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Abstract

Clustering is a problem of great practical importance in numerous applications. The problem of clustering
becomesmore challenging when the data is categorical, that is, when there is no inherent distance measure
between data values. In this work, we introduce LIMBO, a scalable hierarchical categorical clustering algorithm
that builds on the Information Bottleneck (IB) framework for quantifying the relevant information preserved
when clustering. We usethe IB framework to de ne a distance measurefor categorical tuples and we also presert
a novel distance measure for categorical attribute values. We shov how the LIMBO algorithm can be used to
cluster both tuples and attribute values. LIMBO handles large data sets by producing a summary model for
the data. We proposetwo dierent versions of LIMBO, where we either control the size or the accuracy of the
model. We presert an experimental evaluation of both versions of LIMBO, and we study how clustering quality
in information theoretic clustering algorithms comparesto other categorical clustering algorithms. LIMBO also
supports atradeo betweene ciency (in terms of spaceand time). We quantify this trade-o and we demonstrate
that LIMBO allows for substantial improvemerts in e ciency with negligible decreasein quality. LIMBO is a
hierarchical algorithm that produces clusterings for a range of k values (where k is the number of clusters). We
tak e advantage of this feature to examine heuristics for selecting good clusterings (with natural valuesof k) within

this range.



1 Intro duction

Clustering is a problem of great practical importance that has been the focus of substartial researt in seweral
domains for decades.As storage capacitiesgrow, we have at hand larger amourts of data available for analysis, and
mining. Clustering plays an instrumental role in this process.This trend has created a surge of resear® activity in
the construction of clustering algorithms that can handle large amounts of data, and produce results of high quality.

Clustering is de ned asthe problem of partitioning data objectsinto groups, suc that objectsin the samegroup
are similar, while objects in di erent groups are dissimilar. This de nition assumesthat there is somewell de ned
notion of similarity , or distance betweendata objects. When the objects are de ned by a set of numerical attributes,
there are natural de nitions of distance basedon geometric analogies. Thesede nitions rely on the semartics of the
data valuesthemselhes (for example, the values$100,000and $110,000are more similar than $100,000and $1). The
de nition of distance allows us to de ne a quality measure for a clustering (e.g. the mean squaredistance between
ead point and the certroid of its cluster). Clustering then becomesthe problem of grouping together points suc
that the quality measureis optimized.

The problem of clustering becomesmore challenging when the data is categorical, that is, when there is no
inherent distance measurebetween data values. This is often the casein many domains, where data is described
by a set of descriptive attributes, many of which are neither numerical nor inherertly ordered in any way. As a
concrete example, consider a relation that storesinformation about movies. For the purposeof exposition, a movie
is a tuple characterized by the attributes \director”, \actor/actress"”, and \genre". An instance of this relation is
shown in Table 1. In this setting it is not immediately obvious what the distance, or similarity, is betweenthe values
\Copp ola" and \Scorsese",or the tuples \V ertigo" and \Harv ey".

Without a clear measure of distance between data values, it is unclear how to de ne a quality measurefor
categorical clustering. To do this, we employ mutual information, a measurefrom information theory. A good
clustering is one where the clusters are informative about the data objects they contain. Since data objects are
expressedn terms of attribute values,we require that the clusters corvey information about the attribute values of
the objects in the cluster. That is, given a cluster, we wish to predict the attribute valuesassaiated with objects

of the cluster accurately. The quality measureof the clustering is then the mutual information of the clusters and



the attribute values. Sincea clustering is a summary of the data, someinformation is generally lost. Our objective
will be to minimize this loss, or equivalertly to minimize the increasein uncertainty asthe objects are grouped into

fewer and larger clusters.

director actor genre C|D

t1 (Godfather I1) Scorsese | De Niro Crime c | dp
to (Good Fellas) Coppola | De Niro | Crime c1 | O
t3 (Vertigo) Hitchcock | Stewart | Thriller c | Ot
ts (N by NW) Hitchcock | Grant Thriller Co | dp
ts (Bishop's Wife) Koster Grant | Comedy || ¢c; | d

te (Harvey) Koster Stewart | Comedy || ¢; | d2

Table 1: An instance of the movie database

Consider partitioning of the tuples in Table 1 into two clusters. Clustering C groups the rst two movies
together into one cluster, ¢;, and the remaining four into another, c,. Note that cluster ¢; presenesall information
about the actor and the genre of the movies it holds. For objects in c;, we know with certainty that the genreis
\Crime", the actor is \De Niro" and there are only two possiblevalues for the director. Cluster ¢, involvesonly
two di erent valuesfor ead attribute. Any other clustering will result in greater information loss. For example, in
clustering D, d; is equally asinformativ easc;, but d; includesthree di erent actors and three di erent directors. So,
while in ¢, there are two equally likely valuesfor ead attribute, in d; the director is any of \Scorsese",\Copp ola",
or \Hitc hcock" (with respective probabilities 0:25, 0:25, and 0:50), and similarly for the actor.

This intuitiv e idea wasformalized by Tishby, Pereira and Bialek [16]. They recastclustering asthe compression
of onerandom variable into a compact represeration that presenesas much information as possibleabout another
random variable. Their approach was named the Information Bottleneck (IB) method, and it has beenapplied to a
variety of di erent areas. In this paper, we considerthe application of the IB method to the problem of clustering
large data setsof categorical data. x

We formulate the problem of clustering relations with categorical attributes within the Information Bottleneck

framework, and de ne dissimilarity betweencategorical data objects basedon the IB method. Our cortributions are



the following.

We proposeLIMBO, the rst scalablehierarchical algorithm for clustering categoricaldata basedon the IB method.
As a result of its hierarchical approac, LIMBO allows us in a single execution to consider clusterings of various
sizes. Depending on the requiremerts of the user, LIMBO can control either the size, or the accuracy of the model

it builds to summarizethe data.

We use LIMBO to cluster both tuples and attribute values. We de ne a novel distance between attribute values

that allows us to quartify the degreeof interchangeability of attribute valueswithin a single attribute.

We empirically evaluate the quality of clusterings produced by LIMBO relative to other categorical clustering
algorithms including the tuple clustering algorithms IB, ROCK [10], and COOLCAT [2]; as well as the attribute

value clustering algorithm STIRR [9]. We comparethe clusterings basedon a comprehensie set of quality metrics.

We examine heuristics basedon information theoretic measuresto determine the numbers of clustersinto which a
given data set can be most naturally partitioned.

The rest of the paper is structured as follows. In Section 2, we present the IB method, and in Section 3, we
describe how to apply IB to the problem of clustering categorical data. In Section 4, we introduce LIMBO, and
Section 5 preseris the experimental evaluation of LIMBO and other algorithms. Section 6 addresseghe problem of
identifying a natural number of clustersin a given data set. Section7 describesrelated work on categorical clustering,

and Section 8 concludesthe paper.

2 Background
In this section, we review someof the conceptsfrom information theory that will be usedin the rest of the paper.

We also provide an outline of the Information Bottleneck method, and its application to the problem of clustering.

2.1 Information Theory basics

The following de nitions can be found in any information theory textb ook, e.g, [5]. Let T denote a discrete random

variable that takesvaluesover the set T, and let p(t) denotethe probability massfunction of T. The entropy H(T)



of variable T is de ned by

X
H(T) = p(t) logp(t) :
t2T

The entropy H(T) can be thought of as the minimum number of bits on averagerequired to describe the random
variable T. Intuitiv ely, entropy captures the \uncertainty" of variable T; the higher the erntropy, the lower the
certainty with which we can predict the value of the variable T.

Now, let T and A be two random variables that range over sets T and A respectively, and let p(t; a) denote
their joint distribution and p(ajt) be the conditional distribution of A given T. Then conditional entropy H (AjT) is

de ned as

H(AJT) = P(H (AJT = t)
t2'5< X
= p(t) p(ajt) logp(ajt) :
t2T a2A

GivenT and A, the mutual information, | (T;A), quanti es the amount of information that the variables hold about
ead other. The mutual information betweentwo variables is the amount of uncertainty (entropy) in one variable

that is removed by knowledge of the value of the other one. Speci cally, we have

X X .
p(t; a)

ca)l
B R OTC)

X X ;
: p(ajt)

= p(t) p(ajt) log
t2T a2A p(a)

= H(@t) H(tja) = H(a) H(@jt):

H(T;A)

Mutual information is symmetric, non-negative and equalszeroif and only if T and A are independen.
Relative Entropy, or the Kullback-Leibler (KL) divergence,is a standard information-theoretic measureof the
di erence betweentwo probability distributions. Given two distributions p and q over a set T, the relative entropy
is
p(t) .

X
Dk L [pkd] = . p(t) |09@ :

Intuitiv ely, the relative entropy Dk | [pkq] is a measureof the redundancyin an encading that assumesghe distribution

g, when the true distribution is p.



2.2 The Information Bottlenec k Metho d

Let T denote a set of objects that we want to cluster (e.g., customers,tuples in a relation, web documerts), and
assumethat the elemens in T are expressedas vectorsin a feature spaceA (e.g., items purchased,words, attribute
values, links). That is, eat elemen of T is assaiated with a sequenceof valuesfrom A . In Section 3, we describe in
detail the typesof datasetsthat we consider. Let n = jTj and d = jAj. Our data canthen be conceptualizedas an
n d matrix M, where ead row holds the feature vector of an object in T. Now let T, A be random variables that
range over the setsT and A respectively. We normalize matrix M so that the entries of each row sum up to one.
For someobjectt 2 T, the corresponding row of the normalized matrix holds the conditional probability p(AjT = t).
The information that one variable contains about the other can be quanti ed using the mutual information 1(T;A)
measure. Furthermore, if we x avaluet 2 T, the conditional entropy H (AjT = t) givesthe uncertainty of a value
for variable A selectedamongthose assaiated with the object t.

A k-clustering C of the elemeris of T partitions them into k clustersCy = fcy; ¢p; C3; ii1; &9, whereead cluster
¢ 2 C isanon-empty subsetof T such that ¢\ ¢ =; foralli;j,i6 j,and][ }‘:1 ¢ = T. Let Cx denote a random
variable that rangesover the clustersin Cy. We de ne k to be the size of the clustering. When k is xed or wheniit
is immaterial to the discussion,we will useC and C to denotethe clustering and the corresponding random variable.

Now, let C be a speci ¢ clustering. Giving equal weight to ead elemert t 2 T, we de ne p(t) = % Then, for

c2 C, the elemerts of T, A, and C are related as follows:

8
_ 2 1 ift2c
p(cjt) = 5
~ 0 otherwise
X
p(c) = p(t)
t2c
p(ajc) = RG] . p(t)p(ajt) :

We seek clusterings of the elemens of T such that, for t 2 ¢, knowledge of the cluster identity, ¢, provides
essetially the sameprediction of, or information about, the valuesin A as doesthe speci c knowledgeof t. Just as
| (A; T) measuresthe information about the valuesin A provided by the identity of a speci c elemen of T, | (A;C)
measuresthe information about the valuesin A provided by the identity of a cluster in C. The higher | (A;C),

the more informativ e the cluster identity is about the valuesin Y contained in the cluster. In the formalization



of Tishby, Pereira and Bialek [16], the problem of clustering is recast as the problem of compressingvariable T

while preservinginformation about variable A. Formally, they de ne clustering as an optimization problem, where,

for a given number k of clusters, we wish to identify the k-clustering that maximizes| (A; Ck). Intuitiv ely, in this

procedure, the information contained in T about A is \squeezed" through a compact \b ottleneck" clustering Cy,

which is forced to represen the \relevant" part in T with respectto A. Tishby et al. [16] prove that, for a xed

number k of clusters, the optimal clustering Cy partitions the objects in T so that the averagerelative entropy
c2c, 127 Pt ©)Dk L [p(ajt)kp(ajc)] is minimized.

Finding the optimal clustering is an NP-complete problem [8]. Slonim and Tishby [14] proposea greedyagglom-
erative approad, the Agglomeative Information Bottleneck (AIB) algorithm, for nding an informativ e clustering.
The algorithm starts with the clustering C,,, in which eat object t 2 T is assignedto its own cluster. Due to
the one-to-one mapping betweenC, and T, I (A;C) = I (A;X); that is, the clustersin C, corntain the samein-
formation for the valuesin the set A asthe tuples in T. The algorithm then proceedsiterativ ely, for n  k steps,
reducing the number of clusters in the current clustering by one in ead iteration. At stepn " + 1 of the Al B
algorithm, two clusters ¢;; ¢ in "-clustering C- are mergedinto a single componert ¢ to producea new (* 1)-
clustering C- ;. As the algorithm forms clusterings of smaller size, the information that the clustering contains
about the valuesin Y decreasesthat is, I (A;C- 1) |(A;C:). The clustersc; and ¢; to be mergedare chosento
minimize the information lossin moving from clustering C- to clustering C- ;. This information lossis given by

I(ci;c)=1(A;C) I1(A;C 1). We canalsoview the information lossasthe increasein the uncertainty. Recall
that I (A;C) = H(A) H(AjC). Sincethe value H(A) is independen of the clustering C, maximizing the mutual
information | (A; C) is the sameas minimizing the entropy of the clustering H (AjC).

After merging clustersc; and ¢, the new componert ¢ = ¢ [ ¢ has

8
E 1 ift2gort2g
p(c jt) = (1)
0 otherwise
p(c ) = p(c) + p(c) 2
P(Ajc ) o(C )D(AJQ)+ o(c )p(AJq) : 3)



Tishby et al. [16] show that
I(ci;q) = [p(c) + p(c)] Daslp(Ajci); p(Ajc)] (4)

whereD ;s is the Jensen-Shannon(JS) divergencede ned asfollows. Let p; = p(ajci) and p; = p(ajc) and let

_ @W p(c)
p(c) p(c)

Y
denote the weighted averagedistribution of distributions p; and p;. Then, the D ;s distanceis:

Duslpisp] = %DKL[MW %DKL[pjjjp]:

The D;s distance s the averageDk . distance of p; and p; from p. It is non-negative and equalszeroif and only if
pi . It isalsoboundedabove by one,and it is symmetric. We note that the information lossfor merging clusters

¢ and ¢, dependsonly on the clusters ¢; and ¢, and not on other parts of the clusteringsC- and C- .

3 Clustering Categorical Data using the IB metho d

In this section, we formulate the problem of clustering categorical data in the context of the Information Bottleneck
method, and we considersomenovel applications of the method. We considertwo typesof data: relational data and

market-basket data.

3.1 Relational Data

values. A tuple t 2 T takesexactly one value from the set A; for the i attribute. Let A = A [ [ An denote
the set of all possibleattribute values. Let d = d; + dy + + dn, denotethe sizeof A. We represent our data as
ann d binary matrix M, whereeadh t 2 T is a d-dimensional row vector in M. M[t; a] = 1, if tuple t contains
attribute value a, and zero otherwise. Since every tuple cortains one value for eat attribute, eac tuple vector
cortains exactly m 1's.

Now, let T and A be random variables that range over setsT and A respectively. Following the formalism of

Section2, we de ne p(t) = 1=n, and we normalize the matrix M sothat the t™ row holds the conditional probability



distribution p(Ajt). Sinceead tuple contains exactly m attribute values,for somea 2 A, p(ajt) = 1=m if a appears
in tuple t, and zero otherwise. Table 2 shows the normalized matrix M for the movie database example! Given
the normalized matrix, we can proceedwith the application of the IB method to cluster the tuples in T. Note that

matrix M can be stored as a sparsematrix, sowe do not needto materialize all n  d ertries.

d.S|d.C|dH|d.K|a.DN|a.S|a.G|g.Cr|g. T |g.C| p(t)

t, |23 0| 0| 0|13 |0| 0|13 0 |O0|1l6
t|| 0|23/ 0| 0|13 |0| 0|13 0 |O0|1l6
t3 || 0] 0 [1/3] O 0O |1/3| 0| O |1/3| 0 |1/6
ta4 || O| O |1/3| O 0 0 13| 0 |1/3| 0 |1/6

ts{f O 0| 0 |2/3]| O 0 |1/3] O 0 (1/3|1/6

tef O 0] O |2/3] O |2/3] 0| O 0 (1/3|1/6

Table 2: The normalized movie table

Our approach mergesall attribute valuesinto onevariable, without taking into accourt the fact that the values
comefrom di erent attributes. Alternativ ely, we could de ne a random variable for every attribute A;. We will now
show that, in applying the Information Bottleneck method to the caseof relational data, consideringall attributes
together is equivalent to consideringead attribute independertly.

Let A; be a random variable that rangesover the set A;. For somea 2 A;, and somet 2 T we usep(ajt) to
denote the conditional probability p(A = ajt), and p;(ajt) to denote the conditional probability p(A; = ajt). Also
let p(a) denote p(A = a), and p;(a) denote p(A; = a). Sinceead tuple takesexactly one value in ead attribute,
pi(ajt) = 1, if a appearsin t, and zero otherwise. From the de nitions in Section ?? we have that p(ajt) = %pi (ajt),
forall 1 m,a2 Aj,andt 2 T. It follows that p(a) = %pi (a). Furthermore, let ¢ denote a cluster, and

P P
let j¢j denote the number of tuples in ¢. Sincep(ajc) = J%J 12 P(ajt), and p;i(ajc) = % 12¢ Pi (ajt) we have that

p(ajc) = %pi(ajc). Now let Cy be a k-clustering, for 1  k n, and let Cx be the corresponding random variable.

We have that

1 X
H(A) = - H(A;) + logm

i=1
1We use abbreviations for the attribute values. For example d.H stands for director.Hitc hcock.




xn
H (AijCk) + logm
1

H (AjC«)

I (A; Cy) I (Ai;Cy) :

i=1

Sl 3|k

Giventhat C, T, the information lossfor someclustering C can be expressedas
1 X
HAT) TAC) = —  (HACT) 1(AiC))
i=1
Therefore, minimizing the information lossfor variable A is the sameasthe minimizing the sum of the information

lossesfor all individual variables A;.

3.2 Mark et-Bask et Data

Mark et-basket data describesa databaseof transactions for a store, where every tuple consistsof the items purchased
by a single customer. It is alsousedasa term that collectively describesa data set wherethe tuples are setsof values
of a single attribute, and ead tuple may contain a di erent number of values. This is what distinguishes market
basket from relational data wheretuples cortain onevalue from ead of a xed number of distinct attributes. In the
caseof market-basket data, the input to our problemis a set T of n tuples on a single attribute A, with domain A .
Tuple tj contains d; values. If d is the sizeof the domain A, we canrepresen our data asann d matrix M, where
eah t 2 T is a d-dimensionalrow vector in M. M [t; a] = 1, if tuple t contains attribute value a, and zero otherwise.
The vector for tuple t; contains exactly d; 1's.

Now, let T and A be random variables that range over setsT and A respectively. Fortuplet; 2 T,1 i n

we de ne

p(ti) = 1=n

2 1=d if a appearsin t

p(ajt;) = 5
-0 otherwise

We can now de ne the mutual information | (T;A) and proceedwith the Information Bottleneck method to cluster

the tuplesin T.

10



3.3 Intra-A ttribute Value Distance

In this section we propose a novel application that can be used within LIMBO to quartify the distance between
attribute valuesof the sameattribute. Categorical data is characterized by the fact that there is no inherent distance
betweenattribute values. For example,in the movie databaseinstance, given the values\Scorsese"and \Copp ola",
it is not apparert how to assesgheir similarity. Comparing the set of tuples in which they appear is not useful since
every movie has a single director. In order to compare attribute values, we needto place them within a context.
Then, two attribute valuesare similar if the contexts in which they appear are similar. We de ne the context asthe
distribution theseattribute valuesinduce on the remaining attributes. For example, for the attribute \director”, two
directors are consideredsimilar if they induce a \similar" distribution over the attributes \actor" and \genre".
Formally, let A° be the attribute of interest, and let A° denote the set of values of attribute A° Also let
A = A nA%denotethe set of attribute valuesfor the remaining attributes. For the example of the movie database,
if A%is the director attribute, with A®= fd:S;d:C;d:H;d:K g, then A = fa:DN;a:S;a:G;g:Cr;g:T;g:Cg. Let A
and A be random variables that range over A°and A respectively, and let p(Ajv) denote the distribution that value
v 2 A%induceson the valuesin A. For somea 2 A, p(ajv) is the fraction of the tuples in T that contain v, and also
cortain value a. Also, for somev 2 AS p(v) is the fraction of tuples in T that cortain the value v. Table 3 shows

an example of a table when A® s the director attribute.

director a.DN | a.S|a.G|g.Cr|g.T |g.C|| p(d)

Scorsese || 1/2 0 0 0 |1/2]| 0 || 1/6
Coppola /2 | 0| O 0 |1/2]| 0 || 1/6
Hitc hcock 0 [1/3|1/3| 0 |2/3| 0 | 2/6

Koster 0 |1/3|13| O 0 |2/3] 2/6

Table 3: The \director" attribute

For two valuesvi;v, 2 A° we de ne the distance betweenv; and v, to be the information loss | (v1; V),
incurred about the variable A if we merge valuesv; and v,. This is equal to the increasein the uncertainty of

predicting the values of variable A, when we replacevaluesv; and v, with v; _ v,. In the movie example, Scorsese

11



and Coppola are the most similar directors.?

The de nition of a distance measurefor categorical attribute valuesis a cortribution in itself, sinceit imposes
somestructure on an inherently unstructured problem. We can de ne a distance measurebetweentuples asthe sum
of the distancesof the individual attributes. Another possible application is to cluster intra-attribute values. For
example,in a movie database,we may be interestedin discovering clusters of directors or actors, which in turn could
help in improving the classi cation of movie tuples. Given the joint distribution of random variables A° and A" we
can apply the LIMBO algorithm for clustering the values of attribute A° Merging two vyi; v, 2 A° producesa new

value vy _ v, wherep(vy _ v2) = p(vi1) + p(vz2), sincev; and v, never appear together. Also,

p(v1)

p(vi _ v2) p(ajva) :

p(ajvi _ vz) = p(ajvr) + : p(v2)

(Vi _ V2)
The problem of de ning a context sensitive distance measurebetweenattribute valuesis also consideredby Das

and Mannila [6]. They de ne an iterativ e algorithm for computing the interchangeability of two values. We believe
that our approach givesa natural quanti cation of the conceptof interchangeability. Furthermore, our approac has
the advantage that it allows for the de nition of distance between clusters of values, which can be usedto perform
intra-attribute value clustering. Gibson et al. [9] proposed STIRR, an algorithm that clusters attribute values.
STIRR doesnot de ne a distance measurebetweenattribute valuesand, furthermore, producesjust two clusters of

values.

4 scalable InforMation BOttlenec k (LIMBO) Clustering

The Agglomerative Information Bottleneck algorithm su ers from high computational complexity, namely O(n2d? logn),
which is prohibitiv e for large data sets. We now intro duce the salable InforMation BOttleneck, LIMBO, algorithm
that usesdistributional summariesin order to deal with large data sets. LIMBO is basedon the ideathat we do not
needto keepwhole tuples, or whole clustersin main memory, but instead, just su cien t statistics to describe them.
LIMBO producesa compact summary model of the data, and then performs clustering on the summarizeddata. We
presert two versionsof our algorithm: in the rst, LIMBO s, we bound the the size of our summary model, and in

the second,LIMBO , we corntrol the accuracy of the model by bounding the lossin mutual information. We employ

2A conclusion that agreeswith a well-informed cinematic opinion.

12



an approach similar to the oneusedin the BIRCH clustering algorithm for clustering numerical data [17]. However,

we usean IB inspired notion of distance and a novel de nition of summariesto produce the solution.

4.1 Distributional Cluster Features

We summarize a cluster of tuples in a Distributional Cluster Feature (DCF ). We will usethe information in the
relevant DCF s to compute the distance betweentwo clusters or betweena cluster and a tuple.

Let T denotea set of tuples over a set A of attributes, andlet T and A be the corresponding random variables,
asdescribed earlier. Also let C denotea clustering of the tuplesin T and let C bethe corresponding random variable.

For somecluster c 2 C, the Distributional Cluster Feature (DCF ) of cluster c is de ned by the pair
DCF (c) = p(c); p(Ajc)

wherep(c) is the probability of cluster ¢, and p(Ajc) is the conditional probability distribution of the attribute values

given the cluster c. We will often use DCF (c) and c interchangeably

If c consistsof a singletuple t 2 T, p(t) = 1=n, and p(Ajt) is computed as described in Section 2. For example,
in the movie database,for tuple t;, DCF (t;) correspondsto the i"" row of the normalized matrix M in Table 2. For
larger clusters, the DCF is computed recursively as follows. Let ¢ denote the cluster we obtain by merging two

clustersc; and c;. The DCF of the cluster ¢ is equal to

DCF (c )= p(c );p(Ajc)

where p(c ) and p(Ajc ) are computed using Equations 2, and 3 respectively.

We de ne the distance, d(c;; ¢;), betweenDCF (c;) and DCF (c;) asthe information loss 1(cy;cy) incurred for
merging the corresponding clustersc; and c,. The distanced(c;; c;) is computed using Equation 4. The information
loss dependsonly on the clusters c; and c,, and not on the clustering C in which they belong. Therefore, d(c;; c;)
is a well-de ned distance measureindependert of the DCF tree.

The DCF s can be stored and updated incremertally. The probability vectors are stored as sparse vectors,
reducing the amount of spaceconsiderably Each DCF provides a summary of the corresponding cluster which is

su cien t for computing the distance betweentwo clusters.

13



Root Node

DCF, | DCF, | DCR | —— DCFg
childy | child, | childg | —— childg
/ Nonleaf node
DCF1 DCF2 DC% — DCF5
child, | child, | childg | ——— childg
Leaf node o Leaf node
prev|DCF DCFQ‘ — ‘DCF% next prev DCFJ_‘ DCR| — ‘DCF4 next b
[
{Data}

Figure 1: A DCF tree with branching factor 6.
4.2 The DCF tree
The DCF tree is a height-balanced tree asdepicted in Figure 1. Each nodein the tree contains B entries, whereB is
the branching factor of the tree. All node ertries store DCF s. At any point in the construction of the tree, the DCF s
at the leavesde ne a clustering of the tuples seenso far. Each non-leaf node stores DCF s that are produced by
merging the DCF s of its children. The DCF tree is built in a B-tree-like dynamic fashion. The insertion algorithm is
described in detail below. After all tuples are inserted in the tree, the DCF tree embodies a compact represertation

in which the data setis summarizedby the information in the DCF s of the leaves.

4.3 The LIMBO clustering algorithm

The LIMBO algorithm proceedsin three phases.In the rst phase,the DCF tree is constructed to summarize the
data. In the secondphase,the DCF s of the tree leavesare mergedto produce a chosennumber of clusters. In the

third phase,we assaiate ead tuple with the DCF to which the tuple is closest.

Phase 1: Insertion into the DCF tree. Tuples are read and inserted one by one. Tuple t is corverted into
DCF (t), as described in Section 4.1. Then, starting from the root, we trace a path downward in the DCF tree.
When at a non-leaf node, we compute the distance between DCF (t) and each DCF ertry of the node, nding the
closestDCF entry to DCF (t). We follow the child pointer of this entry to the next level of the tree. When at a leaf
node, let DCF (c¢) denotethe DCF entry in the leaf node that is closestto DCF (t). DCF (¢) is the summary of some

cluster c. At this point we needto decidewhether t will be absorbed in the cluster c or not.
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We usetwo criteria depending on whether we are cortrolling the size of the model (LIMBO s), or the accuracy
of the model (LIMBO ).

LIMBO s: In our space-mundedalgorithm, an input parameter S indicates the maximum spacebound. Let E
be the maximum sizeof a DCF entry (note that sparseDCF s may be smaller than E). We compute the maximum
number of nodes(N = SEB)) and keepa counter of the number of usednodesaswe build the tree. If there is an
empty entry in the leaf node that contains DCF (c), then DCF (t) is placed in that ertry. If there is no empty leaf
entry and there is su cien t free space,then the leaf node is split into two leaves. This is donein a manner similar
to that in BIRCH [17]. We nd the two DCF sin the leaf node that are farthest apart and we usethem as seedsfor
the new leaves. The remaining DCF s, and DCF (t) are placedin the leaf that cortains the seedDCF to which they
are closest. Finally, if the spacebound has beenreaded, then we compared(c;t) with the minimum distance of any
two DCF ertries in the leaf. If d(c;t) is smaller than this minimum, we merge DCF (t) with DCF (c); otherwise the
two closestentries are mergedand DCF (t) occupiesthe freed ertry.

LIMBO : Alternativ ely, if wish to cortrol the accuracyof the model, rather than its size,we usea threshold on
the distance d(c;t) to determine whether to merge DCF (t) with DCF (c), thus controlling directly the information
loss for merging tuple t with cluster c. The selection of an appropriate threshold value will necessarilybe data
dependert and we require an intuitiv e way of allowing a userto set this threshold. Within a data set, every tuple
cortributes, on\average", | (A; T)=n to the mutual information | (A;T). We de ne the clustering threshold to be a

multiple  of this averageand we denote the threshold by ( ). That is,

L(AT)
n

()=

We can make a passover the data, or usea sampleof the data, to estimatel (A; T). Givenavaluefor (0 n),

if a mergeincurs information lossmorethan times the \average"mutual information, then the new tuple is placed

in a cluster by itself. In the extreme case = 0:0, we prohibit any information lossin our summary. We discussthe
e ect of in Section5.4.

For both algorithms, when a leaf node is split, resulting in the creation of a new leaf node, the leaf's parent is

updated, and a new entry is created at the parent node that describesthe newly created leaf. If there is spacein

the non-leaf node, we add a new DCF ertry, otherwise the non-leaf node must also be split. This processcortinues

upward in the tree until the root is either updated or split itself. In the latter case,the height of the tree increases
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by one.

Phase 2: Clustering. After the construction of the DCF tree, the leaf nodeshold the DCF s of a clustering C of
the tuplesin T. Each DCF (c) correspondsto a cluster c 2 C, and contains su cien t statistics for computing p(Ajc),
and probability p(c). We employ the Agglomeative Information Bottleneck (AIB) algorithm to cluster the DCF sin
the leavesand produce clusterings of the DCFs. We note that any clustering algorithm is applicable at this phase

of the algorithm.

Phase 3: Associating tuples with clusters. For a chosenvalue of k, Phase2 producesk DCF s that sene as
representativesof k clusters. In the nal phase,we perform a scanover the data set and assignead tuple to the

cluster whoserepresenativ e is closestto the the tuple.

4.4 Analysis of LIMBO

We now presernt an analysisof the I/O and CPU costsfor ead phaseof the LIMBO algorithm. In what follows, n is
the number of tuples in the data set, d is the total number of attribute values,B is the branching factor of the DCF
tree, and k is the chosennumber of clusters.

Phase 1: The I/O cost of this stageis a scanthat involvesreading the data set from the disk. For the CPU cost,
when a new tuple is inserted the algorithm considersa path of nodesin the tree, and for ead node in the path, it
performs at most B operations (distance computations, or updates), eac taking time O(d). Thus, if h is the height
of the DCF tree producedin Phasel, locating the correct leaf node for a tuple takestime O(hdB). The time for
a split is O(dB?). If U is the number of non-leaf nodes, then all splits are performed in time O(dUB?) in total.
Hence,the CPU cost of creating the DCF tree is O(nhdB + dUB?). As in BIRCH, we obsened experimentally that
LIMBO producescompact trees of small height. For LIMBO s, both h and U are bounded.

Phase 2: For valuesof and S that produce clusterings of high quality the DCF tree is compact enoughto t in
main memory. Hence, there is no I/O cost involved in this phase, sinceit involvesonly the clustering of the leaf
node entries of the DCF tree. If L is the number of DCF entries at the leavesof the tree, then the AIB algorithm
takestime O(L?d?logL). In our experiments, L n, sothe CPU costis low.

Phase 3: The I/O cost of this phaseis the reading of the data set from the disk again. The CPU complexity is

O(kdn), sinceead tuple is comparedagainst the k DCF s that represen the clusters.
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5 Exp erimental Evaluation
In this section, we perform a comparative experimental evaluation of the LIMBO algorithms on both real and
synthetic data sets. We compare both versionsof LIMBO with other categorical clustering algorithms, including

what we believe to be the only other scalableinformation-theoretic clustering algorithm COOLCAT [1, 2].

5.1 Algorithms

We comparethe clustering quality of LIMBO with the following algorithms.

ROCK Algorithm. ROCK [10] assumes similarity measurebetweentuples, and de nes a link betweentwo tuples
whosesimilarity exceedsa threshold . The aggregateinterconnectivity betweentwo clustersis de ned asthe sum
of links betweentheir tuples. ROCK proceedshierarchically, merging the two most interconnected clusters in each
step. Thus, ROCK is not applicable to large data sets. We usethe Jaccard Coe cient for the similarity measureas
suggestedin the original paper. For data setsthat appear in the original ROCK paper, we set the threshold to
the value suggestedthere, otherwise we set to the value that gave us the best results in terms of quality. For our

experimentation, we usethe implementation of Guha et al. [10].

COOLCA T Algorithm. The approadh most similar to ours is the COOLCAT algorithm [1, 2], by Barbara,
Couto and Li. The COOLCAT algorithm is a scalablealgorithm that optimizes the sameobjective function as our
approadh, namely the entropy of the clustering. It diers from our approac in that it relies on sampling, and it
is non-hierarchical. COOLCAT starts with a sample of points and identi es a set of k initial tuples such that the
minimum pairwise distanceamongthem is maximized. Theseserne asrepreserativ esof the k clusters. All remaining
tuples of the data set are placed in one of the clusters such that, at eat step, the increasein the entropy of the
resulting clustering is minimized. For the experimerts, we implement COOLCAT basedon the CIKM paper by

Barbara et al. [2].

STIRR Algorithm.  STIRR [9] appliesa linear dynamical systemover multiple copiesof a hypergraph of weighted
attribute values,until a xed point is reached. Each copy of the hypergraph contains two groups of attribute values,
one with positive and another with negative weights, which de ne the two clusters. We comparethis algorithm with
our intra-attribute value clustering algorithm. In our experiments, we useour own implementation and report results

for ten iterations.
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5.2 Data Sets

We experimented with the following data sets. The rst three have been previously usedfor the evaluation of the
aforemertioned algorithms [2, 9, 10]. The synthetic data sets are used both for quality comparison, and for our

scalability evaluation.

Congressional Votes: This relational data set wastaken from the UCI Machine Learning Repository.® It contains
435 tuples of votes from the U.S. CongressionalVoting Record of 1984. Each tuple is a congress-grson'svote on
16 issuesand ead vote is boolean, either YES or NO. Each congress-grsonis classi ed as either Republican or
Demaocrat. There are a total of 168 Republicansand 267 Democrats. There are 288 missing valuesthat we treat as

separatevalues.

Mushro om: The Mushroom relational data set also comesfrom the UCI Repository. It contains 8,124tuples, eath
represerting a mushroom characterized by 22 attributes, sud ascolor, shape, odor, etc. The total number of distinct
attribute valuesis 117. Each mushroom is classi ed as either poisonousor edible. There are 4,208 edible and 3,916

poisonousmushroomsin total. There are 2,480 missing values.

Database and Theory Bibliograph y. This relational data set contains 8,000 tuples that represen researd
papers. About 3,000 0f the tuples represent papers from databasereseart and 5,000tuples represen papers from
theoretical computer science. Each tuple contains four attributes with valuesfor the rst Author, secondAuthor,

Conference/Journal and the Year of publication.* We usethis data to test our intra-attribute clustering algorithm.

Synthetic Data Sets. We producesynthetic data setsusing a data generatoravailable on the Web.> This generator
o ers a wide variety of options, in terms of the number of tuples, attributes, and attribute domain sizes. We specify
the number of classesin the data set by the use of conjunctive rules of the form (Attr ; = a3 » Attr , = a; " ::1))

Class = cl. The rules may involve an arbitrary number of attributes and attribute values. We name thesesynthetic
data setsby the pre x DS followed by the number of classesn the data set, e.g., DS50r DS10. The data setscortain

5,000tuples, and 10 attributes, with domain sizesbetween20 and 40 for ead attribute. Three attributes participate

3http://www.ics.uci.edu/ mlearn/M LReposi tor y.ht ml
4Following the approach of Gibson et al. [9] if the second author does not exist, then the name of the rst author is copied instead.

We also Iter the data sothat ead conference/journal appears at least 5 times.
5http://www.datgen.com/
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in the rules the data generator usesto produce the classlabels. Additional larger synthetic data setsare described

in Section5.6.

Web Data : This is a market-basket data set that consistsof a collection of web pages. The pageswere collected as
described by Kleinberg [11]. A query is made to a seard engine,and an initial set of web pagesis retrieved. This
set is augmerted by including pagesthat point to, or are pointed to by pagesin the set. Then, the links between
the pagesare discovered, and the underlying graph is constructed. Following the terminology of Kleinberg [11] we
de ne a hubto be a pagewith non zero out-degree,and an authority to be a pagewith non zeroin-degree.

Our goal is to cluster the authorities in the graph. The set of tuples T is the set of authorities in the graph,
while the set of attribute values A is the set of hubs. Each authority is expressedas a vector over the hubs that
point to this authority. For our experimerts, we usethe data set usedby Borodin et al. [3] for the \ab ortion" query.
We applied a Itering stepto assurethat ead hub points to more than 10 authorities and ead authority is pointed
by more than 10 hubs. The data set contains 93 authorities related to 102 hubs.

All data setsare summarizedin Table 4.

Data Set Records | Attributes Attr. Values | Missing
Votes 435 16 48 288
Mushroom 8,124 22 117 2,480
Bibliographic 8,000 4 9,587 0
Web Data 93 102 102 0
DS5 5,000 10 314 0
DS10 5,000 10 305 0

Table 4: Summary of the data setsused

5.3 Qualit y Measures for Clustering

Clustering quality lies in the eye of the beholder; determining the best clustering usually depends on subjective

criteria. Consequetly, we will usese\eral quantitativ e measuresof clustering performance.
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Information  Loss, (IL): We usethe information loss, | (A;T) |(A;C) to compare clusterings. The lower the
information loss,the better the clustering. For a clustering with low information loss, given a cluster, we can predict

the attribute valuesof the tuples in the cluster with relatively high accuracy

Category Utilit y, (CU): Category utilit y [12], is de ned asthe di erence betweenthe expectednumber of attribute
valuesthat can be correctly guessedgiven a clustering, and the expected number of correct guesseswvith no such

knowledge. Let C be a clustering. If A; is an attribute with valuesv; , then CU is given by the following expression:

injXX

CU= [P(Ai = vjjo)?  P(Ai = vj)’]

n .

c2C i j

Many data sets commonly used in testing clustering algorithms include a variable that is hidden from the
algorithm, and speci es the class with which ead tuple is assaiated. All data sets we consider include such
a variable. This variable is not used by the clustering algorithms. While there is no guarantee that any given

classi cation corresponds to an optimal clustering, it is nonethelessenlightening to compare clusterings with pre-

speci ed classi cations of tuples. To do this, we usethe following quality measures.

Min Classication Error, (Emin ): Assume that the tuples in T are already classi ed into k classesG =

ing algorithm. Consider a one-to-onemapping, f, from classesto clusters, such that ead classg; is mapped to the

cluster f (gi). The classi cation error of the mapping is de ned as

X
E = g\ f(g9)
i=1

where g\ f(g) measuresthe number of tuples in classg; that received the wrong label. The optimal mapping
betweenclustersand classesijs the onethat minimizesthe classi cation error. We useE in to denotethe classi cation

error of the optimal mapping.

Precision, (P), Recall, (R) : Without lossof generality assumethat the optimal mapping assignsclassg; to cluster

¢i. We de ne precision, P;, and recall, R;, for aclusterci, 1 i k asfollows.
p. = 6\ el g R; = G\ Gj .
IGi) 1Gi)

Pi and R; take valuesbetween0 and 1 and, intuitiv ely, P; measuresthe accuracywith which cluster ¢; reproduces

classg, while R;j measuresthe completenesswith which ¢; reproducesclassg;. We de ne the precision and recall of
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the clustering as the weighted averageof the precision and recall of eact cluster. More precisely

p= J_%'J_Pi and R= J_%'!Ri :
We think of precision, recall, and classi cation error asindicativ e valuesof the ability of the algorithm to reconstruct
the existing classesn the data set.

In our experiments, we report valuesfor all of the above measures.For LIMBO and COOLCAT, numbers are

averagesover 100 runs with di erent (random) orderings of the tuples.

5.4 Qualit y-E ciency trade-os for LIMBO

In LIMBO, we can control the accuracy of the model (using ) or the size of the model (using S). Both and S
permit atrade-o betweenthe compactnessof the model (humber of leaf ertries in the tree), and the expressiveness
(information presenation) of the summarization it produces. For small valuesof and large valuesof S, we obtain
a ne grain represenation of the data set at the end of Phasel. However, this results in a tree with a large number
of leaf ertries, which leadsto a higher computational cost for both Phasel and Phase?2 of the algorithm. For large
valuesof and small valuesof S, we obtain a compact represenation of the data set (small number of leaf ertries),
which results in faster execution time, at the expenseof increasedinformation loss.

We now investigate this trade-o for a range of valuesfor and S. We obsened experimentally that the
branching factor B does not signi cantly aect the quality of the clustering. We set B = 4, which results in
manageableexecution time for Phase 1. Figure 2 preseris the execution times for LIMBO s and LIMBO on the
DS5data set, asa function of andS. For = 0:25the Phase2 time is 210secondg(beyond the edgeof the graph).
The gures alsoinclude the size of the tree in KBytes. In this gure, we obsene that for small and large S the
computational bottleneck of the algorithm is Phase2. As increasesand S decreaseshe time for Phase2 decreases
in a quadratic fashion. This agreeswith the plot in Figure 3, where we obsene that the number of leavesdecreases
alsoin a quadratic fashion. Due to the decreasdn the size (and height) of the tree, time for Phasel also decreases,
however, at a much slower rate. Phase 3, as expected, remains una ected, and it is equal to a few secondsfor all
valuesof and S. For 1:0,and S 256KB the number of leaf entries becomessu cien tly small, so that the

computational bottleneck of the algorithm becomesPhasel. For these valuesthe execution time is dominated by
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Votes | Mushro om DS5 DS10

LIMBO 94.01% 99.77% 98.68% | 98.82%

LIMBO s || 85.94% 99.34% 95.36% | 95.28%

Table 5: Reduction in Leaf Entries

the linear scanof the data in Phasel.
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Figure 2: LIMBO and LIMBO s executiontimes (DS5)

We now study the changein the quality measuresfor the samerange of valuesfor and S. In the extreme cases
of = 0:0and S =1, weonly mergeidentical tuples, and no information is lost in Phasel. LIMBO then reduces
to the AIB algorithm, and we obtain the samequality as AIB. Figures 4 and 5 show the quality measuresfor the
dierent valuesof andS. The CU value (not plotted) is equalto 2.51for S 256KB, and 2:56for S 256KB. We
obsene that for 1:0and S 256KB we obtain clusterings of exactly the samequality asfor = 0:0andS= 1,
that is, the AIB algorithm. At the sametime, for = 1.0 and S = 256KB the execution time of the algorithm is
only a small fraction of that of the AIB algorithm, which was a few minutes.

Similar trends whereobsened for all other data sets. There is arangeof valuesfor , and S, wherethe execution
time of LIMBO is dominated by Phasel, while at the sametime, we obsene essetially no change (up to the third
decimal digit) in the quality of the clustering. Table 5 shows the reduction in the number of leaf erntries for eat
data setfor LIMBO and LIMBO s. The parameters and S are set so that the cluster quality is almost identical

to that of AIB (as demonstrated in the tables in Section5.5). These experiments demonstrate that in Phasel we
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can obtain signi cant compressionof the data setsat no expensein the nal quality. The consistencyof LIMBO can
be attributed in part to the e ect of Phase3, which assignsthe tuples to cluster represenativ es,and hides someof
the information lossincurred in the previous phases. Thus, it is su cien t for Phase 2 to discover k well separated
represenativ es. As a result, even for large valuesof and small valuesof S, LIMBO obtains essetially the same
clustering quality as AIB, but in linear time. Similar gures are preseried for all other data sets; Figures 6, 7 and 8

for Votes, Figures 9, 10 and 11 for Mushroom and Figures 12, 13 and 14 for DS10.

5.5 Comparativ e Evaluations
5.5.1 Comparison to Optimal Clustering

To get a better feel of how LIMBO performs on categorical data, we implemented a brute force algorithm (BF), that

tries all possibleclusterings and selectsthe one with the lowest information loss. Note that BF is computationally
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feasibleonly if the number of tuples is quite small. We experimented with data setsof sizesn = 7 and n = 8 and for
all clustering sizesk, 2 k < n . The data setswere produced using the synthetic data generator and they ead

cortain 5 attributes, ead one of them with a domain of size3. We comparedthe information lossof the Brute Force

algorithm againstthat of LIMBO for = 0:0 (i.e. starting with ead tuple in its own cluster). Results are givenin

Table 6.
n; k | Clusterings BF LIMBO
7,2 63 70% 71%
7,3 301 44% 44%
7,4 350 20% 20%
7,5 140 16% 16%
7,6 21 7% 7%
8,2 127 65% 65%
8,3 966 42% 42%
8,4 1701 35% 37%
8,5 1050 21% 21%
8,6 266 14% 14%
8,7 28 6% 6%

Table 6: Information Lossof Brute Forceand LIMBO ( = 0:0)

With the sole exceptionsof (7;2) and (8; 4), for all other combinations of n; k in Table 6, LIMBO producesa
clustering with information loss equal to the minimum information loss of any k-clustering of the n tuples. These
results are indicativ e of the ability of the LIMBO algorithm to nd an optimal, or nearly optimal clustering for a

xed k.

5.5.2 Tuple Clustering

6The total number of clusterings for given values of n and k is equal to the Stirling numbers of second order. Even for n = 20 and

k = 5, this number is equal to approximately 7:5 101,
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Table 7 shows the results for all algorithms on all quality measuresfor the Votes and Mushroom data sets.
For LIMBO , we presert results for = 1:0 while for LIMBO s, we presen results for S = 128K . We can see
that both version of LIMBO have results almost identical to the quality measuresfor = 0:0and S =1, i.e.,
the AIB algorithm. The size entry in the table holds the number of leaves for LIMBO, and the sample size for
COOLCAT. For the Votesdata set we usethe whole data set as a sample,while for Mushroom we use 1,000tuples.

As Table 7 indicates, LIMBO's quality is superior to ROCK, and COOLCAT, in both data sets. In terms of I L,

Votes (2 clusters)
Algorithm size | 1L (%) P R E min Ccu
LIMBO ( = 0:0,S= 1)[AIB] 384 | 7252 | 0.89 | 0.87 | 0.13 | 2.89
LIMBO ( = 1:0) 23 | 7255 | 0.89 | 0.87 | 0.13 | 2.89
LIMBO (S = 12&K B) 54 | 72.54 | 0.89 | 0.87 | 0.13 | 2.89
COOLCAT (s = 435) 435 | 7355 | 0.87 | 0.85 | 0.15 | 2.78
ROCK ( = 0:7) - 74.00 | 0.87 | 0.86 | 0.16 | 2.63
Mushroom (2 clusters)
Algorithm size | I L(%) P R E min Ccu
LIMBO ( = 0:0,S= 1 )[AIB] 8124 | 8145 | 091 | 089 | 0.11 | 1.71
LIMBO ( = 1.0) 18 | 8145 | 091 | 0.89 | 0.11 | 1.71
LIMBO (S = 128 B) 54 | 8146 (091 | 089 | 0.11 | 1.71
COOLCAT (s = 1;000) 1,000| 84.57 | 0.76 | 0.73 | 0.27 | 1.46
ROCK ( = 0:8) - 86.00 | 0.77 | 0.57 | 0.43 | 0.59

Table 7: Results for real data sets

LIMBO created clusters which retained most of the initial information about the attribute values. With respect to

the other measures,LIMBO outperforms all other algorithms, exhibiting the highest CU, P and R in all data sets

tested, as well as the lowest E in .

We also evaluate LIMBO's performance on two synthetic data sets, namely DS5 and DS10. These data sets

allow us to evaluate our algorithm on data sets with more than two classes. The results are showvn in Table 8.
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DS5 (n=5000, 10 attributes, 5 clusters)
Algorithm size | 1L (%) P R E min CcuU
LIMBO ( = 0:0,S= 1 )[AIB] 5000| 77.56 | 0.998 | 0.998 | 0.002 | 2.56
LIMBO ( = 1..0) 66 | 77.56 | 0.998 | 0.998 | 0.002 | 2.56
LIMBO (S = 1024 B) 232 | 77.57 | 0.998 | 0.998 | 0.002 | 2.56
COOLCAT (s= 125) 125 | 78.02 | 0.995| 0.995 | 0.05 | 2.54
ROCK ( = 0:0) - 85.00 | 0.839 | 0.724 | 0.28 | 0.44
DS10 (n=5000, 10 attributes, 10 clusters)
Algorithm size | 1L (%) P R E min CuU
LIMBO ( = 0:0,S= 1 )[AIB] 5000| 73.50 | 0.997 | 0.997 | 0.003 | 2.82
LIMBO ( = 1..0) 59 | 73.51 | 0.994 | 0.996 | 0.004 | 2.82
LIMBO (S = 1024 B) 236 | 73.52 | 0.996 | 0.996 | 0.004 | 2.82
COOLCAT (s= 125) 125 | 74.32 | 0.979 | 0.973 | 0.026 | 2.74
ROCK ( = 0:0) - 78.00 | 0.830 | 0.818 | 0.182 | 2.13

Table 8: Results for synthetic data sets

We obsene again that LIMBO has the lowest information lossand producesnearly optimal results with respect to
precision and recall.
For the ROCK algorithm, we obsened that it is very sensitive to the threshold value and in many cases;the

algorithm producesonegiant cluster that includestuples from most classes.This resultsin poor precisionand recall.

Comparison with COOLCA T. COOLCAT exhibits averageclustering quality that is closeto that of LIMBO. It
is interesting to examinehow COOLCAT behaveswhen we considerother statistics. In Table 9, we presen statistics
for 100 runs of COOLCAT and LIMBO on dierent orderings of the Votes and Mushroom data sets. We presert
LIMBO's resultsfor = 1:0, which are very similar to thosefor = 0:0. For the Votesdata set, COOLCAT exhibits
information lossas high as 95.31%with a variance of 12.25%. For all runs, we usethe whole data set asthe sample

for COOLCAT. For the Mushroom data set, the situation is better, but still the variance is as high as 3.5%. The
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VOTES Min | Max | Avg Var

LIMBO ( = 1.0) IL || 71.98 | 73.29| 72.55| 0.083

CU | 283 | 294 | 2.89 | 0.0006

LIMBO (S = 128 B) IL || 71.98| 73.68 | 72.54| 0.08

CU | 280 | 2.93 | 2.89 | 0.0007

COOLCAT (s = 435) IL || 71.99| 95.31| 73.55| 12.25

CU || 019 | 294 | 278 | 0.15

MUSHR OOM Min | Max | Avg Var

LIMBO ( 1.0) IL || 81.45| 81.45| 81.45| 0.00

Cu| 171 171 | 171 | 0.00

LIMBO (S= 102&KB) | IL | 81.46| 81.46| 81.46| 0.00

Ccu | 171 171 | 1.71 | 0.00

COOLCAT (s= 1000) || IL || 81.60| 87.07 | 84.57| 3.50

CU| 080 | 1.73 | 146 | 0.05
Table 9: Statistics for IL(%) and CU

samplesizewas 1,000for all runs. Table 9 indicates that LIMBO behavesin a more stable fashion over di erent runs
(that is, dierent input orders). Notably, for the Mushroom data set, LIMBO's performanceis exactly the samein
all runs, while for Votesit exhibits a very low variance. This indicates that LIMBO is not particularly sensitive to
the input order of data.

The performance of COOLCAT appearsto be sensitive to the following factors: the choice of represenativ es,
the samplesize, and the ordering of the tuples. After detailed examination we found that the runs with maximum
information lossfor the Votesdata set correspond to caseswhere an outlier was selectedasthe initial represenativ e.
The Votes data set cortains three such tuples, which are far from all other tuples, and they are naturally picked
as represenatives/ Reducing the sample size, decreasesthe probability of selecting outliers as represenativ es,

however it increasesthe probability of missing one of the clusters. In this case,high information loss may occur if

“A very recent version of COOLCA T includes a step designed to avoid such selections [1]. We plan to implement this step for future

experiments.
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SampleSize = Leaf Entries = 384

Algorithm I L(%) P R E min CcuU

LIMBO 7252 | 0.89 || 0.87 | 0.13 | 2.89

COOLCAT 74.15 | 0.86 || 0.84 | 0.15 | 2.63

SampleSize = Leaf Entries = 27

Algorithm I L (%) P R E min Ccu

LIMBO 7255 | 0.89 (| 0.87 | 0.13 | 2.89

COOLCAT 73.50 | 0.88 | 0.86 | 0.13 | 2.87

Table 10: LIMBO vs COOLCAT on Votes

COOLCAT picks as represenativ estwo tuples that are not maximally far apart. Finally, there are caseswhere the
samerepresetativ esmay producedi erent results. As tuples are inserted to the clusters, the represenativ es\move"
closerto the inserted tuples, thus making the algorithm sensitive to the ordering of the data set.

In terms of computational complexity both LIMBO and COOLCAT include a stage that requires quadratic
complexity. For LIMBO this is Phase2. For COOLCAT this is the step where all pairwise entropies betweenthe
tuples in the sampleare computed. We experimented with both algorithms having the sameinput sizefor this phase,
i.e., we made the sample size of COOLCAT, equal to the number of leavesfor LIMBO. Results for the Votes and
Mushroom data sets are shovn in Tables 10 and 11. LIMBO outperforms COOLCAT in all runs, for all quality
measures.The two algorithms are closestin quality for the Votes data set with input size 27, and farthest apart for
the Mushroom data set with input size275. COOLCAT appearsto perform better with smaller sample size, while

LIMBO remains essetially una ected.

5.5.3 Web Data

Sincethis data set has no predetermined cluster labels, we usea di erent evaluation approach. We applied LIMBO
with = 0:0 and clustered the authorities into three clusters. (The choice of k is discussedin detail in Section 6.)
The total information losswas61%. Figure 15 shows the authority to hub table, after permuting the rows sothat we

group together authorities in the samecluster, and the columns sothat ead hub is assignedto the cluster to which
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SampleSize = Leaf Entries = 275

Algorithm I L(%) P R E min CcuU

LIMBO 8145 | 091 | 089 | 0.11 | 1.71

COOLCAT 83.50 | 0.76 | 0.73 | 0.27 | 1.46

SampleSize = Leaf Entries = 18

Algorithm I L (%) P R E min Ccu

LIMBO 8145 (091|089 | 011 | 1.71

COOLCAT 82.10 | 0.82 | 0.81 | 0.19 | 1.60

Table 11: LIMBO vs COOLCAT on Mushroom

it hasthe most links. LIMBO managesto characterize the structure of the web graph. Authorities are clusteredin
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Figure 15: Clustering of Web Data

three distinct clusters, such that the onesin the samecluster share many hubs, while the onesin dierent clusters
have very few hubs in common. The three di erent clusters correspond to di erent web communities, and di erent
viewpoints on the issueof abortion. The rst cluster consistsof \pro-c hoice" pages. The secondcluster consists of
\pro-life" pages.The third cluster contains a set of pagesfrom cincinnati.com that wereincluded in the data set
by the algorithm that collectsthe web pages,despite having no apparert relation to the abortion query. A complete

list of the results can be found in Tables12, 13 and 14. In almost all casesthe URLs and Titles of the web pages
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are indicativ e of their content.

5.5.4 Intra-A ttribute Value Clustering

We now preser results for the application of LIMBO to the problem of intra-attribute value clustering. For this
experimert, we usethe Bibliographic data set. We are interested in clustering the conferencesand journals, as well
asthe rst authors of the papers. We compare LIMBO with STIRR, an algorithm for clustering attribute values.

Following the description of Section 3.3, for the rst experimernt we set the random variable A° to range over
the conferences/journals,while variable A rangesover rst and secondauthors, and the year of publication. There
are 1,211distinct veruesin the data set; 815 are databasevenues, and 396 are theory verues® Resultsfor = 1:0
and S = 5M B are shown in Table 15. LIMBO's results are superior to those of STIRR with respect to all quality
measures.The di erence is especially pronouncedin the P and R measures.

We now turn to the problem of clustering the rst authors. Variable A° rangesover the set of 1,416 distinct
rst authors in the data set, and variable A rangesover the rest of the attributes. We produce two clusters, and we
evaluate the results of LIMBO and STIRR basedon the distribution of the papersthat werewritten by rst authors
in eadh cluster. Figures 16 and 17 illustrate the clusters produced by LIMBO and STIRR, respectively. The x-axis
in both gures represerts publishing venueswhile the y-axis represerts rst authors. If an author has published a
paper in a particular venue, this is represerted by a point in eac gure. The thick horizontal line separatesthe
clusters of authors, and the thick vertical line distinguishes betweentheory and databasevenues. Database venues
lie on the left of the line, while theory oneson the right of the line.

From these gures, it is apparert that LIMBO yields a better partition of the authors than STIRR. The upper
half correspondsto a set of theory researdiers with almost no publications in databasevenues. The bottom half,
corresponds to a set of databaseresearters with very few publications in theory venues. Our clustering is slightly
smudged by the authors betweenindex 400 and 450 that appear to have a number of publications in theory. These
are drawn in the databasecluster dueto their co-authors. STIRR, on the other hand, createsa well separatedtheory
cluster (upper half), but the secondcluster contains authors with publications almost equally distributed between

theory and databasevenues.

8The data set is pre-classi ed, so classlabels are known.
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(Pr o-Life

Cluster) 49 web pages

URL

Title

http://www.afterab ortion.org
http://www.lifecall.org
h ttp://www.lifeinstitute.org
http://www.rtl.org
http://www.silen tscream.org
http://www.heritagehouse76.com
http:/iww.p eopleforlife.org
h ttp://www.stmic hael.org/OCL/OCL.h
http:/Aww.w orldvillage.com/wv/square/c
h ttp://www.prolife.com
http://www.ro evw ade.org
http://www.nric.org
http://www.hli.org
http://www.pregnancycen ters.org
http://www.prolife.org/ultimate
http:/Aww.mic h.com/  buffalo
http://www.prolife.org
h ttp://www.prolife.org/mssl|
http://www.pfli.org
http://www.ro ckforlife.org
http://mem b ers.aol.com/nfofl
http://www.serv e.com/femdlife
http://www.cc.org
http://www.cwfa.org
http://www.prolifeaction.org
http://www.ru486.org
http://www.op erationrescue.org
http://www.orn.org
h ttp://www.priestsforlife.org
http://www.ab ortionfacts.com
http://www.prolifeinfo.org
h ttp://www.feministsforlife.org
http://www.marc hforlife.org
http://www.bfl.org
http://www.ppl.org
http://www.w els.net/wifl
http://www.lifeissues.org
http:/netno w.micron.net/ rtli
http://www.ohiolife.org
http://www.wrtl.org
http:/Aww.p ow erw eb.net/dcwrl
http://www.ncen.net/ v oice
http://www.b ethan y.org
http://www.prolife.org/LifeAction
vnet.com/

http://Awww.o v oltz/prolife.h

http://www.prolife.org/cp cs-online
http://www.care-net.org
http://www.frc.org

http://www.ldi.org

tml

hap el/safeha ven

After  Ab ortion: Information on the aftereffects of ab ortion

Ab ortion  Absolutely Not! A Several Sources Prolife W ebsite

In ternational abortion rep orts and prolife news

Information at Righ t to Life of Mic higan's homepage

Silen t Scream Home Page

Empt vy title field

Ab ortion, Life and Choice

Ortho dox Christians For Life Resource Page

Empt vy title field

Pro-Life  America

Ro evW ade.org

National Righ t to Life Organization

Human Life In ternational (HLI)

Pregnancy Cen ters Online

Empt vy title field

Catholics ~ United  for Life

Empt vy title field

Empt vy title field

Pharmacists for Life In ternational

Ro ck For Life

Empt vy title field

Feminists  For Life of America

W elcome to Christian Coalition of America Web site

Concerned Women for America (CW A)

Pro-Life  Action League

The RU-486 Files

End Ab ortion in America

Op eration  Rescue National

Priests for Life Index

Ab ortion facts and information, statistics, hotlines and helplines

The Ultimate Pro-Life  Resource  List

Feminists  For Life of America

The Marc h For Life Fund Home Page

BFL Home Page

Presb yterians Pro-Life Home

WELS  Lutherans for Life

Life Issues Institute, Inc.

Righ t To Life of Idaho, Inc. Home Page

Ohio Righ t To Life

Index

Do dge Coun ty Righ t to Life Home Page
newv oice

Bethan y Christian Services

Empt vy title field

Pirate  Pete's Pro-Life page

Empt vy title field
Empt vy title field
FAMIL Y RESEAR CH COUNCIL

Life Dynamics

Table 12: Pro-Life Cluster of the Web data set
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(Pr o-Choic e Cluster) 24 web pages

URL Title
http://www.gynpages.com Ab ortion  Clinics  OnLine
http://www.pro choice.org NAF - The Voice of Ab ortion Pro viders
http://www.cais.com/agm/main The Ab ortion Righ ts Activist Home Page
http://hamp.hampshire.edu/ clpp/nnaf National Net work of Ab ortion Funds
http://www.ncap.com National Coalition of Ab ortion Pro viders
http:/Avww.w cla.org W elcome to the W estc hester Coalition for Legal Ab ortion
h ttp://www.repro-activist.org Ab ortion  Access Pro ject
http://www.ms4c.org Medical ~ Studen ts for Choice
http://www.feministcampus.org Feminist Campus  Activism Online: W elcome Cen ter
http://www.naral.org NARAL: Ab ortion and Repro ductiv e Righ ts: Choice For W omen
http:/iAww.v ote-smart.org Pro ject Vote Smart
http://www.plannedparen tho od.org Planned Paren tho od Federation of America
http://www.rcrc.org The Religious  Coalition for Repro ductiv e Choice
http://www.naraln y.org NARAL/NY
http:/iww.b odyp olitic.org Bo dy Politic Net News Home
http://www.crlp.org CRLP - The Cen ter for Repro ductv e Law and Policy
http://www.pro choiceresource.org index
http://www.caral.org CARAL
http://www.protectc hoice.org Pro-Choice Public  Education Pro ject
http://www.agi-usa.org The Alan Guttmac her Institute: Home Page
h ttp://www.ippf.org In ternational Planned Paren tho od Federation (IPPF)
http://www.aclu.org/issues/repro duct/hmrr.h tml Empt vy title field
h ttp://www.nationalcen ter.org The National Cen ter for Public Policy Researc h

http://wlo.org

Women Leaders Online and Women Organizing for Change

Table 13: Pro-Choice Cluster of the Web data set

http://cincinnati.com
http://cincinnati.com/help
http://cincinnati.com/help
http://cincinnati.com/help
http://cincinnati.com/help
http://cincinnati.com/searc
http://mall.cincinnati.com
http://cincinnati.com/adv
http://cincinnati.com/help
http://cincinnati.com/cop

h ttp://www.gannett.com

http://cincinnati.com/freetime/calendars

(‘'Cincinnati Cluster) 20 web pages
URL | Title
http://cincinnati.com/traffic Traffic  Rep orts:  Cincinnati.Com
http://careerfinder.cincinnati.com CareerFinder: Cincinnati.Com
http://autofinder.cincinnati.com Cincinnati Post and Enquirer
http://classifinder.cincinnati.com Classifieds: Cincinnati.Com
http://homefinder.cincinnati.com HomeFinder: Cincinnati.Com
http://cincinnati.com/freetime Cincinnati En tertainmen  t: Cincinnati.Com
http://cincinnati.com/freetime/mo vies Mo vies:  Cincinnati.Com
http://cincinnati.com/freetime/dining Dining: Cincinnati.Com
Calendars: Cincinnati.Com

desk
desk/feedbac  k
desk/circulation/circu

desk/circulation/subscrib

ertise
desk/classifieds

yrigh t

Cincinnati.Com

HelpDesk: Cincinnati.Com

HelpDesk: Cincinnati.Com

lation.h  tml HelpDesk: Cincinnati.Com
e.h tml HelpDesk: Cincinnati.Com

Searc h our site: Cincinnati.Com

Cincinnati.Com Adv ertiser  Index

The Daily Fix: Cincinnati.Com

HelpDesk: Cincinnati.Com
Cincinnati.Com - Your Key to the City
Gannett home page

Table 14: 'Cincinnati'

Cluster of the Web data set

33




Algorithm Leaves | | L(%) P R E min

LIMBO ( = 1.0) 47 94.01 | 0.90 | 0.90 | 0.11

LIMBO (S = 5MB) 16 94.02 | 0.90 | 0.89 | 0.12

STIRR - 98.01 | 0.56 | 0.55 | 0.45

Table 15: Bib clustering using LIMBO & STIRR
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Figure 16: LIMBO clustersof rst authors Figure 17: STIRR clusters of rst authors

5.6 Scalabilit y Evaluation

In this section, we study the scalability of LIMBO algorithm, and we investigate how the parameters of LIMBO
a ect the executiontime. We study the executiontime of both LIMBO and LIMBO s. We considerfour data sets
of size 500K , 1M, 5M, and 10M , eac cortaining 10 clusters and 10 attributes with 20 to 40 valueseact. The rst
three data setsare samplesof the 10M data set.

For LIMBO g, the size and the number of leaf entries of the DCF tree, at the end of Phase 1 is controlled by
the parameter S. For LIMBO we study Phasel in detail. Aswevary , Figure 18 demonstratesthat the execution
time for Phase 1 decreasesat a steady rate for valuesof up to 1:0. For 1:0 < < 1.5, execution time drops
signi cantly. This decreasds dueto the reducednumber of splits and the decreasen the DCF tree size. In the same
plot, we shav someindicativ e sizesof the tree demonstrating that the vectors that we maintain remain relatively

sparse. The averagedensity of the DCF tree vectors, i.e., the averagefraction of non-zeroentries remains between
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41% and 87%. Figure 19 plots the number of leaves as a function of .° We obsene that for the samerange of
valuesfor (1:0< < 1:5), LIMBO producesa manageableDCF tree, with a small number of leaves, leading to
fast execution time in Phase2. Furthermore, in all our experimerts the height of the tree was never more than 11,
and the occupancy of the tree, i.e., the number of occupied ertries over the total possible number of ertries, was

always above 85:7%, indicating that the memory spacewas well used.

15000—===—— . . . - - 108 T T T T ;
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Figure 18: Phasel execution times Figure 19: Phasel leaf ertries

Thus, for 1:.0< < 1.5, we have a DCF tree with manageablesize, and fast execution time for Phasel and 2.
For our experiments, weset = 1:2and = 1:3. For LIMBO s we usebu er sizesof S= IMB and S = 5M B. We
now study the total executiontime of the algorithm for these parameter values. The graph in Figure 20 shows the
executiontime for LIMBO and LIMBO s on the data setswe consider. In this gure, we obsenethat executiontime
scalesin a linear fashion with respect to the size of the data set for both versionsof LIMBO. We also obsened that
the clustering quality remaineduna ected for all valuesof and S, and it wasthe sameacross the data sets(except
for IL in the 1M data set, which di ered by 0:01%). Precision (P) and Recall (R) were 0.999,and the classi cation
error (Emin ) was 0.0013,indicating that LIMBO can produce clusterings of high quality, even for large data sets.

In our next experimert, we varied the number of attributes, m, in the 5M and 10M data setsand ran both
LIMBO , with = 1:2,and LIMBO s, with a bu er sizeof 5M B. Figure ?? shaws the executiontime asa function

number of attributes, for di erent data setsizes.In all casesgexecutiontime increasedlinearly. Table 16 alsopreseris

9The y-axis of Figure 19 has a logarithmic scale.
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Figure 20: Execution time (m=10) Figure 21: Execution time

LIMBO IL(%) P R E min Cu
m=5 49.12 0.991 || 0.991 || 0.0013 || 2.52
m = 10 60.79 0.999 || 0.999 || 0.0013 | 3.87
m = 20 52.01 0.997 || 0.994 || 0.0015 || 4.56

Table 16: LIMBO  and LIMBO s qualit y

the quality results for all valuesof m for both LIMBO algorithms. The quality measuresare essetially the samefor
di erent sizesof the data set.

Finally, we varied the number of clusters from k = 10 up to k = 50 in the 10M data set, for = 1.2 and
S = 5M B. As expected from the analysis of LIMBO in Section 4.4, the number of clusters a ected only Phase3.
Recall from Figure 2 in Section5.4that Phase3 is a small fraction of the total executiontime. Indeed, aswe increase

k from 10to 50, we obsened just 1:1% increasein the executiontime for LIMBO , and just 2:5% for LIMBO s.

6 Estimating K

Identifying automatically an appropriate number of clustersin a data set is an important aspect of the clustering
problem. In most cases,there is no single correct answer. In this section, we discusssome information-theoretic

measuresthat can be usedin hierarchical algorithms to identify the most \natural” clustering sizesfor a given data

set.
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The rst measurewe consideris the rate of change of mutual information, 1(A;Cx) = I (A;Ck+1) | (A;Cy).
Thinking in reverse, | (A;Cy) capturesthe amount of information we gain if we break up a cluster in two, to move
from a clustering of sizek to a clustering of sizek + 1. For small values of k, breaking up the clusters results in
large information gains. As k increasesthe information gain decreasesAn appropriate value for k is when the gain

I (A; Cx) becomessu cien tly small. This has also beendiscussedby Slonim and Tishby [14].

The mutual information | (A; C) captures the coherenceof the clusters, that is, how similar the tuples within
ead cluster are. For a good clustering, we require that the elemeris within the clusters be similar, but also that
the elemens across clusters be dissimilar. We capture the dissimilarity acrossclustersin the conditional entropy
H (CjA). Intuitiv ely, H (CjA) capturesthe purity of the clustering. For a clustering C with very low H (CjA), for each
cluster cin C, there existsa setof attribute valuesthat appearalmost exclusively in the tuples of cluster c. The lower
the H(CjA), the purer the clusters. H (CjA) is minimized for k = 1, where H (CxjA) = 0. An appropriate value for
k is when H (CgjA) is su cien tly low, and k > 1. Furthermore, the value H(CyjA) = H(Ck+1jA) H(CkjA) gives
the increasein purity when merging two clustersto move from a clustering of sizek + 1 to one of sizek. High values
of H(CkjA) meanthat the two mergedclustersare similar. Low valuesimply that the two mergedclustersthat are
dissimilar. The latter casesuggestsk + 1 as a candidate value for the number of clusters.

We proposea combination of thesemeasuresasa way of identifying the appropriate number of clusters. When
the number of clustersin not known in advancewe run Phase?2 of the LIMBO algorithm up to k = 1. While we
run the AIB algorithm in Phase?2, we keeptrack of the mutual information | (A; Cyx), and the conditional entropy
H (CkjA). Observing the behavior of thesetwo measures,will hopefully provide us with candidate valuesfor k, for
which we run Phase3 of LIMBO. Our caseis bestillustrated with the Web data set. Figure 22 preseris the plots for
H (CkjA), I (CkjA) (left), and H(CjA), | (A;Cy) (right) for the Web data. From the plots we can concludethat for
k = 3, both 1(A;Ck) and H(CkjA) are su cien tly closeto zero, which meansthat the clustering is both pure and
informativ e. This becomesobvious when looking at the clustering of Web data in Figure 15. Note that H(C;jA)
is very low, which meansthat producing a 2-clustering will result in merging two dissimilar clusters. Similar curves
for the Votes are given in Figure 23 and for the Mushroom data setin Figure 24.

For the Votesdata set,the 1 (A;Cy) curve clearly suggestsk = 2 asthe right number of clusters. The H (CkjA)

measureis not equally informativ e sinceit increasessteadily for increasingk. For k = 6, H(CkjA) takesa value
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closeto zero. When the AIB algorithm movesfrom 7 to 6 clusters, it mergestwo highly dissimilar clusters. This
suggestsk = 7 as a candidate value for the number of clusters. This value was also examined in the evaluation of
the COOLCAT algorithm [1].

For the mushroom data set, the | (A;Cy) curve doesnot give a clear indication of what the right number of
clustersis. The H(CkjA) and H (CgjA) curvesdemonstrate that we have very low improvemert in purity when we
move from 3 to 2 clusters. In fact, after careful examination of the corresponding curvesfor the individual attributes,
we obsened that for some attributes, H (CkjA;) is close,or equal to zero for k = 2. Therefore, the two clusters
that are merged when moving from a 3-clustering to a 2-clustering are completely separatedwith respect to these
attributes. This suggestk = 3 as candidate for the number of clusters. Looking at the clusterings we obsened
that generating 3 clusters results in breaking up the cluster that contained mostly poisonous mushrooms in the
2-clustering. Interestingly, the classof poisonousmushrooms is the concatenation of two classes:\p oisonous" and
\not recommended” mushrooms. Therefore, k = 3 is a valid candidate for the clustering size. Another possible

number of clusters suggestedby the curvesis k = 8.
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Figure 22: I (C;A), H(CjA), and 1(C;A), H(CjA) for Web Data

7 Other Related Work

CACTUS, [7], by Ghanti, Gehrke and Ramakrishnan, usessummariesof information constructed from the data set

that are su cien t for discovering clusters. The algorithm de nes attribute value clusters with overlapping cluster-
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Figure 23: I (C;A), H(CjA), and 1(C;A), H(CjA) for Votes

projections on any attribute. This makesthe assignmen of tuples to clusters unclear.

Our approad is basedon the Information Bottleneck (IB) Method, intro ducedby Tishby, Pereiraand Bialek [16].
The Information Bottleneck method has been usedin an agglomerative hierarchical clustering algorithm [14] and
applied to the clustering of documerts [15]. Recerly, Slonim and Tishby [13] intro ducedthe sequential Information
Bottleneck, (sIB) algorithm, which reducesthe running time relative to the agglomerative approach. However, it
dependson an initial random partition and requiresmultiple passesf the data for di erent initial partitions. In the
future, we plan to experiment with sIB in Phase?2 of LIMBO.

Finally, another algorithm that usesan extention to BIRCH [17] is given by Chiu, Fang, Chen, Wand and
Jeris [4]. Their approach assumesthat the data follows a multiv ariate normal distribution. The performance of the

algorithm has not beentested on categorical data sets.

8 Discussion and Future Work

We have evaluated the e ectiv enessof LIMBO in trading o either quality for time or quality for spaceto achieve
compact, yet accurate, models for small and large categorical data sets. We have shovn LIMBO to have advantages
over other information theoretic clustering algorithms including AIB (in terms of scalability) and COOLCAT (in

terms of clustering quality and parameter stability). We have also shonvn advantagesin quality over other scalable
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Figure 24: 1 (C;A), H(CjA), and 1(C;A), H(CjA) for Mushroom

and non-scalablealgorithms designedto cluster either categorical tuples or values. With our space-tounded version
of LIMBO (LIMBO s), we can build a model in one passover the data in a xed amount of memory while still
e ectiv ely controlling information lossin the model. These properties make LIMBO s amenablefor usein clustering
streaming categoricaldata [?] and are properties that have beenexploited in recert proposalsfor clustering streaming
numerical data [?]. We are currently evaluating the performanceof LIMBO on streaming data. Finally, we plan to

apply LIMBO asa data mining technique to schemadiscovery [?].
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