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Abstract

A conceptual clustering program CLUSTERS3 is described, tigaten a set
of objects represented by attribute-value tuples, groupsmtinto clusters
described by generalized conjunctive descriptions inbatiional calculus. The
descriptions are optimized according to a user-designéti-oriterion clustering
guality measure. The clustering process in CLUSTER3 dependa viewpoint
underlying the clustering goal, and employs the view-rah\attribute subsetting
method (VAS) that selects for clustering only attributdsvant to this viewpoint.
The program is illustrated by a simple designed problem andsbapplication
to clustering of US Congressional voting records. The omgoésearch concerns
application of CLUSTERS to large and complex datasets sgcto#lections of
web pages.

Keywords: conceptual clustering, unsupervised learngogl-oriented clustering,
pattern recognition, attributional calculus, view-rebaut attribute subsetting.

1 Introduction

Clustering analysis is a fundamental way of gleaning kndg#efrom data when
little is known about the organization of the observatioesorded in the data.
Most clustering methods group objects into clusters sobelythe basis of the
relationship of the observations to each other, and ougmutlts as collections or
hierarchies of clustered observations. They typicallyetdkscriptions of objects
in the form of attribute-value vectors and group the desicms on the basis of
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a predebPned measure of similarity. Similar objects are ggdunto the same
clusters and dissimilar objects into different clusteree Bo-generated clusters
or hierarchies are not given any descriptions or explanatio

Research presented here concerns another approach teridgstcalled
conceptual clustering, originally introduced by Michalglnd Stepp [1], that
groups objects into clusters that represent meaningfudeqas. The result of such
clustering is a hierarchy of clusters together with theisatigtions. The cluster
descriptions are in the form of conjunctions in attributibcalculus Michalski
[2], a logic and representation system that combines featof propositional,
predicate and multiple valued logic to facilitate machiearhing.

The CLUSTERS3 program is the newest and most advanced implaten
of conceptual clustering. The general algorithm implemented in CLUSTERS3 is
described in Section 2. Presented in Section 3 are novettsspeCLUSTER3
including the view-relevant attribute subsetting (VAS)thwal, which selects for
clustering only those attributes relevant to a predePredpoint, and new criteria
used for cluster evaluation, combined into a multi-crdarmeasure of quality
using the Lexicographic Evaluation Functional (LEF) [1lecBon 4 presents
results of initial testing of the program on a few designed seal-world datasets.
Conclusions and future directions are in Section 5.

2 The CLUSTERS3 algorithm
2.1 Clustering representation

Standard clustering methods split observations into a Setlusters without

providing any generalized descriptions of the clustersuRe of such methods
are often lists of points and their corresponding clustéherefore, introducing
a new observation to an existing set of clusters usuallyiregyperforming an

additional cluster analysis on the entire dataset.

CLUSTERS presents clustering results as both a hierarchycladtered
observations and as generalized descriptions of the meguwlusters represented
in attributional calculus. Attributional calculus is a tarage with high descriptive
power whose descriptions are comparable to the structideisage of a subset
of natural language. A clustering description is a set destents in attributional
calculus, one statement per cluster. Each statement is a conjuatétributional
conditions that in the simplest form are relations betwesmgle attribute and a
subset of values of the attribute domain. An example usingarip variablesX 1,
X2, X3is[X1=1]&[ X2=0]&[ X 3=0].

2.2 General algorithm

The CLUSTERS3 algorithm, presented in Figure 1, uses antitergearch to
generate logically disjoint cluster descriptions that meadly adhere to the
clustering quality measure (LEF; see Section 3.3). Thaimreliminary cluster
descriptions often contain large areas of intersectior.Nondisjoint Into Disjoint
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‘ Select k new seeds ‘

‘ Generate digjoint clustering

|
‘ Evaluate LEF @ : Keep new clustering ‘

Hao

‘ Update stopping criteria }7
|

Figure 1: General algorithm for CLUSTERS.

(NID) process removes observations from the areas of mt&m and places them
in a multiple-covered observations list. This process tbentracts the cluster
descriptions and uses an agglomerative technique to adewvabi®ns from this list

to the clusters that best bt them. The resulting intermgdaiaistering description
that maximizes the quality measure is selected for use in¢heiteration.

Each iteration of the algorithm creates a seed Set {Oq,...,0k} by
selectingk observations to use as seeds for generating clusters, oraugeer.
The STAR methodology Michalski and Stepp [1] is applied toleseed to create
a set of maximally general complexes used as the basis fstecldescriptions. A
maximally general complex is the negated disjunction ovallies for an attribute
for all seeds except the selected seed. An attribute is @&dlif its value in the
selected seed appears in at least one other seed. For thEateibutesA =
{A1,...,An}, the value of an attributd, for seedOy is signibed byA,{ O},
and the disjunction of values fdk, for all seeds excefx is A,{O-k}. The
negation of this disjunction is the maximally general coexplvhich covergDy
for attributeA, but for which no other seed is covered. A partial star is thote
all such complexes fddy . An element of the set of partial stdes= {P4, ..., Pk}
corresponding t& is debned as follows.

Pk = {=A1{O-k}, 7A2{O-k},...,7An{O-k}} = {Pk1,...,Pn}. (1)

Elements of eqn (1) are ranked based on sparseness (semnSe8ji The result
is an ordered list of partial stars whéfg indicates the rank.

Pk{r}=(P|fl},P|f2},---,P|;{n})- (2
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The set of potential clustering descriptions is generatedaking the cross-
product of all ranked partial stars.

= {Pagry X Pagry X% Py}
2
e G RN =Y b W (=35 BN -\ WO (=34 BN - AL 5 ) SR )

:{ 1y 2504y p}-

The elements of eqn (3) are ordered by the sums of the ranksegpdrtial
star elements of each potential clustering descriptioe. [l is traversed in rank
order and the NID procedure applied at each step. The ti@veigps when the
evaluation of the Pnal disjoint clustering fails to impraféer a specibed number
of iterations.

2.3 Advanced features

The CLUSTER3 program provides three features that allow dh&tem to
dynamically optimize and present clustering results.tfFtre general algorithm
can be applied recursively to each clustering result to ggeea clustering
hierarchy. This divisive method generates clustering migtsons at each step
providing recursive levels of generalizations of the olaaBons. Second, the
exceptionless NID and active overlapping search procesbew the system
to generate intersecting cluster descriptions. The forme&ins observations
which cause intersection between cluster descriptione. [&tter searches all
permutations of adding an observation to one or more clsidtastly, the program
accepts a range of values for use in determining an optimalbeun of clusters
and independently performs a clustering analysis for eatirevin the range. The
returned Pnal clustering description is that which maxesithe clustering quality
measure.

3 Goal-oriented features
3.1 Goal-orientation

Clustering data is sometimes described as discoveringdhgal classesn the
data as in Cheeseman and Stutz [3], a perspective that asshere exists only
one set of natural classes to be discovered. In contrastSTBR3 presumes the
possibility of clustering observations in many differeréys, depending on the
underlying goals of the problem to be solved. For examplegaat may cluster
prescription drugs differently depending on whether thal g® recovery time or
the number and severity of drug-induced side effects.

Two goal-oriented features are implemented in CLUSTER® Vibw-relevant
attribute subsetting (VAS) method is an attribute selectizethod that selects
for clustering only those attributes relevant to a partcuviewpoint. The
Lexicographic Evaluation Functional (LEF) is used to ea#duthe quality of
clustering descriptions at each stage of the process.
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Table 1: Viewpoint meta-attribute subset membership forbates describing
hockey players.

Attributes Physical Intellectual Leadership
Skating Speed M p hysical M I(r:nellectual M I(_:eadership
1Q M ghysical M |ntellectual M Leadership
Game Knowledge M Bhysical M intellectual M Leadership
# Years Experience M ghysical M |ntellectual M | eadership

3.2 View-relevant attribute subsetting

A clustering analysis of datasets is often performed whesreths limited
knowledge about the underlying organization of the data.sérihas, however,
usually sufbcient knowledge about the attributes thatasttarize the individual
observations in the dataset to indicate their relevancéhmintended clustering.
Attribute selection (a.k.a. feature selection) is a comimmaesed method to reduce
the dimensionality of a dataset, using search and evatutithniques to reduce
the attribute space to those attributes which are mostaeteas is discussed in
Vafaie and DeJong [4]. We expand this concept by considetbgets of attributes
that naturally group together based on their correlatiaparticular viewpoint, a
process referred to as view-relevant attribute subseftiA®).

We debne aviewpoint meta-attributeM, for viewpointv as a higher level
attribute used to describe a viewpoint debning a subsettribaes relevant to
this viewpoint. Each viewpoint meta-attributé, creates two subsets - the set of
attributes fromA directly relevant to viewpoint and its complement.

MV={A1,A2,...,An}. (4)
ME = A\ M,. (5)

Additionally we debne aiewpoint hyper-space S (Ay) for each attribute\,
as the set union of meta-attribute subdétsand their complementd & to which
it is a member.

HS(An) = {My|An M} { MEIA, ME}. (6)

To illustrate these concepts, consider the attributes trsexhtegorize hockey
players and the viewpoints (physical, intellectual, leatlg) used to categorize
the playersO abilities presented in Table 1. The followaignitions are drawn
from the data in this table.

M Leadership = { GameKnowledge,# Y earsExperience}. (7)
M ISaadership = A\ Meadership = {SkatingSpeed, |Q}. (8)
HS(SkatingSpeed = {Mpnysical , M ICnteIIectuaI M IE:eadership }. 9
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In this exampleGame Knowledgand# Years Experiencattributes are relevant
to the viewpoint ofLeadership Egn (7) debnes the viewpoint meta-attribute
M Leadership @S this relevant set of attributes. Its complemb/rﬁ:%Idership debned
in egn (8), is the set of attributes not relevant to the viewploeadershipFinally,
eqgn (9) presents the viewpoint hyper-space forSkating Speedttribute. Since
Skating Speets only relevant to the viewpoirRhysical its hyper-space consists
of the meta-attribute for this viewpoint and the meta-httie complements for the
other viewpoints.

Viewpoint meta-attributes can be combined using set opeyab produce
many possible view-relevant attribute subsets. For exengilen the goal of
grouping hockey players based on their combined leadesstdphysical ability,
the resulting set of attributeshi8 pnysicai M ieadership ; Written explicitly in terms
of attributes ag SkatingSpeed, GameKnowledge# Y earsExperience}.

3.3 Lexicographic evaluation functional

A critical component of all clustering systems is the measused to evaluate
the quality of a clustering (a set of clusters). Partitignmethods traditionally
calculate proximity to cluster centers using Euclideartagise as in Kanungo
et al [5]. Density methods, as discussed in Han and Kamber [&luate the
concentration of points in antneighborhood to build clusters of arbitrary shape.
For categorical data, Cheeseman and Stutz [3] use Baydsitistiss and Kim
et al. [7] use modal values to determine optimum clustering tes@LUSTERS3
debnes various evaluation criteria to optimize certaireta®f the resulting
clustering description. These criteria are combined in®ngle measure using
the Lexicographic Evaluation Functional (LEF).

Each criterion used in the evaluation is presented as a pafwes consisting of
a measurement and tolerance clustering description is considered sub-optimal
if the evaluation of any particular criterion is not within percent of the best
evaluation of that criterion thus far. All criteria are deldrsuch that the optimality
of the measure improves as the value of the measure decreases

k Number of cluster descriptions in Pnal clustering

C Set of cluster descriptions

Ck Thek™ cluster description from set C

A Set of attributes in domain space

A(Cy) Set of explicitly specibed attributes in cluster desoniptT «

(0] Set of observations

O(Ck) Set of observations covered by cluster descripGan

Va, (O(Ck)) Set of values for attributd ,, appearing in observations covered by cluster descriiipn
Area (Cy) The area of the event space covered by cluster descriBtion

Figure 2: Shorthand notations used in LEF criterion forraula
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Table 2: Commonly used evaluation criteria available in GIERS3.

Criterion Evaluation
Sparseness (Area (C;) S 0O(Cj))
cCij C
Disjointness
5L 1V A, (O(Ci))  Va, (O(Cj)) =
2 Cj CCj CAn A 0 otherwise
Commonality 3 LA ) A(CH)
Ci CAn A 0 otherwise
Balance ( oS O(l(ii) )k
Ci
. Area (Cj) & O(Cj)
Relative Balance ( S L2 Yk
ci ¢ Cj c Area (CJ ) [¢]

The notations specibed in Figure 2 are used in the criteriadtae debned
in Table 2. These criteria are a subset of all possible @itavailable in the
CLUSTERS program.

4 Experiments

4.1 Comparative testing of CLUSTER3 on a designed problem

A simple designed problem is used to illustrate the perforteaf CLUSTERS in
comparison to a conventional, similarity-based clusgegrogram. The objects in
the dataset to be clustered are described by four attrilutieslomains as follows:
X1={0,1,2};X,={0,1,2}; X3={0,1,2,3};X4={0, 1}. The dataset consists of 21
object descriptions (tuples) distributed in the space spdmver these attributes.
The dataset was tested against the implementation of Ldagid6rithm in the
KMlocal clustering application by Kanungst al [5]. KMlocal was selected due
to its efbcient and modern implementation of the k-meansrihgn. LloydOs
algorithm assigns observations to clusters using the numirkuclidean distance
between the observation and the cluster centroids. The BAlllapplication was
run with default parameters and 1000 stages. The CLUSTEB&@m was run
with default parameters and evaluation criteridbafanceandcommonality with
=10% for both criteria. The number of clusters was set to ®@th applications.
The three simple disjoint cluster descriptions producedChyJSTER3 are
shown in the General Logic Diagram (GLD) Sniezynskial [8] in Figure 3(a).
A GLD is a visualization method for representing multi-éaiite domain spaces
in a planar grid. Each cell in the grid corresponds to a pt¢essibservation from
the domain space; observed data elements are indicated &l wake of O10.
Rounded rectangles represent the resulting cluster géistis. A similar GLD is
presented in Figure 3(b) for comparison of the results okikocal application.
Rounded rectangles are excluded since the results aremertagieed descriptions.
Instead, the cluster number is indicated in the upper rigtntel corner of the cell.
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(a) CLUSTERS3 results (b) KMIocal results

Figure 3: GLD representations of resulting clusters foiglesd problem.

The clusters produced by KMlocal and CLUSTER3 are similathwthe
exception of the observatioiX¢,X 2,X 3,X4) = (0,0,1,1). The main difference is
that in addition to clusters, CLUSTERS produced their dgson in the form
of attributional conjunctionsCluster0 : [X; = 0..1]&[X3 = 0..1];Cluster 1 :
[X1=2]& X3=2..3];Cluster2: [X; = 0]& X3 =2..3].

The descriptions produced by CLUSTERS are general, in theesthat they not
only include (cover) the observations in the dataset bot @t®bserved instances.
This way a new observation (instance) can be easily clagdipeletermining the
description it matches. For example, a potential new olasienv(0,2,1,1) would be
classibed to Cluster 0 because it matches (satisbes) thepties of that cluster.
In contrast, in the case of KMlocal, it is not obvious whetli@is observation
belongs to Cluster 0 or Cluster 2. To decide this, KMlocal ldmeed to re-cluster
the entire dataset with the new observation.

4.2 Performance of CLUSTER3 on a real-world problem

CLUSTER3 was applied to a larger real-world dataset consisting of the
Senate voting record of the Prst session of the 108th Unitate$ Congress
(Congressional Voting dataset), built from the 459 voted bg the 100 members
of the United States Senate. Each of the votes representattiimite in the
dataset. The possible values are Yea (vote for), Nay (votnat, Present
(abstention), and ? (no vote cast). Additionally, viewpaireta-attributes were
debned based on the type of vote being cast (e.g. Bill Pasdaggndment, etc.).
Several experiments, shown in Table 3, were performed terohte what
pivotal votes drive the congressional voting record. Rilebtes are those that,
when taken together, distinguish between resulting aluescriptions. The brst
experiment attempted to discern the pivotal vote(s) regulfrom clustering all
votes. The result was a description whose pivotal vote, aamdb adjourn,
is primarily irrelevant. The VAS and LEF methods were sulbsedly applied
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Table 3: Results of adjusting VAS and LEF on Congressiontihgadataset.

Exp

Viewpoint Meta-Attributes

LEF Criteria ()

Pivotal vote(s) / Vote Topic

M AllV otes

Sparseness (10%)

Vote 1: Motion to Adjourn

M gilp assage

Sparseness (15%)

Vote 179: Tax Relief

M giip assage

Balance (10%)
Relative Balance (15%)

Vote 51: Abortion

M gilp assage

Disjointness (15%)

Vote 51: Abortion

to discern more relevant pivotal votes. The viewpoint nadtabutes selected
correspond to legislative votes rather than adminiseatimes. The evaluation
criteria used for the experiments evaluate sparsenessmderity, and balance
of the votes.

The experiments show that modifying VAS and LEF parametergige insight
into relevant pivotal votes. Experiments 2 and 3 only ineldégislative votes
(MBipassage ) but use different evaluation criteria, resulting in dgstoons
containing two different pivotal votes. Conversely, expwnts 3 and 4 produce
the same clustering descriptions using different criteneasures. Experiment
2 demonstrates that selecting clusters based on a Tax Rejjsiation vote
provides the clusters with the greatest density. ExperirBetlemonstrates that
selecting clusters based on an Abortion legislation vodepces clusters that have
the greatest voting record balance. The same result is\athia experiment 4
when clustering is performed to minimize the number of valsieared across all
attributes. This leads to the possible conclusion thatietirsy Senators based on
their Abortion votes results in clusters that have highngtissimilarities between
the clusters while still maintaining well-balanced cluste

5 Conclusions

The CLUSTER3 program generates generalized descriptionsclusters
representing meaningful concepts to facilitate undedstenthe organization of
the observations comprising a dataset. Resulting concepts are output as conjunctive
statements in attributional calculus produced by an itegatearch and clustering
guality evaluation process. A number of novel features hasen described,
including VAS and LEF, which facilitate clustering based specibcation of the
goals desired by the user and recommended criteria for mgdtfie clustering
quality.

The application of CLUSTERS to a designed problem and corsparvith the
KMlocal similarity-based clustering method demonstratesability to discover
simple concepts in the presence of irrelevant attributbs.capability of the VAS
procedure for discovering meaningful clusters and cliusgedescriptions from
the Congressional Voting dataset underscores its potesBan other areas. Some
areas for future research consideration include remotarsgimagery, web pages,
automobiles, and resumes.
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