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INTRODUCTION

The current explosion of data and information, mainly
caused by data warehousing technologies as well as the
extensive use of the Internet and its related technologies,
has increased the urgent need for the development of
techniques for intelligent data analysis. Data mining,
which concerns the discovery and extraction of knowl-
edge chunks from large data repositories, is aimed at
addressing this need. Data mining automates the discov-
ery of hidden patterns and relationships that may not
always be obvious. Data mining tools include classifica-
tion techniques (such as decision trees, rule induction
programs and neural networks) (Han & Kamber, 2001),
clustering algorithms and association rule approaches,
amongst others.

Data mining has been fruitfully used in many of do-
mains, including marketing, medicine, finance, engineer-
ing and bioinformatics. There still are, however, a number
of factors that militate against the widespread adoption
and use of this new technology. This is mainly due to the
fact that the results of many data mining techniques are
often difficult to understand. For example, the results of
a data mining effort producing 300 pages of rules will be
difficult to analyze. The visual representation of the
knowledge embedded in such rules will help to heighten
the comprehensibility of the results. The visualization of
the data itself, as well as the data mining process, should
go a long way towards increasing the user’s understand-
ing of and faith in the data mining process. That is, data
and information visualization provide users with the abil-
ity to obtain new insights into the knowledge, as discov-
ered from large repositories.

This paper describes a number of important visual
data mining issues and introduces techniques employed
to improve the understandability of the results of data
mining. Firstly, the visualization of data prior to and
during data mining is addressed. Through data visualiza-
tion the quality of the data can be assessed throughout
the knowledge discovery process, which includes data
preprocessing, data mining and reporting. We also dis-
cuss information visualization, that is, how the knowl-

edge, as discovered by a data mining tool, may be visu-
alized throughout the data mining process. This aspect
includes visualization of the results of data mining as well
as the learning process. In addition, the paper shows how
virtual reality and collaborative virtual environments may
be used to obtain an immersive perspective of the data and
the data mining process.

BACKGROUND

Human beings intuitively search for novel features, pat-
terns, trends, outliers and relationships in data (Han &
Kamber, 2001). Through visualizing the data and the
concept descriptions obtained (e.g., in the form of rules),
a qualitative overview of large and complex data sets can
be obtained. In addition, data and rule visualization can
assist in identifying regions of interest and appropriate
parameters for more focused quantitative analysis
(Grinstein & Ward, 2001). The user can thus get a “rough
feeling” of the quality of the data, in terms of its correct-
ness, adequacy, completeness, relevance, and etcetera.
The use of data and rule visualization thus greatly ex-
pands the range of models that can be understood by the
user, thereby easing the so-called “accuracy versus un-
derstandability” tradeoff (Thearling et al., 2001).

Data mining techniques construct a model of the data
through repetitive calculation to find statistically signifi-
cant relationships within the data. However, the human
visual perception system can detect patterns within the
data that are unknown to a data mining tool. This combi-
nation of the various strengths of the human visual
system and data mining tools may subsequently lead to
the discovery of novel insights and the improvement of
the human’s perspective of the problem at hand.  Visual
data mining harnesses the power of the human vision
system, making it an effective tool to comprehend data
distribution, patterns, clusters and outliers in data (Han
& Kamber, 2001).

Visual data mining is currently an active area of re-
search. Examples of related commercial data mining pack-
ages include the DBMiner data mining system, See5
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which forms part of the RuleQuest suite of data mining
tools, Clementine developed by Integral Solutions Ltd
(ISL), Enterprise Miner developed by SAS Institute,
Intelligent Miner produced by IBM, and various other
tools (Han & Kamber, 2001). Neural network tools such as
NeuroSolutions and SNNS and Bayesian network tools
including Hugin, TETRAD, and Bayesware Discoverer,
also incorporate extensive visualization facilities. Examples
of related research projects and visualization approaches
include MLC++, WEKA, AlgorithmMatrix and C4.5/See5,
amongst others (Han & Kamber, 2001; Fayyad et al., 2001).

Visual data mining integrates data visualization and
data mining and is closely related to computer graphics,
multimedia systems, human computer interfaces, pattern
recognition and high performance computing.

MAIN THRUST

Data and information visualization will be further explored
in terms of their benefits for data mining.

Data Visualization

Data visualization provides a powerful mechanism to aid
the user during both data preprocessing and the actual
data mining (Foong, 2001). Through the visualization of
the original data, the user can browse to get a “feel” for
the properties of that data. For example, large samples can

be visualized and analyzed (Grinstein & Ward, 2001). In
particular, visualization may be used for outlier detection,
which highlights surprises in the data, that is, data in-
stances that do not comply with the general behavior or
model of the data (Han & Kamber, 2001; Pyle, 1999). In
addition, the user is aided in selecting the appropriate
data through a visual interface. Data transformation is an
important data preprocessing step. During data transfor-
mation, visualizing the data can help the user to ensure the
correctness of the transformation. That is, the user may
determine whether the two views (original vs. trans-
formed) of the data are equivalent. Visualization may also
be used to assist users when integrating data sources,
assisting them to see relationships within the different
formats.

Data visualization techniques are classified in respect
of three aspects (Grinstein & Ward, 2001). Firstly, their
focus, that is, symbolic versus geometric; secondly their
stimulus (2-D vs. 3-D); and lastly, their display (static or
dynamic) (Fayyad et al., 2001). In addition, data in a data
repository can be viewed as different levels of granularity
or abstraction, or as different combinations of attributes
or dimensions. The data can be presented in various
visual formats, including box plots, scatter plots, 3-D
cubes, data distribution charts, curves, volume visualiza-
tion, surfaces or link graphs, amongst others (Grinstein &
Ward, 2001).

Scatter plots refer to the visualization of data items
according to two axes, namely X and Y values. According

 

Figure 1. The Vizimine data and information tool (Viktor et al., 2003)
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