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A Flexible Approach for Visual Data Mining

Matthias Kreuseler and Heidrun Schumann

Abstract— The exgploration of heterogenous information spaces requires suitable miming methods as well as effective visual interfaces.
Most of the existing systems concentrate either on mining algorithms or on visualization techniques. This paper describes a flexible
framework for Visual Data Mining which combines analytical and visual methods to achieve a betier understanding of the information
space. We provide several preprocessing methods for unstrectured information spaces such as a flexible hisrarchy generation with
user controdled refinement. Moreowver, we develop new visualization techniques including an intuitive Focus+Context technique to

visualize complex hierarchical graphs. A special feature of our system is a new paradigm for visualizing information structures within

thaeir frame of reference.

Index Terms—Information visualization, mutbdimenisional information modeling, hisrarchies, focus+context techniques, clustering,

1 INTRODUCTION
E?-:Plﬂr.mm of complex mformation spaces has become

mne of the “hot topics™ in many research fields,
mcluding computer graphics, data mining, pattern recogmi-
ton, and leaming, and other areas of statisbios, as well as
data bases and data warehousing. A vanety of novel miming
techmiques, visualization paradigms, and fameworks have
been developed in recent years. MNevertheless, extracting
useful knowledge or models from observed data is stll a
complicated nontrivial process.

In this context, visualization offers a powerful means of
analysis that cam help to uncover patterns and trends
hidden im unknown data. Additionally, visualization
provides a natural method of integrating multiple data sets
and has been proven to be reliable and effective across a
mumber of apphcation domains. 5tll, visual methods
cannot entirely replace analytic nonvisual mining algo-
rithms. Rather, it & wseful to combine multiple methods
during data exploration processes [31].

The new area of visual data mining focuses on this
combmation of visual and nomvisual techmiques as well as
on integrating the user m the exploration process. Integrat-
myg visual and monmvisual methods in order to support a
varety of exploration tasks, such as identifying patterns in
large unstructured heterogeneous mformation or dsplay-
mg information context (e, frame of spatial or domain
references), requires sophisticated minimgg, visualzation
and mmteractum technigques. This carmes over entirely new
qualities of problems. Some of the most important ones can
be summanzed as follows:

o [Cxtraching patterns and comtrolling the mming: The
exploration of large unstructured information spaces
requires information preprocessing. In thas regand
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“filtening out uninterestmg items” and mergng
similar objects into groups are necessary - order
tor reveal hidden patterns. Suitable metrics have to be
applied for obtaming similanties and structures
high-dimensional feature space. Furthermore, the
degree of abstraction has to be controlled mmterac-
tively im order to supervise and steer the search for
patterns durimgz the minmmg process. This mteraction
15 of outstandimg importance o support explorations
at arbitrary levels of detail.

o  Visualizinyg informafion sets: The success of visual data
analysis depends very much on iks ability to support
a vanety of exploration tasks such as overview,
zoom in on items of interest or details on demand.
Different visualization methods are required for
revealing imformation structure and  mformation
contents such as attnbute values. Furthermore, novel
mteraction technigques are needed for controlling the
degree of abstraction within visual representations
and for providing navigational aids in mformation
space.

o Visualizing the frame of reference: Effective explora-
tions of spatially referenced mformation (eg., health
data in certain areas) require the combination of an
adequate display of the spatal frame of reference
with the wvisualizatiom of complex information
structures. It 15 necessary o find an appropriate
mapping between information and frame of refer-
ence. Im particular, we address the problem of
displaymg complex graphs over geographical maps,
a problem that has not been widely studied.

Ankerst [4] classifies current visual data mining

approaches into three categones. Methods of the first group
apply visualization techmiques independent of data miming:
alyorithms. The second group wses visualization n order to
represent patterns and results from mming  algornthms
graphically. The third category tghtly integrates both
mining and visualizatim algorithms in such a way that
intermediate steps of the mining algorithms can be
visualized. Furthermore, this tight mtegration allows users
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tor comtrol and steer the mining process directly basied on the
mven visual feedback.

A vanety of visumalization methods which have been
developed In different domains can be cdassified into the
first group referring to the cassification given above.
Aming these are techniques for visualiang mulbdimen-
simal information. These methods try to map correlations
of objects in high-dimensional mformation space o spatial
correlations in a 21 or 3D presentation space. Amongs these
are approaches ike IVORY [10], VR-VIBE 6], and Narcisus
[12], which exploit spring models to place objects according
to therr similanties, whereby similar objects are placed
spatially close together. Other systems, like Lyberworld [11]
and SPIRE [33], use different visual metaphors like
Eelevance Spaces [11], Information Galaxies, or Themes-
capes [33] m order to visualice document collechons or
results from data base retnieval. FOCLUS [25] 15 an inter-
active table viewer which supports the exploration of
complex obpect-attnbute tables by a combinmatiom of a
focustoontext techmique, a hierarchical outliner for large
attribute sets and a general easy-to-use dynamic query
mechanism.

Other visual interfaces have been developed for visualie-
myg and interacting with hierarchies, like Cone Trees [8] or
Dhise Trees [16], whach use horizontal and vertical cones or
dises to layout hierarchies. FSN [28] and Information
Pyramids [2] exploit the metaphor of 30D mformation
landscapes to depict large hierarchical mformation spaces.
Other approaches, such as Treemaps [17] and CHEQOPS [7],
are well-known 2D techniques which use available soreen
space very effectively.

The visualiation of mining models (category 2 of the
classification of visual data mining approaches) can be
found m [26], where hierarchical cluster structures are
discovered and visualized based on implict surfaces. Other
examples are Web50M [1], which applies color coded
planes to visualize results of a Self-Organicing Map
algorithm, or OFTICS [4], which displays hierarchical
chestermgs.

Systems like Descartes [3] or Devise [9] provide solutions
for visualvang geographically related information. Different
types of icons, diagrams, colored faces, and maps are used
for depicting data within their spatial frame of reference.
These systems, however, do not support the visualization of
rather complex information struchires, as, for nstance,
abstract node link graphs or hierarchaes.

Muost of the systems mentioned above solve, each o ibs
own manner, some of the single problems miroduced
earlier in this section. Up to now, there are stll open
questims of how to provide a fleable framework for
solving those problems in a more general way.

The work meported in this paper was imspired by the
research stated above. In Sectiom 2, we briefly sketch our
approach for modeling information space. We sugpest a
scalable visualization framework (of. Sechon 3) m order to
address the mtroduced problems. Basically, our framework

mtegrates a solable preprocessing pipeline for organizmg large
unstructured  high-dimensional  information spaces  (see
Soction 4) with several new scalable visualizafion techmigues
(cf. Section 5) for visualiemg mformation structure along
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with information contents, as well as displaying and
interacting with mining results. We propose a new
paradigm for integrating the visualization of mformation
structures and their spatial frame of reference in Section 6.
Future work and conchesyons are covered m Sechon 7.

2 INFORMATION MODEL

The design of a scalable visualization framework requires a
formal and easily adaptable information model for descnb-
myg information units and the general charactenstics of the
information space. It's our goal to define a general model
which s suitable for different domaims and a vanety of
visualization apphications.

References [30] and [31] use objects to represent
information. In order to formalize this mformation repre-
sentatiom, we mtroduces the concept of imformation objects
I(}; to describe the information space. The term “mformation
object” denotes a necessary abstraction of the data which
represent the information. Information objectks are concrete
objects (e.g., documents, files, or real world objects like cars,
houses, or cities) which may contain other mformation
objechs.

The mformation set IM 15 a discrete set of mformation

objects.
IM = {Ith,..., 10} (1)

with =N}y & i=j i,3nel
Information objects are characterized by a set of
attributes. Those attributes can have arbitrary contimuous
or categorical ranges of values in order to describe object
properties and the charactenistics of the mformation. The
function atfr provides all attnbutes of a set of mformation

objechs.
attr({Ith, IO, .. T }) = {1, Ax, ..., Ak} (2)

nureth .|"|.:—."1.:,: =

The attribute set AM is the set of all attnbutes A, of the
set of information objects.

i=3 1,7, knclN

AM = attr({Ih,... . J0.}) ne N (%)

Those attributes define dimensions and span the
mformution space IR, whereas the ranges of attribute values
define the scaling of the related axes of the mformation
SPace.

The dimensiomality of the mformatiom space IR s
defined as the cardmality of the attnbute set AM.

dim(IR) = |AM]. (1)

In other words, the attnbutes and their ranges of values
represent the dimensions of the mformation space m our
model. Thus, information objects 1), can be understond as
points within multidimensional imformation space.

In order to model arbitrary relabons between 10,
which might either be given explicily or obtamed
mmplicitly, we mbrodoce the mformatwon strochore IS,
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The mformation structure IS 15 defined as a relation on
the mformation set IS:

IS © IM x IM. (5)

The absolute value of IS may be (), ie, n some cases
there may be no descriptiom of the relabon between
mformation objects

Summarnzing our model, the mformation space IR 15
defined by means of the information set IM, attnbutes
which desoribe the information properties and represent the
dimensions of IR and the mformation structure IS,

The imformation definitiom given above allows modeling
of complex information spaces. Arbitrary  visualixzation
sornarios can be handled due to the use of atinbutes for
charactenzing information objects and the wse of relabions
for describing connections between pieces of mformation.
Spatially referenced information spaces can be described as
well when treating the spatial frame of reference as a special
attnbute.

3 BaAsic CONCEPT OF A SCALABLE FRAMEWORK

In order to solve the problems addressed in Section 1, we
propose a framework which mtegrates a scalable prepro-
cessing pipeline and different visualization modules.
Basically, our preprocessing pipeline implements several
algonthms, such as mteractive filters, dustering, dymamic
hierarchy computation, and neural networks for analyzang
unstructured imformation spaces. Combming  different
techmiques within a fleable framework helps to scale
preprocessing. with respect to the charactenstios of the
mformation space and users” exploration tasks. In order to
dmsplay preprocessing results and to explore mformation
space graphically, the framework offers several new
visualzation techmiques as well.

3.1 Scalable Preprocessing

Preprocessing  large information spaces often  requires
reducing the achive data size to processible levels without
losing relevant mformatiom. Other preprocessing tasks,
such as gaming structure, identifying groups of related
mformation objects, or forming meaningful subsets of the
miven data, are noninvial because there s no general
mathematical fmmework or paradigm on how to build
those groups or subsets.

In order to address these problems and to acdhieve
flexability in the exploration process, we propose two major
methods for preprocessing information spaces within our
framework. Interactive user-driven approaches are used for
selecting dimensions or subsets of the mformation space
manually. Algorithmic computational procedures are
applied for obtaming structures and patterns in the data
automatically.

3.1.1 Interactive Freprocessing

The objective of interactive preprocessing is user-driven
mformation structuring and reduction in order to determine
the mmformation which 1s relevant for the visuahzation. Thas
15 achieved by user controlled filterimg out of nonrelevant

mformation. Cur framework prowvides several mteraction
methods, such as shders, mouse-baseed visual selechons,

ete., I comjunction with different visual previews onto the
data set in order to support mformation selection processes.
These mteractive procedures are useful because they allow
direct considerations of users” domam knowledge and
exploration tasks durnng the preprocessing. Basically our
framework offers the following three interactive preproces-
sing methods:

s Interachve reduchon of the number of dimensions
—Visual previews on multidimensiomal mformation
sehs are uwsed for supporting the selectiom of those
dimensions which might be most relevant for the
visualizatiom. These previews are created with a
techmique which we called Data-Table-View. The
Data-Table-View reveals ranges of values, value
distnbutions and comelations between dimensions
m order to support a qualified selechon of dimen-
sioms (see Sechon 4.1).

s User-drven filtering of data ranges—In conjunction
with the preview, mteractive sliders can be uhilieed
for specfying value mtervals such that only those
mformation objects whach fulfill predetermined
value condibioms are shown m the visualization.

» Interactive hierarchy specification—Based on the
user-defined hierarchy approach introduced i [32],
users can impose arbitrary  hierarchacal organiza-
tions on a given information set even if 1t s not a
natural hierarchy. Due to this interactive strategy,
users can bring domain-specific and task-specific
knowledge to the hierarchy specification that can be
utilized for obtaming structures and revealing
patterns in the data.

3.1.2 Algorithmic Preprocessing

The algorithmic-based preprocessing approach  exploits
similarities between information objects m high-dimen-
siomal imformation space. Therefore, we have to provide
adequate measures s;; — s(10), I0);) for calculatimg simila-
rities between mformation objects 1), and 10

As stated im [5], computmg similanity measures 15 rather
complicated because similanty can be defined o varous
ways and, often, domamn specific expertise i required for
determming appropriate measures. Furthermore, the deci-
siom 1If fwo objects are similar or not 15 specific to user goals.
Let's comsider an example. A number of firms are described
by the volume of sales over a period of several years. As it is
the objective to group those firms with similar sales rates
within this time penod, Euclidean Dhstance or some
Minkowsks Dhstances [18] are sufficient measures. In
cemtrast to that, the Dot product or a Correlation coefficient
[18] are appropriate if it & the miention to group firms with
similar sales growth within that penod of ime. Thus, any of
the different measures might be appropriate in certain
CaSES.

Furthermore, the apphcability of a specific smmilarnty
measure depends on the basic data types of the mformation
object’s attnbute values. Thus, similarities might have to be
computed from vanables that are binary, nominal, ratio
scaled, or a combmmation of these (cf. [158] for further
mformation about these data types).



