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Abstract – The number of call centres in South Africa
have increased the past number of years. Large
amounts of data are generated by calls received at the
calls centres. Data mining techniques are not currently
utilised on the call event data. This paper proposes the
application of data mining for useful information
extraction at call centres on call event data.
Furthermore the use of effective visualisation techniques
of the data is proposed in order to make informed
managerial decisions.
Index Terms – call centre data mining, visual data
mining model
I. INTRODUCTION
he South African Call centre industry is fast becoming
one of the world leaders. An independent analyst,
Datamonitor, has predicted an increase from 494 call centres
in South Africa in 2003 to 939 in 2008.[8]
Call centres are classified according to their purpose.
Inbound call centres, call centres with only inbound
calls/traffic, customer generated calls, generally used for
after sales services. Outbound call centres, traffic is
representative generated, e.g. telemarketers, and call centres
that have both incoming and outgoing calls[12].
Merchants, a subsidiary of Dimension Data, is a South
African company that provides call centres to companies
seeking to provide services through a call centre. They
provide complete solutions, the location, hardware and the
agents. Clients include South African cellular company
Vodacom, and America online. Merchants receive
approximately 1.2 million phone calls a month to the
various call centres provided to customers.
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II. DATA MINING OF CALL PATTERNS IN
TELECOMMUNICATIONS

In telecommunications research is conducted on the data
mining of call patterns[10, 11]. Some of the current
applications are fraud detection[7, 6, 1], classification of
residential, industrial, business areas and telemarketing[10].
Data mining for call patterns in telecommunications is
achieved through performing data mining operations on call
event data. Call event data is very course and does not
contain useful information at a customer level. An example
of call event data is [10]:
•
•
•
•

Originating number;
Terminating number;
Date and Time;
And Call Duration.

The originating number is the number that initiates a call,
terminating number is the number that receives a call, date
and time is the date, and time that a call starts. Duration is
the duration of the call.

In order to gain knowledge from this data at a customer
level, it needs to be processed before knowledge acquisition
is attempted. An example of the processed data could be as
follows for a specific time frame P[10]
•
•
•
•
•
•
•

Average call duration for P;
% unanswered calls for P;
% calls originating or terminating in different area
code for P;
% weekday calls for P;
% daytime calls for P;
Average number of received calls per day for P;
And average number of dialled calls per day for P.

This data is derived form the call event data and is ready for
data mining to produce results at a customer level as in
apposed to a call level.
III. DATA MINING IN CALL CENTRES
Data mining is employed in call centres with the goal of
improving Customer Relationship Management (CRM)[9].
Outbound call centres utilise predictive diallers that attempt
to dial a potential customer whilst a representative is not yet
available, attempting to connect them as soon as the
representative is available reducing a telemarketers idle
time[12], [10]. Merchants, currently do not perform data
mining on its call event data. Statistical reports of call
volume versus time is the only knowledge gained from call
data and is used to predict the amounts of agents that will be
required during the day at various times.
IV. DATA MINING OF CALL PATTERNS IN CALL CENTRES
The data captured with regards to the call event in the
Merchants call event databases is stored centrally. A single
table containing all calls made to the various clients call
centres. Currently the data for the past two years, since they
started storing call event data is being stored. There are
potential benefits in data mining at a customer level and at
call event level.
V. VISUALISATION OF DATA MINING
Gaining knowledge from data is a timely and costly exercise
and this has been described as the knowledge acquisition
bottleneck[3]. Visual data mining has proven useful in
aiding with discovering hidden knowledge in large datasets
through data mining.
Two types of visualisation has been described in H. L.
Maria Cristina Ferreira de Oliveira [5] for visual data
mining. Visualisation of the data, this is visualisation of
large data sets, and visualising the data mining results itself.
The second visualisation technique is visualisation of data
mining.
A three orthogonal approach to visualisation of large data
sets has been described in previous literature[4, 1, 2]. The

first aspect is visualisation this can be described as the
physical representation of the data to users. The second is
interaction, this is allows the user to explore the visual
representation in order to gain more insight into the
knowledge in the data. The third is distortion, which is used
to allow the user to focus on certain parts of information,
without losing perspective on the overall data.

Figure 1 – Topological fisheye view
Figure 1 is a topological fisheye view. It illustrates how
certain data can be highlighted without loosing overall
perspective on the data.
Visualisation of data mining refers to the role of visual
feedback of the data mining algorithm itself. Visualisation
can aid in the better understanding of the results of an
algorithm by the stakeholders involved and also provide
insight into how the algorithm works. Understanding data
mining algorithms are of benefit to the end users involved
with the data mining results, and give them more control in
the knowledge discovery process.

Figure 2 – visualisation of clustering of data in a large data
set
Figure 2 (from [5]) shows a visualisation of clusters in a
data set.
VI. CONCLUSION AND FUTURE WORK
Visual Data mining has been deployed and aids in
knowledge discovery in databases. Call centres have large
amounts of data that is currently only used for statistical
purposes. The author proposes that a model and prototype
for visual data mining of call patterns to test the value of
such a system for call centres. Future investigations could
include mining not only on call event data but on a
combination of call event data and representative captured
data that describes the type of problem a phone call was
about. This model would allow managers to make more
informed decisions.
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