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Abstract

Inthis paper, we describe a query systemthat providesvi-
sual relevance feedback in querying large databases. Our
goal isto support the process of data mining by representing
asmany data items as possible on the display. By arranging
and coloring the data items as pixels according to their rel-
evance for the query, the user getsavisual impression of the
resulting data set. Using an interactive query interface, the
user may change the query dynamically and receivesimme-
diate feedback by the visual representation of the resulting
data set. Furthermore, by using multiple windowsfor differ-
ent parts of a complex query, the user gets visual feedback
for each part of the query and, therefore, may easier under-
stand the overall result. Our system allows to represent the
largest amount of data that can be visualized on current dis-
play technology, provides valuable feedback in querying the
database, and allows the user to find results which, other-
wise, would remain hidden in the database.

Keywords: Data Mining, Visualizing Large Data Sets, Visu-
alizing Multidimensional and Multivariate Data, Visual
Query Systems, Interfaces to Database Systems

1. Introduction

Thetotal amount of informationintheworldisestimatedto
be doubling every 20 months and the size and number of da-
tabasesis probably growing even faster. As computers affect
more and more aspects of modern society, one by-product is
the growing amount of information that is captured in acom-
puter-readable form. The automation of activitiesin all areas
including business, engineering, science, and government
producesan ever-increasing stream of data, becauseevery day
new applications for computers arise, and even simple trans-
actions, such as paying by credit card or using the telephone,
aretypically recorded using computers. Automated test series
in physics, chemistry and medicine generatelarge amounts of
datathat are collected automatically viasensors and monitor-
ing systems. Even larger amountsof dataare collected by sat-
dlliteobservation systemswhich are expected to generate one
terabyte of dataevery day inthenear future[FPM 91].

The data of all areas mentioned so far are collected be-
cause people believe that it isa potential source of valuable
information providing a competitive advantage (at some

point). Querying and analyzing the datato uncover thevalu-
ableinformation hidden in the databases, however, isadiffi-
cult task. The growth in the size and number of existing da-
tabasesfar exceeds human abilitiesto analyze the data. If all
the data are to be analyzed at all, computer supported data
analysis will have to play an important role. Today, already
most of the data is stored in computers and an increasing
amount of the dataismanaged by database management sys-
tems. Their query languages allow peopleto query the data-
bases, but finding the interesting data often remains a prob-
lem. Even experienced database users may have difficulties
to find the hot spots. Since the user does not know exactly
the dataand its distribution, many queries may be needed to
find them. Theresult for most querieswill contain either less
data than expected, sometimes even no answers, so-called
‘NULL’ results, or more data than expected, at least more
than the user is willing to deal with. Thus, the data which
was once collected because it might be useful now may sit
uselessin adata‘ dump’.

The need for supporting the process of querying and ana-
lyzing databases has been widely recognized and was even
ranked one of the most important topics of database research
forthe90s[SSU 90]. TheUSgovernment, for example, spon-
sorslarge projects such asthe Sequoia 2000 project [SFD 93]
to develop advanced data analysis techniques for very large
databases. Many companies a so recognized the potential of
analyzing their databases. Banks and retail stores, for exam-
ple, analyzetheir transaction records to understand customer
habits better and thus tailor their marketing promotions ac-
cordingly. Banks also analyze loan and credit history to im-
provetheir loan approval policies. On the one hand, over the
last years many tools and algorithms for data analysis have
been devel oped. It seems, however, that advanced techniques
for data analysis are not yet mature—at least for the flood of
data we are facing today. Since, on the other hand, the tech-
nology for generating, collecting and storing dataisavailable,
the gap between the amount of datathat isto be analyzed and
the amount of datathat can be analyzed isgrowing.

2. DataMining

The process of searching and analyzing large amounts of
datais aso called ‘data mining'. The large collections of
dataare the potential lodes of valuableinformation, but like



in real mining, the search and extraction can be a difficult
and exhaustive process. Therefore, adequate and efficient
mining tools are essential for the mining to be successful. In
some sense, datamining islikethework of radiologists. Itis
like scanning the database to identify phenomenons that
need to be looked at, showing the regular structure of the
data, but also helping to find anomalies.

2.1 Definition of Data Mining

‘DataMining’ can be defined as the (non-trivial) process
of searching and analyzing data, helping to find implicit but
potentially useful information. Let D ={dy, ..., d,} be the
data set to be analyzed. Then, data mining can be described
as the process of finding a subset D’ of D and hypotheses
Hy (D', C) about D’ that auser U considers useful in an ap-
plication context C. Thisdefinition can befurther formalized
e.g. by defining ahypothesis description language, a context
description formalism and so on. Theuser and his/her notion
of ‘usefulness’, however, can hardly be formalized since
‘usefulness’ not only depends on the changing knowledge of
the user and the application domain, but it alsoincludessome
notion of creativity and users may not be able to define their
usefulness criteria. On the other hand, if a data mining tool
helpsthe user tofind useful D’ and to find and verify hypoth-
eses, then it may not beimportant to havethe hypothesis, the
context and so on formally specified. All these aspects are
present in the user’s mind who will also be able to express
and communicate hig/her ideastowards other humans.

2.2 Related Research Areas

Our definition of data mining is quite a broad definition
and relatesto awide range of other research areasincluding
dtatistics (data analysis, cluster analysis), artificia intelli-
gence (knowledge discovery, machine learning), database
interfaces (data browsing, cooperative database interfaces)
and information retrieval. In the following, we give a brief
overview of these areas.

Simple statistical parameters such as average, variance or
correlation coefficients allow only special kinds of hypothe-
ses, namely thosewithD’ =D or D’ = R, inthecasewhereD

m
is partitioned into relations Ry, ..., Ry, (D = U R). More

complex statistical methods such as multidimensional clus-
ter analysis and mathematical taxonomy [DE 82] try to find
hypotheses about rea subsets of the database

(D’ =D with |D’| «|D| and |D’| sufficiently large) . An
exhaustive cluster analysis of multidimensional datawould
require checking the rel ationshi ps between all combinations
of dimensionsfor al subsetsof dataitemswhichiscomputa-
tionally intractablefor large datasets. Although most cluster
analysisalgorithmsuse somekind of heuristicsto reducethe
search space (e.g. [Hub 85]), for very large databases with
millionsof dataitems, cluster analysisisnot feasiblewithout
human guidance. Furthermore, statistical methods do not

help to find single exceptional data, so-called hot spots. In
our context, we talk about hot spotsif D’cD and |D’| = 1
or sufficiently small when compared to |D.

Inartificial intelligence, researchersareworkinginthere-
lated fields of knowledge discovery and machine learning
which can a so be considered as data mining. Among the Al
techniquesused in datamining are decision tree approaches,
inverted expert system approaches, probabilistic theories,
Bayesian statistics, neural networks and genetic algorithms.
In contrast to our work, in knowledge discovery the hypoth-
esesareusually rulesor factswhich areformally specifiedin
some high-level language [FPM 91].

Another arearelated to data mining are database query in-
terfaces. The ability to extract data satisfying a common
condition is like data mining in its ability to produce inter-
esting and useful hypotheses. The usefulness of the results,
however, largely depends on the user’s a priori knowledge
and intuition. Additionally, today’s query interfacesonly al-
low queries to be issued in a one-by-one fashion providing
no possibilities to incrementally change a query, to express
uncertain and vague queries. Approaches to improve the
query interfaceinclude graphical databaseinterfacesthat al-
low the user to browse the data (e.g. FLEX [Mot 90]) and
cooperative database interfaces [Kap 82, ABN 92] that try
togive'approximate answers' in caseswherethequery does
not provide a satisfactory answer (key ideas are already pre-
sentedin[JKL 77] for thefirst time).

In the area of information retrieval, alot of research has
been done to improve recall and precision in querying data-
bases of unstructured data such as (full) text. In this context,
distance functions for text, strings or descriptors [HD 80],
ranking functions [NMK 81] and weighted queries [SB 88]
have been examined. To improve the effectiveness of infor-
mation retrieval systems, the notion of relevance feedback
(using relevance assessments provided by the user) and ap-
proximate matching algorithms have been proposed
[Sal 88]. Although thework ininformation retrieval mainly
focuses on (full) text databases, we believe that it is an es-
sential prerequisite of our research.

2.3 Key Characteristics of Data Mining Tools

Before we describe our ideas to support data mining, in
this subsection we briefly mention the characteristics of data
mining toolsthat we consider to be the most important ones:
interactiveness and efficiency.

For datamining of very large databases to be successful in
the near future, we believethat it is essential to make the hu-
man being part of the dataanalysis process. It will beimpor-
tant to combine the best features of humans and computers.
Theintelligence, creativity and perceptual abilitiesof humans
which are unmatchable need to be supported by computers
which are best suited to do searching and number crunching.
A major research challengeisto find human-oriented formsof
representing large amounts of information. In today’s sys-



tems, theperceptual abilitiesof humansareonly usedtoavery
limited ext.5end. Only few systems use vision and sound to
help the user in dataanalysis (see[SBG 90] for an example).

A second important characteristic of data mining toolsis
efficiency. Efficiency isimportant for thea gorithmsto scale
up well enough when dealing with very large data volumes.
Although there is no universally agreed definition of * effi-
cient’, it hasbeen stated that al gorithmswhose computation-
al requirements are of the same order as sorting [O(n logn)]
or better can be considered efficient [FPM 91]. Given hard-
ware improvements at the same rate as in the pagt, it is un-
likely that algorithmswith acomplexity that is substantially
higher than O(n logn) will beuseful in dealingwith datavol-
umesin the range of terabytes.

2.4 Outline of the paper

Therest of thepaper isorganized asfollows: Section 3 pre-
sents our idea to provide visua feedback in querying large
databases. Section 4 illustrates the query specification and
visualization interface and introduces the notion of approxi-
matejoins. Furthermore, alarger exampleispresented illus-
trating the handling of complex queries. To be able for the
reader to mathematically understand how our visualizations
are created, in section 5 we briefly describe distance func-
tions, calculation of the relevance factors and the heuristics
used in the system. Section 6 summarizes our approach and
points out some of the open problemsfor future work.

3. TheBasicldea

Asindicated by our definition, we view datamining asan
interactive hypotheses generation process. Our goal is to
challenge the datato ask questions, rather than asking ques-
tionsto the data. In contrast to most other approachesto data
mining (c.f. section 2.2), our ideais to use the phenomenal
abilities of the human vision systemwhichisableto analyze
compact to mid-size amounts of data very efficiently. It is
able to immediately recognize patterns in images which
would be very difficult (in some cases even impossible) and
at least very time-consuming if done by the computer. The
research challenge is to find adequate ways of visually pre-
senting multidimensional datato support theusersin analyz-
ing and interpreting the data.

Visudization of data which has some inherent two- or
three-dimensional semantics has been done even longer
than computers exist. Since using computers for this pur-
pose, a lot of interesting and efficient visuaization tech-
nigques have been developed by researchers working in the
graphics field [EW 92]. Visualization of large amounts of
arbitrary multidimensional data, however, isapretty new re-
search area. Researchers in the graphics/visualization area
are currently exploring techniques in different application
domains [FB 90, ID 90, LWW 90, MZ 92]. In most of the
approaches proposed so far, the number of data items that
can bevisualized on the screen at the sametimeisquitelim-

ited (in the range of 100 to 1,000 dataitems), but it isa de-
clared goal to push thislimit[Tre 92].

In dealing with databases consisting of tens of thousandsto
millions of dataitems, our goal is to visualize as many data
itemsaspossibleat the sametimeto givethe user thebest pos-
siblefeedback on the query. The obviouslimit for any kind of
visualization isthe resolution of current displayswhichisin
the order of oneto three million pixels, e.g. in case of our 19
inch displays with a resolution of 1,024 x 1,280 pixelsit is
about 1.3 million pixels. Our ideaisto use each pixel of the
screentogivetheuser avisual feedback onthequery allowing
him/her to easily focus onthe desired data, understand thein-
fluence of various query componentsand find out why slight-
ly different querieshave completely different results- or more
general, to support a better, easier and faster query specifica-
tion. The interactiveness of such a system is important. The
user should have the possibility to modify the query on-line
and to seethe changes of the visualized data set immediately.
By exploring the datawith such a system, the user may learn
more about the datathan by issuing hundreds of queries.

Now, let usexplainour ideasusing areal world example. In
environmental science, researchers want to find correlations
between local weather parameters such as temperature, hu-
midity, direction and speed of the wind, solar radiation, pre-
cipitation and the air pollution by CO, SO,, NO,, 0zone, etc.
They havelargeseriesof theweather and pol lution parameters
being measured every hour or even every few minutesat mul-
tiple locations resulting in data volumes of about 10 MByte
even if only measured for oneyear at one location. Some ob-
viouscorrel ationsbetween parameters, e.g. apositivecorrda
tion of temperatureand solar radiation, can beeasily found by
calculating average or sum valuesfor specific periods of time
aswell astheir correlations. Other interesting aspects, howev-
er, such asatime-laggedincrease of temperatureand ozone, or
single exceptiona values are difficult to find with traditional
analysis methods. Finding such interesting data by directly
querying the database is also very difficult, since in general,
none of the parametersfor the query can befixed in advance.

Using our query and visualization system, the user still has
to specify aquery using agraphical query specification tool.
As aresult of the query, the user does not only get the data
itemsfulfilling the query, but also anumber of dataitemsthat
approximately fulfill the query. The approximate results are
determined using distance functionsfor each of the selection
predicateswhich are combined into therelevancefactor. The
distance functions are datatype and application dependent
and must be provided by the application. Examples for dis-
tance functions are the numerical difference (for metric
types), distance matrices (for ordina and nomina types),
lexicographical, character-wise, substring or phonetic dif-
ference (for strings) and so on. In case of our environmental
database, we simply use numerical differences.

Having calculated the distances for each of the selection
predicates, the distances are normalized and weighted be-



fore they are combined into the relevance factor. Relevance
factors may be calculated for al dataitems, but in general,
we do not want (or may not be able) to present all the dataon
the screen. Therefore, athreshold restricting the number of
dataitemsthat are represented on the screen needs to be de-
termined. This can be done by simply presenting as many
dataitemsasfit onthe screen, by presenting auser given per-
centage of the data or by more intelligent reduction algo-
rithms(c.f. section 5.1). Then, therelevancefactorsare sort-
ed resulting in a one-dimensional distribution, ranking the
approximate responses according to their relevance. The
principleideafor visualizing the relevance factorsisto map
themto colorsand represent each dataitem by several pixels
being colored according to the relevance of the data item.
Since screens are typicaly two-dimensiona displays, we
had to find an adequate way of arranging the colored rele-
vance factors. We tried several arrangements such as top-
down, left-to-right, centered, etc. and found that arrange-
mentswith the highest rel evancefactors centeredinthemid-
dleof thewindow seem to bethe most natural . The absol ute-
ly correct answers are colored yellow in the middle and the
approximate answers with colors ranging from green over
blue and red to almost black are rectangular spiral-shaped
around this region (c.f. figure 14). In cases where distance
functions provide positive and negative distances, we also
alow different arrangements (c.f. figure 1b).

The resulting window for the overall result isalways sim-
ilar to the upper left part of the visualization window pre-
sented in figures 4 and 5. It only provides feedback on the
amount of datafulfilling the query and on the distribution of
the approximate answers. This information may aready be
very helpful for the user; however, to better support the data
mining process, it is necessary to relate the visualization of
the overall result to visualizations of the different selection
predicates. Therefore, we generate a separate window for
each selection predicate of the query. In these windows, we
place the pixelsfor each dataitem at the same relative posi-
tion astheoverall result for the dataitemin the overall result
window. The separate windows for each of the selection
predicatesprovideimportant additional feedback totheuser,
e.g. on the restrictiveness of each of the selection predicates
and also on single exceptional dataitems.

After having thevisual feedback, the user may interactive-
ly change the query according to theimpression from thevi-
sualized results. Using high-lighting of corresponding pix-
es in different windows or a projection of the visua
representation to specific color ranges, the user may further
explore the data hel ping him/her to relate the relevance fac-
tors in the different windows. By having the possibility to
get the attribute val ues corresponding to some specific color,
the user may better understand and interpret the visualiza-
tions. According to the discoveries made during this pro-
cess, the user may then incrementally change the query us-
ing sliders provided for each of the selection attributes.

Asaready indicated in the previous section, our approach
todatamininglargely differsfromthetechniquesusedin sta-
tigtics, artificial intelligence, database interfaces and infor-
meation retrieval. The most obvious differenceisthat we are
using visualization and col oration to support the datamining
process. In our approach, we try to adequately support the
excellent vision capabilities of humans which we believe to
be the most important factor in data mining. Additionaly,
our techniqueisfast enough to beused in very large databas-
es. For simple queries and standard distance functions the
complexity is O(n logn) with n being the number of data
items. Obviously, query processing timeisdominated by the
time needed for sorting. Furthermore, our technique is com-
pletely application-independent, and, in contrast to most oth-
er approachesto datamining, with our approachitispossible
tofind single exceptiona valueswhich are difficult—maybe
even impossible—to find with traditional cluster analysisor
knowledge discovery methods.

4. TheQuery Specification and Visualization
Interface

Thebasicideaof our query and visudization interfaceisto
present as many dataitems as possible to the user to provide
visual feedback onthe query and to alow easy exploration of
the database, to understand the influence of various query
components, and to find out why dightly different queries
have completely different results. In the following, we give a
brief overview of our VisDB system: query specification and
visualization components, facilities provided to modify que-
ries interactively, processing of complex queries and exam-
plesfor the visualization of resultsfor different queries.

4.1 Query Specification

The query specification interface we use for specifying
gueriesisaderivative of the GRAphical Database Interface
(GRADI) [KL 92]. Although GRADI was developed in the
context of a multimedia database management system, it is
generally useful for specifying SQL-like queries. GRADI
has the advantage of allowing direct access to all parts of
complex queries. For the purpose of query specification, the
user may also use traditional query languages such as SQL,
or other graphical user interfaces. Since the query specifica-
tion is largely independent from the rest of the VisDB sys-
tem, wedescribeit only briefly in the following.

When starting the VisDB system, first the user hasto select
the database s/he wantsto work with. After getting the Query
Specification window, the next step isto select thetablesto be
used in the query. For each selected table a list with all at-
tributes will be displayed in a separate window and all ‘ con-
nections’ involving at least one of the selected tableswill ap-
pear in the Connections window. ‘Connections are joins
which are defined and named by the database designer (or the
user) prior totheir actua use. It may haveparameters. To spec-
ify theresult list (projection), the user hasto movethe desired



attributesand operators(avg, sum, max, min, count) tothe Re-
sult List. Now, only the condition part of the query remainsto
be specified. Using connections, attributes of the selected ta-
bles, and operatorsprovided by the Tool Box, thequery may be
built interactively using the mouse. To support anincremental
query specification process, we alow the user to specify all
partsof the query independently and to combinethem at alat-
er stage. Inthe Query Representationwindow thequery isdis-
played graphically. Each part of the query isrepresented by a
small box, simpleconditionsby asingle, subqueriesby adou-
ble box, and the connecting lines are labeled with the type of
connection used. The Tool Box alowsfast accessto al func-
tions supported by the system. Thefunctionsaredivided into
six groups: logical operators and basic elements, arithmetic
operators, comparison operators, nesting operators, set oper-
ators, and aggregate operators. The basic elements Condition
and Subquery are necessary for theincremental query specifi-
cation process. Toa low theuser to expresstherel ativeimpor-
tance of each of the selection predicates, weighting factors
may be defined by selecting condition or subquery boxesand
assigning weighting factorsto them.

To further explain the query specification process, let us
go through an example. Assume, auser of theenvironmental
database (c.f. section 3) wantsto find a correlation between
temperature, solar radiation and humidity on one hand, and
the ozone level on the other hand. According to higher as-
sumption that there is a correlation between the parameters
with atime delay of 2 hours, the user may specify thefollow-
ing query:

‘Select the temperature, solar radiation, humidity and ozone

level if at the same location the temperatureishigher than 15°C

or the solar radiation is higher than 600 watt/n? or the humid-
ity islower than 60%, and between recording temperature and
ozone thereis a time difference of two hours.’

The final result of the query specification for this query is
shown in figure 3. The details of the query specification pro-
cessarebeyondthescopeof thispaper andaregivenin[KL 92].

4.2 Visual Feedback

The principle idea of the visualization of results has al-
ready been described in section 3. Asaresult for aquery, not
only the absolutely correct answers are retrieved, but also
approximate ones. These are determined by calculating a
distance for each of the selection predicates and combining
theminto the relevancefactor. Instead of displaying the data
itself, we represent each data item by one, four or sixteen
pixelsof which the color representsthe relevance of the data
item. Mapping therelevancefactorsto colorscorrespondsto
the task of finding an adequate color scale for a single pa-
rameter distribution. The advantage of color over gray
scales is that the number of just noticeable differences
(INDs) ismuch higher [LRR 92]. Themain task in coloring
therelevancefactorsistofind apath through color spacethat
maximizes the number of INDs, but, at the sametime, isin-
tuitive for the application domain. In designing the system,

wetried many variations of the colormap to enhancethe use-
fulness of our system and found experimentally that for our
application, acolormap with quite constant saturation, anin-
creasing luminosity (intensity) and a hue (color) ranging
from yellow over green, blue and red to almost black is a
good choiceto depict the distance from the correct answers.

To get auseful visual representation, the rel evance factors
are sorted in descending order and arranged in awindow, the
highest relevance factors centered in the middle and the ap-
proximate onesin arectangular spiral-shape around thisre-
gion (seefigure 1a). The sorting is necessary to avoid com-
pletely sprinkled images that would not help the user in
understanding the data. Overall result windows of different
queriesonly differ in the size of the areas with different col-
ors. They may even be completely yellow in caseswhere al
the datarepresent completely correct results or almost black
in caseswhere al the data are compl etely wrong results. To
give the user more feedback than the amount of correct an-
swers and the distribution of approximate answers, we addi-
tionally provide visualizations of the distances for each of
the (top level) selection predicates (c.f. figure 4). However,
in contrast to the overall result window, we do not sort the
distances, but keep the same ordering of dataitemsasinthe
overall result window. Asaresult, the pixels of thewindows
areimplicitly related by their position. To be more specific,
for every dataitem the colors representing the distances for
the different selection predicates are at the samerelative po-
sition in each of thewindows. The separate windowsfor the
different selection predicates provide important additional
information to the user. By the visual color impression of the
single screens, the user gets information on how restrictive
each of the selection predicatesis, i.e. how many dataitems
fulfill a condition, how many fail to fulfill a condition, and
how closethe dataitemsareto fulfill each of the conditions.
Using the correspondence of pixels between the separate
windows denoted by their position, the user may also study
specific dataitems. If in one of the windows there isacolor
spot in an area of different color, the user might check for
this specific data item in the other windows, or s/he might
even retrieve the values for the corresponding data item out
of the database.

In designing our system, we al so experimented with other
arrangements of the data items on the screen. Oneideawas
to display the datain 2D or 3D with selected attributes as-
signed to the axis. However, with such kinds of arrange-
ments, we had the problem that on the one hand many data
items may be concentrated in some area of the screen while
other areas are virtually empty, and on the other hand many
data items are superposed and therefore not visible. Al-
though 2D or 3D visualizations may be very helpful, e.g. in
cases where the data have some inherent two- or three-di-
mensional semantics, we did not pursuethisideafor several
reasons: One reason isthat in most cases the number of data
items that can be represented on the screen at the sametime



isquitelimited. Thiswasin contrast to our goal of providing
feedback for as many dataitemsas possible on the screen. A
second reason is that in most cases where a 2D or 3D ar-
rangement of the dataisstraightforward, systemsusing such
arrangements have already been built. For spatial querieson
two-dimensional data, for example, a2D visualizationisob-
viously the best support for querying the database, and basi-
cally all Geographical Information Systems provide such vi-
sual representations of the data. For all cases, however,
where no inherent two- or three-dimensional semantics of
the data and therefore no straightforward visualization ex-
ists, our representation can be of great valueto provide visu-
al feedback in querying the database. Stimulated by 2D or
3D representations of the data, we got the ideato provide an
optional second method of visualization that includes some
feedback on the direction of the distance for distance func-
tions that provide positive and negative values. The basic
ideaisto assign two attributes to the axis and to arrange the
relevance factors according to the direction of the distance;
for one attribute negative distances are arranged to the left,
positive onesto theright and for the other attribute negative
distancesarearranged to the bottom, positive onesto thetop.
Inside the regions, the data items with the relevance factors
sorted in an descending order are arranged from the middle
(yellow region) to the edges of the window (seefigure 1b).
With this kind of representation, we do not represent the
distanceof dataitemsdirectly by itslocations, but we denote
the absol ute val ue of the distance by its color and the direc-
tion by its location relative to the correct answers (colored
yellow). An advantageisthat each dataitem may beassigned
to one pixel and no overlays of dataitemswith the samedis-
tances occur. In summary, it may be noted that maximizing
the number of visualized data items conflicts with arrange-
mentsthat have multiple attributes assigned to the axis.

4.3 Interactively M odifying the Query

When using our system, the possibility to dynamically
modify queriesisimportant. Since modifications have a di-
rect impact on the visualization, the user will get animmedi-
ate feedback on the effects of the changes. The visualization
providesfeedback ontheamount of dataretrieved, onthere-
strictiveness of the conditions, on the distribution of the dis-
tances for each selection predicate and on special data sets
theuser might beinterestedin. For example, if theyellow re-
gioninthe middle of each window is getting larger (shrink-
ing), more (less) dataitemsfulfill the condition; if awindow
is getting darker (brighter), the corresponding selection
predicate is getting more (less) restrictive; if the overall
structure of a window is changing, the distribution of dis-
tancesfor the corresponding selection predicateis changing
and so on. These visua indicators are a valuable help to
quickly understand the effects of query modifications and to
learn more about the data in the database, especially in ex-
ploring large databases with millions of dataitems.

@ (b)

Figure 1: (a) normal arrangement, (b) 2D-arrangement

Infigures 4 and 5, the query visualization and modification
window of the‘VisDB’ system isdisplayed. Thewindow is
divided into the left portion, the  Visualization’ part and the
right portion, the ‘Query Madification’ part. In the * Visual-
ization' part, the user receives avisual representation for the
overall result and for each selection predicate. The *Query
Modification’ part consists of slidersfor the selection predi-
cates and weighting factors as well as some other options.
The color spectrum of each dider isjust adifferent arrange-
ment of the col ored distancesand correspondsto thedistribu-
tion of distancesfor the corresponding éttribute. Inside each
dlider, the lowest and highest value of the visualized data
itemsfor the corresponding sel ection predicatearedisplayed.
Outsidethecol or spectrumsthe minimum and maximumval -
ue of the attribute in the database are displayed to give the
user afeeling for useful query values or query ranges.

Below thedliders, severa parametersarelisted for each at-
tribute, namely the‘ number of results’, the attribute val ues of
a'selected tupl€e’, the attribute val ues corresponding to some
selected color range (‘first’ and ‘last of color’) and finally the
‘query range’ and the ‘weighting factors'. In the following,
we will describe how these parameters may help the user to
explore the database and to modify the query. Using the
mouse, the user may choose a specific color or color rangein
any of the sliders to get the corresponding values of the at-
tributeinthe‘first’ and ‘last of color’ fields. Thepossibility to
get the specific values corresponding to the different colors
for each selection predicate makesit easier for the user to un-
derstand andinterpret thevisualization. Infigure 5, for exam-
ple, the red region in the lower right window may be easily
identified by the user. To understand the meaning of thisre-
gion, however, the user needs additional information relating
colorsand attribute values. Inthisspecial case, theuser easily
observes that data items with values in the range of about
71% - 73% for Humidity are quite good overall answers al-
though their values for Humidity are quite distant asindicat-
ed by thered color. An additiona help for the user to under-
stand the visualization and to find hot spots is to select a
specific dataitem in one of the visualizations to get the data
item highlighted in all visualization parts and the values for
the attributes displayed in the ‘ selected tuple’ field. The user
may usethis option to focus on an exceptional dataitem or to
get an example for adataitem from an interesting region in
one of the visualization parts. To focus on sets of dataitems
with aspecific color, it is possible to select some color range
inoneof thedlidersto get only those dataitemsdisplayed that



havethe sel ected col or for the considered attribute. Inthe oth-
er visualizations the same data items are displayed allowing
the user to easily compare the values of the other attributes.

To allow an interactive query modification, the query pa-
rametersare represented graphically by the black linesinthe
diders and by the value of the upper and lower limit in the
‘query range’ field. The user may use the sliders to roughly
modify lower and upper limit of the query or she may di-
rectly change the values in the ‘query’ field (c.f. figure5).
For numbers, the user may also choose a different type of
dlider where the medium value and some allowed deviation
can be manipulated graphically (see rightmost slider in fig-
ure 4). Different types of sliders are provided for different
datatypes and different distance functions. Sliders for dis-
crete types, for example, reflect the discrete nature of the
databy allowing only discrete movementsof thedlider. Slid-
ers for non-metric types (ordinal and nominal datatypes)
may be, for example, enumerations of the possible values
with the possihility to select each of the values. Special dlid-
ers may be designed for specia datatypes and specia dis-
tancefunctions, e.g. for stringswith different distance func-
tions (c.f section 3). Below the query parameter field, the
weighting factors are represented graphically. Like the que-
ry parameters, the weighting factors may be directly manip-
ulated using the mouse.

Ontheleft side of thequery modification part, thereisacol-
or spectrum for the overall result. Since the combined dis-
tance values have no inherent meaning, no values are as-
signed to the different colors. Instead of fields for a selected
tuple, selected colors, or the query values, the number of data
items in the database, the number of data items being dis-
played in the visualization (absolute value and percentage),
and the number of resulting data items are presented to the
user. Using a dider, the user may change the percentage of
databeing displayed or theallowed range, in casethe percent-
ageisdetermined using the heuristicsdescribed in section 5.1
(seefigure 5). Notethat changing the percentage of databeing
displayed may completely change the visualization since the
distance values are normalized according to the new range.

In the normal mode, the system recal culatesthe visualiza-
tion after each modification of the query. The user may also
switch to an ‘auto recalculate off’ mode where queries are
only recalculated on demand. This option is useful for large
databasesor if complex distance functionsare used, because
therecal cul ation for each modifi cation may need aconsider-
ableamount of time. Another menu option providesthe pos-
sibility to switch back to the query specification process,
thereby allowing structural changes or extension of the que-
ry, and to specify completely different queries.

4.4 Complex Queries & Approximative Joins

Uptothispoint, wehaveonly considered thesimplest types
of queries, namely one table queries with all selection predi-
cates being connected by the same boolean operator. In this

subsection, wewill briefly describe how complex queries, i.e.
queries with the selection predicates being arbitrarily con-
nected (nested* AND’sand‘ OR's), multipletablequeriesand
sometypesof nested queriesmay be supportedinour system.

In dealing with complex conditions that consist of arbi-
trary boolean combinations of selection predicates, in the
first steptheuser getsonly thevisualization of thetoplevel of
the bool ean expression. |nterms of the graphical representa-
tion of the query in the query representation window, itisthe
leftmost logical operator with the corresponding selection
predicates. If one of the selection predicatesitself consists of
aboolean expression, then the user may not understand how
thevisualization of that partisgenerated sinceonly onevisu-
alization with the overall result for the part is displayed. To
be ableto exploretheimpact of any query part, intheVisDB
system the user has the possihility to get avisualization and
guery modification window for arbitrary subpartsat any lev-
el of the boolean expression by simply doubleclickingtothe
corresponding boolean operator in the query representation
window. Thequery representation window isavailabletothe
user during the whole process of data mining to provide an
overview of the actual query, reflecting all changes made by
direct modifications, and to alow access to all parts of the
guery. In general, the arrangement of dataitemsin the upper
left part of the visualization representing the overall result of
the corresponding query part isthe same arrangement asfor
the overall result of the whole query. However, the user may
also examinethe query part independently and use an option
to get the dataitemsarranged according to therelevance fac-
torscalculated for the query part only. In our example query
(c.f. subsection4.1), inthefirst step thevisualization consists
of four parts: onefor the overall result of the query and three
for the three parts connected by ‘ AND’ (seefigure 4). If the
user wants to see visualizations for each of the selection
predicatesconnected by ‘ OR’, ghemight doubleclick onthe
‘OR’-box in the query representation window and, as are-
sult, s’he will get another query visualization and modifica-
tion window for thissubpart (seefigure 5).

Another type of complex queries are multi table queries
which, in general, involve somekind of join. Thetotality of
dataitemsthat need to be considered in this case corresponds
tothecrossproduct of all tablesinvolved. Our ideatovisually
support multi table queriesisto consider al dataitemsof the
crossproduct that approximately fulfill thejoin condition. As
for al other selection predicates, the user getsaseparatewin-
dow for the join condition with all data items of the cross
product that fulfill the join condition being yellow and the
othersbeing colored according to their distance. In somecas-
es, e.g. if thetables are connected by foreign keyswhich are
designed to connect related dataitems, this may not be help-
ful since the distances on foreign keys may not have any se-
mantics. In such cases, only those data items that fulfill the
join condition should be considered and no visualization for
thejoin condition needsto be generated. In many other cases,



however, itisquitehel pful to consider dataitemsthat approx-
imately fulfill join conditions. In our example from environ-
mental science, for example, we have atime- and alocation-
related join condition which both may well be considered as
vagueones. Such approximativejoinsmay even becrucia to
find the desired resultsif e.g. thetimeinterval for measuring
the weather and air pollution parametersisdifferent or if the
weather and the air pollution measurement station are not at
thesame but at close-by locations. In these cases, join condi-
tionsrequiring time or location equality would provide only
very few or even no results though they would be quite hel p-
ful. Again, the distance functions used to determine the dis-
tance of the join tuples are user and application dependent
(c.f. section 3). For joins on numerical attributes, for exam-
ple, the numerical difference between the considered data
itemsfrom the two relations might be used as an approxima-
tion of thejoin condition to befulfilled. In asimilar way, the
distance functions for non-equijoins (al < a2) or parame-
trized (non-equi)joins (al - a2 < ¢) may be determined. Spe-
cial joins, e.g. to relate geographical locations (c.f. example
query), require more complex distance functions. In adiffer-
ent context, other distance functions may be helpful, e.g. if
theuserisonly interestedin onerelation andin the number of
join partnersthat each dataitem of thisrelation haswith an-
other relation, the user might use the inverse of that number
asthedistance.

Inthelast part of this subsection, we briefly describe how
our visualization technique may support the user in dealing
with nested queries. As an example, we describe the case of
nested queries where the subquery is connected using ‘ex-
ists' or ‘in’. In dealing with such types of queries, the user
may choose the outer relation(s) to be the basis for display-
ing the relevance factors of the results. Again, the user will
get aseparate visualization part for each of the (top level) se-
lection predicates. In the visualization part corresponding to
theoverall result of the subquery, the user getsyellow in case
the subquery condition is fulfilled and otherwise the color
corresponding to the distance of the data item most closely
fulfilling the subquery condition. Thedataitem most closely
fulfilling the subquery condition can be determined by the
minimum distancein performing an approximatejoin of the
inner and the outer relation(s). Using this single value to be
displayed for the whole subquery, the user gets no feedback
on the distribution of distances for the approximative join
and on the other selection predicatesthat may beinvolvedin
the subquery. For this reason, we provide the possibility to
select one single data item in the visualization window and
to get the compl ete subquery with all its selection predicates
including thejoin of inner and outer relation(s) presented in
aseparate visualization and modification window. Thisway,
the user isviewing theimpact of the subquery in the context
of asingle dataitem from the outer relation(s). If the user is
more interested in the connections between inner and outer
relation(s), shemight usethe cross product of inner and out-

er relation(s) as a basis for displaying the relevance factors.
In this case, the user gets a better feedback on the amount
and distribution of distancesfor dataitemsthat only approx-
imately fulfill thejoin of inner and outer relation(s). Howev-
er, sinceweare dealing with the cross product, the totality of
data items that are considered is much larger and the per-
centage that can be displayed is correspondingly lower.

Note, that in most caseswhere negationsare used (negated
conditions, NOT IN, NOT EXISTSetc.), no distance values
may be obtained and hence no coloring is possible. Excep-
tions are only negated comparison operators [not (al op a2)
withop €{>, <, >, <}] wherethe comparison operator may
be inverted. The problem of not having distinguishable val-
ues in case of negations is similar to the problem of nega-
tionsinlogic programming.

4.5 Examples and Applications

In this subsection, we discuss some example visualiza-
tions and applications. The visualizations presented in fig-
ures4 and 5 have been produced by our prototype system us-
ing real world data taken from a large database of
geographical information.

The starting point of our description isthe query example
presented in figure 3. In the visualization part of the query
modification and visualization window (c.f. figure 4), it can
be easily seen by the different colors dominating the visual-
izations that each of the selection predicates has a distinct
impact ontheoverall result. Thevisualization of thethird se-
lection predicate displayed inthelower right part of thevisu-
alization window, for example, is dominated by dark colors
which meansthat the selection predicateis quite restrictive.
The visualizations of selection predicate one and two are
much brighter. In case of the lower left window, thisisclear
because it corresponds to the overall result of the * OR’-part
and all dataitemsfulfilling one of the three selection predi-
cates are colored yellow. Note, that the corresponding win-
dow (lower left of figure 4) isidentical with the upper left
window of figure 5. Figure 5 visualizes each of the three or-
connected selection predicates with the arrangement of data
itemsbeing the sameasinfigure 4.

Our query and visualization system is not only useful for
datamining tasks such asfinding correl ations between differ-
ent attributes, finding groups of similar data, and finding hot
spots, but a so for other tasks such assimilarity retrieval, find-
ing adequate query parameters and weighting factors, and
finding correspondencesin different databases. Finding simi-
lar partsinalarge CAD databaseisan examplefor thefirst two
of thesetasks. InaCAD database of 3D-parts, itisnot obvious
how similarity can be formally described. Usually, there are
quite many parameters (in aconcrete application in mechani-
cal engineering we had 27 parameters) describing the parts,
and each of them might beimportant for aparttobesimilar. In
searching for similar partsintraditional CAD databasesaque-
ry isissued using fixed allowancesfor someof theparameters.



As aresult of the query, the user only gets the information
whether adataitem fulfillsall allowancesor not. However, the
user might missapart that exactly fitsin all except oneparam-
eter and just misses to fulfill the allowance of that single pa-
rameter. Therefore, in similarity retrieval, it seemsto beim-
portant to provide approximate responses and to alow the
user to adjust the allowances and weighting parameters. Our
system providesfeaturesthat exactly support thesetasks mak-
ing it apromising candidate to be used in similarity retrieval.
Another examplefor an interesting application of our system
are multi-database systemswhereit isoften aproblemto find
corresponding dataitems in multiple independent databases.
If adistancefunction for thetwo attributesto bejoined can be
defined, our systemwill help theuser toidentify closely relat-
ed dataitemsof thetwo databasesand to find adequate param-
etersfor approximately joining the databases.

5. Mathematical and Statistical Foundations

In this section, we briefly describe the mathematical and
statistical foundations of our visualization technique. Aswe
will see, the formulas used in calculating the relevance fac-
torsareof highimportancefor thevisualizationsto be useful.
Someissuessuch asthe distanceand weighting functionsare
highly application dependent and the examples presented in
thispaper are given such that thereader isableto understand
how we derived theimages presented in figures4 and 5.

5.1 Heuristics to Reduce the Amount of Data
to be Displayed

Since the number of data items that can be displayed on
the screenislimited by the number of pixels, we had to find
adequate heuristics to reduce the amount of data and to de-
termine the data items of which the distance shall be dis-
played. Theexact way isto useastatistical parameter, name-
ly the o-quantile. The o-quantile is defined as the lowest

8o
value &, with F () = jf(x)dx =o,wheel0<a<l,
F(x) isthe distribution and f(x) the density function.

Let r be the number of distance values that can be dis-
played on the screen, #sp be the number of selection predi-
cates and n the number of data items in the database, then
only dataitems with an absolute distance in the range [0, p-
quantile] are chosen to be presented to the user where p
equals r/(n* (#sp+1)). If negative and positive distance val-
uesare used, the range of values presented to the user is giv-
en by [og* (1-p)-quantile, (0p* (1-p) +p)-quantile] where oy
is determined by og-quantile = 0. In the special case of two
attributes assigned to the two axis (c.f. section 4.2), corre-
spondingly the combined o-quantiles for two dimensions
may be used. In the case, when several pixels are used per
dataitem, the number of presentable data items needs to be
divided by the corresponding factor (4 or 16) and the quan-
tiles need to be adapted correspondingly.

M M)

Figure 2: two density functions

Moreimportant than the number of dataitemsthat aredis-
played is the effect of the highest and lowest value of the
considered part of the data on the normalization. The o-
guantiles are only the best choice if we want to present as
many data items as possible. Depending on the distribution
of values, in many casesit will be better to present less data
items, especially if the density function of the distance val-
ues has multiple peaks (see figure 2 for an example for two
density functions). If we have e.g. two groups of distance
values each being in different orders (see figure 2b), it may
be hel pful to present only thevalues of thelower group tothe
user since, in this case, the graduate differences within this
group are better enhanced by different colors. To implement
this heuristics, first we define the range [rmin, fmax] for the
number r of distance values that the user would like to get
displayed. Suppose, the dataitemsx; are sorted according to
their distanced;. Then, for each x; {xrm s en X max} wecal-

In r

i+z

2[4
j=i-z
termined data dependent constant in the range
2<z«r . —rmin- Then, we choose the data item with the
highest s to be thelast dataitem that is displayed. Although
at thefirst glance, the complexity of this heuristics seemsto
bein the order of z* (I yax I'rin), the agorithm can be easily
optimized to a complexity in the order of (z+ 1y Mmin) Y
successively calculating the s;.

culate s, = , With z being a heuristically de-

5.2 Combining the Distancesinto the Relevance

To determine the combined distance for acomplex query,
first the distance values are calculated for each selection
predicate of the query by the application dependent distance
functions as described in section 3. The combination of dis-
tancesfor the different selection predicates, however, is not
straightforward because the distancesfor the different selec-
tion predicates haveto be considered with respect to the dis-
tances of the other selection predicates, and the combined
distance must be defined and meaningful globally. One
problem is that the values calculated by the distance func-
tions may be in completely different orders of magnitude
(e.g.inamedical application, adistance of 1g/dl for Haemo-
globin may be very large and a distance of 1,000 per dl for
Erythrocyte may be very small). A second problem is that
the relative importance of the multiple selection predicates
ishighly user and query dependent.

Thesecond problem can only be solved by user interaction
sinceonly the user isableto determinethe priority of the se-



lection predicates. Therefore, in general, it is necessary to
obtainweighting factors(w; ,j € 1, ..., #sp) representingthe
order of importance of the sel ection predi catesfromthe user.
Thefirst problem can be solved by anormalization of the
distances. A simplenormalization may bedefined asalinear
transformation of the range [dy,iy,, dmax] fOr €ach selection
predicate to afixed range (e.g. [0, 255]). When experiment-
ing with this normalization, we found that in some cases it
may cause misleading results. A single dataitem, for exam-
ple, with an exceptionally high or low value may cause a
completely different transformation, even if the combined
distance of this data item is too high to be displayed. Asa
consequence of the normalization, however, the correspond-
ing selection predicate may have little or no impact on the
overall answer resulting in a set of approximate answers
with a completely misleading visualization. Our ideato im-
prove the normalization isfirst to reduce the number of data
itemsto bedisplayed for each selection attributeto anumber

that is proportional to ﬁ . Theinverse proportionality to

w; (w; € [0, 1]) isimportant for the following reason: The
less a selection predicate isweighted, the higher isthe prob-
ability that data with a greater distance for this selection
predicateare needed. Then, thedataare normalized by trans-
forming therange[din, dmax] Of theremaining dataitemsto

afixed range as described above.

In order to combine the independently cal culated and nor-
malized distancesof multipleselection predicatesintoasingle
distancevalue, we successively cal culate combined distances
for all subparts of the query, according to the structure of the
query. In this step, we use e.g. the weighted arithmetic mean
for * AND’-connected condition parts and the weighted geo-
metric meanfor ‘ OR’-connected condition parts. More exact-
ly, for each dataitem x; the combined distanceiscal cul ated as:

#sp
Y W, ><dij incaseof ‘AND’,
j=1

Combined Distance,

#p
Combined Distance; = [ dijWJ’ incaseof ‘OR’.
j=1
Before acalculated combined distanceis used asaparam-
eter for combining other distances, it is aso normalized as
described above. After calculating the combined distance
for the whole condition, the relevance factor is determined
astheinverseof that distancevalue. At thispoint it should be
mentioned, that for special applications other specific dis-
tance functions such as the Euclidean, LP or the
Mahal anobis distance in n-dimensional space may be used
to combine the values of multiple attributes.

6. Conclusions

Datamining in very large databasesis one of the big chal-
lengesthat researchersin the database areaare currently fac-
ing. The task is to efficiently allocate interesting data sets,

i.e. hot spots, clusters of similar data, or correlations be-
tween different parameters. Our approach to support the data
mining process combines traditional database querying and
information retrieval techniques with new techniques of vi-
sualizing the data. Our *VisDB’ system allows to visualize
the largest amount of datathat can be displayed at one point
of time on current display technology providing valuable
feedback in querying the database and allowing the user to
find results which, otherwise, would remain hidden in the
database. The interactivity of the system allowsto focus on
interesting data providing a promising way to explore the
database efficiently. Our approach is independent from any
specific application area and requires no knowledge on the
application other than the distance and weighting functions.
In contrast to traditional cluster analysis or knowledge dis-
covery algorithms, no complete analysis of the data result-
ing in facts or rulesin a high-level language is done by the
system. The user with his’her perceptual capabilities and
general knowledgeisresponsible for doing the analysis and
interpretation. As a result, the query performance is better
than in most other approaches to data mining making it fast
enough to be used for very large amounts of data.

Thevisualizationspresentedinfigures4 and 5 aregenerat-
ed by a prototype of our ‘VisDB’ system. The prototype has
beenimplemented to eval uate the conceptsand design of our
query and visualization interface. The implementation of
some partsof theinterface, especially theinteractive modifi-
cation of queries and the screen layouts with two attributes
assigned to the axis, is not yet completed. Furthermore, in
interfacing to traditional database systems, we found that
tasks such as multidimensional search and incremental
changes of queries which are important for our system to
work fast enough, are not adequately supported. Additional-
ly, current systems do not provide access to the preliminary
results of query subportions. We are currently working on
techniquesthat allow our system to work fast enough despite
these problems. Our ideaisto retrieve more data than neces-
sary in the beginning and to retrieve only the additional por-
tion of the data that is needed for a dlightly modified query
later on. Additionally, multidimensional data structures that
support range queries on multiple attributeswill be essential
toimprove query performance.

In this paper, we have shown that for exploring large data
setsthe principle of incremental query refinement guided by
visual feedback can be very helpful for the user to discover
interesting data sets and to derive and verify hypotheses
about them. Our VisDB system, being built around thisprin-
ciple, provides a simple and elegant but remarkably power-
ful way of supporting datamining in very large databases.

Note

For technical reasons, it was not possible to publish the
screen dumps in color in this proceedings. If you are inter-
ested, wewould gladly forward the color pagesto you.
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