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Abstract
Visual data mining techniques have proven to be of high value in exploratory data analysis and they also have a

high potential for mining large databases. In this article, we describe and evaluate a new visualization-based ap-

proach to mining large databases. The basic idea of our visual data mining techniques is to represent as many data

items as possible on the screen at the same time by mapping each data value to a pixel of the screen and arranging

the pixels adequately. The major goal of this article is to evaluate our visual data mining techniques and to compare

them to other well-known visualization techniques for multidimensional data: the parallel coordinate and stick fig-

ure visualization techniques. For the evaluation of visual data mining techniques, in the first place the perception

of properties of the data counts, and only in the second place the CPU time and the number of secondary storage

accesses are important. In addition to testing the visualization techniques using real data, we developed a testing

environment for database visualizations similar to the benchmark approach used for comparing the performance of

database systems. The testing environment allows the generation of test data sets with predefined data characteristics

which are important for comparing the perceptual abilities of visual data mining techniques.
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1. Introduction

Having the right information at the right time is crucial for making the right decisions. Because of the fast tech-

nological progress, the amount of information which may be of interest for making decisions increases very fast.

One reason for the ever increasing stream of data is the automation of activities in all areas, including business,

engineering, science, and government. Today, even simple transactions, such as paying by credit card or using the

telephone, are typically recorded by using computers. Test series in physics, chemistry, and medicine generate

large amounts of data which are collected automatically via sensors and monitoring systems. Even larger amounts

of data are collected by satellite observation systems which are expected to generate one terabyte of data every

day in the near future. But finding the valuable information hidden in them, is like searching a pin in a haystack.

Very large amounts of data are an important resource, but most of the time it is very hard to find the relevant infor-

mation.

‘Data Mining’ may be defined as the (non-trivial) process of searching and analyzing data in order to find implicit

but potentially useful information [1]. Let D ={d1, ..., dn} be the data set to be analyzed. Then, the data mining process

may be described as the process of finding
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Figure 13: Parallel Coordinate Visualization of the Molecule Surface Data

Figure 14: Examples for Clusters in the Molecule Surface Data
a. b. c.

Figure 15: Steps in Calculating the Visualizations
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Determine the Desired Percentage of Data Items
 with Lowest Overall Distances

Read Data into Main Memory

Calculate Distances: Datatype ➞ Real

Combine Distances: Real n ➞ Real

Normalize Value Ranges: [dmin, dmax] ➞  [0, 255]

Visualize Distances

Normalize Distances: [dmin, dmax] ➞  [0, 255]
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Figure 16: Graphical Representation of Worst, Average, and Best Case for TCut
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Figure 17: Graphical Representation of TCalc

Figure 18: Time Portions Needed for each of the Steps
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