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Abstract

Clustering tec hniques ha v e b een used b y man y in telligen t soft w are agen ts in order to retriev e, �lter,

and categorize do cumen ts a v ailable on the W orld Wide W eb. Clustering is also useful in extracting

salien t features of related w eb do cumen ts to automatically form ulate queries and searc h for other similar

do cumen ts on the W eb. T raditional clustering algorithms either use a priori kno wledge of do cumen t

structures to de�ne a distance or similarit y among these do cumen ts, or use probabilistic tec hniques suc h

as Ba y esian classi�cation. Man y of these traditional algorithms, ho w ev er, falter when the dimensionalit y

of the feature space b ecomes high relativ e to the size of the do cumen t space. In this pap er, w e in tro duce

t w o new clustering algorithms that can e�ectiv ely cluster do cumen ts, ev en in the presence of a v ery

high dimensional feature space. These clustering tec hniques, whic h are based on generalizations of graph

partitioning, do not require pre-sp eci�ed ad ho c distance functions, and are capable of automatically

disco v ering do cumen t similarities or asso ciations. W e conduct sev eral exp erimen ts on real W eb data

using v arious feature selection heuristics, and compare our clustering sc hemes to standard distance-based

tec hniques, suc h as hier ar chic al agglomer ation clustering , and Ba y esian classi�cation metho ds, suc h as

A utoClass .

Keyw ords: clustering, categorization, W orld Wide W eb do cumen ts, graph partitioning, asso ciation rules,

principal comp onen t analysis.
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1 In tro duction

The W orld Wide W eb is a v ast resource of information and services that con tin ues to gro w rapidly . P o w erful

searc h engines ha v e b een dev elop ed to aid in lo cating unfamiliar do cumen ts b y category , con ten ts, or sub ject.

Unfortunately , queries often return inconsisten t results, with do cumen t referrals that meet the searc h criteria

but are of no in terest to the user.

While it ma y not b e curren tly feasible to extract in full the meaning of an HTML do cumen t, in telligen t

soft w are agen ts ha v e b een dev elop ed whic h extract features from the w ords or structure of an HTML do c-

umen t and emplo y them to classify and categorize the do cumen ts. Clustering o�ers the adv an tage that a

priori kno wledge of categories is not needed, so the categorization pro cess is unsup ervised. The results of

clustering could then b e used to automatically form ulate queries and searc h for other similar do cumen ts on

the W eb, or to organize b o okmark �les, or to construct a user pro�le.

In this pap er, w e presen t t w o new clustering algorithms based on graph partitioning and compare their

p erformance against more traditional clustering algorithms used in information retriev al.

T raditional clustering algorithms either de�ne a distance or similarit y among do cumen ts, or use prob-

abilistic tec hniques suc h as Ba y esian classi�cation. Man y of these algorithms, ho w ev er, break do wn as the

size of the do cumen t space, and hence, the dimensionalit y of the corresp onding feature space increases.

High dimensionalit y is c haracteristic of the information retriev al applications whic h are used to �lter and

categorize do cumen ts on the W orld Wide W eb. In con trast, our partitioning-based algorithms p erform w ell

in the presence of a high dimensional space.

In section 2 w e describ e the clustering algorithms, in Section 3 w e presen t results of a n um b er of exp er-

imen ts using di�eren t metho ds to select features from the do cumen ts, and w e compare the results of the

di�eren t clustering algorithms. W e sho w that partitioning clustering metho ds p erform b etter than tradi-

tional distance based clustering. Finally in Section 3 w e compare our w ork with other similar systems and

presen t ideas for future researc h.

2 Clustering Metho ds

Most of the existing metho ds for do cumen t clustering are based on either probabilistic metho ds, or dis-

tance and similarit y measures (see [15 ]). Distance-based metho ds suc h as k -means analysis, hierarc hical

clustering [20 ] and nearest-neigh b or clustering [23 ] use a selected set of w ords app earing in di�eren t do c-

umen ts as features. Eac h do cumen t is represen ted b y a feature v ector, and can b e view ed as a p oin t in a

m ulti-dimensional space.

There are a n um b er of problems with clustering in a m ulti-dimensional space using traditional distance-

or probabilit y-based metho ds. First, it is not trivial to de�ne a distance measure in this space. F eature

v ectors m ust b e scaled to a v oid sk ewing the result b y di�eren t do cumen t lengths or p ossibly b y ho w common
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a w ord is across man y do cumen ts. T ec hniques suc h as TFIDF [28 ] ha v e b een prop osed precisely to deal

with some of these problems, but w e ha v e found out in our exp erimen ts that using TFIDF scaling do es not

alw a ys help.

Second, the n um b er of di�eren t w ords in the do cumen ts can b e v ery large. Distance-based sc hemes

generally require the calculation of the mean of do cumen t clusters, whic h are often c hosen initially at random.

In a high dimensional space, the cluster means of randomly c hosen clusters will do a p o or job at separating

do cumen ts. Similarly , probabilistic metho ds suc h as Ba y esian classi�cation used in A utoClass [11 , 29 ] do not

p erform w ell when the size of the feature space is m uc h larger than the size of the sample set or ma y dep end

on the indep endence of the underlying features. W eb do cumen ts su�er from b oth high dimensionalit y and

high correlation among the feature v alues. W e ha v e found that hier ar chic al agglomer ation clustering (HA C)

[13 ] is computationally v ery exp ensiv e, and AutoClass has p erformed p o orly on our examples.

Our prop osed clustering algorithms, describ ed b elo w, are designed to e�cien tly handle v ery high dimen-

sional spaces and large data sets, as sho wn in the exp erimen tal results w e describ e later.

2.1 Asso ciation Rule Hyp ergraph P artitioning (ARHP)

The Asso ciation Rule Hyp ergraph P artitioning (ARHP) [17 , 18 ] is a clustering metho d based on the asso ci-

ation rule disco v ery tec hnique used in data mining. This tec hnique is often used to disco v er a�nities among

items in a transactional database (for example, to �nd sales relationships among items sold in sup ermark et

customer transactions. F rom a database p ersp ectiv e, these transactions can b e view ed as a relational table

in whic h eac h item represen ts an attribute and the domain of eac h attribute is either the binary domain

(indicating whether the item w as b ough t in a particular transaction) or a non-negativ e in teger indicating

the frequency of purc hase within a giv en transaction. Figure 1 depicts a p ortion of a t ypical sup ermark et

transaction database.

Figure 1: P ortion of a T ypical Sup ermark et T ransaction Database

The asso ciation rule disco v ery metho ds [2 ] �rst �nd groups of items o ccurring frequen tly together in man y

transactions. Suc h groups of items are referred to as fr e quent item sets . In the ARHP metho d, w e use the

disco v ered frequen t item sets to form a h yp ergraph, where v ertices are items and eac h h yp eredge represen ts

a frequen t item set. Then a h yp ergraph partitioning algorithm [21 ] is used to �nd the item clusters. The

similarit y among items is captured implicitly b y the frequen t item sets.

In the do cumen t retriev al domain, it is also p ossible to view a set of do cumen ts in a transactional form.
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In this case, eac h do cumen t corresp onds to an item and eac h p ossible feature corresp onds to a transaction.

The en tries in the table (domain of do cumen t attribute) represen ts the frequency of o ccurrence of a sp eci�ed

feature (w ord) in that do cumen t. A frequen t item sets found using the asso ciation rule disco v ery algorithm

corresp onds to a set of do cumen ts that ha v e a su�cien tly large n um b er of features (w ords) in common.

These frequen t item sets are mapp ed in to h yp eredges in a h yp ergraph. A t ypical do cumen t-feature dataset,

represen ted as a transactional database, is depicted in Figure 2.

Figure 2: A T ransactional View of a T ypical Do cumen t-F eature Set

A h yp ergraph [5] H = ( V ; E ) consists of a set of v ertices ( V ) and a set of h yp eredges ( E ). A h yp ergraph

is an extension of a graph in the sense that eac h h yp eredge can connect more than t w o v ertices. In our

mo del, the set of v ertices V corresp onds to the set of do cumen ts b eing clustered, and eac h h yp eredge

e 2 E corresp onds to a set of related do cumen ts. A k ey problem in mo deling data items as a h yp ergraph is

determining what related items can b e group ed as h yp eredges and determining the w eigh ts of the h yp eredge.

In this case, h yp eredges represen t the frequen t item sets found b y the asso ciation rule disco v ery algorithm.

Asso ciation rules capture the relationships among items that are presen t in a transaction [3]. Let T b e

the set of transactions where eac h transaction is a subset of the item-set I , and C b e a subset of I . W e

de�ne the supp ort c ount of C with resp ect to T to b e:

� ( C ) = jf t j t 2 T ; C � t gj :

Th us � ( C ) is the n um b er of transactions that con tain C . An asso ciation rule is an expression of the form

X

s;�

= ) Y , where X � I and Y � I . The supp ort s of the rule X

s;�

= ) Y is de�ned as � ( X [ Y ) = j T j , and the

con�dence � is de�ned as � ( X [ Y ) =� ( X ). The task of disco v ering an asso ciation rule is to �nd all rules

X

s;�

= ) Y , suc h that s is greater than a giv en minim um supp ort threshold and � is greater than a giv en

minim um con�dence threshold. The asso ciation rule disco v ery is comp osed of t w o steps. The �rst step is

to disco v er all the frequen t item-sets (candidate sets that ha v e supp ort greater than the minim um supp ort

threshold sp eci�ed). The second step is to generate asso ciation rules from these frequen t item-sets.

The frequen t item sets computed b y an asso ciation rule algorithm suc h as Apriori are excellen t candidates

to �nd suc h related items. Note that these algorithms only �nd frequen t item sets that ha v e supp ort greater

than a sp eci�ed threshold. The v alue of this threshold ma y ha v e to b e determined in a domain sp eci�c

manner. The frequen t item sets capture the relationships among items of size greater than or equal to 2.

Note that distance based relationships can only capture relationships among pairs of data p oin ts whereas the

4



frequen t items sets can capture relationship among larger sets of data p oin ts. This added mo deling p o w er

is nicely captured in our h yp ergraph mo del.

The h yp ergraph represen tation can then b e used to cluster relativ ely large groups of related items b y

partitioning them in to highly connected partitions. One w a y of ac hieving this is to use a h yp ergraph parti-

tioning algorithm that partitions the h yp ergraph in to t w o parts suc h that the w eigh t of the h yp eredges that

are cut b y the partitioning is minimized. Note that b y minimizing the h yp eredge-cut w e essen tially minimize

the relations that are violated b y splitting the items in to t w o groups. No w eac h of these t w o parts can b e

further bisected recursiv ely , un til eac h partition is highly connected. F or this task w e use HMETIS [21 ], a

m ulti-lev el h yp ergraph partitioning algorithm whic h can partition v ery large h yp ergraphs (of size > 100K

no des) in min utes on p ersonal computers.

Once, the o v erall h yp ergraph has b een partitioned in to k parts, w e eliminate bad clusters using the

follo wing cluster �tness criterion. Let e b e a set of v ertices represen ting a h yp eredge and C b e a set of

v ertices represen ting a partition. The �tness function that measures the go o dness of partition C is de�ned

as follo w:

f itness ( C ) =

P

e � C

W eig ht ( e )

P

j e \ C j > 0

W eig ht ( e )

The �tness function measures the ratio of w eigh ts of edges that are within the partition and w eigh ts of edges

in v olving an y v ertex of this partition.

Eac h go o d partition is examined to �lter out v ertices that are not highly connected to the rest of the

v ertices of the partition. The connectivit y function of v ertex v in C is de�ned as follo w:

connectiv ity ( v ; C ) =

jf e j e � C ; v 2 e gj

jf e j e � C gj

The connectivit y measures the p ercen tage of edges that eac h v ertex is asso ciated with. High connectivit y

v alue suggests that the v ertex has man y edges connecting go o d prop ortion of the v ertices in the partition.

The v ertices with connectivit y measure greater than a giv e threshold v alue are considered to b elong to the

partition, and the remaining v ertices are dropp ed from the partition.

In ARHP , �ltering out of non-relev an t do cumen ts can also b e ac hiev ed using the supp ort criteria in the

asso ciation rule disco v ery comp onen ts of the algorithm. Dep ending on the supp ort threshold. do cumen ts

that do not meet supp ort (i.e., do cumen ts that do not share large enough subsets of w ords with other

do cumen ts) will b e pruned. This feature is particularly useful for clustering large do cumen t sets whic h are

returned b y standard searc h engines using k eyw ord queries.

2.2 Principal Direction Divisiv e P artitioning (PDDP) Algorithm

In the principal direction algorithm, eac h do cumen t is represen ted b y a feature v ector of w ord frequencies,

scaled to unit length. The algorithm is a divisiv e metho d in the sense that it b egins with all the do cumen ts

in a single large cluster, and pro ceeds b y splitting it in to sub clusters in recursiv e fashion. A t eac h stage in
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the pro cess, the metho d (a) selects an unsplit cluster to split, and (b) splits that cluster in to t w o sub clusters.

F or part (a) w e use a sc atter value , measuring the a v erage distance from the do cumen ts in a cluster to the

mean [13 ], though w e could also use just the cluster size if it w ere desired to k eep the resulting clusters all

appro ximately the same size. F or part (b) w e construct a linear discriminan t function based on the princip al

dir e ction (the direction of maximal v ariance). Sp eci�cally , w e compute the mean of the do cumen ts within

the cluster, and then the principal direction with resp ect to that mean. This de�nes a h yp erplane normal to

the principal direction and passing through the mean. This h yp erplane is then used to split the cluster in to

t w o parts whic h b ecome the t w o childr en clusters to the giv en cluster. This en tire cycle is rep eated as man y

times as desired resulting in a binary tree hierarc h y of clusters in whic h the ro ot is the en tire do cumen t set,

and eac h in terior no de has b een split in to t w o c hildren. The leaf no des then constitute a partitioning of the

en tire do cumen t set.

The de�nition of the h yp erplane is based on principal comp onen t analysis, similar to the Hotelling or

Karh unen-Lo ev e T ransformation [13 ]. W e compute the principal direction as the leading eigen v ector of

the sample co v ariance matrix. This is the most exp ensiv e part, for whic h w e use a fast Lanczos-based

singular v alue solv er [16 ]. By taking adv an tage of the high degree of sparsit y in the term frequency matrix,

the Lanczos-based solv er is v ery e�cien t, with cost prop ortional to the n um b er of nonzero es in the term

frequency matrix. This has b een discussed in more detail in [7].

This metho d di�ers from that of Laten t Seman tic Indexing (LSI) [6] in man y w a ys. First of all, LSI w as

originally form ulated for a di�eren t purp ose, namely as a metho d to reduce the dimensionalit y of the searc h

space for the purp ose of handling queries: retrieving some do cumen ts giv en a set of searc h terms. Secondly ,

it op erates on the unscaled v ectors, whereas w e scale the do cumen t v ectors to ha v e unit length. Thirdly , in

LSI, the singular v alue decomp osition of the matrix of do cumen t v ectors itself are computed, whereas w e

shift the do cumen ts so that their mean is at the origin in order to compute the co v ariance matrix. F ourthly ,

the LSI metho d m ust compute man y singular v ectors of the en tire matrix of do cumen t v ectors, p erhaps on

the order of 100 suc h singular v ectors, but it m ust do so only once at the b eginning of the pro cessing. In

our metho d, w e m ust compute only the single leading singular v ector (the v ector u ), whic h is considerably

easier to obtain. Of course w e m ust rep eat this computation on eac h cluster found during the course of the

algorithm, but all the later clusters are m uc h smaller than the initial \ro ot" cluster, and hence the later

computations are m uc h faster.

In most of our exp erimen ts, w e ha v e used the norm scaling, in whic h eac h do cumen t is represen ted b y a

feature v ector of w ord coun ts, scaled to unit length in the usual Euclidean norm. This lea v es the sparsit y

pattern un touc hed. An alternate scaling is the TFIDF scaling [28], but this scaling �lls in all zero en tries

with nonzero es, drastically increasing the cost of the o v erall algorithm b y as m uc h as a factor of 20. In spite

of the increased costs, the TFIDF scaling did not lead to an y noticeable impro v emen t in the PDDP results

in our exp erimen ts [8 ].
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2.3 Hierarc hical Agglomeration Clustering

A classical algorithm w e ha v e implemen ted is a b ottom up hier ar chic al agglomer ation clustering (HA C)

metho d based on the use of a distance function [13 ]. W e start with trivial clusters, eac h con taining one

do cumen t. W e cycle through a lo op in whic h the t w o \closest clusters" are merged in to one cluster. Eac h

lo op cycle reduces the n um b er of clusters b y 1, and this is rep eated un til the desired n um b er of clusters is

reac hed. F or these exp erimen ts, w e c hose a distance function based on the \cosine" measure (essen tially the

cosine of the angle b et w een the t w o do cumen ts in N -space), where eac h cluster w as represen ted b y its mean.

The cluster means w ere scaled b y the corresp onding cluster sizes to discourage large clusters.

2.4 AutoClass

The other algorithm w e use is A utoClass . AutoClass [11 ] is based on the probabilistic mixture mo deling [29 ].

Giv en a set of data X , AutoClass �nds maxim um parameter v alues

^

~

V for a sp eci�c probabilit y distribution

functions T of the clusters.

Giv en
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One of the adv an tages of AutoClass is that it has a theoretical foundation using Ba y esian statistics.

The clustering results pro vide the full description of eac h cluster in terms of probabilit y distribution of eac h

attributes. It also w orks w ell for b oth discrete and con tin uous attributes. The results of the clustering is

fuzzy , i.e., it giv es probabilities of one data p oin t b elonging to di�eren t clusters. Analysts can determine the

cluster mem b ership of a data p oin t based on these probabilities.

One of the w eaknesses of AutoClass is that the underlying probabilit y mo del assumes indep endence of

attributes. In man y domains, this assumption is to o restrictiv e. Another problem with the basic mo del is

that it do es not pro vide a satisfactory distribution function for ordered discrete attributes [11 ]. F urthermore

unrelev an t attributes (with resp ect to clustering) or hidden biases ma y dominate the clustering pro cess.

3 Exp erimen tal Results

3.1 Exp erimen tal Setup

F or the exp erimen ts w e presen t here w e selected 185 W eb pages in ten broad categories: a�rmativ e action

(AA), business capital (BC), electronic commerce (EC), emplo y ee righ ts (ER), in tellectual prop ert y (IP),

industrial partnership (IPT), information systems (IS), materials pro cessing (MP), man ufacturing systems

in tegration (MSI), and p ersonnel managemen t (PM).
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These pages w ere obtained b y doing a k eyw ord searc h using a standard searc h engine. The pages w ere

do wnloaded, lab eled, and arc hiv ed. The lab eling facilitates an en trop y calculation and subsequen t references

to an y page w ere directed to the arc hiv e. This ensures a stable data sample since some pages are fairly

dynamic in con ten t.

Results w e obtained in similar exp erimen ts with a smaller set of do cumen ts ha v e b een previously rep orted

in [25 ]. Those do cumen ts w ere obtained in part from the Net w ork for Excellence in Man ufacturing w ebsite, on

line at http://web.miep.o rg :8 0/m ie p/i nd ex .ht ml and w ere used originally for the exp erimen ts describ ed

in [31 ]. The exp erimen ts w e describ e in this pap er grew out of our initial set of exp erimen ts, and w ere used

to v alidate on a larger dataset the results w e obtained with our original exp erimen ts. W e ha v e conducted,

more recen tly , another series of exp erimen ts with a m uc h larger dataset (2340 do cumen ts, obtained through

the Y aho o online news service) that w e ha v e used to supp ort our scalabilit y analysis, as describ ed later in

Section 3.2.

W ord Selection Dataset

Set Criteria Size Commen ts

J

1

All w ords 185x10536 W e select all non-stop w ords (stemmed).

J

2

Quan tile �ltering 185x946 Quan tile �ltering selects the most frequen tly o ccur-

ring w ords un til the accum ulated frequencies exceed

a threshold of 0.25, including all w ords from the par-

tition that con tributes the w ord that exceeds the

threshold.

J

3

T op 20+ w ords 185x1763 W e select the 20 most frequen tly o ccurring w ords and

include all w ords from the partition that con tributes

the 20th w ord.

J

4

T op 5+ plus em-

phasized w ords

185x2951 W e select the top 5+ w ords augmen ted b y an y

w ord that w as emphasized in the h tml do cu-

men t, i.e., w ords app earing in < TITLE > , < H1 > ,

< H2 > , < H3 > , < I > , < BIG > , < STR ONG > , or

< EMPHASIZE > tags.

J

5

F requen t item sets 185x499 W e select w ords from the do cumen t w ord lists that

app ear in a-priori w ord clusters. That is, w e use an

ob ject measure to iden tify imp ortan t groups of w ords.

J

6

All w ords with

text frequency > 1

188x5106 W e prune the w ords selected for J

1

to exclude those

o ccurring only once.

J

7

T op 20+ with text

frequency > 1

185x1328 W e prune the w ords selected for J

3

to exclude those

o ccurring only once.

J

8

T op 15+ with text

frequency > 1

185x1105

J

9

T op 10+ with text

frequency > 1

185x805

J

10

T op 5+ with text

frequency > 1

185x474

T able 1: Setup of exp erimen ts.

The w ord lists from all do cumen ts w ere �ltered with a stop-list and \stemmed" using P orter's su�x-

stripping algorithm [26] as implemen ted b y [14 ]. W e deriv ed ten exp erimen ts, clustered the do cumen ts using
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the four algorithms describ ed earlier, and analyzed the results. Our ob jectiv e is to reduce the dimensionalit y

of the clustering problem while retaining the imp ortan t features of the do cumen ts. The ten exp erimen ts w e

conducted are distinguished b y further selection rules, as sho wn in T able 1.

3.2 Ev aluation of Clustering Results

V alidating clustering algorithms and comparing p erformance of di�eren t algorithms is complex b ecause it is

di�cult to �nd an ob jectiv e measure of qualit y of clusters. W e decided to use en trop y [27 ] as a measure of

go o dness of the clusters. When a cluster con tains do cumen ts from one class only , the en trop y v alue is 0.0 for

the cluster and when a cluster con tains do cumen ts from man y di�eren t classes, then en trop y of the cluster

is higher. The total en trop y is calculated as the w eigh ted sum of en tropies of the clusters. W e compare the

results of the v arious exp erimen ts b y comparing their en trop y across algorithms and across feature selection

metho ds (Fig. 3). Note that the h yp ergraph partitioning metho d do es not cluster all the do cumen ts, so the

en trop y is computed only for the do cumen ts clustered.

Our exp erimen ts suggest that clustering metho ds based on partitioning seem to w ork b est for this t yp e

of information retriev al applications, b ecause:

1. they do not require calculation of the mean of randomly c hosen clusters, and so the issue of ha ving

cluster means v ery close in space do es not apply;

2. they are linearly scalable with resp ect to the cardinalities of the do cumen t and feature spaces (in

con trast to HA C and AutoClass whic h are quadratic);

3. the qualit y of the clusters is not a�ected b y the dimensionalit y of the data sets.

In general, all the metho ds had similar b eha vior across the exp erimen ts in that the �ltering based on

w ord frequencies did not ha v e an y ma jor impact, except for the frequen t item set used in exp erimen t J

5

,

whic h is discussed later. Both the ARHP and PDDP metho ds p erformed b etter than the traditional metho ds

(except for HA C with norm scaling) regardless of the feature selection criteria.

Algorithms suc h as AutoClass and HA C with TFIDF scaling b ecome computationally prohibitiv e as the

dimensionalit y is increased. F or example, when no feature selection criteria w as used (dataset size of 185

� 10538), ARHP and PDDP to ok less than 2 min utes, whereas HA C to ok 1 hour and 40 min utes and

AutoClass to ok 38 min utes.

W e ha v e tried the PDDP algorithm on a larger dataset (2340 do cumen ts) and our exp erimen ts sho w

that the algorithm scales up linearly with the n um b er of non-zero en tries in the term frequency matrix [8].

As eac h do cumen t uses only a small fraction of the en tire dictionary of w ords, the term frequency matrix

is v ery sparse. In this larger dataset only 0.68% of the en tries w ere nonzero. The algorithm is able to tak e

adv an tage of this sparsit y , yielding scalable p erformance, as illustrated in 4.
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Figure 3: En trop y comparison of di�eren t algorithms with 32 clusters. The results sho wn for ARHP are for

sligh tly di�eren t n um b ers of clusters for eac h exp erimen t, precisely 30 clusters for J
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b etter cohesiv eness of clusters.

Aside from o v erall p erformance and qualit y of clusters, the exp erimen ts p oin t to a few other notable

conclusions. As migh t b e exp ected, in general clustering algorithms yield b etter qualit y clusters when the

full set of feature is used (exp erimen t J

1

). Of course, as the ab o v e discussion sho ws, for large datasets the

computational costs ma y b e prohibitiv e. It is therefore imp ortan t to select a smaller set of represen tativ e

features to impro v e the p erformance of clustering algorithms without losing to o m uc h qualit y . Our exp eri-

men ts with v arious feature selection metho ds represen ted in J

1

through J

10

, sho w that restricting the feature

set to those only app earing in the frequen t item sets (disco v ered as part of the asso ciation rule algorithm),

has succeeded in iden tifying a small set of features that are relev an t to the clustering task. In fact, for most

algorithms, the exp erimen t J

5

pro duced results that w ere b etter than those obtained b y using the full set.

It should b e noted that the conclusions dra wn in the ab o v e discussion ha v e b een con�rmed b y an earlier

exp erimen t using a totally indep enden t set of do cumen ts [25 ].

F or an y particular exp erimen t, w e can b etter judge the qualit y of the clustering b y lo oking at the

distribution of class lab els among clusters. Figure 5 sho ws the class distribution for the J1 exp erimen t
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Figure 5: Distribution of do cumen ts among clusters using the PDDP algorithm with or without TFIDF

scaling for 16 clusters. Eac h column sho ws ho w man y do cumen ts for eac h lab el app ear in eac h of the

clusters.

using the PDDP algorithm with and without TFIDF scaling. F ull results (including the data sets) are

a v ailable on the W eb at http://www.cs.u mn. ed u/~ jm oo re/ wa p2. ht ml . Similarly , Figure 6 sho ws the class

distribution for the J1 exp erimen t using the HA C algorithm with and without TFIDF scaling, Figure 7
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sho ws the results of ARHP , and Figure 8 sho ws the results of AutoClass.
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Figure 6: Distribution of do cumen ts among clusters using the Hierarc hical Agglomeration Clustering algo-

rithm with or without TFIDF scaling for 16 clusters.
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Figure 7: Distribution of do cumen ts among clusters using the ARHP algorithm for 18 clusters. The last

cluster con tains do cumen ts that w ere not clustered b y ARHP , whic h yielded 17 clusters.
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AutoClass
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Figure 8: Distribution of do cumen ts among clusters using the AutoClass algorithm for 16 clusters. Not all

the do cumen ts are clustered.

4 Related W ork

A n um b er of W eb agen ts use v arious information retriev al tec hniques [15 ] and c haracteristics of op en h yp er-

text W eb do cumen ts to automatically retriev e, �lter, and categorize these do cumen ts [10 , 9, 12 ].

F or example, HyPursuit [30 ] uses seman tic information em b edded in link structures as w ell as do cumen t

con ten t to classify and group do cumen ts b y the terms they con tain and their h yp erlink structures. The

system requires that information b e main tained in the routers.

BO (Bo okmark Organizer) [24 ] com bines hierarc hical agglomerativ e clustering tec hniques and user in ter-

action to organize collection of W eb do cumen ts listed in a p ersonal b o okmark �le.

P attern recognition metho ds and w ord clustering using the Hartigan's K-means partitional clustering

algorithm are used in [31 ] to disco v er salien t HTML do cumen t features (w ords) that can b e used in �nding

similar HTML do cumen ts on the W eb. The clustering algorithm do es not scale w ell to large n um b ers of

do cumen ts. Bro der [9] calculates a sk etc h for ev ery do cumen t on the w eb and then clusters together similar

do cumen ts whose sk etc hes exceed a threshold of resem blance. Giv en a do cumen t's URL, similar do cumen ts

can b e easily iden ti�ed, but an index for the whole WWW needs to b e main tained.

Maarek [24 ] uses the Hierarc hical Agglomerativ e Clustering metho d to form clusters of the do cumen ts

listed in a p ersonal b o okmark �le. Individual do cumen ts are c haracterized b y pro�le v ectors consisting of

pairs of lexically a�ne w ords, with do cumen t similarit y a function of ho w man y indices they share. This

metho d ma y not scale w ell to large do cumen t searc hes.

The Syskill & W eb ert system [1 ] represen ts an HTML page with a Bo olean feature v ector, and then

uses naiv e Ba y esian classi�cation to �nd w eb pages that are similar, but for only a giv en single user pro�le.

Balabano vic [4 ] presen ts a system that uses a single w ell-de�ned pro�le to �nd similar w eb do cumen ts for a

13



user. Candidate w eb pages are lo cated using b est-�rst searc h, comparing their w ord v ectors against a user

pro�le v ector, and returning the highest -scoring pages. A TFIDF sc heme is used to calculate the w ord

w eigh ts, normalized for do cumen t length. The system needs to k eep a large dictionary and is limited to one

user.

A w ell-kno wn and widely used tec hnique for dimensionalit y reduction is Principal Comp onen t Analysis

(PCA) [19 ]. Consider a data set with n data items and m v ariables. PCA computes a co v ariance matrix

of size m � m , and then calculate the k leading eigen v ectors of this co v ariance matrix. These k leading

eigen v ectors of this matrix are principal features of the data. The original data is mapp ed along these new

principal directions. This pro jected data has lo w er dimensions and can no w b e clustered using traditional

clustering algorithms suc h as K-means [20 ], Hierarc hical clustering [20 ], or A utoClass .

PCA pro vides sev eral guidelines on ho w to determine the righ t n um b er of dimension k for giv en data

based on the prop ortion of v ariance explained or the c haracteristic ro ots of the co v ariance matrix. Ho w ev er,

as noted in [19 ], di�eren t metho ds pro vide widely di�eren t guidelines for k on the same data, and th us it

can b e di�cult to �nd the righ t n um b er of dimension. The c hoice of a small k can lose imp ortan t features

of the data. On the other hand, the c hoice of a large k can capture most of the imp ortan t features, but the

dimensionalit y migh t b e to o large for the traditional clustering algorithms to w ork e�ectiv ely .

Laten t Seman tic Indexing (LSI) [6 ] is a dimensionalit y reduction tec hnique extensiv ely used in information

retriev al domain and is similar in nature to PCA. Instead of �nding the singular v alue decomp osition of the

co v ariance matrix, it �nds the singular v alue decomp osition of the original n � m data.

Both PCA and LSI are prepro cessing metho ds whic h pro duce a m uc h lo w er dimensional represen tation

of the dataset for subsequen t pro cessing b y another algorithm. In the con text of query systems, LSI has b een

singularly successful in reducing the noise in the data, leading to m uc h higher precision in results from user

queries [6 ]. They ma y also b e considered as p ossible prepro cessing mo dules in the con text of unsup ervised

clustering, and some preliminary exp erimen ts in this direction ha v e b een carried out using LSI follo w ed b y

K-means and PDDP , yielding resp ectiv e en tropies of .834 and .859. T o obtain these results, w e used LSI to

extract a dimension 10 appro ximation to the term frequency matrix, whic h w as then used as the basis for

the subsequen t K-means or PDDP metho d.

The main di�cult y with the LSI or PCA metho ds is the necessit y to compute the k leading singular

v alues and v ectors of the term frequency matrix, where k is the desired dimension. A naiv e dense matrix

solv er tak es O ( n

3

) op erations to compute it and hence is prohibitiv ely exp ensiv e. A metho d whic h tak es

adv an tage of sparsit y could b e used to sp eed this up substan tially . An example is the Lanczos metho d [16 ]

whic h has b een used with great success in the PDDP algorithm. Ho w ev er, it is considerably more di�cult

to compute the leading k singular v alues and v ectors in LSI than just the one leading singular v ector as in

PDDP . But ev en if the time is a v ailable, the resulting lo w dimension appro ximation will t ypically b e dense.

This substan tially increases the pro cessing cost for the subsequen t clustering metho d as w ell as p oten tially

o ccup ying as m uc h space as the original data, dep ending on the c hoice of k .
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The Kohonen Self-Organizing F eature Map [22 ] is a neural net w ork based sc heme that pro jects high

dimensional input data in to a feature map of a smaller dimension suc h that the pro ximit y relationships

among input data are preserv ed. On data sets of v ery large dimensionalit y suc h as those discussed here,

con v ergence could b e slo w, dep ending up on the initialization.

5 Conclusion

In this pap er w e ha v e presen ted t w o new metho ds for clustering, namely , Asso ciation Rule Hyp ergraph

P artitioning and Principal Direction Divisiv e P artitioning, that are particularly suitable for the t yp e of

information retriev al applications discussed ab o v e. These metho ds do not dep end on distance measures, and

p erform w ell in high dimensional spaces.

Our exp erimen ts suggest that b oth of these metho ds p erform b etter than other traditional clustering

algorithms regardless of the tec hniques used for feature selection. In particular, they b oth p erform w ell,

ev en when all of the features from eac h do cumen t are used in clustering. In addition, the exp erimen ts

suggest that if the features selected are restricted to those presen t in frequen t item sets, suc h as those

deriv ed from the Apriori Algorithm, then the traditional metho ds tend to p erform b etter. It is also eviden t

that, the h yp ergraph partitioning metho d ma y p erform b etter, if the features selected include those w ords

emphasized b y do cumen t authors through the use of HTML tags.

Our future researc h plans include dev eloping metho ds for incremen tal clustering or classi�cation of do c-

umen ts after disco v ering an initial set of clusters. F urthermore, w e plan to in v estigate the use of clustering

tec hniques prop osed here for w ord clustering. These w ord clusters can then b e used to classify new do cumen ts

or to searc h for related do cumen ts on the W eb.
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