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Abstract

W e presen t W ebA CE, an agen t for exploring and categorizing do cumen ts on the W orld Wide W eb

based on a user pro�le. The heart of the agen t is an unsup ervised categorization of a set of do cumen ts,

com bined with a pro cess for generating new queries that is used to searc h for new related do cumen ts

and for �ltering the resulting do cumen ts to extract the ones most closely related to the starting set.

The do cumen t categories are not giv en a priori . W e presen t the o v erall arc hitecture and describ e t w o

no v el algorithms whic h pro vide signi�can t impro v emen t o v er Hierarc hical Agglomeration Clustering and

AutoClass algorithms and form the basis for the query generation and searc h comp onen t of the agen t. W e

rep ort on the results of our exp erimen ts comparing these new algorithms with more traditional clustering

algorithms and w e sho w that our algorithms are fast and scalable.

y
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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.

Relying on large indexes to do cumen ts lo cated on the W eb, searc h engines determine the URLs of those

do cumen ts satisfying a user's query . Often queries return inconsisten t searc h 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 seman tic features from the w ords or structure of an

HTML do cumen t. These extracted features are then emplo y ed 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 W ebA CE, an agen t for do cumen t categorization and exploration that op erates

on W eb do cumen ts. A no v el part of the pap er is the description of t w o new clustering algorithms based on

graph partitioning, that pro vide a signi�can t impro v emen t in p erformance o v er the traditional Hierarc hical

Agglomeration Clustering (HA C) and AutoClass algorithms used in information retriev al. Man y traditional

algorithms break do wn as the size of the do cumen t space, and th us the dimensionalit y of the corresp onding

feature space, increases. High dimensionalit y is c haracteristic of the t yp e of information retriev al applications

whic h are used to �lter and categorize h yp ertext do cumen ts on the W orld Wide W eb. In con trast, our

partitioning-based algorithms do not rely on a sp eci�c c hoice of a distance function and do scale up e�ectiv ely

in a high dimensional space.

In addition, the prop osed algorithms formed basis for the query generation engine of W ebA CE. Using

the generated queries, W ebA CE can searc h for similar do cumen ts on the W eb. The retriev ed do cumen ts can

b e �ltered and classi�ed in to existing clusters using the structures disco v ered in the clustering phase.

After a short description of the arc hitecture of W ebA CE in Section 3, w e describ e the clustering algorithms

in Section 4. In Section 5, w e rep ort on the results obtained on a n um b er of exp erimen ts using di�eren t

metho ds to select sets of features from the do cumen ts, and sho w that our partitioning-based clustering

metho ds p erform b etter than traditional distance based clustering. W e also analyze the complexit y of the

t w o clustering algorithms and sho w they are scalable. In Section 6, w e sho w ho w to use w ords obtained from

clusters of do cumen ts to generate queries for related do cumen ts on the W eb.

2 Related W ork

The heterogeneit y and the lac k of structure that p ermeates m uc h of the information sources on the W orld

Wide W eb mak es automated disco v ery , organization, and managemen t of W eb-based information di�cult.

T raditional searc h and indexing to ols of the In ternet and the W orld Wide W eb suc h as Lycos, Alta Vista,

W ebCra wler, MetaCra wler, and others pro vide some comfort to users, but they do not generally pro vide

structural information nor categorize, �lter, or in terpret do cumen ts. A recen t study pro vides a comprehensiv e

and statistically thorough comparativ e ev aluation of the most p opular searc h to ols [LS97 ].

In recen t y ears these factors ha v e prompted researc hers to dev elop more in telligen t to ols for information

retriev al, suc h as in telligen t W eb agen ts. The agen t-based approac h to W eb mining in v olv es the dev elopmen t

of sophisticated AI systems that can act autonomously or semi-autonomously on b ehalf of a particular user,

to disco v er and organize W eb-based information. Generally , the agen t-based W eb mining systems can b e

placed in to the follo wing categories:

In telligen t Searc h Agen ts Sev eral in telligen t W eb agen ts ha v e b een dev elop ed that searc h for relev an t

information using c haracteristics of a particular domain (and p ossibly a user pro�le) to organize and

in terpret the disco v ered information. F or example, agen ts suc h as F A Q-Finder [HBML95 ], Information

Manifold [KLSS95 ], and OCCAM [KW96 ] rely either on pre-sp eci�ed and domain sp eci�c information

ab out particular t yp es of do cumen ts, or on hard co ded mo dels of the information sources to retriev e

and in terpret do cumen ts. Other agen ts, suc h as ShopBot [DEW96 ] and ILA [PE95 ], attempt to

in teract with and learn the structure of unfamiliar information sources. ShopBot retriev es pro duct
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Figure 1: W ebA CE Arc hitecture

information from a v ariet y of v endor sites using only general information ab out the pro duct domain.

ILA, on the other hand, learns mo dels of v arious information sources and translates these in to its o wn

in ternal concept hierarc h y .

Information Filtering/Categorization A n um b er of W eb agen ts use v arious information retriev al tec h-

niques [FBY92] and c haracteristics of op en h yp ertext W eb do cumen ts to automatically retriev e, �lter,

and categorize. F or example, HyPursuit [WVS

+

96 ] uses seman tic information em b edded in link struc-

tures as w ell as do cumen t con ten t to create cluster hierarc hies of h yp ertext do cumen ts, and structure an

information space. BO (Bo okmark Organizer) [MS96] com bines hierarc hical clustering tec hniques and

user in teraction to organize a collection of W eb do cumen ts based on conceptual information. P attern

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

are used in [WP97 ] 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.

P ersonalized W eb Agen ts Another category of W eb agen ts includes those that obtain or learn user pref-

erences and disco v er W eb information sources that corresp ond to these preferences, and p ossibly those

of other individuals with similar in terests (using collab orativ e �ltering). A few recen t examples of suc h

agen ts include W ebW atc her [AFJM95 ], Syskill & W eb ert, and others. F or example, Syskill & W e-

b ert [Ac k97 ] utilizes a user pro�le and learns to rate W eb pages of in terest using a Ba y esian classi�er.

Balabano vic [BSY95 ] uses a single w ell-de�ned pro�le to �nd similar w eb do cumen ts. Candidate w eb

pages are lo cated using b est-�rst searc h. The system needs to k eep a large dictionary and is limited

to a single user.

W ebA CE incorp orates asp ects from all three categories. It is an in telligen t searc h agen t whic h automat-

ically generates a p ersonalized user pro�le as w ell as an automatic categorization of searc h results.

3 W ebA CE Arc hitecture

W ebA CE's arc hitecture is sho wn in Figure 1. As the user bro wses the W eb, the pro�le creation mo dule

builds a custom pro�le b y recording do cumen ts of in terest to the user. The n um b er of times a user visits

a do cumen t and the total amoun t of time a user sp ends viewing a do cumen t are just a few metho ds for

determining user in terest [Ac k97 , AFJM95 , BSY95]. Once W ebA CE has recorded a su�cien t n um b er of

in teresting do cumen ts, eac h do cumen t is reduced to a do cumen t v ector and the do cumen t v ectors are passed

to the the clustering mo dules. W ebA CE uses t w o no v el algorithms for clustering whic h can pro vide signi�can t
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impro v emen t in b oth run-time p erformance and cluster qualit y o v er the HA C and AutoClass algorithms.

These are describ ed in Section 4.

After W ebA CE has found do cumen t clusters, it can use the clusters to generate queries and searc h for

similar do cumen ts. W ebA CE submits the queries to the searc h mec hanism and gathers the do cumen ts

returned b y the searc hes, whic h are in turn reduced to do cumen t v ectors. These new do cumen ts can b e

used in a v ariet y of w a ys. One option is for W ebA CE to cluster the new do cumen ts, �ltering out the less

relev an t ones. Another is to up date the existing clusters b y ha ving W ebA CE insert the new do cumen ts in to

the clusters. Y et another is to completely re-cluster b oth the new and old do cumen ts. Finally , the user

can decide to add an y or all of the new do cumen ts to his pro�le. The query generation metho ds and the

algorithms for incremen tally up dating existing clusters are discussed in Section 6. W ebA CE is mo dular so

that either clustering metho d of Section 4 can b e plugged in.

W ebA CE is implemen ted as a bro wser indep enden t Ja v a application. Monitoring the user's bro wsing

b eha vior is accomplished via a pro xy serv er. The pro xy serv er allo ws W ebA CE to insp ect the bro wser's

HTTP requests and the resulting resp onses. Up on execution, W ebA CE spa wns a bro wser and starts a

thread to listen for HTTP requests from the bro wser. As the bro wser mak es requests, W ebA CE creates

request threads to handle them. This allo ws m ulti-threaded bro wsers the capabilit y of ha ving m ultiple

requests p ending at one time. The lifespan of these request threads is short, i.e. the duration of one HTTP

request, Con v ersely , the bro wser listener thread p ersists for the duration of the application.

4 Clustering Metho ds

Existing approac hes to do cumen t clustering are generally based on either probabilistic metho ds, or distance

and similarit y measures (see [FBY92 ]). Distance-based metho ds suc h as k -means analysis, hierarc hical

clustering [JD88 ] and nearest-neigh b or clustering [LF78 ] use a selected set of w ords (features) app earing in

di�eren t do cumen ts as the dimensions. Eac h suc h feature v ector, represen ting a do cumen t, can b e view ed

as a p oin t in this 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. Some w ords

are more frequen t in a do cumen t than other w ords. Simple frequency of the o ccurrence of w ords is not

adequate, as some do cumen ts are larger than others. F urthermore, some w ords ma y o ccur frequen tly across

do cumen ts. T ec hniques suc h as TFIDF [SM83] ha v e b een prop osed precisely to deal with some of these

problems.

Secondly , the n um b er of all the w ords in all 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. In a k -means algorithm, randomly

generated initial clusters of a v ery high dimensional dataset will ha v e calculate mean v alues whic h do not

di�er signi�can tly from one cluster to the next. Hence the clustering based on these mean v alues do es not

alw a ys pro duce v ery go o d clusters. Similarly , probabilistic metho ds suc h as Ba y esian classi�cation used in

AutoClass [CS96 ], 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. This t yp e of data distribution seems to b e c haracteristic of do cumen t categorization applications

on the W eb, suc h as categorizing a b o okmark �le. F urthermore, the underlying probabilit y mo dels usually

assume indep endence of attributes (features). In man y domains, this assumption ma y b e to o restrictiv e.

It is p ossible to reduce the dimensionalit y b y selecting only frequen t w ords from eac h do cumen t, or to

use some other metho d to extract the salien t features of eac h do cumen t. Ho w ev er, the n um b er of features

collected using these metho ds still tends to b e v ery large, and due to the loss of some of the relev an t features,

the qualit y of clusters tends not to b e as go o d. Other, more general metho ds, ha v e also b een prop osed for

dimensionalit y reduction whic h attempt to transform the data space in to a smaller space in whic h relationship

among data items is preserv ed. Then the traditional clustering algorithms can b e applied to this transformed

data space. Principal Comp onen t Analysis (PCA) [Jac91 ], Multidimensional Scaling (MDS) [JD88 ] and

Kohonen Self-Organizing F eature Maps (SOFM) [Koh88 ] are some of the commonly used tec hniques for

dimensionalit y reduction. In addition, Laten t Seman tic Indexing (LSI) [And54, DDF

+

90 , Ber92 , BDO95 ]

is a metho d frequen tly used in the information retriev al domain that emplo ys a dimensionalit y reduction

tec hnique similar to PCA. An inheren t problem with dimensionalit y reduction is that in the presence of

noise in the data, it ma y result in the degradation of the clustering results. This is partly due to the fact
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that b y pro jecting on to a smaller n um b er of dimensions, the noise data ma y app ear closer to the clean data

in the lo w er dimensional space. In man y domains, it is not alw a ys p ossible or practical to remo v e the noise

as a prepro cessing step. In addition, p erforming dimensionalit y reduction prior to clustering often adds a

computationally prohibitiv e step.

Our prop osed clustering algorithms whic h are describ ed in this section are designed to e�cien tly handle

v ery high dimensional spaces, without the need for dimensionalit y reduction. In con trast to traditional

clustering metho ds, our prop osed metho ds are linearly scalable, an adv an tage whic h mak es these metho ds

particularly suitable for use in W eb retriev al and categorization agen ts. F or our ev aluation, w e used t w o

sets of sample do cumen ts retriev ed from the W eb to compare these algorithms to t w o w ell-kno wn metho ds:

Ba y esian classi�cation as used b y AutoClass [CS96 ] and hier ar chic al agglomer ation clustering (HA C) based

on the use of a distance function [DH73].

AutoClass is based on the probabilistic mixture mo deling [TSM85], and giv en a data set it �nds maxim um

parameter v alues for a sp eci�c probabilit y distribution functions of the clusters. The clustering results pro vide

the full description of eac h cluster in terms of probabilit y distribution of eac h attributes. The HA C metho d

starts with trivial clusters, eac h con taining one do cumen t and iterativ ely com bines smaller clusters that are

su�cien tly \close" based on a distance metric. In HA C, the features in eac h do cumen t v ector is usually

w eigh ted using the TFIDF scaling [SM83], whic h is an increasing function of the feature's text frequency

and its in v erse do cumen t frequency in the do cumen t space.

4.1 Asso ciation Rule Hyp ergraph P artitioning Algorithm

The ARHP metho d [HKKM97a , HKKM97b , HKKM98 ] is used for clustering related items in transaction-

based databases, suc h as sup ermark et bar co de data, using asso ciation rules and h yp ergraph partitioning.

F rom a database p ersp ectiv e, the transactions can b e view ed as a relational table in whic h eac h item rep-

resen 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.

The ARHP metho d �rst �nds set of items that o ccur frequen tly together in transactions using asso ciation

rule disco v ery metho ds [AMS

+

96 ]. These frequen t item sets are then used to group items in to h yp ergraph

edges, and a h yp ergraph partitioning algorithm [KAKS97 ] 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. 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 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 [Ber76 ] 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
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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 [AMS

+

96 ]. 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

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.

Assignmen t of w eigh ts to the resulting h yp eredges is more tric ky . One ob vious p ossibilit y is to use the

supp ort of eac h frequen t item set as the w eigh t of the corresp onding h yp eredge. Another p ossibilit y is to

mak e the w eigh t as a function of the con�dence of the underlying asso ciation rules. F or size t w o h yp eredges,

b oth supp ort and con�dence pro vide similar information. In fact, if t w o items A and B are presen t in equal

n um b er of transactions (i.e., if the supp ort of item set f A g and item set f B g are the same), then there is

a direct corresp ondence b et w een the supp ort and the con�dence of the rules b et w een these t w o items (i.e.,

greater the supp ort for f A, B g , more con�dence for rules \ f A g = ) f B g " and \ f A g = ) f B g "). Ho w ev er,

supp ort carries m uc h less meaning for h yp eredges of size greater than t w o, as in general, the supp ort of

a large h yp eredge will b e m uc h smaller than the supp ort of smaller h yp eredges. Another, more natural,

p ossibilit y is to de�ne w eigh t as a function of the supp ort and con�dence of the rules that are made of a

group of items in a frequen t item set. Other options include correlation, distance or similarit y measure.

In our curren t implemen tation of the mo del, eac h frequen t item-set is represen ted b y a h yp eredge e 2 E

whose w eigh t is equal to the a v erage con�dence of the asso ciation rules, called essential rules, that ha v e all

the items of the edge and has a singleton righ t hand side. W e call them are essential rules, as they capture

information unique to the giv en frequen t item set. An y rule that has only a subset of all the items in the

rule is already included in the rules of subset of this frequen t item set. F urthermore, all the rules that

ha v e more than 1 item on the righ t hand size are also co v ered b y the subset of the frequen t item set. F or

example, if f A,B,C g is a frequen t item-set, then the h yp ergraph con tains a h yp eredge that connects A, B,

and C. Consider a rule f A g = )f B,C g . In terpreted as an implication rule, this information is captured b y

f A g = )f B g and f A g = )f C g . Consider the follo wing essen tial rules (with con�dences noted on the arro ws)

for the item set f A,B,C g : f A,B g

0 : 4

= ) f C g , f A,C g

0 : 6

= ) f B g , and f B,C g

0 : 8

= ) f A g . Then w e assign w eigh t of 0.6

(

0 : 4+0 : 6+0 : 8

3

= 0 : 6) to the h yp eredge connecting A,B, and C.

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

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

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 [KAKS97 ], 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.
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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. Note that this �tness criteria can b e incorp orated in to the partitioning

algorithm as a stopping condition. With this stopping condition, only the partitions that do not meet the

�tness criteria are partitioned further.

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.

4.2 Principal Direction Divisiv e P artitioning

The metho d of Principal Direction Divisiv e P artitioning (PDDP) [Bol97 ] is based on the computation of

the leading principal direction (also kno wn as principal comp onen t) for a collection of do cumen ts and then

cutting the collection of do cumen ts along a h yp erplane resulting in t w o separate clusters. The algorithm is

then rep eated on eac h separate cluster. The result is a binary tree of clusters de�ned b y asso ciated principal

directions and h yp erplanes. The PDDP metho d computes a ro ot h yp erplane, and then a c hild h yp erplane

for eac h cluster formed from the ro ot h yp erplane, and so on. The algorithm pro ceeds b y splitting a leaf no de

in to t w o c hildren no des using the leaf 's asso ciated h yp erplane.

The leaf to b e split next at eac h stage ma y b e selected based on a v ariet y of strategies. The simplest

approac h is to split all the clusters at eac h lev el of the binary tree b efore pro ceeding to an y cluster at the

next lev el. Ho w ev er, in our exp erimen ts, this resulted in im balance in the sizes of the clusters, including

some clusters with only 1 do cumen t. Another option is to use an y appropriate measure of cohesion. F or

simplicit y of computation, the exp erimen ts sho wn in this pap er ha v e b een conducted using a mo di�ed sc atter

v alue [DH73] de�ned b elo w.

Eac h do cumen t is represen ted b y a column of w ord coun ts and all the columns are collected in to a

term fr e quency matrix M , in a manner similar to Laten t Seman tic Indexing (LSI) [BDO95 ]. Sp eci�cally ,

the i; j -th en try , M

ij

, is the n um b er of o ccurrences of w ord w

i

in do cumen t d

j

. T o mak e the results

indep enden t of do cumen t length, eac h column is scaled to ha v e unit length in the usual Euclidean norm:

c

M

ij

= M

ij

=

q

P

i

M

2

ij

, so that

P

i

c

M

2

ij

= 1. An alternativ e scaling is the TFIDF scaling [SM83 ], but this

scaling �lls in all the zero en tries in M . In our exp erimen ts, only up to 3% of the en tries w ere nonzero, and

the PDDP algorithm dep ends on this sparsit y for its p erformance. Hence the TFIDF scaling substan tially

raises the cost of the PDDP algorithm while not yielding an y impro v emen t of the cluster qualit y [Bol97 ].

A t eac h stage of the algorithm a cluster is split as follo ws. The cen troid v ector for eac h cluster is the

v ector c whose i -th comp onen t is c

i

=

P

j

c

M

ij

=k , where the sum is tak en o v er all do cumen ts in the cluster

and k is the n um b er of do cumen ts in the cluster. The principal direction for eac h individual cluster is the

direction of maxim um v ariance, de�ned to b e the eigen v ector corresp onding to the largest eigen v alue of the
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unscaled sample co v ariance matrix (

c

M � ce )(

c

M � c e )

0

, where e is a ro w v ector of all ones and

0

denotes the

matrix transp ose. In our algorithm, it is obtained b y computing the leading left singular v ector of (

c

M � ce )

using a \Lanczos"-t yp e in terativ e metho d [Bol97 ]. In the \Lanczos"-t yp e in terativ e metho d, the matrix

(

c

M � c e ) is used only to form matrix v ector pro ducts, whic h can b e computed fast b y using

(

c

M � c e ) v =

c

M v � c ( ev ) : (1)

In this w a y , the matrix (

c

M � ce ) need not b e formed explicitly , th us preserving sparsit y . The resulting

singular v ector is the principal direction, and all the do cumen ts are pro jected on to this v ector. Those

do cumen ts with p ositiv e pro jections are allo cated to the righ t c hild cluster, the remaining do cumen ts are

allo cated to the left c hild cluster. With this notation, w e can also giv e the follo wing precise de�nition of

the sc atter of a cluster:

P

ij

(

c

M

ij

� c

i

)

2

, where the sum is tak en o v er all do cumen ts d

j

in the cluster and all

the w ords w

i

, and c

i

is the i -th comp onen t of the cluster's cen troid v ector. In other w ords, the sc atter is

sum of squares of the distances from eac h do cumen t in the cluster to the cluster mean. The pro cess stops

when all the scatter v alues for the individual clusters fall b elo w the scatter v alue of cen troid v ectors collected

together.

This pro cess di�ers from that in [BDO95 ] in that (a) w e �rst scale the columns to ha v e unit length to

mak e the results indep enden t of the do cumen t length, (b) w e translate the collection of do cumen t columns

so that their mean lie at the origin, (c) w e compute only the single leading singular v alue with its asso ciated

left and righ t singular v ectors, (d) w e rep eat the pro cess on eac h cluster during the course of the algorithm.

In LSI as describ ed in [BDO95 ], the SVD is applied once to the original un translated matrix of w ord coun ts,

and the �rst k singular v alues and asso ciated v ectors are retriev ed, for some c hoice of k . This remo v es m uc h

of the noise presen t in the data, and also yields a represen tation of the do cumen ts of reduced dimensionalit y ,

reducing the cost and raising the precision of user queries. The matrix pro duced b y this LSI computation

could b e used as a prepro cessing step to the PDDP algorithm, but generally lac ks an y sparsit y . In addition,

clusters of small v ariance ma y b e lost in the noise dimensions remo v ed b y the LSI tec hnique. In PDDP ,

ho w ev er, prop ert y (d) ensures that suc h small clusters will ev en tually app ear, though they could b e divided

b y a h yp erplane early in the splitting pro cess leading to m ultiple small clusters.

5 Exp erimen tal Ev aluation

5.1 Comparativ e Ev aluation of Clustering Algorithms

T o compare our clustering metho ds with the more traditional algorithms, w e selected 185 w eb pages in 10

broad categories: business capital (BC), in tellectual prop ert y (IP), electronic commerce (EC), information

systems (IS), a�rmativ e action (AA), emplo y ee righ ts (ER), p ersonnel managemen t (PM), industrial part-

nership (IPT), man ufacturing systems in tegration (MSI), and materials pro cessing (MP). The pages in eac h

category w ere obtained b y doing a k eyw ord searc h using a standard searc h engine. These pages w ere then

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.

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 [P or80 ] as implemen ted b y [F ra92 ]. W e deriv ed 10 exp erimen ts (according to the metho d

used for feature selection) and clustered the do cumen ts using the four algorithms describ ed earlier. The

ob jectiv e of feature selection w as to reduce the dimensionalit y of the clustering problem while retain the

imp ortan t features of the do cumen ts. T able 1 sho ws the feature selection metho ds that c haracterize v arious

exp erimen ts.

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 as a measure

of go o dness of the clusters (with the ca v eat that the b est en trop y is obtained when eac h cluster con tains

exactly one do cumen t). F or eac h cluster of do cumen ts, the category distribution of do cumen ts is calculated

�rst. Then using this category distribution, the en trop y of eac h cluster j is calculated using the form ula

E

j

= �

P

C

i

p

C

i

log p

C

i

, where p

C

i

is the fraction of do cumen ts within the cluster with the category lab el
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W ord Selection Dataset

Set Criteria Size Commen ts

E1 All w ords 185x10536 W e select all non-stop w ords (stemmed).

E2 All w ords with

text frequency > 1

188x5106 W e prune the w ords selected for E11 to exclude those

o ccurring only once.

E3 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.

E4 T op 20+ with text

frequency > 1

185x1328 W e prune the w ords selected for E3 to exclude those

o ccurring only once.

E5 T op 15+ with text

frequency > 1

185x1105

E6 T op 10+ with text

frequency > 1

185x805

E7 T op 5+ with text

frequency > 1

185x474

E8 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 cumen t,

i.e., w ords app earing in < TITLE > , < H1 > , < H2 > ,

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

< EM > tags.

E9 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.

E10 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.

T able 1: Setup of exp erimen ts. The \D" exp erimen ts w ere constructed in similar fashion. Their sizes can

b e found in Fig. 9.

C

i

, the sum is tak en o v er all categories, C

1

; C

2

; : : : . In our example, C

1

=BC, C

2

=IP , etc. When a cluster

con tains do cumen ts from one category 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 categories, then en trop y of the cluster is higher. The total en trop y

is calculated as the sum of en tropies of the clusters w eigh ted b y the size of eac h cluster: E

total

=

P

j

E

j

n

j

=n ,

where n

j

is the n um b er of do cumen ts in cluster j and n is the total n um b er of do cumen ts. 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. 6). Figure 3 sho ws the category distribution of do cumen ts in eac h cluster of the b est AutoClass

result with the en trop y v alue 2.05. Comparing this result to one of PDDP result with en trop y v alue of 0.69

in Figure 4 and one of ARHP result with en trop y v alue of 0.79 in Figure 5, w e can see the big di�erences in

the qualit y of the clusters obtained from these exp erimen ts. Note that in most exp erimen ts, do cumen ts with

eac h do cumen t lab el ha v e ended up in sev eral clusters. An op en question is ho w to re-agglomerate clusters

con taining similar do cumen ts that w ere separated b y the clustering algorithm prematurely .

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 they are linearly scalable w.r.t. the cardinalities of the do c-

umen t and feature spaces (in con trast to HA C and AutoClass whic h are quadratic). In particular, b oth

the h yp ergraph partitioning metho d and the principal comp onen t metho ds p erformed m uc h b etter than the

traditional metho ds regardless of the feature selection criteria used.

There w ere also dramatic di�erences in run times of the four metho ds. 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.

Aside from o v erall p erformance and the 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 E

1

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

the computational costs ma y b e prohibitiv e, esp ecially in the case of HA C and AutoClass metho ds. It is
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Figure 3: Class distribution of AutoClass clusters.
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Figure 4: Class distribution of PDDP clusters.

9



0

2

4

6

8

10

12

14

16

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17

PM

MSI

MP

IS

IPT

IP

ER

EC

BC

AA

Figure 5: Class distribution of ARHP clusters.

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 erimen ts with v arious feature selection metho ds repre-

sen ted in E

1

through E

10

, clearly 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, in the case of AutoClass and HA C, the exp erimen t

E

10

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 another

exp erimen t using a totally indep enden t set of do cumen ts [MHB

+

97 ].

Dimensionalit y Reduction using LSI/SVD

As noted ab o v e, feature selection metho ds, suc h as those used in our exp erimen ts, are often used in order

to reduce the dimen tionalit y of clustering problem in information retriev al domains. The ob jectiv e of these

metho ds is to extract the most salien t features of the do cumen t data set to b e used as the dimensions in

the clustering algorithm. Another approac h to dimen tionalit y reduction is that of Laten t Seman tic Indexing

(LSI) [BDO95 ], where the SVD [Ber92 ] is applied once to the original un translated matrix of w ord coun ts,

and the �rst k singular v alues and asso ciated v ectors are retriev ed, for some c hoice of k . This remo v es m uc h

of the noise presen t in the data, and also yields a represen tation of the do cumen ts of reduced dimensionalit y .

W e compared AutoClass, HA C, and PDDP , after the application of LSI to the complete dataset ( E

1

).

Sp eci�cally , w e compared the en tropies for eac h metho d without using LSI, to three LSI datasets with k = 10,

k = 50, k = 100. It should b e noted that, in the case of HA C, w e used LSI on the dataset with the TFIDF

scaling in order to b e able to compare the results to the original results (without the LSI). Ho w ev er, the

TFIDF scaling ma y not necessarily b e the righ t c hoice, and a more systematic study with di�eren t scaling

metho ds is called for. A summary of our exp erimen tal results with LSI is depicted in Figure 7.

This limited set of exp erimen ts suggests that LSI can indeed impro v e the results in the case of AutoClass

and HA C (at least for some v alues of k ), though not enough to matc h the en tropies in the cases of PDDP or

ARHP without dimensionalit y reduction. In the case of PDDP , LSI did not seem pro vide qualit y impro v e-

men ts to an y substan tial degree. F urthermore, in all of these cases, the results seem to highly dep enden t

10



PDDP

Figure 6: En trop y of di�eren t algorithms. Note that lo w er en trop y indicates b etter cohesiv eness of clusters.

on the righ t c hoice of k . The correct c hoice for k ma y , in fact, v ary from data set to data set, or (as the

exp erimen ts suggest), from algorithm to algorithm.

Also, b oth HA C and AutoClass ran dramatically faster on the data with small n um b er of dimensions

than on the original data. F or the small data set (E1) used for these exp erimen ts, the time to run SVD w as

relativ ely small. Hence, the o v erall run time including SVD computation and clustering impro v ed. Ho w ev er,

for a large matrix, the run time for computing SVD could b e quite substan tial and ma y mak e it impractical

to p erform dimensionalit y reduction b efore clustering.

The precise cost of the SVD computation for b oth LSI and PDDP dep ends on man y v ariables, including

the n um b er of eigen v alues sough t and their distribution, and hence is m uc h b ey ond the scop e of this pap er.

The underlying Lanczos iteration needed to obtain the k � 1 eigen v alues in LSI is more or less the same

as that used to obtain the single eigen v alue in PDDP , except that in the latter there is no need to de
ate

eigen v alues as they con v erge to prev en t them from re-app earing. Ho w ev er, at least k , and often at least 2 k ,

iterations are needed in the LSI case [Ber92 ]. On the other hand, obtaining the single leading eigen v ector

can b e accomplished in relativ ely few iterations, t ypically around 15 to 20, and nev er more than 25 in our

application. W e also note that though the SVD computation in PDDP m ust b e rep eated, it is applied to

the en tire matrix only once.

Finally , w e note that w e ha v e not run ARHP on the LSI datasets, as ARHP w ould ha v e required the

computation of frequen t item sets (do cumen ts) based on a v ery small n um b er of ( k ) transactions. F requen t

item sets disco v erd using a small n um b er of transactions are not lik ely to b e useful, b ecause they are not

statistically signi�can t. Hence, the h yp ergraph constructed from these frequen t item sets do es not capture

the original relationships presen t among the do cumen ts.

5.2 Scalabilit y of Clustering Algorithms

The scalabilit y of our clustering metho ds is essen tial if they are to b e practical for large n um b ers of do cumen ts.

In this section w e giv e some exp erimen tal evidence that our metho ds are indeed scalable.

W e ha v e applied our clustering metho ds to a large data set denoted \D1" consisting of 2,340 do cumen ts

using a dictionary of 21,839 w ords. W e then constructed three other data sets lab eled D3, D9, D10 using

reduced dictionaries using the same strategies as E3, E9, E10, resp ectiv ely , in T able 1. The n um b er of w ords

in the resulting reduced dictionaries is rep orted in Fig. 9.
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Figure 7: Comparison of En tropies for the E

1

, With and Without LSI.

Scalabilit y of PDDP

Figures 8 and 9 illustrate the p erformance of the PDDP algorithm on these datasets. Fig. 8 sho ws that the

en tropies for D1 and D10 are lo w er than those for D3 and D9, when the n um b er of clusters agrees. This is

consisten t with the results sho wn in Fig. 6.
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Figure 8: En tropies from the PDDP algorithm with v arious n um b er of clusters.

The PDDP algorithm is based on an e�cien t metho d for computing the principal direction. The metho d

for computing the principal direction is itself based on the Lanczos metho d [GV96 ] in whic h the ma jor cost

arises from matrix-v ector pro ducts in v olving the term frequency matrix. The total cost is the cost of eac h

matrix-v ector pro duct times the total n um b er of pro ducts. The n um b er of pro ducts has nev er exceeded 20

in an y of the exp erimen ts w e ha v e tried. The term frequency matrix is a v ery sparse matrix: in the D1 data

set only ab out 0.68% of the en tries are nonzero. The cost of a matrix-v ector pro duct in v olving a v ery sparse

matrix dep ends not on the dimensions of the matrix, but rather on the n um b er of nonzero en tries. Using

the notation of the previous section, w e seek the leading singular v ector of the dense matrix (

c

M � c e ), but
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matrix-v ector pro ducts in v olving this matrix can b e computed as sho wn in equation (1) without forming

this matrix explicitly . This is all that is required for the Lanczos metho d. Hence the total cost of the PDDP

algorithm is go v erned b y the n um b er of nonzero en tries in the term frequency matrix. This is illustrated in

Fig. 9. Notice that ev en though the data set D10 has man y few er w ords than the other data sets, its cost

is more than for D3 or D9 b ecause D10's term frequency matrix is 10 times more dense than D1's matrix:

ab out 6.9% of its en tries are nonzero.
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Figure 9: Times for the PDDP algorithm on an SGI v ersus n um b er of nonzeros in term frequency matrix,

for b oth E and D series with 16 clusters. The D exp erimen ts had 2,340 do cumen ts and the indicated n um b er

of w ords, and w ere constructed just lik e the corresp onding E exp erimen ts in T able 1.

Scalabilit y of ARHP

The problem of �nding asso ciation rules that meet a minim um supp ort criterion has b een sho wn to b e

linearly scalable with resp ect to the n um b er of transactions [AMS

+

96 ]. It has also b een sho wn in [AMS

+

96 ]

that asso ciation rule algorithms are scalable with resp ect to the n um b er of items assuming the a v erage size

of transactions is �xed. Highly e�cien t algorithms suc h as Apriori are able to quic kly �nd asso ciation rules

in v ery large databases pro vided the supp ort is high enough.

The complexit y of HMETIS for a k -w a y partitioning is O (( V + E ) log k ) where V is the n um b er of v ertices

and E is the n um b er of edges. The n um b er of v ertices in an asso ciation-rule h yp ergraph is the same as the

n um b er of do cumen ts to b e clustered. The n um b er of h yp eredges is the same as the n um b er of frequen t

item-sets with supp ort greater than the sp eci�ed minim um supp ort. Note that the n um b er of frequen t item

sets (i.e., h yp eredges) do es not increase as the n um b er of w ords increases. Hence, our clustering metho d is

linearly scalable with resp ect to the n um b er of w ords in the do cumen ts.

Figure 10 sho ws the en tropies from the ARHP algorithm. This result is also consisten t with Figure 6

where the en tropies for D1 and D10 are lo w er than for D3 and D9. Eac h data set pro duces di�eren t size

h yp ergraph. T able 2 sho ws the size of h yp ergraph for sev eral exp erimen ts from E and D series. Figure 11

sho ws the CPU time for partitioning these h yp ergraphs. The run time for partitioning these h yp ergraphs

supp orts the complexit y analysis that sa ys the run time is prop ortional to the size of the h yp ergraph ( V + E ).

13



0

0.2

0.4

0.6

0.8

1

D1 D3 D9 D10

E
nt

ro
py

Experiment

16 clusters
80 clusters
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Exp erimen ts Num b er of Edges Num b er of V ertices

E1 12091 185

E3 6572 185

E9 4875 185

E10 15203 185

D1 95882 2068

D3 81677 2065

D9 128822 2028

D10 89173 2147

T able 2: Size of h yp ergraphs for sev eral exp erimen ts from E and D series.

6 Searc h for and Categorization of Similar Do cumen ts

One of the main tasks of the agen t is to searc h the W eb for do cumen ts that are related to the clusters of

do cumen ts. The k ey question here is ho w to �nd a represen tativ e set of w ords that can b e used in a W eb

searc h. With a single do cumen t, the w ords app earing in the do cumen t b ecome a represen tativ e set. Ho w ev er,

this set of w ords cannot b e used directly in a searc h b ecause it excessiv ely restricts the set of do cumen ts to

b e searc hed. The logical c hoice for relaxing the searc h criteria is to select w ords that are v ery frequen t in

the do cumen t.

The c haracteristic w ords of a cluster of do cumen ts are the ones that ha v e high do cumen t frequency and

high a v erage text frequency . Do cumen t frequency of a w ord refers to the frequency of the w ord across

do cumen ts. T ext frequency of a w ord refers to w ord frequency within a do cumen t. W e de�ne the TF w ord

list as the list of k w ords that ha v e the highest a v erage text frequency and the DF w ord list as the list of k

w ords that ha v e the highest do cumen t frequency .

F or eac h cluster, the w ord lists TF and DF are constructed. T F \ D F represen ts the c haracteristic set

of w ords for the cluster, as it has the w ords that are frequen t across the do cumen t and ha v e high a v erage
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Figure 11: Hyp ergraph partitioning time for b oth E and D series. The n um b er of partitions w as ab out 16.

frequency . The query can b e formed as

( c

1

^ c

2

: : : ^ c

m

) ^ ( t

1

_ t

2

: : : _ t

n

)

where c

i
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i

2 T F � D F .

W e formed queries from the business capital cluster discussed in Section 5. W e found the c haracteristic

w ords of the cluster ( T F \ D F ) and issued the follo wing query to Y aho o w eb searc h engine:

+capit* +busi* +financ* +provid* +fund* +develop* +compani* +financi* +manag*

The searc h returned 2280 business related do cumen ts. W e then added the most frequen t w ords that w ere

not in the previous list ( T F � D F ) to form the follo wing query:

+capit* +busi* +financ* +provid* +fund* +develop* +compani* +financi* +manag*

loan* invest* program* credit* industri* tax* increas* cost* technologi*

sba* project*

AltaVista searc h using this query returned only 372 business related do cumen ts whic h seemed highly related

to the existing do cumen ts in the cluster. First page returned b y the query is sho wn in Figure 12.

The do cumen ts returned as the result of queries can b e handled in sev eral w a ys as sho wn in Figure 1.

ARHP could b e used to �lter out non-relev an t do cumen ts among the set of do cumen ted returned b y the

query as discussed in Section 4.1. The degree of �ltering can b e increased either b y setting higher supp ort

criteria for asso ciation rules disco v ery or b y ha ving a tigh ter connectivit y constrain t in the partition.

Resulting do cumen ts can b e incremen tally added to the existing clusters using ARHP or PDDP dep ending

on the metho d used for clustering. With ARHP , for eac h new do cumen t, existing h yp eredges are extended

to include the new do cumen t and their w eigh ts are calculated. F or eac h cluster, the connectivit y of this

new do cumen t to the cluster is measured b y adding the w eigh ts of all the extended h yp eredges within the

cluster. The new do cumen t is placed in to the cluster with the highest connectivit y . The connectivit y ratio

b et w een the c hosen cluster and the remaining clusters indicates whether the new do cumen t strongly b elongs

to the c hosen cluster. If the connectivit y of the do cumen t is b elo w some threshold for all clusters, then the

do cumen t can b e considered as not b elonging to an y of the cluster.

With PDDP , the binary tree can also b e used to �lter new incoming do cumen ts b y placing the do cumen t

on one or the other side of the ro ot h yp erplane, then placing it on one or the other side the next appropriate

h yp erplane, letting it p ercolate do wn the tree un til it reac hes a leaf no de. This iden ti�es the cluster in the
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MLB Playoffs - NHL Preseason -- Drop-Off Locator  

Categories - Sites - Alta Vista Web Pages | Net Events - Headlines - Amazon.com Related Books 

Alta Vista Web PagesÊ (1-20 of 372)

SBA Loans Take A New Direction - SBA Loans Take A New Direction. April, 1993. While the
restrictive conditions in the commercial lending environment show some signs of abating,
obtaining..
--http://www.ffgroup.com/contractor/sba_8a/504loans.html

SBA: Small Business Act of 1958 and PL 104-208, Approved 9/30/96 - This compilation includes
PL 104-208, approved 9/30/96. SMALL BUSINESS INVESTMENT ACT OF 1958. (Public Law
85-699, as amended) Sec. 101. SHORT TITLE This..
--http://www.sbaonline.sba.gov/INV/sbaact.html

New Haven Enterprise Community Summary - EC Summary Contact EC Summary Maps.
STRATEGIC PLAN SUMMARY. Introduction. The New Haven Enterprise Community Strategic
Plan marshals our community's...
--http://www.hud.gov/cpd/ezec/ct/ctnewhav.html

ABIOGENESIS SOFTWARE - Business Venture Finance Investment Info - The Abiogenesis
Business Finance Resource Site. Abiogenesis provides software for the creation of computer
dictionaries. Setting up and capitalizing your..
--http://www.abiogenesis.com/AbioDocs/Finance.html

Financial Information - Finance Executives. General Web Resources. CorpFiNet. An Introduction
to the WWW for Executives. SuperCFOs. Well-written article from Fortune discusses...
--http://www.unf.edu/students2/jroger2/finance.html

Fairfax County Business Services and Resources (Part 3) - Business Services and Resources.
Arts. Associations. Career Development/Continuing Education. Child Care. Chambers of
Commerce and Other Business...
--http://www.eda.co.fairfax.va.us/fceda/do_bus/b_resrc3.html__28506-4

Canadian Financial Regulation: A System in Transition - Commentary 78; Financial Regulation
March 19, 1996. Canadian Financial Regulation: A System in Transition. by Edwin H. Neave.
Abstract. Planned revisions..
--http://www.cdhowe.org/eng/word/word-5.html

FBS | Business Page | re:BUSINESS | Summer 1996 - RE: Business. SUMMER 1996. Ê THE
FIRST AMERICAN 401(K) SOLUTION FOR EMPLOYEES' RETIREMENT. Today, many
businesses are setting up 401(k) plans for...
--http://www.fbs.com/biz_pages/newsletters/96summer.html

CPB TV Future Fund Business Plans - TV Future Fund. Business Plan Outline. Updated

Figure 12: Searc h results from Y aho o.
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original tree most closely related to the new incoming do cumen t. If the com bined scatter v alue for that

cluster with the new do cumen t is ab o v e a giv en threshold, then the new do cumen t is only lo osely related to

that cluster, whic h can then b e split in t w o.

7 Conclusion

In this pap er w e ha v e prop osed an agen t to explore the W eb, categorizing the results and then using those

automatically generated categories to further explore the W eb. W e ha v e presen ted sample p erformance

results for the categorization (clustering) comp onen t, and giv en some examples sho wing ho w those categories

are used to return to the W eb for further exploration.

F or the categorization comp onen t, our exp erimen ts ha v e sho wn that the ARHP algorithm and the PDDP

algorithm are capable of extracting higher qualit y clusters while op erating m uc h faster compared to more

classical algorithms suc h as HA C or AutoClass. This is consisten t with our previous results [MHB

+

97 ]. The

ARHP algorithm is also capable of �ltering out do cumen ts b y setting a supp ort threshold. Our exp erimen ts

sho w that the PDDP and ARHP algorithms are fast and scale with the n um b er of w ords in the do cumen ts.

T o searc h for similar do cumen ts k eyw ord queries are formed b y extending the c haracteristic w ord sets

for eac h cluster. Our exp erimen ts sho w that this metho d is capable of pro ducing small sets of relev an t

do cumen ts using standard searc h engines.

In the future, w e will explore the p erformance of the en tire agen t as an in tegrated and fully automated

system, comparing the relativ e merits of the v arious algorithms for clustering, query generation, and do c-

umen t �ltering, when used as the k ey comp onen ts for this agen t. In particular, w e will conduct further

exp erimen tal ev aluation of query generation mec hanism and classi�cation of new do cumen ts in to existing

clusters. Another area for future w ork in v olv es the dev elopmen t of a metho d for ev aluating qualit y of clusters

whic h is not based on a priori class lab els.
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