivity and similarity among
customers. By considering the properties of the communi-
ties, effective market campaign can be designed for targeted
customers. For example, the customers with broad social
connections should be taken care specially.

We emphasize the following points in our demo. First,
we present how we solve the business tasks in mobile com-
munication using novel data mining techniques. Second, we
use MobileMiner on real data to elaborate what can be
done and how the data mining techniques can be integrated
in a business-driven model. Third, we show some examples
of what still cannot be done satisfactorily using the current
data mining techniques, which may motivate future research
and development.

2. TECHNOLOGY AND NOVELTY
Figure 1 shows the architecture of MobileMiner. Cus-

tomer records are collected by the mobile communication
base stations and fed into MobileMiner as data streams,
including customer moving trajectories and calling records.
A base station serves the cell phones in a specific region, and
can detect a mobile customer once she turns on her phone.
Once the records are imported into the system, profile min-
ing is performed to generate user profiles for the upper layer
data mining tasks.

Specifically, in the profile mining part, customers’ moving
profiles or their frequent moving patterns are constructed
based on their moving records continuously. The core of this
task is to mine sequential patterns on data streams, which
is challenging since there can be many customers and the
sliding window can be large. A customer’s moving profile
is formed using the set of closed sequential patterns that
match the customer’s trajectory and the profile is incre-
mentally maintained. We developed a novel algorithm [1]
to mine and incrementally maintain on fast data streams
closed sequential patterns, which are non-redundant repre-
sentation of sequential patterns. An effective data structure
is designed to keep close sequential patterns in memory and
various strategies are proposed to prune search space aggres-
sively. Based on the experiments on both real and synthetic
databases, our algorithm outperforms the best existing al-
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Figure 2: A bicluster in 3D (x, y, time).

gorithms by a large margin. The details of the techniques
can be found in [1].

The mobile user segmentation module clusters customers
according to their profiles. The goal is to partition customers
into groups such that the customers in a group are similar
to each other in moving patterns. Importantly, timestamps
should be considered. Since each point in a customer tra-
jectory is associated with a timestamp, two trajectories are
similar only if they are close to each other in time dimen-
sion. The problem is formulated as clustering trajectories
in both space and time. The spatio-temporal patterns of
clusters are very useful for the company to allocate base sta-
tions effectively for specific customer groups. Some related
work (e.g., [3]) clusters spatio-temporal patterns in bioin-
formatics. Here, we adapt the algorithm in [2] to group 2-
dimensional trajectories in different time stamps. The main
idea is to find biclusters with low mean squared residue
through effectively iterative search. The mean squared
residue captures the variance of the set of trajectories in
a bicluster over time. For example, Figure 2 shows a cluster
discovered by the algorithm, where the grouped 2D location
trajectories of 13 customers are plotted at 19 consecutive
time points.

In mobile communication business, the social relationship
among customers often plays a significant role in market-
ing. For example, losing some customers with broad social
connections may cause customer churning. A social net-
work among customers is constructed. Each customer is
represented by a node in the network. An edge is drawn to
connect two customers if they call each other over a certain
number of times in the current sliding window. A social
community in the network is a set of nodes such that they
are relatively well connected to each other and much less
connected to the other nodes in the network. Some previ-
ous work (e.g., [4]) discovers communities in a network. In
this application, the connection weights on edges in graphs
should be considered. We extend the algorithm in [5] to
discover communities in the weighted graph in two steps.
First, we generate a core set and then expand the core set
with affiliated customers. The core set is a set of customers
whom are frequently called by other customers. The af-
filiated customers are the customers surrounding the core
with different layers. We use the calling frequencies as the
weights in the process of finding core customers and ranking
affiliated customers. To control the granularity of the dis-
covering communities, a merging schema is used to merge
similar communities to get coarser results.



Figure 3: The user interface in the mobile user seg-
mentation module.

3. DEMO SCENARIO
Our demo consists of three parts. First, we showcase how

we integrate the state-of-the-art data mining techniques into
a business framework and building MobileMiner as a busi-
ness solution. Second, we illustrate how the underlying data
mining techniques affect business analysis. Last, we present
some interesting observations found from real data which
unfortunately still cannot be handled by the existing tech-
niques. Such case studies may motivate novel data mining
research and development.

3.1 Techniques Meeting Business Require-
ments

We will demonstrate some common business analysis tasks
in mobile communication companies, including customer
segmentation for mobile service bases deployment, and call-
ing community discovery for marketing campaign design.

For example, the user interface of the mobile user seg-
mentation module (Figure 3) is not a simple list of the users
grouped in each cluster. MobileMiner visualizes the user
groups by showing their moving patterns, each group in a
different color. Moreover, the moving patterns are shown in
temporal order with a local map as the background. With
this information, analysts can make informative decisions
about how to deploy mobile base stations more effectively.

We will also show how calling community discovery tech-
niques help companies to design marketing campaign. The
graph mining results are presented properly in a business
driven way. Based on the discovered knowledge, business
analysts can identify targeted customers in an effective way.

3.2 Sharpening Business Analysis by Tuning
Techniques

Data mining techniques need to be tuned to make business
analysis effective. To understand how well the data mining
techniques in MobileMiner work in practice, we use a real
mobile communication data set to show some interesting
mining results.

To demonstrate the tuning needs, we will show how the
parameters of our sequential pattern mining algorithms may
affect the mining results. For example, Figure 4 shows that
different size of sliding windows result in different modeling
time, and Figure 5 shows the effect of support threshold
value on the number of discovering patterns.

Moreover, it is important that the user interface can help
business analysts to tune the underlying data mining meth-
ods. For example, MobileMiner provides an interface for
analyzing the social communities found from the social net-
work (Figure 6). A business analyst can interact with the
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Figure 4: Effect of Time
Window Size on Mining
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Figure 6: The user interface in the calling commu-
nity discovery module.

social community visualization to tune the parameters of
the social network construction such as the call frequency
threshold and the time window.

3.3 Opportunities for Future Research
Mobile communication is a fast growing industry. We

demonstrate some patterns found yet from real data by hu-
man analysts but cannot be found using the data mining
techniques. For example, a new service of low calling charge
by the company may negatively effect the sales of another
service such as monthly SMS. It is critical to analyze whether
such a new service overall improves the business and thus
whether it should be introduced. Usually, this decision is
based on the experiential analysis on both potential prof-
its and potential customers. This task can be modeled as
a hypothesis mining problem, which is highly demanded in
business but has not been systematically studied in a prac-
tical setting.
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