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Foreword 
John W. Tukey, who made unparalleled contributions to statistics and to science in 
general, during his long career at Bell Labs and Princeton University, emphasized that 
seeing may be believing or disbelieving, but above all, data analysis involves visual, as 
well as statistical, understanding. Perhaps the most famous and certainly one of the oldest 
visual explanations in mathematics is the visual proof of the Pythagorean theorem. This 
proof is unusual in its brevity and its complete appropriateness to the problem. Pictures 
and diagrams are also used in non-geometrical parts of mathematics, mostly for 
psychological reasons: harnessing our ability to reason “visually” with the elements of a 
diagram in order to assist our more purely logical or analytical thought processes. Thus, 
visual reasoning approach to the area of data mining and machine learning promises to 
overcome some of the difficulties experienced in the comprehension of the information 
encoded in data sets and the models derived by other quantitative data mining methods. 

Visual data mining is an emerging area in explorative and intelligent data analysis 
and mining which is based on the integration of concepts from computer graphics, 
visualisation metaphors and methods, information and scientific data visualisation, visual 
perception, cognitive psychology, diagrammatic reasoning, 3D virtual reality systems and 
recently, from affective computing and collaborative virtual environments. Visual data 
mining is a collection of interactive reflective methods that support exploration of data 
sets by dynamically adjusting parameters to see how they affect the information being 
presented. It offers the machine learning and data mining community powerful means of 
analysis that can assist in uncovering patterns and trends that are likely to be missed with 
other non-visual methods. Data mining projects are often performed using other non-
visual paradigms, such as quantitative statistical methods, rule induction, unsupervised 
neural network modeling, combined sometimes with genetic programming methods. 
However, many of these approaches require that the data is analysed in a hypothesis 
testing mode in which one have a priori notions about what the important results will be 
before the analysis actually begins. Results obtained with these methods tend to describe 
overall group trends, generalised differences, as well as broad categorizations. Although 
clearly useful for many purposes, global trends are not the most interesting or actionable 
outcomes in many cases. Visualisation methods allow to discover overall trends in a data 
set while also affording an opportunity to discover smaller hidden patterns that can often 
be just as important within an application. Visualising the correlations and associations 
among data objects can quickly reveal patterns and trends implicit in the data, thus 
increasing the chances of making discoveries out of the information encoded in the data 
set. 

Since visual analysis is such a different technique, it is an extremely significant 
topic for the growing area of data mining and knowledge discovery research and 
development. When data mining routinely uses data visualisation to help manage diverse, 
intricate, and complex data sets, the emphasis of machine learning research has been on 
symbolic methods (whether analytical or quantitative numerical). Visualisation has 
proven to be reliable, easy to learn, and extremely cost effective. Additionally, 
visualistion provides a natural method for integrating multiple data sets and has been used 
across a number of disciplines including commercial research, forensic accounting, and 
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throughout the investigative community. Visual data mining expands this research with 
developing systematic methodologies for visual reasoning and discovery. Visual data 
mining techniques offer the luxury of being able to make observations without 
preconception. During the visual analysis one can discover patterns of interest, based on 
boundary violations, frequency of occurrence and all sorts of data interdependencies. The 
intimate involvement of the human in the twists and turns of the analysis leads to deeper 
understanding of the data set – sometimes much deeper, than the one that can be achieved 
with non-visual methods, like neural network training. A major problem in the 
development of visual data mining methods is that in absolute sense there is no one type 
of visualisation model that is better than another. The visualisation method of choice will 
usually be determined by such factors as appropriateness for the application domain, 
scope of the data sets, how data is mapped onto visualisation schemata, how the 
visualisation schemata utilises cognitive “strengths” of human information processing 
and how it overcomes its cognitive limitations.  

The co-occurrence of PKDD and ECML offers unique and perhaps the best 
opportunity for discussing the latest developments in visual data mining and how 
machine learning and knowledge discovery methodologies can benefit from it and build 
on it. The main goal of this international workshop (dated after the Visual Data Mining 
workshop at 2001 KDD Conference in San Francisco) is to provide a forum for 
presentation and discussion of the newest both mature and greenhouse ideas, research and 
developments in visual data mining and supporting disciplines, and to identify the short- 
and long-term research directions in the field and preferences of the potential end users. 
This volume contains the papers selected for presentation at the workshop. The papers are 
of particular interest to the broad community of researchers in cognitive technologies in 
computing. They are grouped in the following streams: 

• Methodologies for Visual Data Mining 

• Applications of Visual Data Mining  

• Support for Visual Data Mining 
We would like to thank all those, who supported our efforts on all stages - from 

the development and submission of the workshop proposal to ECML/PKDD Selection 
Committee through to the preparation of the final program and proceedings. Each paper 
was reviewed by two referees drawn from the international program committee. The 
papers have been reviewed under tight time constraints. Special thanks and 
acknowledgements go to them for the final quality of selected papers depends on their 
efforts. 
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Monique Noirhomme-Fraiture 
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Using Nested Surfaces to Detect Structures in Databases

Art�uras Mažeika1;2 Michael Böhlen1 Peer Mylov2

arturas@cs.auc.dk boehlen@cs.auc.dk mylov@hum.auc.dk

1Department of Computer Science, Aalborg University, Fredrik Bajers Vej 7E, 9220 Aalborg, Denmark
2Institute of Communication, Aalborg University, Niels Jernes Vej 14, 9220 Aalborg, Denmark

Abstract. We define, compute, and evaluate nested surfaces for the purpose of
visual data mining. Nested surfaces enclose the data at various density levels, and
make it possible to equalize the more and less pronounced structures in the data.
This facilitates the detection of multiple structures, which is important for data
mining where the less obvious relationships are often the most interesting ones.
The experimental results illustrate that surfaces are fairly robust with respect to
the number of observations, easy to perceive, and intuitive to interpret. We give
a topology-based definition of nested surfaces and establish a relationship to the
density of the data. Several algorithms are given that compute surface grids and
surface contours, respectively.

1 Introduction

Visual data mining exploits the human perceptual faculties to detect interesting relation-
ships in the data. To support the detection of relationships it is important to visualize
data in a form that is easy understandable to humans. It is common to use scatter plots
for this purpose [3]. Employing scatter plots is intuitive as each observation is faithfully
displayed. Scatter plots have successfully been used for detecting relationships in two
dimensions. For higher dimensions scatter plots are combined with grand tour methods.
A grand tour displays a smooth rotation of two dimensional projections that eventually
covers the entire high dimensional search space.

Scatter plots hit limitations if the dataset is big, noisy, or if it contains multiple struc-
tures. With lots of data the amount of displayed objects makes it difficult to detect any
structure at all. Noise easily blurs the picture and can make it impossible to find inter-
esting relationships. Finally, with multiple structures it often happens that one structure
is more pronounced than another. In this situation the less pronounced structures easily
get lost. For the purpose of data mining this is particularly bad as it is usually the less
obvious relationships that are the most interesting ones. Surfaces equalize the more and
less pronounced structures and thus support the detection of less obvious relationships.

In this paper we explore the potential of nested surfaces to analyze data sets. Nested
surfaces enclose the data at varying densities. Humans are used to perceive surface
information and to abstract surfaces from individual observations. This greatly sim-
plifies the interpretation of the data. Nested surfaces do not suffer if the amount of
data is big, and the nesting supports the detection of multiple structures. We provide a
topology-based definition of surfaces and prove that the boundary @C � = @f(x; y; z) :
f(x; y; z) � �g is a surface if the density function f has a continuous derivative. This
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provides the basis for an algorithm that computes nested level surfaces. Given a density
estimation, which has continuos derivative, and a density level � we give algorithms
that compute surface grids and surface contours, respectively. The described methods
have been implemented and integrated into the 3D Visual Data Mining (3DVDM) Sys-
tem. The 3DVDM System is used for explorative data analyses in a 6-sided Cave,
a 180Æ Panorama, and on regular computer monitors. It can be downloaded from
http://www.cs.auc.dk/3DVDM and runs on SGI and PC/Linux computers.

The nested surface method works well with continuous datasets that contain mul-
tiple structures. We expect that the method will also work fine for categorical data. In
this case, the ordering of dimensions and other parameters may be significant and can
yield different visual results.

Usually, high number of observations overloads scatter plots. In contrast, nested
surfaces produce nice results. The visualization is not affected by a high number of
observations and it is continuously improving as the number of observations increases.

The computation of nested surfaces for the purpose of data mining has only received
scant attention. Mostly surfaces have been investigated in connection with advanced
visualization techniques, such as rendering, lighting, transparency, or stereoscopy [5, 8,
9, 13]. These approaches focus on methods and data structures related to visualization
aspects. Our goal is the computation of the defining structure of surface that emphasize
the structure of the data.

The paper proceeds as follows. We motivate our method in Section 2. Section 3
provides background material about probability density functions (PDFs), kernel esti-
mations, clustering, and outliers. Section 4 defines surfaces. Section 5 gives algorithms
for computing PDF estimates, level grid surfaces, and level contour surfaces. The algo-
rithms are evaluated in Section 6. Section 7 discusses experimental results. Section 8
summarizes the paper and points to future work.

2 Motivation

Scatter plots are used to find structures in data. These structures are usually described
as an accumulation of points. Scatter plots are good in getting a first impression of
the data set, but they have a number of disadvantages. It is hard to understand very
dense regions since data points hide each other. On the other hand it is also difficult to
investigate sparse regions since data points in sparse areas are easily perceived as noise.

To illustrate our method we use the Spiral–Line data set presented in Figure 1(a).
The data set consist of a vertical line in the middle (4’000 points), a spiral curve around
the line (4’000 points) and uniformly distributed noise (2’000 points). The data points
around the spiral curve form the most dense and notable region. Since the data points
around the vertical line have a higher spreadness it is easy to treat it is as noise and not
pay attention to it.

Figures 1(b) to 1(d) present the surfaces for different density levels �. Figure 1(b)
shows the surface for the lowest density level. This Figure can be used for the detection
of outliers. Figures 1(c) and 1(d) show surfaces for higher density levels. Together with
Figure 1(b) they emphasize the structure of the data set. Note that the surfaces in Fig-
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(a) Dataset (b) Surface for
� = 1=10m

(c) Surface for
� = 5=10m

(d) Surface for
� = 9=10m

Fig. 1: Spiral–Line DB and Associated Surfaces. m denotes the maximum density in DB

ure 1(c) clearly identify the vertical line and the spiral (the quality is much better on the
monitor, see also Figures 5 and 6).

In contrast to scatter plot visualizations, surfaces do not deteroriate if the amount
of observation increases. Nested surfaces are often easier to interpret than the raw data.
Moreover multiple nested surfaces at different density levels facilitate the analysis of the
data at different levels of detail. This gives the ability to explore the internal structure
of data regions.

3 Preliminaries

3.1 Probability Density Function

Throughout, we assume that the data has been normalized to the three-dimensional unit
cube, i.e., each coordinate falls into the [0,1] interval.

Definition 1. (Probability density function) Let X be a 3 dimensional random vector
with distribution function F . A 3-dimensional real value function f with

F (x; y; z) =

Z x

1

Z y

1

Z z

1

f(t; s; q) dt ds dq

is a probability density function (PDF).

Figure 2(a) shows a dataset with two clusters: A and B. The corresponding PDF is
shown in Figure 2(b). The PDF shows the density of the dataset. Since the density of
region A is lower than the density of region B the PDF value for region B is higher
than for region A. The PDF also shows that region A is more spread than region B.

In general, we have to estimate the PDF because we are dealing with random
datasets for which the true PDF is unknown. Different PDF estimates were proposed
in the literature, with the kernel method being one of the most general ones [4, 2, 12,
11, 6]. The essence of the kernel method is that each observation increases the chances
of having another observation nearby. Therefore, we draw a symmetric kernel with an
area equal to 1 around each observation. Adding all kernels (cf. Figure 2(c)) yields an
estimate for the PDF. To control the influence of one observation on the overall esti-
mation a smoothing parameter h is introduced. The kernel estimate [10] for a a set of
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(a) Dataset D (b) PDF for DatasetD (c) Kernel Addition

Fig. 2: Dataset and Corresponding PDF

observations, (Xi; Yi; Zi); i = 1; : : : ; n, at point (x; y; z) is defined as follows:

f̂K(x; y; z) =
1

nh3

nX
k=1

K
�x�Xi

h
;
y � Yi
h

;
z � Zi

h

�
; (1)

where K is a function (kernel) with K � 0,
R
K = 1, and K(x) = K(�x).

Various kernelsK have been proposed in the statistical literature. Examples include
square wave or Gaussian functions. It has been shown [12] that the accuracy of the
estimation depends mostly on the smoothing parameter h and less on the choice of the
kernel K. Parzen [2] showed that the smoothing parameter

h = hopt = c(K;�1; �2; �3)=n
�1=7 (2)

minimizes the mean integrated square error (MISE):

MISE = E

ZZZ
(f̂(x; y; z)� f(x; y; z))2 dx dy dz: (3)

c is constant for a given dataset and depends on the variance (� 2
1 ; �

2
2 ; �

2
3) of the random

vector (X1; X2; X3) and the kernel function K.
We assume that the estimation is implemented as a three dimensional data cube with

g cells for each dimension. The choice of appropriate values for the size of the data set
sample, n, and the number of grid lines, g, is described in detail in [1].

3.2 Clusters and Outliers

Density functions are also used to define clusters and outliers. Clusters and outliers are
important characteristics of a dataset, and they are often used for data analysis. In the
next section we will establish a relationship between clusters and surfaces. Let D be a
set of 3 dimensional points, and let (x;x�] = fxt+x�(1� t); t 2 (0; 1]g be an interval
in the three-dimensional space.
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Definition 2. (Cluster) A cluster for a set of local maxima M of the density function f
and threshold � is the subset

C = fx 2 D j 8x� 2M ^ 8y 2 (x;x�] : f(y) � �g:

Definition 3. (Outliers) The points O � D are outliers iff for all local maxima x� of
the density function f

O = fx 2 D j 8y 2 (x;x�] : f(y) < �g:

Thus, a cluster is a set that contains PDF center (maxima) points together with all
surrounding points that “exceed noise level �”.

4 Surface Definition

We use a topological approach to define a surface. Intuitively, a surface is a set of points
iff the neighbourhood of any point is similar to a two–dimensional open disk. To define
the resemblance with an open disk we use a homeomorphic (one-to-one, continuous
inverse) function.

Definition 4. (Elementary surface) Let f be a function that maps an open disc D 2 to a
set of points S. S is an elementary surface iff f is homeomorphic.

Definition 5. (Surface) A surface is a connected set of points iff the neighbourhood of
any point of the surface is an elementary surface.

Next, we establish a relationship between the border of a cluster and a surface. A
border is a set of points: @C = [C]nCÆ where [C] contains the limit points of C andC Æ

contains the inner points ofC. We show that @C is a surface by giving a parametrisation
function that maps a disk D2 into @C.

Theorem 1. (Implicit function theorem) Suppose f : Rn�Rm ! Rm is differentiable
in an open set around (u; v) and f(u; v) = 0. Let M be the m�m matrix given by

M =
�@fi(u)
@xn+j

�
1 � i; j � m:

If det M 6= 0 then there is an open set U � Rn that contains u and an open set
V that contains v; such that for each r 2 U there exists s 2 V and f(r; s) = 0. If we
define g : U ! V as g(r) = s, then g is differentiable.

The implicit function theorem is a classical result and ensures the existence of a
cluster boundary parametrisation. A proof can be found for example in [7].

Lemma 1. Let f be a probability density function which has continuous derivative
(f 2 C1), and C be a cluster for a set of maxima M and level noise �. Let grad
f(x) 6= 0; x 2 @C. Then @C is a surface.

Proof. Notice that @C = fx 2 D : f(x) = �g. Let (a; b; c) 2 @C: Since gradf 6= 0
there is at least one coordinate xi such that @f=@xi 6= 0 at point (a; b; c). Then the
implicit function theorem with m = 1 and v = xi proofs the lemma.
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5 Algorithms

This section gives algorithms to compute nested surfaces: Surface GridPoints
and Surface GridLines. Starting from the raw data, the first step is the estimation
of the PDF. We scan the (sample of the) data set twice to estimate the PDF. The first
scan is used to calculate the estimation parameters (cf. Equation (2)). The second scan
is used to compute the actual PDF estimation. We use the Epanechninikov kernel [2],
which is equal to 0 outside the area t21 + t22 + t23 � 1. Thus, only observations that
fall into the area f(t1; t2; t3) : (t1 � x)2 + (t2 � y)2 + (t3 � z)2 � h2g influence the
estimated PDF value at point (x; y; z).

Algorithm: PDF_Estimation

Input:
Database with n observations: (X[i]; Y [i]; Z[i]); i = 1; : : : ; n
Number of grid points in each dimension: g

Output:
Data cube with PDF values on grid points: PDF

Body:
1. Initialize PDF
2. Calculate estimation parameters according to Equation (2)
3. FOR i = 1 TO n DO

3.1. Determine the set of PDF points Ag that are
influenced by the data point (X[i]; Y [i]; Z[i])

3.2. FOR EACH (k; l;m) 2 Ag DO

PDF [k; l;m] = PDF [k; l;m] +K( k�Xi

h
; l�Yi

h
; m�Zi

h
)

The Surface GridPoints algorithm calculates the border B = @f(x; y; z) :
f(x; y; z) � �g. The basic idea of the algorithm is to scan the PDF and compare each
value against its neighbours: if the value is greater than � and there exists a point in the
neighborhood that is less than � then the value is added to B.

Algorithm: Surface_GridPoints

Input:
Number of grid lines per dimension: g
Data cube with PDF grid point values: PDF
Density level: �

Output:
Surface grid: B

Body:
1. FUNCTION IsBorderPoint(PDF,i,j,k)
2. RETURN (PDF [i; j; k] � �) AND (PDF [i0; j0; k0] < �)

for some (i0; j0; k0) 2 (i+ h1; j + h2; k + h3)
where h1; h2; h3 = �1; 0; 1; jh1j+ jh2j+ jh3j = 1

3. END FUNCTION
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4. B = ;
5. FOR i; j; k = 1 TO g DO

5.1 IF IsBorderPoint(PDF; i; j; k) THEN B = B [ PDF [i; j; k]

The Surface GridLines algorithm extends the Surface GridPoints al-
gorithm. The main idea of the algorithm is to draw contour curves on the surface. These
curves, in turn, are calculated by intersecting a surface with cutting planes parallel to
the XY , ZY , and ZX planes (cf. Figure 3).

(a) Surface (b) Intersecting planes (c) Vertical Grid-
Lines-Surface

Fig. 3: Grid-Line-Surface

The idea of plane curve’s calculation is presented in Figure 3. We scan the PDF
values with a condition i = i0 for ZY planes, j = j0 for ZX planes, and k = k0 for
XY planes.

Figure 4(a) shows a cutting plane. Border points are shown as filled circles, inner
cluster points as plus signs, and outer cluster points are not shown in the picture. The
algorithm connects the border points to form a polygon curve.

(a) Connecting border
points

(b) Drawing di-
rections

(c) Plane Curve
method’s output. Not
valid directions are
drawn in grey

Fig. 4: Curve computation in intercepting plane

For each PDF border point we are looking for PDF border points in the directions
presented in Figure 4(b). Note, that we scan PDF from left to right, from bottom to top.
Therefore, there is no need to draw lines to the bottom and to the left.
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We make vertical and horizontal connections between border points. For diagonal
we make additional checks. We do not draw diagonal line if there are two lines in its
neighborhood (cf. Figure 4(c)). With this we avoid squares with crossing diagonals
inside. The Individual steps of the ZY plain curve calculation are presented in the
ZY Plane Curve algorithm.

Algorithm: ZY_Plane_Curve

Input:
ZY plane number: i0
Data cube with PDF grid point values: PDF

Output:
polygonal contour line on ZY plane at level i0: C = CZY

i0

Body:
1. C = ;, i = i0
2. FOR j; k = 1 TO g DO

2.1 IF IsBorderPoint(PDF,i,j,k) THEN
IF IsBorderPoint(PDF,i,j+1,k) THEN
C = C [ line(i; j; k; i; j + 1; k)

IF IsBorderPoint(PDF,i,j,k+1) THEN
C = C [ line(i; j; k; i; j; k + 1)

IF IsBorderPoint(PDF,i,j-1,k+1) AND
:IsBorderPoint(PDF,i,j-1,k) AND
:IsBorderPoint(PDF,i,j,k+1) THEN
C = C [ line(i; j; k; i; j � 1; k + 1)

IF IsBorderPoint(PDF,i,j+1,k+1) AND
:IsBorderPoint(PDF,i,j+1,k) AND
:IsBorderPoint(PDF,i,j,k+1) THEN
C = C [ line(i; j; k; i; j � 1; k + 1)

Algorithm: Surface GridLines

Input:
Data cube with PDF grid point values: PDF

Output:
Contour lines on the surface: C

Body:
1. C = ;
2. FOR i = 1 TO g DO C = C [ ZY_PlaneCurve(PDF; i)
3. FOR j = 1 TO g DO C = C [ ZX_PlaneCurve(PDF; j)
4. FOR k = 1 TO g DO C = C [ XY_PlaneCurve(PDF;k)

Note, that in order to include a 3D picture into the paper we have to project it into
2D. We use the Surface GridPointsmethod to illustrate surfaces on a 2D devices
while we use the Surface GridLines method to illustrate surfaces in immersive
3D environments.
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6 Evaluation

This section evaluates the quality of the algorithms numerically and visually. The ex-
periments were calculated on the Pentium III 1GHz PC computer with 512MB of main
memory running GNU/Linux OS with the gcc compiler.

6.1 Quality of the Surfaces

First, we evaluate the surface quality with respect to the number of grid lines. We use the
three-dimensional scatter plot in Figure 1(a) and a single level surface for � = 1=10m.
In order to get a fair visual comparison of the influence of g on the quality of the surface
we let the size of tetrahedra depend on g. It is chosen so that the tetrahedras visually
are always near each other. Figures 5(a) and 5(b) show that g = 10 and g = 20 are not
enough for a nice surface. There are too few tetrahedras at the ends of the spiral curve.
As g reaches 30 the picture becomes detailed enough.

(a) g = 10 (b) g = 20 (c) g = 30 (d) g = 50

Fig. 5: Cluster Surface for � = 1=10m for Varying Values of g

To quantitatively measure the quality of the surfaces we use Equation (4). It quanti-
fies the average error we make at any point (i; j).

AES =
1

g2maxx;y;z f̂g(x; y; z)

gX
i;j=1

jŝg(i; j)� s(i; j)j; (4)

s is the parametrisation function that maps the open unit disk to @C� = @f(x; y; z) :
f(x; y; z) � �g. Since s is usually unknown we replace it with ŝ�g with a large value
for �g:

EAES =
1

g2maxx;y;z f̂g(x; y; z)

gX
i;j=1

jŝg(i; j)� s�g(i; j)j; (5)

Table 1 gives the numbers for EAES with �g = 100. The result shows that the error
is very low. It is below 1% if the number of grid lines is greater than 30.
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� g = 10 g = 30 g = 50

1/10m 0.0289 0.0083 0.0045
5/10m 0.0249 0.0071 0.0038
9/10m 0.0069 0.0011 0.0005

Table 1: The EAES Error for Different Number of Grid Lines

Figure 6 presents the the impact of the size of the database sample on the surface
quality. The figures show that n = 100000 is sufficient for a nice surface. Note that
Figure 6(b) is shown from a different prospective. This perspective emphasizes the un-
evenness of the vertical line.

(a) n = 10000 (b) n = 50000 (c) n = 100000 (d) n =
1000000

Fig. 6: Cluster Surface for � = 1=10m and Varying Values of n

6.2 Space and Time Complexities

With the number of dimensions fixed at three the number of grid lines g and the number
of observations n has the biggest impact on the computation time. We use the dataset
from Figure 1(a) to measure the time to compute the surfaces.

Table 2 shows the times in seconds to calculate the surfaces from the raw data. A
detailed analysis of the runtime reveals that the vast amount of the time is spent for the
PDF estimation. Less than 1 second is needed to calculate a surface. Thus, to improve
the performance it is possible to pre-compute and store PDFs. Table 3 shows that the
size of the PDF is small and not usually relevant when compared to the size of the
original database.
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n g = 10 g = 30 g = 50

1’000 <1 2 9
5’000 <1 6 24

10’000 <1 8 34
100’000 3 37 130

1’000’000 24 164 547

Table 2: Computation Time for Different Number of Grid Lines and Data Points

g 10 30 50 100

Size 4 108 500 4’000

Table 3: Size of PDF in KB

7 Experiments

This section illustrates our methods on an artificial data set (cf. Figure 7(a)). We show
nested surface grids and offer an interpretation. Note that the visual information in the
printed images is somewhat limited as three dimensions have to be projected into two.
Also nested surfaces have to be shown in figures side-by-side. The reader may download
and install the 3DVDM system to experiment with the surfaces.

The data set contains three data structures: 1) points, which are spread around ran-
domly generated polygonal line, 2) a 3D structure defined in terms of a simulated ran-
dom variable: (uniform(0,1), uniform(0,1), and 3) uniform noise in the data set.

(a) Dataset (b) � = 1=10m (c) � = 3=10m (d) � = 5=10m

Fig. 7: Artificial Dataset

It is hard to understand the structure from the scatter plot (cf. Figure 7(a)). The
nested surfaces in Figures 7(b) to 7(d) emphasize and clarify the structure.
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8 Summary and Future Work

In this paper we defined and evaluated nested surfaces for the purpose of visual data
mining. Since humans perceive surfaces much easier that individual observations. This
approach to mining data gives an ability to investigate the structure of the data data more
easily than the scatter plot of the data itself. In addition, surfaces clarify very dense and
sparse (and the combination of both) regions of the data set. That gives an ability to
detect arbitrary shaped structures in a data set.

The surface calculation is based on an estimated PDF which makes our method
independent of the data. The PDF estimation is implemented as a three-dimensional
cube. We presented empirical results that show that the space and time complexity is
reasonable. It is possible to compute surfaces on the fly during data explorations. Real
time interaction can be achieved by precomputing and storing small density estimates.

In the future we will refine our methods to find curves and 2-D structures in a data
set. It would also be interesting to experiment with the display of visually advanced
surfaces that use transparency, light and shading.
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�+��� � Ù�Ë2/�No3 Ï�/«Å�Ó%<�0ÝÅ?Õ!�^/YÌkKi3�NjÊQÅ�K4/�0UK43�<�@ @ Æ�3 HiÊQÅ?1oK+<�0UKjK4ÅÚÌ�Å?0;No3�Iv/�1fNo3 0;Ì�/�<Ð@�<�14>?/
Å?Õ!�^/YÌkK�N^K+<�0;I2N«Å?FvK7ÓÔ14Å?H <�ÊQÅ?Ê2F2@�<tK43 Å?0íÅ�Ó�NoHf<�@ @ /�1«Å?02/YN�A�<�0;Ià>?14Å?F2Ê23 02>UN
Å�Ó�I2<tK+<
ÊQÅ?3 0UK+N�ÜÔ3 0àÇzÈdÄxÞ Ø Ë23�Ì+Ë(ÅvÌ�Ì�F2ÊGÆ¬@ /YN4Ni<�14/Y<Ð3�NjÊQ/�1+Ì�/�3 Í?/YI(<?N�ð;>?F214/ Ø Ë2/�14/Y<?Nj14/�>?3 Å?0;N
Ø 3 K4ËÐÕ23 >?>?/�1x<�14/Y<f3�N%ÊQ/�1+Ì�/�3 Í?/YI®<?N=>?14Å?F20;I�8;ìd0®K41+<?Iv3 K43 Å?0;<�@�Iv3�NoÊ2@�<zÆvN�AQÅ?Õ!�^/YÌkK+N%NoË2Å?F2@�I
Ë;<zÍ?/«02Å­HiÅ?14/«K4Ë;<�0(K4Ë214/�/�Iv3 
-/�14/�0UK7No3 Ï�/YNj3 0ÝÅ?1+Iv/�1jK4ÅÚÕQ/�/��
Ì�3 /�0UK4@ Æ�/�0;Ì�ÅvIv/YI�8�ìd0
Ã%6¡Ì�Å?@ Å?14/YI7Å?Õ!�^/YÌkK+NMNoË2Å?F2@�I«02Å�K=ÕQ/xK4ÅGÅ
NoHf<�@ @BA2/?8 >;823 Ó�K4Ë2/�Ì�Å?@ Å?1oÈdIv3 
-/�14/�0;Ì�/%3�NM3 0�K4Ë2/
Æ?/�@ @ Å Ø È Õ2@ F2/9Iv3 14/YÌkK43 Å?0«K4Ë2/�NoHf<�@ @ /YN^K=No3 Ï�/�NoË2Å?F2@�I«ÕQ/�@�<�14>?/�1bK4Ë;<�0�Ë;<�@ Ó�<i>?1+<?Iv/xÅ�Ó�K4Ë2/
ÍG3�NoF;<�@�<�02>?@ /?8
ìd0iK4Ë2/xÎ?ÄMÃ%Ä%L NoÆvN^K4/�H Ø /=Ë;<zÍ?/*NoÅ9Ó�<�1�ÓÔÅ?F20;If3 KbF;No/�ÓÔF2@;K4Å�Ë;<zÍ?/*étÓÔ14Å?Ï�/�0;éxÅ?Õ!�^/YÌkK

No3 Ï�/�K4Å%ÕQ/MÌ�Å?0;N^K+<�0UK�ÕGÆ�NoÅ?Hi/bÊ;<�1+<�Hi/�K4/�1�ÜÔ/?8 >;8zÍ?Å?@ F2Hi/zÞk8tÙ�Ë23�N�14/YNo/�14Í?/YNÖNo3 Ï�/�ÓÔÅ?1�F;No/bÕGÆ
K4Ë2/%Å?Õ;No/�14Í?/�1�ÓÔÅ?1MIv/�ÊvK4Ë7ÊQ/�1+Ì�/�ÊvK43 Å?0�8Gâ*H�Õ23 >?F23 K43 /YNb14/�>U<�1+Iv3 02>�N^K+<tK43�N^K43�Ì�<�@Q3 0vÓÔÅ?14Hf<tK43 Å?0
<�0;I«Iv3�N^K+<�0;Ì�/xK4ÅiÅ?Õ!�^/YÌkK=NoË2Å?F2@�I
K4ËGF;NMÕQ/�<zÍ?Å?3�Iv/YI�8

� '%����� á ÆGHiHi/�K4143�ÌxNoË;<�ÊQ/YNM<�14/%Å�ÓßK4/�0«K4Ë2Å?F2>?ËUK�K4ÅiÕQ/9/�0;Ì�ÅvIv/YI«<�0;I7Ê214ÅvÌ�/YN4No/YI
HiÅ?14/
/��
Ì�3 /�0UK4@ Æ­K4Ë;<�0(02Å?0vÈdNoÆGHiHi/�K4143�Ì
NoË;<�ÊQ/YN«å ��ç 8�Ù�Ë2/«Ì�Å?0UK4Å?F21�Å�Ó*K4Ë2/«NoË;<�ÊQ/«Ì�<�0�Ë;<zÍ?/
ÊQÅ?ÊvÈ F2Ê�×UF;<�@ 3 K43 /YN*No3 0;Ì�/%K4Ë2/�@ /�02>�K4Ë«È�<�0;I Ø 3�IGK4Ë«È�Å�Ó�<j@ 3 02/�<�0;I«Ì�F214Ít<tK4F214/9<�14/xÊQÅ?ÊvÈ
F2Ê«Ê2Ë2/�02Å?Hi/�0;<28 �2F21oK4Ë2/�14HiÅ?14/?AvNoË;<�ÊQ/YN Ø 3 K4Ë�<?I2Iv/YI
Hf<�145vN Ø Å?145f<?NbÊQÅ?ÊvÈ F2Ê�N^K43 H�F2@ 3B8
�2Å?1*3 0;N^K+<�0;Ì�/�<fIvÅ�K%<?I2Iv/YI«K4Å
<
N4×UF;<�14/x3 0Ð<iÊQÅ?Ê2F2@�<tK43 Å?0�Å�Ó�N4×UF;<�14/YN Ø 3 @ @ÖHf<�5?/xK4Ë;<tK
Ê;<�1oK43�Ì�F2@�<�1%N4×UF;<�14/�ÊQÅ?ÊvÈ F2Ê�8-Ù�Ë2/jÊQ/�1+Ì�/�ÊvK4F;<�@�NoÆvN^K4/�H)Ì�@ /Y<�14@ Æ�Iv3 
-/�14/�0UK43�<tK4/YN=ÕQ/�K Ø /�/�0
K4Å?ÊQÅ?@ Å?>?3�Ì�<�@ @ Æ¬Iv3 
-/�14/�0UKiÅ?Õ!�^/YÌkK+N�A�NoF;Ì+ËÝ<?Nj<Ð143 02> Ø 3 K4ËÝ<ÐË2Å?@ /�<�0;I(<Ð143 02> Ø 3 K4Ë2Å?FvK
<�Ë2Å?@ /?AÖÕ2FvKj02Å�KjÕQ/�K Ø /�/�0ÚK4Å?ÊQÅ?@ Å?>?3�Ì�<�@ @ ÆÐ/Y×UF23 Ít<�@ /�0UKYA&NoF;Ì+Ë(<?NxK4143�<�02>?@ /7<�0;I¬N4×UF;<�14/?A
N4×UF;<�14/=<�0;IfÌ�3 1+Ì�@ /?AUÅ?1DK4143�<�02>?@ /=<�0;IfÌ�3 1+Ì�@ /jå îYç 8 �*ÊfK4Å7æzî9Iv3 
-/�14/�0UK�NoË;<�ÊQ/YNbÌ�<�0fÕQ/%Iv3�N^È
K43 02>?F23�NoË2/YI
3 07K41+<?Iv3 K43 Å?0;<�@-Iv3�NoÊ2@�<zÆvN�AUÕ2FvKM02ÅjHiÅ?14/*K4Ë;<�07ð;Í?/%Iv3 
-/�14/�0UK*NoË;<�ÊQ/YNbNoË2Å?F2@�I
ÕQ/bF;No/YI�8tÙ�Ë23�N&>?F23�Iv/�@ 3 02/bNo/�/�HfNÖK4Å%<�Ê2Ê2@ ÆxÓÔÅ?1�<�@ @UK4Ë2/�Î?ÄMÃ%Ä%L°I2<tK+<*/�ÑvÊ2@ Å?1+<tK43 Å?0xK4ÅGÅ?@�N�A
Õ2FvK�K4Ë2/%Ê214Å��^/YÌkK�Å?02@ ÆfF;No/xÎ�NoË;<�ÊQ/YN�NoÅ�Ó�<�1Y8Uìd0«Å?1+Iv/�1�ÓÔÅ?1�K4Ë2/xËGF2Hf<�07ÊQ/�1+Ì�/�ÊvK4F;<�@�NoÆvN^È
K4/�H K4Å¬02Å�K43�Ì�/®<ÚIv3 
-/�14/�0;Ì�/?A�Iv3�N^K4Å?1oK43 Å?0;Nf3 0ÝK4Ë2/�@ /�02>�K4ËàÅ�Ó9<ÚNoË;<�ÊQ/?A�<?NfHi/Y<?NoF214/YI
Ë2Å?143 Ï�Å?0UK+<�@ @ ÆiÅ?1MÍ?/�1oK43�Ì�<�@ @ Æ?Av<�14/%02Å�KMÊQ/�1+Ì�/�3 Í?/YI
3 Ó&K4Ë2/9Iv3�N^K4Å?1oK43 Å?0«3�N�@ /YN4N�K4Ë;<�0Úæ?8 ê��èÅ�Ó
K4Ë2/9Å?143 >?3 0;<�@-@ /�02>�K4Ë�8;E%3 Í?/�07K4Ë2/9@ 3 Hi3 K+NM3 0«0GF2H�ÕQ/�1MÅ�Ó�NoË;<�ÊQ/YNbK4Ë;<tK*Ì�<�0«ÕQ/9/��
Ì�3 /�0UK4@ Æ
/�0;Ì�ÅvIv/YI�A;NoË;<�ÊQ/9Ì�<�0«ÕQ/9F;No/YI7K4ÅiHf<�Ê�Å?02/9Ì�<tK4/�>?Å?143�Ì�<�@QÍt<�143�<�Õ2@ /?8
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Ù�Ë2/xI2<tK+<�/�ÑvÊ2@ Å?1+<tK43 Å?0iK4ÅGÅ?@�N�Iv/�Í?/�@ Å?ÊQ/YI7NoÅ�Ó�<�1�F;No/%Å?Õ!�^/YÌkKMNoË;<�ÊQ/x<?NbÅ?02/=Å?1�HiÅ?14/
ÍG3�NoF;<�@�Ê214Å?ÊQ/�1oK43 /YN*K4Å�ÕQ/iÍt<�143 /YI�Ê;<�1+<�Hi/�K4143�Ì�<�@ @ Æ�Å?1%ÍG3�<
ð2Ñv/YI­Ì�<tK4/�>?Å?143 /YN�ÜÔ@ 3 5?/fÌ�F2ÕQ/?A
K4/�K41+<�Ë2/YIv14Å?0�/�K+Ì�8 Þk8 á 3 Hi3 @�<�1fNoË;<�ÊQ/YN�K4/�0;I�K4Å­ÕQ/�>?14Å?F2ÊQ/YIÚK4Å?>?/�K4Ë2/�1�ÜÔ>?/YN^K+<�@ Ki@�< Ø Å�Ó
No3 Hi3 @�<�143 K^Æ2Þk8

� � ��� $ Ù�Ë2/
Ì�Å?@ Å?1
ÜÔÕQÅ�K4Ë¬ËGF2/
<�0;IÚN4<tK4F21+<tK43 Å?0QÞ=Å�Ó�Å?Õ!�^/YÌkK+N�Ì�<�0¬<?ÌkK�<?NxÊ;<�1oK43�Ì�F2@�<�14@ Æ
N^K414Å?02>«ÊQÅ?ÊvÈ F2Ê­ÓÔ/Y<tK4F214/?8�C*8 >;8-3 0¬<�Ì�@ FvKoK4/�14/YI­ÍG3�NoF;<�@DNoÊ;<?Ì�/ Ø 3 K4ËÚË2/�K4/�14Å?>?/�02/�Å?F;N%Å?ÕvÈ
�^/YÌkK+N�A?K4Ë2/*Å?Õ;No/�14Í?/�1DIv/�K4/YÌkK+N�NoÊQ/YÌ�3 ðQÌ*Å?Õ!�^/YÌkK+N�Ó�<?N^K4/�1�5G02Å Ø 3 02>93 0
<?IvÍt<�0;Ì�/MK4Ë2/=Ì�Å?@ Å?1DÅ�Ó
K4Ë2/�Å?Õ!�^/YÌkK=<?N*Å?Ê2ÊQÅUNo/YI«K4Å
3 K+N=No3 Ï�/�Å?1=NoË;<�ÊQ/?8QÙ�Ë2/�ÊQÅ?ÊvÈ F2Ê�/ 
-/YÌkK%3�N*/�02Ë;<�0;Ì�/YI Ø Ë2/�0
Å?Õ!�^/YÌkK+N�<�14/%Ì�Å?@ Å?14/YI Ø 3 K4Ë�<�Õ2@�<?Ì+5f143 HÛÅ?0«< Ø Ë23 K4/xÕ;<?Ì+5G>?14Å?F20;IfÅ?1�< Ø Ë23 K4/x143 HÛÅ?0«<
Õ2@�<?Ì+5jÕ;<?Ì+5G>?14Å?F20;I�8�J�/�1+Ì�/�3 ÍG3 02>9ÍG3�NoF;<�@;N^K43 H�F2@ 3Q3 0
Ã%69AUHiÅ?14/�K4Ë;<�0 	�Ì�Å?@ Å?1+N�<�14/*/Y<?No3 @ Æ
Ì�Å?0vÓÔF;No/YI�8vE%/�02/�1+<�@ @ Æi3 K�3�Nb<?IvÍG3�No/YI
<�>U<�3 0;N^K�F;No3 02>jÌ�Å?@ Å?1b<?Nb<�Ì�Å?0UK43 0GF2Å?F;NDÍt<�143�<�Õ2@ /*ÓÔÅ?1
K Ø Å=14/Y<?NoÅ?0;N����&3 1+N^K�IvF2/�K4Å%@ 3 Hi3 K+N&3 0�K4Ë2/bËGF2Hf<�0�ÊQ/�1+Ì�/�ÊvK4F;<�@GNoÆvN^K4/�H¡3 0jIv3�N^K43 02>?F23�NoË23 02>
<?Ì�Ì�F21+<tK4/�@ Æ�ÕQ/�K Ø /�/�0fËGF2/?AUN4<tK4F21+<tK43 Å?0�A�Å?1DÕ2143 >?ËUK402/YN4N�8 á /YÌ�Å?0;IiIvF2/MK4Å9K4Ë2/MÓ�<?ÌkK�3 KbIvÅG/YN
02Å�K%F202/Y×UF23 Í?ÅvÌ�<�@ @ Æ«Hf<�5?/�No/�0;No/9K4Å«N4<zÆ7K4Ë;<tK%Å?02/�ËGF2/�3�N=HiÅ?14/�Å?1=@ /YN4N*K4Ë;<�0Ð<�02Å�K4Ë2/�1
ÜÔ/?8 >;8?>?14/�/�0f3�ND02Å�K�HiÅ?14/*Å?1D@ /YN4N�K4Ë;<�0f14/YI;Þk8?ìd0fK4Ë2/%Î?ÄMÃ%Ä%L)NoÆvN^K4/�HÛÌ�Å?@ Å?1DÌ�<�0f3 0fÓ�<?ÌkK
ÕQ/9F;No/YI7K4ÅiHf<�Ê�Ì�Å?0UK43 0GF2Å?F;NbÍt<�143�<�Õ2@ /YN�8

& ���=��)*$�� ÙÖ/�ÑGK4F214/jÌ�<�0®/?8 >;8QÕQ/jIv/�ð;02/YIÐ<?Ì�Ì�Å?1+Iv3 02>iK4Å7>?1+<�0GF2@�<�143 K^Æ?A2Å?143 /�0UK+<tK43 Å?0®<�0;I
Ê;<tKoK4/�140(å æ��zç 8-Ù�Ë2/9K4/�ÑGK4F214/�Å�ÓD<�0®Å?Õ!�^/YÌkK%<�3�I2N*K4Ë2/�Å?Õ;No/�14Í?/�1M3 0ÐIv/�K4/�14Hi3 023 02>
K4Ë2/�Å?ÕvÈ
�^/YÌkK�- NjÊQÅUNo/«<�0;I�NoË;<�ÊQ/?8�ÙÖ/�ÑGK4F214/«Ì�<�0¬K4Ë2/�Å?14/�K43�Ì�<�@ @ Æ­ÕQ/«F;No/YIÚK4ÅÐHf<�Ê�Å?02/7Å?1jHiÅ?14/
Ì�Å?0UK43 0GF2Å?F;N�Ít<�143�<�Õ2@ /?8


 �+"%�� ��&��������!&�� � $ � ��� $ ����� ) ìd0iK4Ë2/=Ì�F21414/�0UK�NoÆvN^K4/�HïÕ2@ 3 025G3 02>�3�N�<�@�NoÅ�<�0iÅ?ÊvK43 Å?0<?Nx<«IvÆG0;<�Hi3�Ì�Å?Õ!�^/YÌkK9Ê214Å?ÊQ/�1oK^Æ?8
	b@ 3 025G3 02>«3�NxÊ;<�1oK43�Ì�F2@�<�14@ Æ�<�Ê2Ê214Å?Ê2143�<tK4/9ÓÔÅ?19Iv1+< Ø 3 02>
<tKoK4/�0UK43 Å?07K4Åi<�@ /�1oKMNo3 >?0;<�@�N�AUÕ2FvK*Ë;<?NbÕQ/�/�0�NoË2Å Ø 0
K4Å�K43 14/%K4Ë2/xÅ?Õ;No/�14Í?/�1%å �Yç�<�0;I7H�F;N^KYA
K4Ë2/�14/�ÓÔÅ?14/?AvÕQ/9F;No/YI Ø 3 K4Ë�Ì�<�FvK43 Å?0�8

� � �!������� 
 ��)���� " & �
� � � $ ��& �­/«<�14/
Ì�F21414/�0UK4@ Æ­Iv/�Í?/�@ Å?Ê23 02>�Iv/YNo3 >?0¬14F2@ /YNxÓÔÅ?1jÌ�Å?0vÈ
N^K414F;ÌkK43 02>«Ã%6�È ÍG3�NoF;<�@ 3 ÏY<tK43 Å?0;NMÓÔÅ?1xÍG3�NoF;<�@&/�ÑvÊ2@ Å?1+<tK43 Å?0®ÕGÆ�<?IvÅ?ÊvK43 02>«/�ÑvÊQ/�143 /�0;Ì�/�ÓÔ14Å?H
ÊQ/�1+Ì�/�ÊvK4F;<�@�Ê;NoÆvÌ+Ë2Å?@ Å?>?Æ�å æ�
zç 8*�&3 1+N^K Ø /i/YN^K+<�Õ2@ 3�NoË¬<�NoÊ;<tK43�<�@DIv3�N^K+<�0;Ì�/iHi/�K4143�ÌjÅ?0­K4Ë2/
Õ;<?No3�N*Å�ÓDHf<tÑv3 Hf<�@&Å?Õ!�^/YÌkKxNo3 Ï�/j<?NMK4Ë2/jÕ;<?No3�Ì�NoÊ;<tK43�<�@&F2023 KY8-Ù�Ë23�N%Ì�Å?0GÍ?/�023 /�0UK4@ Æ�<�@ @ Å Ø N
<�N4Ì�<�@ 3 02>�Å�Ó�K4Ë2/%ÍG3�NoF;<�@ 3 ÏY<tK43 Å?0iK4Åj14/�ÓÔ/�1�K4Å�ÊQ/�1+Ì�/�ÊvK4F;<�@ @ Æi14/�@ /�Ít<�0UKbHi/Y<?NoF214/YN�8��­/x<�@�NoÅ
/�Ít<�@ F;<tK4/%<�@ @QÅ?Õ!�^/YÌkK�Ê214Å?ÊQ/�1oK43 /YND3 0
K4/�14HfNbÅ�ÓÖIv3�N^K+<�0;Ì�/=1+<�02>?/ Ø 3 K4Ë23 0 Ø Ë23�Ì+Ë
Ít<�143�<tK43 Å?0;N
Å�Ó�K4Ë2/=ÍG3�NoF;<�@ 3 ÏY<tK43 Å?0iÅ�Ó�K4Ë2/=Ê214Å?ÊQ/�1oK43 /YN�Ì�<�0fÕQ/xIv3�N^K43 02>?F23�NoË2/YIjÓÔÅ?1b3 0;Iv3 ÍG3�IvF;<�@;Å?Õ!�^/YÌkK+N�8

�­/jNoF2>?>?/YN^K=3 023 K43�<�@ @ Æ«K4Ë2/�ÓÔÅ?@ @ Å Ø 3 02>
F2Ê2ÊQ/�1xÕQÅ?F20;I2N*ÓÔÅ?1*K4Ë2/j1+<�02>?/9Å�Ó�K4Ë214/�/�Ít<�143 È
<�Õ2@ /YN��
& ���=��)*$�� Ç?î�NoÊ;<tK43�<�@�Iv3�N^K+<�0;Ì�/9F2023 K+N
� '%����� î�
jNoÊ;<tK43�<�@�Iv3�N^K+<�0;Ì�/9F2023 K+N
� � ��� $ æ�
�
jNoÊ;<tK43�<�@�Iv3�N^K+<�0;Ì�/xF2023 K+N
Ù�Ë2/7ÊQÅ�K4/�0UK43�<�@�3 HiÊQÅ?1oK+<�0;Ì�/7Å�ÓMK4Ë2/YNo/�Iv3 
-/�14/�0UKjF2Ê2ÊQ/�1iÕQÅ?F20;I2N�3�N�K4Ë;<tKjK4Ë2/7ÊQ/�1oÈ

Ì�/�ÊvK4F;<�@&>?14Å?F2Ê23 02>
<�0;I«K4Ë2/�ÊQ/�1+Ì�/�ÊvK4F;<�@&ÊQÅ?ÊvÈ F2Ê®Ê2Ë2/�02Å?Hi/�02Å?0�Å?0�K4Ë2/�Õ;<?No3�N*Å�Ó�K4Ë2/YNo/
Ê214Å?ÊQ/�1oK43 /YN�<�14/MÌ�Å?1414/YNoÊQÅ?0;Iv3 02>?@ ÆxÕQÅ?F20;Iv/YIjNoÊ;<tK43�<�@ @ Æ?At14/�@�<tK43 Í?/�K4Å%K4Ë2/MÅ?Õ;No/�14Í?/�1Y8z.*/�0;Ì�/
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<iN^K+<tK43�N^K43�Ì�<�@�Ít<�143�<�Õ2@ /%/�0;Ì�ÅvIv/YI�<?NbK4/�ÑGK4F214/xÊ214Å?ÊQ/�1oK43 /YN Ø 3 @ @�Å?02@ Æ Ø Å?145f3 0vÓÔÅ?14Hf<tK43 Í?/�@ Æ
3 0¬<«14/�@�<tK43 Í?/�@ ÆÐÌ�@ ÅUNo/i02/�3 >?ËGÕQÅ?F214Ë2ÅGÅvIÐ<?N9Iv/�ð;02/YI­ÕGÆ®K4Ë2/iK4Ë214/�/fÍt<�143�<�Õ2@ /YNxÌ�F21414/�0UK4@ Æ
F;No/YIf<?N�ÊQÅUNo3 K43 Å?0;<�@2Ít<�143�<�Õ2@ /YN�8�ì Ó-K4Ë2/Mð;>?F214/YN�<�ÕQÅtÍ?/�Ë2Å?@�I�AUÌ�Å?@ Å?1�Hf<zÆ�Å 
-/�1�<xÊQÅ�K4/�0UK43�<�@
ÓÔÅ?1jÊQ/�1+Ì�/�ÊvK4F;<�@MN^K414F;ÌkK4F2143 02>Ð3 0¥<®02/�3 >?ËGÕQÅ?F214Ë2ÅGÅvI¬F2Ê�K4ÅÝæ�	�K43 Hi/YNj@�<�14>?/�1Y8�â°HiÅ?14/
K4Ë2Å?14Å?F2>?Ë®3 0GÍ?/YN^K43 >U<tK43 Å?0�3 0UK4Å
K4Ë2/YNo/j14/�@�<tK43 Å?0;NoË23 Ê;N=3�N=14/Y×UF23 14/YI�A-<?N*K4Ë2/�Æ�14/�Í?/Y<�@�NoÅ?Hi/
3 HiÊQÅ?1oK+<�0UKD14/�@�<tK43 Å?0;NoË23 Ê;N�ÓÔÅ?1�K4Ë2/*Hf<�Ê2Ê23 02>9ÕQ/�K Ø /�/�0fN^K+<tK43�N^K43�Ì�<�@;Ít<�143�<�Õ2@ /YN�<�0;IjÅ?Õ!�^/YÌkK
Ê214Å?ÊQ/�1oK43 /YN�8

� �
2B6GÀ 9d¼ 6

�­/­Ë;<zÍ?/ÐIv/YNo3 >?02/YI#<�0;Ià3 HiÊ2@ /�Hi/�0UK4/YIí<(NoÅ�ÓßK Ø <�14/ÐNoÆvN^K4/�H K4Ë;<tK�Ì�<�0#ÕQ/­F;No/YIàÓÔÅ?1
Ì�Å?0;IvF;ÌkK43 02>Ð/�ÑvÊQ/�143 Hi/�0UK+<�@b14/YNo/Y<�1+Ì+ËÚÅ?0�02/ Ø Hi/�K4Ë2ÅvI2N�ÓÔÅ?1�Ã=3�NoF;<�@�Ä%<tK+<ÐL�3 023 02>­3 0
Ã%6ÉF;No3 02>;Av/?8 >;8vK4Ë2/9Å?Õ!�^/YÌkKMÊ214Å?ÊQ/�1oK^Æ
NoÊ;<?Ì�/?8

�B����
 �!����� � � ��� $ �!������"
&(�+� ��)
�­/�Ë;<zÍ?/«F20UK43 @*02Å Ø Iv/YNo3 >?02/YIÝ<�0;IÝ3 HiÊ2@ /�Hi/�0UK4/YI(K4Ë2/«ÓÔÅ?@ @ Å Ø 3 02>¬I2<tK+<­/�ÑvÊ2@ Å?1+<tK43 Å?0
K4ÅGÅ?@�N��

��� 
�� ��)���� � $ �� Ù�Ë2/­ÎtÈdÄ Ë23�N^K4Å?>?1+<�H K4ÅGÅ?@%Iv3 ÍG3�Iv/YN
K4Ë2/­NoÊ;<?Ì�/®3 0UK4Å(Ì�F2ÕQ/YN73 0í<
Ì�ÅGÅ?1+Iv3 0;<tK4/
NoÆvN^K4/�H Ø 3 K4Ë(Î�<tÑv/YN�8Öê�Ít<�143�<�Õ2@ /YNxÓÔ14Å?H K4Ë2/«I2<tK+<�No/�Ki<�14/fF;No/YI­ÓÔÅ?1�K4Ë2/
ÍG3�NoF;<�@ 3 ÏY<tK43 Å?0�8�ÎÐÍt<�143�<�Õ2@ /YN�<�14/7Hf<�Ê2ÊQ/YI�K4Å­ÊQÅUNo3 K43 Å?0�8�Ù�Ë2/�<zÍ?/�1+<�>?/
Ít<�@ F2/7Å�Ó%<Ðê�K4Ë
Ít<�143�<�Õ2@ /MÅtÍ?/�1�K4Ë2/*14/YÌ�Å?1+I2N&K4Ë;<tK�Ó�<�@ @;3 0;No3�Iv/=<9Ì�F2ÕQ/?A?3�NDHf<�Ê2ÊQ/YIjK4Å9K4Ë2/=Ì�Å?@ Å?1�<tKoK4143 Õ2FvK4/
Å�Ó&K4Ë2/�Ì�F2ÕQ/�<?NMNoË2Å Ø 073 0«ð;>?F214/�Çv8

� ���B���=� Ã=3�NoF;<�@ 3 Ï�3 02>iêfN^K+<tK43�N^K43�Ì�<�@�Ít<�143�<�Õ2@ /YN�8

Ù�Ë2/
No3 Ï�/
Å�ÓM/Y<?Ì+Ë¬Ì�F2ÕQ/
3�N�Ë2/�14/fF;No/YI¬<?N�<�0�<?I2Iv3 K43 Å?0;<�@�Iv3 Hi/�0;No3 Å?0ÚÓÔÅ?1�NoË2Å Ø 3 02>
K4Ë2/90GF2H�ÕQ/�1MÅ�Ó�Ì�Å?F20UK+N�3 0«K4Ë2/�H�<?N�3 @ @ F;N^K41+<tK4/YI73 0«ð;>?F214/9Î28
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� ���B� �+� ��Å?F20UKM3�NMHf<�Ê2ÊQ/YI
K4ÅiK4Ë2/�No3 Ï�/xÅ�Ó�/Y<?Ì+Ë�Ì�F2ÕQ/?8

Ù�Ë23�N�K4ÅGÅ?@�3�N�NoF2Õ;N^K+<�0UK43�<�@ @ ÆfHiÅ?14/%F;No/�ÓÔF2@-K4Ë;<�0«<�0«Å?1+Iv3 0;<�14Æ
ÇzÈdÄÉË23�N^K4Å?>?1+<�H�AGNo3 0;Ì�/
3 KxFvK43 @ 3 Ï�/YNxÎtÈdÄïNoÊ;<?Ì�/�HiÅ?14/�/ 
-/YÌkK43 Í?/�@ Æ?8ÖÒ=02/jÌ�<�0�K+<�5?/j<7Ì�@ ÅUNo/�1=@ ÅGÅ?5�<tKx<«NoF2Õ;No/�K%Å�Ó
K4Ë2/
I2<tK+<«ÕGÆÐé��;ÆG3 02>Ué73 0UK4Å«K4Ë2/fHi3�I2Iv@ /fÅ�Ó�K4Ë2/
I2<tK+<7K4Å®N^K4F;IvÆÐ<«Ê2Ë2/�02Å?Hi/�0;<7K4Ë2/�14/?8
Ù�Ë2/YNo/x5G3 0;I2NMÅ�Ó&ÍG3�NoF;<�@ 3 ÏY<tK43 Å?0;N�Ë;<zÍ?/x<�@�NoÅiÕQ/�/�0�/�ÑvÊ2@ Å?14/YI
3 0�A2/?8 >;82Ä=ìdÃ%C�ÈoÒ%:Ûå ækç 8

��� 
 � &��!����� $ � ����� Ù�Ë2/�ÎtÈdÄ á Ì�<tKoK4/�1=JD@ Å�K�K4ÅGÅ?@�Hf<�Ê;NM/Y<?Ì+Ë�I2<tK+<j14/YÌ�Å?1+I7<?NM<iI2<tK+<ÊQÅ?3 0UK*3 0�<iÎtÈdÄ¡Ì�ÅGÅ?1+Iv3 0;<tK4/9NoÆvN^K4/�H Å�Ó�Ì�Å?0UK43 0GF2Å?F;N�Ít<�143�<�Õ2@ /YN�AvNo/�/xð;>?F214/%ê;8

� ���B� �B� á Ì�<tKoK4/�1*JD@ Å�K
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â�I2<tK+<ÐÊQÅ?3 0UKf3�Ni3 @ @ F;N^K41+<tK4/YIÝ<?Ni<�0ÝÅ?Õ!�^/YÌkK Ø 3 K4ËÝK4Ë2/�Hi3 023 Hf<�@M0GF2H�ÕQ/�1fÅ�ÓxNoF21oÈ
Ó�<?Ì�/xÊQÅ?@ ÆG>?Å?0;N�A2<�K4/�K41+<�Ë2/YIv14Å?0 Ø 3 K4Ë�êfNoF21oÓ�<?Ì�/YN�82ÙÖÅiHf<�3 0UK+<�3 07K4Ë2/�NoHiÅGÅ�K4Ë«14/Y<�@QK43 Hi/
14/YNoÊQÅ?0;No/MÅ?F21DNoÆvN^K4/�H Ì�<�0iË;<�0;Iv@ /MF2ÊiK4Å�ë�
28 
�
�
%ÊQÅ?@ ÆG>?Å?0;N�A Ø Ë23�Ì+Ëf<�@ @ Å Ø N�3 KDK4Å9ÍG3�NoF;<�@ È
3 Ï�/9<�ÕQÅ?FvK=Ç�
28 
�
�
�I2<tK+<jÊQÅ?3 0UK+NMNo3 H�F2@ K+<�02/�Å?F;No@ Æ7<�0;I«N^K43 @ @�Ë;<zÍ?/xNoHiÅGÅ�K4Ë«ÍG3�NoF;<�@ 3 ÏY<tK43 Å?0
Ø Ë2/�0
Ì+Ë;<�02>?3 02>9ÍG3 / Ø ÊQÅ?3 0UKY8UÙ�Ë2/=I2<tK+<xÊQÅ?3 0UK+NDHf<zÆ�ÕQ/%Ì�Å?@ Å?14/YI�K4Å�ÍG3�NoF;<�@ 3 Ï�/MÅ?02/*HiÅ?14/
Ít<�143�<�Õ2@ /?8
ìd023 K43�<�@ @ ÆÚK4Ë2/�ÎtÈdÄ á Ì�<tKoK4/�1fJD@ Å�K �^F;N^Kf>?3 Í?/YN�F;NiNoÊ;<tK43�<�@�14/YNoÅ?@ FvK43 Å?0(Ì�Å?HiÊ;<�14/YIÚK4Å

K4Ë2/�ÎtÈdÄè.*3�N^K4Å?>?1+<�H�8 	bFvK*K4Ë23�N*Ë23 >?Ë2/�1*14/YNoÅ?@ FvK43 Å?0�<�@ @ Å Ø N�ÓÔF21oK4Ë2/�1*/�ÑvÊ2@ Å?1+<tK43 Å?0�Å�Ó�K4Ë2/
0;<zÍG3 >U<tK43 Å?0®Ó�<?Ì�3 @ 3 K^ÆÐ3 0¬ÍG3 1oK4F;<�@DNoÊ;<?Ì�/?8&Ò=02/fHf<zÆÐË;<zÍ?/i<�Ì�@ ÅUNo/i@ ÅGÅ?5­<tK�<«@ ÅvÌ�<�@�Ì�Å?0vÈ
ð;>?F21+<tK43 Å?0®Å�ÓbI2<tK+<7ÊQÅ?3 0UK+Nx<�0;IÐNoHiÅGÅ�K4Ë2@ Æ®Ì+Ë;<�02>?/�K4Å�<�@ K4/�140;<tK43 Í?/�ÍG3 / Ø 3 02>«Iv3 14/YÌkK43 Å?0
<�0;IQäzÅ?1�ÍG3 / Ø 3 02>
Iv3�N^K+<�0;Ì�/?A;<�0;I«Ë2/�0;Ì�/9>?1+<?IvF;<�@ @ ÆfÅ?ÕvK+<�3 0�<j>?@ Å?Õ;<�@�ÍG3 / Ø <�0;I«Å?Õ;No/�14Í?/
@ ÅvÌ�<�@�Ì�Å?0vð;>?F21+<tK43 Å?0;Nb3 0«K4Ë2/9@�<�14>?/xÌ�Å?0UK4/�ÑGKY8
â*02Å�K4Ë2/�1%ÊQÅUN4No3 Õ23 @ 3 K^Æ«3�N*K4Å«Ì�<�@�Ì�F2@�<tK4/j<7NoF21oÓ�<?Ì�/�Hf<�Ê®Å�Ó�K4Ë2/iI2<tK+<28Qâ�ÜÔÍ?/�14Æ2ÞMNo3 HjÈ

Ê2@ /ié��x/�1402/�@&Iv/�0;No3 K^Æ�/YN^K43 Hf<tK4/YéfÓÔF20;ÌkK43 Å?0Ð3�N%F;No/YI�ÓÔÅ?1=K4Ë2/iÌ�<�@�Ì�F2@�<tK43 Å?0;N=<?N%NoË2Å Ø 0®3 0
ð;>?F214/�îv82L�Å?14/ Ø Å?145fË;<?NbK4ÅfÕQ/�IvÅ?02/%K4ÅiHf<�5?/%K4Ë23�N*<jF;No/�ÓÔF2@�K4ÅGÅ?@B8

� ���B���=� á Ì�<tKoK4/�1*JD@ Å�K Ø 3 K4Ë�NoF21oÓ�<?Ì�/?8

ì K=3�N=<�@�NoÅfÊQÅUN4No3 Õ2@ /9K4Å7é�Ë23 >?Ë2@ 3 >?ËUK+éfNoÅ?Hi/�Å�Ó�K4Ë2/�ÍG3�NoF;<�@�Å?Õ!�^/YÌkK+N�8QÙ�Ë23�N*3�N=IvÅ?02/�ÕGÆ
NoÊQ/YÌ�3 ÓÔÆG3 02>x<�0�/�ÑvÊ214/YN4No3 Å?09/�Ñ2<?ÌkK4@ Æ9<?N Ø Ë2/�0jÌ+Ë2ÅGÅUNo3 02>%<=No/�K&Å�Ó2ð;@ K4/�1+N�8tÙ�Ë2/�Ë23 >?Ë2@ 3 >?ËUK4/YI
14/YÌ�Å?1+I2N�<�14/*ÍG3�NoF;<�@ 3 Ï�/YI
<?NDÍG3�NoF;<�@QÅ?Õ!�^/YÌkK+N�Õ2@ 3 025G3 02>�ÕQ/�K Ø /�/�0fK4Ë2/�3 1�Å?143 >?3 0;<�@;Ì�Å?@ Å?1b<�0;I
Ø Ë23 K4/?8

��� 
 �������!&�� � $ � ��� $ � � � � ��& � ìd0
<�0f<tKoK4/�HiÊvKDK4Å�Hf<�Ê
<x@�<�14>?/�1�0GF2H�ÕQ/�1DÅ�Ó�N^K+<tK43�N^ÈK43�Ì�<�@ÖÍt<�143�<�Õ2@ /YN*3 0UK4ÅfK4Ë2/�ÍG3�NoF;<�@ 3 Ï�/YI Ø Å?14@�I Ø /�Ë;<zÍ?/�/�ÑGK4/�0;Iv/YI«K4Ë2/jÎtÈdÄ á Ì�<tKoK4/�1xJD@ Å�K
K4ÅGÅ?@&K4Å«ÕQ/YÌ�Å?Hi/�K4Ë2/iéGÒ=Õ!�^/YÌkK9JD14Å?ÊQ/�1oK^Æ á Ê;<?Ì�/Yé28-Ù�Ë2/jÅ?Õ!�^/YÌkK+N%ÍG3�NoF;<�@ 3 Ï�3 02>
K4Ë2/iI2<tK+<
ÊQÅ?3 0UK+NDHf<zÆjÕQ/=>?3 Í?/�0fÍt<�143 Å?F;N�ÍG3�NoF;<�@;Ê214Å?ÊQ/�1oK43 /YN�K4Ë;<tKbHf<zÆ�3 @ @ F;N^K41+<tK4/*Å�K4Ë2/�1�Ít<�143�<�Õ2@ /YN
<?N�/�Ñv/�HiÊ2@ 3 ð;/YI«3 0«ð;>?F214/�	28
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� ���B���+� âè@ ÅGÅ?5�3 0;No3�Iv/7Ò=Õ!�^/YÌkK9JD14Å?ÊQ/�1oK^Æ á Ê;<?Ì�/?A�F;No3 02>«ÊQÅUNo3 K43 Å?0�A�Ì�Å?@ Å?1YA-NoË;<�ÊQ/?A�<�0;I
No3 Ï�/%K4Åf14/�Ê214/YNo/�0UKMN^K+<tK43�N^K43�Ì�<�@�Ít<�143�<�Õ2@ /YN�8

ìd0�Ê2143 0;Ì�3 Ê2@ /9<i@�<�14>?/%1+<�02>?/xÅ�Ó�ÊQÅUN4No3 Õ23 @ 3 K43 /YN�/�Hi/�14>?/ Ø Ë2/�0«K+<�5G3 02>iK4Ë23�N*<�Ê2Ê214ÅU<?Ì+Ë�8
Ã=3�NoF;<�@ @ Æ�ÊQ/�1+Ì�/�3 Ít<�Õ2@ /MÅ?Õ!�^/YÌkKDÌ+Ë;<�1+<?ÌkK4/�143�N^K43�Ì�N�<�14/�ÓÔÅ?14H�A?No3 Ï�/?A�NoF21oÓ�<?Ì�/bK4/�ÑGK4F214/?A?<�0;IQäzÅ?1
Ì�Å?@ Å?1D<�0;IjÅ?Õ!�^/YÌkK�Å?143 /�0UK+<tK43 Å?0�8�Ù�Ë2/YNo/*<�14/M<�@ @;N^K+<tK43�ÌMÊ214Å?ÊQ/�1oK43 /YN�<�0;I Ø /MHf<zÆ�<?I2If<�023 È
Hf<tK43 Å?0;NDK4Ë;<tKbHf<�5?/=Å?Õ!�^/YÌkK+NDÍG3 Õ21+<tK4/=Å?1�14Å�K+<tK4/ Ø 3 K4Ë7Iv3 
-/�14/�0UKM<�HiÊ2@ 3 K4F;Iv/?A?ÓÔ14/Y×UF2/�0;Ì�Æ
<�0;I7Ê2Ë;<?No/?8
Ù&<�5G3 02>­K4Ë23�Nf@ 3 02/�Å�Ó%K4Ë23 025G3 02>ÚÓÔF21oK4Ë2/�1fÅ?02/�Hf<zÆ(<�@�NoÅÚ@ /�K
Å?02/�Å�Ó%K4Ë2/�Ít<�143�<�Õ2@ /YN

Iv143 Í?/«<�K4/�HiÊQÅ?1+<�@�Iv/�Í?/�@ Å?Ê2Hi/�0UKjÅ�Ó*K4Ë2/«ÍG3�NoF;<�@�NoÊ;<?Ì�/?8&ìd0Ý<ÐNo3 HiÊ2@ /«Í?/�1+No3 Å?0�<�K43 Hi/
No/�143 /YN%Å�Ó�é?No0;<�Ê;NoË2Å�K+N4é
Hf<zÆ�ÕQ/fÍG3�NoF;<�@ 3 Ï�/YIÐ<�0;IÐ3 0ÐK4Ë2/iHiÅ?14/f<?IvÍt<�0;Ì�/YI®Í?/�1+No3 Å?0�AQÓÔÅ?1
Ø Ë23�Ì+ËÐHi/�K4Ë2ÅvI2N9N^K43 @ @�02/�/YI®K4Å«ÕQ/fIv/�Í?/�@ Å?ÊQ/YI�A�<«Ì�Å?0UK43 0GF2Å?F;N=K4/�HiÊQÅ?1+<�@�Iv/�Í?/�@ Å?Ê2Hi/�0UK
Hf<zÆ7ÕQ/9ÍG3�NoF;<�@ 3 Ï�/YI�8;âbK*K4Ë23�N=N^K+<�>?/xÅ�Ó&K4Ë2/�Ê214Å��^/YÌkK Ø /9Ë;<zÍ?/x3 HiÊ2@ /�Hi/�0UK4/YI«K4Ë2/�F;No/9Å�Ó
Å?Õ!�^/YÌkK�ÓÔÅ?14H�A;No3 Ï�/?AvÅ?143 /�0UK+<tK43 Å?0«<�0;I�NoF21oÓ�<?Ì�/9Ì�Å?@ Å?1M<?N Ø /�@ @�<?NbK4Ë2/�No0;<�Ê;NoË2Å�K*No/�143 /YN�8

��� 
 � &��!����� $ � ����� ���!� $ � � Ù�Ë2/MÎtÈdÄ á Ì�<tKoK4/�1�JD@ Å�K�L®<tK4143 Ñ9K4ÅGÅ?@v<�@ @ Å Ø NÖÅ?02/�K4Å%ÍG3 / Ø
H�F2@ K43 Ê2@ /?A?NoHf<�@ @2ÎtÈdÄ á Ì�<tKoK4/�1�JD@ Å�K+N�No3 H�F2@ K+<�02/�Å?F;No@ Æ?AzHf<�5G3 02>x3 K�ÊQÅUN4No3 Õ2@ /bK4ÅxÅ?ÕvK+<�3 0i<�0
ÅtÍ?/�14ÍG3 / Ø Å�Ó�<9I2<tK+<9No/�K Ø 3 K4Ë
<�@ K4/�140;<tK43 Í?/*Ì�Å?H�Õ23 0;<tK43 Å?0;N�Å�Ó�Ít<�143�<�Õ2@ /YN�F;No/YIjÓÔÅ?1�NoÊ;<tK43�<�@
ÊQÅUNo3 K43 Å?0�A;No/�/%ð;>?F214/ �G8
ÙÖÅ�Hf<�3 0UK+<�3 0
NoHiÅGÅ�K4Ëf14/Y<�@vK43 Hi/=3 0UK4/�1+<?ÌkK43 Å?0�A�ÓÔ/ Ø /�1bI2<tK+<9ÊQÅ?3 0UK+N�<�14/*F;No/YIi3 0
/Y<?Ì+Ë

Å�Ó&K4Ë2/�NoHf<�@ @ á Ì�<tKoK4/�1*JD@ Å�KY8 á 3 0;Ì�/xK4Ë2/�Ì�ÅGÅ?1+Iv3 0;<tK4/9NoÆvN^K4/�HfNM<�14/x14/�@�<tK43 Í?/�@ Æ7NoHf<�@ @BAvK4Ë2/
K4/�K41+<�Ë2/YIv1+<�<�14/fÅ?02@ ÆÚNoË2Å Ø 0Ú3 0 Ø Ë23 K4/?8�Ù�Ë2/
Ë23 >?Ë2@ 3 >?ËUK�ÓÔF20;ÌkK43 Å?0(<�@�NoÅ Ø Å?145vNx3 0¬K4Ë23�N
Ê2@ Å�KY8;Ù�Ë2/xË23 >?Ë2@ 3 >?ËUK4/YI7K4/�K41+<�Ë2/YIv1+<j<�14/9NoË2Å Ø 073 0�Hf<�>?/�0UK+<28
Ù�Ë23�N�K4ÅGÅ?@�3�NbF;No/�ÓÔF2@BA Ø Ë2/�0�Iv/YÌ�3�Iv3 02> Ø Ë23�Ì+Ë«Ít<�143�<�Õ2@ /YNDK4ÅiF;No/=ÓÔÅ?1�K4Ë2/xÕ;<�14/xNoÊ;<tK43�<�@

Iv3�N^K4143 Õ2FvK43 Å?0�Å�Ó�I2<tK+<jÊQÅ?3 0UK+N�ÜÔÅ?Õ!�^/YÌkK+N+Þb3 0�<jÓÔF2@ @ á Ì�<tKoK4/�1*JD@ Å�KY8

��� 
#� &��!����� $ � ������&(� )*$ Ù�Ë2/iÎtÈdÄ á Ì�<tKoK4/�19JD@ Å�K9ÙÖÅ?F21%K4ÅGÅ?@�3�Nx/Y×UF23 Ít<�@ /�0UK%K4Å«K4Ë2/
ÎtÈdÄ á Ì�<tKoK4/�1xJD@ Å�KxL®<tK4143 Ñ�K4ÅGÅ?@BAQ/�Ñ2Ì�/�ÊvK=K4Ë;<tKx3 KxÅ?02@ Æ�NoË2Å Ø N*Å?02/jÌ�ÅGÅ?1+Iv3 0;<tK4/�NoÆvN^K4/�H
<tK�K4Ë2/MK43 Hi/?8Uâ*@ @2ÊQÅUN4No3 Õ2@ /MF2023�×UF2/=Ì�Å?H�Õ23 0;<tK43 Å?0;N�Å�ÓQK4Ë2/*No/�@ /YÌkK4/YIiÍt<�143�<�Õ2@ /YN�<�14/MNoË2Å Ø 0
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<?N�ÊQÅUNo3 K43 Å?0;<�@QÍt<�143�<�Õ2@ /YND3 0«No0;<�Ê;NoË2Å�K+NDÅ�Ó�î�No/YÌ�Å?0;I2ND/Y<?Ì+Ë�8Uì K�3�N�ÊQÅUN4No3 Õ2@ /*K4ÅjÊ;<�F;No/*K4Ë2/
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 Abstract.  Software was developed to enable visual data mining of 

multivariate data using a constellation graph.  Two applications of the new 

software are presented.  A constellation graph is an effective way to display 

multivariate data on to a two dimensional plane. The value of the 

classification variable used just as it is or it classifies it into some levels. 

Then, the cluster on each level is made to be able to be identified using the 

color or the symbol. The operator can change the weight of the variable 

interactively and do the visual mining by seeing the change of the star on 

the graph. Moreover, our program computes the weight of the variable to 

separate each cluster. It is possible to presume the data, which cluster it 

belongs to. In addition, using a computer mouse, the operator can select an 

area of the graph to examine data in detail. 

1 Introduction 

The aim of this research is shown below: 

1. It displays multivariate data using the constellation graph on the 2-dimension plane. 
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2. By changing weighting factor to each variable, being interactive from 0 to 1, the 

position and the movement of the star on the constellation graph can be examined. 

3. Choosing one classification variable and classifying it into the level to distinguish 

between each level using the color and the symbol on the graph. 

4. The condition and the change of the cluster, which has a value with the same level on 

the constellation graph, can be examined by changing the weight. 

5. Calculating the weighting factor so that the within-cluster variance has the minimum 

value and inter-cluster has the maximum value. 

6. Cutting off the cluster and the necessary part from the graph and it preserves them in 

the file and they can be used for another analysis. 

7. By displaying the data that a classification variable is not proved in the same sample 

data on the constellation graph, the level can be presumed. 

 

Visual data mining using a constellation graph isn’t suitable for most data processing 

applications, due to the limitations of the graphical display.  However, since a 

constellation graph is an effective way to display multivariate data onto a two 

dimensional plane. The program that we developed allows the operator to interactively 

change the weighting factors of the variable.  As these values are changed, the display is 

automatically updated so that the operator can immediately see how changes affect the 

clustering of the data. 

The weighting factor that is given to each variable determines the length of the vector 

for each variable drawn on the constellation graph. If it is not possible to position a star 

in a desired position, the operator must reconsider the data in question to determine 

whether there is a more effective way to mine the data.  When a cluster of stars becomes 

very cluttered, it is possible to select that area for further investigation using a computer 

mouse.  The data from this area is then saved in a new file that can be investigated 

separately.  This has proven to be a very effective technique for visual data mining.  

Another methods to display multivariate data have been discussed [1] [2].  However, 

there were problems when the number of the variable increased, and it was not possible 
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to change the weighting factors.   Especially, in case of the parallel graph, the pattern is 

different when changing the order of the display of the variable but the constellation 

graph isn't related with the order of the variable because it is a vector. And the number 

of the variable can increase the capacity of the computer as far as it permits.  

2 The Constellation Graph 

This chapter shows how to construct the constellation graph and how to calculate the 

optimum weighting factors so that the within-cluster variance has the minimum value 

and the inter-cluster variance has the maximum value on the constellation graph. 

3.1 2.1    Constructing a Constellation Graph 

A constellation graph uses multivariate table-type data.  The output of this data is the 

observed value of a star on the half pie chart of the constellation graph.  The stellar 

position is determined by an angle that is dependent on the variable and by a vector that 

is dependent on the weight of each variable.  A connected graph is made and a star is 

displayed at the end of the graph.  This is called a “constellation graph” as it is made up 

several stars, each representing a portion of the data.  Constellation graphs were 

originally proposed in 1977 [3].  The means by which a general constellation graph is 

constructed is described in the Appendix.  

3.2    Constructing a Constellation Graph with Weighted Variable 

Having chosen a classification variable, the values of the weighting factors to be used 

are then based on either “what to read in the data” or “how to read the data”.  The 

cluster means the category value or the repartition value of the classification variable.  

To sort the data one can: 

1. Sort by gathering clusters of related data, or 

2. Sort using regression curves that were made by the clusters 
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Our program uses the first method.  To accomplish this, we must first choose an average 

mark as a basing point and then determine the value of the average mark. 

The classification variable n  is divided into kinds of clusters.  Next, we consider the 

terminal coordinates of the connection vector of the variable that consist of j  kinds of 

variables, here equations (14) and (15) on Appendix are used. 
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This distinguishes similar clusters of data, while at the same time ensuring that there is 

very little overlap between clusters.  Equations (2) and (3) are used to determine the 
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The whole average mark is determined using equations (4) and (5). 
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Merdia [4] and Fisher [5] defined this average using circle coordinates.  Our program 

uses this for the value of the average mark.  Based on this average mark, it then 

calculates each data point and a vector to the average mark at the top of the 

circumference in the shooting shadow.  The radius is from the center of the segment that 

links the starting point and an average mark with this circumference.  Then, it sums the 

data in every cluster and the distance at which there was a shooting shadow using the 

average mark. In addition, it sums the distance between all the data and the average 

mark using equation (6). 
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Now, we want to scatter the big clusters rather than the small ones.  In other words, we 

must decrease the value of jVar  and increase the value of Var .  To do this, we define a 

value of J  that is determined by equation (7).  To determine the best weighting factors 

to cluster every cluster, J  should be minimized. 

 

Var
N

m
Var

J
n

j j

j ⋅= ∑
=1

 (7) 

3    Visual Data Mining using a Constellation Graph 

The following example illustrates the visual data mining technique using a constellation 

graph.  The example data that we have chosen are the familiar Iris data, which include 

five variables (the kind of iris, petal length, petal width, sepal length, and sepal width).  

There are three kinds of iris.  The kind of iris is used as the dependent value and is 

colored with three different colors on the graph.  The other values are used as the 

variables. 
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The constellation graph visual data mining system has two display forms.  One is a data 

table view and the other is a graph view. 

3.3   The Data Table View 

The data table view is shown Figure 1.  The input data can be loaded into the table from 

the keyboard or from a file saved in CSV format. 

 

Fig. 1. Each line in the table is a variable.  The variable at the left end of the line assigns 
the ID number of the data, which shows the number of the observation.  Each row 
consists of the values of each observation. 

Once the data input has been completed, the control dialog that displays the weight of 

each variable is displayed.  Using the slide bars on the control dialog display and the 

mouse, the operator can change the weight of each variable.  One variable is selected as 

the classification variable.  Once the classification variable is chosen, the data table is 

sorted based on the range of the other variables.  Observations with different values of 

the classification variable are displayed in different colors.  For example, in Figure 1, 

the classification variable is “kind”, and three different colors are used to show the three 
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different kinds of iris.  The operator can change the choice of the classification variable 

at any time.  In the graph view, the color of the star changes to show the different values 

of the classification variable. 

3.4    The Graph View 

 

Fig. 2. The graph view (petal length=1.2, petal width=1.5, sepal length=3.0, sepal 

width=3.1) 

The constellation graph is shown in Figure 2.  The control dialog display can be used to 

change the values of the variables in the same way as used for the data table display.  

The graph display updates automatically in real-time as the value of a variable is 

changed. The different values of the classification variable are shown as different colors 

on the graph.  Since the weighting factor of the classification variable is fixed at zero, it 

is not used in calculating the stellar position on the graph. Figure 3 shows the graph 

view changing the weighting factor of variable.  
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Fig. 3. The graph view  (petal length=1.2, petal width=1.5, sepal length=0.0, sepal 
width=0.0) 

3.5    Extracting Data from the Constellation Graph 

As shown in Figure 4, using the graph view, the operator can use the mouse to choose a 

range of data designated by a polygon.  This selected range can be deleted or saved in a 

separate file for later analysis.  Data extracted and saved from a graph are stored in CSV 

format.  Therefore, the data file can be easily used as the input for other statistical 

analysis and rule discovery tools. 
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Fig. 4. Extracting data from the constellation. 

4    Visual Data Mining using a Constellation Graph 

To illustrate data mining using a constellation graph, two examples are discussed in the 

following sections. 

3.6    An Example that Identified the Characteristics of Three Japanese Writers 

We analyzed the characteristics of the works of three famous Japanese writers, Yasushi 

Inoue, Yukio Mishima and Atsushi Nakajima [6]. 

In Japanese, several commas are used in a sentence.  As our input data, we used data 

that examined the frequency of use of six kinds of tokens in front of the comma to 

determine the characteristic of the artist.  The six tokens were “to”, “wa”, “de”, “toki”, 

“ato”, and “e”.  We examined twenty-one different documents.  Eight of the documents 

were written by Mishima, four by Inoue, and the remaining nine by Nakajima.  There 

were six variables in the data.  The classification variable was the number representing 

the writer.  Figure 5 shows the constellation graph when no weighting factors have been 

assigned.  Figure 6 shows the graph when the weighting factors have been included.  

Table 1 gives the values of the weighting factors. 
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Fig. 5. The graph using the unit weighting factors. 

 

 

Fig. 6. The graph after incorporated the optimum weighting factors. All weighting 
factors are calculated so that the within-cluster variance has the minimum value and the 
inter-cluster variance has the maximum value. 

 

 

Kasanova 
38



Table 1. The weight table showing the characteristics of the writers 

Writer Weight 

“to” 

Weight  

“wa” 

Weight  

“de” 

Weight  

“toki” 

Weight  

“ato” 

Weight  

“e” 

The min. 

of  J 

Inoue 2.3 0.0 0.0 0.0 7.7 0.0 0.04 

Mishima 0.7 4.3 1.3 0.7 3.0 0.0 0.01 

Nakajima 3.7 3.7 0.0 2.3 0.3 0.3 0.13 

Divides 

all clusters 

0.3 0.7 1.7 4.7 2.3 0.3 0.85 

The characteristic of the three writers can be determined from the constellation graph 

and the values of the weighting factors. The weight on the Table1 shows the 

characteristics of each writer and the value that divides all clusters on the graph. For 

example, if we need to distinguish only about writer "Inoue" on the graph, it is good to 

incorporate the weight value "to"= 2.3 and "ato"= 7.7  (the slide bar is defined from 0 to 

10 on the graph). It is possible to use for the judgment of the literary works of the author 

not to understand, too. 

3.7 An Example Analyzing Diabetes Diagnosis Data 

Our next example shows the results that were obtained using diabetes checkup data of 

145 people who were not overweight [7].  The data consist of five items X0 to X4: 

X0: the relative weight. 

X1: the blood sugar when the person became hungry. 

X2: the area under the serum sugar curve when the person was given sugar when he/she 

became hungry; the value was recorded for three hours at 30-min intervals. 

X3: the area under the serum insulin curve when after the sugar challenge recorded for 

three hours at 30-min intervals. 
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X4: the serum sugar level at equilibrium state after an intravenous injection of insulin 

and sugar. 

The classification variable had three possible values: 

1. The person is normal, 

2. The person has chemical diabetes, and 

3. The person has clinical diabetes. 

 

Figure 7 shows the constellation graph incorporating no weighting factors.  There is no 

discernable difference between the three different diagnoses.  Figure 8 shows the graph 

when the weighting factors are included.  Table 2 gives the values of the weighting 

factors. 

 

 

Fig. 7. The graph using the unit weighting factors. 
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Fig. 8. The graph after incorporated the optimum weighting factors. All weighting 
factors are calculated so that the within-cluster variance has the minimum value and the 
inter-cluster variance has the maximum value. 

Table 2: The weighting factors, showing the kind of the diabetes diagnosis 

Daibetes Weight 

X0 

Weight 

X1 

Weight 

X2 

Weight 

X3 

Weight 

X4 

The min. of  J 

Normal 0.0 4.7 5.3 0.0 0.0 0.16 

Chemical 

diabetes 

1.0 5.7 3.3 0.0 0.0 0.23 

Clinical 

diabetes 

0.0 0.0 4.7 0.0 5.3 0.45 

Divides 

all clusters 

0.0 0.0 8.3 1.7 0.0 1.61 
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5   Results and Discussion 

A method of constructing a constellation graph using weighting factors for the variable 

was presented.  In addition, we have shown how an operator can select areas of the 

constellation graph for deletion or separate analysis at a later time.  Two examples 

showing how our program can be used to effectively data mine a constellation graph 

were discussed.  The most advantageous feature of our program is the provision of a 

means by which the operator can dynamically change the weighting factors and have 

these changes reflected instantly in the graph.  This significantly enhances the 

operator’s ability to cluster the data for data mining.  However, visual data mining using 

our program is not suitable for large amounts of data due to limitations of the graphical 

display. 

When the classification variable is categorical data, such as in our diabetes example, it 

is time-consuming to assign a unique value to each category when the number of 

categories is large or is not easily identified.  Our future work will address this problem 

by proposing a new method for handling categorical data. 
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Appendix 

Let p be the number of variables and i be the number of observations. 

 

nixxxx ipiii ,,2,1),,,,,( 321 KK =  (8) 

 

Next, pfff ,,, 21 L  are given as the real number functions. 

 

( ) pjnixf ijjij ,,2,1,,,2,1, LL ===θ  (9) 

 

ijx  is changed into an angle using condition (10). 

 

( ) pjfxf jijj ,,2,1,0 L=≤≤ π  (10) 

 

If data increases continuously, equation (11) is used. 
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)2()1( , jj xx  are determined using (12). 
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Picture a semicircle with radius 1 and mark it with degrees. 

Mark a vector ( )ijij θθ sin,cos  corresponding to ijx . 

Next, multiply the vector by the weight, jw , assigned to this vector.  The vector is 

determined by equation (13). 
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Now connect these vectors. 
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ix  and the x-axis are determined using equation (14). 
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Picture a star at the termination of ix
→

. 

By repeating the above steps for all ijx , the constellation graph is constructed. 
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Abstract: The rapid advances of mapping technology have provided new challenges 
to the KDD communities in exploiting its potential for visual data mining on spatial 
data. This paper discusses the issue of integrating this technology with data mining 
methods to provide an interactive environment for exploratory data analysis. We 
demonstrate our ideas by building highly interactive interfaces that integrate these 
tools together to enable collaboration between human experts and the system in the 
process of mining travel data. More specifically, we describe a travel visualiser and 
the role it plays in the knowledge discovery process. 

1 Introduction 
Visual data mining has emerged as one of the most popular and powerful techniques 
to discover hidden patterns in large volumes of data. This is not surprising as visual 
pattern recognition skills far exceed our ability to comprehend collections of texts and 
numbers. This sole benefit usually results in active user participation in the process of 
knowledge discovery, which in turn facilitates the development of better algorithms 
and processes for data mining in revealing interesting, hidden patterns and relevant 
anomalies in the data.  

Over the past two decades, we have seen rapid advances in the development of 
visualisation methods and tools for exploration of large amounts of spatial data 
(Andrienko and Andrienko1999, Kraak and MacEachren 1999). Many digital data 
generated today has embedded geographical information like coordinates (latitude and 
longitude) and postal codes. This information can be fully exploited to provide a 
highly interactive environment to explore and present dynamic spatial data. 

 This paper discusses the issue of integrating spatial visualisation and data 
mining tools with the database. The goal of this integration is to provide a highly 
interactive tool that facilitates both the process of uncovering patterns and 
relationships in large, complex data and providing explanation of those patterns and 
relationships. 

To address this issue of bringing these technologies together we need to 
carefully design an interface that will provide an environment for exploratory visual 
data analysis. However it would be difficult to build an interface that will fit all types 
of database as each has its own unique characteristics. Our approach is to develop 
domain-specific manipulation tools that integrates data mining methods and 
visualisation tools that enable human and machine to work together in the process of 
pattern discovery, and integrating databases with visualisation to query for relevant 
information to enable thinking, hypothesis generation, and problem solving.  

Applications using this technology have been used to solve a wide range of 
business-critical problems, including detecting telephone calling fraud, estimating the 
traffic flows in cities, and managing resources in a tightly controlled environment. In 
this paper, we illustrates our ideas by describing the use of this technique to improve 
the estimation of travel times based on information gathered by BT field engineers.  
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In the next section we describe the application domain and the rationale 
behind the work. Section 3 describes the travel visualiser which uses the mapping 
technology to display travel patterns that let the user quickly see unusual patterns, 
Section 4 covers the role of the visualisation system in the knowledge discovery 
process. The last section contains conclusions and recommendations. 

2 Travel Time Estimation 
Any organisation with a large mobile workforce needs to ensure efficient utilisation of 
its resources as they move between tasks distributed over a large geographical area.  
BT employs around 20000 engineers in the UK who provide services for business and 
resident customers such as network maintenance, line provision and fault repairs. In 
order to manage its resources efficiently and effectively, BT uses a sophisticated 
dynamic scheduling system to build proposed sequence of work for field engineers. 
This system is typically developed to schedule tasks and activities for field engineers 
in accordance with predetermined rules governing cost, travel and business targets. 
The scheduler has the ability to modify the sequence in real-time to accommodate the 
dynamics of resource availability if new high priority tasks appear on the system.  

A typical schedule for a field engineer contains a sequence of time windows 
for travel and task. To generate accurate schedules the system must have accurate 
estimates for time taken between tasks referred to in this paper as “travel time” and 
estimates for task duration. By using visual data-mining techniques we have 
implemented a system that improves the accuracy of “travel time” estimates by 30% 
compared to the previous system. Under the old “travel time” estimation system many 
engineers mainly due to underestimation of “travel time” were not able to arrive on-
time for their next task resulting in knock-on effect and inefficient schedules. This 
was evidenced by the our preliminary analysis that for some end-of-day tours field 
engineers travelled from region A to region B and then back to a location close to 
region A, causing a criss-crossing effect on the overall schedule. This deficiency 
points to an underlying problem of providing accurate estimates for “travel times” 
between jobs.  

The system collects event logs on the activities undertaken by a field engineer. 
Typically, this information comes from a system that monitors the workflow from the 
moment it issues a task to a field engineer till the task is completed. These event logs 
are also recorded and stored in a central database. A typical event log includes the 
field engineer information, the time a new task is issued, the location and region code 
of the destination site, the arrival time on site, the time the engineer accepts to carry 
on the task, and the time the task is completed. 

Note that the “travel time” is calculated as the difference between the time a 
task is issued and the arrival time on site. Specifically, a travel time includes the time 
required to leave the current site, walk to the car-park, start the car, drive to the 
destination site, park the car, and arrive at the door-step of the next customer. In most 
cases a large proportion of the travel time is driving from one site to another and the 
car-park is within the premises of the site. Unfortunately this may not be the case in 
the urban area like London or city centres where the engineers may take a substantial 
amount of time to find a car-park and to walk from the car-park to the door-step of the 
customer.  

Travel time is typically treated as a fixed overhead when scheduling jobs, and 
is extremely difficult to quantify, because factors such as road conditions, weather, 
vehicle type, route disruption, driving behaviour, traffic peak periods, etc. all 
contribute to journey times, making it difficult to prescribe an expected inter-job 
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journey time. More specifically, given a site location A and the destination location B, 
we want to predict the time, under a typical condition, it will take for a field engineer 
to travel from site A to B. 

Our own experiences in driving tells us that a collection of our past journey 
experiences, taking into consideration the above factors and discarding those 
abnormal travels where unusual events like accident occurred, gives a good prediction 
of travel times. Hence we define a theory to predict travel time as follow: 

Definition 1: If m journeys take n minutes to travel from site A to B, 
then it is likely that it would take n ±15 minutes to travel from A to 
B. 

From this theory, we know that it is crucial to carefully select the typical 
journeys to build a prediction model. For example, we should include journeys where 
there are road works that last a period of time, but should exclude those where an 
accident has occurred. We use the visual data mining approach to solve this problem 
as it would provide a useful tool to identify unusual travels. 

 Figure 1: A visualiser displays travel patterns based on estimation model. It 
shows all travels ending in the region “WAK”. The legend on the right shows the 
colour-codes representing each travel. 

3 The Travel Visualiser 
Existing visualisation tools, like scatter plot and histogram, are powerful visual aids to 
show the relationship between two attributes in a data. Over the past few years, we 
have seen a new generation of computerised visualisation tools is represented 
including MineSetTM, a data mining software from Silicon Graphics [Brunk et al., 
1997] and XGobi [Swayne et al., 1998]. The advanced visualising models of 
MineSetTM include Scatter, Map, Tree, and Evidence Visualiser. Although these tools 
are useful in many ways, they do not meet our needs in visualising travels, where 
geographical information is one important source of knowledge. 
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In order to help users actively explore and interpret data of their interest, we 
have designed a tightly coupled interface of an interactive system that provides the 
visualisation of travel patterns with facilities for geographical information, scatter 
plot, colour-coding, direct data querying, data drill-down, identifying hot-spots, and 
travel explanation. The visualiser is also integrated to other travel visualisation tools 
like AutoRoute. In this section, we briefly describe the use of each of these facilities. 

Figure 2: A visualiser displays travel patterns based on day of week. It shows all 
travels recorded for the period from 15 Feb to 7th March that starts from all 
regions and ends in “RNMLV”. Each map represents all travels done for the day, 
for example 19/2, 26/2, and 5/3 are Monday. Each coloured line represents the 
performance of a travel based on the setting specified in the legend, shown on the 
right, for example a red line shows that the travel is late for more than 35 minutes. 

We use the geographical components in the data to display the results on a 
map. Maps are more informative than simple charts and graphs, and can be 
interpreted more quickly and easily than spreadsheets or 2-D graphs. Each journey is 
represented on a map by a line using the X-Y co-ordinates of the start and end 
locations and an arrow to show the direction of the travel. This simple plot also 
implicitly reveals the distance between the two points. The performance of each travel 
is categorised into groups based on the speed of travel, for example <= 5kmph, <= 
10kmph, etc. We then define the legend by assigning different colour codes for each 
of these categories. What makes it all come together is a visual display of the travels 
on the map. Figure 1 shows a visualiser displaying travel patterns generated by an 
estimation model. The user can select the scatter plot button to display the relationship 
between speed and distance. 

 

3.1 Mapping Technology 
We include the facility to provide basic geographical information of the region, which 
is an important source of knowledge, by integrating the mapping technology in the 
visualiser. The map is based on the same mapping technology used in products such 
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as MapInfo Professional and Microsoft Map. It adds powerful mapping capabilities to 
the visualiser as it can display information in a format that is easy for everyone to 
understand.  

Figure 2 shows a visualiser that displays travel patterns based on days of 
week. By viewing the map, we can immediately know that a field engineer would 
need to make a detour to reach the destination because a river or canal separates the 
two regions, thus prolonging travel times. However, we might not be able to draw 
such a conclusion if the visualiser does not contain the geographical information. This 
feature lets the users see patterns and relationships in the mass of information quickly 
and easily without having to pore over the database.  

The map was designed such that each region represents an area code of the 
telephone numbers. It gives an abstract view of the region and omits geographical 
details such as roads and highways so as not to overwhelm the user with too much 
information. This is consistent in practice as field engineers usually have local 
knowledge of the regions and may use different approach routes to the same 
destination.   

3.2 Direct Data Querying 
A fundamental function of a visualiser is to allow the user to interact with the data 
directly for additional information. Users can click on the map to select a journey and 
the system extracts and displays all information relating to the travel from the 
database. This facility is essential to exploratory data analysis as the user can generate 
and verify hypothesis about a travel pattern by performing data drill-down, which we 
will explain in the next section. For example, a user may want to request information 
for a peculiar travel so that he can verify it against travel patterns by period of day to 
see if other travels have the same behaviour. 

 

Figure 3: A visualiser displays travel patterns based on periods of day from 15 
Feb to 7th March that starts from all regions and ends in “RNMLV”. Each map 
represents all travels done for the period, for example the first map shows travels 
done before 8a.m. while the second map from 8a.m. to 10:42a.m.  
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3.3 Data Drill-Down 
In order not to overwhelm the user with too much information on a single map, we 
provide multiple views of travel patterns including evaluation of estimation model 
(see Figure 1), days of week (see Figure 2), periods of day (see Figure 3), and driving 
behaviour of engineers (see Figure 4). Each view has been designed to be used by 
different user groups with distinct requirement for what analysis should be done and 
how data should be displayed.  

This is done by providing numerous filtering utilities in each view. For 
example, an abstract view can be displayed by selecting all travels from all start and 
end regions, whereas a filtered view can be obtained by selecting a specific start or 
end region as shown in Figure 2. The flexibility to select a date range would allow a 
user to view travel patterns by days, weeks or months. This is particularly useful when 
it is used to monitor the trend of travels in a region where a road work begins or ends. 
An operation staff may also use the visualiser to aid in decision making when 
assigning a high-priority task to an engineer who has a faster approach route to the 
site.  

Figure 4: A visualiser displays the end-of-day tour of a field engineer, ABC, on 
7th March 2001. It also displays the travel behaviour as compared to the overall 
engineers. In this case, ABC has a travel score of 59%, where 100% represents the 
best travel ranking. 

3.4 Identify Hot-Spots 
The ability to display hot-spots is an important issue in many visualisation systems. 
To address this issue, we provide facilities to allow the user to switch on travel hot-
spots. The system also suggests period hot-spots intelligently. 

A legend window, as shown in Figure 2, shows the representation of the 
colour-codes on travels. The user can select the travels they want to see on the map. 
For example if the user want to identify hot-spots, which represent travels that are late 
for more than 35 minutes, then all colour-codes, except red, in the legend are 
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unselected. This flexibility allows the user to quickly identify travel hot-spots and 
performs further investigation by using one or more drill-down views. 

Another feature of the travel visualiser (see Figure 2) is to automatically 
identify period hot-spots and display travels according to their respective periods. The 
system first reads the time-related attributes, like start and arrival time, and performs a 
supervised discretization (Fayyad and Irani, 1993) using the travel categories as the 
teacher. This feature shows the relationship between time-related attributes and travel 
and the user can easily identify on-peak and off-peak periods in a region. 

 

3.5 Travel Explanation 
One of the most fundamental issue in knowledge discovery is the ability to distinguish 
the similarities or differences between a particular record against the numerous 
patterns discovered from the mass of data. For example in the case of travel patterns, 
the user identifies a peculiarity on a particular travel and would like to know which 
other travels share the same behaviour. This would allow the user to gain deeper 
insight into the underlying patterns in the data. 

 

Figure 5: The system offers 5 likely explanations with respect to the travel 
selected.  Each box is a rule whose conditions match the values of the travel. The 
bracket at the end of each rule represent (total classified /  incorrectly classified). 

We address this issue by designing an explanation module and integrating it 
into the visualiser. The process of generating an explanation model including data 
selection, transformation, attribute selection, model building, and rules matching. This 
module has been designed to be used by different user groups. The user first decides 
the scope of data to build the model by selecting the values provided. For example in 
Figure 4, the user selects the date range to scope the explanation model, which in this 
case all travels recorded on the date, 7th March, will be used to build the model. 
Alternatively, the user, who is a team leader, may want to scope the data to his own 
OUC group. An explanation model will then be build based on the values selected.  

The system then extracts the data from the data warehouse. The data then 
undergoes a series of transformation process including global discretization of all 
numerical attributes (Fayyad and Irani, 1993), global grouping of attribute values (Ho 
and Scott, 2000), and removal of irrelevant attributes. The system then use the 
transformed data to generate an explanation model which is in the form of production 
rules (Quinlan 1993).  

When the user selects a travel on the map, the system will pass through all 
rules in the model and display those rules whose conditions match the values of the 
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travel. Figure 5 shows a typical explanation window displaying the patterns. The user 
may treat this as new hypotheses and investigate them using one or more drill-down 
views. Hence this module augments the data drill-down facilities in the system. 

3.6 Integration to other tools 
Another auxiliary feature of the visualiser is the integration of other commercial travel 
visualisation products like AutoRoute 2001, which provide driving direction from 
address-to-address. The user can select a travel on the map and request AutoRoute to 
suggest a detailed route. This facility would further facilitate the patterns searching 
process as the data analyst would have a rough idea of what route an engineer might 
take. It can also be used as a coaching tool for field engineers who do not have 
domain knowledge of the region. 

4 Knowledge Discovery Process 
We have described the travel visualiser and highlighted some of its features. As can 
be seen, this visualiser has been designed as a tool to be used for mining travel 
patterns. In this section, we will briefly describe the role it plays in each stage of the 
knowledge discovery process. 

4.1 Data pre-processing: Cleaning and Transformations 
As many data miners will testify with us that a large proportion of the knowledge 
discovery time is taken up within this stage. Visual data mining attempts to shorten 
this time by providing opportunities for closer interaction between the data, domain 
experts, and data miners. Hence, it is important that the visualiser is designed in such 
a way that domain experts, at different levels, could easily gain insights on the data. 

From Definition 1 we know that it is crucial that we accurately select m 
journeys to simulate “normal” travels, which include routes that have road works over 
a period of time, peak periods. However, we should exclude “abnormal” travels, 
including those that do not meet the legal travel requirements, for example, speed at 
100 miles per hour, and travels that were held up by an accident. Such events are 
difficult to spot as there is no travel description recorded in the data. 

By using the visualiser, the domain experts could easily point out travels that 
are classified as “abnormal”. For example field engineers are required to sign on to 
the network to register their start-of-work for the day. The system keeps a record of 
the default sign-on location for each engineer and travel times are calculated from this 
location to the first task location. However, the visualiser shows that a large 
proportion of these travels are either late or very early, and one domain expert 
explains that an engineer may not be in the default location as registered in the system 
when they signed on to the network. Such a revelation prompts us to remove all first 
job travels from the training data. With such active user participation and the aid of 
the visualiser, we are able to implement rules to remove unreliable data from the 
training set. 

After the data cleaning process, the data are transformed, reformatted, and the 
visualiser is used to verify the correctness of the new data. One such transformation is 
the discretization of time-related variables like start and arrival time. As shown in 
Figure 2, we could use the visualiser to evaluate the effectiveness of such data 
transformation.  

Kasanova 
52



 

4.2 Data Mining and Evaluation 
This step can be viewed as the automated application of data mining algorithms to 
build a predictive model that fit to the data (for example, a regression tree, a linear 
function, a set of fuzzy rules, etc.). The predictive model is then subjected to critical 
evaluations on the quality of the output, but unfortunately this step is often ignored 
and usually limited only to the statistical evaluation.  

The travel visualiser, integrated with the explanation module, is a useful tool 
for evaluating the model generated by the data mining algorithms. As can be seen in 
Figure 5, the value of the esttime is estimated by the output model. This offers some 
indications to the quality of the model. The user can use one of more views to verify 
their evaluations and provide feedback to the data miner. This may suggest a need to 
further clean or transform the data, forming a feedback loop to the KDD process. This 
cycle is repeated until the user is confident with the results. 

4.3 Deployment 
The travel trends change from day to day, and there is a need to update the estimation 
model to match the latest condition on the road. We automate the overall KDD 
process from data selection to model construction so that the model can be used 
continuously in real-time for estimating travels.  

The visualiser has the facility to allow the user to select the type of model for 
estimation, i.e. current and recommended. When the system activates the model 
update process, the current and recommended will produce the same travel 
estimations. As more travels are added to the system, the recommended model will 
gradually be different from the current. The user can use such facility to help them 
access the models and decide when to perform the next model update. This flexibility 
increases the confidence of the user in the overall system. 

5 Conclusions and Future Work 
We have demonstrated that visual data mining offers many benefits to the KDD 
process. We have carefully designed a visualiser which has complete integration to 
the database and other “off-the-shelf” visualisation tools.  

The use of the mapping technology in the visualiser has added another 
dimension to visual data mining. By providing multiple maps in a single view, the 
user could easily recognise complex dependencies between many attributes. This 
encourages active user participation as they could apply their perceptual abilities to 
gain insights to the underlying patterns of the large data sets. By using the visualiser 
as a tool for dialogues between users and developers, it speeds up the overall KDD 
process. When a visualiser is designed to be used at every stage of the KDD process, 
it increases the quality of the output model. This is evidence in our project as the 
accuracy of our proposed system significantly outperforms the existing system by 
thirty percent, which in turn causes the scheduler to produce a higher quality tours of 
work. This also improves customer service as the company could allocate a smaller 
waiting time window for the customer. 

Researchers should look beyond scatter plots in designing a visualisation tool. 
The integration of the mapping technology in a visualiser opens up many new 
challenges in visual data mining, particularly when there are geographical 
components in the data. Data visualisation is often restricted to general-purpose tools 
provided by most commercial data mining packages. Many such tools are usually 
catered for scientists but not domain experts. In many situations, developing an 
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application specific visualiser would significantly improve the environment for the 
data exploration process. 
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Abstract

Understanding various characteristics of potential customers is impor-
tant in the web business with respect to economy and efficiency. When
analyzing a large data set on the customers, the structure of data can
be highly complicated due to the correlations and redundancy of the ob-
served data. In that case a meaningful insight of data can be discovered
by applying a latent variable model to the observed data. Generative
topographic mapping (GTM) [2] is a latent graphical model which can
simplify the data structure by projecting a high dimensional data onto a
lower dimensional space of intrinsic features. When the latent space is a
plane, we can visualize the data set in the latent plane. We applied GTM
methods in analyzing the web customer data and compared their rela-
tive merits on the clustering and visualization with other known method
like self-organizing map (SOM) [10] or principle component projections
(PCA). When applied to a KDD data set, GTM demonstrated improved
visualizations due to its probabilistic and nonlinear mapping.

KEYWORDS: visualization, generative topographic mapping (GTM), self-organizing
map (SOM), clustering, web data mining

1 Introduction

The complexity and amount of data in commercial and scientific domain grow
explosively by the advance of data collecting methods and computer technologies
and the development of internet has changed patterns and paradigm of busi-
ness in an unprecedented way The application of data mining techniques to web
data and related customer information is important with respect to economy
and efficiency. For efficient analysis of such data, the understanding of struc-
ture and characteristics of data is essential. The complex nature of data can
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be expressed through various models. The model from biological origin is the
neural networks which is inspired from extraordinary capabilities of biological
systems (via ensembles of neurons) in learning a complex task. By training the
neurons in the artificial neural networks the case with several input features can
be classified with (supervised) or without (unsupervised) knowing the target [8].
A graphical approach for expressing the data structure can be done by using
Bayesian belief networks which show graphically the inter-relations of the vari-
ous features with local conditional probabilities and log-likelihood of fitness [14].
More direct and intuitive methods of expressing the data structure are the visu-
alization of data through dimension reduction from data space into the visible
2D or 3D space. One of traditional methods is PCA by projecting the data into
a lower subspace through minimizing errors. PCA intrinsically assumes that
the given data structure can be modeled by linear or flat planes and can show
meaningful data structure when this is the case. For the general nonlinear case,
SOM is used for visualization. SOM can reflect the structure of the data [10]
by expressing the cluster centers in the 2D plane topographically. By selecting
the winning node in the plane for each data point, the high dimensional data
can be visualized. GTM [2] is a more flexible way of data visualization using a
generative model based on their posterior likelihood. GTM can be thought as a
nonlinear PCA [7]. Like SOM, GTM maps high dimensional data into a visible
2D plane using predetermined grid. By selecting each grid point in probabilistic
way, GTM can project each data point over the entire plane allowing better vi-
sualizations. GTM can be connected with SOM by regarding the latent vector
as a neuron and the basis function as a connecting strength between neurons
[9]. For the clustering of data, we projected the data into the latent space and
performed the clustering analysis using k-means clustering algorithm. For the
case of SOM, [16] has used the node set as a projection of data for the clustering.
But due to the limitation of nodes, the projection is limited to the given nodes
(compare Figure 4 and 5 in Section 3).
We will explain more details about GTM in Section 2 and apply them in analyz-
ing the KDD 2000 data of web customers. In section 3, the results of analyzing
KDD data under several feature selections are discussed. In section 4, some
conclusions and future works are discussed.

2 Visualizing complex data by generative topo-
graphic mapping

In the analysis of high dimensional data, there are several extensively used di-
mension reduction methods. The latent variable model is one of the methodolo-
gies by assuming hidden variables and finding the relationships between observed
data and hidden variables. GTM can be regarded as a nonlinear generalization
of factor analysis to model the nonlinear mappings between latent space and
data space. The complexity of data can be taken as a reflection of the intrin-
sic features or factors and if we can express the data in terms of this intrinsic
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features, the data complexity can be greatly reduced allowing correct and easy
analysis. GTM assigns each data point to a set of grids based on a probabilistic
model (soft clustering) while in SOM the data point is assigned to the closest
node or neuron to the data point (hard clustering). Since in GTM, each grid
can assume a posterior probability of taking a data point, the clustering can be
expressed over the whole latent space.
SOM is an unsupervised neural network algorithm inspired from the biological
phenomenon of human brain. When the external images are perceived in the
sensory cortex of brain, part of the neurons are stimulated to respond for the
incoming spatial images. Similarly SOM maps each high dimensional data point
to a 2 dimensional array of nodes preserving topologies of the data structure.
By updating reference vectors repeatedly the data structure is reflected in the
nodes of the plane. The expression of data structure by SOM is limited on
the given node set by winner-take-all selection method and the relationship be-
tween data and node set is ambiguous. GTM allows more flexible expression
by adopting soft clustering through responsibility of each data point. GTM is
a nonlinear PCA for a set of basis functions and much more flexible than PCA
when the relationship between feature and latent variable is not linear.
The basic assumption of GTM is through a generative model which defines a
relationship between data space and latent space [2]. For t ∈ RD (a data space),
x ∈ RL (a latent space) with noise e and a parameter matrix W , the form of
generative model of a non-linear mapping y becomes

t = y(x,W ) + e

where y(x,W ) is a product of basis function and weight vector for each observed
data. The data point is assigned according to its posterior probability or re-
sponsibility. The responsibility of assigning the n-th data point to the k-th grid
point is

rkn = p(xk|tn,W ) =
p(tn|xk,W )p(xk)

p(tn|W )

To avoid computational difficulties in calculating the denominator, the distri-
bution of x in the latent space is assumed to be a grid.

p(x) =
1
K

K∑

k

δ(x − xk)

Under appropriate settings, it can be shown that this grid vector in the latent
space corresponds to a neuron of the SOM and the corresponding basis function
corresponds to a binding strength between data and neuron [9].

The basis functions usually consist in three different forms corresponding to
bias, linear (polynomial) trends and nonlinearity of the data

{1, x,Φ(µ;σ2)}
where Φ is a Gaussian kernel.
Given the specified grid and a set of basis functions, the data can be modeled
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iteratively using EM algorithm by updating the parameter matrix W (M-step)
and assigning each data point according to its responsibility (E-step). After
modeling the data structure, the data can be projected into the latent space
according to the posterior probabilities of grid points for visualization. We
analyzed a real web data using topographical mapping methods and compared
their visualization aspects in great detail in the next section.

selection Discriminant Decision naive Bayes
criteria analysis trees
selected v229, v240, v304 v234, v237, v240 v18, v108, v229
feature v368, v283, v396 v243, v245, v304 v369, v417, v451
sets v394, v80 v324, v368, v374 v452, v457

v412

Table 1: The composition of feature sets from the three different selection cri-
teria

3 Web customer data mining and visualization

KDD Cup 2000 data (Question 3) is a record of the web customers who have
visited an internet company, Gazelle.com which sells leg care/wear items during
the period of Jan. 30, 2000 ∼ March 30, 2000. Understanding these customers
can save lots of money and time and provide a useful directions for future
marketing and saling of this company. The primary concern of the company is
to analyze the characteristics between heavy spenders who spend over $12 and
light spenders who spend less than $12. The data has 426 features over 1700
cases with a target variable for indication of heavy/light spenders. The features
are various measurements of categorical, discrete and continuous characteristics.
Examples of features include residence area (categorical), age (discrete), income
(discrete), rate of discounted items (continuous) and so on.

3.1 Feature selection

Since there are over 400 various measurements of features in the data set, ap-
propriate feature selection for the purpose of data analysis is necessary before
applying the latent variable model. Feature selection process [3] is summarized
in the following four steps: (1) generation of feature set (2) evaluation by spe-
cific criteria (3) stopping conditions (4) validation by test set.
In each step of the selection process an appropriate evaluation method has to
be assumed. Distance measure and information gain are two typical selection
criteria for the measure of discrimination of clusters. The distance measure is
used in evaluating the feature set by measuring the distance between clusters
while the information gain is used by measuring the prior and posterior entropy
for the feature set. The distance measure used for instance in the discriminant
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Figure 1: Three GTM plots of KDD data by the feature set selected from discriminant
analysis (above), decision tree (middle) and naive Bayes criteria (below) .(o: light
spender, x: heavy spender)
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Figure 2: The PCA plot of KDD data ( ’x’: heavy spenders ’o’: light spenders

analysis is the Mahalanobis distance that is a generalization of Euclidian dis-
tance. The densities of each class can be assumed as multi-variate normal or
can be estimated by non-parametric density estimations based on kernels or
k-nearest neighbor methods [6].
For the selection method, distance measure uses stepwise selections to avoid the
redundancy in the feature set. The selection of attributes in the discriminant
analysis can be controlled by adjusting the threshold values of selection criteria.
On the other hand the decision tree algorithm [12] is utilizing the information
gain and the features in the pruned trees can be selected. Other than above two,
naive Bayes classifiers [11] select features by calculating the posterior probabil-
ity of feature selection assuming the conditional independence of features given
the target value.
Table 1 shows different sets of features in the KDD data which are selected by
each selection method mentioned in the previous section. The discount rate in
ordered items (v229,v234 ∼ v237), the weight of items (v368, v369) are com-
mon for all three methods and the minimum order shipping amount (v304) is
common for the first two selections. The third selection contains several inter-
esting features: the geographic location (v18), products purchased on Monday
(v108), number of lotion, men, children product views (v417, v451, v452) and
average time spent for each page view (v457). The features about men’s sports
collections (v283), house value (v80), number of free gift (v394), vender (v396)
views are in the first selection set. Order line amount (v243, v245), number

Kasanova 
60



−1 −0.8 −0.6 −0.4 −0.2 0 0.2 0.4 0.6
−0.6

−0.4

−0.2

0

0.2

0.4

0.6

0.8

1

<4>

<1>

<3>

<2>

<7>

<5>

<6>

Figure 3: The GTM plot of KDD data with 7 clusters. ’x’: heavy spender, ’o’: light
spender

of leg care, replenishment stock, main template views (v324, v412, v374) are
among the second set.
In Figure 1, the plots of three methods applied to the KDD data are compared
with respect to the clustering and visualization. The first plot shows a cluster
of light spender and three groups of heavy spenders. The second plot has two
clusters of light spenders and a cluster of mixed spenders. The third one shows
two clusters of light spenders mixed with heavy spenders. The performance of
each selection method depends on the nature of data and it is not easy to see
which method is better than the others with respect to the visualization.

3.2 Data mining and visualization

We selected 8 variables by parametric discriminant analysis with 75.1 % of
canonical correlation rate and used them for the analysis of KDD data. In
PCA plot (Figure 2), the clustering of heavy/light spenders is not so evident.
Especially in one cluster (the bottom left cluster in Figure 2) they are heavily
mixed indicating non-linear trend of KDD data.

Such ambiguities are greatly resolved in GTM plot (Figure 3) where the
clusters are divided and reshaped into 7 clusters. The heavy spenders are divided
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Figure 4: The SOM of KDD data marked with 7 clusters of GTM. The darker color
indicates longer distance between neurons

Figure 5: The SOM for the whole set and for each variables: v229,v240,v368
,v283,v396 and v80
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Figure 6: The hierarchical GTM plot of KDD data. The three plots are for clusters
1, 2 and 6 each from top to the bottom
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cluster 1 2 3 4
# heavy /light 76/9 141/10 62/0 0/38

spenders
wear frequently hosiery hosiery hosiery trouser socks
(·/overall%) (34.2%/17.6%) (29.6%/17.6%) (38.3%/17.6%) (24.3%/15.2%)
hear from friend/family friend/family other other
(·/overall%) (6.6%/33.4%) (9.9%/33.4%) (40.3%/29.4%) (54.1%/29.4%)
residence area west west east east
(·/overall%) (27.6%/15.2%) (27.6%/15.2%) (53.2%/39.5%) (94.6%/39.5%)

Table 2: The composition of seven clusters and their characteristics

cluster 5 6 7
# heavy /light 3/46 89/1297 3/117

spenders
wear frequently . casual socks athletic socks
(·/overall%) (34.3%/27.8%) (47.9%/17.0%)
hear from friend/family
(·/overall%) (46.7%/33.4%)
residence area middle west
(·/overall%) (26.7%/15.9%) (49.9%/15.2%)

Table 3: The composition of seven clusters and their characteristics (cont’d from
Table 2.)

into cluster #1 (mixed with 11.84% of light spenders). #2 (mixed with 7.09%
of light spenders) and #3 (not mixed) and the light spenders are divided into
clusters #4 (not mixed), #5 (mixed with 6.12 % of heavy spenders), #6 (mixed
with 6.86% of heavy spenders) and #7 (mixed with 2.56% of heavy spenders).
Each cluster shows its own characteristics (Table 2 and 3). One notable result
is the formation of cluster #4 which is exactly the group of people who have
more than 40% of discounted items in their ordering.
Facts from the KDD data indicate that customers who know the company by
hearing from friend/family are light spenders ($8.80), by other way are heavy
spenders ($32.19) and customers wearing athletic and casual socks are light
spenders. Clusters #1 ∼ #3 reflect the first two facts and clusters #6 and #7
reflect the third fact (Tables 2 and 3).
In Figure 4, the analysis of KDD data by SOM is proved in U-Matrix (unified
distance matrix) with labels of clusters and component-wise SOM plots for each
feature are also provided. The U-matrix in the SOM visualizes the relative
distance between the neurons by different tones of coloring scales (in Figure
4, darker color represent larger distances between neurons as indicated in the
middle scale bar)
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There appear about 7 ∼ 9 clusters in the SOM plot divided by dark bound-
ary of the scaled grey level. Clusters #7, #4, #3 and #6 can be identified
easily whereas clusters #1,#2 and #5 are expressed as two clusters each. In
component-wise SOM (Figure 5), v229 (the rate of discounted item in order)
and v240 (rate of friend promotion in order) highlight clusters #1∼#3, clusters
#4 and #5 whereas v304 (minimum shipping amount) highlights #4.
For KDD data, PCA does not show the structure of the data since the complex-
ity of data goes beyond linearity. In SOM, several clusters are visualized but
there still remains some ambiguity since the expression is limited up to the node
set. Much flexibility is allowed in GTM since data points can be expressed over
the whole latent plane expressing each cluster more compactly. For instance,
cluster #4 (lower left corner) in SOM plot (Figure 4) is expressed in GTM as a
point reducing ambiguity greatly.
To understand the characteristics of data of complex features, we visualized hi-
erachically the structure of data into the latent plane by GTM in Figure 3 for
clusters 1,2 and 6. Depending on the purpose of analysis, each cluster can be
further visualized.

4 Conclusions and discussions

We have used GTM for mining a real-life web data. Applied to the KDD Cup
2000 data, the results were compared with those of PCA and SOM. GTM showed
a meaningful cluster structure and provided a clear underlying structure of clus-
ters. Since GTM relies on a generative model for the visualization, features are
assumed to take continuous measures and categorical variables are not consid-
ered in the formation of modeling. Missing values are treated as taking another
value (= 0) in this analysis. If they are approximated properly, a more infor-
mative results can be expected. Automatic visualization system based on GTM
can be developed with proper parameter selection plans as a future application.
When the structure of data is changing dynamically through time, the corre-
sponding visualization process would be much more complicated. Appropriate
methods are waiting for the future development.
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Abstract. Information visuali zation is a process that transforms information 
into a visual form, thus enabling the user to observe it. By graphicall y 
presenting data, the user may discover new and useful properties, their 
correlations, and also detect possible deviations from the expected values. In 
this paper, after discussing some ideas about possible fruitful use of 
visuali zation for data mining, we present a visuali zation module we are 
developing in the context of a project funded by the European Union. The 
project aims at offering on-line innovative services to support the business 
processes of trade fairs, both real and/or Web-based virtual fair. This module 
generates data visuali zations on the WWW, which are exploited to facilit ate 
human-computer interaction, to allow easy access to the stored data, and to 
present the retrieved information in appropriate ways, thus helping users in 
their data analysis activiti es. 

1 Introduction and Motivation 

Visual representation have the capabilit y of shifting load from the user's cogniti ve 
system to the perceptual system. Indeed, information needs to be visualized in an 
information space in order to be retrieved by users. This visualization can either be 
carried out by the users in their own mind, in which case it is essentiall y the users' 
conceptualisation of that information, or it could be accomplished by the system, in 
which case the visualization is generated on the display screen. The latter is actuall y 
called information visualization, and is defined as "a process of transforming 
information into a visual form enabling the user to observe information" [1]. Recent 
research has proved that a suitable visualization can reduce the time to get 
information, and to make sense out of it. In the field of information systems, 
visualizations have a wide range of applications: they can be used for visualizing 
various types of meta-information, as well as queries and retrieved results. 
Moreover, by allowing dynamic user control of the visual information through 
direct manipulation principles, it is possible to traverse large information spaces and 
facilit ate comprehension with reduced anxiety. In a few tenths of a second, humans 
can recognize features in mega-pixel displays, identify patterns and exceptions, 
recall related images. The use of proximity coding, colour coding, size coding, 
animated presentation, and user-controlled selections enable users to explore large 
information spaces rapidly and with fun. 
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Because of these characteristics, we believe that information visualization 
techniques may be very fruitful for data mining [2]. They may especially support 
post-processing activities necessary to fully understand the results of a data mining 
application [3]. Information visualisation can be also considered in some way a data 
mining technique itself, and the one that involves more interaction between users 
and system. Indeed, graphically presenting data may allow user to discover new and 
useful properties, their correlations and also detect possible deviations from the 
expected values. Use of colour may highlight data aggregations, use of animation 
may allow to quickly go through multiple levels of details (see for example [4]). A 
further advantage of this type of techniques is that users do not need to know what 
kind of phenomena they should observe in order to discover anything interesting or 
unusual. We are confident that useful techniques can be derived from the 
information visualization area to support the work performed by machine learning 
and data mining communities for analyzing huge amount of data.  
In this paper, we describe how some visualization techniques can be advantageously 
applied in FAIRWIS (trade FAIR Web-based Information Services), a project 
funded by the European Union, which aims at offering on-line innovative services 
to support the business processes of trade fairs, both real and/or Web-based virtual 
fair.  More specifically, the paper is organized as follows. In Section 2, we briefly 
survey some information visualization prototypes that primarily inspired our work. 
We then discuss some information visualization guidelines in Section 3. Section 4 
describes the FAIRWIS project, while Section 5 illustrates the visualization 
techniques that are exploited to allow easy access to the stored data, and to present 
the retrieved information in appropriate ways, thus helping users in their data 
analysis activities. 

2 Information Visualization Prototypes  

We are all familiar with direct manipulation interfaces; their success testify the 
power of using the computer in a more visual manner. Direct manipulation is based 
on some fundamental concepts, such as the visualization of actions and objects of 
interest, the use of fast, incremental and reversible actions, and the immediate 
visualization of the result. Visual displays give the possibility of showing 
relationships by proximity, containment, connected lines, color coding, etc. 
Highlighting techniques, like blinking, brightening, reverse video can be used to 
focus the attention to specific items among thousands of items. Rapid selection can 
be performed by pointing to a visual display. 
By visually presenting information, we exploit the potentiality of visual perception 
of human beings. Visual presentations are particularly useful since they allow users 
to activate perceptual procedures to quickly obtain the desired results. Such 
procedures substitute the logical inferences the user should perform without a visual 
presentation.  
Exploring large multi-attribute databases is greatly facilitated by presenting 
information visually. Among different visualization techniques of databases 
proposed in the literature, Ahlberg and Shneiderman have proposed starfield 
displays [5], that plot items from a database as small selectable spots (either points 
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or small 2D figures) using two of the ordinal attributes of the data as the variables 
along the display axes. The shown information can be filtered by changing the 
range of displayed values on either axes. If this is done incrementally and smoothly, 
the result is zooming in and out on the starfield display, and the user can track the 
motion of the spots without getting disoriented by sudden, large changes in context.  
The values of other attributes of the database can also be varied by the user through 
appropriate widgets that allow performing dynamic queries [6]. This is a very 
interesting visual query formulation technique (see [7] for a classification of such 
techniques), based on range selection, i.e. it allows a search conditioned by a given 
range on multi-key data sets. The query is formulated through direct manipulation 
of graphical widgets, such as buttons, sliders, and scrollable lists, with one widget 
being used for every key. The user can either indicate a range of numerical values 
(with a range slider), or a sequence of names alphabetically ordered (with an alpha 
slider). Given a query, a new query is easily formulated by moving the position of a 
slider with a mouse; this is supposed to give a sense of power but also of fun to the 
user, who is challenged to try other queries and see how the result is modified.  
Higher usability is ensured if the query results fit on a single screen and are 
displayed quickly, i.e. within a second [8]. Moreover, input and output data are of 
the same type and may even coincide. As a consequence, dynamic query 
applications typically encode multi-attribute database items as dots or colored 
polygons on a starfield display. 
A first application of dynamic queries is shown in [6] and refers to a real-estate 
database. There are sliders for location, number of bedrooms, and price of houses in 
the Washington, D. C. area. The user moves these sliders to find appropriate houses. 
Retrieved ones are indicated by bright points on a Washington, D. C. map shown on 
the screen. Another interesting application that combines dynamic queries and 
starfield displays is FilmFinder [5]; it allows information about movies to be 
retrieved by providing names of actors, actresses, or movie directors through 
Alphasliders, or values of other attributes through appropriate range sliders and 
buttons. The user can select some values by using a slider, and this first choice 
determines the set of values that can be selected with the remaining widgets. For 
example, if the user has selected a specific movie director, only names of actors and 
actresses who worked with that director can be selected next. This strategy is called 
tight coupling and it is aimed at preventing users from specifying null sets. In other 
words, query widgets and their related query formulation mechanisms are designed 
to interact with each other to avoid empty query results; this is achieved by 
restricting users to specify query criteria that lead to non-empty results. A tightly 
coupled query is then a series of filters selecting a subset of a database. For each 
new filter that is set, users can only select values of the remaining filters that let 
through at least one database object still existing after the last filter. 
Dynamic queries are also called direct-manipulation queries, since they are based 
on the same fundamental concepts of direct manipulation illustrated above. One of 
the big advantages of such interaction technique is that it allows focusing the 
attention on the task users have to perform. Objects of interest are all displayed so 
that actions occur in the high level semantic domain. Each command is a 
comprehensible action in the problem domain whose effect is immediately visible; 
this relieves the user from the burden of decomposing tasks into syntactically 
complex sequences, thus reducing user load in problem solving. The sliders are a 
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good metaphor for the operation of entering a value for a field in the query: 
changing the value is done by a physical action instead of entering the value by a 
keyboard. Such action is easil y reversible by moving the drag box, if the obtained 
results are not what users expected. No action is ill egal, hence error messages are 
not needed. More references to work on dynamic queries can be found in [9]. 
At Xerox PARC in the last ten years a group of researchers has developed several 
information visualizations, with the aim of helping the users understand and process 
the information stored into the system [10, 11, 12, 13]. They have created the 
"information workspaces", i.e. computer environments in which the information is 
moved from the original source, such as networked databases, and where several 
tools are at disposal of users for browsing and manipulating the information. One of 
the main characteristics of such workspaces is that they offer graphical 
representations of information that facilit ate rapid perception of the overall patterns. 
Moreover, they use 3D and/or distortion techniques to show some portion of the 
information at a greater level of detail , but keeping it within a larger context. These 
are usually called fisheye techniques [14], or alternatively focus + context, that 
better gives the idea of showing an area of interest (the focus) quite large and with 
detail , while the other areas are shown successively smaller and in less detail . Such 
an approach is very effective when applied to documents, and also to graphs [15]. It 
achieves a smooth integration of local detail and global context. It has more 
advantages of other approaches to filter information, such as 1) zooming or 2) the 
use of two or more views, one of the entire structure and the other of a zoomed 
portion; the former approach shows local detail s but looses the overall structure, the 
latter requires extra screen space and forces the viewer to mentall y integrate the 
views. In the focus + context approach, it is effective to provide animated 
transitions when changing the focus, so that the user remain oriented across 
dynamic changes of the display avoiding unnecessary cogniti ve load. The 
Perspective Wall [10] provides a good example. For other techniques developed at 
Xerox PARC see [11]. 
Numerous prototypes have been proposed for information visualization. The ones 
mentioned above are among those providing novel ideas that have inspired our 
work. A very good reference for a survey of information visualization techniques is 
[16]. 

3 Supported Tasks in Information Visualization 

There are many visual design guidelines. A central principle for information 
visualization might be summarized in the Shneiderman's Visual Information 
Seeking Mantra "Overview first, zoom and filter, then details on demand" [17]. The 
overview allows the user to grasp the content of the application and its distribution 
across the different attributes. Providing an overview is particularly useful in 
WWW interfaces for information systems that give users direct access to the 
content and interconnections within an information domain. WWW navigation 
should be stimulating and attractive for the users; unfortunately, due to the large 
amount of accessible information, the search of some detailed information can often 
become a long and complex activity for the user. One of the main problem is the 
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diff iculty users have in generating their mental model of the system they are 
interacting with; it can be diff icult for them to grasp the kind of information stored 
and the modalit y for managing it. Such a problem is particularly serious since 
WWW interfaces are mostly used by occasional users, who are not willi ng to 
perform an in-depth study, but need to easil y grasp the kind of information they can 
have and want to get it quickly. 
Zooming is another interesting task, since users typicall y have an interest in some 
portion of a collection, and they need tools to enable them to control the zoom focus 
and the zoom factor. A satisfying way to zoom in is to point to a location and to 
issue a zooming command. Smooth zooming helps users to preserve their sense of 
position and context. Another popular approach for keeping the context while 
zooming some areas of interest is the fisheye strategy [14]; the fisheye distortion 
magnifies one or more areas of the display. 
Users may filter out uninteresting items, so that they can quickly focus on item of 
interest. Dynamic queries applied to the items in the collection constitute one of the 
key ideas in information visualization [5]. Sliders, buttons, or other control widgets 
coupled to rapid display update are used for the filter task. 
We can select an item or a group of items to get detail s. Once we have obtained a 
few dozen of items, it should be easy to browse the detail s about the group or 
individual items. The usual approach is to simply cli ck on an item to get a pop-up 
window with values of each attribute. In Spotfire [18], the detail s-on-demand 
window can contain text with links to further information. 
Besides the four tasks explicitl y mentioned in the Shneiderman's Mantra, three other 
tasks are very useful in information visualization, namely relate, history, extract. 
Referring to the first, users can view relationship among items. In the FilmFinder 
detail s-on-demand window [5] users could select an attribute, such as the film's 
director, and cause the director Alphaslider to be reset to the director name, thereby 
displaying only films by that director. The Table Lens emphasizes finding 
correlations among pairs of numerical attributes [11]. 
We can keep a history of actions to support undo, reply, and progressive refinement. 
Information exploration is inherently a process with many steps, thus keeping the 
history of actions and allowing users to retrace their steps is important. 
Once the users have obtained the item or the set of items they desire, it would be 
useful for them to be able to extract that set and to store into a file in a format that 
would facilit ate further uses, such as sending by e-mail , printing, inserting into a 
presentation package. As an alternative to saving the result set, they might want to 
save the settings for the control widgets.  

4 Data Analysis in Trade Fairs: the FAIRWIS Project 

FAIRWIS (Trade FAIR Web-based Information Services) is an on going project at 
the University of Bari, funded by EU this project aims to offering on-line innovative 
services to support the business processes of real trade fairs as well as providing 
information services to a great number of exhibitors organised in a Web-based 
virtual fair. FAIRWIS has a real time connection with an underlying database to 
guarantee coherence of data and up-to-date status.  
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Traditionally, information media for supporting trade fair events is paper-based: 
booklets, flyers, maps, etc. are the means used to exchange information. In recent 
years, some Web-based information sites have been made available, providing 
information both on trade fair events and on companies participating in these fairs. 
However, these data are not organised in an integrated, homogeneous and 
comprehensive way, since are usually presented in a rigid pre-designed company 
oriented style. Moreover, currently available Web sites exploit static data that it is 
diff icult to update and to put on-line in an appropriate format.  
Presenting data on the WWW in a convincing and understandable way requires a lot 
of work when data change dynamicall y; in particular it is diff icult to modify the 
graphical layout without disorienting the users. We describe a module of the 
FAIRWIS system, devoted to the generation of data visualizations that are exploited 
to facilit ate human-computer interaction and to allow easy access to the stored data. 
By presenting the retrieved information in appropriate ways, specific categories of 
user to whom FAIRWIS is primaril y addressed, namely fair organisers, exhibitors, 
and professional visitors (people who visit the fair for business reasons and not only 
for fun), will get a valuable help in the different phases of the decision making 
processes they may undergo to improve their own business. 
FAIRWIS aims to both support real trade fairs and offer on-line innovative services 
regarding a virtuall y unlimited number of companies, products and events. The 
whole concept of trade fairs is transferred into an electronic form, and visualisation 
techniques, including virtual realit y, are used in order to provide “realit y” feelings 
to the users of trade fair information systems. The project does not aim at 
substituting, but at enhancing the existing traditional approach of getting people 
together.  
The software module here described presents a WWW interface that allows users to 
easil y retrieve information useful for their marketing activities. The aim of the 
FAIRWIS marketing component is to manage and improve interactive relationships 
among the FAIRWIS users. More specificall y, fair organisers and company 
managers may forecast their company activity on the basis of history data available 
in the database. To this purpose, they need techniques that enable them to discover 
specific trends of the stored data. To provide support to the users in this process, we 
have developed a prototype that exploits an information visualisation technique 
known as query previews [19]. It is presented in the next section. 

5 Analyzing FAIRWIS Data Through Query Previews 

Within the FAIRWIS project we examined hundreds of Web sites related to trade 
fair events and we discovered that most of them do not provide any mechanism for 
analysing the data they may possibly store in underlying databases. A web site that 
makes some kind of data analysis is CIBUS, a fair event of Fiera di Parma trade 
fair, which stores in a database data of the exhibiting companies, and makes them 
available for the final user on the WWW [20]. The users can make query by 
choosing the filter criteria of several attributes, thus retrieving the companies that fit 
their needs. 
As shown in Figure 1, the user may choose among the attributes such as the 
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company sector (settore di produzione), the product type (tipologia), the company 
income (classe di fatturato), the number of employees (numero dipendenti) and so 
on. When the user has selected some of these attributes, he or she cli cks on the 
button “ inizia ricerca” to retrieve the companies of interest. This kind of interface 
has some drawbacks. It does not provide the user any hints about the actual content 
of the database, for example the user doesn’ t know if there are exhibitors whose 
company sector is carni congelate or if there are exhibitors coming from a certain 
town. As a consequence, after the user has spent time for inputting several attribute 
values, very li kely he or she gets as result an empty dataset, as shown in Figure 2, 
where the message in Italian says that the search did not find any company. 

 

Fig. 1. A screenshot of CIBUS: the user can input values of several attributes to find the 
companies of interest. 

Kasanova 
73



  

 

Fig. 2. The result of a query in CIBUS often gives an empty data set. 

To overcome these problems, in FAIRWIS we designed a visualization tool that 
provides users a rapid overview of the information stored in the fair database in 
order to support the users’ data analysis. This overview shows the data distribution 
along some major attributes. Then, we use dynamic queries and query previews to 
support eff icient query formulation [19]. As we said in Section 2, dynamic query 
user interfaces apply the principles of direct manipulation and imply: 1) visual 
representation of the query and of the results; 2) rapid, incremental and reversible 
control of the query; 3) selection by pointing (no typing); 4) immediate and 
continuous feedback. 
Query preview interfaces provide the possibilit y of easil y getting preliminary 
information about data interesting for the user, making visible the problems or gaps 
in the metadata that are undetectable with traditional form fill -in interfaces. In this 
way, the user may rapidly eliminate undesired datasets and also preview the size of 
the result set to avoid the so-called zero-hit queries, i.e., queries that provide an 
empty set as result. 
In order to see how a query preview interface works, let us refer to the FAIRWIS 
prototype. Let us suppose the organiser of a fair on agriculture wants to perform a 
segmentation of the exhibitors of the last edition of the fair. In order to help the 
users (in this case fair organisers) in their analysis, we allow them to some major 
attributes for generating a data overview and then perform some query previews. 
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Fig. 3. A first Web page in which a user is invited to select three major attributes. 

In Figure 3, the user can select some attributes (three in this prototype) of interest. 
Let us to suppose that the user selects the attributes Fair sector, Geographic Area, 
Requested services. The resulting overview is shown in Figure 4. In the overview, 
data distribution is displayed along these attributes. 

 

Fig. 4. A Query Preview interface for Fiera Agricoltura 2000. 

The user immediately gets a lot of information from the overview: for example, no 
company comes from South Africa (Africa meridionale) so that it is useless to 
perform any query with Africa meridionale as Geographic Area since it will return 
a empty data set. The user also sees that 96 exhibitors come from Central Europe 
(Europa centrale), and so on.  
The interface allows the user to perform previews of data, for example by clicking 
on the value Conservaz dei prod agricoli, only the records with this attribute value 
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will be selected and the number of retrieved data is updated consequently, as shown 
in Figure 5. We also provided the possibilit y of sorting the shown elements. The 
user can sort the values in numerical order by cli cking on the icon on top of the 
numerical value of the retrieved record. 
If the query preview shows too many records, it would not be useful to visualize all 
of them. In this case, the system allows query refinement by cli cking on the button 
“Refine query” . The query refinement phase supports dynamic queries over other 
relevant attributes of the database. In this way, the user can get a reduced set more 
meaningful for his or her interests. Once we get the li st of the retrieved records, 
detail s on a specific record can be obtained by cli cking on an element of the li st, 
and a window with all available information on that specific company appears on 
the screen. 

 

Fig. 5. Results of a query preview. The user has selected the value Conservaz dei prod 
agricoli for the attribute Fair sector and only the 326 companies exhibiting in that sector are 
retrieved. 

6 Conclusions 

The prototype presented here is part of the on-going project FAIRWIS carried out 
with other partners in the European Union. FAIRWIS primaril y addresses the needs 
of professional users in the fair context, namely fair organisers, exhibitors, and 
visitors attending the fair for business reasons.  
We have shown some functionaliti es of a data analysis engine module that allows 
users to easil y retrieve information useful for their marketing activities. The module 
exploits information visualization techniques that are capable to give to the users 
useful hints on meaningful patterns of data. As Klösgen says, “knowledge discovery 
in databases can be divided into paradigms such as search, visualization, navigation, 
and low level strategies for searching and evaluating patterns. Visualization gives a 
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feeling for the contents of the data and presents findings” [21]. Our work is in 
accordance with this perspective. 
Other tools are under development in order to allow the FAIRWIS users to manage 
their interactive relationships, and to improve their company activity by letting 
them to directly take full advantage of the data available in the system database.  
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Abstract. Visualization is increasing its role in the search for meaning in com-
plex data. Two important issues are: a) choice of visualization method; b) com-
prehension of resultant visualizations.
This paper proposes a new concept, signature exploration, which is defined as
the exploration of the behaviour of a visualization algorithm by means of the use
of specially constructed data sets. Five types of constructed data are suggested;
generic, constructed, query, landmark and feedback.
Two examples of signature exploration are described - a feasibility test and a
feedback application. The feasibility test results indicate the value of the concept
and the desire of users for an interactive interface for the entry and exploration
of datasets containing specified features. The feedback application involves user
placement of a subset of entities, which enables comparison with the various
placements for different algorithms, as well as arrangement of other entities not
in the original subset.

1 Introduction

Many people recognize the increasing importance of visualization in examining the
mass of data that surrounds us - identifying the value of existing visualization tech-
niques, as well as the need to explore the new possibilities offered by technological
advances to extend the role and range of types of visualization. Researchers in the field
of cognition and perception urge us to take advantage of the substantial work completed
in this area [18], while others point to the difficulty of applying this work [7].

In looking at information visualization from a data mining perspective, a complex
data set must be transformed to a level at which it can be displayed, as constrained by
the medium. A general loss of comprehensibility usually results. A 276 dimensional
matrix of data for 100 entities can be reduced to a neat scatterplot (see figure 5), but can
sense be made of the resulting patterns?

Thus we consider the loss of meaning associated with visualization transformations
of complex data. The ideas presented here have developed out of initial visualizations
of data involving dimension reduction using the tool Space Explorer [13,15,14] and in
the context of ongoing work to address the problem of visualizing complex data. Space
Explorer is a visualization application for multivariate and proximity data. In an initial
investigation it was shown how one data set can be displayed in a number of different
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ways, producing different clusters and outliers (see again figure 5). This is a well known
problem, but one for which general solutions are not evident.

Intuitively the user wants initially to construct sets of data (rather than starting with
a large unknown one) and see what the visualization algorithm does with these test sets.
We take a data set that we feel we know and see what it looks like in the visualization.
We think this will help us in two ways, firstly to get a concrete feel for how the algorithm
or tool behaves, secondly to better understand the result obtained with a large unknown
data set. It may be possible to see what algorithm best suits the particular data and the
type of questions we seek to answer about it. At the same time, as the user wants to
intuitively learn and understand the algorithm of the application, the application should
be able to learn the user’s intuition of the data.

From such ideas and experience we propose the use of constructed data sets as a
general design feature of visualization tools to aid comprehension and presentation of
complex data. We call this signature exploration (please see acknowledgement at the
end of the paper).

2 Introducing signature exploration

We define signature exploration as the exploration of the behaviour of a visualiza-
tion algorithm by means of the visualization of specially constructed data sets. In this
way known data sets are visualized for the user as concrete examples of the behaviour
of the algorithm. The visualization result, the pattern produced, is the signature of the
algorithm for that data. Different algorithms will produce their own corresponding sig-
natures for the data set. The data set may be one of a set of standard types provided, or
any set constructed by the user. Thus the signature of the algorithm is explored for sets
of known data. By known is meant that the user has a sense of knowing the data, in a
concrete but not necessarily precisely defined way. By visualization algorithm is meant
any application, tool or algorithm that produces a visual representation of data.

The purpose of signature exploration may be solely to understand the behaviour of
a visualization algorithm, or the comparison of different algorithms so as to make an
appropriate selection or classification. The modification of the original dataset, or the
visualization algorithm, by providing feedback data (see item 5 below) is also consid-
ered to be a means of exploring the signature of the algorithm.

As an initial suggestion we outline five types of constructed data for exploration.

1. Generic: characteristic sets of data that illustrate the various behaviours of metrics
and visualizations.
The idea of generic data sets is to provide the user with a range of data sets showing
specific features, so that they can form a more concrete impression of the behaviour
of the algorithm and to assist in the comparison of behaviours of different algo-
rithms. The extent to which generic data sets can be identified, that are illustrative
in this respect, is unclear at this stage of our work. The usefulness of the data sets
is considered on two levels. On a familiarization level the provision of example
sets containing, for instance, identical entities or data sets containing no structure
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(random values), together with a variety of examples of phase shift 1 and scaling
of shapes across variables is suggested. Such basic presentations of data are useful
because, in our experience it is not always immediately obvious how they will be
displayed - due to dimension reduction or unfamiliar presentation (eg hierarchical
axes, parallel axes), but they also serve to focus the user upon developing their un-
derstanding of the behaviour of the algorithm(s). The other level of usefulness is the
more challenging question of which algorithms map specific features (phase shifted
patterns, for instance) to clusters. It is not clear whether progress may be made on
this issue, but the provision of a data construction and manipulation interface within
the visualization application will assist.
That the visualization application designer seek appropriate data sets, to illustrate
the behaviour of the algorithms they employ, and make these available to the user
in an interactive interface, may prove to be a desirable design requirement for visu-
alization systems.
Some initial examples of generic type data sets are as follows:-

– Data is of two or more groups of identical entities (identical in the sense that
their data table entries are identical).

– Data is of two approximately equal sized groups. The first group contains iden-
tical entities; the second group varies one variable in equal steps away from the
value in the first.

– As in previous set, but with the variation of a different variable for each member
of the second group

– Data contains entities with variables as follows: overall ’shape’ the same, mag-
nitude altered; shape not the same, magnitudes as before; increase number of
shapes and grups.

– Use of mathematical functions to specify data.
2. Constructed: static and simulated. By static is meant the direct specification of a

matrix, simulated refers to a matrix derived from a log of events of a set of entities
with specified behaviours.
This type of data is constructed by the user. Static constructions are matrices spec-
ified by the user which can then be visualized. The variable values for each entity
may be entered individually or according to a formula, or representing a scaling or
phase shifting of values of another entity. They are static in the sense that they are
an instance of creation by the user, as opposed to simulated constructions which
are the result of data produced by a simulation of entity behaviours. Perhaps the
user looks at their own real-world data set of interest and hypothesizes about the
entity behaviours that would produce such data. On a complex level this would re-
sult in system simulations and possible prediction models. In simpler terms it is an
invitation to the user to think about the data in a different way and derive questions
and hypotheses which can then be examined. It thus extends the question - ’if my
data looked like this what would the visualization look like?’ to ’if my data was
produced by these behaviours what would the visualization look like?’.
Preliminary work has indicated the usefulness of taking supplied, generic type, data
sets as a starting point and then giving provision for interactively changing shapes

1 If variables are considered to be a time series, irrespective of whether they actually are, then a
displacement of a pattern can be described as a phase shift

Kasanova 
81



or values. Thus the starting point for the constructed data type may be a generic
data set.

3. Query (based on a data set under consideration): a subset of the data, which may
be directly selected by the user (either from the visualization itself, or by querying
the original dataset) or automatically derived (eg outliers, extremities).
A cluster in a visualization of a user data set may be highlighted, or an outlier, or
the extremities of a pattern and this form the constructed data for manipulation.
Alternatively the data set may be queried in an SQL type query to create a subset.
Some of these techniques are well known and widely used. Here the purpose is
to explore the behaviour of the visualization algorithm. Although ultimately the
discovery of knowledge in the data remains the goal, it is indirectly so.

4. Landmark: one or more entries, which may be the result of queries or static con-
structions, to add to (or highlight within) the data set under consideration.
Landmark and query overlap as concepts. In the landmark use of constructed data,
entities are placed to provide landmarks in the user’s mind as well as in the vi-
sualization. The entities may be invented, static constructions, or identified by a
query.

5. Feedback: the user arranges a set of entity-representatives (or clusters of entities)
on the screen for which data is also provided. The system uses the user layout
information for the display of subsequent data by, for example, weighting the given
attributes or selecting the algorithm that provides the closest layout to the user
defined one.
Concepts of similarity may be very subjective, as is clear in the case of compari-
son of image and video data. However, to some extent many comparisons have a
subjective aspect, if only from the point of view of the user’s particular enquiry or
perspective. The user may also be unable to articulate, or even be aware of, relevant
domain knowledge that they have. The feedback idea comes from a reversal of the
process known-data-to-visualization. The user is asked to position a number of en-
tities on the screen such that the distances between them represent their similarity
(or measure of connectedness) according to the user’s perception. It is assumed that
there is multivariate data also available for these entities, so that the system can de-
rive a layout that provides a mapping between the two (which may necessarily be
approximate) and thus provide a means of displaying unknown data according to
the user’s classification. This is considered to be signature exploration by signature
modification, although the simplest application would select the algorithm which
gave the layout closest to that specified by the user.

3 Algorithm description

Space Explorer [13,15,14] implements a number of algorithms for visualizing multi-
variate and proximity data. Proximity data specifies a distance between entities which
may be a direct measurement or derived from the multivariate data. Figure 1 shows
some of the ways in which multivariate data can be converted into distance data. Coor-
dinates for a scatterplot are derived such that distances between objects reflect their
relationship. To this end, there are two techniques used here: Principal Component
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Analysis, which is applicable to multivariate data, and multidimensional scaling (see
e.g. [5,3,8,9,19]), which is applicable to similarity data.

1. Let x;y 2 R n be vectors. Then (x;y) =
n
∑

i=1
xiyi is called scalar product and jjxjj =

r
n
∑

i=1
x2

i

Euclidean norm.
2. Direction cosines: dcos(x;y) = cosθ =

(x;y)
jjxjjjjyjj and angle (angular distance): dangle(x;y) =

acos(dcos(x;y))

3. Euclidean distance: de(x;y) = jjx� yjj=
q

∑n
i=1(xi � yi)2

4. Minkowski distance: dm(x;y) = (∑n
i=1 jxi � yij

λ)
1
λ ;λ 2 R

5. Chebychev distance: dcheb(x;y) = max1�i�nfjxi � yijg

Fig. 1. Different distance definitions for vectors.

The choice of an appropriate distance is the most crucial step in the visualization
process, and can affect drastically the quality of the result. Figure 2 illustrates this with
two simple examples.

A

 B

C

A

 B

C

Fig. 2. The choice of distance influences data analysis. On the left are three vectors A;B;C and on
the right three time series A;B;C. In both cases, B is close (far) to C (A) for Euclidean distance,
but B is close (far) to A (C) for angular distance.

3.1 Principal component analysis

A multivariate table with m columns can be seen as a mapping of objects into an m-
dimensional space. Graphical representations, e.g scatter plots, are however restricted to
1, 2, or 3 spatial dimensions and up to 8 dimensions (colour, shape, orientation, surface
texture, motion coding and blink coding) overall [18]. The problem is thus to reduce
the multivariate table to the most representative dimensions. This is the purpose of
Principal Component Analysis (PCA), which transforms the m variables into m factors,
each factor being a linear combination of variables (see Figure 3). The m factors are
ordered by importance: the first factor explains as much as possible of the differences
among objects, the second factor as much as possible of what cannot be explained by
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Factor 1

Variable 2

Variable 1

Factor 2

Factor 1

Fig. 3. Principal component analysis.

the first factor, and so on. A simple two-dimensional example is shown in Figure 3.
The example can be generalized to m initial variables, where the 2 or 3 most important
factors are displayed in a 2D or 3D space.

3.2 Multidimensional scaling: from distances to coordinates

The idea of finding points in space which satisfy some given distances dates back to
the late 1960s [12], and is referred to as multidimensional scaling [5,3,8,9,19]. There
are various approaches to the problem of multidimensional scaling, the one used here
is Principal Co-ordinate Analysis.

d12

d23
d13

1 2

3

1 2

3

1 2

3

Factor 2

Factor 1

1 2

Factor 1
2

3

1

Fig. 4. Multi-dimensional scaling with principal co-ordinate analysis (PCoA).

Principal Co-ordinate Analysis In the principal co-ordinate analysis (PCoA) ap-
proach [6], a set of equations that relates distances to coordinates is solved. In this
case, distances are known and the coordinates are the variables to be determined. Fig-
ure 4 illustrates the construction of a solution for three points in a 2D space, according
to predefined distances. Intuitively, the positions can be constructed with a compass.
For placing the three nodes in Figure 4 we start by placing the first node randomly and
drawing a circle with radius d12 around it. Place node 2 anywhere on this circle. Then
obtain node 3 by drawing a circle with radius d 13 around node 1 and drawing a circle

Kasanova 
84



Fig. 5. 90,000 calls made by 100 customers. Caller profiles by destination of calls. These are
screenshots of 3D VRML worlds. From top left to bottom right: (1) direct visualization by apply-
ing PCA, (2-4) indirect visualization by calculation of a distance followed by matrix transforma-
tion (PCoA); Distances in particular: (2) Euclidean, (3) angular distance, (4)Minkowski distance
with λ = 10 The customers represented as squares and labelled with a number can be traced
through the different visualization outcomes.

with radius d23 around node 2. Node 3 is placed at the intersection of circles d 13 and
d23. This method determines if there is a solution to the problem and constructs it. If we
abstract from this geometric construction, it turns out that we actually solve quadratic
equations. And instead of solving them iteratively, we can solve them simultaneously.
This gives us a possibly higher-dimensional solution, which we then reduce as we did
for PCA. The possibly n� 1 dimensional exact solution can then be reduced to an ap-
proximate 2D or 3D solution by selecting the first two or three axes, respectively.

4 The problem of algorithm choice

The identification of valid clusters in the data, for data simplification or prediction, is
the goal of classification (as defined by Gordon [5]). Since different algorithms produce
different clusterings, the question is how to make a valid choice, if one exists. An ex-
ample of the different clustering obtained for a set of data is shown in figure 5. This is a
set of British Telecom data of 90,000 calls made by 100 customers from one particular
area. The data set was cleansed, by BT, of all private information. Thus the originating
and destination exchange references were available, but not the complete originating
and destination phone numbers. These visualizations use the destination local exchange
reference in a data table, such that entry xi j is the number of calls made by customer i
to location j. Notice the clusters and outliers differ as do the pattern shapes [15].

5 Illustrations of Signature Exploration

Contemporary visualization systems contain many elements for assisting the user’s ex-
ploration of the data (general references: [17,2,1]. Special features such as brushing
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and for context and focus control (eg the semantic lens, hyperbolic browsers) have been
developed. Querying of data with conventional database query language and dynamic
querying within the visualization itself (eg Attribute Explorer [16]) are much used.
Visual selection and reordering of that data are also employed, for example in the con-
text of a colour map (eg GenExplore [4]) or directly from a datatable. These features
promote the exploration of both the data and, intrinsically, the algorithm. Signature ex-
ploration focuses not on the data itself, but on the algorithm’s behaviour, not as an end
in itself, but as a process within and adjacent to that of exploring the dataset. The many
techniques available to assist exploration of the dataset, instanced above, fall within the
scope of this concept.

In beginning the work to assess the value of signature exploration, we have started
with the constructed data types generic and feedback, since these appear the least pro-
vided for in current visualization systems: a preliminary feasibility test was set up to
look at generic data; an initial example of user layout to provide feedback was devel-
oped to illustrate the concept. These are described below. It should be stressed that
these descriptions are included solely for illustrative purposes and are not intended to
represent a validation of the concepts.

5.1 Signature exploration feasibility test

Do our visualizations actually work? This question was asked at a recent conference
[11] and statistics from conference papers given that showed less than 10% had carried
out evaluation. Informal testing in the early stages was indicated to be beneficial and
our feasibility test 2 is of this nature. Twelve participants were briefed about the domain
of our work and then given a series of web pages to examine in combination with a pa-
per questionnaire. The test first illustrated the problem by displaying the second of the
visualizations of the call data set of figure 5, which also gave the user the opportunity
to familiarize themselves with navigating in 3D. They were asked to note any conclu-
sions they were able to draw at this stage from the pattern of the data. A series of 3D
visualizations of simple datasets followed (using the same algorithm - Euclidean dis-
tance calculation followed by layout with Principle Co-ordinate Analysis using Space
Explorer). The data tables were shown, together with the data shown as time series.
Figure 6 is an example web page from the test. Most of the questions were to guide the
exploration of the material. The key questions at the end were:

1. Do you think these explorations of constructed data sets have increased your under-
standing of the behaviour of the visualization algorithm? Results: Yes (5) No (3)
Not sure/not much (4)

2. Do you think that an interface which allowed you to construct your own data, either
from scratch or to modify given ones, would be useful? Results: Yes (10) No (2)

Although this was an informal test, it indicated that users would like an interface
that allowed them to enter and explore their own example data sets or use the ones

2 The web pages and questionnaire are online at www.soi.city.ac.uk/homes/dk707/webTest/main.html
and Instructions and questionnaire2.doc
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supplied as starting points for manipulation. Also that an interactive exploration of the
way data values affect the visualization could enhance the user’s understanding of the
algorithms used and assist in the appropriate choice of metric if relevant.

Fig. 6. An example webpage from the website feasibility test

6 Feedback

The initial inspiration for signature exploration, and for the particular aspect of modifi-
cation of the algorithm by user classification, came from work on dynamic querying of
image libraries (eg [10]). Starting from a particular image, users query the library for
similar images. Since the selection and weighting of feature lists for images is such a
complex and subjective task, the user is also invited to choose a selection of images and
give these to the application to arrange in terms of similarity and provide insight into
the behaviour of the algorithm (an example of our signature exploration). However, it
would be useful to start from the user layout of entities (images in this case) and modify
the algorithm to reflect the user’s concept of similarity. Hence signature modification
using feedback data.

In this example, the user positions four objects (on the basis of perceived similar-
ity). Each object also possesses a set of attributes and, by solving the linear equations
(attribute set / x,y co-ordinate set), a mapping from the attribute values to the x,y co-
ordinates is obtained. Members from a larger group from which the four objects are
drawn can now be positioned to reflect the user’s similarity measure. The layout can
also be compared to those obtained by a variety of algorithms, so that the one that is the
least different can be chosen.

6.1 Algorithm

Given multivariate data X 2 R n;m;n > m, where n is the number of entities and m the
number of attributes and a subset X 0 2 R m;m of m < n rows of X . Furthermore let us
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assume that the user specified coordinates for the selected m entities, i.e. Y 2 R m;2

is given. Then solve the linear equation X 0jY , i.e. convert X 0jY to IjY 0, where I is the
identity matrix and Y 0 2R m;2. Then compute C= XY 0 2R n;2, which contains the x and
y-coordinates for the n entities in its columns.

6.2 Example

X=

A 1 0 0 0
B 0 1 0 0
C 2 1 1 0
D 1 -1 2 1
E 1 1 1 1
F 0 0 0 1
G 2 0 0 1
H 2 0 1 2

EA

B

C

D

F

G

H

Fig. 7. Multivariate data for eight entities.

Consider the following example: There are eight entities A�H and multivariate
data X 2 R 8;4 shown in Figure 7.

The user knows about the four entities A�D and draws a layout of them as shown
in Figure 8.1. According to the above algorithm we have X 0jY

A 1 0 0 0 0 3
B 0 1 0 0 0 2
C 2 1 1 0 2 0
D 1 -1 2 1 4 2

Deducing the third and fourth rows from the first and second we get IjY 0 as

A 1 0 0 0 0 3
B 0 1 0 0 0 2
C 0 0 1 0 2 -8
D 0 0 0 1 0 17

Computing the final coordinates XY 0, which are generalised from the subset A�D
and applied to all entities A�H, the layout is as shown in 8.2. Compare these user
defined and generalised distances to the methods mentioned earlier. Considering only
the entities A�D, which the user knows about, it is striking that they place A and C
far away from each other (Fig. 8.1), whereas all others put them closer to each other, in
particular correlation (Fig 8.6). Now consider the entities the user did not know about.
The generalisation of the user distances places e.g. F close to A, B, which is done by
the Minkowski distance, but not at all by correlation.
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1. feedback.user.x
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2. feedback.user2.x
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3. feedback.pca.x
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4. feedback.pcoa.cheb.x
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5. feedback.pcoa.city.x

A

B

C

D

E
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G

H

6. feedback.pcoa.corr.x
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C

D
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H

7. feedback.pcoa.eucl.x

A
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C

D

E

F

G
H

8. feedback.pcoa.mink10.x

A
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D

E

F

G

H

Fig. 8. 1. Four entities placed by a user. 2. Generalisation of these placements and application to
all entities. 3-8. Scatterplot of the eight entities using PCA and PCoA with Chebychev, City or
Manhattan (Minkowski with λ = 1), angular, Euclidean and Minkowski (λ = 10) distance.

7 Conclusions and future work

This paper has elaborated a concept, signature exploration, which reframes and extends
existing work to assist users of visualization systems in their search for meaning in data,
from the point of view of understanding visualizations as well as appropriate choice of
visualization algorithm or application. An initial five categories of constructed data with
which to explore are suggested. The results of an initial test of the concept and of one
particular application employing user positioned data are described.

Although the principle is conceived as a general one - that it should (if validated)
become a general visualization design requirement - the paper focuses on multivariate
and proximity data layout using a particular tool. A weakness of this work is that the
successful demonstration of the concept becomes linked with success in developing un-
derstanding of algorithms that involve, for instance, dimension reduction of complex
data - an area known to be challenging. Whilst it is desirable to create tools that assist
users in viewing complex data, it is important that we assess the concept of signature
exploration in a more general context, that is, with a range of visualization applica-
tions, so that it will not fail because we fail to fully explain cluster shapes in dimension
reduction scatter plots.

The initial test of the concept of signature exploration gave favourable results in
terms of increasing understanding of visualization algorithms and thus of resulting pat-
terns in the data. It strongly indicated the usefulness of developing an interface for enter-
ing data values and patterns of values to explore visualization algorithm behaviour, both
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in the search for data sets that reveal an algorithm’s behaviour and as a direct means of
exploring the algorithm. The user specified layout example indicates the usefulness of
capturing the user’s domain knowledge for comparison and prediction and shows the
possibility of the application’s algorithm being modified accordingly.

It is intended that each of the constructed data types be explored in detail. Automatic
algorithm choice is desirable, but the appropriate algorithm choice is expected to follow
from the questions the user wants to answer of the dataset, at least in some cases, and
there still remains the comprehension of the visualization itself, so that it is likely that
an interface to a data construction engine of some kind would be valuable.

It is hoped that the framing of this scenario as signature exploration will focus en-
ergy upon these aspects of visualization system design - producing meaningful choice
and increased comprehension.
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Abstract. The design of consistent information visualisation models is a key component 
in the development of visual data mining methods. However, it is a challenging activity to 
find the methods, techniques and corresponding tools that are suitable for specific visual 
mining task, or a particular type of data. The comparison of visualisation techniques 
across different designs is not a trivial problem. This paper discusses the issues connected 
with the development of consistent approach to formal development, evaluation and 
comparison of visualisation methods. Proposed formal approach is illustrated with 
examples of development of a visualisation model for data from the area of team 
collaboration in virtual environments and evaluation of visualisation schemes for the 
results of text analysis. The papers concludes with the discussion of the limitations of the 
proposed approach and future directions of the research and development of proposed 
approach. 

Keywords: data visualisation, visual data mining, metaphor representation, virtual 
environments, formal methods, affective computing 

1. Handcrafting and creativity in the design of visualisation techniques 
Visual data mining1 (Michalski et al., 1999) is an approach to explorative data analysis and 
knowledge discovery that is built on the extensive use of visual computing (Gross, 1994, 
Nielson et al., 1997). The basic assumption is that large and normally incomprehensible 
amounts of data can be reduced to a form that can be understand and interpreted by a human 
through the use of visualisation techniques based on a particular metaphor or a combination of 
several metaphors (preferably, but not necessarily preserving the consistency of their 
combination). The popularity of digital terrain models, based on the geographical framework 
(Hetzler et al., 1998a, Hetzler et al., 1998b) and CAD-based architectural models of cities, 
mapping the metaphor of urban design to information visualisation, has demonstrated that 
multi-dimensional visualisation can provide a superior means for exploring large data-sets, 
communicating model results to others and sharing the model (Brown, 1998). Some recent 
developments are extending visual data mining with algorithmic animation techniques 
(Meisalo et al., 1998), multimedia support (Noirhomme-Fraiture, 2000) and incorporation of 
virtual reality immersive representations, aiming at involving wider range of human “input” 
channels in the mining and discovery processes. 

The design of visualisation models for visual data mining, in broad sense, is the formal 
definition of the rules for translation of data into graphics. Generally, the visualisation of large 
volumes of abstract data, known as ‘information visualisation’ is closely related but 
sometimes contrasted, to scientific visualisation, which is concerned with the visualisation of 
                                                
1 Visual data mining spans from 2D visualisations into the use of a virtual reality systems, for example, see 

http://www.cs.auc.dk/3DVDM/about.html. 
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(numerical) data used to form concrete representations (Nielson et al., 1997). The frequently 
used expression "the art of visualisation" appropriately describes the state of research and 
development in that field. Currently, it is a challenging activity for information designers to 
find out the methods, techniques and corresponding tools available to visualise a particular 
type of information.  

The comparison of visualisation techniques across different designs is not a trivial 
problem (Chen, 1999). Partially, current situation is explained by the lack of generic criteria 
to access the value of visualisation models. This is a research challenge, since most people 
develop their own criteria for what makes a good visual representation. The design of 
visualisation schemata is an area, dominated by individual points of views, which has resulted 
in a considerable variety of ad hoc techniques (Chen, 1999a). A recent example is the 
visualisation of association rules proposed in (Hofmann et al., 2000), where rule predicates 
are associated with shaded rectangular areas in attempt to convey visually some quantitative, 
qualitative and even semantic information about the rule patterns.  

Another integral part of information visualisation is the evaluation of how well humans 
understand visualised information as part of their cognitive tasks and intellectual activities, 
the efficiency of information compression and level of cognitive overload. (Crapo et al., 
2000) has investigated some aspects of developing visualisation schemata from cognitive 
point of view. Different cognitive styles in human activities, especially in stimulating insights 
and creativity can play key role in the success of one or another method. For example, the 
circle of linked histograms visualisation mechanism of Daisy2 offers a simple visualisation of 
relationships of different groupings of data records, which has the potential variety of 
emergent geometries that can lead to some insights about more complex relationships in the 
data. 

 
Figure 1. The visualisation schemata of Daisy Analysis visual data mining tool 

 
Consequently, with the increasing attention towards development of interactive visual 

data mining methods the development of more systematic approach towards the design of 
visualisation techniques is getting on the "to do" list of the data mining research.  

1.1 The special needs of collaborative and immersive data mining 
The success of a visual data mining method depends on the development of an 

adequate computational model of selected metaphor. This is especially important in the 
context of communicating and sharing of discovered information, and in the context of the 
emerging methods of computer-mediated collaborative data mining. This new visual data 
mining methodology is based on the assumption that individuals usually may respond with 
                                                
2 http://www.daisy2000.com/ 
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different interpretations of the same information visualisation (Snowdon et al., 1995). A 
central issue is the communicative role of abstract information visualisation components in 
collaborative environments for visual data mining. In fact, "miners" can become part of the 
visualisation. For example, in virtual worlds this can happen through their avatars3. In a 
virtual world, a collaborative perspective is inevitable, thus a shared understanding of the 
underlying mapping between the semantic space and the visualisation scheme becomes a 
necessary condition in the development of these environments. The results of CMCDM are 
heavily influenced by the adequate formalisation of the metaphors that are used to construct 
the virtual environment, i.e. the visualisation schemata can influence the behavior of 
collaborators, the way they interact with each other, the way that they reflect on the changes 
and manipulations of visualisations, and, consequently, their creativity in the discovery 
process. 

1.2 Challenges towards the development of environments for design of visualisations 
Currently, it is a challenging task for designers of visual data mining environments to 

find the strategies, methods and corresponding tools to visualise a particular type of 
information. Mapping characteristics of data into a visual representation in virtual worlds is 
one promising way to make the discovery of encoded relations in this data possible. The 
model of semantically organised place for visual data exploration can be useful for the 
development of computer support for visual information querying and retrieval (Del Bimbo, 
1999, Gong, 1998) in collaborative information filtering. The development of a 
representational and computational model of selected metaphor(s) for data visualisation will 
assist the design of virtual environments, dedicated to visual data exploration. This paper 
argues for the development of more formal approach towards the design and evaluation of 
visualisation techniques. 

2. Background to a formal approach for the design of visualisation techniques 
The formal approach presented in this paper is based on the concept of semantic 

visualisation defined as a visualisation method, which establishes and preserves the semantic 
link between form and function in the context of the visualisation metaphor. Establishing a 
connection between form and functionality is not a trivial part of the visualisation design 
process. In a similar way, selecting the appropriate form for representing data graphically, 
whether the data consists of numbers or text, is not a straightforward procedure as numbers 
and text descriptions do not have a natural visual representation. On the other hand, how data 
are represented visually has a powerful effect on how the structure and hidden semantics in 
the data is perceived and understood. An example of a virtual world, which attempts to 
visualise an abstract semantic space, is shown in Figure 2. The visualisation of the semantic 
space of the domain of human-computer interaction is automatically constructed from a 
collection of papers from three consecutive ACM CHI conference proceedings (Chen, 1999). 
The overall landscape is designed according to the theory of cognitive maps. In such a world, 
there is a variety of possibilities for data exploration. For example, topic areas of papers are 
represented by coloured spheres. If a cluster of spheres includes every colour but one, this 
suggests that the particular topic area, represented by the missing coloured sphere, has not 
been addressed by the papers during that year. However, without the background knowledge 
of the semantics of coloured spheres, selected information visualisation scheme does not 
provide cues for understanding and interpreting the environment landscape. It is not clear how 
the metaphor of a "landscape" has been formalised and represented, what are the elements of 
the landscape. Associatively, this visualisation is closer with the visualisation of molecular 
                                                
3 3D representations of people in virtual worlds. Avatar is an ancient Sanskrit term meaning ‘a god’s embodiment on the 

Earth’ (Damer, 1998). 
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structures. Consequently, will an expert in molecular chemistry be more efficient in discovery 
specific relations between the visualised entities, based on her/his knowledge of possible 
associations between particular link configurations and molecular properties. 

Semantic visualisation is considered in the context of two derivatives of visualisation - 
visibilisation and visistraction (Choras and Steinmann, 1995). Visibilisation is visualisation 
focusing on the presentation and interpretation which complies with rigorous mapping from 
physical reality. By contrast, visistraction is the visualisation of abstract concepts and 
phenomena, which do not have a direct physical interpretation or analogy. Visibilisation has 
the potential to bring key insights, by emphasising aspects that were unseen before. The 
dynamic visualisation of the heat transfer during the design of the heat-dissipating tiles cover 
of the underside of the space-shuttle is an early example of the application of visibilisation 
(Gore, 1981). Visistracton can give a graphic depiction of intuition regarding objects and 
relationships. The 4D simulation of data flow is an example of visistraction, which provides 
insights impossible without it. In a case-base reasoning system, visistraction techniques can 
be used to trace the change of relationships between different concepts with the addition of 
new cases. 

 
A cylinder spike marks one
of the 20 documents that
have the highest document-
query relevance score

 

Papers from different
years are colored in
different colors

 
a. b. 

Figure 2. An example of virtual world visualising abstract semantic structure 
 

Both kinds of semantic visualisation play important role in visual data mining. 
However, semantic visualisation remains a hand-crafted methodology, where each case is 
considered separately. This paper presents a consistent approach to semantic visualisation 
based on a cognitive model of metaphors, metaphor formalisation and evaluation. We 
illustrate the application of this approach with examples from visistraction of communication 
and collaboration data. Further, the paper is organised as follows. Section 3 presents the 
Form-Semantics-Function framework for construction and evaluation of visualisation 
techniques, Section 4 presents an example of the application of the framework towards the 
construction of a visualisation technique for identifying patterns of team collaboration, 
Section 5 presents an example of the application of the framework for evaluation and 
comparison of two visualisation models. The paper concludes with the issues for building 
visualization models that support collaborative data mining. 

3. Form-Semantics-Function: a formal approach towards constructing and 
evaluating visualisation techniques. 
The Form-Semantic-Function (FSF) approach includes the following steps: metaphor 
analysis; metaphor formalisation; and metaphor evaluation. Through the use of metaphor, 
people express the concepts in one domain in terms of another domain (Lakoff and Johnson, 
1980, Lakoff, 1993). The closest analogy is VIRGILIO (L'Abbate and Hemmje, 1998), where 
the authors proposed a formal approach for constructing metaphors for visual information 
retrieval. The FSF framework develops further the formal approach towards constructing and 
evaluating visualisation techniques, approaching the metaphor in an innovative way. 
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3.1 Metaphor analysis 
During metaphor analysis, the content of the metaphor is established. In the use of 

metaphor in cognitive linguistics, the terms source and target4 refer to the conceptual spaces 
connected by the metaphor. The target is the conceptual space that is being described, and the 
source is the space that is being used to describe the target. In this mapping the structure of 
the source domain is projected onto the target domain in a way that is consistent with inherent 
target domain structure (Lakoff, 1993, Turner, 1994). In the context of semantic visualisation, 
the consistent use of metaphor is expected to bring an understanding of a relatively abstract 
and unstructured domain in terms of more concrete and structured visual elements through the 
visualisation schemata. 

An extension of the source-target mapping, proposed by (Turner and Fauconnier, 
1995) includes the notion of generic space and blend space. Generic space contains the 
skeletal structure that applies to both source and target spaces. The blend space often includes 
structure not projected to it from either space, namely emergent structure on its own. The 
ideas and inspirations developed in the blend space can lead to modification of the initial 
input spaces and change the knowledge about those spaces, i.e. to change and evolve the 
metaphor. The process is called conceptual blending - it is the essence in the development of 
semantic visualisation techniques.  

In presented approach, the form-semantics-function categorisation of the objects being 
visualised, is combined with the (Turner and Fauconnier, 1995) model. The form of an object 
can express the semantics of that object, that is, the form can communicate implicit meaning 
understood through our experiences with that form. From the form in the source space we can 
connect to a function in the target space via the semantics of the form. The model of the 
metaphor analysis is shown in Figure 3. 
 

Blended space:
NEW

SEMANTICS

Blended space:
NEW

SEMANTICS

Target space:
FUNCTION

Target space:
FUNCTION

Generic space:
COMMON

SEMANTICS

Generic space:
COMMON

SEMANTICS

Source space:
FORM

Source space:
FORM

 
Figure 3. A model for metaphor analysis for constructing semantic visualisation schemata 

 
The term visual form refers to the geometry, color, texture, brightness, contrast and 

other visual attributes that characterise and influence the visual perception of an object. Thus, 
the source space is the space of 2D and 3D shapes and the attributes of their visual 
representation. "Functions" (the generalisations of patterns, discovered in data) are described 
using concepts from the subject domain. Therefore the target space includes such concepts 
associated with the domain functions. This space is constructed from the domain vocabulary. 
The actual transfer of semantics has two components - the common semantics, which is 
carried by notions that are valid in both domains and what is referred as new semantics - the 
blend, which establishes the unique characteristics revealed by the correspondence between 

                                                
4 In the research literature the target is variously referred to as the primary system or the topic, and the source is often called 

the secondary system or the vehicle. 
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the form metaphor and functional characteristics of that form. The schema illustrates how 
metaphorical inferences produce parallel knowledge structures. 

 

3.2 Metaphor formalisation 
The common perception of the word "formalisation" is connected with the derivation 

of some formulas and equations that describe the phenomenon in analytical form. In this case, 
formalisation is used to describe a series of steps that ensure the correctness of the 
development of the representation of the metaphor. Metaphor formalisation in the design of 
semantic visualisation schemes includes the following basic steps: 

• Identification of the source and target spaces of the metaphor - the class of forms and the 
class of features or functions that these forms will represent; 

• Conceptual decomposition of the source and target spaces produces the set of concepts 
that describe both sides of the metaphor mapping. As a rule, metaphorical mappings do 
not occur isolated from one another. They are sometimes organized in hierarchical 
structures, in which `lower' mappings in the hierarchy inherit the structures of the 
`higher' mappings. In other words, this means that visualisation schemes, which use 
metaphor are expected to preserve the hierarchical structures of the data that they display. 
In visistraction, these are the geometric characteristics of the forms from the source 
space, and other form attributes like colours, line thickness, shading, etc. and the set of 
functions and features in the target space associated with these attributes and variations; 

• Identifying the dimensions of the metaphor along which the metaphor operates. These 
dimensions constitute the common semantics. In visistraction this can be for instance key 
properties of the form, like symmetry and balance with respect to the center of gravity, 
that transfer semantics to the corresponding functional elements in the target domain; 

• Establishing semantic links, relations and transformations between the concepts in both 
spaces, creating a resemblance between the forms in the source domain and the functions 
in the target domain. 

3.3 Metaphor evaluation 
In spite of the large number of papers describing the use of the metaphor in the design 

of computer interfaces and virtual environments, there is a lack of formal evaluation methods. 
In the FSF framework metaphor evaluation is tailored following the (Anderson et al., 1994) 
model, illustrated in Figure 4.  
 

V- F+ V+ F+V+ F-

 
Figure 4. Model for evaluating metaphor mapping (based on (Anderson et al., 1994)) 

 
The "V" and "F" are labels for visualisation and function features, respectively. The "VF" 
label with indices denotes numbers of features, namely: 

• ++ FV  - function features that are mapped to the visualisation schema; 
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• +− FV  - function features that are not supported by the visualisation schema; 
• −+ FV  - features in the visualisation schema, not mapped to the functional features. 

The ratio 
++

+−

FV
FV  provides an estimate of the quality of the metaphor used for the 

visualisation - the smaller the better.  

4. Application of the Form-Semantics-Function approach 
The elements of the Form-Semantics-Function approach are illustrated in the examples 

of constructing visualisation schema for visual data mining and simple evaluation of two text 
data visualisation techniques. The first example illustrates the metaphor analysis and 
formalisation stages for the creation of visualisation form and mapping it to the functional 
features. In the second example the evaluation of the two visualisation schemata is based on 
the same set of functional features. 

4.1 Constructing visualisation schema for visual data mining 
The goal of the development of this visualisation schema is to produce a simple but 

appealing visual representation of asynchronous collaboration data so that researchers will be 
able to identify patterns in team collaboration. Asynchronous communication is an intrinsic 
part of computer-mediated teamwork. Among the various models and tools supporting this 
communication mode (Maher et al., 2000), perhaps the most popular in teamwork are bulletin 
(discussion) boards. These boards support multi-thread discussion, automatically archiving 
communication content. One way to identify patterns in team collaboration is via content 
analysis of team communications. However, it is difficult to automate such analysis, 
therefore, especially in large scale projects, monitoring and analysis of collaboration data can 
become a cumbersome task. 

In the research in virtual design studios (Maher et al., 1997, Maher et al., 2000) there 
have been identified two extremes (labeled as "Problem comprehension" and "Problem 
division") in team collaboration, illustrated in Figure 5. In "Problem comprehension" 
collaborative mode the resultant project output - a product, solution to a problem, etc., is a 
product of a continued attempt to construct and maintain a shared conception and 
understanding of the problem. In other words each of the participants is developing own view 
over the whole problem and the shared conception is established during the collaborative 
process via intensive information exchange.  

 

Problem
comprehension

Problem
division  

Figure 5. Two extremes in team collaboration 
 

In "Problem division" mode the problem is divided among the participants in a way 
where each person is responsible for a particular portion of the investigation of the problem. 
Thus, it does not necessarily require the creation of a single shared conception and 
understanding of the problem. The two modes of collaboration are two extreme cases. In 
general, the real case depends on the complexity of the problem.  

A key assumption in mining and analysis of collaboration data is that this two extreme 
styles should be some how reflected in the communication of the teams. Thus, different 
patterns in team communication on the bulletin board will reflect different collaboration 
modes. Figure 6 illustrates a fragment of a team bulletin board.  
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Course: Computer Based Design | Bulletin Board: Team 2 | Venue: Virtual Design Studio
4 Lighting etc - Derek 08:46:10 10/16/97 (1) (M14)

• Re: Lighting etc - Sophie Collins 10:43:18 10/17/97 (0) (M24)
3 Seating - Derek Raithby 15:18:57 10/14/97 (2) (M13)

• Re: Seating - marky 17:22:56 10/14/97 (1) (M23)
• Re: Seating - Sophie Collins 09:03:27 10/15/97 (0) (M33)

2 Product Research. - Derek Raithby 14:37:43 10/14/97 (1) (M12)
• Re: Product Research. - mark 17:20:16 10/14/97 (0) (M22)

1 Another idea - Sophie Collins 14:24:18 10/14/97 (1) (M11)
• Re: another idea - Derek Raithby 14:40:00 10/14/97 (0) (M21)  

Figure 6. Bulletin board fragment with task-related messages, presented as indention graph 
 

The messages on the board are grouped in threads. (Berthold et al., 1997, Berthold et 
al., 1998) propose a threefold split of the thread structure of e-mail messages in discussion 
archives in order to explore the interactive threads. It included (i) reference-depth: how many 
references were found in a sequence before this message; (ii) reference-width: how many 
references were found, which referred to this message; and (iii) reference-height: how many 
references were found in a sequence after this message. In addition to the threefold split, 
(Sudweeks and Simoff, 2000) included the time variable explicitly. Figure 7 shows the formal 
representation of the bulletin board fragment in Figure 6.  

1

2

t11 t12

M11

M12

1

3

M13

t21

2

M22

3

M23

t13

3

M33

t23 t33

4
M14

4

M24

t14 t24t22 t

Level 1

Level 2

 
Figure 7. Formal representation of the thread structure in the fragment presented in Figure 6. 

4.1.1 Metaphor analysis 
Figure 8 shows the Form-Semantics-Function mapping at the metaphor formalisation 

stage as a particular case of the (Turner and Fauconnier, 1995) model applied to the 
visualisation of communication utterances data. The source space in this case is the space of 
2D geometric shapes, rectangles in particular. The target space includes the concepts 
associated with the functions that are found in the analysis of a collaborative design session.  
 

• Participation

• Topic of discussion

• correspondance between visual
“heaviness” and intensity of
collaboration

• correspondance between visual
perspective and depth of the tread

• Symmetry

• Balance

• Proportion

• Rectangle

• Line
thicknes

• Shade Blended space:
NEW

SEMANTICS

Blended space:
NEW

SEMANTICS

Target space:
FUNCTION

Target space:
FUNCTION

Generic space:
COMMON

SEMANTICS

Generic space:
COMMON

SEMANTICS

Source space:
FORM

Source space:
FORM

 
Figure 8. The Form-Semantics-Function mapping for the source space of nested rectangles 

and the target space of bulletin board discussion threads. 
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4.1.2 Metaphor formalisation 
Below is a brief illustration of the metaphor formalisation in this example. 

• Identification of the source and target spaces of the metaphor - rectangles are the forms 
that will be used and the class of features or functions that these forms will represent are 
the messages on a bulletin board; 

• Conceptual decomposition of the source and target spaces leads to the notion of nested 
rectangles, whose centers of gravity coincide, with possible variation of the thickness of 
their contour lines and the background color. Each rectangle corresponds to a message 
within a thread. Rectangle that corresponds to a message at a level (n + 1) is placed 
within the rectangle that corresponds to a message at level n. Messages at the same level 
are indicated by a one step increase of the thickness of the contour line of the 
corresponding rectangle. Thus, a group of nested rectangles can represent several threads 
in a bulletin board discussion; 

• Identifying the dimensions of the metaphor - visual balance and the "depth" or 
"perspective" of the nested rectangles are the dimension of the metaphor, transferring via 
the visual appearance the semantics of different communication styles; 

• Establishing semantic links, relations and transformations - this is connected with the 
identification of typical form configurations that correspond to typical patterns of 
collaboration. For example, Figure 9 illustrates two different fragments A and B (each of 
one thread). Figure 10 illustrates the visualisation of this fragments according to the 
developed visualisation schema. 

 
The visualisation schema has been used extensively in communication analysis. Figure 

11 illustrates communication patterns corresponding to different collaboration styles. An 
additional content analysis of communication confirmed the correct identification of 
collaboration patterns. 

 

A

B

M1A
M2A
M3A
M4A

M1B
M2B
M3B
M2B+
M2B+
M2B+
M3B+  

Figure 9. Bulletin board fragment with task-related messages, presented as indention graph 
 

• M1A
• M2A

• M3A
• M4A M1A

M2A
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M4A
A

 
• M1B

• M2B
• M3B

• M2B+
• M2B+
• M2B+
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B

M1B
M2B

M3B

 
Figure 10. Visualisation of fragments A and B in Figure 9. 
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a. Communication patterns, 

typical for "problem division" 
collaboration 

b. Communication patterns, 
typical for "problem 

comprehension" collaboration 
Figure 11. Communication patterns, corresponding to different collaboration styles. 

4.2 Evaluation and comparison of two visualisation schemata 
We illustrate the idea by evaluating examples of semantic visualisation of textual data and 
objects in virtual environments. The role of visistraction in concept relationship analyis is to 
assist the discovery of the relationship between concepts, as reflected in the available text 
data. The analysis uses word frequencies, their co-occurence and other statistics, and cluster 
analysis procedures. We investigate two visual metaphors - "Euclidian space" and "Tree", 
which provide a mapping from the numerical statistics and cluster analysis data into the target 
space of concepts and relations between them. The visualisation features for both metaphors 
and the function features of the target space are shown in Table 1. Examples of the two 
visualisation metaphors are shown in Figure 12. 

 
 

Table 1. Visualisation and function features  
Visualisation features 
of Euclidian space 
metaphor 

Visualisation features of tree 
metaphor  

Function features 

- point 
- alphanumeric single-
word point labels 
- axes 
- plane 
- color 
- line segment 

- nodes 
- alphanumeric multi-word node labels 
- signs "+" and "-" 
- branches 
- numeric labels for branches 

- simple/complex concept 
- subject key word 
- hierarchical relationship 
- context link 
- link strength 
- synonymy 
- hyponymy 
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a. 10 most frequent words in the description of lateral load resisiting 

system in one of the wide-span building cases5  

 
b. Part of a semantic net6 for the term "load resisting system". 

 
Figure 12. Visualisation of the results of cluster analysis performed over a text data set7 

 

4.2.1 Metaphor evaluation 
The first scheme8 maps the source domain of Euclidean space (coordinates of points in 

2D/3D space) to the target domain of word statistics. The blending semantics is that the 
degree, to which the terms are related to each other, can be perceived visually from the 
distance between the corresponding data points - the closer the points the tighter is the 
relationship between the words. The second scheme9 maps the source domain of the topology 
of linked nodes to the same target domain of words statistics. This mapping generates one of 
the possible visualisations of semantic networks. This visualisation includes nodes with 
single- and multiple-word labels, numeric values of each link between terms and the weight of 
the term among the other terms in the tree. The results of the comparison between the two 
metaphors are presented in Table 2 and  

Table 3.  
The Euclidean space metaphor has a poor performance for visualisation of concept 

relationships. What is the meaning of such closeness - it is difficult to make a steady 
judgement about what the relation is and whether we deal with simple (one word) or complex 
(more than one word) terms. The distance to the surface, proportional to the frequency of the 
words, can convey the message that a word is a key word. However, there is no feature in the 
visualisation, which shows context links between words, the strength of this links and other 
relations between words. 

 
 
 

                                                
5 This visualisation is used in TerraVision, which is part of the CATPAC system for text analysis by Provalis Research Co. 
6 This is the visualisation of semantic networks in TextAnalyst by Megaputer Intelligence, Inc. 
7 The source text comes from the SAM (Structure and Materials) case library available at 

http://www.arch.usyd.edu.au/kcdc/caut/ 
8 The schema is used in the CATPAC qualitative analysis package by Terra Research Inc. 
9 The schema is used in TextAnalyst by Megaputer Intelligence (see www.megaputer.com). 
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Table 2. Visualisation support for function features in Euclidean space and tree metaphors 

Function features Support by the Euclidean 
space metaphor 

Support by the Tree 
metaphor  

Simple/complex concept - + 
Subject key word + + 
Hierarchical relationship - + 
Context link - + 
Link strength - + 
Synonymy - - 
Hyponymy - - 

 
Table 3. Comparison of in Euclidean space and tree metaphors 

 Euclidean space metaphor Tree metaphor 
++ FV  1 5 

+− FV  6 2 

++

+−

FV
FV

 
6 0.4 

5. Limitations of proposed approach and future directions 
The Form-Semantics-Function framework resented in this work is an attempt to 

develop a formal approach towards the use of metaphors in constructing consistent 
visualisation schemes. In its current development, it has at least the following limitations: 

• to preserve consistency for each change in the visualisation schemata the 
analysis/formalisation pass has to be conducted again; 

• the evaluation part of the framework does not include the analysis of the cognitive 
overload from the point of information design.  

Currently the FSF framework is further developed in the following directions: 
• supporting visualisation schemes based on affective computing models, which aim 

at communicating specific emotions for specific patterns in the data. The idea is 
illustrated by using the emotional expression of a human face to represent four 
data patterns in Figure 2 (a-d). It is based on the assumption that the observer can 
perceive any change in the emotional expression of the face, i.e. in one or more of 
its features, when representing a different pattern in data, accurately.  
 

    
a. b. c. d. 

Figure 13. Emotion-based agents acting as visualisation support in multi-agent data mining 
environment (the actual faces are adapted from (Ventura, 2000)) 

 
• supporting collaborative visual data mining in virtual worlds. The different 

perceptions of a visualisation model in a such environment may increase the gap 
between individuals as they interact with it in a data exploration session. However, 
individual differences may lead to a potential variety of discovered patterns and 
insights in the visualised information across participants.  
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In this context the future research within the FSF framework will be focused on 
exploring:  

• whether people attach special meanings to abstract visualisation objects; 
• what are the design criteria towards visualisation objects, engaged in visual data 

exploration, that people can effectively construct and communicate knowledge in 
visual data mining environments; 

• what are the necessary cues that should be supported in semantically organised 
virtual environments. 
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